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Abstract 1 Introduction

Wireless Sensor Networks have been proposed for use in  Although Wireless Sensor Networks (WSN) have shown
many location-dependent applications. Most of these need t promising prospects in various applications [5], researsh
identify the locations of wireless sensor nodes, a chaiteng  still face several challenges for massive deployment ohsuc
task because of the severe constraints on cost, energyfand ef networks. One of these is to identify the location of individ
tive range of sensor devices. To overcome limitations istexi  ual sensor nodes in outdoor environments. Because of unpre-
ing solutions, we present a Multi-Sequence Positioning®PMS  dictable ow dynamics in airborne scenarios, it is not cuthg
method for large-scale stationary sensor node localizatio  feasible to localize sensor nodes during massive UVA-based
outdoor environments. The novel idea behind MSP is to recon-deployment. On the other hand, geometric information is in-
struct and estimate two-dimensional location information dispensable in these networks, since users need to knovewher
each sensor node by processing multiple one-dimensiaors events of interest occur (e.g., the location of intrudersfom
sequencesasily obtained through loosely guided event distri- bomb explosion).
bution. Starting from a basic MSP design, we propose four  preyious research on node localization falls into two cat-
optimizations, which work together to increase the locaian egories: range-based approaches and range-free appsoache
accuracy. We address several interesting issues, sucboas-in Range-based approaches [13, 17, 19, 24] compute per-node
plete (partial) node sequences and sequence ip, foundan th |ocation information iteratively or recursively based oean
Mirage test-bed we built. We have evaluated the MSP system g;req distances among target nodes and a few anchors which
through theoretical analysis, extensive simulation ad @@l precisely know their locations. These approaches gegerall
two physical systems (an indoor version with 46 MICAz motes equire costly hardware (e.g., GPS) and have limited effec-
and an outdoor version with 20 MICAz motes). This evalu- tjye range due to energy constraints (e.g., ultrasoundebas
ation demonstrates that MSP can achieve an accuracy withirrpoa [3, 17]). Although range-based solutions can be suit-
one foot, requiring neither additional costly hardware en-s gy ysed in small-scale indoor environments, they are con-
sor nodes nor precise event distribution. It also provideise sidered less cost-effective for large-scale deploymedisthe
tradeoff between physical cost (anchors) and soft costife¥e  other hand, range-free approaches [4, 8, 10, 13, 14, 15]tlo no
while maintaining localization accuracy. require accurate distance measurements, but localizeote n

: : : based on network connectivity (proximity) information. fdr
Categories and Subject D_esc_:”ptors i tunately, since wireless conngc(tpi)vity is h?ghly in uendeylthe
_C.2.4 [Computer Communications Networkd: Dis- environment and hardware calibration, existing solutitails
tributed Systems to deliver encouraging empirical results, or require sanoal
survey [2] and calibration [24] on a case-by-case basis.
General Terms

i . : Realizing the impracticality of existing solutions for the
Algorithms, Measurement, Design, Performance, EXperi- |arge-scale outdoor environment, researchers have tgcent
mentation proposed solutions (e.g., Spotlight [20] and Lighthousg)[1
Keywords f_or sensor node IocaIizati_on u_sing _the spatiotempqralerta)rr
) o tion of controlled events (i.e., inferring nodes' locatmased
Wireless Sensor Networks, Localization, Node Sequencegn the detection time of controlled events). These solstion
Processing demonstrate that long range and high accuracy localizatian
be achieved simultaneously with little additional cost en-s
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0626609 and CNS-0626614. plicit assumption that the controlled events can be précise
distributed to a speci ed location at a speci ed time. We z&g
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for large-scale stationary sensor node localization, iplae Cricket [17], AHLoS [19], AOA [16], Robust Quadrilater-
ments where an event source has line-of-sight to all sensorsals [13] and Sweeps [7], are based on ne-grained point-to-
The novel idea behind MSP is to estimate each sensor node'oint distance estimation or angle estimation to identiéy-p
two-dimensional location by processing multiple easyg#d-  node location. Constraints on the cost, energy and hardware
one-dimensional node sequences (e.g., event detecti@en)ord footprint of each sensor node make these range-based meth-
obtained through loosely-guided event distribution. ods undesirable for massive outdoor deployment. In additio

This design offers several bene ts. First, compared to a ranging signals generated by sensor nodes have a verydimite
range-based approach, MSP does not require additiondy cost effective range because of energy and form factor concerns.
hardware. It works using sensors typically used by senger ne For example, ultrasound signals usually effectively pgzia
work applications, such as light and acoustic sensors, tWoth 20-30 feet using an on-board transmitter [17]. Consequentl
which we speci cally consider in this work. Second, comghre these range-based solutions require an undesirably high de
to a range-free approach, MSP needs only a small number ofployment density. Although the received signal strength in
anchors (theoretically, as few as two), so high accuracybean dicator (RSSI) related [2, 24] methods were once considered
achieved economically by introducing more events instefad o an ideal low-cost solution, the irregularity of radio prgpa
more anchors. And third, compared to Spotlight, MSP does nottion [26] seriously limits the accuracy of such systems. The
require precise and sophisticated event distribution,duvaa- recently proposed RIPS localization system [11] supergepo
tage that signi cantly simpli es the system design and reési two RF waves together, creating a low-frequency envelogie th
calibration cost. can be accurately measured. This ranging technique pesform

This paper offers the following additional intellectuaineo ~ very well as long as antennas are well oriented and environ-
tributions: mental factors such as multi-path effects and backgrouisgno
are suf ciently addressed.

Range-free methods don't need to estimate or measure ac-
curate distances or angles. Instead, anchors or contrelent
distributions are used for node localization. Range-fre¢ghm
ods can be generally classi ed into two types: anchor-based

We are the rst to localize sensor nodes using the concept
of node sequeng@n ordered list of sensor nodes, sorted
by the detection time of a disseminated event. We demon-
strate that making full use of the information embedded
in one-dimensional node sequences can signi cantly im-

prove localization accuracy. Interestingly, we discover
that repeated reprocessing of one-dimensional node se-
guences can further increase localization accuracy.

We propose a distribution-based location estimation-strat
egy that obtains the nal location of sensor nodes using
the marginal probability of joint distribution among adja-
cent nodes within the sequence. This new algorithm out-
performs the widely adopted Centroid estimation [4, 8].

To the best of our knowledge, this is the rst work to
improve the localization accuracy of nodes by adaptive
events. The generation of later events is guided by local-
ization results from previous events.

We evaluate line-based MSP on our niglivage test-bed,

and wave-based MSP in outdoor environments. Through
system implementation, we discover and address several
interesting issues such as partial sequence and sequence
ips. To reveal MSP performance at scale, we provide
analytic results as well as a complete simulation study.
All the simulation and implementation code is available
online athttp://www.cs.umn.eduzhong/MSP

The rest of the paper is organized as follows. Section 2
briey surveys the related work. Section 3 presents an
overview of the MSP localization system. In sections 4 and 5,
basic MSP and four advanced processing methods are intro-
duced. Section 6 describes how MSP can be applied in a wave
propagation scenario. Section 7 discusses several impteme
tion issues. Section 8 presents simulation results, antibBex
reports an evaluation of MSP on thé&irage test-bed and an
outdoor test-bed. Section 10 concludes the paper.

2 Related Work

Many methods have been proposed to localize wireless sen-
sor devices in the open air.
ed into two categories: range-based and range-free Ipaali
tion.

and anchor-free solutions.

For anchor-based solutions such as Centroid [4], APIT
[8], SeRLoc [10], Gradient [13] , and APS [15], the main
idea is that the location of each node is estimated based on
the known locations of the anchor nodes. Different anchor
combinations narrow the areas in which the target nodes
can possibly be located. Anchor-based solutions normally
require a high density of anchor nodes so as to achieve
good accuracy. In practice, it is desirable to have as few
anchor nodes as possible so as to lower the system cost.

Anchor-free solutions require no anchor nodes. Instead,
external event generators and data processing platforms
are used. The main idea is to correlate the event detection
time at a sensor node with the known space-time relation-
ship of controlled events at the generator so that detection
time-stamps can be mapped into the locations of sensors.
Spotlight [20] and Lighthouse [18] work in this fashion.

In Spotlight [20], the event distribution needs to be pre-
cise in both time and space. Precise event distribution
is dif cult to achieve without careful calibration, espe-
cially when the event-generating devices require certain
mechanical maneuvers (e.g., the telescope mount used in
Spotlight). All these increase system cost and reduce lo-
calization speed. StarDust [21], which works much faster,
uses label relaxation algorithms to matayht spotsre-
ected by corner-cube retro-re ectors (CCR) with sensor
nodes using various constraints. Label relaxation algo-
rithms converge only when a suf cient number of robust
constraints are obtained. Due to the environmental impact
on RF connectivity constraints, however, StarDust is less
accurate than Spotlight.

In this paper, we propose a balanced solution that avoids
Most of these can be classi-the limitations of both anchor-based and anchor-free guist
Unlike anchor-based solutions [4, 8], MSP allows a exible
Range-based localization systems, such as GPS [23]tradeoff between the physical cost (anchor nodes) withdfte s
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Figure 1. The MSP System Overview Figure 2. Obtaining Multiple Node Sequences

cost (localization events). MSP uses only a small number of4 Basic MSP

anchors (theoretically, as few as two). Unlike anchor-fee Let us consider a sensor network wihtarget nodes and
lutions, MSP doesn't need to maintain rigid time-space-rela \j anchor nodes randomly deployed in an area of Siz&he
tionships while distributing events, which makes systesigie  gp-jevel idea for basic MSP is to split the whole sensor net-
simpler, more exible and more robust to calibration errors work area into small pieces by processing node sequences. Be

: cause the exact locations of all the anchors in a node seguenc
3 System Overview N

) ] o ] are known, all the nodes in this sequence can be divided into
MSP works by extracting relative location information from  o(M + 1) parts in the area.

multiple simple one-dimensional orderings of nodes. Fig-

. In Figure 2, we use numbered circles to denote target nodes
ure 1(a) shows a layout of a sensor network with anchor nodes, 4 n\ymbered hexagons to denote anchor nodes. Basic MSP
and target nodes. Target nodes are de ned as the nodes to b

localized : h K ol . fises two straight lines to scan the area from different tioes,
ocalized. Briey, the MSP system works as follows. First, eating each scan as an event. All the nodes react to thé even
events are generated one at a time in the network area (e.g

; X . 'sequentially generating two node sequences. For verteal s
ultrasound propagations from different locations, lasems

o .1, the node sequence is (8,1,5,A,6,C,4,3,7,2,B,9), as rshow
with diverse angles). As each event propagates, as shown i, yside the right boundary of the area in Figure 2: for hori-

Figure 1(a), each node detects it at some particular time in-,o1 scan 2. the node sequence is (3,1,C,5,9,2,A,4,8)B,7
stance. For a single event, we call the ordering of nodesswhi - 55 shown under the bottom boundary of the area in Figure 2.
is based on the sequential detection of the evemipde se- Since the locations of the anchor nodes are available, the

guence Each node sequence includes both the targets and th . :
anchors as shown in Figure 1(b). Second, a multi-sequenc:anChor nodes in the two node sequences actually split tlae are

: . , . vertically and horizontally into 16 parts, as shown in Fig@r
processing algorithm helps to narrow the possible location .
each node to a small area (Figure 1(c)). Finally, a distidiout To extend this process, suppose we hisvanchor nodes and

based estimation method estimates the exact location tf eac gﬁggg‘sd aicfré?vifcri?nmg ?r:fée;(:g; ?:gerﬁég?tsﬁgﬁgg?é S%bvi-
sensor node, as shown in Figure 1(d). ’

. : usly, the number of parts is a function of the number of an-

Figure 1 shows that the node sequences can be ‘?bta'neghorsM, the number of scargs the anchors' location as well as
much more economically than accurate pair-wise distance,e gjonk for each scan line. According to the pie-cutting the-
measurements between target nodes and anchor nodes arang ., [22], the area can be divided if®§M2d) parts. When
ing methods. In addition, this system does not require a@rigi \; 5144 are appropriately large, the polygon for each target
time-space relationship for the localization events, Whig node may become suf ciently s;nall so that accurate estima-
criti_cal but hard to_achieve in controlled event distribatsce- tion can be achieved. We emphasize that accuracy is affected
narios (e.g., Spotlight [20]). , not only by the number of anchoks, but also by the number
_ For the sake of clarity in presentation, we present our 8yste of eventsd. In other words, MSP provides a tradeoff between
In two cases: the physical cost of anchors and the soft cost of events.

Ideal Case in which all the node sequences obtained  Algorithm 1 depicts the computing architecture of basic
from the network are complete and correct, and nodes areMSP. Each node sequence is processed within line 1 to 8. For
time-synchronized [12, 9]. each nodeGetBoundaries()n line 5 searches for the prede-
cessor and successor anchors in the sequence so as to deter-
mine the boundaries of this node. Then in lingJgdateMap()
shrinks the location area of this node according to the newly
obtained boundaries. After processing all sequencesr@ent
Estimation (line 11) set the center of gravity of the nal pol

To introduce the MSP algorithm, we rst consider a simple gon as the estimated location of the target node.
straight-line scan scenario. Then, we describe how to imple  Basic MSP only makes use of the order information be-
ment straight-line scans as well as other event types, ssich atween a target node and the anchor nodes in each sequence.
sound wave propagation. Actually, we can extract much more location informatiomfro

Realistic Deployment in which (i) node sequences can
be partial (incomplete), (ii) elements in sequences could
ip (i.e., the order obtained is reversed from reality), and
(iii) nodes are not time-synchronized.



Algorithm 1 Basic MSP Process Algorithm 2 Sequence-Based MSP Process

Output: The estimated location of each node. Output: The estimated location of each node.
1: repeat 1: repeat
2:  GetOneUnprocessedSeqence(); 2:  GetOneUnprocessedSeqence();
3.  repeat 3. repeat
4 GetOneNodeFromSequencelnOrder(); 4 GetOneNodeBylIncreasingOrder();
5: GetBoundaries(); 5: ComputeLowbound();
6 UpdateMap(); 6 UpdateMap();
7:  until All the target nodes are updated; 7: until The last target node in the sequence;
8: until All the node sequences are processed; 8: repeat
9: repeat 9: GetOneNodeByDecreasingOrder();
10: GetOneUnestimatedNode(); 10: ComputeUpbound();
11:  CentroidEstimation(); 11 UpdateMap();
12: until All the target nodes are estimated; 12:  until The last target node in the sequence;
13: until All the node sequences are processed;
14: repeat

each sequence. Section 5 will introduce advanced MSP, in1% ~ GetOneUnestimatedNode();

which four novel optimizations are proposed to improve the 16 QlentllroLdEstimation(]i(); _ "
performance of MSP signi cantly, 17: until All the target nodes are estimated;

5 Advanced MSP

Four improvements to basic MSP are proposed in this sec-
tion. The rst three improvements do not need additional

Elimination Rule: Along a scanning direction, the lower
: PRI : boundary of the successor's area must be equal to or larger
sensing and communication in the networks but require only than the)llower boundary of the predecessor's grea and the%p

slightly more off-line computation. The objective of allette er boundarv of the predecessor's area must be equal to or
improvements is tanake full usef the information embedded P u y P u - equ
smaller than the upper boundary of the successor's area.

in the node sequences. The results we have obtained empiri~ In th f i 3 node 2 is th f node 1
cally indicate that the implementation of the rst two metiso dn gcaltsg Oh |gur3 » hoade f|s de szuccAessord(_) no eh '
can dramatically reduce the localization error, and thathird alr_1 _not_e |s|t N zrezgclessorkc)) node ' cc?rblng tO”t €
and fourth methods are helpful for some system deployments. elimination rulé, node 2s lower boundary cannot be smalfler
than that of node 1 and node 1's upper boundary cannot exceed
5.1 Sequence-Based MSP _ node 2's upper boundary.
As shown in Figure 2, each scan line adanchors, splits Algorithm 2 illustrates the pseudo code of sequence-based

the whole area intd/ + 1 parts. Each target node falls into  \sp Each node sequence is processed within line 3 to 13. The
one polygon shaped by scan lines. We noted that in basic MSPsequence processing contains two steps:

only the anchors are used to narrow do_wn the poly_gon of each Step 1(line 3 to 7): Compute and modify the lower bound-
target node, but actually there is more information in thdeno ary for each target node by increasing order in the node se-
sequence that we can made use of. o quence. Each node's lower boundary is determined by the

Lets rstlook at a simple example shown in Figure 3. The |5wer boundary of its predecessor node in the sequence, thus
previous scans narrow the Iocatlons_of target node 1 qnd nodgne processing must start from the rst node in the sequence
2 into two dashed rectangles shown in the left part of Figure 3 54y increasing order. Then update the map according to the
Then a new scan generates a new sequence (1, 2). With knowlg, oy [ower boundary.

edge of the scan's direction, it is easy to tell that node 1 is Step 2(line 8 to 12): Compute and modify the upper bound-
located to the left of node 2. Thus, we can further narrow the ary for each node by decreasing order in the node sequence.

location area of node 2 by eliminating the shaded part of node g 3¢ node's upper boundary is determined by the upper bound-
2's rectangle. This is because .node 2is located on the right o ry of its successor node in the sequence, thus the progessin
node 1 while the shaded area is outside the lower boundary of, st start from the last node in the sequence and by decreas-

node 1. Similarly, the location area of node 1 can be narrowed;,; order. Then update the map according to the ne er
by eliminating the shaded part out of node 2's right boundary :ogundary.. "p P "9 W Upp

We call this procedursequence-based MS¥hich means that After processing all the sequences, for each node, a polygon

the whole node sequence needs to be processed node by nogg,,ging its possible location has been found. Then, carfter
in order.. Speci 'cally, sequence-based MSP follows thisobxa gravity-based estimation is applied to compute the exaet-lo
processing rule: tion of each node (line 14 to 17).
An example of this process is shown in Figure 4. The third
scan generates the node sequence (B,9,2,7,4,6,3,8,0,Arb,

f—————————-T r———————*y addition to the anchor split lines, because nodes 4 and 7 come
— L. O _____ | d> L-Q---% after node 2 in the sequence, node 4 and 7's polygons could
T T Al V% TTTTAT be narrowed according to node 2's lower boundary (the lower
e |

right-shaded area); similarly, the shaded area in nodes2s r
angle could be eliminated since this part is beyond node 7's
_ o upper boundary indicated by the dotted line. Similar elatin
Figure 3. Rule lllustration in Sequence Based MSP ing can be performed for node 3 as shown in the gure.



Figure 5. Iterative MSP: Reprocessing Scan 1

From above, we can see that the sequence-based MS

makes use of the information embedded in every sequentia
node pair in the node sequence. The polygon boundaries o

the target nodes obtained in prior could be used to furthér sp

other target nodes' areas. Our evaluation in Sections 8 and 9M
shows that sequence-based MSP considerably enhances syste,

accuracy.

5.2 Iterative MSP

Sequence-based MSP is preferable to basic MSP because
extracts more information from the node sequence. In fact, f
ther useful information still remains! In sequence-baseéPv
a sequence processed later bene ts from information prediuc
by previously processed sequences (e.g., the third scaig-in F
ure 5). However, the rst several sequences can hardly kiene
from other scans in this way. Inspired by this phenomenon,
we propose iterative MSP. The basic idea of iterative MSP is
to process all the sequences iteratively several timesasdhh
processing of each single sequence can bene t from thetsesul
of other sequences.

To illustrate the idea more clearly, Figure 4 shows the tesul

P

Ifmostly applied the Center of Gravity (COG) method [4] [8]

Figure 6. Example of Joint Distribution Estimation

W

Figure 7. Idea of DBE MSP for Each Node

for the nodes 3 and node 4, respectively, as shown in Figure 5.
From this example, we can see that iterative processingeof th

sequence could help further shrink the polygon of each targe

node, and thus enhance the accuracy of the system.

The implementation of iterative MSP is straightforward:
process all the sequences multiple times using sequersestba
MSP. Like sequence-based MSP, iterative MSP introdaces
additional event cost In other words, reprocessing does not
actually repeat the scan physically. Evaluation resultSen-
tion 8 will show that iterative MSP contributes noticeabty t
a lower localization error. Empirical results show thatat
iterations, improvements become less signi cant. In sumyma
iterative processing can achieve better performance with o
a small computation overhead.

5.3 Distribution-Based Estimation
After determining the location area polygon for each node,
estimation is needed for a nal decision. Previous research

[10] which minimizes average error. If every node is indepen
dent of all others, COG is the statistically best solutiom. |
SP, however, each node may not be independent. For exam-
ple, two neighboring nodes in a certain sequence could have
overlapping polygon areas. In this case, if the marginabaro
bility of joint distribution is used for estimation, bettstatisti-

gal results are achieved.

Figure 6 shows an example in which node 1 and node 2 are
located in the same polygon. If COG is used, both nodes are
localized at the same position (Figure 6(a)). However, thaen
sequences obtained from two scans indicate that node 1dshoul
be to the left of and above node 2, as shown in Figure 6(b).

The high-level idea of distribution-based estimation pro-
posed for MSP, which we caBE MSP, is illustrated in Fig-
ure 7. The distributions of each node underithescan (for the
ith node sequence) are estimatedchade.vmapli] which is a
data structure for remembering the marginal distributigero
scani. Then all thevmaps are combined to get a single map

of three scans that have provided three sequences. Now if weand weighted estimation is used to obtain the nal location.

process the sequence (8,1,5,A,6,C,4,3,7,2,B,9) obtdmoed

For each scan, all the nodes are sorted according tgahe

scan 1 again, we can make progress, as shown in Figure 5which is the diameter of the polygon along the direction @f th

The reprocessing of the node sequence 1 provides informatio

in the way an additional vertical scan would. From sequence-

scan, to produce a second, gap-based node sequence. Then,
the estimation starts from the node with the smallest gajs Th

based MSP, we know that the upper boundaries of nodes 3 ands because it is statistically more accurate to assume aramif
4 along the scan direction must not extend beyond the upperdistribution of the node with smaller gap. For each node pro-

boundary of node 7, therefore the grid parts can be elimihate

cessed in order from the gap-based node sequence, either if
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Figure 9. Basic Architecture of Adaptive MSP
ek
Figure 8. Four Cases in DBE Process E NN

no neighbor node in the original event-based node sequence k3

shares an overlapping area, or if the neighbors have not been
processed due to bigger gaps, a uniform distributiorform()

is applied to thissolatednode (theAlonecase in Figure 8).

If the distribution of its neighbors sharing overlappedarbas
been processed, we calculate the joint distribution fonthae.

As shown in Figure 8, there are three possible cases depend-
ing on whether the distribution of the overlapping predeoes
and/or successor nodes have/has already been estimated.

n

ke ks

Weightk’) f(D,, (K'.k™) D, 2—

e
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Figure 10. Candidate Slops for Node 3 at Anchor 1

The estimation's strategy of starting from the most aceurat overall system error is reduced mostly by splitting the
node 6mallest gamode) reduces the problem of estimation er- larger areas.
ror propagation. The results in the evaluation sectionciae The vote for each candidate event is also weighted accord-
that applying distribution-based estimation could givatisti- ing to itselimination ef ciencyfor a location area, which
cally better results. is de ned as how equally in size (or in diameter) an event
5.4 Adaptive MSP can cut an area. In other words, an optimal scan event

So far, all the enhancements to basic MSP focus on improv- cuts an area in the middle, since this cut shrinks the area
ing the multi-sequence processing algorithm gieexed set quickly and thus reduces localization uncertainty quickly

of scan directions All these enhancements require only more Combining the above two aspects, the weight for each vote
computing time without any overhead to the sensor nodes. Ob-is computed according to the following equation (1):

viously, it is possible to have some choice and optimization ] i . Lopt

how events are generated. For example, in military sitnatio Weigh(k) = f(Di;4 (ki;ki™)) 1)
artillery or rocket-launched mini-ultrasound bombs caubed i . :
for event generation at some selected locations. In adaptiv < IS N0del's jth supporting parameter for next ev?ntgenera-
MSP, we carefully generate each new localization event so astion; D; is diameter of nodés location areas (k/;k’") is the

to maximize the contribution of the new event to the re nemen  distancebetweerk! and the optimal parametk;\l‘?pt for nodei,

of localization, based on feedback from previous events. which should be de ned to t the speci ¢ application.

Figure 9 depicts the basic architecture of adaptive MSP.  Figure 10 presents an example for node 1's voting for the
Through previous localization events, the whole map has bee slopes of the next straight-line scan. In the system, there
partitioned into many small location areas. The idea of adap are a xed number of candidate slopes for each scan (e.g.,
tive MSP is to generate the next localization event to aghiev ki;ky;ks;ks:::). The location area of target node 3 is shown
best-effort eliminationwhich ideally could shrink the location  in the gure. The candidate everi$; k3; k3; k3; k3; kS are eval-
area of individual node as much as possible. uated according to their effectiveness compared to thenapti

We use anveighted voting mechanisio evaluate candidate ideal event which is shown as a dotted line with appropriate
localization events. Every node wants the next eventtoigpli  weights computed according to equation (1). For this spe-
area evenly, which would shrink the area fast. Thereforeryev  ci c example, as is illustrated in the right part of Figure,10
node votes for the parameters of the next event (e.g., the sca f(D;; 4 (kij;k?pt)) is de ned as the following equation (2):
anglek of the straight-line scan). Since the area map is main-

]tcalned centrally, the vote igrtually done and there is no need Weigh(k!) = £(Di;4 (k';K°P") = D; Ssmall @)

or the real sensor nodes to participate in it. After gatigpall Sarge

the election. There are two factors that determine the weigh Sl andSiage are the sizes of the smaller part and larger
’ part of the area cut by the candidate line respectively. i th

each vote: case, node 3 votes 0 for the candidate lines that do not deoss i
The vote for each candidate event is weighted accordingarea sinc&;ma) = 0.
to the diameteb of the node's location area. Nodes with We show later that adaptive MSP improves localization ac-
bigger location areas speak louder in the voting, becausecuracy in WSNs with irregularly shaped deployment areas.




5.5 Overhead and MSP Complexity Analysis - T~

This section provides a complexity analysis of the MSP de-
sign. We emphasize that MSP adopts an asymmetric design in
which sensor nodes need only to detect and report the events.
They are blissfully oblivious to the processing methods- pro
posed in previous sections. In this section, we analyzedhe c
putational cost on the node sequence processing side, where
resources are plentiful.

According to Algorithm 1, the computational complexity of
Basic MSP isO(d N S), and the storage space required is
O(N 9), whered is the number of event is the number of
target nodes, an8lis the area size.

According to Algorithm 2, the computational complexity of
both sequence-based MSP and iterative MSB(isd N S,

wherec is the number of iterations ancl= 1 for sequence- Figure 11. Example of Wave Propagation Situation

based MSP, and the storage space requiredhs S). Both the

computational complexity and storage space are equalmathi Under the situation of line-of-sight, we allow obstacles to

constant factor to those of basic MSP.~ re ect or de ect the wave. Re ection and de ection are

~ The computational complexity of the distribution-based es not problems because each node reacts only to the rst
timation (DBE MSP) is greater. The major overhead comes  detected event. Those re ected or de ected waves come
from the computation of joint dlst(lbut|0ns when both pre- later than the line-of-sight waves. The only thing the sys-

decessor and successor nodes exit. In order to compute the  tem needs to maintain is an appropriate time interval be-
marginal probability, MSP needs to enumerate the locatiéns tween two successive localization events.

the predecessor node and the successor node. For example,
if node A has predecessor no@eand successor nodg then
the marginal probabilitya(x;y) of nodeA's being at location

(xy) is:

We assume that background noise exists, and therefore we
run a band-pass lter to listen to a particular wave fre-
guency. This reduces the chances of false detection.

1 The parameter that affects the localization event gerwerati
PAxY)= Adaa& —— PRsi;j) Pe(mn) (3) here is thesource location of the eventThe different dis-
i § mn Nsac tances between each node and the event source determine the
. ) . o rank of each node in the node sequence. Using the node se-
Ng;ac is the number of valid locations for A satisfying the quences, the MSP algorithm divides the whole area into many
sequence (B, A, C) wheB is at (i;]) andC is at (m;n); non-rectangular areas as shown in Figure 11. In this gure,
Pa(i; ) is the available probability of node B's being located the stars represent two previous event sources. The peeviou
at(i; J); Pe(m;n) is the available probability of node C's be-  two propagations split the whole map into many areas by those
ing located a{m;n). A naive algorithm to compute equation dashed circles that pass one of the anchors. Each node is lo-
(3) has complexityd(d N S°). However, since the marginal cated in one of the small areas. Since sequence-based MSP,
probability indeed comes from only one dimension along the iterative MSP and DBE MSP make no assumptions about the
scanning direction (e.g., a line), the complexity can beiced type of localization events and the shape of the area, akthr
to O(d N St after algorithm optimization. In addition, the  optimization algorithms can be applied for the wave propaga
nal location areas for every node are much smaller than the tion scenario.

original eld S therefore, in practice, DBE MSP can be com-  However, adaptive MSP needs more explanation. Figure 11
puted much faster thaB(d N S*°). illustrates an example of nodes' voting for next event seurc
6 Wave Propagation Example Iocat[ons. UnIikg the straight-line scan, the criticalepaetgar

. . now is the location of the event source, because the distance
So far, the description of MSP has been solely in the con- payeen each node and the event source determines the rank of

text of straight-line scan. However, we note that MSP is con- {he node in the sequence. In Figure 11, if the next event break
ceptually independent of how the event is propagated as longg ¢ along/near the solid thick gray line, which perpendiciyl

as node sequences can be obtained. Clearly, we can also SURjisects the solid dark line between anchor C and the center of

port wavgl-propagationibasedhe_Vﬁnts (e.gl., uItrasg_un BRO®  gravity of node 9's area (the gray area), the wave would reach
tion, air blast propagation), which are polar coordinateed  5nchor C and the center of gravity of node 9's area at roughly
alences of the line scans in the Cartesian coordinate systtMi,o same time. which would relatively equally divide node 9"

This section illustrates the effects of MSP's implememiain area. Therefore, node 9 prefers to vote for the positionsrato
the wave propagation-based situation. For easy modelirg,  ihe thick gray line.

have made the following assumptions:

The wave propagates uniformly in all directions, there- / Practical Deployment Issues

fore the propagation has a circle frontier surface. Since For the sake of presentation, until now we have described
MSP does not rely on an accurate space-time relationship,MSP in an ideal case where a complete node sequence can be
a certain distortion in wave propagationis tolerable. ffan obtained with accurate time synchronization. In this secti
directional wave is used, the propagation frontier surface we describe how to make MSP work well under more realistic
can be modi ed accordingly. conditions.



7.1 Incomplete Node Sequence

For diverse reasons, such as sensor malfunction or natural
obstacles, the nodes in the network could fail to detectl{oca
ization events. In such cases, the node sequence will not be
complete. This problem has two versions:

Anchor nodes are missing in the node sequence

If some anchor nodes fail to respond to the localization
events, then the system has fewer anchors. In this case,
the solution is to generate more events to compensate for
the loss of anchors so as to achieve the desired accuracy
requirements.

Target nodes are missing in the node sequence

There are two consequences when target nodes are miss+igure 12. Node Sequence without Time Synchronization
ing. First, if these nodes are still be useful to sensing ap-
plications, they need to use other backup localization ap-
proaches (e.g., Centroid) to localize themselves with help
from their neighbors who have already learned their own

accuracy of the system would decrease.
The other problem is the sequence ip problem. As shown
. . . in Figure 12 (c), because node 2 and node 3 are too close to
fgfﬁ'%g%g?r:nth'\gssz ﬁgﬁggdr% S'ggﬁt rlirt])uat‘g\gnt%eed o'\\fesrzlleach other along the scan direction, they detect the scan al-
q Y most simultaneously. Due to the uncertainty such as media

system accuracy, dropping of target nodes fr_om_sequencesaccess delay, two messages could be transmitted out of order
could also reduce the accuracy of the localization. Thus,

; . For example, if node 3 sends out its report rst, then the orde
proper compensation procedures such as adding more IO'of node Zpand node 3 gets ipped in th% nal node sequence.
callzat|0|r_1 evgnts ne:\ek(]j to be_launched. hronizati The sequence ip problem would appear even in an accurately
7.2 Localization without Time Synchronization synchronized system due to random jitter in node detection i

In a sensor network without time synchronization support, an event arrives at multiple nodes almost simultaneously. A
nodes cannot be ordered into a sequence using timestamps. Fonethod addressing the sequence ip is presented in the next

such cases, we proposdisten-detect-assemble-repgntoto- section.

col, which is able to function independently without timeasy . .

chronization. 7.3 Sequence Flip and Protection Band
listen-detect-assemble-reparquires that every node lis- Sequence ip problems can be solved with and without

tens to the channel for the node sequence transmitted feom it time synchronization. We rstly start with a scenario apply
neighbors. Then, when the node detects the localizationteve ing time synchronization. Existing solutions for time shine-

it assembles itself into the newest node sequence it had hearnization [12, 6] can easily achieve sub-millisecond-leaeu-

and reports the updated sequence to other nodes. Figure 1facy. For example, FTSP [12] achieves 1&@microsecond)

(a) illustrates an example for thisten-detect-assemble-report average error for a two-node single-hop case. Therefore, we
protocol. For simplicity, in this gure we did not differeiatte can comfortably assume that the network is synchronized wit
the target nodes from anchor nodes. A solid line between two maximum error of 1000s. However, when multiple nodes are
nodes stands for a communication link. Suppose a straight li located very near to each other along the event propagéition d
scans from left to right. Node 1 detects the event, and then itrection, even when time synchronization with less than 1ms
broadcasts the sequence (1) into the network. Node 2 and noderror is achieved in the network, sequence ip may still accu

3 receive this sequence. When node 2 detects the event, nodeor example, in the sound wave propagation case, if two nodes
2 adds itself into the sequence and broadcasts (1, 2). The seare less than 0.34 meters apart, the difference between thei
guence propagates in the same direction with the scan amshowdetection timestamp would be smaller than 1 millisecond.

in Figure 12 (a). Finally, node 6 obtains a complete sequence We nd that sequence ip could not only damage system ac-

(1,2,3,5,7,4,6). curacy, but also might cause a fatal error in the MSP algarith
In the case of ultrasound propagation, because the eventigure 13 illustrates both detrimental results. In thedafe of
propagation speed is much slower than that of radiolisten- Figure 13(a), suppose node 1 and node 2 are so close to each

detect-assemble-repoprotocol can work well in a situation  other that it takes less than 0.5ms for the localization et@n
where the node density is not very high. For instance, if the propagate from node 1 to node 2. Now unfortunately, the node
distance between two nodes along one direction is 10 meterssequence is mistaken to be (2,1). So node 1 is expected to be
the 340m/s sound needs 29.4ms to propagate from one nodéocated to the right of node 2, such as at the position of the
to the other. While normally the communication data rate is dashed node 1. According to the elimination rule in sequence
250Kbps in the WSN (e.g., CC2420 [1]), it takes only about based MSP, the left part of node 1's area is cut off as shown in
2 3 msto transmit an assembled packet for one hop. the right part of Figure 13(a). This is a potentially fatadogy

One problem that may occur using tHesten-detect- because node 1 is actually located in the dashed area wtsch ha
assemble-reportprotocol is multiple partial sequences as been eliminated by mistake. During the subsequent elimina-
shown in Figure 12 (b). Two separate paths in the network maytions introduced by other events, node 1's area might beftut o
result in two sequences that could not be further combined. | completely, thus node 1 could consequently be erased frem th
this case, since the two sequences can only be processed as semap! Evenin cases where node 1 still survives, its arealfctua
arate sequences, some order information is lost. Therdfere does not cover its real location.
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Figure 13. Sequence Flip and Protection Band

Another problem is not fatal but lowers the localization ac-

8 Simulation Evaluation

Our evaluation of MSP was conducted on three platforms:
(i) an indoor system with 46 MICAz motes using straight-line
scan, (ii) an outdoor system with 20 MICAz motes using sound
wave propagation, and (iii) an extensive simulation undei-v
ous kinds of physical settings.

In order to understand the behavior of MSP under nu-
merous settings, we start our evaluation with simulations.
Then, we implemented basic MSP and all the advanced
MSP methods for the case where time synchronization is
available in the network. The simulation and implemen-
tation details are omitted in this paper due to space con-
straints, but related documents [25] are provided online at
http://www.cs.umn.eduzhong/MSPFull implementation and
evaluation of system without time synchronization are gédte
completed in the near future.

In simulation, we assume all the node sequences are perfect
so as to reveal the performance of MSP achievable in the ab-
sence of incomplete node sequences or sequence ips. In our

curacy. If we get the right node sequence (1,2), node 1 has asimulations, all the anchor nodes and target nodes are assum
new upper boundary which can narrow the area of node 1 as into be deployed uniformly. The mean and maximum errors are
Figure 3. Due to the sequence ip, node 1 loses this new upperaveraged over 50 runs to obtain high con dence. For legybili

boundary.

reasons, we do not plot the con dence intervals in this paper
All the simulations are based on the straight-line scan gtam

In order to address the sequence ip problem, especially to \ye implement three scan strategies:
prevent nodes from being erased from the map, we propose

a protection bandcompensation approach. The basic idea of
protection bands to extend the boundary of the location area
a little bit so as to make sure that the node will never be érase
from the map. This solution is based on the fact that nodes
have a high probability of ipping in the sequence if they are
near to each other along the event propagation direction. If

two nodes are apart from each other more than some distance,

say, B, they rarely ip unless the nodes are faulty. The width
of a protection ban@®, is largely determined by the maximum
error in system time synchronization and the localizaticené
propagation speed.

Figure 13(b) presents the application of ghetection band
Instead of eliminating the dashed part in Figure 13(a) fateno
1, the new lower boundary of node 1 is set by shifting the orig-
inal lower boundary of node 2 to the left by distari&eln this
case, the location area still covers node 1 and protectsrit fr
being erased. In a practical implementation, supposinghiea
ultrasound event is used, if the maximum error of system time
synchronization is 1ms, two nodes might ip with high prob-
ability if the timestamp difference between the two nodes is
smaller than or equal tomdls Accordingly, we set the protec-
tion band B as 0.34m (the distance sound can propagate withi
1 millisecond). By adding the protection band, we reduce the
chances of fatal errors, although at the cost of localinatio-
curacy. Empirical results obtained from our physical test
veri ed this conclusion.

In the case of using thesten-detect-assemble-repgutoto-

col, the only change we need to make is to select the protectio
band according to the maximum delay uncertainty introduced
by the MAC operation and the event propagation speed. To
bound MAC delay at the node side, a node can drop its report
message if it experiences excessive MAC delay. This cosivert
the sequence ip problem to the incomplete sequence prablem
which can be more easily addressed by the method proposed in
Section 7.1.

Random Scan: The slope of the scan line is randomly cho-
sen at each time.

Regular Scan: The slope is predetermined to rotate uni-
formly from O degree to 180 degrees. For example, if the
system scans 6 times, then the scan angles would be: 0,
30, 60, 90, 120, and 150.

Adaptive Scan: The slope of each scan is determined
based on the localization results from previous scans.

We start with basic MSP and then demonstrate the perfor-
mance improvements one step at a time by adding (i) sequence-
based MSP, (ii) iterative MSP, (iii) DBE MSP and (iv) adaptiv

8.1 Performance of Basic MSP

The evaluation starts with basic MSP, where we compare the
performance of random scan and regular scan under different
con gurations. We intend to illustrate the impact of the rgn
of anchordM, the number of scarg, and target node density
(number of target nodds in a xed-size region) on the local-
ization error. Table 1 shows the default simulation paranset
The error of each node is de ned as the distance between the
estimated location and the real position. We note that by de-

Yault we only use three anchors, which is considerably fewer

than existing range-free solutions [8, 4].

Impact of the Number of Scans:In this experiment, we com-
pare regular scan with random scan under a different number
of scans from 3 to 30 in steps of 3. The number of anchors

Table 1. Default Con guration Parameters

Parameter Description
Field Area 200 200 (Grid Unit)
Scan Type Regular (Default)/Random Scan
Anchor Number 3 (Default)
Scan Times 6 (Default)
Target Node Number| 100 (Default)
Statistics Error Mean/Max
Random Seeds 50 runs




Mean Error and Max Error VS Scan Time Mean Error and Max Error VS Anchor Number Mean Error and Max Error VS Target Node Number

£y 60 70

—4&— Max Error of Random Scan —&— Max Error of Random Scan

8ol —E&— Max Error of Regular Scan —E&— Max Error of Regular Scan
—6— Mean Error of Random Scan 5ol —6— Mean Error of Random Scan 60

Mean Error of Regular Scan Mean Error of Regular Scan
—&— Max Error of Random Scan
—&— Max Error of Regular Scan

r 401 50 al
[ § 40
30 Il
r 201 30 §l
201
ol 20 o_,_e__e__e—w ]
10f

Error
Error

—6— Mean Error of Random Scan|
Mean Error of Regular Scan

| R
0 0 10
0 5 10 20 25 30 o 5 10 15 20 25 30 0 50 100 150 200
Anchor Number Target Node Number

15
Scan Time

(a) Error vs. Number of Scans (b) Error vs. Anchor Number (c) Error vs. Number of Target Nodes
Figure 14. Evaluation of Basic MSP under Random and Regular &ns
Basic MSP VS Sequence Based MSP |1 Basic MSP VS Sequence Based MSP | Basic MSP VS Sequence Based MSP III

70 50 55
—6— Max Error of Basic MSP —6— Max Error of Basic MSP
—&— Max Error of Seq MSP 451 —&— Max Error of Seq MSP 50
60~ | —&— Mean Error of Basic MSP —6— Mean Error of Basic MSP
Mean Error of Seq MSP a0 Mean Error of Seq MSP 5

- | =—— Max Error of Basic MSP ||
—&— Max Error of Seq MSP
+| —@— Mean Error of Basic MsP ||
Mean Error of Seq MSP

2 ®w
5 ]
sor 20/ 2 W 1
200 15 20 .
101 151 00— 1
10
st 10 .

o I I i L i o I I
0 5 10 20 25 30 0 5 10

351 . 40

30

Error
Error

L L i 5
20 25 30 0 50 100 150 200

15 15
Scan Time Anchor Number Target Node Number

(a) Error vs. Number of Scans (b) Error vs. Anchor Number (c) Error vs. Number of Target Nodes
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is 3 by default. Figure 14(a) indicates the following: (i) as different numbers of anchors and scan events. This is becaus
the number of scans increases, the localization error deese  regular scans uniformly eliminate the map from differeméedi
signi cantly; for example, localization errors drop mottah tions, while random scans would obtain sequences with redun
60% from 3 scans to 30 scans; (ii) statistically, regulansca dant overlapping information, if two scans choose two smil
achieves better performance than random scan under identic scanning slopes.

number of scans. However, the performance gap reduces ag - Improvements of Sequence-Based MSP
the number of scans increases. This is expected since a large This section evaluates the bene ts of exploiting the order

number of random numbers converges to a uniform distribu- information amona taraet nodes by comparing sequencadbase

tion. Figure 14(a) also demonstrates that MSP requires onIyMSP with basic I\/?SP %n this and ¥he foIFI)owing sgctions req-

a small number of anchors to perform very well, compared to . e . 9 1S, reg
ular scan is used for straight-line scan event generatidre T

existing range-free solutions [8, 4]. X h
_ . ) purpose of using regular scan is to keep the scan events and
Impact of the Number of Anchors: In this experiment, we  the node sequences identical for both sequence-based MISP an

compare regular scan with random scan under different num-psic MSP, so that the only difference between them is the se-
ber of anchors from 3 to 30 in steps of 3. The results shown in g ence processing procedure.

Figure 14(b) indicate that (i) as the number of anchor nOdeslmpact of the Number of Scans: In this experiment, we

increases, the localization error decreases, and (ijsstat  4mpare sequence-based MSP with basic MSP under different
cally, regular scan obtains better results than randomw@an —  mher of scans from 3 to 30 in steps of 3. Figure 15(a) indi-
identical number of anchors. By combining Figures 14(3) cates signi cant performance improvement in sequencedas
and 14(b), we can conclude that MSP allows a exible tradeoff y\1sp oyer basic MSP across all scan settings, especially when
between physical cost (anchor nodes) and soft cost (I@ealiz e nymber of scans is large. For example, when the number
tion events). of scans is 30, errors in sequence-based MSP are about 20%
Impact of the Target Node Density: In this experiment, we  of that of basic MSP. We conclude that sequence-based MSP
con rm that the density of target nodes has no impact on the performs extremely well when there are many scan events.
accuracy, which motivated the design of sequence-based MSAimpact of the Number of Anchors: In this experiment, we

In this experiment, we compare regular scan with random scanyse different number of anchors from 3 to 30 in steps of 3. As
under different number of target nodes from 10 to 190 in stepSseen in Figure 15(b), the mean error and maximum error of
of 20. Results in Figure 14(c) show that mean localization er sequence-based MSP is much smaller than that of basic MSP.
rors remain constant across different node densities. Menve  Especially when there is limited number of anchors in the sys
when the n.umber of target nodes increases, the average maxiem, e.g., 3 anchors, the error rate was almost halved by us-
mum error increases. ing sequence-based MSP. This phenomenon has an interesting
Summary: From the above experiments, we can conclude that explanation: the cutting lines created by anchor nodes»are e

in basic MSP, regular scan are better than random scan undeploited by both basic MSP and sequence-based MSP, so as the
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number of anchor nodes increases, anchors tend to dominat®SP could bring about statistically better performancey- Fi
the contribution. Therefore the performance gaps lessens. ure 17 presents cumulative distribution localization esrdn
Impact of the Target Node Density: Figure 15(c) demon-  general, the two curves of the DBE MSP lay slightly to the left
strates the bene ts of exploiting order information amoagt  of that of non-DBE MSP, which indicates that DBE MSP has
get nodes. Since sequence-based MSP makes use of the ira smaller statistical mean error and averaged maximum error
formation among the target nodes, having more target nodeghan non-DBE MSP. We note that because DBE is augmented
contributes to the overall system accuracy. As the number ofon top of the best solution so far, the performance improve-
target nodes increases, the mean error and maximum error ofnent is not signi cant. When we apply DBE on basic MSP
sequence-based MSP decreases. Clearly the mean error in banethods, the improvement is much more signi cant. We omit
sic MSP is not affected by the number of target nodes, as showrthese results because of space constraints.

in Figure 15(c). _ 8.5 Improvements of Adaptive MSP

Summary: From the above experiments, we can conclude that s section illustrates the performance of adaptive MSP
exploiting order information among target nodes can improv  ,ar non-adaptive MSP. We note that feedback-based adapta-
accuracy signi cantly, especially when the number of €888t (i5y can be applied to all MSP methods, since it affects only
large but with few anchors. the scanning angles but not the sequence processing. In this

8.3 lterative MSP over Sequence-Based MSP experiment, we evaluated how adaptive MSP can improve the
In this experiment, the same node sequences were processeRfSt Solution so far. The default angle granularity (step) f

iteratively multiple times. In Figure 16, the two single kgr ~ 2daptive searching is 5 degrees. _

are results from basic MSP, since basic MSP doesn't perform!Mmpact of Area Shape: First, if system settings are regular,

iterations. The two curves present the performance of-itera the adaptive method hardly contributes to the results. For a

tive MSP under different numbers of iterationsiVe note that ~ Square area (regular), the performance of adaptive MSP and

when only a single iteration is used, this method degrades tor€gular scans are very close. However, if the shape of tte are

sequence-based MSP. Therefore, Figure 16 compares tlee threS not regular, adaptive MSP helps to choose the appropriate
methods to one another. localization events to compensate. Therefore, adaptiv® MS

Figure 16 shows that the second iteration can reduce thec@n achieve a better mean error and maximum error as shown

mean error and maximum error dramatically. After that, the " Figure 18(a). For eﬁample, adaptive MSP improves local-
performance gain gradually reduces, especially wbens. ization accuracy by 30% when the number of target nodes is
This is because the second iteration allows earlier scaes-to ~ 10- N

ploit the new boundaries created by later scans in the estit 'mpact of the Target Node Density: Figure 18(a) shows that

ation. Such exploitation decays quickly over iterations. when the node density is low, adaptive MSP brings more ben-
e t than when node density is high. This phenomenon makes

8.4 DBE MSP over lterative MSP statistical sense, because law of large numberlls us that
Figure 17, in which we augment iterative MSP with node placement approaches a truly uniform distributionrwhe
distribution-based estimation (DBE MSP), shows that DBE the number of nodes is increased. Adaptive MSP has an edge
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Figure 20. The 20-node Outdoor Experiments (Wave)

Figure 19. The Mirage Testbed (Line Scan)

when layout is not uniform. the system. In general, with increasing scanning speecsnod
Impact of Candidate Angle Density: Figure 18(b) shows that  have less time to respond to the event and the time gap between
the smaller the candidate scan angle step, the better timista two adjacent nodes shrinks, leading to an increasing nuofber
cal performance in terms of mean error. The rationale igclea partial sequences and sequence ips.

as wider candidate scan angles provide adaptive MSP more op- Figure 21 shows the node ip situations for six scans with
portunity to choose the one approaching the optimal angle.  distinct angles under different scan speeds. The x-axiwsho
8.6 Simulation Summary the distance between the ipped nodes in the correct node se-

Starting from basic MSP, we have demonstrated step-by-duence. y-axis shows the total numbe_:r of ipsin the six scans
step how four optimizations can be applied on top of eachrothe This gure tells us that faster scan brings in not only increa
to improve localization performance. In other words, these ~ INg number of ips, but also longer-distance ips that recpii
timizations are compatible with each other and can jointly i ~ Wider protection band to prevent from fatal errors.
prove the overall performance. We note that our simulations ~ Figure 22(a) shows the effectiveness of the protection band
were done under assumption that the complete node sequenc® terms of reducing the number of unlocalized nodes. When
can be obtained without sequence ips. In the next sectian, w We use a moderate scan speed (4.3feet/s), the chance afgppi

present two real-system implementations that reveal and ad IS rare, therefore we can achieve 0.45 feet mean accuragy (Fi
dress these practical issues. ure 22(b)) with 1.6 feet maximum error (Figure 22(c)). With

. increasing speeds, the protection band needs to be settea la

9 Sy.Stem_Evaluatlon . ) value to deal with ipping. Interesting phenomena can be ob-

In this section, we present a system implementation of MSP geryed in Figures 22: on one hand, the protection band can
on two physical test-beds. The rst one is called Mirage, a gharply reduce the number of unlocalized nodes; on the other
large indoor test-bed composed of six 4-foot by 8-footbeard a3, protection bands enlarge the area in which a targdtiwou
illustrated in Figure 19. Each board in the system can be usedyqtentially reside, introducing more uncertainty. Thusréhis
as an individual sub-system, which is powered, controltedl & 5 concave curve for both mean and maximum error when the
metered separately. Three Hitachi CP-X1250 projectons; cO  gogn speed is at 8.6 feet/s.
nected through a Matorx Triplehead2go graphics expansion9 12 OnMSP Methods and Protection Band

box, are used to create an ultra-wide integrated display»on s . . ) .
boards. Figure 19 shows that a long tilted line is generaged b . In this experiment, we show the improvements resulting
the projectors. We have implemented all ve versions of MSp from three different methods. Figure 23(a) shows that a pro-

on the Mirage test-bed, running 46 MICAz motes. Unless men- tection band_of 0.35 feet is suf cient for the scan sp"eed of
tioned otherwise, the default setting is 3 anchors and 6ssgan ~ 8-27feet/s. Figures 23(b) and 23(c) show clearly thatfiteza

the scanning line speed of 8.6 feet/s. In all of our graphsh ea MSP (with adaptation) achieves best performance. For exam-
data point represents the average value of 50 trials. Inabe o P'€, Figures 23(b) shows that when we set the protection band
door system, a Dell A525 speaker is used to generate 4.7KHZzat 005 feet, iterative MSP achieves 0.7 feet accuracy, twhic
sound as shown in Figure 20. We place 20 MICAz motes in the IS 42% more accurate than the basic design. Similarly, Fig-
backyard of a house. Since the location is not completelpope  Ures 23(b) and 23(c) show the double-edged effects of protec

sound waves are re ected, scattered and absorbed by variou&on band on the localization accuracy.

ObjECts in the ViCinity! CaUSing a multl—path effeCt' In 3'3‘5' (1) Flip Distribution for 6 Scans at Line Speed of 4.3feets
tem evaluation, simple time synchronization mechanisras ar aof ‘ ‘ ‘
applied on each node. é—zol.

9.1 Indoor System Evaluation o ‘ ‘ ‘

During indoor experiments, we encountered several real- % o) FipDitition o' Scan i Line Speed o B6teets
world problems that are not revealed in the simulation. tFirs Lo ‘ ‘ ‘
sequences obtained were partial due to misdetection and mes £ 2o—l :
sage losses. Second, elements in the sequences could ip due o5 - - — >
to detection delay, uncertainty in media access, or errtme (9 FipDistibuion or 6 Seans a Line Speed of 14 el
synchronization. We show that these issues can be addressed LT ]
by using theprotection bandnethod described in Section 7.3. i 20 III ]
9.1.1 On Scanning Speed and Protection Band % 5 w0 s 20

Node Distance in the Ideal Node Sequence

In this experiment, we studied the impact of the scanning ) ) )
speed and the length of protection band on the performance of Figure 21. Number of Flips for Different Scan Speeds
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Figure 24. Impact of the Number of Anchors and Scans

9.1.3 On Number of Anchors and Scans
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9.2 Outdoor System Evaluation

. . The outdoor system evaluation contains two parts: (i) ef-
In this experiment, we show a tradeoff between hardware fective detection distance evaluation, which shows that th

cost (anchors) with soft cost (events). Figure 24(a) shboas t
with more cutting lines created by anchors, the chance af-unl

node sequence can be readily obtained, and (ii) sound prop-
agation based localization, which shows the results of wave

calized nodes increases slightly. We note that with a 0.86 fe  yrgpagation-based localization.

protection band, the percentage of unlocalized nodes i ver

small, e.g., in the worst-case with 11 anchors, only 2 outtof 4 9.2.1  Effective Detection Distance Evaluation

nodes are not localized due to ipping. Figures 24(b) anat24(

We rstly evaluate the sequence ip phenomenon in wave

show the tradeoff between number of anchors and the numbepropagation. As shown in Figure 25, 20 motes were placed as

of scans. Obviously, with the number of anchors increabes, t

ve groups in front of the speaker, four nodes in each group

error drops signi cantly. With 11 anchors we can achieve-alo at roughly the same distances to the speaker. The gap between

calization accuracy aslowa2b 0:35feet, whichis nearly a
60% improvement. Similarly, with increasing number of san

each group is setto be 2, 3, 4 and 5 feet respectively in four ex
periments. Figure 26 shows the results. The x-axis in edeh su

the accuracy drops signi cantly as well. We can observe abou graph indicates the group index. There are four nodes in each
30% across all anchor settings when we increase the number ofjroup (4 bars). The y-axis shows the detection rank (order)
scans from 4 to 8. For example, with only 3 anchors, we can of each node in the node sequence. As distance between each

achieve 0.6-foot accuracy with 8 scans.

group increases, number of ips in the resulting node seqgeen
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decreases. For example, in the 2-foot distance subgragie, th
are quite a few ips between nodes in adjacent and even non-
adjacent groups, while in the 5-foot subgraph, ips between
different groups disappeared in the test.

9.2.2 Sound Propagation Based Localization

As shown in Figure 20, 20 motes are placed as a grid includ-
ing 5 rows with 5 feet between each row and 4 columns with
4 feet between each column. Six 4KHz acoustic wave propa-
gation events are generated around the mote grid by a speakerg
Figure 27 shows the localization results using iterativePMS
(3 times iterative processing) with a protection band ofé&.fe
The average error of the localization results is 3 feet aed th
maximum error is 5 feet with one un-localized node.

We found that sequence ip in wave propagation is more
severe than that in the indoor, line-based test. This isergde  [10]
due to the high propagation speed of sound. Currently we use
MICAz mote, which is equipped with a low quality micro- [11]
phone. We believe that using a better speaker and more events
the system can yield better accuracy. Despite the hardware ¢

(4]

(5]
(6]

(7]

El

12
strains, the MSP algorithm still successfully localizedstnaf (2
the nodes with good accuracy. [13]
10 Conclusions [14]

In this paper, we present the rst work that exploits the con-
cept ofnode sequengarocessing to localize sensor nodes. We [15]
demonstrated that we could signi cantly improve localiaat
accuracy by making full use of the information embedded in (16]
multiple easy-to-get one-dimensional node sequences.rive p (17]
posed four novel optimization methods, exploiting orded an
marginal distribution among non-anchor nodes as well as thejig)
feedback information from early localization results. lmp
tantly, these optimization methods can be used togethdr, an [19]
improve accuracy additively. The practical issues of pérti
node sequence and sequence ip were identi ed and addressed®”
in two physical system test-beds. We also evaluated perfor-
mance at scale through analysis as well as extensive simulaf21]
tions. Results demonstrate that requiring neither cosihg-h
ware on sensor nodes nor precise event distribution, MSP can
achieve a sub-foot accuracy with very few anchor nodes pro—[zz]

vided suf cient events. [23]
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