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Abstract—EXxisting methods for detection and tracking of
mobile nodes and obj ects via sensor networks depend on physical
localization of sensor nodes. Consequently, they suffer from
disadvantages associated with localization, which is often costly,
error prone, and in some cases even infeasible. Tracking mobile
nodes in a topological coordinate domain is proposed as an
alternative to that in geographic coordinate domain. Topological
coordinates (TCs), the basis of recent developments in Topology
Preserving Maps (TPMs), are derived from hop distances from
each node to a small subset of nodes. A technique is presented to
reduce the distortion closer to the edges of principal component
based TPMs, thereby enhancing its accuracy, which in turn
facilitates accurate mobility tracking. Topological Coordinate
based Tracking and Prediction (TCTP) algorithm is proposed for
tracking and predicting the position of mobile nodes in the TC
domain. Simulation results presented show that tracking and
detecting performance of TCTP is competitive with geographic
coordinate based algorithms despite the fact that it relies only on
hop distancesto a subset of nodes.
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l. INTRODUCTION

Wireless Sensor Networks (WSNs) comprise of lowt cos

and energy limited sensor nodes with limited coraponal
capabilities. Scalable and efficient algorithm dasfor WSN
applications such as target tracking, boundaryctiete data
dissemination and habitat monitoring, without degrg the
life span of the network has received much attentecently.
Moving event or object tracking is one main catggamong
WSN applications where current approaches requisssipal
location information obtained using techniques sastGlobal
Positioning System (GPS), Received Signal
Indication (RSSI), or time delay. Equipping nodéth GPS is
costly, energy inefficient and infeasible for maapplications.
Localization based on RSSI is error-prone, interiee
sensitive, and difficult to implement even for shmsénsor
networks [1]. Furthermore, physical localizati@nimnfeasible
or not useful in certain environments. Eliminatihg need of
localization will result in simpler nodes and lessnsitive
algorithms, and facilitate large-scale deploymdnt/&Ns.

This paper proposes a mobile target detection,igiied
and tracking algorithm, called Topological Coordedased
Tracking and Prediction (TCTP) algorithm withoutedefor
physical location information. This is achieveddayrying out
tracking in an alternative coordinate domain basad
connectivity while preserving general features suah
boundaries and shapes of the network.

Strengtla1

Topology Preserving Maps (TPMs) [2] is a recent
technique, which generates maps of networks fro¥firaal
Coordinate System (VCS) without the need of physica
distance. A VCS is generated based on subset asncalled
anchors [2][3][4]. Each node in the network is ctaerized
first by a Virtual Coordinate (VC) vector with theinimum
hop distances to each of the anchors. VC genereiamany
to one transformation from the physical domain,sththe
directional information is not available in virtuglomain.
Using a Singular Value Decomposition (SVD) based
dimensionality reduction scheme, Topological Coaatks
(TCs) of nodes can be derived, thus regaining thectibnal
information lost in VCS to derive TPMs. Though difnt
from physical maps, TPMs preserve the internal extérnal
boundaries of the network and provide a good suwibstifor
physical maps for applications such as mappingrf2iting [3]
and boundary detection [5]. TCTP algorithm propoketk is
the first to demonstrate how TC domain can effetyibe used
for mobility and tracking, which up to now requirphysical
distance measurements or localization.

Several challenges have to be overcome for impléngen
object tracking and mobility related applicatioms the TC
domain. As the TCs are derived from topologicabinfation
only, the relationship between TCs and Geographic
Coordinates (GCs) of network nodes is highly nadn In
other words, the TPM of a network is a distortetsin of
physical map, which however preserve the internatl a
external boundaries of the network and relativeitioos
among the nodes. Comparison of TPMs with physicap m
indicates that the distortion often involves consgien at the
edges [2]. Thus in this paper we first proposeadirsg method
at reduces the compression especially for theesqiad the
edges of network. To take into account the nonfibea
between GCs and TCs, we estimate the position alodity in
the TC domain, which to a significant extent congzgas for
the nonlinearity.

Consider the following two scenarios. First is abile
node that moves in a sensor field, to be deteatedhoked by
the sensors. It could be a friendly node that eoajes with
sensors or a passive target. Either way its gpbgraosition
is found using the GCs of the sensors. This leés ribde
navigate further (using GCs) or allows sensorsraekt its
position using GCs. Secondly, as a mobile node msavea
sensor field, it may be necessary to predict ittjpm at some
time in future. The GCs are used to estimate thecitg and
direction, and then using some mobility model, tedict the
target’s position at a future time. Such predidiiomy be used
to alert nodes downstream, for example. Anothamasiin



occurs when the mobile node cooperates and comatesic
with other sensor nodes. Suppose there is a BaserS(BS)

Consider a network witt¥ anchors andV sensor nodes.
Thus each node is characterized by a VC vectoemfthM,

that wishes to send a message or program updates ttei™ element of which corresponds to the minimum number

rendezvous with the mobile node at a future timethBr than
routing the message along the path that the matilde
followed, a prediction of its future position wéllow the BS to
send the messages directly to the rendezvous péristing
algorithms rely solely on GCs to estimate currezlbeity and
direction and to predict its future position vianability model.
In [6], Distributive Predictive Tracking (DPT) igqposed for
cluster-based WSNs. Cluster heads predict the madibet's
future position and wake up a triplet of sensorsnat for
mobile target's arrival. Prediction-based Optingis®Dbject
Tracking (POOT) scheme in [7] combines collectingd a
maintaining tracking information to minimize rouimistance
for predictive tracking. In [8], dual predictionake place at
both BS and sensor nodes to improve the detectionracy.
Such predictions may, for example, be used to aledes
downstream.

In contrast to existing approaches, proposed TCTR

algorithm is a TC based approach for performinggesr
tracking as well as prediction. To our knowleddss tis the

first tracking algorithm that operates in such duwal domain
thus not requiring geographic information basedpbgsical

distance measurements. The contributions of thpepaclude
a correction scheme to reduce edge distortions RMS to

enhance its accuracy. The VCs of the mobile nodelarived

without resorting to additional flooding’s by anecho The

detecting performance of TCTP algorithm in mobiteget

tracking and perdition is compared with the sampragch

based on geographic (physical) information. Sinotabased
results demonstrate that TCTP achieves similaropadnce
compared with physical information based approachgbis

paper also paves the way for use of TC domain fmynother
sensor network applications that usually rely orsGC

II.  TOPOLOGYPRESERVINGMAPS ANDVIRTUAL
COORDINATES FORMOBILE TARGET

A. Virtual Coordinate System and Topolgy Preserving Maps

A VCS is based on a set of anchors, which correspora
subset of nodes, selected randomly or by an ars#lection
strategy [2][9]. Each node in the network, incllanchors, is
characterized by a VC vector, consisting of shortesp
distances to each of the anchors [2][3][4]. Direcél and
geographic information are not available in VCStlas VCs
propagate radially. A method to extract direction&rmation
from VCs in the form of TCs is presented in [2]. MPf a
network based on TCs is a somewhat distorted vesidhe
physical map of the network. It however has beemwshto
preserve relative position information, and is adysubstitute
for physical information in applications for WSNsich as
routing [3] and boundary detection [4]. Birds’ eyiew of an
area is an example of a distorted physical mapchwban still
be used for such functions, even though it is noteaact
physical map. In this paper, we consider dealint wiacking
and mobility related applications directly in theC Tdomain
instead of the physical domain, which is somewmatiGyous
to using a bird’s eye view map.

of hops from the node to thi8 anchor. Le be theN x M
matrix containing VCs of all sensor nodes in théwoek.
Efficient and sensor network-friendly implementatiof the
SVD computation is addressed in [2]. Considering th
extensive computation cost of SVD in deriving T@sni VC
set of all sensor nodes which is matPix calculating SVD
components from anchor set is economical choiceldiaye-
scale WSNs. Le#l be aM x M matrix containing VCs of
anchor sensor nodes. Generating TCs from anchogsnselt
using SVD is presented below [2]:

A=U,S,.V," (1)
Pgyp = P XV, 2
[XT' YT] = [PSVD(Z)' Pgyp (3)] 3)

Psyp is aN X M matrix containing sensor nodes’ principal
omponents. The first coluniy,,® is the most significant
component but contains 1-dimensional radial infdioma
which is not sufficient for 2-dimensional TMPs [Rleanwhile
second columrPg,, @ and third columnPg,,® contain the
topological information that can be translated toguar
information and these two columns can be seen as 2-
dimensional Cartesian coordinate set for sensoresoid
topological domain [2]X; andY;, are bothN x 1 column
vectors andX;, Y] in egn. (3) is the TC set for the network.
i.e., itsi™ row corresponds to the TCs of tifenode. We use
the Extreme Node Search (ENS) algorithm [9] for hemc
selection, which provides better topology maps véttvery
small set of anchors.

B. Modified Topolgy Preserving Maps

Although P, , PandPs,, @reconstruct the lost directional
map, ignoring the most significant componggt, ™ leads to
compression, especially for the sensor nodes atotiter
boundary of TPM which are far from the center imiah
distance, due to the lack of radial distance infitiam. This
compression thus introduces significant errors aadlinear
distortion compared with a physical maphe accuracy of
tracking performance at the edges of network wiffes from
this inaccuracy. Therefore we use the following ification to
generate a TPM that is less distorted. We stillpkdee 2-
dimensional angular information obtained frdy,® and
Ps,p,®and at the same time take radial informatiogiy, >
into consideration. Consider a node in sensor nétwath
TCs 7, yr)- Note that £, y;) is the row corresponding to the
node in[X7, Y] given by egn. (3). The corresponding SVD
components for this node arepsyp ™, psyp @, psyp™ and
etc., which are extracted from this node’s corresiytg vector

in Pg,p . We keep the directional information as the arafle
sensor node’s TCs to the origin in TPM:

Or = tan™'(yr/xr) (4)
The distance; between sensor node and the origin in TPM is:

o= \xp+yp = \/(pSVD(Z))2 + (psvo™)?

()



We modify r; by weightingr; by the radial information in
psypPas followed:

T = \/(pSVD(l))Z + @srp®)? + (psvp™)? (6)
Modified TCs of this nodex{, y;) can be rewritten as:
Xy = Ty X cosOr @)
yr = 17 X sinfp (8)

We denote byXr, Y7] the matrix of modified TCs obtained
by applying eqn. (4), (6) — (8) t@X;, Y] in egn. (3). In this
modification, for each node the directional infotioa in
psyp Pandps,p @ is kept and the radial distancepig,,™ is
also considered in modifie¢ so that the compression at map
edges can be reduced;[Y;] are referred to as TCs in the
remainder of the paper

Figure 1 shows the geographic map of the firstriestork
(TN1) used for evaluation of TCTP. TN1 is in 12Gw80unit
irregular field and consists of 5137 sensor no@esh with
communication range of 1 unit. Figure 2(a) anduFég2(b)
show original TPM generated using eqgn. (1) — (2) esodified
TPM generated based on eqn. (4), (6) — (8). In reidi(b),
edges are decompressed significantly compared dsetiof
Figure 2(a). In Figure 1 and Figure 2, triangle e®ih network
are the 30 anchors chosen by ENS algorithm.
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Figure 1. Geographic Map of TN1
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Figure 2. a) TN1's original TPM generated from S¥ifil b) TN1's modified
TPM

C. Virtual Coordinates for Mobile Targets

To do the tracking in TC domain, TCs of mobile trg
need to be generated. To generate TCs of the modidle at a
point using existing approach, VCs of it need toebaluated
first. The challenge is how to evaluate mobile redortest
path hop distances to anchors without flooding feomahors. It

is also possible that the mobile node changes #tevank
connectivity thus affecting other VCs.

Next, we present an approximation scheme for ggttin
location of mobile target in TPM with less compigatand
energy consumption. The mobile target can only camoate
with neighbor sensors within communication rangstly,
VCs of mobile target is obtained by taking averagfe
neighboring sensors’ VCs. The averaged VCs promadbile
target’s location in VC domain. Secondly by apply®VD in
egn. (3) and modification in eqn. (4), (6) — (8;sTof mobile
target is generated which can be seen as an estirtztation
in TPM. Note that the accuracy of TCs of the melsibde in
the network highly depends on the accuracy of this
approximation.

Consider mobile target that is surroundednbgeighbor
sensors. LeMT, al x M vector, be the mobile target's VCs
andPy,, al x M vector, be thei®" neighbor sensor’'s VCs. So
MT can be obtained by eqn. (9):

MT = Y7, Py./n )
MTgp = MT X V, (10)

In eqn. (10)MT,p is al X M vector of mobile target's SVD
components. Second and third elementMifs,, are selected
as original TCs X7, yur) for mobile target. Modified TC
(xur, Yur) €an be obtained using eqn. (4), (6) — (8).

TOPOLOGICALCOORDINATE BASEDTRACKING AND
PREDICTION (TCTP)ALGORITHM

This section proposes the TCPC algorithm for mbpbili
tracking and prediction in TC domains. Followingnis are
used in TCTP algorithm:;

1. Sampling time: the time differencbetween
consecutive sensing locations for mobile target.

two

2. Detection ellipse: The area surrounding mob#egdt's
predicted position, in which the mobile target redicted to
appear at a given future time. The area is in tiepes of an
ellipse. Detection ellipse compensates for errorgrediction
of the position. The major axis and minor axis etedtion
ellipse can be adjusted so that it can cover afedifferent
sizes to meet the requirements of different aptidioa.

3. Detecting sensors: Static sensors inside deateetlipse.
The number of detecting sensors varies with the gizllipse.

4. (Prediction) Time Window: Mobile target's track
information is sampled at timg and its position is to be
predicted at future time, = t, +t, wheret, is prediction
time. Mobile target is expected to appear at pteditocation
at timet,. We set up a time windot and we expect mobile
target’s arrival to be within timet( — At, t; + At).

5. Detection failure rate: Detection failure rate the
probability that the mobile target is not detecteg any
detecting sensor in the time winddiw. Detection failure rate
is the main evaluation metric for proposed algonith

In TCTP algorithm and related simulation, we make t
following assumption:



1. There is one mobile sensor node (target) tiiagein the
network. BS tries to track and monitor this moltéeget in TC
domain.

2. The time delay caused by communication amengas is
considered to be negligible compared to the tim@kes the
node to change its neighborhood.

3. BS possesses the network’'s TPM, receives midoigeet’'s
averaged location in VC domain, calculates its esponding
TCs, tracks its current position in TC domain, fectdthe
future location and then alerts the sensors in détection
ellipse so that they can wait for the arrival oftite target.

Traditional tracking and prediction algorithms
geographic domain operate by recording the motiackt
Information such as current motion velocity ancediion are
then used to linearly predict mobile target’s gositat a future
time [6][7][8]. TCTP algorithm follows this basilea for
prediction, but replaces GCs by TCs for currenbey and
direction calculation as well as future positionediction.
Mobile target's TC position at current tingis (xyr,, Yur,)

and at previous timg_; is(xuyr,_,,Yur,_,)- The TC domain

velocity V; and direction angle; can be calculated using eqn.

(11) and (12):

\/(XMTi_xMTi_l)Z+(YMTi_YMTi_1)2

Vr ti—ti—q (11)

ar = cos™! T Ty (12)
\/(xMTi_xMTi_l)Z+(3’MTi_YMTi_1)2

xMTH_l = XMTi + VTtpCOS((,ZT) (13)

Yuri, = Yur; T Vrtpsin(ar) (14)
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Figure 3. Detecting sensors setup when predigtaition is within
network’s boundary
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Figure 4. Detecting sensor setup when predigi@sition is out of network’s
boundary

Figure 3 shows an example of ellipse detection.arba
solid line with arrow is the linear prediction pdibr mobile
target in TC domain, and the dashed line with arisvits
actual motion path. The setup of detecting sensoedlipse is
designed to guarantee the detection of mobile saiwugh
its track is nonlinear in TC domain. In the caseemehthe
predicted position is out of the boundary of TPMteattion
ellipse will be adjusted so that the boundary nadesounding
the projected path are considered to be the caed&insors
downstream for tracking. Figure 4 shows detectigigsers on
the boundary that are alerted when the predictiositipn is
out of network’s boundary.

3. Detecting sensors wait for mobile target’svair

Detection ellipse is determined at the BS. Any rageghat
is to be delivered to the mobile node around futimet; is

(Xmr;,,» Yur,,,) @re calculated using eqn. (13) and (14) as thegent to the detecting sensors inside detectionpselli

estimated future position at tinag., for mobile target in TC
domain after prediction timg, from current time;.

There are three phases in TCTP algorithm as follows

1. Estimation of TCs of mobile target (sampling)

Every sampling time, mobile target communicateshwit

neighbor sensors within 1-hop range. VCs of motsitget’s
current position are calculated using eqn. (9) sek to BS,
e.g., by mobile target. BS uses SVD method to tateu
corresponding modified TCs in eqn. (10) and eqg. @ —
(8).

2. BS predicts and sets up detecting sensors

BS receives updated VCs of mobile targetyegampling
time and records its motion history in TC domaiwn. gredict
mobile target's future position, BS calculates eatr TC
velocity and direction using eqn. (11) and (12)efibased on
current TC velocity and direction, BS -calculates biteo
target’'s position in future using eqgn. (13) and)(1After
locating the future position in TPM, BS sets théedgon area
as an ellipse. The predicted position is the ceniftetlipse and
major axis of ellipse is set to be perpendiculatht estimated
direction of motion in TC domain.

Alternatively, in other scenarios of operation,aiing sensors
may be woken up by BS to wait for mobile targetisval.

IV. SIMULATION RESULTS ANDDISCUSSION

In this section we evaluate the performance of TCTP
algorithm. A simulator was developed using MATLAB®

2012a. First we use test network TN1 with TPM igufe
2(b). We evaluate the algorithm using two mobititpdels to
generate the movement in the physical domain, nantleé¢
random direction and random waypoint models [1G].
random direction model, mobile target travels imaadom
direction until reaching the boundary of the netvolfter
pausing for a certain time, mobile target node iomes
traveling in a new random direction. In random wapp
model, mobile target randomly selects a physicaitipm as
destination to move to, and after reaching it, rfelarget
randomly selects another position as next destindfiO]. The
results presented are based on approximately 9@digion
test positions along motion track for each mobititgdel.

Mobile target’s tracks with two models are showrrigure
5 (a) and (b). Mobility of the node occurs in tpeographic
domain, i.e., moving in a straight line correspoigdio one in
geographic domain. The velocity of mobile target
geographic domain is constant at 0.5 units/s.

in



() () ( El)

8 00 [ e
=i —€r=-- TC Prediction Time 53
2 solooes R b H—— i_| ==#r=- GC Prediction Time 55 |
~ | : i | —&— TC Prediction Time 10s |
E PTiy L N S +-| —&— GC Prediction Time 10s
= : i | =@ TC Prediction Time 20s
= 40f-------- fomenn -+ GC Prediction Time 20s
S . ‘ : : : ;
5 20 J
20 40 60 80 100 20 40 60 80 100 o
X X 8 o
Figure 5. Mobile target’s motion track for TN1ahrandom direction
mobility model and b) random waypoint mobility méde
To evaluate the effectiveness of TCTP algorithmt tha
operates in the TC domain without any physical rimétion, S 100 ! ! ! N D m———
we also use the same tracking algorithm in geogcagdmain, 2 g j : j i...| ==&~ GC Prediction Timo 5s |
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baseline for comparison. Note that the GC basedoapp has S sl == GC Prediction Time 20s |
the added advantage of having a constant velocigytd the 5 | | | | ‘
mobility models used. In our simulation, we sampie 3 20;"
position of the mobile node every 1s, 2s, 4s, 8said 10s. a2 A
Every sampling time, the nodes position in the appate 0 Time Wind
coordinate system is informed to BS. We set tinmedomw for ime Window (s)
prediction as 0Os, 2s, 4s, 6s and 8s. We predicilentdrget’s Figure 7. Detection failure rate comparison betw&C domain and GC

of detecting sensors, we choose 10 and 20 perpradiction sensors, and b) 20 detecting sensors
test position, which corresponds on average to %.%Xhd
0.39% of sensors in the network respectively.
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Before comparing tracking in TC and GC domains, we
point out that the geographic distance measureimentides
continuous changes, whereas TCs of the mobile nbdage
only at discrete instances as its neighborhood gd®nThis is
due to the fact that the VCs of the target are inbth by
averaging neighbors’ VCs. As such tracking in TCGndm is
not very effective when sampling is done at verpefi
granularity. This is different from GCs based tiagkand
prediction algorithm where shorter sampling timade to
optimal detection failure rate [6]. Figure 6(a) wisothe

Detection Failure Rate (%)

variation of detection failure rate vs. samplingéifor TN1 in g PSR
random direction mobility model in time window 4shen 2 --£r- GC Prediction Time 5= |
there are 20 detecting sensors in detection ellipgben = —©— TC Prediction Time 10s |
. . . 7 . . Q —&— GC Prediction Time 10s |\
sampling time is short, i.e., when the travellestatice during E @ TC Prodiction Time 205 |
the period is shorter than the communication ranbeés E -+ GC Prediction Time 205
estimated average position is less accurate comhparth =S A N S A S *? """""""" e, ©
actual position, due to the average location appraton. If ks R earaaih
the distance travelled in sampling interval is lengthe g i : 2
accuracy increases. However, if sampling time @slémg, the . : 6 8
tracking information cannot be updated in time sacking Time Window (s)
performance deteriorates in both TC and GC basékats. Figure 8. Detection failure rate comparison betw&C domain and GC
(@) (b) domain for TN1 in random waypqint mobility r_node),veith 10 detecting
& ey e e ) sensors, and b) with 20 detecting sensors _
2 el § | PR el | Figure 7 and Figure 8 compare the variation oécl&n
a —=— Prediction Time 205 || & i| —=— Prediction Time 20s failure rate for TN1 in different time windows ftnacking in
7 ‘ I i 50c:<‘ —— TC a_no_i GC domains when sampling time is 4s. Fortstbrm
E : e . prediction like 5s and 10s under motion velocity0& units/s,
EZZB\—J e § A S we can see that the detection failure rate in Td &@C
2 4 5 & M o 2 7 4 5 domains are quite close to each other when timéavinis 2s
Sermpling Theon ) Tiene Window (%) or longer. For long-term prediction, e.g., 20s ifiture, the
Figure 6. Detection failure rate for TN1 in rantldirection mobility longer the time window the lower detection failuage will be

model with 20 detection sensors vs. sampling tiajewhen time window is obtained. It's a cha_||enge to do |0ng term pred'rm,tiboth in
4s, and b) when sampling time is 4s



TC and GC domains, due to the linear prediction ehod his
weakness can be improved by increasing the numiber
detecting sensor nodes or area of detection elligsavever,
the important conclusion is that the TC domainkirag is very
competitive with that in the GC domain. Furthermotiee
lower cost of TC domain tracking, e.g., in termgofver due

to absence of GPS or localization algorithms, at&@ns that
we may be able to increase the size of the deteetigpse in
TC domain, thus enhancing its effectiveness.
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We have also evaluated TCTP algorithm in secontl teSrigyre 9. a) Part of physical topology of TN2twiandom placed nodes, and

network (TN2) with 2500 sensor nodes in randomeiaent, a
part of which is shown in Figure 9(a). Unlike TNithe
distances between adjacent nodes in TN2 are naitanun
Mobile node follows random waypoint mobility modeid the
number of detecting sensors is 10. Mobile nodelscity is
0.5 units/s. Figure 10 shows the detection failat when
sampling time is 10s. TC based approach comesn\2®iio of
the GC based approach for a wide range of time avilsg with
lower rates at higher time windows (within 10% of Gased
approach after time window 6s). TCTP shows comipetit
tracking and detection performance compared with a€ed
approach although physical distances among semsgtasnare
random and unknown. It's significant that, althbugithout
any geographic information, TCTP is able to achisiailar
failure rate compared with geographic informatioasdx
approaches.

V. CONCLUSIONS ANDFUTURE WORK (1]

Tracking and prediction of position of mobile taigesing
sensor networks have hitherto been accomplishedg usi
geographic positions and distances. However, measnt of
geographic distances is expensive (e.g., needs, @R$)iable
(when distance estimation is based on signal dinemigtime
delay), or simply not feasible (e.g., in harsh emwnents and
indoor environments). We presented a new tracking a
prediction algorithm called Topological Coordinabased
Tracking and Prediction (TCTP) algorithm for mobisegets,
which does not require physical distance infornratimstead
of doing tracking in geographical domain, it doks tracking
in Topological Coordinate (TC) domain. TCs are gatesl
easily from hop-distance for each node to a smatsst of
nodes. Our simulation results show that even withauoy
geographic information, tracking and prediction if@larget
using TCs is effective. A modification was propostm
Topology Preserving Maps (TPMs) generation to ecbahe
accuracy and provide a ‘good’ guide map for mopiliacking
and prediction. TCTP algorithm has competitive pariance
compared with same algorithm operating in geogagbmain
for a wide range of prediction parameters. The remtf
sensors, size of detection ellipse and window titae be
adjusted in different applications. Future work limles the
analysis of the algorithm with a view to obtainithg optimum
operating parameters.

(2]

(3]

(4]

(5]

(6]

(7]

(8]

Bl

(20]

Detection Failure Rate (%

b) detection failure rate vs. sampling time for TiNZime window 6s
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Figure 10. Detection failure rate comparison leetawTC domain and GC

domain for TN2 when sampling time is 10s
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