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Abstract

Environment monitoring is a vital tool in emergensijua-

tions, as it allows directing evacuation strategésl attempts
to avoid injuries. In this paper, we present Consgetl Sens-
ing (CS) applied to Radio Frequency (RF) Tomograjphp

wireless sensor network as a new approach to tesdets in
emergencies and disasters. RF tomography refetisetinfer-

ring of information about an environment via catgyr and

analyzing RF signals transmitted between sensoresio®n

the other hand, CS provides efficient methods tyae this
information.

Our approach involves gathering characteristics abohe
monitored environment through the wireless sensodes
deployed around the area. Assuming few assets iexiste
environment, they can be detected and located usfogna-
tion from those nodes. The paper will discuss tetai how
emergency situations can be monitored using ounrtiegie,
and will discuss the major benefits our techniquevijdes
over other techniques such as video monitoring.uitions
will show how the technique detects different assatd will
examine the performance parameters such as nois¢ éand
available RF signals. Finally, the paper demonstsahow our
approach can lengthen valuable network battery dfeing
emergencies.
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1. Introduction

Detecting and locating assets in emergency situgtie al-
ways an essential issue for security and safetgopeel.
Tracking assets includes being able to locate hsraanwell
as obstructions. Imagine a situation where a fire $tarted on
a floor in a hospital, or any building. Due to fire, some and
obstructions may block certain paths to the exXiie ability to
detect the location of these objects, allows secpersonnel
to locate and evacuate people quickly.

In typical situations, few obstructions might sundigedisrupt
a monitored environment. This paper provides ailfé@asnd
cheap emergency solution to detect and locate tfeygeob-
structions. In emergency situations, humans areptiraary

assets to keep track of. People must be reliablydesafe lo-
cations away from the disaster’s location. Our apph can be
well applied to locating obstructions in earthquakédire situ-
ations. During this kind of disasters, large phgbmbjects are
moved and may cause path obstructions to surviwbfigh
such a monitoring system, security workers canebejtiide
the rescue operation with the least cost of ingurie addition,
people trapped in certain areas may well be diseovas they
form an obstruction in front of signals of the samsetwork.

Detection and estimating of location is the objextof RF

tomography in this scenario. RF tomography is ttee@ss of
inferring characteristics about a medium via analyawire-

less RF signals that traverse that medium. Eadhbeiween
two nodes provides received signal strength (RSSyey
which is used to deduce characteristics about &ftie. rurther
extension to this approach is incorporating cong@dssens-
ing in the processing of sensor data. Compressesinggis a
sampling technique, used in signal processing, kvhitows

the efficient recovery of data from a sparse signal

The concepts of compressed sensing of RF tomograpime
together in this paper to provide a viable solutiormedical
and health institutions. In this paper, we provéteapproach
which describes the application related to medical emer-
gency situations. Throughout the paper, we progid@e in-
sight into the theory behind the approach, andstimulations
which characterize the performance of the systesctiG 2
will discuss our technique of applying RF tomognand
compressed sensing in emergency situations. Se8tiwiill
introduce RF tomography and compressed sensingare m
detail and relate them to our objective in thisgrafsection 4
will formulate the problem in a clear manner, aridcdss
some aspects in looking for the solution. Finakg®on 5 will
present some simulation results that are requogatdve the
validity of the design and gain an insight intoperformance

Related Work

The concepts of compressed sensing and tomograah h
been introduced to medical and health issues irerti@n one
occasion. Compressed sensing/sampling (CS) hasthetad
acquired increasing interest in various areas séasch and
development. CS theory was applied to image corsimes
[10], networked data [11] and other engineeringarand has
also attracted some important medical care apitsitsuch
as Magnetic Resonance Imaging (MRI) [12], whereoithe



helps suppress artifacts in angiography, coronargging,
brain imaging, and dynamic heart imaging.

Tomography in general has had many applicatiomsedical
and monitoring aspects. Computerized tomography,irfe
stance, is used to accurately generate medicalesnfay dif-
ferent parts of the body [13]. RF tomography hasnbepplied
to the ground penetrating radar to detect and iiyehidden
underground objects deeply buried [9].

2. Efficient RF Tomography for Emergency
Situations

RF tomography enables security workers to monit@as
through changes in wireless characteristics in rtredium.
There are several reasons behind selecting RF t@plbyg as
a suitable approach in asset detection and lot@lizaRF
signals traverse through humans, walls, and otjgest of
obstructions due to their frequency. In additidmis ttype of
tomography is a much cheaper solution comparedttiero
complicated tomography used in medical applicationour
approach, significantly less accuracy is requiiedesthe goal
is localization and detection, not person iderdificn. As
shall be shown in the simulations and results secthe accu-
racy constraint can be considerably relaxed withgighifi-
cantly affecting the performance of the design.

The implementation of RF tomography would typicatl
quire a set of wireless sensor nodes located enaironment
under surveillance, as seen in Fig. 1. The sengwmisiary
task is to perform RSS measurements throughout tivhech
is considered a cheap operation, as it does noireefeavy
computation or networking among the nodes. RSS umeas
ments are passed to a more powerful central semhéch
handles the data analysis.
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Figure 1: Twenty sensors nodes deployed aroundji@nefor
detecting and locating assets. Each line represirgsignal
path between two wireless nodes

One hidden benefit in deploying the wireless semsgwork
for monitoring is the fact that the nodes typicadlgpend on
batteries as a power source. This is especiallyitapt in the
case of power outages in emergencies and disaderso-
ver, this saves the need of a wired infrastructunech could
also be unusable in disaster scenarios.

Efficient RF tomography is the result of combinitig effi-
ciency of compressed sensing and the detectioityabfl RF
tomography. RF signals travel throughout humans alod
structions, and allow monitoring in light and dadnditions,
which is a major advantage over video monitoringded
monitoring typically requires considerable procegspower
and network bandwidth.

The effect of compressed sensing plays an importdatin
emergency conditions as well. The fact the CS esipba
efficiency and battery life in the design, whichkea it even
more attractive for deployment. Moreover, becaddb®
compressed nature of the technique, it works iratieence of
several links or nodes. This is especially impdrtgnen some
nodes are destroyed in a fire or earthquake.

3. Compressed Sensing

Compressed Sensing/Sampling (CS) [2][3][4] is a emod
efficient approach for recovering signals with sgacompo-
nents. Anm-sparse, in general, signal is a signal that costai
maximum ofm nonzero elements. A signal of total sizand
exactlym non-zero componentémn<<n) requires traversing

all signal elements to determine the few useful ponents.
CS provides a convenient way to determine rihelements
from k observations of the original signal.

In this paper, we assume that few changes occtlreirenvi-

ronment, so that changes have sparse represestafite

objective of CS is to reconstruct a signal of sizeontaining

few nonzero elements signals with significantlyslesea-
surements. This reconstruction occurs with a aersaiccess
probability which as more measurements are acquiPeior

knowledge of the sparsity of a vectorallows us to recon-
struct it from a set of measurementsy solving an optimiza-
tion problem. In its simplest form, CS attemptsfited the

sparsest vectqgi by solving

p = argmin|| p|, subject tav = Ap (1)
P

whereA is the measurement matrix, afig], is the £,-norm

defined as] p|, = ;| p|.

The measurement matrix plays a very important role in the
reconstruction process. In compressed sensing ythebe
measurement matrix should generally satisfy anhaoence
property to be reliably used for reconstructingrspasignals.
More formally, the matrix should satisfy the Rest&tl Isome-
try Principle (RIP) [3].

The optimization problem in (1) turns out to beamwex op-
timization problem, which has efficient solvers.typical so-
lution involves running a linear program, also redd to as
Basis Pursuit[6], which requires, on averag®(mlog(n))
measurements. The efficiency and benefits of apgly}CS
have attracted a lot of research towards it latalipwing for
smarter algorithms and cheaper designs. Next, \a# glve
better insight into RF tomography and the theoat tles be-
hind it.



4. RF Tomography

Tomography is the process of acquiring cross-seatiom-

ages of an object through transmission or reflectd data
passing through the object [13]. In RF Tomographig data
is the sensor wireless link power. Radar imagirgiesys have
also been used to monitor areas. However, techsihabkind
radar imaging systems are based on scatteringe ViRi to-
mography is based on attenuation of wireless ssgn@he
advantage of this concept is that the received pawdinks is

on the order olﬂ/d2 , Whereas scattered power is on the order

of ]/d4 [1], whered denotes distance.

Links traversing different obstructions undergdetiént levels
of signal attenuation, depending on the obstruigiomature.
Analysis of those links allows us to infer aboujeaits’ loca-
tions and properties. As more links cross overstmae object,
more information is available to solve for the ltioa of the

object. Wireless signals propagating along a aenpaith be-
tween two sensors lose power. The ensemble meaigmdl

power at a distanagis given by [8]:

P(d)=R -R -10n, Ioglo(diJ dBm (2)
0

whereP; is the transmitted powepP, is the power observed at
a certain distancd,, andn, is the path loss exponent which
controls how fast power is lost along a path. FPstdncen,

is around 2 for free space [13], and varies wiffedént envi-
ronments. Received power on a wireless link betwestesi
andj can generally be represented as in [1]:

R =P(d)-Z (3)
Zi = X +Yj (4)

where Z; is referred to the fading loss which is the sum of

shadowing los¥; and non-shadowing l084§. Thus the know-
ledge ofZ; of a certain link allows determining whether ot no
an obstruction lies on the path.

The Network Shadowing (Nesh) M odel

Authors in [7] introduced a joint network shadowideSh)
model that describes the characteristics of cdiveldinks in
a wireless environment. Experiments and result§jrhave
supported the validity of the model compared todtreer ex-
isting models. The importance of the model is thatovides
a better statistical representation of links thaimeo models;
hence it was meaningful to be included in our appho

Link path losses are modeled as a function of thdetlying

path loss fielgp(x), assumed to be an isotropic and wide-sense

stationary Gaussian field. The total shadowing lwisessed
by a link¢ can be determined by integratipx):

_1
Xij _E"jp()o dx (5)

where the factoﬂ/,/dij acts as a normalizing factor, more on

this in [1]. For simplicity, shadowing due to ansttoction is

assumed to be constant along the path traversedgirthe
object.

The non-shadow fading effect represented by Yssimed to
be a zero mean, Gaussian random variable with nxamﬁ

The Gaussian distribution of Y in [1] follows fromn valid
assumption of wideband frequency sensor node aperat

After going through some of the important theor@tiaspects
of the paper, our problem can be nicely formulatethe next
section.

5. Problem Formulation

The main contribution of this paper is combininghcepts of
RF tomography and compressed sensing to producfian
cient design useful in hospitals and emergencyasdns. The
monitored area is divided into a grid of pixels.ckaixels
carries information about the amount of attenuatweer its
area. This information can be displayed in grayscalhere
the darker intensity corresponds to more changattenua-
tion. So the values in are obtained as a linear combination,
by matrixA, of the pixel valueg along each link. The entries
in A are defined as:

_ 1 dOij if link i traversegpixel j
a"j_\/d_i 0 otherwise (6)

whered, is the distance is traveled by linkand dqj is the

overlap distance that linktravelsthrough pixelj . The factor
]/\/d_I parallels that in (5). The number of rowsAnis num-

ber of existing links, and the number of columnthis number
of pixels. The compressed aspect of our papeirisslecting
a compressed set of links, i.e. rows of the maitrix

Instead of a weighted least-square error estimfatorecon-
struction of the signal, we employ the basis purapproach.
As mentioned earlier, CS works best under thefaatisn of
the sparsity requirement. In monitoring situatiahss usually
the case that few changes occur in certain aredakeirme-
dium, thus only few data measurements would beiredjio
discover the changes. However, in realistic situeti mea-
surements are often perturbed by measurementss egrat
noise. Measurements in vectonow become

v=Ap+n 7

The inaccuracy introduced in the measurements mesjgon-
sideration in the reconstruction algorithm. So ¢pémization
now solves a slightly different problem than (1ur@ask now
becomes finding the solutighwhich best explaing within a
tolerance range. The problem now becomes

p= arg:)nin" p|, subject t4Ap-v|, < ¢ (8)

The variables is closely related to the level of inaccuracy. The
value ofe is set to the root of the noise power, which ifieef
is the standard deviation of noise statistics. pittdlem in (8)
can be solved as a basis pursuit de-noising prolj&niby
transforming it into a second order cone probleime Effect



of error was examined in [5], and it has been shidven the
reconstruction error behaves according to the iakigu

|p-pf,=<Ce 9)
, where C is a constant.

The algorithm described in [1] can now be tailotednclude
our approach in this paper. The main algorithm bexs

— Compute the difference in power for each link betwe
nodes andj defined asv :E.j - P, , wherePR, is the av-

i ij ?
eraged power value over initial RSS measurements
— Use; minimization to reconstruct the change in attenua-
tion witnessed over each pixel from the veatoBtore the

result in vectop
— Convertpinto a vectorp in the range [0,1], using a sim-

ple transformation that divides all values by thmiaxi-
mum value, and sets negative values to zero

6. Simulations and Results

Simulations are crucial to determine the validitythee design.
The primary focus is on the accuracy of resultaioled by a
compressed set of measurements. Of course, accurabis
case refers to correctly detect and locate theigEtion in the
medium. The recovered valugs from (8) are mapped onto a

vector p whose values are in [0,1]. This allows an easy re-
presentation ofg on a grayscale as in Fig. 2.
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Figure 2: Monitored area showing the discovery afttruc-
tions located at the dark pixels

The area under simulation is a square area suresuhyg 20
wireless sensor nodes, transmitting to each otBach of
these sensors can communicate with 15 other sensgelding

(20x15)/2=150 wireless links. Fig. 2 demonstratesv four

approach monitors an environment. The figure shdask

pixels at 3 different positions. Darker pixels espond to a
higher amount of attenuation. These dark pixelsinadly cor-

respond to existing obstructions at these locatigvish this

map, personnel can easily locate obstructions @&edtdevac-
uations.

Next, we examine the effect of noisy measurementshe
performance of the design. To measure the errosechiry
noise, accuracy of the system is compared to thseless
case. For this, we employ a mean squared error jM8tas-
ure between perfect and reconstructed pixel values.

We try to monitor the same obstructions as in Rigwith
noise added to the measurements. Performance sremndt
plotted in Fig. 3.
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Figure 3: Plot of MSE versus SNR. The plot dematesirhow
the accuracy varies with noise level

As expected the noise level is reflected on theumamy of
measurements. Higher SNR results in a more accdette-
tion and localization. MSE values do not changerdtically
with low noise, which means that significant leveisoise do
allow the detection of certain obstructions usihg tecon-
struction algorithm. Of course, low SNR values léadnac-
curate measurements, but some obstructions magrbecty
located.

The benefit of compressed sensing is well obsewbdn
there are few available sensors and wireless ismksw. This
can occur when disasters destroy some of the seps@om-
pletely block some of the links. To demonstrate goever of
the reconstruction algorithm, we simulate the salyatruction
scenario in Fig. 2 with a varying number of linlsed.

25 30

15 20
Percentage of Links
Figure 4: Variation of MSE as more links/nodes adeled at
SNR=20 dB

Links in this simulation were uniformly selected @my all
other links to show that the approach works wethaiit any
prior knowledge of existing obstructions. Of coursee can
argue that some prior knowledge of obstruction tpmss
should allow better selection of links, and henettds per-
formance of the system. Fig. 4 shows how the MSkesaas
more links/nodes are added to the system.

As the figure shows, when more than 15% of thesliake
available, there is no considerable gain in theuamy of the
detection, as these links add redundant informatga can
also observe that at a low 7% percentage of lilkssgnsors
are only working) results are not dramatically dfhis shows
that compressed sensing lengthens a network’sridife in

emergency situations. Saving network battery isiaisly of



great importance in critical conditions. Networkoarces can
then be used for more time to guide emergency peesoFig.

5 shows how the obstructions are monitored fored#ifit per-
centage of links used.
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Figure 5: Using a percentage links and nodes (15%fe left
and 7% on the right) at SNR=20 dB

As Fig. 5 shows, some error is introduced since leks are
available. This error appears as false obstructilenscted, in
addition to the main obstructions. Even in the 786e; ob-
structions can still be detected, and securitygrersl can still
use this information.

Finally the probability of detection was examin@&dour sys-
tem. Obstructions correspond to pixels at least derxations
away from the mean of recovered pixel values. Eigumma-
rizes our results for a scenario similar to Fig. 2.
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Figure 6: Probability of Correct Detection at SNR20 dB

Even at a very low number of available links (5%gsets can
be successfully detected with 36% probability. Theve de-
monstrates the robustness of compressed sensamgergen-
cy situations.

7. Conclusionsand Future Work

In this paper we have applied RF tomography andpcessed
sensing to emergency situations. The advantagésedfech-
nigue over other techniques have been discusseng alith
an overview of the theory and assumptions thabdieind our
approach. Simulations have provided better insigttt how
emergency situations can be monitored from dat& lsethe
sensors. Performance of the design was also exdrttineugh
investigating the effects of noise and number ofses.

Our future direction in this area involves genezialj the de-
sign to more complicated environments and sensde miep-
loyments. Moreover, it would be interesting to istigate the
problem of finding optimal positions for the sersor a given
environment. We are also planning to test the desigreal
environments and compare results with our simutatio
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