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pȳ|s Conditional density of observations

P Reference power

P0 Reference power loss

Pk State estimate covariance at time instant k

P̃k Smoothed state estimate covariance at time instant k

Prx Modeled path loss

Ptx Transmit power

q Process noise

Q Process noise covariance

r Pre-processed RSS

r̃ RSS measurement

RdB Received signal power

s State of the system

si|j State transition probability from i to j

S Number of sensors

S Innovation covariance of Kalman filter

Tn Measurement residual threshold

Ts Sampling interval

Ts Speed threshold

vl PSD of link l at estimated breathing rate

Vi Complex amplitude of ith multipath component

Vtot Complex baseband voltage

wl,n Weight of voxel n for link l

xk State estimate at time instant k

x̃k Smoothed state estimate at time instant k

y Input to the estimators
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1. Introduction

1.1 Background

The success of wireless communication systems together with other tech-

nological advances enabled the development of wireless sensor networks

(WSNs) [1]. These networks are typically composed of inexpensive nodes

which are limited by processing power, memory, bandwidth, communica-

tion range, and available energy. Despite their limitations, WSNs also

possess several advantages, with respect to their cabled counterparts,

that enable use-case scenarios which are impossible for cabled systems.

With WSNs there is also reduced deployment time and cost, and also the

possibility to develop autonomous systems that are reconfigurable and ex-

pandable. WSNs have enabled a wide range of applications [2] including:

healthcare [3], wireless control [4], and structural health monitoring [5].

Typically, radio communication is severely affected by a phenomenon

known as multipath fading, where the transmitted signal travels via mul-

tiple paths combining at the receiver producing a distorted version of

the original signal [6]. In WSN research, multipath fading is typically

treated as an unwanted effect that degrades the communication perfor-

mance of simplistic radios [7]. However, one major source of multipath

fading are people [8] and it can also be viewed as an opportunity that can

be used for novel monitoring purposes. WSNs enable dense network de-

ployments and communication between the sensors produce information

rich measurements about fading and changes in the propagation chan-

nel. Most notably, such deployment does not require people to co-operate

with the system, allowing one to gain situational awareness of the envi-

ronment non-invasively. Thus, WSNs are rendering new types of sens-

ing possibilities such as: sensorless sensing [9], device-free localization
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(DFL) [10], fall detection [11], and non-invasive breathing rate monitor-

ing [12]. These systems exploit wireless communication to extract infor-

mation of the wireless channel and therefore, such networks are referred

to as radio frequency (RF) sensor networks [13] since the radio itself is

used as the sensor.

1.2 Motivation and Objectives

As life expectancy in the modern society continues to grow, the number

of people aged 60 and over is expected to double in the next 35 years,

reaching a staggering 2.1 billion by the year 2050 [14]. This consider-

able change in the demographic structure of the population sets new chal-

lenges for the healthcare system, the most obvious being that the number

of people in need of medical treatment will grow significantly. To address

this problem, there is a large interest for home healthcare and ambient

assisted living (AAL) systems that offer the elderly hope of continuing to

live at home for as long as possible. These systems are envisaged as as-

sisting the elderly in their daily activities, monitoring their health and

well-being, and reporting to relatives and care-givers in cases of emer-

gency or if the person’s health is declining.

Despite the fact that the need for home healthcare and AAL systems

has been recognized, practical solutions are unavailable at the moment

mainly due to two reasons. First, independent technologies have been de-

veloped for some particular need such as wearable harnesses for activity

and gesture recognition [15], attachable sensors for vital sign monitor-

ing [16] and RFID tags for localization purposes [17]. Hence, no single

technology can provide all the required information that would be needed

by the system. Second, the available solutions rely on customized tech-

nology making them expensive to produce, not to mention how much it

would cost to integrate all these technologies into a single system. To

overcome these drawbacks, the use of radio signals has been studied com-

prehensively in the past years and this technology provides four clear

benefits. First, radio signals can be exploited for various monitoring pur-

poses simultaneously [VI]. Second, the technology is device-free and it

does not require the monitored person to carry any electronic device [I −
VI]. This is especially beneficial for example when the person is suffering

from Alzheimer’s disease because they may forget to wear the sensors.

Third, the technology can be implemented using commercial off-the-shelf
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(COTS) narrowband transceivers making it an inexpensive alternative

[V]. Fourth, the technology can coexist with other wireless networks that

are typically found in residential apartments [II].

RF sensor networks are seen as an enabling technology that could be

deployed in every home. The system would track the elderly and monitor

their vital signs. Gather long-term statistics about their daily routines

and monitor the progression of health. Relatives and care givers could be

alerted in case of sudden emergency or if the patient’s health has declined

notably. The system would also assist the elderly in their daily activities,

for example by controlling lighting and temperature based on the location

and activity. Such a system would ease the every day life of the elderly, al-

lowing them to remain living at home for as long as possible, and notably

reduce the costs of their healthcare.

The main objective of the thesis is to develop localization and breath-

ing rate monitoring methods for narrowband radio systems. Research of

the thesis builds upon existing work and the development efforts aim to

enhance estimation accuracy. In addition, the work seeks to improve the

applicability and use-case scenarios of the technologies to enable home

healthcare and AAL applications in future. Many practical issues are not

explored in the thesis such as inferring the location or breathing rate of

multiple persons. It is to be noted that monitoring is most critical when

the person is alone. In addition, the presented solutions improve the un-

derlying measurements and models which would also aid the systems that

consider the multiple-person scenario.

1.3 Contributions of the Thesis

The novel scientific results obtained in the thesis are related to the field

of RF inference, specifically using narrowband radio signals for monitor-

ing of breathing rate and localization purposes. The proposed methods

present improvements to the prior art, novel and new approaches for solv-

ing existing problems, and solutions that have made it possible to apply

the technology in environments and scenarios that were not possible in

the past. The main scientific contributions of this thesis to the scientific

community are as follows:

1. Frequency channel diversity to improve the accuracy of radio tomo-

graphic imaging (RTI) and breathing monitoring [I−VI]. In addition,
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various algorithms are presented to weight and combine the measure-

ments of different frequency channels. Communication on multiple fre-

quency channels increases the probability that the measurements cap-

ture correctly the person’s location and breathing rate. Experimental

results verify that channel diversity consistently improves estimation

accuracy and that the importance of multi-channel communication in-

creases in environments where multipath propagation is common.

2. Techniques that make long-term DFL deployments possible and that

enable residential monitoring and AAL applications [II]. The key en-

abler of the designed system is estimating the calibration mean online

and adapting to the time varying changes in radio signal propagation

patterns during run-time. Knowing the calibration mean is one of the

basic requirements of RTI, since it reflects the radio signal measure-

ments when the monitored area is cleared of any people.

3. The research reveals that the area where a person affects the radio

signals is unique for each wireless link and that the direction and mag-

nitude of received signal strength (RSS) changes are also link dependent

[IV]. It is also identified that human-induced temporal fading is uncorre-

lated for different frequency channels [I] and that the various channels

capture different spatial aspects of the propagation channel [III].

4. Temporal changes of the propagation channel are included to the prob-

lem formulation and a novel filter is introduced to track the noisy prop-

agation field images. In addition, Bayesian smoothing filters are pre-

sented to further improve the state estimates with a given finite latency

[IV].

5. Online and batch-processing algorithms to estimate model parameters

[IV]. The algorithms use measurements of the radio and the estimated

trajectory of the person. The online technique provides improved track-

ing accuracy and the batch-processing method can be used to fine tune

the model parameter estimates enhancing the tracking accuracy even

further.

6. Digital signal processing (DSP) methods as well as hardware and soft-

ware features are presented to increase the signal-to-noise ratio (SNR)
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of the breathing signal [V]. The experimental results demonstrate that

low-granularity radio signal measurements can be enhanced so that

they are comparable to the measurements of a high-end real-time spec-

trum analyzer for 3−4 orders of magnitude less price. As a result, the

developed system can estimate the respiration rate of a person with very

high accuracy using just one transmitter (TX) and receiver (RX).

7. Solutions to detect motion interference, that is, rapid RSS changes

caused by movement of a person other than breathing [V,VI]. Detect-

ing motion interference enables accurate respiration rate monitoring in

the long-run.

8. An imaging method is proposed to locate breathing in a home [VI]. The

work demonstrates that a motionless but breathing person can be lo-

cated and their respiration rate estimated without prior empty calibra-

tion of the RF sensor network.

1.4 Organization and Contents of the Thesis

The main scientific contributions are found in Publications [I−VI] and in

Chapters 3−6 of this thesis, which collects and highlights the obtained re-

sults while providing references to other relevant research done in related

works. This thesis is organized as follows.

Chapter 2 provides an overview of RF inference. The chapter begins

by introducing a widely used received signal model, discusses how a per-

son can alter the radio signals, and how different radio channel measure-

ments can be used to quantify changes in the radio propagation channel.

Then, different application areas of RF sensor networks are briefly dis-

cussed followed by a more detailed overview of device-free localization and

non-invasive breathing rate monitoring. The aim of the chapter is to give

the reader the necessary basic background knowledge to help understand

the topics covered in this thesis.

An RTI solution to localize a person using measurements of the radio

is presented in Chapter 3. The methods used in [I,III] to enhance the

localization accuracy of RTI using frequency channel diversity are pre-

sented. Moreover, the techniques used in [II,IV] are introduced to adapt

to time-varying propagation channel changes and to estimate unknown
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model parameters. The various RTI methods developed during the the-

sis are experimentally evaluated in Chapter 4 and general guidelines on

system design are also discussed.

Chapter 5 presents how low granularity radio signal measurements can

be used to estimate the breathing rate of a person and to locate breathing.

The DSP methods used in [V] are presented to improve the SNR of the

breathing signal and to enable respiratory rate monitoring using a single

TX-RX pair. The techniques introduced in [VI] are briefly discussed to

monitor and locate breathing in a home. The experiments and results of

Publications [V,VI] are highlighted in Chapter 6. Finally, conclusions are

drawn in Section 7.
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2. Overview of RF inference

RF inference methods measure properties of a radio channel between a

pair of transceivers or among a mesh network of wireless nodes. Changes

in the propagation channel are reflected in the channel measurements of

the receiver providing information about location and activities of peo-

ple in the environment of the sensors. This section begins by introducing

several modalities of measurements of radio channel characteristics rang-

ing from the channel impulse response (CIR) to low granularity received

signal strength (RSS) measurements. Thereafter, it is discussed how a

person can alter the propagation channel and what type of information

the different measurement modalities provide about the location of a per-

son. Then, a brief overview of RF inference technologies and applications

is given. This is followed by a more detailed survey of device-free localiza-

tion (DFL) and non-invasive breathing monitoring since research of this

thesis covers these two topics.

2.1 Radio Channel Measurements

The time-varying radio propagation channel can be modeled as a linear

time-varying filter with the CIR at time t given by [6]

h (t, τ) =

N(t)∑
i=1

αi(t)δ(τ − τi(t))e
jθi(t), (2.1)

where the amplitude, time-delay and phase of the ith component are de-

noted as αi(t), τi(t) and θi(t) in respective order, N(t) is the total number

of multipath components and δ(·) denotes the Dirac impulse function. The

CIR is a wideband channel model and narrowband devices cannot resolve

individual multipath components, only the signal magnitude and phase

as a whole. Denoting the complex amplitude of the ith multipath com-

ponent as Vi = |αi(t)|ej(θi(t)+2πτi(t)), then the measured complex baseband
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voltage at the narrowband receiver is [18]

Vtot(t) =

N(t)∑
i=1

Vi(t). (2.2)

Most RF sensor network applications use the RSS for inference which is a

magnitude only measurement of the received signal power in logarithmic

scale

RdB(t) = 20 log10 |Vtot(t)|. (2.3)

The channel measurements are corrupted by noise and the radio module

of the transceiver provides a quantized measurement of RdB called the

RSS indicator (RSSI), given by

r̃(k) = RdB(k) + e(k), (2.4)

where measurement noise e(k) can be modeled as a zero mean-Gaussian

with variance σ2e in static conditions [19], t = Ts · k in which Ts denotes

the sampling interval and k = [0, 1, 2, . . .].

In summary, the CIR is most informative when measuring the radio

propagation channel but it requires dedicated hardware. On the contrary,

the RSS is a coarse measurement that captures the channel changes as a

whole but it is ubiquitously available in nearly all wireless devices.

2.2 Human-induced Propagation Channel Changes

One major source of multipath fading is people [8] and, in early studies,

human-induced fading was quantified to aid in the development of com-

munication systems that operate indoors among moving people [6, 8, 20–

22]. In the context of RF inference, some of the key findings are that fad-

ing occurs in bursts due to human movement [8], this fading/non-fading

time-varying process can be modeled using a two-state Markov model

where the states are characterized as Ricean variates with different K-

factors [21], and fading increases when the number of people moving near

the TX or RX increases [22]. Even though the aforementioned works

demonstrate that human movement is measurable, they do not provide

models for changes in the received signal that relate the person’s location

to the coordinates of the TX-RX pair− a requirement of most RF inference

applications.

A person can affect the measurements of the RX in two different ways

[13] and these are depicted in Fig. 2.1. In the figure, the lines depict the
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TX RX TX RX TX RX

Figure 2.1. On the left, example multipath components between the TX-RX pair. In the
middle, a person appears within the sensing region of the transceivers and
creates an additional component. On the right, the person alters an existing
multipath component which in this case is the line-of-sight component. Even
though it is not illustrated, a person can simultaneously create additional
and change existing multipath components.

different multipath components and the circle represents the person. On

the left, the person is not within the monitored area and the measure-

ments are dictated by space-dependent fading and the noise process. In

the middle, the person has entered the sensing region of the link and cre-

ates a new multipath component. In the literature, it has been proposed

that the underlying propagation mechanism is scattering [23] and it is

typically assumed that the path is single bounce so that the only change in

path direction is caused by the person. The single bounce scattering model

originates from radar literature where it is extensively used [24,25]. It is

also to be noted that the newmultipath component can originate from sin-

gle bounce reflection [26, 27] and that the dominating propagation mech-

anism in a particular environment is determined by the wavelength and

the relative size of the features of the objects in the environment [28].

The second alternative how a person can alter the channel is by affecting

existing multipath components as depicted in Fig. 2.1 on the right. In this

case, the existing multipath component is affected when its path traverses

near the person so that the components amplitude and/or phase change.

For example, the component can diffract around the person [29, 30], or

transmit through the person [10, 31]. It is important to note that multi-

ple propagation mechanisms can occur simultaneously since a multipath

component can, for example, be reflected from the chest of the person

while the fingers scatter part of the signal. Moreover, a person can si-

multaneously affect existing components for instance by diffraction while

creating new ones by reflection. Due to the above reasons, modeling the

changes in the propagation channel is extremely challenging.
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2.3 Inference using Channel Measurements

The excess path length Δ(t) traveled by a single bounce multipath com-

ponent can be measured directly from the CIR using Δ(t) = τi(t)c0, where

c0 is the free-space electromagnetic propagation speed. If the component

is created by a person, Δ(t) defines an ellipse with the TX and RX at the

foci so that the person is on the ellipse as illustrated in Fig. 2.1. The in-

tersection of multiple ellipses measured with different links can be used

as an estimate of the person’s location [32].

Narrowband devices are unable to measure τi(t) and inference must be

done using the phase and magnitude information of Vtot(t). The phase

measurements are related to the person’s location via θ(t) = 2πΔ(t)fc/c0,

where fc is the carrier frequency. Since θ(t) is a periodic function it can-

not be directly related to the range but its time derivative is related to the

change in Δ(t). Moreover, the phase difference between two carrier fre-

quencies is related to the range whereas the phase difference at other RX

locations provides information about the azimuth and elevation direction

of arrival (DOA) [33].

Another source of information in RdB(t) is its magnitude. When a link

with a strong line-of-sight (LOS) component is blocked as illustrated in

Fig. 2.1 on the right, RdB(t) tends to decrease. In the literature, this is

typically called shadowing and the decrease in RdB(t) can be used to infer

that a person is located along the LOS path [10, 31]. Multipath fading

is another source of information in RdB(t) and it can be quantified using

the variance of RdB(t) [34,35], by the absolute value of differences [36,37]

or as the kernel distance between short- and long-term histograms [38,

39]. Multipath fading originates from variation in the phases of Vi(t),

resulting in either the sum in (2.2) being destructive if the phases are

opposite and constructive if the phases are similar [13]. Typically, the

person is estimated to be located within a narrow ellipse with TX and RX

at the foci if fading is encountered [35,37].

2.4 Technologies and Applications

In the past decade, RF signals have been successfully used in a variety of

sensing purposes ranging from detecting the presence of a person [40,41]

to gesture recognition [42, 43], and used in a broad class of applications

from smart homes [44,45] to military [39,46]. Most of the developed sys-
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tems leverage commodity devices that provide low-granularity RSS mea-

surements [31, 34, 36], while others rely on more sophisticated systems

that leverage fine-grained channel state information (CSI) [41, 47], or on

technologies that are capable of measuring the time-delay of individual

multipath components including ultrawideband (UWB) radios [48,49] and

frequency modulated carrier wave (FMCW) radar [45,50]. In the research

area, device-free localization and vital sign monitoring have been popular

research topics possibly due to the vast application opportunities they pro-

vide especially in home healthcare and residential monitoring. These are

discussed in Sections 2.5 and 2.6 in corresponding order. In the following,

other relevant research directions are briefly discussed.

The very basic requirement of all RF inference systems is detecting the

presence of a person. Human induced temporal fading can be, for in-

stance, detected on a link level using a single measurement and compar-

ing the value to a threshold [36], using probabilistic classification [51,52]

or from a sequence of RSS [53–55]. Typically, the detection output of the

links is used for localization purposes [36, 51, 55, 56] or border crossings

detection [52]. An alternative is to use measurements of the entire RF

sensor network for detecting the presence of a person [57]. With the afore-

mentioned methods, detecting a stationary person either requires access

to measurements when the link is not affected by a person or otherwise to

adaptively learn to distinguish the statistics of RSS during crossing vs. no

crossing. State-of-the-art methods are capable of also detecting the pres-

ence of a stationary person using breathing induced fluctuations in the

measurements [41, 58]. The research described in this thesis contributes

to the detection problem by introducing a method for identifying when

a residential apartment is either occupied or vacant [II]. In addition, a

method for localizing a stationary but breathing person is presented [VI].

After the person’s presence is detected, the channel measurements can

be exploited to increase situational awareness by producing more descrip-

tive information from the underlying situation. For example, RF sensor

networks have been exploited for crowd counting [59–62]. Merely know-

ing the number of people is valuable information and could also be used

to assist systems that are capable of tracking more than one subject yet

require a priori knowledge of target number [63, 64]. Another important

topic is fall detection [11,50,65,66] since for elderly people, about 30 per-

cent of those 65 and older fall each year and it is the leading cause of

injury-related deaths among those people [67, 68]. Closely related to fall
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detection is activity recognition which seeks to identify events such as

crawling and walking [69], or in-place activities such as cooking, eating

and taking a bath [70]. Even more detailed events are of interest in ges-

ture recognition systems [43, 71–73] which aim to identify gestures such

as push and kick [43,71].

The aforementioned works demonstrate that RF signals can be applied

in a variety of applications ranging from occupancy assessment to vital

sign monitoring. The level of situational awareness the system is capa-

ble of resolving and the performance is mainly dictated by the designed

measurement acquisition system and the technology that is used. De-

tecting the presence of a person can be done using a single channel mea-

surement and the required amplitude granularity is low since a person

has a very large impact on the channel. At the other end of the scope

is vital sign monitoring which requires high amplitude resolution and/or

sampling rate. It is important to note that the systems utilizing RSS

measurements for gaining situational awareness exploit hardware that

was designed for low-power/low-rate communications. Luong et al. have

demonstrated in a recent work that higher RSS resolution could be very

beneficial for RF inference [43]. The research of this thesis leads to a simi-

lar conclusion and it is identified that high accuracy breathing monitoring

is possible when the RSS is oversampled and the amplitude resolution is

increased by filtering [V].

2.5 Device-free Localization

In order to locate a person using the RSS measurements of an RF sen-

sor network, there are several issues that must be resolved. First of all,

an RSS metric is needed to quantify changes in the propagation channel.

Second, model-based approaches require a spatial statistical model that

relates the RSS measurements of a TX-RX pair to the coordinates of the

target. Next, an inference method is needed to combine the available in-

formation and to localize the target. Finally, methods to train the system

parameters and algorithms for adapting to propagation channel changes

are needed in order to maximize the system performance and guarantee

functionality in the long-run. These design issues are explored in greater

detail below and related research is presented.

There are two widely used approaches to model the RSS and to per-

form localization: fingerprinting [34, 40, 60, 74, 75], and model-based ap-
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proaches [10,31,36,64,76,77]. Fingerprinting methods require a database

of training data labelled with a person’s location, as the person moves to

each possible location in the area. During runtime, the current set of RSS

measurements are compared to those in the database to estimate the cur-

rent location. Instead of location-labelled training data, model-based ap-

proaches use an a priori spatial statistical model for the changes in RSS

with respect to the locations of the sensors and person. Localization is

typically performed via imaging [10, 31], sequential Monte Carlo (SMC)

methods [64,76] or by using a geometric approach [36,78]. With sufficient

labelled training data, fingerprinting methods are able to achieve higher

accuracy with fewer nodes [60,74], although performance degrades expo-

nentially as the environment is altered [75]. Model-based approaches can

be deployed quickly [39], but the mismatch between the a priori model

and the actual RSS changes observed as a function of location results in

degraded performance. The research of the thesis concentrates on model-

based approaches [I − IV] and they are referred to as RF tomography

systems.

In the literature, various RSS metrics have been proposed to quantify

changes in the propagation channel. The initial research in RF tomogra-

phy used the decrease in RSS to model shadowing losses of a link when

a person obstructs the LOS [10, 31, 76, 79]. This metric is valid in LOS

scenarios and with short link distances, however, in environments where

multipath propagation is common the RSS can remain unchanged or even

have opposite behavior. To overcome this challenge, the absolute RSS

change [36, 37] and sample variance [35, 80] have been successfully used

to quantify the fading of a link. Wilson and Patwari have shown that the

variation of RSS variance is linear with the movements of a person [35],

however, variance drops to the noise floor when the person is stationary.

This issue was addressed in [38, 39] and the kernel distance metric be-

tween two RSS histograms was introduced to detect both stationary and

moving targets. Lastly, different types of detectors have been developed to

identify when a link is affected by a person and then the detector outputs

have been used for localization purposes [36, 51, 55, 56]. The research of

the thesis [I − IV] primarily uses the decrease/change in RSS for quanti-

fying changes in the propagation channel. In addition, frequency channel

diversity has been used throughout the research to cope with the undesir-

able effects of multipath propagation.

The used spatial statistical model relates RSS measurements to the per-
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son’s location, geometry and electrical properties and together with the

used RSSmetric, they dictate the performance of RF tomography systems.

The models that are widely used in imaging based solutions either map

the RSS changes to locate on the link line [79, 81] or within a narrow el-

lipse with TX and RX at the foci [10,31,82]. The aforementioned imaging

methods do not make a priori assumptions about the shape and size of the

target, whereas SMC methods typically assume that the person is repre-

sentable by a point [37,76,77] or cylinder [29,64]. Commonly used models

with SMC-based approaches include the exponential [76], magnitude [37],

exponential-Rayleigh [77] and diffraction based [29,30,64] models. If the

model parameters are properly tuned and in LOS conditions, it has been

shown that SMCmethods outperform imaging methods [76] and the more

detailed the model is, the higher the tracking accuracy is [64, 77]. How-

ever, many of the aforementioned models have been derived and validated

only in LOS conditions and exploiting them in challenging environments

is difficult. The reason being, as the person obstructs the link line, the

RSS can increase or remain unchanged rather than decrease [I]. In addi-

tion, the sensitivity region is unique for different links [III]. The research

of the thesis presents spatial models that relate the target location to the

RSS more accurately [III − IV].

In literature, there are two widely used approaches for localizing the

target: an imaging approach referred to as radio tomographic imaging

(RTI) [10,31] or an SMC method which is typically solved using a particle

filter [29,64,76,77,83]. The benefit of SMC is that the temporal evolution

of the measurements are directly related to the kinematic state of the per-

son. However, SMC is computationally more demanding, it only gives a

local solution that can converge to an incorrect trajectory and it requires

a more detailed spatial model to relate the RSS measurements to the per-

son’s kinematic state, geometry and electrical properties. The benefit of

RTI is that it is computationally efficient, it provides a global solution

and the spatial model that is used only requires information regarding

the size of the elliptic region where the person influences the RSS. As a

drawback, the temporal RSS changes are not accounted for in the tracking

algorithm and information can be lost in the two-step process to first esti-

mate the image and then the location. In addition, the imaging problem is

ill-posed and the value of each pixel is estimated from relatively few link

measurements. Thus, the solution either requires regularization [31, 84]

or a compressed sensing approach [79, 85–87]. In the thesis, RTI is used
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and novel methods are developed to improve the image estimates [I − IV].

In order to quantify changes in the propagation channel, most RF to-

mography methods require access to RSS measurements when the link

is not affected by a person. Typically, empty-room measurements are

gathered before a person enters the area, and during run-time the link

changes are defined with respect to the calibration value. This increases

the deployment time and empty-room calibration may not be possible in

many tactical operations [39]. To overcome this limitation, more sophisti-

cated methods have been proposed to adaptively learn to distinguish the

statistics of RSS during crossing vs. no crossing [51, 88] whereas other

systems train the calibration value during run-time [38,39,44]. Research

in publications [II,IV] contribute to this topic by presenting methods for

training the calibration value online. In the literature, it has also been

shown that better model parameter estimates lead to enhanced system

performance [76, 80, 85]. As an example, the noise statistics of the links

are independent and better estimators can be developed if the heterogene-

ity is accounted for [80, 85]. The thesis contributes to this research area

by presenting methods for estimating the parameters of the measurement

and spatial statistical models [IV].

2.6 Non-invasive Breathing Rate Monitoring

Traditional approaches for measuring the breathing rate require body

contact in which an instrument is attached to the subject’s body to mea-

sure, for example, respiratory airflow, chest/abdominal movement, CO2

concentration or blood oxygen saturation [89]. Such sensors are unsuit-

able in home healthcare applications since the person’s mobility is re-

stricted, an elderly person suffering from dementia may forget to wear

a sensor and infants may remove them. An alternative is to use non-

invasive methods that do not rely on body contact, and popular approaches

include vision-based techniques [90] or pressure sensors [91]. The draw-

back of vision-based systems is that they require the subject to face the

camera and have good lighting conditions whereas technologies utilizing

pressure sensors are limited to the bed where the sensors are installed.

RF-based technologies are advantageous because they do not require di-

rect body contact, they can work in the dark, and can function even in

non-LOS (NLOS) conditions.

When a breathing person is in the sensing region of a wireless link, a
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multipath component reflecting from the moving chest cavity causes that

path to have a propagation delay that is sinusoidal in time [92]. With

a system that can directly measure the propagation delays, it becomes

straightforward to estimate the respiratory rate and in the literature var-

ious technologies have been used including: UWB radios [48, 49], FMCW

technology [45] as well as continuous wave [93] and Doppler radar [94].

The aforementioned technologies are capable of measuring very subtle

changes in the propagation channel and, in fact, the systems can be si-

multaneously used for heart rate estimation [45,93–95].

The breathing induced changes in the propagation delay also cause vari-

ations in the narrowband signal [12] and several works have demonstrated

that the RSS can be utilized for breathing monitoring [12, 43, 96, 97].

The challenge in estimating the respiratory rate of a person using low-

granularity RSS measurements is the fact that quantization noise can

hide the low amplitude breathing signal [V]. To overcome this limita-

tion, the observability can be increased by using spatial diversity [12],

frequency channel diversity [V], both of the aforementioned [97] or using

a measurement system that provides greater resolution in RSS [43]. The

research of the thesis contributes to RSS-based respiratory rate monitor-

ing and provides solutions that increase the observability of the breathing

signal as well as DSP methods that enhance the SNR of low-granularity

RSS [V].

A popular approach for non-invasive breathing monitoring nowadays is

utilizing the CSI of commodity WLAN devices [41, 47, 98–100]. With re-

spect to the RSS, the aforementioned systems have sub-dB amplitude res-

olution [47, 100] and 30 − 52 subcarriers [98, 99], providing clear benefits

for estimating the low-amplitude breathing signal. If the breathing sig-

nal is observable in the RSS and CSI, it is expected that the two channel

measurements yield comparable accuracy. However, if the position or ori-

entation of the person does not favor breathing monitoring [99, 100], it is

more likely that the subtle chest movements are visible in the CSI result-

ing in superior performance.

Another application of breathing monitoring is detecting the presence of

a stationary but breathing person [41] or using the breathing signal for

localization purposes [58]. The research of the thesis uses RTI and the

estimated breathing signal to locate where the person is without the need

to collect empty-room calibration measurements [VI].
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This chapter covers research of the thesis related to RF tomography which

is an emerging DFL technology enabling the localization of people and

other objects within the environment. Most notably, the technology is

device-free as it does not require people to carry any electronic device.

Instead, changes in the propagation field are estimated using the RSS

measured on links of the RF sensor network. People can then be located

from the estimated propagation field images. The chapter begins by in-

troducing RTI and thereafter, channel diversity is presented to enhance

the system performance. Then, time variations of the propagation chan-

nel are included in the problem formulation, and methods to adapt to the

varying wireless channel are presented. Finally, an adaptive RTI (ARTI)

system is presented. The chapter collects the essential information from

publications [I - IV], while the papers themselves provide further details.

The author’s original contributions in this chapter include: i) channel di-

versity to enhance the performance of RF tomography systems; ii) recur-

sive algorithms to estimate model parameters online; iii) identifying that

the observed RSS changes vary considerably for different links and envi-

ronments; iv) a Kalman filter-based image filter; v) smoothing filters to

improve the state estimates; and vi) a method to train the model parame-

ters using the RSS and estimated trajectory of the person.

3.1 Radio Tomographic Imaging

In Radio Tomographic Imaging (RTI), S wireless sensors are deployed in

the monitored area. These sensors broadcast and receive packets from

other nodes of the network forming L unique links. The objective of RTI

is to estimate changes in the propagation field of the monitored area and

to locate the person causing the change. This objective is fulfilled by mon-
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Wireless Node

Attenuating Object

Wireless Link

(a) Network setup (b) Reconstructed image

Figure 3.1. A typical RTI setup is illustrated in (a). Each sensor broadcasts to the others,
creating many wireless links that can be used to reconstruct a discretized
image description of objects inside the monitored area as illustrated in (b).

itoring the changes in RSS across the L wireless links and by forming a

discretized propagation field image using a projection matrix. This ma-

trix relates the RSS measurements to spatial changes within the moni-

tored area. A typical RTI setup is illustrated in Fig. 3.1a and an example

image of the monitored area that is estimated using RTI is presented in

Fig. 3.1b.

3.1.1 RTI Models

In RTI, the changes in the propagation field are defined with respect to

a time instant when the monitored area was vacant [31]. Typically, mea-

surements are gathered before the area is occupied and the mean of the

measurements is used as the calibration value. Thus, the mean removed

RSS measurements for link l at time instant k can be expressed as

rl(k) = r̃l(k)− μl(k), (3.1)

where r̃l(k) is the measured RSS and μl(k) is the calibration mean. In

RTI, the change in RSS is assumed to be a spatial integral of the RF prop-

agation field of the monitored area. The area is discretized using a grid

of N voxels and some voxels of the area will affect the RSS of a particular

link, and some will not. In the discretized model, this corresponds to the

fact that rl(k) is assumed to be a linear combination of the voxel changes

plus noise [31]

rl(k) =
N∑

n=1

[wl,n · bn(k)] + el(k), (3.2)

where bn(k) is the RSS change in voxel n, wl,n the weight of voxel n for

link l and el(k) the measurement noise. The weighting captures how each
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voxel n impacts the RSS change of each link l and is described by a geo-

metrical ellipse model [IV]

wl,n =
1√
dl

exp (−Δl,n/λ) , (3.3a)

dl = ‖ptx
l − prx

l ‖, (3.3b)

Δl,n = ‖ptx
l − pn‖+ ‖prx

l − pn‖ − dl, (3.3c)

where dl is the distance between the transceivers, Δl,n denotes the excess

path length of pixel n with respect to link l and λ is the decay rate of the

model defining the sensing region of the link. The coordinates of TX, RX

and voxel n are denoted as ptx
l , p

rx
l and pn in corresponding order. The

coordinates are defined as p = [x y]T and ‖·‖ is the Euclidean norm. The

elliptical weighting model can be justified by: first, Fresnel zone geometry

[101, Ch. 4.7.1] and minimum distance a radio signal of link l travels

that is altered by voxel n are both defined by Δl,n; and second, empirical

results have shown that the RSS changes increase as Δl,n decreases [56,

77,83,94]. Various weighting models have been proposed in the literature

and the reader is referred to [102] and [103] for details of other weighting

options.

In RF tomography, the RSS measurements are possibly transformed to

form a new measurement of the propagation channel using

yl(k) = G (rl) , (3.4)

where G(·) is a channel mapping operator and

rl =
[
rl(m) rl(m− 1) . . . rl(m−M + 1)

]T
(3.5)

is a sequence of M last measurements for link l. In the literature, com-

mon choices for the channel mapping include: i) the variance of rl [35,80];

ii) the absolute value of rl(m) [37]; and iii) kernel distance which is cal-

culated between short- and long-term RSS histograms of rl [38, 39]. This

thesis presents methods how to use the RSS on different frequency chan-

nels to enhance the performance of RTI. Choices for the frequency diver-

sity channel mappings are presented in Section 3.2.2 and in the methods,

G(·) weights and possibly combines rl to form yl(k).

3.1.2 Image Estimation

When all links of the RF sensor network are considered, the changes in

the propagation field can be modeled as

y(k) = Wb(k) + e(k), (3.6)
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where
y(k) =

[
y1(k) y2(k) . . . yL(k)

]T
e(k) =

[
e1(k) e2(k) . . . eL(k)

]T
b(k) =

[
b1(k) b2(k) . . . bN (k)

]T
{W}l,n = wl,n.

(3.7)

In summary, y ∈ R
L×1 and e ∈ R

L×1 are the measurements and noise of

the L links, b ∈ R
N×1 is the radio tomographic image to be estimated,

and W ∈ R
L×N is the weight matrix where each column represents a

single voxel of the image and each row the weight of each voxel for that

particular link. The presented model is based on the correlated shadowing

models introduced in [10,104] and on the work presented in [31].

Estimating the image vector b(k) given y(k) is an ill-posed inverse prob-

lem and a regularized least-squares estimator is given by [38]

zi(k) = Πy(k),

Π =
(
WTW + γC−1

)−1
WT ,

(3.8)

where zi(k) is the estimate of b(k) and γ is a regularization parameter

which can be tuned to emphasize either the prior on the image covariance

or the measurement. The elements of covariance matrix C are calculated

using an exponential spatial decay [104]

{C}m,n = exp (−‖pm − pn‖/δd) , (3.9)

where δd is the correlation distance between the voxels, and m and n

denote the voxel indexes. Alternative regularization methods are possi-

ble [84] and improved linear estimators can be developed when better

noise models are available [80].

3.1.3 Localization

From the estimated image zi(k) ∈ R
N×1, a person can be localized by

finding voxel n with the highest intensity

zt(k) = [xn yn]
T , where n = argmax zi(k). (3.10)

Note that the localization proposed in Eq. (3.10) is only capable of locating

one person. Multi-target localization and tracking is a challenging task in

RF tomography, and lies outside the scope of this thesis. Thus, coordinate

estimators for the multi-target case are not proposed. The readers are

referred to: [105,106] for RTI methods that are capable of localizing more
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Figure 3.2. In (a), the measured RSS as a function of time for frequency channels f12 =

2410 MHz (black) and f22 = 2460 MHz (red). In (b), the mean-removed RSS
as a function of excess path length. As illustrated, the RSS changes are
considerably different on the two channels.

than one target or [37, 63, 107, 108] for multi-target tracking using SMC

methods.

3.2 Frequency Channel Diversity

The considered narrowband transceivers are equipped with 802.15.4 -

compliant radios. The IEEE 802.15.4 standard [109] specifies 16 channels

within the 2.4 GHz ISM band. They are numbered 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), where c ∈ [11, 26]. (3.11)

From now on, a link is represented with the ordered pair (l, c) where l is

the link identifier and c the channel identifier.

In Fig. 3.2, the RSS measurements of the same link on two different

frequency channels are shown. The RSS measured on channel f12 =

2410 MHz attenuates as the person obstructs the LOS and it does not

vary much when the person is far away from the LOS. Thus, this channel

behaves in accordance with the model. On the other hand, the RSS mea-

sured on channel f22 = 2460 MHz does not behave as modeled since the

RSS increases as the person obstructs the LOS and it also varies signif-

icantly when the person is far away from the LOS. Since it is not known

precisely how the RSS of a link varies, the research of the thesis has ex-

plored how frequency channel diversity can be exploited to enhance the

performance of RTI. Using channel diversity, the aim is to maximize the
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available information about changes in monitored area while increasing

the probability that at least one of the channels behaves according to the

model. The initial research on frequency channel diversity attempted to

predict how the RSS behaves based on the fade level of the link and to

weight more the channels that are predicted to be more informative for

localization purposes.

3.2.1 Fade Level

Many of the channel mappings presented in the following section are

based on the concept of fade level [107], a measure of whether a link is

experiencing destructive or constructive multipath interference. When

the phasor sum of waves impinging on the RX antenna is destructive, a

link is in deep-fade, and when the phasor sum is constructive, the link is

in anti-fade. The fade level of a link cannot be directly measured and it is

quantified indirectly from the measurements, as the difference between

the calibration mean μl,c and reference power P

Fl,c = μl,c − P, where P =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

0 [II]

Ptx(c) [I]

Prx(dl, c) [III]

(3.12)

In the literature, Fl,c is quantified either directly from the calibration

mean (P = 0) [44][II], with respect to the transmit power Ptx(c) [I] or

with respect to the received power Prx(dl, c) [107][III]. A link is said to be

in a deeper fade on channel c1 than on c2, if Fl,c1 < Fl,c2 . In Fig. 3.2a,

channel f22 = 2460 MHz is said to be in a deeper fade than on channel

f12 = 2410 MHz.

If P = 0, Fl,c can be used to quantify the channel fade levels for a spe-

cific link. However, these estimates can be biased and normalization is

required. For the wireless sensors used in the experiments [110], the

lower frequency channels measure higher RSS values than the higher

frequency channels, because of differences in antenna impedance match-

ing across a wide frequency band [111]. The normalized transmit power

in dB on channel c is defined as [III]

Ptx(c) = 0.156 · (c− 11)− 1.316. (3.13)

If it is necessary to compare the fade levels of different links with re-

spect to each other, it is beneficial that Fl,c is quantified with respect to
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Prx(dl, c). In a wireless network, the RSS can be modeled, for example,

using the log-distance path loss model [101]

Prx(dl, c) = Ptx(c)− P0 − 10η log10
dl
d0
, (3.14)

where P0 is the reference loss at a short distance d0 and η is the path loss

exponent.

3.2.2 Channel Mapping

The channel mapping transforms and possibly combines rl,c to obtain a

new measurement yl of the wireless channel. In the following, different

channel mappings are presented.

The initial research on channel diversity studied methods to reduce the

multi-channel RSS measurements of a link to a scalar value using

yl(k) = − 1

C

C∑
c=1

ωl,c (r̃l,c(k)− μl,c(k)) , (3.15)

where ωl,c is the channel weight and C is the number of used channels.

In general, the deep-fade channels are not as informative for localization

purposes and the channel functions weight the anti-fade channels more

so that they have a larger impact on the localization outcome.

Channel Selection RTI (CSRTI) [I]

The research identified that anti-fade channels are considerably more in-

formative for localization purposes than deep-fade channels. Based on

this knowledge, the channel function selects a subset of m most anti-fade

channels from the set of used channels and averages the measurements

over the selected channels. The channels are ranked based on Fl,c defined

in Eq. (3.12) and Fl,c is quantified with respect to Ptx(c). The weight used

in Eq. (3.15) is set to ωl,c = 1 for the m channels with the highest fade

level, otherwise ωl,c = 0.

Channel Averaging RTI (CARTI) [I]

A special case of CSRTI is when m = C and all channels are used. In

this case, ωl,c = 1 for all links and channels, and the measurements are

averaged across the entire set of channels used.

Channel Weighting RTI (CWRTI) [44]

A drawback of CSRTI is that it is not known how m should be selected

and the optimal value for m varies between different environments and
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experiments [I]. This issue was addressed in [44] by developing a weight-

ing function that assigns a weight for each of the channels. In CWRTI,

Fl,c is quantified with respect to P = 0. Thereafter, the minimum fade

level is subtracted out and the weight is defined as

ωl,c =
F̃l,c∑C
c=1 F̃l,c

, where F̃l,c = Fl,c − argmin
c

Fl,c. (3.16)

The weighting above gives a higher weight to the anti-fade channels and

zero weight to the channel in deepest fade.

Fade Level RTI (FLRTI) [III]

The work identified that the size of the sensing region varies considerably

for each link and channel, and that increases and decreases in rl,c(k) are

observed over different spatial regions. These findings were related to Fl,c

and empirical models were derived. Since the models are different than

those presented in Section 3.1, details of them are not given here and only

a short description is given.

The empirical models derived in [III] are based on Fl,c that is quantified

with respect to Prx(dl, c). The sensing region for each link and channel

was modeled as a function of Fl,c and sign of RSS change, denoted as δ

in [III]. The sensing region is defined as λc,l,δ = gs(Fl,c, δ), where gs(·) is
the non-linear function describing the empirical fade level-based spatial

model. Moreover, a measurement model was presented that calculates

the likelihood of a person being located inside the modeled sensing region

yc,l,δ(k) = gm(Fl,c, δ, rl,c(k)), where gm(·) is the non-linear empirical mea-

surement model. FLRTI defines the measurements individually for each

direction of RSS change, link and channel, yielding a measurement vector

y ∈ R
2LC×1 and weight matrix W ∈ R

2LC×N .

Adaptive RTI (ARTI) [IV]

ARTI adapts to the intrinsic characteristics of the environment by esti-

mating the system parameters online. The core component of ARTI is the

adaptive measurement equation

yl,c(k) = ω̂l,c(k) (r̃l,c(k)− μ̂l,c(k)) , (3.17)

where the channel weight ω̂l,c(k) and reference RSS μ̂l,c(k) are estimated

online using r̃l,c(k) and the estimated position of the target. Essentially,

ω̂l,c(k) aims to capture the expected direction of RSS change when the

person is on the link line and it has one of three possible values, i.e.,

ω̂l,c(k) = [−1, 0, 1].
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Figure 3.3. System overview of channel diversity RTI

It is to be noted that the other systems combine the measurements to

form a single image description of the propagation channel. This image

describes the average change in the propagation channel across all the

measured frequency channels. ARTI forms the images individually for

each channel and then the images are fused using a Kalman filter. ARTI

is presented in detail in Section 3.4.

3.2.3 Channel Diversity RTI

The components of channel diversity RTI are shown in Fig. 3.3. The sys-

tem acquires RSS measurements r̃(k) from L links of the wireless net-

work. In the channel mapping unit, the calibration mean is removed from

r̃(k), the channels are weighted using ω and combined to form a new mea-

surement y(k) of the propagation channel. Thereafter, the RTI unit is

used to form a discretized image of the changes in the monitored area.

From the estimated image zi(k), the person’s location zt(k) is estimated.

The initial training period is used to calculate calibration mean μ and

channel weight ω using r̃(k). The monitored area is vacant during the

initial training period k = [K0, . . . , 0] after which a person enters the area

at some arbitrary time instant k > 0. The system shown in Fig. 3.3 can be

implemented using lines 1− 9 of Algorithm 1 in Appendix A.1.

3.3 Time-variant Propagation Channel

Thus far, the propagation channel has been assumed to be time-invariant

which is an overly strict assumption. This presumption is relaxed in this

section and temporal changes of the propagation channel are included in

the problem formulation. The most obvious changes in the channel are

caused by movements of the person, and in the following, a Kalman fil-
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ter is presented to track the kinematic state of the person. In addition,

the propagation channel can vary because of temperature [112], humid-

ity [113] and other environmental changes such as relocating furniture

and other daily commodities [44]. As an outcome, the steady-state RSS

statistics change and therefore, research of the thesis has studied meth-

ods to update the calibration mean to guarantee system performance in

the long-run.

3.3.1 Kalman Filter

To define the problem of tracking, consider evolution of the state sequence

given by

xk = Fxk−1 + qk−1, (3.18)

where xk is state of the system at time step k, F the transition matrix de-

scribing dynamics of the system and qk−1 ∼ N (0,Qk−1) the process noise.

The objective of tracking it to recursively estimate xk from measurements

zk = Hxk + ek, (3.19)

where H is the measurement model matrix and ek ∼ N (0,Ek) the mea-

surement noise.

The dynamics of a person can be represented with a discrete white noise

acceleration (DWNA) model where velocity is perturbed with a zero-mean

white acceleration sequence. The transition matrix, process noise and

measurement model of a single dimension DWNA model are [114, Ch. 6]

F =

⎡
⎣1 Ts

0 1

⎤
⎦ Q =

⎡
⎣1

3T
3
s

1
2T

2
s

1
2T

2
s Ts

⎤
⎦ H =

⎡
⎣1
0

⎤
⎦
T

(3.20)

where Ts is the sampling interval. Research of the thesis has concentrated

on localizing and tracking a person along a plane so that the kinematic

state of the person can be expressed as

xt = [xt ẋt yt ẏt]
T , (3.21)

where xt and yt denote position and ẋt and ẏt velocity of the target in

the two dimensional Cartesian coordinate system. The transition matrix,

measurement model, and noise processes of the target tracking system
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are

Ft =

⎡
⎣ F 02×2

02×2 F

⎤
⎦ Qt = qt

⎡
⎣ Q 02×2

02×2 Q

⎤
⎦

Ht =

⎡
⎣ H 01×2

01×2 H

⎤
⎦ Et =

⎡
⎣et 0

0 et

⎤
⎦ ,

(3.22)

where qt is the power spectral density of the target process noise [114, Ch.

6].

The Kalman filter (KF) [115] is the closed form solution to the Bayesian

filtering equations which calculate the marginal posterior distribution of

the state xk given the history of measurements up to time step k. In case

F and H are linear, time-invariant and the noise sequences qk−1 and ek

Gaussian, the KF yields the optimal solution to the tracking problem in

the least squares sense. The recursion of the filter can be divided into the

prediction stage [116, Ch. 4.3]

x−
k = Fxk−1

P−
k = FPk−1F

T +Q.
(3.23)

Thereafter, the state and covariance are updated when measurement zk
becomes available using the following recursion [116, Ch. 4.3]

Sk = HP−
k H

T +E

Kk = P−
k H

TS−1
k

xk = x−
k +Kk(zk −Hx−

k )

Pk = P−
k −KkSkK

T
k .

(3.24)

The KF has been successfully used in imaging-based RF tomography sys-

tems to track the kinematic state of the person for example in [35,38,56,

117].

3.3.2 Estimating Reference RSS

It is well known in the RF tomography literature that the steady-state

channel characteristics change in time if the surrounding environment is

altered [44, 51, 75, 88]. In long-term deployments and in domestic envi-

ronments this is inevitable as doors and windows can be opened or closed,

daily commodities are consumed and moved, and furniture might be re-

located or replaced. If the reference RSS is not updated along with the

changes in the monitored area, the system performance will degrade sig-

nificantly over time [II]. To enable functionality in the long-run, research
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Figure 3.4. Attenuation images obtained when the reference RSS is calculated by apply-
ing EWMA (a)-(e) and when it is not updated after an initial training period
(f)-(j). Starting from the left, the images are plotted over one day in 6 hours
intervals: in (a) and (f), the person is located at the entrance, in (b) and (g)
on the sofa, in (c) and (h) in bed, in (d) and (i) in the bathroom and in (e)
and (j) by the table. When the reference RSS is not updated, the images be-
come noisy over time due to changes in the radio signal propagation patterns,
eventually providing wrong position estimates, as in (i) [II].

of the thesis has studied methods to recursively estimate the calibration

mean [II,IV].

In [II], an exponentially weighted moving average (EWMA) was pro-

posed for updating μ̂l,c1 and the results demonstrate that the system per-

formance can be maintained using such an estimator. As an example,

reconstructed RTI images obtained over a 24 hour period in a long-term

residential monitoring experiment [II] are illustrated in Fig. 3.4. On the

top row, μ̂l,c is estimated recursively whereas on the bottom row the cal-

ibration mean is kept constant. When the reference RSS is not updated,

the images become noisy over time due to changes in the radio signal

propagation patterns, eventually providing inaccurate position estimates

as shown, for example, in Fig. 3.4i.

The drawback of the EWMA estimator is that if the person remains sta-

tionary, μ̂l,c will eventually converge to r̃l,c and the person’s effect on the

link will be included in μ̂l,c. As an outcome, rl,c = 0 and the reconstructed

images will not reflect human-induced effects in the propagation channel

but only the noise of the RSS measurements. This issue was addressed

in [44] by only updating links that are far away from the estimated loca-

tion of the person. This idea was taken even further in [IV] by using the

1The hat accent is used from now on to emphasize an estimate of a parameter
that is obtained after the initial training period

44



RF Tomography

Estimate
position

Target
KF

,

RTIChannel
mapping

EWMA

INITIAL TRAINING PERIOD

RF sensor network

Figure 3.5. System overview of a Time Variant RTI system

innovation of the KF to make a decision as to whether μ̂l,c should be up-

dated or not. The logic to update is straightforward and it is implemented

using lines 12−16 of Algorithm 1 in Appendix A.1. First, the measurement

residual ‖ztk −HtFtxt
k−1‖ is computed and μ̂l,c is updated only if the cur-

rent position measurement is inline with the kinematic model estimate.

Second, μ̂l,c is not updated if the person is stationary because the current

position estimate can be biased. If the two conditions hold on line 13 of

Algorithm 1, μ̂l,c is updated when the person is not in the close vicinity

of the link line (Δl > 2λ). The EWMA estimator is implemented using

Algorithm 2 in Appendix A.2.

3.3.3 Time-variant RTI System

The Kalman filter and EWMA are included in the channel diversity RTI

system as illustrated in Fig. 3.5. The KF uses the RTI position estimates

to recursively estimate the state of the person which is then used by the

EWMA to update the reference RSS. The system shown in Fig. 3.5 can be

implemented using Algorithm 1 in Appendix A.1 and the EWMA can be

implemented with Algorithm 2 in Appendix A.2.

3.4 ARTI: an Adaptive Radio Tomographic Imaging System

In the context of RF tomography, the outcome of the thesis is an Adap-

tive Radio Tomographic Imaging (ARTI) system, a model-based approach

which bootstraps to improve its model over time. There is a chicken-

and-egg problem in adapting link RSS models: location estimates using

generic a priori models are variable and inaccurate, yet finding an accu-

rate model for any particular link requires accurate location estimates as
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Figure 3.6. System overview of ARTI

labels for RSS data. ARTI solves this problem by applying a combination

of 1) filtering for the RF tomographic imaging and tracking estimates,

2) RSS modeling, and 3) online and batch-processing algorithms to ad-

just model parameters. The result is that ARTI overcomes the need for

location-labeled training data and is capable of providing extremely accu-

rate localization.

ARTI operates as illustrated in Fig. 3.6. In short, the system acquires

RSS measurements r̃ from S sensors of the wireless network and weights

the measurements in the adaptive measurement unit. The weighted and

mean-removed RSS measurements y are inputted to the RTI unit to form

a discretized propagation field image zi of the monitored area. Thereafter,

zi are filtered and the person’s position zt is estimated from the filtered

images xi. A Kalman filter is used to track the evolution of the target’s

state xt which is used by the online estimator unit to recursively estimate

the reference RSS value μ̂ and expected direction of RSS change ω̂. The

smoothing/batch-training unit calculates smoothed estimates of xi and xt

which are then used by a batch-training algorithm to estimate the param-

eters of the system.

3.4.1 Image Kalman Filter

Changes in the propagation field can also be expressed in state-space form

by using the DWNA model so that the state of each voxel is composed of

voxel intensity and its derivative. Mathematically, the image state can be

expressed as

xi =

⎡
⎣xi1 xi2 . . . xiN

ẋi1 ẋi2 . . . ẋiN

⎤
⎦ , (3.25)

where xij denotes the intensity and ẋij intensity change rate of voxel j.

The transition matrix, measurement model, and noise processes of the
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imaging system are

Fi = F, Qi = qiQ, Hi = H, Ei = ei, (3.26)

where F, Q and H are given in Eq. (3.20), qi is the power spectral density

of the image process noise and ei is zero-mean Gaussian measurement

noise.

Since F, Q and H are time-invariant and the equations to compute co-

variance Pk and Kalman gain Kk in Eq. (3.24) are independent of the

measurements, this implies that the sequence could be calculated before-

hand and that they converge to a constant, i.e., Pk → P and Kk → K.

Thus, the N voxels can share the same covariance matrix while having

independent states. This allows computation of the prediction and up-

date stages using matrix multiplies and additions, and the inversion in

Eq. (3.24) is calculated only once per iteration. This reduces the compu-

tational overhead notably with respect to a solution with N independent

filters running in parallel, one for each voxel.

3.4.2 Online Channel Weight Estimator

In related literature, the mean-removed RSSmeasurements are commonly

modeled using an exponential model [76]

gl,c(k;Θl,c) = E[rl,c(k)]

gl,c(k;Θl,c) � ψl,c · exp (−Δl(k)/λl,c) ,
(3.27)

whereΘl,c =
[
ψl,c λl,c

]
are parameters of the model for which ψl,c defines

the magnitude and direction of RSS change when the person is on the

link line and λl,c is a parameter that controls the decay rate with respect

to excess path length Δl(k). As an example, rl,c and gl,c for two different

channels of the same link are illustrated as a function of time in Fig. 3.7a

and as a function of Δ in Fig. 3.7b. For channel 17, ψ = −4.106 and λ =

0.068 whereas for channel 22, ψ = 8.147 and λ = 0.035. Since the model

parameters differ between links and channels, using fixed values for them

limits the achievable accuracy of RF tomography systems.

The work in [IV] identified that if ψl,c used in Eq (3.27) is known for each

channel and link, it significantly improves the system performance. Since

the model defined in Eq. (3.3a) only requires knowledge of the size of the

sensing region, and the exact value of ψl,c does not need to be known, it is

sufficient to know the expected direction of RSS change when the person

obstructs the link line. Thus, ARTI estimates ψ̂l,c online using an EWMA
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Figure 3.7. rl,c(k) and gl,c(k;θl,c) as a function of time in (a) and as a function of Δ in (b)

estimator and the weight used in Eq. (3.17) is set as ω̂l,c � sgn{ψ̂l,c}, where
sgn{·} denotes the sign function. The pseudocode of ARTI is presented in

Appendix A.3 and the online estimator in Appendix A.4.

3.4.3 Smoothing Filters

Sometimes, it is of interest to estimate the states of the system for each

time instant k conditioned on all the measurements up to time step K,

where K > k. This problem can be solved with Bayesian smoothing,

which in general, improves the state estimates and decreases the covari-

ance. One Bayesian smoother is the discrete-time Kalman smoother, also

known as the Rauch-Tung-Striebel smoother (RTSS) [118] and it can be

used for computing smoothed estimates of the model given in Eq. (3.18).

The smoothed state estimate x̃k and covariance P̃k can be calculated with

the following recursion [116, Ch. 8]

P−
k+1 = FPkF

T +Q

Gk = PkF
T (P−

k+1)
−1

x̃k = xk +Gk(x̃k+1 − Fxk)

P̃k = Pk +Gk(P̃k+1 −P−
k+1)G

T
k ,

(3.28)

where xk and Pk are the Kalman filter estimates for the mean and co-

variance, and Gk is the smoother gain at time step k. The difference be-

tween the KF and RTSS is that the recursion in the filter moves forward

whereas in the smoother backwards. In the smoother, recursion starts

from the last time step K with initial estimates x̃K = xK and P̃K = PK .

Another possibility for smoothing is to use a two-filter smoother (TFS)

in which a KF is used in the forward recursion and an information filter
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(IF) is used in the backward recursion [119]. The prediction step of the IF

is given by

Kb
k = Mb

k+1

(
Mb

k+1 +Q−1
)−1

m−
k = FT

(
I−Kb

k

)
mb

k+1

M−
k = FT

(
I−Kb

k

)
Mb

k+1F,

(3.29)

where I is the identity matrix. The information vectormb
k and information

matrix Mb
k are updated using

mb
k = m−

k +HTE−1zk

Mb
k = M−

k +HTE−1H.
(3.30)

The smoothed state estimate x̃k and covariance P̃k is a combination of the

forward and backward filter outputs

Gk = PkM
−
k

(
I+PkM

−
k

)−1

P̃k =
(
(Pk)

−1 −M−
k

)−1

x̃k = (I−Gk)xk + P̃km
−
k ,

(3.31)

where xk and Pk are the KF estimates for the mean and covariance and

m−
k and M−

k are the predicted information vector and information matrix

of the IF. As in RTSS, recursion starts from the last time step K with

initial estimates x̃K = xK and P̃K = PK .

In [IV], three different algorithms for smoothing the state estimates

were considered and they are presented in the following. The algorithms

output smoothed estimates of the target state x̃t
k and covariance P̃t

k.

RTSS-target (RTSS-T)

The state estimates of the tracked target are smoothed using RTSS. The

state space models are given in Eqs. (3.21) and (3.22) and the state esti-

mate and covariance used in Eq. (3.28) are xk = xt
k and Pk = Pt

k.

RTSS-image and target (RTSS-IT)

The estimated images are smoothed using RTSS. The state space models

are given in Eqs. (3.25) and (3.26) and the state estimate and covariance

used in Eq. (3.28) are xk = xi
k and Pk = Pi

k. After smoothing the images,

new position estimates are calculated from the smoothed images and a

KF is used to track the target state xt
k and covariance Pt

k. Thereafter, the

target state and covariance are smoothed with RTSS as in the previous

algorithm to obtain x̃t
k and P̃t

k.
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TFS-image and target (TFS-IT)

The algorithm is the same as the one presented in Appendix A.3 with

three differences. First, the recursion runs backward in time starting

from time sample K. Second, the image KF is replaced by the IF given

in Eqs. (3.29) and (3.30) and by the TFS given in Eq. (3.31). The initial

estimates of the IF are mb
K = 02×N and Mb

K = 02×2 [119]. Third, the tar-

get KF uses the position estimates calculated from the smoothed images.

At the end of the recursion, the state estimates of the tracked target are

smoothed using RTSS to obtain x̃t
k and P̃t

k. This algorithm differs notably

from the other two since μ̂l,c and ψ̂l,c are re-estimated in the backward

recursion.

3.4.4 Training

Training parameters of the exponential model requires the mean-removed

RSS measurements rl,c(k) and excess path lengthΔl(k) of the person with

respect to link l. Using the smoothed target state estimates x̃t
k, Δl(k) with

respect to location of the person pk = Htx̃t
k is calculated as

Δl(k) = ‖ptx
l − pk‖+ ‖prx

l − pk‖ − ‖ptx
l − prx

l ‖.

Given rl,c(k) and Δl(k), the parameters Θl,c =
[
ψl,c λl,c

]
of the exponen-

tial model can be estimated by minimizing the cost function

J(Θl,c) =
K∑
k=1

[rl,c(k)− gl,c(k;Θl,c)]
2 , (3.32)

where gl,c(k;Θl,c) is the exponential model defined in Eq. (3.27) and the

Nelder-Mead simplex algorithm [120] is used to find the minimum of

J(Θl,c).

The trained parameters are used when re-initializing the system. In

other words, ψ̂l,c is used as the initial estimate in the online estimator,

i.e., ψ0 = ψ̂l,c and ωl,c(0) = sgn{ψ0}. On the other hand, λ is substituted

with λ̂l,c in Eq. (3.3a) to update the weighting for each link, channel and

voxel. Thereafter,Π is calculated using Eq. (3.8) and the projection matrix

becomes unique for each frequency channel. As an example, rl,c and gl,c
with the trained model parameters are illustrated in Fig. 3.7. For chan-

nel 17, ψ̂l,c = −4.106 and λ̂l,c = 0.068 and these values are used for this

channel and link when re-initializing the system.
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3.5 Discussion

Research of the thesis suggests that channel diversity should always be

used when system performance is evaluated in terms of localization ac-

curacy. If multi-channel communication is not possible for some reason,

using a different channel mapping such as variance [35, 117] or kernel

distance [38, 39] might be beneficial. On the other hand, SMC meth-

ods [64,76,77] can provide higher tracking accuracy if the statistical spa-

tial model and measurements correspond to one another.

In long-term DFL deployments, the system should always be designed

so that it is capable of adapting to changes in the environment [II]. Esti-

mating μ̂l,c is of particular importance, since the changes in the wireless

channel are defined with respect to it. Short-term experiments that last

several minutes can also benefit from estimating μ̂l,c. The reason being, it

is a difficult task to collect empty roommeasurements that are not altered

by anything else except the static environment. For example, the effect of

neighbors in apartment buildings is easily captured in the RSS [II].

If high localization accuracy is desired, the model parameters should

always be estimated on site since they vary significantly between differ-

ent links and environments [IV]. Online methods are preferable and an

EWMA estimator was designed to estimate ψ̂l,c. On the other hand, a

batch-training method was designed to fine-tune ψ̂l,c and to also estimate

λ̂l,c. The presented estimators rely on the location of the person and differ-

ent smoothing filters were presented to minimize the state errors. Using

Bayesian smoothing, the state estimates can be improved with given finite

latency [IV], leading to improved estimates of ψ̂l,c and λ̂l,c.

The computational requirements of the system is dictated by the num-

ber of pixels N and links L. Typically, N � L and the complexity of

calculating the projection matrix Π is roughly O
(
2N3 + LN2

)
. The terms

correspond to calculating the matrix inversion twice for an N ×N matrix

and calculating WTW. This can take several seconds even with modern

computers but the linear transformation Π must be computed only once

when the system is initialized. During run-time, the images can be re-

constructed in real-time and one image computation requires one matrix

multiply of O(LN) multiplies and adds. If necessary, the computational

complexity of RTI can be decreased by increasing the pixel size but this

has an impact on image resolution and accuracy. In the next chapter, the

pixel size is set to δp = 0.5 ft = 0.1524 m which provides a good tradeoff
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between complexity and resolution. Selecting δp smaller does not improve

the accuracy remarkably, whereas higher values increase the quantiza-

tion error of position estimates. Typical values used in RTI range between

δp = [0.1 0.5] m [31,35,38].
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4. Experimental Results of RF
Tomography

A unified evaluation of RTI methods developed for the thesis is presented

in this chapter. The results are presented in such a way that the reader

can easily see the impact of each design phase. In addition, the aim is to

give general guidelines on how to choose system parameters and demon-

strate their effect on the outcome. The chapter begins by introducing the

measurement setup that was used, the experiments that were conducted,

and the evaluation metrics. Thereafter, the research of the thesis is eval-

uated in chronological order starting from channel diversity. Then, the

time-evolution of the wireless channel is included in the system design.

Finally, smoothing and training possibilities are explored and their effect

on system performance is presented. The results are summarized at the

end of the chapter.

4.1 Experiment Description

The wireless sensors used during research are Texas Instruments CC2531

USB dongles, operating at the maximum transmit power (+4.5 dBm) [110].

The sensors communicate in time division multiple access (TDMA) fash-

ion onmultiple frequency channels and the transmission sequence is based

on built-in ID numbers of the sensors. One TDMA cycle consists of S

transmissions, one from each sensor. After the cycle, the sensors switch

synchronously to the next frequency channel found in a list predefined

by the user, and a new TDMA cycle is started. The TDMA cycles are se-

quential, and a transmission from each sensor on each channel forms a

communication round consisting of S ·C transmissions. After the commu-

nication round, the sensors switch to the first frequency channel on the

list and a new communication round is started. In each packet, the sen-

sors include their ID and the most recent RSS measurements of the pack-
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ets received from other sensors in the network. If a packet is dropped, the

next sensor in the schedule transmits after a backoff time, thus increas-

ing the network’s tolerance to packet drops. The communication protocol

is explained in further detail in [44].

In experiment 1, shown in Fig. 4.1a, 30 sensors are deployed on the

perimeter of an open 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 in order to cover the entire span of available

frequencies. During the test, a person walks at constant speed along a

rectangular path and the trajectory is covered twice. Markers are placed

inside the monitored area for the test person to follow, while a metronome

is used to set a predefined walking pace. In this way, each collected RSS

measurement can be associated to the true location of the person.

In experiments 2 and 3, shown in Fig. 4.1c, 33 sensors are deployed in

a single-floor, single-bedroom apartment (58 m2). Most of the sensors are

attached to the walls of the apartment, while a few of them are placed

elsewhere, for instance, 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

[II]. In experiment 2, 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 [121]. In experiment 3, the

sensors are programmed to communicate on all 16 frequency channels. In

both experiments, a person is either standing still at a predefined location

or walks from one location to another with constant speed. The trajectory

is covered once.

Experiment 4 differs from the other experiments since it is a through-

wall experiment as shown in Fig. 4.1e. In the experiment, 33 sensors are

deployed around a lounge room, outside the walls of the room, covering

an area of 86 m2. The sensors are set on podiums at a height of one meter

and they are programmed to communicate on all 16 frequency channels.

In the experiment, a person walks along a predefined path at constant

speed. The path is covered six times.

On average, the time interval between two consecutive transmissions is

T k
s = tk − tk−1 = 2.9 ms. If S = 30 and C = 4 as in Ex. 1, one TDMA cycle

lasts T c
s = S · T k

s = 87 ms and one communication round T r
s = C · T c

s =

348 ms. The image and target tracking Kalman filters use Ts = T c
s .
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0 2 4 6

X [m]

0

2

4

6

8

Y
[m

]

(b) Layout of (Ex. 1)

(c) Apartment (Ex. 2 and 3)

0 2 4 6

X [m]

0

2

4

6

8

Y
[m

]

(d) Layout of (Ex. 2 and 3)

(e) Through-wall (Ex. 4)

0 2 4 6 8 10

X [m]

0

2

4

6

8

Y
[m

]

(f) Layout of (Ex. 4)

Figure 4.1. The experiment environments and layouts. In the layout figures, the black
circles indicate the sensor positions, the solid red line depict trajectory of the
person, solid gray lines illustrate walls in (d) and (f), and dashed gray lines
represent furniture in (d).

4.2 Evaluation Metrics

The various RTI systems are evaluated using localization error and the

accuracy of the reconstructed images. If the true location of the person is

denoted as zt(k) and the estimated as ẑt(k), the localization error at time
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instant k can be calculated using

εt(k) = ‖zt(k)− ẑt(k)‖, (4.1)

where ‖·‖ is the Euclidean norm. In the following section, the mean, me-

dian and 95th percentile localization errors are used to evaluate the sys-

tem and they are denoted as ε̄t, ε50th and ε95th is respective order.

The second performance measure quantifies the noise of the estimated

images. For this, the true attenuation field must first be modeled. Some

simplifications are necessary because the exact attenuation field is not

known. The human body is modeled as a uniformly attenuating cylinder

with radius rH = 0.40 m, as assumed in [31]. When a human is at location

zt(k), the true attenuation image zi(k) can be expressed as

zij(k) =

⎧⎪⎨
⎪⎩
1 if ‖zj − zt(k)‖ ≤ rH

0 otherwise

zi(k) = [zi1(k), . . . , z
i
N (k)]T ,

(4.2)

where zj is the coordinate of the center of voxel j. By normalizing the

estimated image to one, denoted as ẑi(k), the mean-squared error for the

normalized image can be defined as

εi(k) =
‖zi(k)− ẑi(k)‖

N
, (4.3)

where N is the number of voxels in the image. In the following section,

the mean values of εi(k) are reported and they are calculated as

ε̄i =
1

K

K∑
k=1

εi(k), (4.4)

where K is the number of estimates.

4.3 Results

4.3.1 Enhancing Accuracy of RTI Using Channel Diversity

In this section, the benefits of channel diversity are presented. To make

the results as transparent as possible, the considered problem is simpli-

fied in two ways. First, online parameter estimation is disabled in the

algorithms and it is assumed that the person is the sole cause of RSS

changes in the monitored area. Second, the target tracking Kalman filter

is not used because the localization accuracy is of primary interest, not
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Table 4.1. Experimental Parameters

Parameter Value Description
δp 0.1524 Voxel width [m]
γ 500 Regularization parameter
δd 2.0 Correlation distance [m]
λ 0.05 Excess path length [m]
qi 1.0 Process noise of image filter [dB/s2]
ei 0.03 Meas. noise of image filter [dB]

Table 4.2. Median (and 95th percentile) localization errors in centimeters using different
RTI methods. As depicted in the table, channel diversity enhances the local-
ization accuracy.

Ex. 1 Ex. 2 Ex. 3 Ex. 4

RTI 57.3 (437.4) 41.4 (313.6) 36.3 (392.7) 201.4 (607.6)

CARTI 30.1 (178.3) 22.7 (153.5) 25.9 (556.1) 137.5 (437.5)

CSRTI 21.6 (43.8) 18.1 (117.8) 18.1 (81.3) 58.3 (219.3)

CWRTI 21.4 (46.7) 18.2 (120.9) 22.5 (144.8) 63.9 (259.5)

FLRTI 23.9 (43.8) 16.1 (127.0) 24.4 (596.6) 81.1 (377.2)

ARTI 32.2 (82.8) 24.9 (206.0) 22.6 (116.5) 128.8 (457.8)

the tracking accuracy of the filter. Thus, the various RTI methods can be

implemented using lines 1 − 9 of Algorithm 1 in Appendix A.1 and the

main difference between them is how the channels are weighted. On the

other hand, this form of ARTI can be implemented using lines 1− 7 of Al-

gorithm 3 in Appendix A.3. The parameters used in the experiments are

given in Table 4.1. To reduce the effect of correlated measurement noises

of adjacent channels in Ex. 3 and 4, qi = 0.1 when all 16 channels are

used. A better solution would be to maximize the frequency separation

between adjacent communication cycles but this is left for future work.

The experimental results are given in Table 4.2. It is evident, that

channel diversity can be used to enhance the performance of RTI. The

median localization accuracy improves up to two or three fold depend-

ing on the experiment and the 95th percentile localization error reduces

by an order of magnitude in the best case. The main reason why the

performance is improved by using channel diversity is that the probabil-

ity increases that, for each TX-RX pair, there is a frequency channel on

which the RSS measurements follow the model. As an example, the frac-

tion of links that are crossed in Ex. 1 and that measure attenuation are[
0.658 0.701 0.675 0.660

]
for the four frequency channels. Correspond-

ingly, the fraction of TX-RX pairs for which at least one of the frequency
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Figure 4.2. Correlation of the different frequency channels. In (a), average correlation
of the RSS measurements on different frequency channels. In (b), average
correlation as a function of channel separation in Ex. 3− 4.

channels measures attenuation is 0.976. The importance of channel di-

versity even increases in more challenging environments. On average,

the fraction of links measuring attenuation in the four experiments are[
0.674 0.656 0.663 0.545

]
if the frequency channels are taken into ac-

count individually. When the channels are considered together, the cor-

responding numbers are
[
0.976 0.940 0.998 1.000

]
for the four experi-

ments.

Averaging the channels (CARTI) and estimating the image state with

the Kalman filter (ARTI) yield comparative accuracy. This is understand-

able, since the Kalman filter essentially acts as a low-pass filter, i.e., aver-

aging the RSS measurements on the different channels (CARTI) is equiv-

alent to forming the images individually for each channel and then aver-

aging the images together. In this respect, the process noise value of the

image filter qi can be viewed as a smoothing parameter. Using a small

value corresponds to averaging a large number of successive images to-

gether whereas for large values, only the most recent images are taken

into account. Even though CARTI and ARTI enhance the accuracy, the

system performance can be further improved by giving different weights

to each channel. CSRTI, CWRTI and FLRTI use the fade level of the chan-

nels for calculating the weights. By doing so, the anti-fade channels are

given a higher weight and therefore, they contribute more to the localiza-

tion output. The results imply that weighting the channels in this way is

beneficial for localization purposes.

If one wants to maximize the localization accuracy of their RTI system,

how many channels should be used and which ones? Unfortunately, there
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Figure 4.3. The effect of regularization parameter γ to localization (a) and image recon-
struction accuracy (b) in Ex. 2. Similar trends are seen with the other meth-
ods and experiments even though they are not illustrated.

is no straightforward answer to this but some general guidelines exist. To

aid in the discussion, the average correlation of the RSSmeasurements on

different frequency channels is calculated and illustrated in Fig. 4.2. As

shown, the adjacent channels correlate among each other and the correla-

tion decreases as the channel separation increases. Moreover, the correla-

tion value depends heavily on the environment as illustrated in Fig. 4.2b.

In LOS environments and when the distance between the transceivers is

small, multipath propagation is scarce and the different channels corre-

late highly among each other. Since the various carrier frequencies con-

tain the same information, the benefits of multi-channel communication

diminish. This is why in the apartment experiments the system relying

on four channels achieves comparative accuracy as the system that uses

all 16 channels. On the other hand, in cluttered environments and when

multipath propagation is common, the various frequency channels cap-

ture different spatial aspects of the propagation channel and correlation

among the channels is low. In these cases, multi-channel communication

is advantageous and the more channels that are used the better. As a rule

of thumb, four frequency channels is typically a good number and they

should be selected equidistant on the frequency scale so as to cover the

entire span of available frequencies.

Of the imaging parameters, the regularization parameter γ has the

largest effect on system performance and it can be viewed as a tuning pa-

rameter. Small γ values put more weight on the measurement, whereas

large values emphasize the prior on the image covariance which smooths

the image more. The effect of γ on the system performance in Ex. 2 is
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Table 4.3. Filtering parameters

Parameter Value Description
β 0.90 Smoothing factor of EWMA
qt 2.0 Process noise of tracking filter [m/s2]
et 0.5 Meas. noise of tracking filter [m]

Table 4.4. ε50th and ε95th localization errors in centimeters when the online estimator
and Kalman filter are enabled

Ex. 1 Ex. 2 Ex. 3 Ex. 4

RTI 61.2 (146.6) 45.2 (154.2) 38.8 (141.7) 126.5 (304.5)

CARTI 26.2 (89.7) 24.1 (137.3) 25.5 (98.2) 121.7 (322.4)

CSRTI 21.1 (52.5) 17.3 (135.2) 18.1 (77.3) 59.5 (203.7)

CWRTI 22.8 (51.2) 18.6 (128.3) 22.5 (80.2) 66.5 (208.9)

FLRTI 24.9 (41.1) 19.1 (122.2) 20.6 (99.9) 74.2 (261.6)

ARTI 19.6 (48.4) 14.6 (57.3) 18.6 (61.9) 43.7 (236.9)

illustrated in Fig. 4.3. Small γ values result in images that have high

resolution but at the same time, if the parameter is set too low, noise may

corrupt the images making it difficult to localize the person. On the other

hand, if the problem is regularized too strongly, the resultant images may

be too smooth to provide a good indication of obstruction boundaries. In

the experiments, γ = 500 provides a good tradeoff between resolution and

localization accuracy for all RTI methods. In general, the more cluttered

the environment is, the more regularization is required. The effect of

other imaging parameters has been studied in a number of works, for

example, the effect of excess path length λ been studied in [31, 35], and

correlation distance δd in [38].

4.3.2 Time Evolution in RTI

In this section, time variations of the propagation channel are included to

the problem formulation. This is done by enabling the online estimator

and Kalman filter. Thus, ARTI can be implemented with Algorithms 3

and 4 and the other RTI methods can be implemented using Algorithms

1 and 2. The parameters of the online estimator and Kalman filter are

given in Table 4.3.

The experimental results are given in Table 4.4 and it can be concluded

that the localization accuracy in general improves when μ̂l,c is estimated

online and the target is tracked using the Kalman filter. Estimating μ̂l,c
online enables reconstruction of more accurate images which leads to im-
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Figure 4.4. In (a), the error of estimating the reference RSS value in Ex. 3. In (b), the
effect of smoothing factor β to tracking accuracy ε̄t in Ex. 3.

proved position estimates. On the other hand, the Kalman filter in gen-

eral enhances the state estimates and especially large errors are reduced

as indicated by the lower ε95th values. Moreover, ARTI shows a significant

improvement over the other RTI methods. This enhancement results from

estimating ω̂l,c used by the adaptive measurement model in Eq. (3.17).

Essentially, ω̂l,c captures the expected direction of RSS change when the

person obstructs the LOS.

The significance of estimating μ̂l,c online grows as time evolves as was

illustrated in Fig. 3.4. The duration of the conducted experiments in this

chapter are in the order of minutes and the importance of the online es-

timator is not clearly captured by the results since the improvement is in

the order of centimeters. In the considered experiments, the main benefit

of the online estimator is that μl,c(0) calculated during the initial training

period can be rather inaccurate. This is demonstrated in Fig. 4.4 where

the mean squared error (MSE) of μl,c is defined as

ε̄μ(k) =
1

LC

L∑
l=1

C∑
c=1

(μ̂l,c(k)− μl,c(k))
2 ,

in which μ̂l,c(k) depicts the estimate and μl,c(k) the true value. Since there

is no knowledge of what the true value of μl,c(k) is, it is estimated by

the online estimator and by using the true location of the person. As

illustrated in the figure, when μl,c is not estimated, ε̄μ(k) is significantly

higher than it is when μl,c is estimated online. The different RTI methods

yield similar results and the small differences are caused by the distinct

location estimates.

The smoothing factor β has a large effect on the system performance.

Values close to zero put more weight on the current RSS measurement,
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Figure 4.5. The advantage of filtering the images and estimating ω̂l,c online demon-
strated using Ex. 1. In (a), the true, measured and filtered voxel intensity
value without estimating ω̂l,c. In (b), the resulting coordinate estimates. In
(c), ω̂l,c is estimated recursively and in (d), the resulting coordinate estimates.

whereas values close to one emphasize the previous estimate. The effect

of β on the system performance in Ex. 3 is illustrated in Fig. 4.4b. If

β is set to one, the system relies on the initial estimates and will not

adapt to any changes. As β is decreased, the system becomes adaptive

increasing the system performance as indicated by the lower ε̄t values

in Fig. 4.4b. If β is selected too small, the performance degrades as the

system becomes too responsive to the most current measurements. ARTI

is more sensitive to this since it also estimates ω̂l,c online. Values between

β = [0.8 0.95] result in a good tradeoff between accuracy and adaptivity

in every experiment and with all methods. KRTI developed by Zhao et

al. [38] also utilizes an EWMA filter for updating the RSS histograms and

in the work, the best performance is achieved with β = 0.9.

One of the key contributions of ARTI is the recursive algorithm that

is used for estimating the expected direction of RSS change ω̂l,c which

enables the reconstruction of more accurate images with higher resolu-
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Figure 4.6. The effect of the Kalman filter’s process noise (a) and measurement noise (b)
to tracking accuracy ε̄t in Ex. 1.

tion. The advantage of filtering and estimating ω̂l,c online is illustrated in

Fig. 4.5. The normalized intensity of a single voxel is shown in Fig. 4.5a

without estimating ω̂l,c. As illustrated, the measurements are very noisy

resulting in extremely bad position estimates as shown in Fig. 4.5b. The

image filter improves estimates of the individual voxels, enhances the im-

age quality and reduces the positioning errors as depicted in the figures.

Estimating ω̂l,c recursively further improves the accuracy and resolution

of zik as illustrated in Fig. 4.5c. Together with the image filter, this leads

to a considerable improvement in tracking accuracy as shown in Fig. 4.5d.

It is to be noted that the measured voxel values are inaccurate in the be-

ginning of the experiment k < 50 but the recursive algorithm is quickly

capable of estimating ω̂l,c correctly. Correspondingly, the coordinate esti-

mates are inaccurate in the beginning of the experiment (approximately

the same as w/o online learning) but already during the second lap, the

estimated trajectory closely follows the true trajectory as illustrated in

Fig. 4.5d.

The effect of the Kalman filter’s process noise and measurement noise to

tracking accuracy are illustrated in Fig. 4.6. The process noise is related

to the dynamics of the tracked target. If the value is selected low, the

state of the system is said to change slowly. For the considered state space

model given in Eq. (3.20), this means that the acceleration of the person

is nearly zero prohibiting fast turns, accelerations and decelerations. As

illustrated in Fig. 4.6a, low qt values result in degraded performance be-

cause the filter adapts very slowly to maneuvers made by the person in

Ex. 1. In the experiments that were conducted, qt = 1 − 10 m/s2 yield

in good performance in the different experiments and methods. Similar
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Table 4.5. Median computation times in Ex. 1 using a standard laptop equipped with a
2.70 GHz Intel Core i7-M4800MQ processor and 16.0 GB of RAM memory

RTI CARTI CWRTI CSRTI ARTI FLRTI
Initialization [s] 1.7124 4.1299

Run time [ms] 1.5954 1.6843 1.7505 1.7172 2.0883 10.6452

values have been used in related works and for example, the work in [80]

used qt = 2. Measurement noise et is related to the output of the mea-

surement system, that is, the position estimates obtained from the recon-

structed images. As illustrated in Fig. 4.6b, the different methods are

not particularly sensitive to the changes in et as long as it is reasonably

selected and reflects the actual measurement errors.

The median computation times of the algorithms are given in Table

4.5. Initialization of the algorithms involve calculating the projection ma-

trix Π given in Eq. (3.8). The size of the weighting matrix for FLRTI is

2LC×N , whereas for the others it is L×N and therefore, initialization of

FLRTI takes longer. Once ARTI is trained, initialization demands more

time since it involves inverting an N ×N matrix for each frequency chan-

nel when Π is calculated. The run time operations are presented in Algo-

rithms 1 − 4 and the execution times in Table 4.5 are reported as the time

per communication cycle. Considering that the cycle lasts 87 ms in Ex.

1, online operation can be easily guaranteed with each algorithm since

one image computation only requires one matrix multiply of O(2LCN)

multiplies and adds with FLRTI and O(LN) with the other algorithms.

ARTI is slightly more demanding than for example RTI and CWRTI since

ARTI fuses the images using the Kalman filter and the parameters are

estimated online as given in Algorithm 4.

4.3.3 Enhanced State Estimates using Smoothing Filters

In this subsection, the state estimates obtained in the previous subsection

are smoothed using the different filters presented in Section 3.4.3. State

estimates obtained with ARTI are smoothed with the three different fil-

ters, whereas the state estimates of the other methods are solely filtered

using the RTSS smoother. These RTI systems do not recursively estimate

the image state, hence the filters designed for image smoothing cannot be

used.

The accuracy of the different RTI methods and smoothing filters are

given in Table 4.6. In general, smoothing increases the accuracy of the
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Table 4.6. ε50th and (ε95th) localization errors in centimeters when the state estimates are
smoothed using the filters presented in Section 3.4.3. In general, smoothing
reduces the localization errors.

Ex. 1 Ex. 2 Ex. 3 Ex. 4

RTI (RTSS-T) 42.5 (110.4) 36.3 (119.8) 25.6 (94.7) 105.6 (209.4)

CARTI (RTSS-T) 22.2 (65.4) 18.8 (122.2) 23.9 (90.0) 107.5 (239.1)

CSRTI (RTSS-T) 19.9 (38.7) 15.5 (128.4) 17.2 (67.8) 59.3 (166.1)

CWRTI (RTSS-T) 21.2 (38.5) 16.0 (128.2) 20.6 (68.8) 65.4 (164.2)

FLRTI (RTSS-T) 22.0 (41.6) 16.1 (118.4) 20.6 (81.8) 75.7 (221.3)

ARTI (RTSS-T) 15.2 (36.8) 13.2 (54.7) 15.1 (41.8) 33.0 (163.1)

ARTI (RTSS-IT) 9.7 (36.1) 12.9 (51.4) 14.0 (38.4) 26.3 (172.1)

ARTI (TFS-IT) 7.6 (29.0) 11.3 (44.9) 13.1 (30.7) 19.6 (71.8)

state estimates because the entire time horizon is taken into account.

RTSS-T improves the localization accuracy mainly because the effect of

outliers is reduced and lag induced by the target tracking KF is compen-

sated for. RTSS-IT decreases the error even more because the images,

from which the positions are estimated, are enhanced. In addition, RTSS-

IT removes the lag of the image filter which is significant if the person

is moving. Removing the delay of the image filter is clearly visible in the

open and through-wall experiments where the person is continuously in

motion. TFS-IT results in the best accuracy. The algorithm not only re-

moves the lag in image and position estimates, but it also improves the

estimates of ω̂l,c and μ̂l,c in the backward recursion yielding better mea-

surements yk from which the images are created. This is especially im-

portant in challenging environments and when the experiment duration

is relatively short as is the case in the through-wall experiment.

The benefit of using the KF to combine the different channel measure-

ments is obvious. The first advantage is that the filter enables taking

into account the previous state of the propagation field xi
k−1. The other

RTI methods do not onsider how the person altered the propagation field

at the previous time instant and valuable information is lost. The sec-

ond advantage is that the system can be designed so that the delay in

xi
k is significantly lower than in systems that combine the RSS measure-

ments on different channels by weighting and averaging. Averaging the

channel measurements over the set of channels that are used inevitably

introduces a delay in zik which also effects ztk. The length of this delay

is determined by the parameters of the system such as the transmission

interval of the sensors, number of sensors and channels used, and the
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Table 4.7. ε50th and (ε95th) localization errors in centimeters when the model parameters
are trained using the algorithm presented in Section 3.4.4. In general, training
improves the system performance.

Ex. 1 Ex. 2 Ex. 3 Ex. 4

ARTI (RTSS-T) 17.3 (34.5) 15.6 (50.4) 16.8 (37.8) 25.4 (125.3)

ARTI (RTSS-IT) 16.0 (32.6) 15.2 (49.1) 16.1 (37.5) 22.7 (72.8)

ARTI (TFS-IT) 13.7 (29.6) 14.7 (42.0) 15.7 (35.3) 19.0 (65.9)

ARTI-online 16.7 (38.5) 14.7 (52.9) 16.2 (43.8) 31.6 (144.1)

ARTI-true 13.4 (30.9) 12.4 (35.7) 10.9 (28.7) 20.6 (48.8)

velocity of the person. In Ex. 3 and 4, this delay is significant since 16

channels are used. The third benefit of the image filter is that the images

can be enhanced using well known smoothing filters with given finite la-

tency.

4.3.4 Training the Model Parameters

In this subsection, the smoothed state estimates obtained in the previous

subsection are used as input to the batch-training algorithm presented in

Section 3.4.4. In addition, a system that does not utilize batch-training

and that solely uses the recursive estimate of ψ̂l,c obtained in the previous

subsection is considered. This training scheme is denoted as ARTI-online

in Table 4.7. For comparison, ψ̂l,c and λ̂l,c are also estimated using the

person’s known locations in order to study achievable accuracy of the sys-

tem. This training scheme is denoted as ARTI-true in Table 4.7. To avoid

using the same data for training and validation, the experiments are re-

conducted.

The online localization accuracy with the trained model parameters are

given in Table 4.7 and as can be seen, the accuracy of ARTI improves

as a result of training. In general, the more accurate the position esti-

mates used for training are, the better the localization accuracy is during

online operation. Of the different training schemes, parameters trained

with TFS-IT result in the best accuracy and nearly achieve the same per-

formance as the system that is trained with the known trajectory of the

person. It can be concluded that ARTI achieves high accuracy in every

experiment and a significant improvement over the other methods. Ex-

ample trajectories of ARTI, TFS-IT in Ex. 3 and Ex. 4 are illustrated in

Fig. 4.7.

The training scheme that is used should be selected based on the re-
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Figure 4.7. Example trajectories of batch-trained ARTI system. In the figures, the true
trajectory is illustrated with the solid black line, the estimated with dashed
red line and black circles indicate the sensor locations.

quirements of the system. If it is necessary to achieve high localization

accuracy as quickly as possible, then batch-training should be used. In

this case, the results support using TFS-IT. On the other hand, if the de-

ployed system operates over an extended period of time, the benefit of

batch-training diminishes. As depicted in Table 4.7, ARTI-online already

achieves comparative performance with respect to the batch-training sys-

tems, despite the fact that the conducted experiments were relatively

short. Furthermore, this difference is expected to diminish even more

over long periods of time when a rich set of RSS measurements are ac-

quired.

4.4 Summary of Results

To get an understanding on the impact each development stage has, the

empirical cumulative distribution functions (CDFs) of εt in the different

experiments using ARTI are illustrated in Fig. 4.8. The red lines illustrate

when time-variations are not included in the problem formulation (Sec-

tion 4.3.1), the blue line depicts the ARTI system that uses the Kalman

filter and online estimator (Section 4.3.2), and the black line show the

accuracy when the system is trained using the smoothed state estimates

obtained with TFS-IT (Section 4.3.4). The CDFs demonstrate that the

system performance can be significantly improved using the methods pre-

sented in this thesis and ARTI should be used if high localization accuracy

is required. The CDFs of the other channel diversity systems are located

some where in between the red (ARTI w/o training) and blue line (ARTI
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Figure 4.8. Empirical CDFs of the experiments. Model parameters of batch-training are
obtained using x̃t

k estimated with TFS-IT smoothing.

w/ online training). The presented channel diversity methods always out-

perform single channel RTI, illustrated by a dashed gray line in Fig. 4.8.
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5. RSS-based Breathing Rate
Monitoring and Localization

This chapter presents how low granularity RSS measurements can be

used for respiration rate monitoring. Further, it is shown how the breath-

ing rate estimates can be used for localization purposes. Algorithms to

enable estimation, methods to enhance the accuracy, and design aspects

to improve the probability of successful system performance are intro-

duced. The chapter begins by introducing the measurement model and

estimators for RSS-based breathing monitoring after which the main dif-

ficulties of the problem are discussed. Then, the methods from publication

[V] are presented to enable respiration rate monitoring using a single TX-

RX pair. Next, is presented how breathing estimation together with RTI

can be used to monitor and locate breathing in a home [VI]. The chapter’s

main points of emphasis include the original contribution of the author for

identifying the basic requirements of accurate breathing monitoring and

developing methods that enable estimation using a single TX-RX pair.

5.1 Breathing Rate Monitoring

This section begins by introducing the measurement model for RSS-based

breathing monitoring after which a spectral estimation technique is pre-

sented to estimate the unknown parameters of the breathing signal [12].

Then, the basic requirements of breathing monitoring are discussed and

methods to improve the system performance are reviewed.

5.1.1 Measurement Model

The mean removed RSS measurement in dB at time sample k containing

an additional signal can be written as

y(k) = g(k) + e(k), (5.1)
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where g(k) is an unknown signal, and e(k) is the measurement noise.

When a breathing person is present, a multipath component reflecting

from the moving chest cavity causes that path to have a propagation de-

lay that is sinusoidal in time [92]. These variations in the propagation

delay also cause the RSS to vary periodically and g(k) can be assumed

sinusoidal [12]

g(k) = a · cos(2πfTsk + φ), (5.2)

where a, φ, and f are the amplitude, phase and frequency in respective

order and Ts is the sampling interval.

The considered transceivers enable communication on a number of dif-

ferent frequency channels and between multiple devices, and each trans-

mitter, receiver, and channel combination forms a unique logical link l.

Full connectivity is not necessary for breathing monitoring and the total

number of links is denoted as L. Thus, the RSS measurement in Eq. (5.1)

can be extended to a measurement vector

y(k) =
[
y1(k) y2(k) · · · yL(k)

]T
. (5.3)

Since the periodic component is generated by the breathing person, it is

assumed that the frequency of the breathing-induced signal is the same

for different links, whereas the amplitude and phase are expected to be

link dependent. Further, noise contaminating the measurements of each

link is assumed to be independent. Consequently, the measurement model

of the studied system is given by

y(k) = g(k) + e(k), (5.4)

where e(k) ∼ N (0,Σ) is assumed to be zero-mean multivariate Gaussian,

having independent components with equal variances, Σ = σ2I.

5.1.2 Breathing Estimator

Breathing monitoring aims to use y(k) to estimate g(k) for which the pa-

rameters are given as

Θ = [a,Φ, f ], (5.5)

where a = [a1, . . . , aL]
T andΦ = [φ1, . . . , φL]

T are the amplitude and phase

of the different links, and f is the common frequency. Given the parame-

ters of g(k), spectral estimation techniques can be utilized to estimate Θ

as proposed by Patwari et al. [12]
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A good estimate of f at time k is the frequency where the power spectral

density (PSD) has its maximum

f̂(k) = argmax
fmin≤f≤fmax

L∑
l=1

∣∣∣∣∣
k∑

i=k−N+1

yl(i)e
−j2πfTsi

∣∣∣∣∣
2

, (5.6)

where N is the number of samples (window length), j =
√
−1, and fmin to

fmax defines the frequency range that is characteristic for human breath-

ing (see Section 5.2.2). After f̂ is estimated, it can be used to estimate the

amplitudes and phases of the different links using

âl(k) =
2

N

∣∣∣∣∣
k∑

i=k−N+1

yl(i)e
−j2πf̂Tsi

∣∣∣∣∣ , (5.7)

φ̂l(k) = arctan
−
∑k

i=k−N+1 yl(i) sin(2πf̂Tsi)∑k
i=k−N+1 yl(i) cos(2πf̂Tsi)

. (5.8)

In the monitoring of breathing, the primary interest is in f̂ , however, also

âl and φ̂l contain valuable information about breathing. For example, âl
can be used to identify whether a breathing person is present or not [12].

On the other hand, the distribution of Φ̂ carries information about the

number of breathing people [12, 122]. It is to be noted that alternative

approaches are possible for estimating the breathing signal. For example,

in [123] a state-space formulation of periodic Gaussian processes has been

used to model the RSS and then a Rao-Blackwellized unscented Kalman

filter has been used for estimating f̂ .

5.1.3 Basic Requirements for Monitoring Breathing

There are three fundamental problems that are faced when using RSS

measurements of low-cost narrowband devices to monitor the breathing

of a person. First of all, the RSS contains a strong DC component that

overwhelms the presented spectral estimation technique. In fact, the DC

component carries no information about breathing and it must be esti-

mated and removed from the RSS before applying Eq. (5.6) − (5.8). The

second problem is that other movements of the person, which is referred

to as motion interference in the following, can hide the breathing signal.

Thus, to enable accurate breathing monitoring in the long-run, time in-

stances of motion interference must be identified. The third problem of

RSS-based breathing monitoring is that exhaling and inhaling cause very

small changes in the propagation channel and therefore, the dB change in

RSS is relatively small and it is possible that the breathing signal is not

observable in the RSS. This problem can be addressed by increasing the
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(a) RSS (b) w/o mean removal (c) w/ mean removal

Figure 5.1. Breathing-induced RSS changes on two different frequency channels illus-
trated in (a) and at t = 509 − 511 s, the person rolls over in bed. The PSD of
{r̃(t)}505t=475 illustrated w/o mean removal in (b) and w/ mean removal in (c).
The true breathing frequency of the person is f = 0.3167 Hz.

SNR of noisy measurements. The aforementioned problems are discussed

in further detail in the following.

A sequence of RSS measurements, denoted as {r̃(t)}545t=475, on two dif-

ferent frequency channels is illustrated in Fig. 5.1a. The sequence can be

divided into three partitions: i) the person is lying still (t = 475−509 s); ii)

the person rolls over (t = 509−511 s); and iii) the person is again lying still

(t = 511−545 s). Calculating the PSD of {r̃(t)}505t=475 without mean removal

is illustrated in Fig. 5.1b and with mean removal in Fig. 5.1c. Without

mean removal, the lower frequencies are dominant because of the strong

DC component and using Eq. (5.6) to estimate the breathing frequency

would yield f̂ = 0.1123 Hz when [fmin, fmax] = [0.1, 1.0] Hz. When the

mean is removed from the RSS, the breathing frequency becomes evident

and f̂ = 0.3169 Hz is very close to the true frequency f = 0.3167 Hz.

A typical motion interference instance is illustrated in Fig. 5.1a at t =

509−511 s when the person rolls over in bed. While breathing causes sub-

tle and periodic changes, motion interference typically causes large and

sudden changes as shown in the figure. Commonly, motion interference

also alters the average RSS value if the person stops in a different position

or posture than before the motion interference. The reason for this is that

the RSS is a very sensitive function of the position of objects in the envi-

ronment of the link, which Woyach et al. refer to as "spatial memory" [9].

Because of this, the time-varying DC component must be estimated on-

line and subtracted out. Also, motion interference is likely to dominate

the spectral content of the signal because the RSS variations are typically

much larger than the breathing-induced changes. Therefore, the time in-

stances of motion interference must be identified so that countermeasures

can be taken.
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If mean removal and motion interference detection are properly ad-

dressed, the SNR dictates if the breathing-induced signal is resolvable or

not. The observability of the system can be increased by using frequency

channel diversity or by adding more transceivers to exploit spatial diver-

sity [12]. For {r̃(t)}509t=475, the breathing-induced changes are observable at

2.42 GHz whereas at 2.45 GHz they are not. Quantization of the radio’s

RSS output also has a significant effect on system performance because

breathing-induced changes are typically much smaller than 1 dB. The

resolution can be increased by oversampling and filtering as in Fig. 5.1

or using customized hardware that provides sub-dB RSS resolution [43].

Other important design features that have an impact on the SNR include

communication schedule and antennas. The RSS should be sampled uni-

formly so that the SNR is not degraded by irregular sampling. Moreover,

directional antennas can be used to minimize the effect of multipath prop-

agation so that the receiver is only sensitive to changes in between the

TX-RX pair.

5.2 Respiration Rate Monitoring Using a Single TX-RX Pair

The main components of the breathing monitoring system presented in

publication [V] are summarized in the following. The system uses a single

TX-RX pair operating on C frequency channels so that the RSS at time n

can be expressed as

r̃(n) =
[
r̃1(n) r̃2(n) · · · r̃L(n)

]T
, (5.9)

where L = C is the number of frequency channels used.

5.2.1 System Overview

The breathing monitoring system is illustrated in Fig. 5.2. First, Pre-

filtering is applied to increase the SNR of noisy RSS measurements r̃(n)

and down-sampled by a decimation factor D to decrease the computa-

tional requirements of the system. Second, Mean Removal is applied

to the down-sampled signal r(k) because of the used spectral estimation

technique and to make the system environment independent so that train-

ing is not required. Third, a Motion Interference Detector monitors the

mean removed RSS measurements, denoted by y(k), and the state of the

system to enable breathing estimation only when the process is stationary.

The designed system assumes that a breathing person is always present
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Pre-filtering

RF sensor network

Mean
Removal

Motion
Interference

Detector

Breathing
Estimator

Figure 5.2. Overview and components of the breathing monitoring system presented in
publication [V]

so that it can be represented using two mutually exclusive states: no mo-

tion interference (s1) and motion interference (s2). Furthermore, the cur-

rent state of the system is presumed to depend only on the previous state

so that the system can be represented by a two-state Markov chain.

5.2.2 Pre-filtering

The amplitude of the breathing signal is low and therefore, the quanti-

zation error of low resolution radio peripherals can hide the breathing-

induced signal. One can increase the SNR of the RSS measurements r̃(n)

by using a higher resolution analog-to-digital (AD) converter [43] or by

over-sampling [124, pp. 182-183]. The latter option is used and r̃(n) is

pre-filtered to increase the SNR and decimated to decrease the computa-

tional requirements of breathing estimation. Consequently, the pre-filter

that is designed is a finite impulse response (FIR) decimator.

Considering that breathing frequency f is near 0.23 Hz for adults [125],

whereas for newborns f is near 0.62 Hz [126], the filter is designed to

have a passband frequency of fmin = 0.1 Hz and a stopband frequency of

fmax = 1 Hz. The passband ripple of the designed filter is 0.05 dB and the

filter has 40 dB attenuation at frequencies higher than 1 Hz. The filter

downsamples the measurements by a decimation factor D, thus the sam-

pling frequency at the output is fs/D, where fs is the original sampling

frequency. The filtered RSS measurements are denoted as r(k).

5.2.3 Mean Removal

The mean removal subsystem, which essentially is a high-pass filter, pro-

vides zero-mean measurements for the other components of the system.
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The mean is removed using the windowed average

μ(k) =
1

M

M−1∑
i=0

r(k − i), (5.10)

where M is the length of the window. Thus, the output of the mean re-

moval subsystem is y(k) = r(k)− μ(k).

The window length M must be determined according to the system re-

quirements. Small values of M can suppress the spectral components of

the breathing-induced signal. On the other hand, selecting M too large

can allow frequencies much lower than the minimum breathing rate to

remain in y(k). The window length is set to M = round{fs/D} so that

mean removal acts as a high pass FIR filter with a 3 dB cut-off frequency

at approximately 0.2 Hz for fs = 31.25 Hz and D = 10.

5.2.4 Motion Interference Detector

The RSS experiences time intervals of considerable fading caused by the

movements of people, whereas most of the time the RSS remains nearly

constant [8]. This fading / non-fading time varying process can be mod-

eled as a two-state Markov chain [21]. However, the states of the con-

sidered system are not directly observable and therefore, the system is

represented using a hidden Markov model (HMM). In order to make the

decision of enabling or disabling breathing estimation, the state of the

system is estimated through an observable measure, the RSS, which is a

probabilistic function of the unobservable state.

The HMM calculates the probability of being in link state si given ob-

servations ȳ(k), the state transition probabilities si|j , the conditional den-

sities of the observations pȳ|s and the initial state probability p0. Then,

the forward algorithm [127, pp. 109-114] can be used to determine the

probability pi(k) of being in state si at time k using

pi(k) =

⎡
⎣ 2∑
j=1

pj(k − 1) · si|j

⎤
⎦ pȳ|s(ȳ(k)|si), (5.11)

where pi(1) = p0 ·pȳ|s(ȳ(1)|si). The maximum a posteriori estimate defined

as

ŝ(k) = argmax
i

pi(k) (5.12)

is used to calculate the state that has the highest probability at time k

and it is used to enable/disable breathing estimation.
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Figure 5.3. The empirical and theoretical conditional densities of the observations

5.2.5 Conditional Observation Densities

In order to determine the probability of the observation at time instant k,

it is mandatory to consider the distribution of the observations given the

state of the system. In [V], the observations are defined as the average of

the pre-filtered and mean removed RSS measurements

ȳ(k) =
1

C

C∑
c=1

yc(k). (5.13)

In state s1, the RSS measurements are dominated by quantization er-

rors and electronic noise. Therefore, ȳ(k) is the sum of independent and

identically distributed random variables since the mean is removed and

the different frequency channels use the same receiver. Due to the cen-

tral limit theorem, the density of ȳ(k) is expected to be Gaussian with

zero-mean

pȳ|s (ȳ(k); 0, σ) =
1

σ
√
2π

exp

(
− ȳ(k)

2

2σ2

)
. (5.14)

Correspondingly, the RSSmeasurements during motion interference are

expected to follow the distribution describing multipath fading since it

dominates the other noise sources. Multipath fading is typically repre-

sented by the Rayleigh, Ricean or log-normal distribution, each having

their own theoretical justification [6]. The log-normal distribution is used

to characterize the observations also in state s2. Thus, in logarithmic

scale, ȳ(k) has the Gaussian density given in Eq. (5.14).

The empirical and theoretical densities of ȳ(k) in the two states are

shown in Fig. 5.3. The generated distributions are tested against the

theoretical ones using the Kolmogorov-Smirnov test [128] with a signif-
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icance level of 5%. For both tests, the null hypothesis that the samples

are drawn from the Gaussian distribution cannot be rejected at a sig-

nificance level of 5% [V]. It is important to note that σ1 is environment

independent and that it represents the RSS changes caused, for instance,

by the electronic noise of the receiver and breathing-induced variations.

On the other hand, σ2 is experiment dependent since, for example, people,

the surrounding environment and node distance − all contribute to the

temporal fading statistics at the RX. However, since the RSS variations

in state s2 are always much higher than in s1, it is not necessary to derive

exact conditional densities for state s2 as long as σ2 is set much larger

than σ1.

5.3 A Wireless Network that Monitors and Locates Breathing

The breathing monitoring system introduced in [VI] resembles the one

presented in the previous section since it also has a motion interference

detector, a mean-removal subsystem and the same breathing monitoring

unit. However, motion interference detection and mean removal are done

differently. In addition, the system has the following differences: i) the

system utilizes S wireless devices operating on C frequency channels that

form L = SC(S − 1) unique logical links; ii) pre-filtering is not used, be-

cause the sampling rate of each link is reduced as a result of having more

transceivers; and iii) the system is capable of locating the breathing per-

son. In the following, the breakpoint motion interference detector is sum-

marized after which breathing localization is presented.

5.3.1 Breathing Estimation with Breakpoint Method

To estimate the breathing frequency, the system uses Eq. (5.6) for which

the input signal is defined as

yl(k) = r̃l(k)− μl(k). (5.15)

Two different methods to calculate μl(k) are presented in [VI], the basic

method and the breakpoint method. The basic method defines μl(k) as the

window average, i.e., μl(k) = 1
N

∑k
i=k−N+1 r̃l(i). The breakpoint method

defines μl(k) as the average of r̃(m) for all m such that mp ≤ m < mf ,

where mp is the latest breakpoint before or at time index k, and mf is the

earliest breakpoint after time k. These breakpoints correspond to time

instances when a sudden RSS change occurs and is a result of possible
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motion interference. Two different change-point detection methods are

studied to define the breakpoint indices, the first is the Welch t-test [129]

and the other is the Wilcoxon rank-sum test [130]. The reader is referred

to [VI] for more details about change-point detection and the breakpoint

methods.

5.3.2 Breathing Localization

As was demonstrated in Sections 3 and 4, RTI is capable of localizing

a person inside an area where a wireless network is deployed. This re-

quires either measurements of the RSS when the area is not obstructed

by people or movement during the coarse of time in which the measure-

ments are gathered. Traditional RTI methods cannot localize a person

without any prior knowledge on RSS. On the other hand, variance-based

RTI methods are incapable of localizing a stationary person since the es-

timated images are more affected by the noise of the RSS than the small

breathing-induced changes. To overcome these difficulties, breathing lo-

calization utilizes RTI methods to compute an image description of where

the breathing is occurring at the estimated rate, and then to localize

breathing from the image.

Breathing localization uses the PSD at the estimated breathing rate f̂

for each link l as input to the imaging method

vl(k) =

∣∣∣∣∣
k∑

i=k−N+1

yl(i)e
−j2πf̂Tsi

∣∣∣∣∣
2

. (5.16)

Then, the breathing amplitude v(k) =
[
v1(k) v2(k) . . . vL(k)

]T
is as-

sumed to be a linear combination of changes in the propagation channel

multiplied by a weighting matrix plus noise

v(k) = Wb(k) + e(k). (5.17)

The weighting of W for link l and pixel n is defined as

wl,n =

⎧⎪⎨
⎪⎩

1
Ml

if ‖ptx
l − pn‖+ ‖prx

l − pn‖ − ‖ptx
l − prx

l ‖ ≤ λ

0 otherwise
, (5.18)

where λ defines the size of the weighting ellipse andMl normalizes wl,n so

that the total weight for each link is 1. The least-squares estimator given

in Eq. (3.8) can then be used to estimate the breathing image

zb(k) = Πv(k), (5.19)
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where projection matrix Π is calculated using W and Eq. (3.8). From

the estimated breathing map zb(k), the person can be localized by finding

voxel n with highest intensity using Eq. (3.10).

5.4 Discussion

Despite the similarities between the introduced breathing monitoring sys-

tems, the use case scenarios of them are very different. The system pre-

sented in publication [V] can be used for high accuracy breathing moni-

toring and potential applications include respiratory rate monitoring in a

hospital bed or in home healthcare applications to diagnose and monitor

obstructive sleep apnea and sudden infant death syndrome. However, use

of the system is limited to a confined region, such as a bed, that is in be-

tween the deployed TX-RX pair. The system can be easily augmented with

additional sensors to introduce spatial diversity in the measurements and

to increases the size of the monitored area. However, this decreases the

sampling rate of the system and as an outcome, the SNR of filtered RSS

signal degrades. As an example, the system presented in publication [VI]

uses so many sensors that the RSS cannot be enhanced with filtering since

the sampling rate is just twice the Nyquist rate. While the system in [VI]

is not as accurate as the one in [V], it can monitor a much larger area

and it also has localization capabilities. Possible use case scenarios of

the system include home healthcare applications to monitor a resident’s

progression of health and vitality, and in emergency response to locate

unconscious but breathing victims.
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6. Experimental Results of Breathing
Rate Monitoring and Localization

The capabilities and accuracy of the breathing monitoring systems are

demonstrated in the following and the results of publications [V] and [VI]

are highlighted. The chapter is organized as follows. The experimental

setups used for evaluating the systems are described in Sections 6.1 and

6.2. Thereafter, the validation metrics are presented. Finally, the exper-

imental results of publication [V] are summarized in Section 6.4 and the

results of publication [VI] are highlighted in Section 6.5. The experiments

of publications [V] and [VI] are referred to as bed experiments and apart-

ment experiments in respective order.

6.1 Bed Experiments

The experimental setup of the bed experiment is shown in Fig. 6.1a. In

the experiment, a single antenna pair is used and one of them is directly

connected to the TX node while the other antenna is connected to a di-

rectional coupler to enable simultaneous acquisition of the RSS using two

different measurement systems. The RX node is connected to one of the

outputs of the directional coupler whereas a real-time spectrum analyzer

(RSA) is connected to the other. Since the RSA acquires high resolution

RSS measurements, it is used as a reference system in experimental eval-

uation.

The transceivers are equipped with directional antennas, which provide

a 8 dBi gain and 75◦ horizontal beam width [131]. As a consequence, the

directional antennas increase the quality of the RSS measurements be-

cause they diminish the effects of multipath propagation which has se-

vere fading effects in measurement setups that use omni-directional an-

tennas. The nodes that are used [132] are equipped with Texas Instru-

ments CC2431 IEEE 802.15.4 PHY/MAC compliant transceivers. The mi-
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(a) Bed experiment (b) Apartment experiment

Figure 6.1. Experimental setups

crocontroller unit of the transceivers runs a communication software and

a modified version of the FreeRTOS micro-kernel operating system [133].

The transceivers make use of low-resolution AD converters, inevitably

affecting the granularity of the RSS measurements (±1 dB). To gain

deeper understanding of this limitation, the RF signals impinging on the

RX antenna are simultaneously measured using a Tektronix’s RSA6114A

real-time spectrum analyzer, which provides 0.1 dB resolution in ampli-

tude. In DPX mode, the RSA enables spectral representation of multiples

of narrowband pulsating signals with different center frequencies even

when the signals are sequential in time [134]. Therefore, the high resolu-

tion RSS information of individual narrow-band signals can be calculated

using the single amplitude trace data of the RSA.

In the experiments, the TX node is programmed to transmit packets

over each of the 16 frequency channels sequentially to cover the com-

plete spectrum. The transmission interval is aligned to 2 ms resulting

in fs = 31.25 Hz for each frequency channel. The RX node is programmed

to listen for ongoing transmissions and on average, the time interval be-

tween receptions is 2 ms with a standard deviation of 141 microseconds.

The proposed measurement setup provides uniformly sampled RSS mea-

surements, a strict requirement of the spectral estimation technique that

is used. In other words, the SNR is not degraded due to irregular sam-

pling.

The RSA is configured to cover the entire band between 2.4 GHz to

2.5 GHz with 500 kHz resolution and to acquire samples for a duration

of 128 microseconds in DPX mode of operation. The amplitude trace of the

100 MHz bandwidth is represented using 4001 points. The operation of the
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Table 6.1. Experimental parameters of bed experiment [V]

Parameter Description
C = 16 Number of channels
fs = 31.25 Sampling frequency [Hz]
fmin = 0.1 Minimum breathing frequency [Hz]
fmax = 1.0 Maximum breathing frequency [Hz]
M = 3 Window length of mean removal
D = 10 Decimation factor
N = 30 Estimation window length [s]
σ1 = 0.152 Standard deviation in state s1
σ2 = 1.18 Standard deviation in state s2
p0 = [1 0] Initial state probability
s1|2 = 0.10 Transition probability from s1 to s2
s2|1 = 0.93 Transition probability from s2 to s1

RSA is remotely controlled by a portable computer over a GPIB interface.

A query is sent to the RSA to measure and return the peak amplitude

trace data, on average, once every 337 ms with a standard deviation of

7.3 ms. The acquired trace values together with the time of request infor-

mation are stored for analysis.

6.1.1 Experiments

In order to quantitatively evaluate the performance of the system, the

TX and RX antennas are placed on opposite sides of a queen-size bed so

that the LOS component intersects the chest/abdominal region of the per-

son. This region has been identified as the most effective for successful

breathing estimation [12]. The bed is located in a typical bedroom which

includes a wardrobe, nightstands and other furniture and the antennas

are placed 0.20 m above chest height, 2.00 m apart from each other. In the

experiments, a person is lying on the bed and following a metronome to

set the pace for breathing. The same setup is used for conducting three

different experiments and the parameters used in them are given in Table

6.1. Parameters σ1 and σ2 are experimentally derived and the effect of fs,

N , s1|2 and s2|1 to system performance is analyzed in publication [V].

• Experiment 1 is designed for studying and validating the accuracy of the

system. In the tests, the person is lying still on their back and breathing

at a constant rate for two minutes. The experiment is repeated five
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times using different respiration rates: 12− 20 bpm.

• Experiment 2 is designed to evaluate the performance of the HMM. In

this experiment the person is asked to change their posture once every

minute while breathing at a constant rate of 16 bpm. The sequence of

postures is the following: lying on the back, side, stomach and other side.

In between the posture changes the person is breathing but otherwise

stationary.

• Experiment 3 is used for studying adaptivity of the system and it com-

bines different aspects of Experiments 1 and 2. In the experiment, the

person is asked to follow a sequence of breathing rates and to change

their posture when the breathing rate is changed. The person is initially

breathing at a rate of 12 bpm and every minute, the breathing rate is in-

creased by one bpm until the person is breathing at 19 bpm. After this,

breathing rate is decreased by one bpm every minute until the person

is breathing at 15 bpm. Every time the breathing rate is changed, the

person also changes their posture following the sequence described in

Experiment 2. The same sequence of postures is repeated throughout

the test.

6.2 Apartment Experiments

The experimental setting is the same as used in RF tomography Ex. 2

described in Section 4.1. In summary, the wireless network is deployed in

an apartment building, the network consists of 33 nodes communicating

on four frequency channels and the sampling frequency is fs = 2.34 Hz

for each logical link. The experimental setting is shown in Fig. 6.1b, the

experimental parameters are given in Table 6.2 and the ones not listed

are the same as reported in [VI].

In the apartment, five breathing monitoring and localization tests are

conducted. In each, the person stays in a single location for several min-

utes and breathes at a constant rate of 10 bpm using a metronome. The

person is instructed to remain stationary in each location, but to move

slightly as required to be comfortable. On average, the person moved

twice per minute. In the tests, the person is located: i) standing in the

kitchen; ii) sitting by the dining table; iii) sitting on the sofa; iv) lying in
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Table 6.2. Experimental parameters of apartment experiment [VI]

Parameter Description
C = 4 Number of channels
S = 33 Number of nodes
fs = 2.43 Sampling frequency [Hz]
fmin = 0.1 Minimum breathing frequency [Hz]
fmax = 0.4 Maximum breathing frequency [Hz]
δp = 0.2 Voxel width [m]
γ = 0.5 Regularization parameter
δd = 2.0 Correlation distance [m]
λ = 1.0 Excess path length [m]

bed; and v) sitting on the toilet.

The reader is referred to publications [V,VI] for more breathing mon-

itoring experiments including a more realistic nap experiment in which

the person cannot deliberately maintain a constant breathing rate while

sleeping in a bed [VI].

6.3 Validation Metrics

Accuracy of breathing rate estimation in breaths per minute (bpm) is eval-

uated with mean absolute error (MAE)

εbpm = 60 · 1

K

K∑
i=1

|f̂(i)− f(i)| (6.1)

where f(i) is the true breathing frequency of the person, f̂(i) is the es-

timate, and K is the total number of estimates in the experiment. The

breathing rate is evaluated once every second in the bed experiments and

once every five seconds in the apartment experiments. In both cases, N is

set to a 30 second time window if not otherwise stated.

The variation of the estimates from the true value is measured with the

ratio of estimates inside a specified confidence interval,

ε% = 100% · K −Ko

K
, (6.2)

where Ko is the number of estimates outside the confidence interval. Es-

timates within the confidence interval are referred to as valid, and cor-

respondingly, the ones outside of the confidence interval as invalid esti-

mates. The confidence interval is set to 1 bpm in the bed experiments and

to 3 bpm in the apartment experiments.
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(a) RSA (b) Node

Figure 6.2. Qualitative comparison of the measurements. Acquired measurements of the
different hardwares shown in (a) and (b). In (b), r̃(k) illustrated with gray
lines and r(k) with black lines.

6.4 Experimental Results of Bed Experiments

6.4.1 Qualitative Comparison

Inhaling and exhaling causes very small changes in the propagation chan-

nel and, therefore, the dB change in the RSS measurements is relatively

small. Thus, the dynamic range of the receiver and the SNR determine

whether the low amplitude breathing signal is observable in the RSSmea-

surements or not. Analysis of the RSS measurements gathered with the

RSA during the tests of Experiment 1 shows that the periodic breathing

signal is observable on all 16 frequency channels of every test. For these

data, the average root mean squared (RMS) amplitude of the breathing

signal is 0.155 dB with a standard deviation of 0.025 dB. Since the resolu-

tion of the node receiver’s AD converter is ±1 dB, the quantization error

and electronic noise are likely to dominate the breathing signal. Analyz-

ing the measurements acquired by the receiver node during Experiment

1 exposes that the breathing signal is not resolvable on all channels.

In Fig. 6.2a, the spectrogram of the RSA measurements in the band

containing the first three frequency channels (2.4025− 2.4175 GHz) while

a person is breathing at a constant rate of 16 bpm is shown. Correspond-

ingly, r̃(k) on the same frequency channels shown in Fig. 6.2b with gray

lines. For clarity, only the first three channels are illustrated in the fig-

ures. Also, the means are shifted in the measurements of Fig. 6.2b so that

data from the different channels do not overlap one another. The high

resolution measurements of the spectrum analyzer clearly bring forth the
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Figure 6.3. Example PSDs shown in (a) and polar plot of φc vs. ac in (b)

breathing-induced signal as shown in Fig. 6.2a. Respectively, the RSS

measurements of the node also contain a periodic signal but due to the

nodes lower quality electronics, the breathing induced signal is not as ev-

ident. Applying straightforward yet effective signal processing methods

as explained in Section 5.2.2 increase the SNR of the RSS measurements

considerably as illustrated in Fig. 6.2b. Thus, one can acquire high reso-

lution RSS measurements with low-cost hardware that are comparable to

the measurements of a high-end device for a fraction of the cost.

6.4.2 Bed Experiment: Ex. 1

The average PSD of
{
y(i)

}k

i=k−N+1
using the RSA and the node measure-

ments are shown in Fig. 6.3a. Clearly, the peak of both PSDs is very close

to the true respiration rate. More quantitatively, εbpm = 0.038 bpm us-

ing the RSA measurements whereas εbpm = 0.074 bpm with the node. An

important observation is that both PSDs show the second and third har-

monics of the breathing signal. Thus, breathing does not cause perfectly

sinusoidal variations in the RSS, but rather a periodic waveform which

has both odd and even harmonics.

The polar plots of phase and amplitude estimates using
{
yc(i)

}k

i=k−N+1

for each c = 1, · · · , 16 are shown in Fig. 6.3b. When using the RSA, the

estimates correlate highly among each other indicating that a breath-

ing person causes channel independent changes. Thus, the larger fre-

quency dependent amplitude variations of the node can only result from

the node’s low-quality electronic components since the measurements are

obtained using the same antenna. Because the amplitude estimates of the

node vary, it is possible that the quantization and electronic noise of the
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Figure 6.4. In (a), motion interference instances detected by the HMM in Ex. 2. In (b),
accuracy of estimating the breathing rate in Ex. 3.

node can hide the breathing-induced RSS changes. Consequently, channel

diversity should be used effectively to increase the SNR, to compensate

the limitations of the node and to increase the probability that at least

one channel captures the breathing-induced changes in the propagation

channel.

The estimation accuracy of the proposed system using measurements of

the RSA and node for tests of Experiment 1 reveal that the actual respi-

ration rate does not affect the accuracy of breathing estimation. Further,

the results of both measurement systems are very close to each other, i.e.,

ε̄bpm = 0.077 bpm with the RSA, ε̄bpm = 0.078 bpm with the node, and

ε% = 100% with both hardware. Therefore, the processed RSS measure-

ments have a high enough SNR to accurately estimate the breathing rate

of a person.

6.4.3 Bed Experiment: Ex. 2

In Fig. 6.4a, observations ȳ(k) and the motion interference instances trig-

gered by the HMM during Experiment 2 are shown. The HMM correctly

detects the posture changes and disables breathing monitoring during

these time intervals. The performance of the system in the experiment

is εbpm = 0.1113 bpm using the node, whereas εbpm = 0.0739 bpm with the

RSA. For both systems, ε% = 100.0%.

Detection of motion interference is an essential part of the breathing

monitoring system and it improves the estimation accuracy significantly.

If the detector is disabled, εbpm = 0.6970 bpm using the node, whereas

εbpm = 0.5889 bpm with the RSA measurements. These estimates are also

heavily skewed and the maximum errors are 5.5 bpm with the node and

88



Experimental Results of Breathing Rate Monitoring and Localization

Table 6.3. Results of Experiment 3

Node RSA
N [s] εbpm [bpm] ε% [%] εbpm [bpm] ε% [%]

15 0.2712 99.80 0.2790 98.65

30 0.1174 100.00 0.1595 100.00

45 0.0833 100.00 0.0998 100.00

60 0.0548 100.00 0.0750 100.00

10.0 bpm using the RSA measurements. In corresponding order, the per-

centage of valid estimates is ε% = 75.0% and ε% = 93.1%. Therefore, to

enable accurate breathing estimation in practical applications, identify-

ing motion interference is mandatory.

6.4.4 Bed Experiment: Ex. 3

Experiment 3 attempts to mimic real-world scenarios where the breathing

rate of the person varies over time in addition to possible posture changes.

The estimated breathing rate with respect to the true rate is shown in

Fig. 6.4b and the results are summarized in Table 6.3. The HMM is capa-

ble of identifying the motion interference instances correctly, enabling ac-

curate breathing estimation during the experiment. With measurements

of both systems, all estimates are valid when the window length is 30 s or

larger. Moreover, using 30 s of data or more, the breathing rate can be esti-

mated with an accuracy of εbpm = 0.1595 bpm or lower with both systems.

For comparison, an end-tidal CO2 meter, the gold standard breathing rate

monitor used in hospitals [135], is accurate to ±1 bpm.

6.4.5 Quantitative Comparison of Bed Experiment

In order to evaluate the performance of the system under generalized

conditions, the directional antennas are replaced with omni-directional

antennas and Experiment 3 is re-conducted. In Fig. 6.5a, the estimated

breathing rate with respect to the true rate is shown. On average, the

respiration rate can be estimated with an accuracy that is comparable to

the results obtained with the measurements of the RSA and node with

directional antennas, since εbpm = 0.1230 bpm and ε% = 95.27%. However,

omni-directional antennas are more sensitive to the experimental setup

since the sensitivity region of these antennas is not restricted to between

the TX-RX pair. Thus, it is possible that the amplitude of the breathing
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Figure 6.5. Performance of the system with different antennas (a) and frequency channel
number (b)

affected multipath components is not large enough compared to the other

multipath components impinging on the RX antenna to cause a measur-

able change in RSS. Due to this, breathing estimation fails in Fig. 6.5a at

time (≈ 480 s).

The effect of channel number on the accuracy of breathing estimation

with different hardware configurations is shown in Fig. 6.5b. As illus-

trated, the sensitivity order is: 1) node and omni-directional antenna;

2) node and directional antenna; 3) RSA and directional antenna. Us-

ing the measurements of a single channel and omni-directional antennas

with the nodes, only 69% of the estimates are within ±1 bpm of the true

breathing rate. Respectively, the measurements of directional antennas

and the node result to ε% = 80%, whereas the RSA measurements yield

ε% = 93%. Thus, channel diversity not only enhances the SNR of the

noisy RSS measurements but it also decreases the undesirable effects of

multipath propagation and interference. To conclude, it is possible to es-

timate the breathing rate using a single frequency channel, however, the

performance and applicability of the system can be drastically improved

by using more channels.

It is not always possible to probe the channel at fs = 31.25 Hz and there-

fore, the effect of sampling rate was studied in [V]. The conclusion is that

high accuracy of the system mainly results from oversampling and filter-

ing. Radios that output the RSS using 8-bit quantization and 1-dB resolu-

tion must rely on oversampling in order to be able to observe breathing-

induced changes that are typically well below 1 dB. With respect to the

system demonstrated above, the work in [43] demonstrates the benefit of
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higher RSS resolution and the system is capable of achieving comparative

accuracy but using a single frequency channel, sampling rate of 21.75 Hz

and twelve or more quantization bits. Thus, higher RSS resolution allows

the TX to transmit less often and use 6000 times less bandwidth without

sacrificing estimation performance.

6.5 Experimental Results of Apartment Experiment

6.5.1 Breathing Monitoring in Apartment Experiment

The example PSDs of the basic and breakpoint methods in the couch ex-

periment are illustrated in Fig. 6.6. The breakpoint method is capable of

correctly identifying the time instances of motion interference and, as a

result, the varying DC component is correctly estimated and its effect is

subtracted out. As illustrated in Fig. 6.6a, the peak of the PSD achieves

its maximum close to the true breathing rate. Also the basic method is

capable of estimating the breathing rate correctly at this particular time

window as shown in Fig. 6.6b. However, the peak of the PSD is not as

evident as with the breakpoint method because the basic method is not

capable of identifying the time instances of motion interference. The basic

method removes the DC component for each link by calculating the aver-

age RSS value over the estimation window and subtracting it out before

applying Eq. (5.6). As a result, other low frequency components can re-

main in the signal and overwhelm the spectral estimation technique used.

The basic method also depends more on the selected frequency range. If

the minimum frequency would be selected as fmin = 0.05 Hz in Eq. (5.6),

the basic method would result in an invalid estimate of f̂ = 0.066 Hz. Cor-

respondingly, the estimate of the breakpoint method would still be valid

since f̂ = 0.166 Hz, an error of 0.06 bpm.

The results for the basic and breakpoint methods are summarized in

Table 6.4 for the five different locations. Overall, 61% of the estimates are

valid and within the confidence interval of 3 bpm using the basic method,

whereas 81% are acceptable when the breakpoint method is used. More-

over, the method approximately cuts in half the number of invalid es-

timates and four of five tests have an acceptance rate of 89% or above,

while the basic method has none. The breakpoint method also improves

the accuracy of breathing monitoring reducing εbpm down to 1.00 bpm, a
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(a) Breakpoint method (b) Basic method

Figure 6.6. PSD of couch experiment using breakpoint (a) and basic (b) methods. In the
figures, the gray lines depict the PSDs of top 20 links by vl and the black line
is the average of these 20 PSDs. The solid red lines illustrate the frequency
range that is characteristic for human breathing and the dashed red line
shows the true breathing frequency. The red marker indicates f̂ obtained
using Eq. (5.6).

Table 6.4. Performance of breathing monitoring and localization with basic and break-
point methods

Basic method Breakpoint method
Location εbpm [bpm] ε% [%] ε̄z [m] εbpm [bpm] ε% [%] ε̄z [m]

Sofa 1.23 71 1.5 0.35 94 1.7

Table 1.14 81 2.1 0.83 89 2.1

Kitchen 1.81 58 2.9 0.86 91 3.6

Bath 1.29 71 1.5 0.34 97 1.9

Bed 2.95 25 2.6 2.63 33 2.7

Avg. 1.69 61 2.1 1.00 81 2.4

decrease of 41% compared to the basic method. This decrease in average

breathing rate error is primarily due to the reduction of large errors since

both methods typically measure breathing with an accuracy of 0.3 bpm or

less when the estimate is valid.

6.5.2 Breathing Localization in Apartment Experiment

Using the same time window as in Fig. 6.6, the link lines correspond-

ing to the top 20 links with highest vl are illustrated in Fig. 6.7a. For

the same data, the image estimate zb is illustrated in Fig. 6.7b for which

ε̄z = 0.63 m. The localization errors using the two methods are summa-

rized in columns four and seven of Table 6.4. On average, ε̄z = 2.1 m using

the basic method and ε̄z = 2.4 m with the breakpoint method. These esti-

mates are coarse compared to the ones given in Section 4 or with respect
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(a) (b)

Figure 6.7. Breathing localization in couch experiment. In (a), the top 20 link lines by vl.
The PSDs of these 20 links are illustrated in Fig. 6.6a. In (b), the estimated
breathing image zb (white = high), together with the true (x) and estimated
(+) locations.

to other RF tomography works [38,103]. However, the accuracy with both

methods is typically sufficient to tell which room the person is in. It is

to be noted that the localization accuracy degrades using the breakpoint

method. With the basic method, time windows that contain motion inter-

ference result in more accurate images than without motion interference.

The reason for this is that motion interference is caused by the person,

which then leaks into the RSS signals of links near the person and even-

tually helps in the localization effort. On the other hand, the breakpoint

method removes such RSS changes, which then decreases the image value

near the correct location.

The experimental results imply that links traversing near the person

are also the ones that most accurately capture breathing. This allows

localization of the person but also gives insight into how a breathing mon-

itoring system should be designed. To enable breathing monitoring in

a particular location, the wireless sensors need to be deployed so that

there exists links that traverse through that particular region. In the bed

experiment, this design criterion is not met and the breathing rate esti-

mates are significantly worse than in the other locations. In the apart-

ment, the sensors are deployed at a height of 0.9 m and none of the links

pass through the person when lying down. In such scenarios, having

transceivers deployed at different heights can be beneficial if the nodes

are placed so that some of the links pass through the person. This was

demonstrated in [VI], enabling more accurate breathing monitoring and

localization with respect to a deployment that had all sensors deployed at
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the same height.
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7. Conclusions

In this thesis the use of narrowband radio signals for gaining situational

awareness of the surrounding environment has been studied. The con-

sidered sensing modality uses the RSS measurements between links of

a wireless network for inference, and most notably, the person is not re-

quired to carry any electronic device, tag or sensor. The technology en-

ables new types of sensing possibilities and two distinct research prob-

lems have been considered in the thesis: i) device-free localization and

tracking; and ii) non-invasive breathing rate monitoring. The work con-

tributes to the aforementioned research fields by providing novel solutions

that enhance the system performance and that expand use-case scenarios

of the technology.

The complex nature of the indoor radio propagation channel is account-

able for multipath propagation, which in turn makes it a difficult task to

relate the changes in radio signals to the movements of the person. The

constraints of the measurement system further degrade system perfor-

mance and these limitations include: i) number of measurement points

(sensors); ii) sampling frequency; iii) bandwidth; iv) RSS quantization

error; and v) hardware imperfections such as irregular antenna gain pat-

terns. This thesis has concentrated on leveraging possibilities enabled by

the measurement system in order to develop methods that cope with the

undesirable effects of multipath propagation and limited RSS resolution.

The key contributions of the thesis are: i) the use of frequency channel di-

versity; ii) techniques to enable long-term deployments; iii) algorithms to

train the unknown model parameters; and iv) DSP methods for improving

the SNR of low-granularity RSS measurements.

The thesis research demonstrates that channel diversity is an effective

method to improve system performance and should be used whenever

a system is evaluated in terms of localization/breathing monitoring ac-
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curacy [I − VI]. Communication on multiples of frequency channels in-

creases the amount of available information from the propagation chan-

nel changes which in turn brings three clear benefits: i) the probability

of capturing the person’s effect is increased; ii) it is more likely that the

measurements behave as modeled; and iii) the undesirable effects of small

scale fading are reduced. The thesis has also presented a recursive esti-

mator for updating the reference RSS [II], and online and batch-training

algorithms for estimating the unknown RSS-model parameters [IV]. By

estimating the reference RSS online, the system can dynamically adapt to

the environmental changes so that the system performance can be main-

tained in the long-run. Respectively, estimating the RSS-model parame-

ters on site, enables the system to adapt to the intrinsic nature of the dif-

ferent links, channels and environment which improves the localization

accuracy. Lastly, the research of the thesis presents how oversampling

and filtering can be used to enhance the low amplitude breathing signal

[V].

The developed solutions have advanced prior art and made it possible to

apply the technology in environments and scenarios that were not pos-

sible in the past. Previous works relied on variance-based techniques

in challenging indoor environments. Channel diversity enabled to also

use shadowing-based RTI in such scenarios [I]. The benefit of RTI is that

it can also locate stationary targets, it is based on instantaneous RSS

change, and it is computationally more efficient. Another major advance-

ment made during the research is updating the reference RSS online, the

key enabler of the residential monitoring system that was developed [II].

In the past, the technology had not been demonstrated with any long-

term deployments since prior art required frequent empty-room calibra-

tions. Feasibility of the residential monitoring application [44],[II] was

demonstrated in EvAAL 2012, an international competition on indoor lo-

calization and AAL applications, where the system won the first prize in

localization accuracy and was second overall [136]. The developed solu-

tions have consistently reduced the localization errors of RF tomography

and nowadays, the accuracy is in the same order of magnitude as the per-

son’s geometry when the model parameters are estimated on site [IV].

Finally, the developed breathing monitoring system was realized using

a single COTS TX-RX pair whereas previous works had relied on tens

of sensors [V]. The simplicity of the presented measurement setup en-

ables new application opportunities and use-case scenarios in RSS-based
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breathing monitoring.

In RF inference, there are a number of open research questions and it

is the author’s opinion that the most important one is: what is the under-

lying propagation mechanism by which people alter radio signals and in

what circumstances does it dominate the RSS output of the receiver? In

the literature, there is no consensus on what the mechanism is and it has

been proposed that it is shadowing or diffraction and our recent works ar-

gue that it is reflection [137,138]. If the underlying mechanism is known,

better models for human-induced RSS changes can be derived. Another

important research topic of the future is online parameter estimation. It

is clear that the RSS is influenced so much by the surrounding environ-

ment and hardware variations that link wise differences are large and

therefore, parameters of the unique links must be adapted accordingly.

In the end, the theoretical model should have physically meaningful pa-

rameters and it should explain how people can alter the RSS and under

what circumstances. Then, the parameter estimation algorithm would be

used during run-time to fine tune the parameters of the model to ensure

very high tracking accuracy. The Finnish Academy has funded a project

of ours till the end of 2020 and our laboratory has a unique opportunity to

influence the research field in the years to come. Among other problems,

the aforementioned research topics will be explored during the project.
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A. Algorithms for RF Tomography

A.1 Algorithm 1: Channel Diversity RTI

1. for k = 1 : K % for each time instant k

2. for l = 1 : L % for each link l

3. % Form measurement using (3.15)

4. yl(k) = − 1
C

∑C
c=1 ωl,c (r̃l,c(k)− μl,c(k))

5. end

6. % Compute image using (3.8)

7. zi(k) = Πy(k)

8. % Estimate position from image using (3.10)

9. zt(k) = [xn yn]
T , where n = argmax zi(k)

10. % Estimate target state with (3.23) and (3.24)

11. [xt
k, P

t
k] = kalmanfilter(xt

k−1, P
t
k−1, z

t
k)

12. % Condition measurement residual and speed on thresholds

13. if ‖ztk −HtFtxt
k−1‖ < Tn and ‖[ẋtk ẏtk]‖ > Ts

14. % Update reference RSS used in (3.15)

15. μc = mu_estimator(r̃c,μc, [x
t
k ytk]

T )

16. end

17. end
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A.2 Algorithm 2: EWMA estimator for μ̂

μ̂c = mu_estimator(r̃c, μ̂c, pk)

1. for l = 1 : L % for each link l

2. % Compute excess path length

3. Δl = ‖ptx
l − pk‖+ ‖prx

l − pk‖ − ‖ptx
l − prx

l ‖
4. if Δl > 2λ

5. % Person is far away from link line, update μl,c
6. μ̂l,c = βμ̂l,c + (1− β)r̃l,c(k),

7. end

8. end
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A.3 Algorithm 3: ARTI

1. for k = 1 : K

2. % Form meas. using (3.17) and compute image using (3.8)

3. zik = Πyk, where yk = wc ◦ [r̃c(k)− μc]

4. % Estimate image state with (3.23) and (3.24)

5. [xi
k, P

i
k] = kalmanfilter(xi

k−1, P
i
k−1, z

i
k)

6. % Estimate position from filtered image

7. ztk = [xn yn]
T , where n = argmax Hixi

k

8. % Estimate target state with (3.23) and (3.24)

9. [xt
k, P

t
k] = kalmanfilter(xt

k−1, P
t
k−1, z

t
k)

10. % Condition measurement residual and speed on thresholds

11. if ‖ztk −HtFtxt
k−1‖ < Tn and ‖[ẋtk ẏtk]‖ > Ts

12. % Update reference RSS and weight used in (3.17)

13. [φc, μc, wc] = estimator(μc, φc, r̃c, [x
t
k ytk]

T )

14. end

15. end

101



Algorithms for RF Tomography

A.4 Algorithm 4: EWMA estimator for μ̂ and ψ̂

[μ̂c, ψ̂c, ω̂c] = estimator(μ̂c, ψ̂c, r̃c, pk)

1. for l = 1 : L % for each link l

2. % Compute excess path length

3. Δl = ‖ptx
l − pk‖+ ‖prx

l − pk‖ − ‖ptx
l − prx

l ‖
4. if Δl > 2λ

5. % Person is far away from the link line

6. μ̂l,c = βμ̂l,c + (1− β)r̃l,c(k),

7. else

8. % Person is near the link line

9. ψ̂l,c = βψ̂l,c + (1− β)(r̃l,c(k)− μ̂l,c)

10. ω̂l,c = sgn{ψ̂l,c}
11. end

12. end
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[137] O. Kaltiokallio, H. Yiğitler, and R. Jäntti, “A three-state received signal
strength model for device-free localization,” IEEE Transactions on Vehicu-
lar Technology, vol. PP, no. 99, pp. 1–1, 2017.
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