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A Fade Level-based Spatial Model for
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Abstract—RSS-based device-free localization (DFL) monitors
changes in the received signal strength (RSS) measured by a
network of static wireless nodes to locate and track people
without requiring them to carry or wear any electronic device.
Current models assume that the spatial impact area, i.e., the area
in which a person affects a link’s RSS, has constant size. This
paper shows that the spatial impact area varies considerably
for each link. Data from extensive experiments are used to
derive a spatial weight model that is a function of the fade
level, i.e., a measure of whether a link is experiencing destructive
or constructive multipath interference, and of the sign of RSS
change. In addition, a measurement model is proposed which
calculates for each RSS measurement the probability of a person
being located inside the derived spatial impact area. An online
radio tomographic imaging (RTI) system is described which uses
channel diversity and the presented models. Experiments in an
open indoor environment, in a typical one-bedroom apartment
and in a through-wall scenario are conducted to determine the
performance of the proposed system. We demonstrate that the
new system is capable of localizing and tracking a person with
high accuracy (≤ 0.30 m) in all the environments, without the
need to change the model parameters.
Index Terms—wireless sensor networks, device-free localization, radio tomographic imaging, indoor localization

I. I NTRODUCTION

I

N recent years, wireless sensor networks (WSNs) have
been used often for indoor localization and in one of
the most common approaches, localization is carried out by
measuring the received signal strength (RSS) of the links
composing the network. The research area can be divided
into active and passive localization. Active localization is the
practice of locating a person or asset that is carrying a radio
frequency (RF) tag [1], [2], [3], whereas passive localization
does not require the tracked object to carry any electronic
device, sensor, or tag [4], [5], [6]. The division between these
two categories could also be addressed as follows: in the
active case, the tracked entity is willing to be located and
is co-operating with the system, whereas in the passive case
the tracked object is not co-operating with the system, and
possibly wants to avoid being located. In this case, the changes
in the propagation patterns of the wireless network caused by
movements of people can be exploited for localization. These
networks are referred to as RF sensor networks [7], since the
radio frequency (RF) itself is used as the sensing modality.
This paper focuses on passive localization [4], also referred to
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as device-free localization (DFL) [7], sensorless sensing [8],
or RF tomography [6].
RSS-based DFL has emerged as an attractive technology
for passive indoor localization. The technology, which can be
used in many applications, such as security and surveillance
and assisted living and elder care, has proven its accuracy
in open environments [9], [10], [11], in real-world, cluttered
environments [4], [12], [13] and also in through-wall scenarios
[14], [15], [16]. An RSS-based DFL system brings several
advantages over other traditional technologies by being able
to work in obstructed environments, see through smoke, darkness, and walls, while avoiding the privacy concerns raised by
video cameras. Moreover, such systems can be composed of
low-cost wireless sensors which measure the RSS, in contrast
to e.g. ultra-wideband radars, which are also RF-based, but
are prohibitively expensive.
Several model-based DFL methods have been already proposed to localize and track people using the temporal variations of RSS. However, these methods make one or both
of the following two assumptions. First, the movement of a
person affects the RSS measurements only when the person is
very near the line connecting two communicating transceivers
[17]. Second, when a person’s presence is exactly on this line
between transceivers, which we call the link line, the sensors
will strictly observe attenuation [9]. In open environments
where line-of-sight (LoS) communication among the nodes
is dominant and in networks where the distance between
the nodes is small, both assumptions are valid. However, for
cluttered environments and longer sensor distances, the two
assumptions do not apply. In rich multipath environments, the
RSS of a link can both increase or remain unchanged as the
link line is obstructed [14], [15], [18]. In addition, as the
signals propagate via multiple paths from the transmitter to the
receiver, it is plausible that a person located far away from the
link line affects a subset of multipath components by reflection
[19] or scattering [20], inevitably causing a change in the RSS.
For these reasons, cluttered indoor environments demand more
advanced models to characterize the spatial impact area in
which a person’s presence affects the RSS.
In this paper, we demonstrate that the spatial impact area
where human-induced RSS changes are measured varies considerably for each link of the RF sensor network. The spatial
impact area is also identified to depend on the sign of RSS
change, i.e., even for the same link, increases and decreases
of the RSS are observed over different spatial areas. Extensive
experiments are conducted in two significantly different indoor
environments during which more than 26 million RSS measurements are collected. The data are used to build a spatial
weight model which describes the relationship between the
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TABLE I: Key parameters
Parameter
rl (k)
y
x
W and A
λ
F

Description
RSS of link l at time k
Measurement vector
Discretized image
Weighting matrices
Excess path length
Fade level

RSS change of a link and the location of the person. The
model is built upon the concept of fade level [15], a measure
of whether a link is experiencing destructive or constructive
multipath interference. In addition, a measurement model is
derived which calculates for each RSS measurement the probability of a person being located inside the modeled spatial impact area. Online algorithms which exploit the new models are
developed and the performance of the system is validated in
three different indoor environments, all significantly different
from one another. In each environment, the methods proposed
in this paper improve the localization accuracy. Furthermore,
the more challenging the environment is for localization, the
greater the enhancement in accuracy.
The paper is organized as follows. In the remainder of this
section we discuss the related work. In Section II we introduce
radio tomographic imaging (RTI) and discuss the drawbacks
of the method. In Section III a fade level-based spatial weight
and measurement model is derived using experimental data.
Methods for image reconstruction, localization and tracking
using the new models are explained in Section IV and the
results are presented in Section V. The performance of different RTI methods in challenging environments is discussed
in Section VI and thereafter, conclusions are drawn. The key
parameters used throughout the paper are given in Table I.

A drawback of imaging-based DFL systems is that they
first estimate the changes in the RF-propagation field and
then the coordinates of the person. In this two-step process,
information can be lost and additional measurement noise
can be introduced. Hence, methods to estimate the person’s
location directly from the RSS measurements are provided
in [11], [15], [16], [24], [25], [26], [27]. These works are
shown to achieve high accuracy and to work also in throughwall environments [15], [16], [27]. However, they rely on
sequential Monte Carlo methods for estimation and therefore,
they struggle to estimate the persons’ location online.
Another approach to RSS-based DFL is to exploit a radio
map, constructed by measuring the RSS in predetermined
locations of the person, and then matching the observed RSS to
the training data to determine the location. This DFL approach
is commonly referred to as fingerprinting; first introduced in
[4], and further studied e.g. in [12], [18], [28]. The advantage
of fingerprinting is that the method explicitly incorporates the
fading information of the predetermined locations to the RSS
measurements and therefore, it avoids modeling errors. As
a drawback, the training procedure to create the radio maps
demands that RSS fingerprints be collected with a person in a
large number of possible locations before the method can be
applied.
As an emerging technology with several potential applications, RSS-based DFL has attracted the attention of the
research community. Nonetheless, some open challenges remain to be tackled in order to make these systems effective in
dynamic, real-world scenarios. We briefly elaborate some of
these issues in the following.
•

A. Related Work
Several works have already shown that human presence and
motion alters the way radio signals propagate, enabling the
localization and tracking of people. Different measurement
modalities, models, algorithms and applications have been
proposed, having all as objective to locate people with high
accuracy. Most approaches achieve sub-meter localization accuracy. However, a comparison of the results obtained by these
systems is difficult since they differ considerably in nodes
number, type of indoor environment, hardware, communication protocols, size of the monitored area, just to name a few
parameters. In the following, we present the characteristics of
some of the already existing DFL systems.
One approach to DFL, named radio tomographic imaging
(RTI) [6], estimates the changes in the RF propagation field
of the monitored area and then forms an image of the changed
field. This image is then used to infer the locations of people
within the deployed network. To capture fading of the wireless
channel, several measurement modalities have been proposed
for the purpose of RTI such as: shadowing [6], [9], variance
[14], [21], and kernel distance [22]. Moreover, channel diversity has been exploited to leverage measurements from
multiple frequency channels and to enhance the localization
accuracy of RTI [23].

•

•

•

Most of the research to date has focused on tracking a
single target. However, scenarios in which these systems
are to be used often require tracking multiple targets, a
research topic addressed in [15], [25], [26], [27], [28],
[29], [30].
DFL systems typically use a calibration window so as to
learn the reference RSS statistics. In real-world deployments it is not always possible to gather measurements
when the area is empty. Further, RSS statistics change
considerably over time [13] and therefore, systems that
do not require calibration [14], have online training
[16], [31], or are capable of adapting to the changing
environment [13], [32] have been investigated.
Energy consumption and communication requirements of
RF sensor networks are one of the most challenging problems to be solved to enable real-world DFL deployments.
Distributed processing has been studied in [10], [17], [33]
to decrease the required communication overhead and
energy consumption of the network.
Typically, the sensors are deployed around the monitored
area in RF sensor networks which can be impractical in
certain applications. Mounting the sensors to the ceiling
of the monitored area and exploiting the reflecting radio
waves to perform DFL has been studied in [5], [29], [34].

In this paper, we do not consider the open challenges
listed above. Rather, we focus on developing more accurate
models for DFL. For this purpose, extensive experiments in
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two significantly different environments are conducted for
measurement based modeling. As an outcome, a fade levelbased measurement model is developed which is able to more
precisely capture the human-induced RSS changes. Further, a
fade level-based spatial weight model is derived which relates
the measurements to the true location of the person more
accurately. As a result, the presented system achieves higher
localization accuracy, has two parameters less for the end-user
to select, and is more robust to differences among the different
frequency channels when compared to another state-of-the-art
system that exploits channel diversity [23].
II. R ADIO T OMOGRAPHIC I MAGING
In the following, to build a solid foundation for this paper,
we describe attenuation-based RTI which aims to estimate a
discretized shadowing field image using the RSS measurements of the wireless links [9].
Let us consider a network that is not occupied by people
for a certain period of time. During this time, we can measure
the RSS of the L wireless links. The sample mean of link
l represents the RSS of the link when this is not affected by
people. We denote this as r̄l . After calibration, we can estimate
the attenuation of link l at time k from the change in RSS
∆rl (k) = rl (k) − r̄l ,

(1)

where rl (k) is the RSS of link l measured at time k. To
simplify the notation used throughout the rest of the paper,
time k is left out whenever possible. In attenuation-based RTI,
the measurement vector y is the change in links’ RSS, i.e.,
y = [∆r1 . . . ∆rL ]T . Measurement yl is a synonym for ∆rl ,
however, in Section IV we redefine yl .
In RTI, the attenuation of a link is assumed to be a spatial
integral of the RF propagation field of the monitored area.
Some voxels of the discretized area will affect a particular
link’s RSS, and some will not. In our discretized model, this
corresponds to the fact that each link’s change in shadowing
is assumed to be a linear combination of the change in voxel
attenuations
N
X
yl =
alj xj + vl ,
(2)
j=1

where xj is the change in attenuation in voxel j, alj the weight
of voxel j for link l, vl the measurement noise, and N the
number of voxels in the image to be estimated.
The weighting alj represents a spatial model for how voxel
j’s attenuation affects link l’s measurements. In RTI, an
elliptical model, where the transmitter and receiver are located
at the foci, represents the geometrical relationship between the
links and voxels [9]. Voxels j that are within the ellipse of link
l have their weight alj set to a constant, which is inversely
proportional to the square root of the Euclidean distance of
the communicating nodes. Otherwise, the weight alj is set to
zero. Mathematically
(
rx
√1
if dtx
lj + dlj < dl + λ
dl
,
(3)
alj =
0
otherwise
where dl is the distance between the transmitter and receiver,
rx
dtx
lj and dlj are the distances from the center of voxel j to

the transmitter and receiver of link l respectively, and λ is the
excess path length that tunes the width of the ellipse.
When all the links of the RF network are considered, the
changes in the shadowing field of the monitored area can be
modeled as
y = Ax + v,
(4)
where y and v are L×1 vectors representing the measurements
and noise of the L links, x is the N × 1 discretized image
to be estimated, and A is an L × N matrix representing
the weighting for each link and voxel. The linear model for
shadowing loss is based on the correlated shadowing models
described in [6], [35], and on the work presented in [9].
Estimating the image vector x from the link measurements
y is an ill-posed inverse problem, where the same set of
link measurements can lead to multiple different images,
i.e., solutions. Therefore, we use a regularized least-squares
approach [6], [21]
x̂ = Πy,
(5)
in which

−1

2
Π = (AT A + σN
C−1
x )

AT ,

(6)

2
where σN
is a regularization parameter. The a priori covariance matrix Cx is calculated by using an exponential spatial
decay
[Cx ]ji = σx2 e−dji /δc ,
(7)

where dji is the distance from the center of voxel j to the
center of voxel i, σx2 is the variance of voxel attenuation, and δc
is the voxel’s correlation distance. The linear transformation Π
can be calculated beforehand, once the positions of the sensors
are known, and it has to be computed only once, enabling
online image reconstruction via (5).
A. Model Errors
The linear model for shadowing loss is based upon two
assumptions. First, a person located on the link line causes
attenuation [9]. Second, the person affects the RSS measurements only when located near the link line (the value of λ is
typically set to be small [13], [14]). Let us invalidate these two
assumptions with a test in which 30 nodes communicating on
multiple frequency channels are deployed in an unobstructed
indoor environment around a square perimeter. The experiment
setup is shown in Fig. 1 (a). During the test, a person walks
inside the monitored area along a predefined trajectory.
In Fig. 2, the RSS changes of the same link on two different
channels are shown. In Figs. 2 (a) and (b), the points represent
the true position of the person when large RSS changes are
measured. For clarity, only large decreases, yl < −5 dB (blue
squares), and increases, yl > 5 dB (red circles), are shown. In
Fig. 2 (c), RSS measurements on the two channels are shown
as the person enters the area (k = 185) and intersects the
link line two times (k = 196 and k = 213). Times of the
intersections are illustrated with dashed blue lines.
The measurements on channel 15, shown in Fig. 2 (a),
fit well the linear model for shadowing loss. Attenuation is
measured when the person is located near the link line, thus
the area where shadowing is observed is accurately predicted
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(a) Open environment

(b) Apartment deployment

(c) Through-wall scenario

Fig. 1: The three environments used in the experiments.
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Fig. 2: RSS changes on two different channels for link ([0.0 5.8], [7.6 4.6]) due to human motion. In (a) and (b), the points
represent the true location of the person when the link measures a decrease, yl < −5 dB, or an increase, yl > 5 dB, of the
RSS. The RSS measurements on the two channels are shown in (c) and in the figure, two link line crossing instances are
shown with blue vertical lines. The sampling frequency of the individual channels is 2.87 Hz.

by the geometrical ellipse model. However, the measurements
of the same link on channel 26, shown in Fig. 2 (b), indicate
that on average an increase in signal strength is measured when
the person locates inside the ellipse. In addition, large RSS
changes are measured even when the person is located far
away from the link line. Consequently, both the measurement
and weighting models are inaccurate for this link and channel.
The statistics of steady-state, narrow-band fading are related
to the changes in RSS due to the human presence as described
in [15]. In this work, the authors define the relation using
fade level, a continuum between two extremes: anti-fade and
deep fade. A link in a deep fade (channel 26) experiences
destructive multipath interference and will measure on average
an increase in RSS when obstructed. In addition, links in deep
fade are sensitive to movements far from the link line [23].
On the contrary, links in anti-fade (channel 15) experience
constructive multipath interference. On average, these links
remain unchanged when people are moving far from the link
line and measure a decrease in RSS when the link line is
obstructed. Due to these characteristics, it is the links in
anti-fade that are the most informative for RSS-based DFL,
since for them the area where the person affects the RSS is
small, i.e., a narrow ellipse having TX and RX at the foci.
Furthermore, for anti-fade links the direction of RSS change

is predictable, thus easier to model.
The measurements in Fig. 2 and previous works found in
the literature [15], [23] show that the RSS measurements are
very different for links in different fade levels. In this paper,
we further explore how the fade level of the links relates to
the spatial impact area, the magnitude of RSS change and its
sign of change. Thus, we build our models around the concept
of fade level in Section III.
III. M EASUREMENT- BASED M ODELING
A. Data Collection
To derive more accurate weight and measurement models,
extensive experiments are conducted in two significantly different environments: an open indoor environment (experiment
1), in which all the sensors have LoS communication among
each other, and a single-floor, single-bedroom apartment (experiment 2), where multipath propagation is common.
In both experiments, the sensors deployed in the monitored
area are Texas Instruments CC2531 USB dongles, set to
transmit at the maximum power, i.e. +4.5 dBm [36]. The
sensors communicate in TDMA fashion on multiple frequency
channels. The IEEE 802.15.4 standard [37] specifies 16 channels within the 2.4 GHz ISM band. They are numbered
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Fig. 3: In (a), the normalized transmit power PT (c) on the 16 frequency channels. In (b), the combined distribution of fade
levels in experiments 1 and 2.

from 11 through 26 and are 5 MHz apart, having a 2 MHz
bandwidth. The carrier frequency (in MHz) of channel c is:
fc = 2405 + 5 · (c − 11),

c ∈ [11, 26].

(8)

The sequence of transmission is defined by the unique
sensor’s ID number. In each packet, the sensors include their
ID and the most recent RSS measurements of the packets
received from the other sensors of the network. If a packet
is dropped, the next sensor in the schedule transmits after
a back-off time, thus increasing the network’s tolerance to
packet drops. At the end of each communication cycle, the
sensors switch synchronously to the next frequency channel
found in a list pre-defined by the user. The communication
protocol is explained in further detail in [32].
On average, the time interval between two consecutive
transmissions is 2.9 ms. For example, a communication cycle
of a network consisting of 30 sensors takes 87 ms and if four
channels are used, the sampling interval on each channel is
348 ms. Due to the low latency between transmissions, the
human induced changes in RSS on the different channels are
correlated.
In experiment 1, shown in Fig. 1 (a), 30 sensors are
deployed on the perimeter of the monitored area (70 m2 ). The
sensors are placed on podiums at a height of one meter. The
sensors are programmed to communicate on channels 11, 17,
22, and 26 so as to cover the entire span of available frequencies. During the test, a person walks at constant speed along
a rectangular path. The trajectory is covered multiple times to
collect a sufficient number of RSS measurements. Markers are
placed inside the monitored area for the test person to follow,
while a metronome is used to set a pre-defined walking pace.
In this way, each collected RSS measurement can be associated
to the true location of the person.
In experiment 2, shown in Fig. 1 (b), 33 sensors are
deployed in a single-floor, single-bedroom apartment (58 m2 ).

Most of the sensors are attached on the walls of the apartment,
while a few of them are placed elsewhere, e.g., on the edge
of a marble counter in the kitchen or on the side of the
refrigerator. The antennas of the sensors are detached from
the walls by a few centimeters to enhance the localization
accuracy [13]. In the experiment, the sensors are programmed
to communicate on channels 15, 20, 25, and 26 in order to
avoid the interference generated by several coexisting Wi-Fi
networks found in the neighboring apartments, which would
increase the floor noise level [38]. As in experiment 1, a person
walks along a pre-defined path at constant speed several times.
In both environments, the tests are repeated three times: two
of the tests are used to build the new models presented in this
work, whereas one of the tests is used to validate the improved
accuracy obtained by using the new models. To derive the
new models, more than 26 million RSS measurements are
collected. Each measurement is associated to the true location
of the person. Since the new models are based on the changes
in RSS, a one minute calibration at the beginning of each test
is performed to calculate the steady-state RSS statistics while
the monitored area is not occupied by people.
B. Fade Level
Radio waves travel via multiple paths from transmitter to
receiver, a phenomenon called multipath propagation. At the
receiver, a phasor sum of radio waves impinging on the
antenna determine the strength of the received signal. This
phasor sum may be constructive or destructive, depending on
the phase of the arriving waves. This results in a RSS that
is a function of the center frequency and position in space,
an effect called multipath fading, which causes a significant
deviation from theoretical radio propagation models. The
difference between the radio propagation model and the mean
RSS of link l on channel c, is what we call fade level,
Fc,l = r̄c,l − P (d, c),

(9)
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TABLE II: Spatial and measurement model parameters

1

10

Parameter
δ
kλ
bδλ
kβδ
bδβ

0

λ [m]

10

−1

10

λ−
λ+
λ− fit

−2

10
−20

λ+ fit
−15

−10

−5
0
Fade Level [dB]

5

10

15

Fig. 4: The measured and modeled λ− and λ+ values as a
function of fade level.

where P (d, c) is a model for the RSS vs. distance and channel.
In a wireless network, the RSS can be modeled e.g. using
the log-distance path loss model [39]
P (d, c) = P0 (c) − 10η log10

d
,
d0

(10)

where P0 (c) is what we refer to as transmit power-normalized
reference loss on channel c and η is the path loss exponent.
The transmit power-normalized reference loss is defined as
P0 (c) = PT (c) − P0 ,

(11)

where PT (c) is the normalized transmit power on channel c
and P0 the reference loss at a short reference distance d0 .
The normalized transmit power PT (c) is a linear function
of the used frequency channel, which must be derived from
experimental data. For the wireless sensors used in the experiments [36], the lower frequency channels measure higher
RSS values than the higher frequency channels, because of
differences in antenna impedance matching across a wide
frequency band [40]. We find the linear relationship PT (c) =
0.156 · (c − 11) − 1.316 dB matched the measured transmit
power closely as shown in Fig. 3 (a). Normalization is required
to avoid bias in the fade level estimates.
To derive the path loss exponent η in (10), a calibration is
performed at the beginning of each test. At the end of this
period, r̄c,l for every link and channel is calculated. Since the
distance between the nodes is known, a least-squares linear
fit can be used to determine the path loss exponent η and
thereafter, Fc,l can be estimated using (9). It is typical that
some sensors measure on average RSS lower than what is
predicted by (10), whereas other sensors have a positive fade
level. The combined distribution of the fade levels in the
experiments is shown in Fig. 3 (b).
It is to be noted that we assume the environment to be
stationary during the experiments (changes in RSS are only
caused by people), and thus we do not need to re-calibrate Fc,l .
In addition, we presume that the environment is homogenous
and that all the links experience the same propagation losses

δ is −
-5.7874
0.2112
∞
0.1172

δ is +
102.7284
0.5016
13.0018
0.1839

when estimating Fc,l . In cluttered environments, the links can
experience different losses since they cover different spatial
areas. The system could exploit propagation modeling [41]
and radio map generation [42] to estimate the fade levels
more accurately. However, exploiting the methods in [41], [42]
would require prior knowledge of the monitored area, i.e., blue
prints, construction materials, etc..

C. A Fade Level-based Spatial Weight Model
During the measurement campaign, two measures are determined while the person is moving inside the monitored
area. First, ∆rc,l (k) for each time instant k. Second, the
minimum excess path length for each link and time instant,
rx
i.e., λl (k) = dtx
lj + dlj − dl , so that the person’s location at
voxel j is on the perimeter of the ellipse.
The RSS measurements of the experiments are divided in
20 equally likely bins each containing the same amount of
measurements based on their fade level. For each bin, we
determine the 5th-percentile of measurements that account for
the largest decreases in RSS. For this set of measurements, we
calculate the median excess path length, which we denote as
λ− . Correspondingly, we determine λ+ for the 5th-percentile
of measurements that account for the largest increases in RSS.
The values of λ− and λ+ for the different fade level bins are
shown in Fig. 4.
The results indicate that links in a deep fade, i.e. with a
negative fade level, measure decreases in RSS within a large
area. The excess path length of the ellipse decreases as the
fade level increases, confirming the fact that when attenuation
is observed, anti-fade links are more informative for DFL. The
opposite is true when an increase in RSS is measured. In this
case, links in a deep fade measure the human induced RSS
change within a smaller area than the anti-fade links. However,
the difference in λ+ for different fade levels is relatively small
compared to the difference in λ− values.
An exponential decay model accurately fits the λ− values.
Correspondingly, an exponential growth model is used to fit
the λ+ values. For both, a least-squares fit is used to derive the
model parameters. Now, λ can be determined separately for
each link, frequency channel and sign of RSS change based
on the fade level of the link
δ

λδc,l = bδλ · eFc,l /kλ ,

(12)

where δ indicates the sign of RSS change, i.e., δ is − for
measured decreases and + for the measured increases in RSS.
The fade level-based spatial weight model parameters are
given in Table II and in Section V-D, we examine the effect
of percentile Pn to the system performance.
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Fig. 5: In (a) and (b), the probability of the person locating outside the modeled ellipses as a function of measured RSS change
for two different fade level bins. In (c), the measured and modeled β − and β + values shown as a function of fade level.

D. A Fade Level-based Measurement Model
In the previous section it was shown that the area in which a
person affects the link’s RSS measurements strongly depends
on the fade level of the link and the sign of RSS change. In
this section, we derive a measurement model to determine the
probability of the person being within the area defined by λδc,l .
The new measurement model is based on both the magnitude
and sign of RSS change, and fade level of the link.
The RSS measurements are organized as in the previous
section. This time, the measurements of each fade level bin
are further divided into 100 bins so that each bin contains ∆rc,l
measurements having approximately the same value. For each
bin, we estimate the probability of the person being outside
the ellipse. Figure 5 (a) shows the probabilities of the bin
Fl ∈ [7.86, 9.42] dB (i.e., anti-fade links) for each ∆rc,l bin.
The negative x-axis of the figure shows the probability of the
person being outside the ellipse λ− when a decrease in signal
strength is measured. Correspondingly, the positive x-axis
shows the probability of the person being outside the ellipse
λ+ when an increase in RSS is measured. The probabilities
of bin Fl ∈ [−13.70, −10.13] dB (i.e., deep fade links) are
illustrated in Fig. 5 (b) for comparison.
The probability that the person is located inside the modeled
ellipse depends on the magnitude of ∆rc,l . The larger the RSS
change is, the more likely it is that the person is located inside
the modeled ellipse. It is again the anti-fade links that are
more informative and trustworthy. For example, when a link
measures a 10 dB attenuation, an anti-fade link (Fl = 8 dB)
has a 69% probability that the person is inside the modeled
ellipse. In comparison, the probability is the same for a deep
fade link (Fl = −8 dB). However, for the deep fade link
the modeled ellipse is considerably larger, i.e., λ+ = 0.8413
whereas λ− = 0.0530. We can also state that the anti-fade
links indicate the person’s location more accurately when
increases in signal strength are measured. For example, when
a link measures a 10 dB increase in RSS, the anti-fade link
(Fl = 8 dB) has a 97% probability that the person is inside
the modeled ellipse. In comparison, there is a 63% probability
with the deep fade link (Fl = −8 dB).
An exponential model provides a good fit for the measurements as shown in Figs. 5 (a) and (b). Thus, the probability

of the person being located inside the modeled ellipse at time
k and measured RSS change ∆rc,l can be calculated as
δ

pδc,l (k) = 1 − e−βc,l |∆rc,l (k)| ,

(13)

δ
where βc,l
is the decay rate and it is related to the fade level
as follows
δ
δ
βc,l
= bδβ · eFc,l /kβ .
(14)
δ
values are shown in Fig. 5
The measured and modeled βc,l
(c) and the parameters of the models are listed in Table II.
It is to be noted that parameter Fc,l used in (12) and (14)
is not known a priori. However, Fc,l can be calculated using
equation (9) after the initial calibration period as described in
Section III-B.

IV. M ETHODS
The image reconstruction procedure for RTI can be used
as a theoretical framework for estimating the changes in the
RF propagation field with the new fade level-based spatial
weight and measurement models. However, minor adjustments
need to be made to RTI as it was introduced in Section II.
First, instead of applying the changes in RSS as given in (1),
we apply the probability of the person being located inside
the modeled ellipse which is given in (13). Thus, the new
measurement vector on frequency channel c when attenuation
−
is measured is yc− = [p−
c,1 , . . . , pc,L ]. Correspondingly, for
+
+
measured increases yc = [pc,1 , . . . , p+
c,L ]. Thus, the complete
measurement vector on frequency channel c becomes yc =
[yc+ |yc− ]. When considering all the channels, the complete
measurement vector is y = [y1 | . . . |yC ]T , where C is the
number of used frequency channels.
The spatial weighting model in (3) has to be reformulated
since λ is now unique for each link and channel. The new
weight model can be mathematically expressed as
(
1
rx
δ
if dtx
2
lj + dlj < d + λc,l
δ
wc,l,j = nj ·p
,
(15)
0
otherwise
δ
where wc,l,j
is the weight of voxel j for link l on channel c for
RSS sign δ. Because the area covered by the ellipses varies,
we weight less the links that cover a larger area by setting the
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weight to be inversely proportional to the area of the ellipse,
i.e., nj · p2 , where nj is the number of voxels that are within
the ellipse of link l and p2 is the area of the voxel.
Now, when all the links and frequency channels of the
RF sensor network are considered, the changes in the RF
propagation field of the monitored area can be modeled as
y = Wx + n,

(16)

where y and n are the measurement and noise vectors,
correspondingly, both of size 2LC ×1. As in (4), x is the N ×1
image to be estimated, and W is the new weighting matrix, of
size 2LC × N . The regularized least-squares approach in (6)
can be used with the new models by substituting the weight
matrix A with the new weight matrix W.
A. Localization and Tracking
From the estimated image (5), the position of a person can
be determined by finding the voxel of the image that has the
maximum value, i.e.,
j = arg max x̂.

(17)

N

Thus, the position estimate is ẑ = zj , where zj represents the
center coordinates of voxel j. For tracking the movements of
the person, we apply a Kalman filter [43] as in [17].
To quantify the accuracy of the system in Section V, the
average error ē is defined as the root-mean-squared error
(RMSE) of the position estimates
!1/2
K
1 X
2
(ẑ(k) − z(k))
,
(18)
ē =
K
k=1

where K is the total number of estimates and z(k) is the true
location at time k.
Note that the localization proposed in (17) is only capable
of locating one person. Multi-target localization and tracking
is a challenging task in DFL, and it is outside the scope of this
paper. Thus, we do not propose coordinate estimators for the
multi-target case. For now, readers are referred to [15], [25],
[26], [27], [28], [29], [30] for RSS-based multi-target tracking.
B. Performance Benchmarking
The system presented in this paper, which we denote as fade
level RTI (flRTI), is benchmarked with respect to a system
presented in [23], which also exploits channel diversity. The
benchmark system ranks the frequency channels based on their
fade level and only the measurements of the m most anti-fade
channels are used. The measurements on the selected channels
are averaged to obtain the measurement of link l at time k
yl (k) =

m
1 X
∆rc,l (k),
m
c∈Sl

(19)

T

y = [y1 , · · · , yL ] ,
where Sl is the set of the m most anti-fade frequency channels.
Generally, for links i 6= j we have Si 6= Sj . However,
when m equals the total number of used frequency channels
C, then Si = Sj . We denote the benchmark system as

TABLE III: Image reconstruction parameters of flRTI
Parameter
p
σx
2
σN
δc

Value
0.1524
0.1
20
5

Description
Voxel width [m]
Voxels standard deviation [dB]
Regularization parameter
Correlation distance [m]

channel diversity RTI (cdRTI) and it uses a constant λ for the
weighting given in (3). The estimated shadowing field image is
calculated using (5). Thus, the only difference between flRTI
and cdRTI is calculating the measurement vector y and the
spatial weighting W w.r.t. A.
The image reconstruction parameters of flRTI used in the
experiments of Section V are given in Table III. The benchmark system also uses the parameters given in Table III,
however, the excess path length is set to λ = 0.1 m and
the correlation distance is set to δc = 3 m. Furthermore,
the number of used frequency channels m that results in the
lowest ē is selected for each experiment separately for cdRTI.
Various image reconstruction parameters were tested with
both methods, but the ones listed in the table resulted in the
highest overall accuracy. The effect of image reconstruction
parameters is investigated in Section V-D.
C. Experiment Description
In the beginning of the tests (see Section III-A), a one
minute calibration period is performed. During this period,
r̄c,l and Fc,l of every link and channel are calculated. Online
training and calibration of the network are not within the scope
of this paper and for now, readers are referred to [13], [14],
[16], [31], [32] for various possibilities.
Experiment 1 is solely a tracking experiment. In the test,
a person enters the monitored area after the initial calibration
period and walks along a predefined rectangular path, covering
14 laps before leaving the area. In experiment 2, both localization and tracking accuracy are evaluated. In the localization
experiment, a person is standing still at one of 15 known
positions for a predetermined period of time so to compute
multiple position estimates at each location. The 15 positions
are chosen so as to cover all the areas of the apartment. During
the experiment, each position is visited multiple times. In the
tracking experiment, a person is moving at constant speed
along the paths connecting the same 15 locations used in the
localization experiment.
Since the models presented in this paper are derived from
the data collected in the environments of experiments 1 and 2,
it is important to validate their generality in an environment
differing from the ones used to build them. Hence, we conduct
an additional test in a more challenging through-wall scenario
(70m2 ). In the experiment, 30 nodes are deployed around a
lounge room, outside the walls surrounding the monitored
area. The sensors are set on podiums as in experiment 1. Five
channels (11, 15, 18, 21, and 26) are used for communication
and the channels are selected approximately equidistant on
the frequency scale so as to cover the entire span of available
frequencies. During the experiment, the person is standing still
at one of ten predefined positions, located along a rectangular

9

true
estimated
sensors

Y [m]

6
4

1
x true
x est
y true
y est

7
Coordinate [m]

8

8

2

6
5
4
3

Cumulative probability

10

2
0
0

2

4
X [m]

6

(a) Estimated trajectory using flRTI

0.6
0.4
0.2
flRTI
cdRTI

1
2500

8

0.8

2550

2600
Sample [k]

2650

0
0

2700

(b) Coordinate’s estimates of one lap using flRTI

0.2

0.4
0.6
Error [m]

0.8

1

(c) CDFs using flRTI and cdRTI.

8

6

6

4

1
Cumulative probability

8

Y [m]

Y [m]

Fig. 6: Experimental results in experiment 1, the open environment.
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Fig. 7: Experimental results in experiment 2, the apartment deployment. The bedroom locates in the lower left, bathroom in
the upper left, kitchen in the upper right, and living room in the lower right corner of the figure.

perimeter so to evenly cover the entire monitored area. Besides evaluating the localization accuracy in the through-wall
scenario, we also analyze the effect of used frequency channel
number and nodes number to the system performance.
V. E XPERIMENTAL R ESULTS
A. Experiment 1, open environment
The true and estimated trajectory of the person during
experiment 1 are shown in Fig. 6 (a) and the coordinate’s
estimates of one lap are shown in Fig. 6 (b) when using flRTI.
The proposed system is capable of tracking the person with
an average error of ē = 0.17 m, whereas ē = 0.25 for cdRTI.
The cumulative distribution functions (CDFs) of the tracking
errors for flRTI and cdRTI are shown in Fig. 6 (c). In this
experiment, the median error is 0.16 m with flRTI and 0.22
m with cdRTI. One major advantage of using flRTI is that all
the estimates are accurate − the most inaccurate being 0.65
m. With cdRTI, some estimates are more than a meter off the
true position of the person, the highest error being 1.48 m.
The computational requirements of the system are evaluated
using a standard laptop equipped with a 2.67 GHz Intel Core
i7-M620 processor and 8.0 of GB of RAM memory. With the
given image reconstruction parameters, to compute the linear
transformation Π takes 24.48 s with flRTI, whereas 11.33 s

using cdRTI. The linear transformation has to be computed
only once, enabling online image reconstruction via (5) after
Π has been computed. The discretized image x̂ is estimated
after each communication round and on average it takes
24.7 ms and 3.4 ms with flRTI and cdRTI in corresponding
order. In experiment 1, the duration of one communication
cycle takes on average 87 ms and therefore, both systems
fulfill the requirements of online operation. If necessary, the
computational overhead can be easily decreased by reducing
the resolution of the estimated images, i.e., increasing the
voxel size p. For example, using a voxel width of p = 0.3048
m, reduces the computation time of Π to 1.53 s using flRTI
and to 0.32 s with cdRTI. Correspondingly, computing the
lower resolution images takes on average 6.8 ms and 1.2 ms
with flRTI and cdRTI in respective order.
B. Experiment 2, apartment
The true and estimated locations using flRTI in the apartment experiment are shown in Fig. 7 (a). Respectively, the
true and estimated trajectories are shown in Fig. 7 (b). The
average localization accuracy of the experiment is ē = 0.26
m and the average tracking accuracy is ē = 0.23 m with
flRTI. For comparison, the localization accuracy is ē = 0.31
m and tracking accuracy is ē = 0.24 m with cdRTI. The CDFs
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Fig. 8: Experimental results in experiment 3, the through-wall scenario.

of the localization and tracking errors with the two methods
are shown in Fig. 7 (c). The location found in the bedroom
(lower left hand corner in Fig. 7 (a)) degrades considerably the
accuracy of both methods. The time spent in that particular
location is longer in the localization experiment, thus the
localization results are affected more than the tracking ones.
The overall error (localization and tracking) of experiment
2 is ē = 0.25 m with flRTI, whereas ē = 0.29 m using
cdRTI. The difference in accuracy among the systems is not
as remarkable as in the open environment. In the apartment
experiment, the sensors are deployed in all the rooms, and
there exists many sensors that have LoS communication with
each other. In addition, the distance separating some of the
sensors is small. Due to this, there are many links that measure
attenuation as the link line is obstructed and therefore, cdRTI
that exploits a fixed λ model is capable of performing well in
the apartment deployment.
C. Experiment 3, through-wall
The true and estimated positions of experiment 3 are shown
in Fig. 8 (a). The average localization error is ē = 0.30 m
with flRTI, whereas ē = 0.72 m with cdRTI. The improved
performance, as a result of applying the new models, is due
to the fact that in the through-wall scenario the number of
links measuring attenuation when the link line is obstructed
is considerably smaller than in the other two experiments.
Furthermore, in this type of environments it is common
that human-induced changes in the RSS are observed also
elsewhere than on the link line, which the cdRTI system is
not able to capture since it uses a weighting model relying on
a fixed λ.
As demonstrated in [23], channel diversity enhances the
accuracy of DFL considerably, since it increases the probability that at least one (or more) of the frequency channels
will be in anti-fade, thus favoring the localization attempt.
Figure 8 (b) shows the average localization errors over the
ten predetermined locations obtained with flRTI and cdRTI
for all the possible combinations of the five channels used in
the through-wall experiment. The average localization error
obtained with flRTI is smaller than the ones obtained with
cdRTI. In fact, flRTI already achieves a better average accuracy

on two channels than the cdRTI system on all five channels.
Furthermore, the dispersion between the channel combinations
is smaller with flRTI indicating that the new models are more
robust to differences amongst the channels.
Typically, RSS-based DFL systems achieve high localization accuracy with the expense of deploying numerous sensors
in the monitored area. For example, the sensor density is 0.43
sensors/m2 in experiment 3. In order to investigate the relation
between the number of nodes and localization accuracy, we
remove sensors in the following two manners. In the greedy
case, we remove each node successively and compute ē. The
sensor that results in the lowest ē is removed permanently
from the network. In the random case, we remove random
sensors (drawn from a uniform distribution) from the network
and compute ē. Removing each number of nodes is simulated
20 times and the mean of the realizations is computed to depict
the system performance. In both cases, nodes are removed in
increasing number from the network.
The localization accuracy obtained with a reduced number
of sensors is illustrated in Fig. 8 (c). As shown, there exists
a tradeoff between accuracy and nodes number since the
localization accuracy on average degrades as more nodes are
removed. However, in the greedy case, removing a small number of sensors results into a small enhancement in accuracy.
This indicates that some nodes provide RSS measurements that
can not be fully explained by the models used in RTI. With
flRTI, the localization error is reduced by 27% when 8 nodes
are removed, whereas by 56% with cdRTI when 9 nodes are
removed. The results imply that the models of cdRTI are more
inadequate in challenging through-wall scenarios.
Removing nodes as in the greedy case is unrealistic since the
sensors that minimize the localization accuracy are not known
a priori. Removing nodes randomly from the network more
realistically explains the relation between nodes number and
localization accuracy. As shown in Fig. 8 (c), the localization
error increases linearly when more nodes are removed. When
over half of the sensors are removed, the error starts to increase
more rapidly following more closely an exponential growth
than a linear increase. For the linear part, a least-squares linear
fit is used to determine the decay in accuracy per removed
m
node. For the decay rate, we obtain 0.043 node
with flRTI and
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Fig. 9: Localization accuracy as a function of model parameter changes in the three different environments. In the figures, one
parameter is changed at a time, while the other two are kept constant.

m
with cdRTI. Therefore, flRTI is more robust to node
0.065 node
removal.

D. Parameter Sensitivity
Parameters of flRTI have an important role when estimating
the propagation field images. In the following, we empirically
2
, correlation distance δc ,
examine regularization parameter σN
and the percentile Pn , and their effect on localization accuracy.
One of the parameters is changed at a time, while the other
two are kept constant. The values for the parameters when
2
they are not changed are: σN
= 20, δc = 5, and Pn = 5.
Figure 9 shows the results of the simulations. In the figures, the
localization errors are normalized with respect to the results
reported in the previous sections, i.e., the localization error
obtained in the simulation is divided by the localization error
obtained in the experiments.
The regularization parameter has a considerable effect
on the estimated images. If the problem is regularized too
strongly, the resultant images are smoother making it harder
to confine boundaries of the person. On the contrary, if
2
σN
is set too low, noise can corrupt the images making
2
localization difficult. The effect of σN
is shown in Fig. 9 (a).
The proposed method is robust to parameter changes in the
open and apartment deployments, whereas in the through-wall
scenario the problem requires more regularization.
Parameter δc defines the correlation distance of the voxels,
i.e., how voxel measurements at a certain distance are expected to vary together. The localization results with various
correlation distance values are shown in Fig. 9 (b). In each
environment, small values decrease the localization accuracy
and the more cluttered the environment is, more slowly the
accuracy is improved when δc is increased. The results support
the finding that in obstructed environments, a person can affect
the measurements even far away from the link line.
The percentile Pn was used in Section III-C for selecting ∆rc,l values that account for the largest decreases and
increases in signal strength changes when deriving the new
fade level-based spatial weight and measurement models. The
parameter affects the derived model parameters and therefore,
localization accuracy of the system as shown in Fig. 9 (c). In

the open and apartment deployments, on average, the system
performance is better the lower the used percentile is. On
the contrary, the system achieves higher accuracy with larger
percentile values in the through-wall scenario. The data that
was used for modeling did not include measurements from
through-wall experiments, possibly explaining differences in
the curve trends.
The RTI method proposed in this paper is robust to parameter changes in the environments that were used to derive the
models. In the more challenging through-wall environment,
flRTI is more sensitive to parameter changes. However, even
in this environment, the range of possible parameter values
that results into an average localization accuracy of 0.5 m or
higher is comprehensive. Also, flRTI outperforms cdRTI even
when we set one of the parameters to a value far from the
one providing the best accuracy. This confirms the increased
robustness to parameter sensitivity of flRTI over cdRTI
VI. D ISCUSSION
RTI aims to form an image description of an object by
measuring a radiating field that is modified by the object and
by relating the measurements to the physical distribution of the
object. The estimated distribution of the person in the throughwall experiment with three different RF tomography methods
are shown in Fig. 10.
In Fig. 10 (a), attenuation of the RF signals on a single frequency channel are exploited while estimating the distribution
of shadowing losses [9]. In a through-wall environment, links
measuring shadowing of the person are sparse. In addition,
links can be affected even far away from the link line since in
this type of environments multipath propagation is common.
Due to these two reasons, the performance of the system is
satisfactory and as shown Fig. 10 (a), the computed image
leads into a poor estimate of the person’s location. In Fig.
10 (b), communication on multiple frequency channels is
exploited to increase the number of link measurements and
cdRTI is used to estimate the image [23]. Channel diversity
increases the probability that at least one of the channels
captures the human-induced shadowing and as shown, the peak
of the estimated distribution is close to the location of the
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(a) Single frequency channel RTI [9]

(b) Channel diversity RTI (cdRTI) [23]

(c) flRTI

Fig. 10: The estimated distribution of the person in the RF propagation field with three different radio tomographic imaging
methods. The true location of the person is represented by the white cross in the figures.

person. However, the dispersion of the distribution is large and
there are artefacts (shadowing losses not naturally present) in
the image since cdRTI makes use of a spatial weight model
relying on a fixed λ. In Fig. 10 (c), the image is estimated using
the methods proposed in this paper. As shown, the estimated
distribution coincides with the true location of the person and
there are no severe artefacts in the image. The new fade levelbased measurement model is able to more precisely capture the
human-induced RSS changes and the fade level-based spatial
model is able to more accurately relate the measurements to
the true location of the person.
The high localization accuracy, as demonstrated with the
three experiments, is not the only benefit of flRTI when
compared to cdRTI. First, there are two parameters less to
tune, i.e., the excess path length of the weighting ellipse λ
and the number of used frequency channels m. Second, flRTI
is more robust to differences among the channels as shown in
Fig. 8 (b). Third, flRTI is more tolerant to node removal than
cdRTI as illustrated in Fig. 8 (c). Fourth, the presented models
capture the human-induced RSS changes more accurately as
demonstrated above.
In summary, with the methods presented in this paper, it
is possible to achieve a higher or comparable accuracy but
with less resources, which in turn brings advantages on many
aspects. With fewer sensors, the deployment time, energy
consumption and overall cost of the system are reduced. In addition, the communication overhead, computational complexity and transmission latency are decreased. Further, as DFL
systems are to be deployed in real-world scenarios in the near
future and when network management becomes mandatory,
configuring and managing the network are simplified.
VII. C ONCLUSION
In this paper, we present novel models to enhance the
accuracy of RSS-based DFL. The improvements concern four
aspects: deriving a more accurate spatial model for the humaninduced RSS changes, proposing a measurement model that
determines the probability of the person being inside the
modeled area, taking into consideration the sign of the RSS
change and exploiting channel diversity. The proposed models

are built upon the concept of fade level, a measure of whether
a link is experiencing destructive or constructive multipath
interference.
The performance of the presented system is validated in
three different indoor environments, i.e., in an open indoor
environment, in a typical one-bedroom apartment and in a
through-wall scenario. The results demonstrate that the new
method outperforms a current state-of-the-art RTI system
presented in [23]. Moreover, the improvement in localization
accuracy with the new system is more consistent the more
challenging the environment is for RSS-based DFL. The results indicate that the presented system is capable of achieving
0.30 m localization accuracy even in through-wall scenarios.
In future work, we will investigate spatial propagation
models that can adaptively learn the geometrical propagation
patterns of the multipath components and their associated
amplitudes. Adapting the models to the environment can
provide the means to further improve the accuracy of DFL.
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