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Abstract

The circular sensing model has been widely used to es-

timate performance of sensing applications in existind-ana

ysis and simulations. While this model provides valuable

high-level guidelines, the quantitative results obtaingaly
not re ect the true performance of these applications, due t
the existence of obstacles and sensing irregularity inited
by insuf cient hardware calibration. In this project, we
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1 Introduction

Wireless sensor networks are envisioned to support vari-
ety of applications such as military surveillance [3, 18,26
habitat monitoring [4, 7, 32], infrastructure protecti@vV]

design and implement two Sensing Area Modeling (SAM) and scienti ¢ exploration [34]. As a bridge to the physical
techniques useful in the real world. They complement eachworld, sensing is an indispensable elements of many sensor

other in the design space. P-SAM provides accusatesing
area modeldor individual nodes using controlled or moni-
tored events, while V-SAM provides continuaensing sim-
ilarity modelsusing natural events in an environment. With

network systems. Compared to the diversi ed solutions pro-
duced for communication among sensor nodes, research on
sensing coverage still has considerable room for improve-
ment. One well-known but largely ignored issue is sensing

these two models, we pioneer an investigation of the impactirregularity. It has been known for years that sensing paste

of sensing irregularity on application performance, sugh a are not regular [9, 14, 15, 22], but researchers still camtin
coverage scheduling. We evaluate SAM extensively in real- to develop, simulate, and analyze sensor network protocols
world settings, using three testbeds consisting of 40 MICAz that utilize a simpli ed theoretical sensing coverage mode
motes and 14 XSM motes. To study the performance at scale[1, 6, 10, 16, 19, 23, 24, 31, 33, 35, 38], in which the sensing
we also provide an extensive 1,400-node simulation. Evalu- boundary is represented by a circle (a sphere in 3D) cen-

ation results reveal several serious issues concernicgair

tered by a sensor. We acknowledge that the results based on

models, and demonstrate signi cantimprovementsin sévera this simplifying assumption could reveal high-level irtsig,

applications when SAM is used instead.

Categories and Subject Descriptors

[.6.5 [Simulation and Modeling]: Model Develop-
ment—modeling methodologies

General Terms
Measurement, Performance, Design, Experimentation
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but that such assumptions often lead to the all-too-common
problem that solutions developed by simulation and anglysi
do not work as expected in the real world. Our work is moti-
vated by the fact that it is dif cult to accurately charadter
in-situ sensing areas with theoretical models. For example
environmental impacts (e.g., obstacles) can severelgtaffe
sensing characteristics, causing irregular and non-tmifo
sensing patterns at different sensor nodes. Since irnegula
ity is a common issue in sensor networks, it is unwise for
developers to continue to ignore this reality. Our answer to
this issue is a sensing area modeling technique called SAM,
which consists of two complementary methods for sensor
area modeling.

The rst method, Physical Sensing Area Modeling (P-
SAM for short), features a novel way to use training
events in a controlled manner. The main objective of P-
SAM is to identify accurate non-parametric sensing pat-
terns (areas), that are close to the on-the-ground truth.
This is achieved by capturing the time-space relation-
ships of controlled or monitored events and matching
event positions with event detection results of individ-
ual sensor nodes. The resulting sensing area can be used



to optimize the performance of many applications such 2 Related Works
as sensing coverage and event tracking.

The second method, Virtual Sensing Area Modeling (v-  Several sensing area models are used to characterize the
SAM for short), features a lightweight way to model Sensing areas of individual nodes. One of the most com-
sensing relationship among sensors, using only obser-monly used models i8/1 disk modelwhich regards a sens-

vations of natural events in the environments. The main iNg area as a disk with a certain radius centered on a sen-
idea of V-SAM is to construct and evolve over time a SOr node. A sensor detects an event if it occurs within the

similarity graphs represent virtual sensing relationship the disk. An enhanced disk model [2, 25, 28, 29] is based

among sensor nodesi which can be used to improve theon the assumption that an event is more I|ke|y to be detected
application performance. as it is closer to the sensor node. Due to the simplicity of

_ o ) ) these models, they are widely used for theoretical analysis
The main objective of this work is to develop two com-  and algorithm design. For example, many coverage schedul-

plementary in-situ modeling technologies for applicaien  jng algorithms [1, 6, 16, 19, 23, 31, 33, 38] are based on 0/1
signers to choose from. One can choose P-SAM to obtain disk model.

sensing areas for applications that demand high- delity. A ) )

key challenge of P-SAM is to reconcile the con ict between ~ The common feature of these earlier works is to rely on
the in-situ modeling accuracy and the related training.cost @ theoretical model to estimate sensing quality in ideal-env
On the other hand, one can choose V-SAM for applications fonments and develop applications to meet the required sens
that require continuously remodeling with very low cost. ingquality. The assumption and its discrepancy from the rea

The key challenge of V-SAM is how to ef ciently utilize the ~ €nvironmentare largely speci ed as two parts. First, they d
limited information available. In summary, our contritarts not consider such elements in the realistic environment as

in this work lie in the following: obstacles. Second, they often assume that they can obtain
the key parameters required for the model, i.e., a disk size

Measurement: We investigate the realistic sensing pat- 0f coverage. Several projects [5, 8, 13, 36] tried to catéra
terns in existing embedded devices under various envi- 'eal sensing patterns to the standardized units. For exam-
ronmental settings, accessing the discrepancy betweerple, sensor array calibration based on constant targed-trac

theoretical assumptions and in-situ measurements, re-ing was proposed in [8]. The concept of macro-calibration
vealing some interesting observations. for localization was introduced in [36]. Auto-calibratiéor

acoustic sensor network was designed and implemented in
[13]. Overall, the objective of calibration is to obtain map
ping parameters to represent real world. However, calibra-
'tion in large-scale sensor network still has lots of issuss.
addition, it does not provide a general solution to the perfo
mance degrade caused by obstacles, an important factor in
sensing irregularity.

Modeling and Validation: We design and implement
two event-driven sensing area modeling techniques. In
P-SAM, we can obtain the shape of a real sensing area
In V-SAM, based on observation similarity between
nodes, we develop ef cient coverage scheduling algo-
rithms to achieve desired sensing quality under realistic
settings. The performance of V-SAM is examined us-
ing accurate information obtained by P-SAM. We val- Having observed the limitations of these simplifying
idate the accuracy of our modeling approaches with a models, several pioneering projects have been proposed to
network of 14 XSM motes, 40 MICAz motes, and an design algorithms and protocols [20, 21, 30] without any
extensive simulation with 1,400 nodes. prior assumptions on the sensing coverage. Koushanfar et
al. [20] proposed an energy ef cient sleeping coordination
or environmental monitoring (temperature sensor, hutyidi
sensor, etc). Using the correlation between sensor nodes,
a model is constructed to predict the values of some sen-
sors from the values of other sensors. The goal is to create
the maximal number of uncorrelated subgroups, so that en-
ergy can be saved by turning on only one subgroup at a time.
Krause et al.[21] dealt with sensor placement problems as-
suming no knowledge about sensing pattern. Based on the
data of sensing values, their algorithm selects near-gbtim
locations of sensor nodes so that the number of sensor nodes
and the cost are reduced while achieving the required perfor

The rest of this paper is organized as follows. Section 2 mance. While both works show their effectiveness in deal-
describes the motivation behind our work from application ing with sensing irregularity, they are speci ¢ solutions o
perspectives. We propose P-SAM and V-SAM in Sections 3 a case-by-case basis. Instead, the objective of our work is
and 4, respectively. Section 5 describes the indoor and out-to provide a generic solution for sensing irregularity tisat
door system evaluations of both P-SAM and V-SAM. Sec- directly comparable to the widely used circular 0/1 sensing
tion 6 concludes the paper. model in the literature [1, 6, 16, 19, 23, 31, 33, 38]

Impact Analysis: Our results serve two research pur-
poses. First, SAM can be used to enhance the accurac
of simulation, evaluating protocols in more realistic set-
tings. Second, SAM bridges the gap between theory
and practice, integrating logical analysis with physical
inputs. To our knowledge, this work is the rst to study
the impact of sensing irregularity on a set of protocols,
including area coverage and point coverage. In these
studies, we identify several serious issues with the cir-
cular model, and show signi cant improvements when
SAM is used instead.
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Figure 1. P-SAM Architecture Figure 2. Regular Training

3 Physical Sensing Area Modeling (P-SAM) Algorithm 1 RegularG(t) Process

Output: B: The sensing area of.

1. T = 0//an empty set of timestamps

2: repeat

3:  An evente(t;p) is created at timg and location
p(x;y) according taG(t)
4: if noden; detects everd(t; p), i.e. §(t; p) = 1then
5: it stores the timestampinto setT
6: endif
7
8:

In this section, we introduce the design of P-SAM. We
focus on static sensor networks (i.e., with no mobility),
which are the case for most existing deployed sensor sys-
tems [32, 34]. We also assume the event type is known. This
assumption is needed because the sensing area we obtain for
one event type (e.g., movement of vehicles) cannot be ap-
plied to other types of events (e.g., light). If a network is
designed to detect several types of events, sensing mgdelin
for each type is required. Without loss of generality, wet rs
describe our design as conceptually independent of the type
of events used. Later on, we use light and Passive InfraRed
(PIR) motion sensors as speci ¢ examples in indoor and out-
door P-SAM implementation, respectively.

until G stops generating events
Event generato® disseminates the description G{t)
to all nodes
9: Noden; obtains a set of locatiorid by correlatingG(t)
with Ty = ft3;t5;:::5t,9
10: P is a set of positionp whereS(t;p)= 1

3.1 Mainldea

The main idea of physical sensing area modeling is to re- of noden;, if noden; can detect everd(t; p), S(t; p) = 1,
late the location of events to the event detection results of otherwiseS(t; p) = 0. In case of detection, sensor nodes
individual sensors. Events can be intentionally generimted store the timestamplocally. By the end of trainingG can
the space where the sensor nodes are deployed, or we canither collect the time-stamps from sensors (Step 2) or dis-
monitor natural events and collect information on theilloc ~ seminate the description @i(t) to whole network (Step 3).
tions. We call both controlled and monitored eveindgning By inputting the time stamps intG(t), a set of timestamps

object in an area or a light spot projected on a set of sensorslocationsP, = f pi; p,;:::; phg. The location se® can be
The obtained sensing area can be input to an existing coverused to directly describe the sensing area of mpder it can
age scheduling algorithm [38] to improve sensing quality.  be transformed to a polygon. There is a trade-off between

Formally, an event can be de ned as a detectable phe-the number of training events and the details of the coverage
nomenore(t; p) that occurs at timeand at locatiorp2 A shape we obtain.

RX (k= 1;2;3). Without loss of generality, we ude= 2

(2-dimensional plane) in the rest of the paper. To identify 3.2 Design of Event GeneratoiG(t)

sensing area, we need to match a relationship between the
timet and locatiorp. In other words, a set of training events
can be described as the event locations over the discrege tim
G:R! R? whereG(t) = pr=(%;y) andt 2 f t3;t;::;thg.

In case of continuous events, a set of discrete trainingtsven
can be obtained by sampling a continuous event with a cer-
tain interval. g P 3.2.1 Regular @)

Figure 1 shows the system architecture of P-SAM, which  To illustrate the basic functionality of an event generator
consists of two major parts: an event gener&and a set  we start with a simple sensor system in which the sensing
of sensor nodes;(i 2 N). The event generat@s is a func- area of a node is a line segment as shown in Figure 2a. We
tion to assign a physical point to a discrete time according intend to nd out the portion of the line included in the sens-
to which a sequence of evergdt; p) are generated, (Step ing ranges of sensor nodg andny,. To achieve this, the
1 in Figure 1). We de neS(t; p) as the detection function  event generator creates discrete point events along s li

Since the overhead and accuracy of the sensing modeling
is largely determined bg(t), it is important to consider sev-
eral solutions to optimiz&(t) under different system con g-
urations.
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[0; L] with constant speed with an interval D. Formally, Algorithm 2 HierarchicalG(t) process

in Figure 2a, a sensor nodgcollects a set of six timestamps : G(t) starts with level-1 events(t; p) (The number of

T1 = fly;tp;::15teg at which the events are detected. Using level-1 events is decided by the minimum sensing area)
functionG, the actual locations of events are convertedto a . Noden; reportsS(t; p) for all level-1 events

set of location®; = ft1v;tov; 11 tevg. The sensing coverage repeat
of sensom; can be de ned as the line segment that covers for all levelk adjacent pairg(tm; pm) ande(tn; pn) do
P1. Sensomn; reports timestamp$; = ft4;ts;t6;t7g and the if any node detects only one event && no event is

sensing coverage of sengeris de ned as the line segment generated at positiof™: P beforethen
that coverd, = ftyv;tsV;tgVv; t7vg. The intersection of; and 2

A

arwd

. " + p
To, i\ To = ftg;ts;teg indicates that the coverage of the two & (;t.afnerate alevelk+ 1) event at positiorP; P
sensors overlap, as shown in Figure 2a. ;: 3nf :
The regular training can be generalized to the case when gj Erl k(:_rl

the events occur in a plane. Figure 2b shows this approach.
In this case, training areA is divided into several lines
ai;ap;:::, and the events are generated following the lines.
In addition to the progressive scannin@(t) function of

the regular training can use an arbitrary sequence of natu-
ral events as long as the position of the natural events cana way similar to the binary search within a two-dimensional
be acquired along with detection resuB&; p). In regular space. We describe detailed operation of hierarcla¢glin
G(t), it is desirable to cover every point in the area at least Algorithm 2.

once. The detailed operations to identify the sensing area o

a single nodey; are described in Algorithm 1. 3.2.3 A Walkthrough of Hierarchical (®)

10: until (k=Maximum Level)
11: B is a set of positionp whereS(t;p) = 1

3.2.2 Hierarchical Gt) We iIIustrate_ the _main id_ea for _n(_jing th_e sensing area of
one sensor using hierarchical training. Figure 4 shows four
HierarchicalG(t) is motivated by the observation that the level-1 event®,;e;; e3 andey that are generated coarsely at
boundary of a sensing area requires more detail than the areéime T = fty;ty;t3;t4g. By de nition, these events are adja-
in the middle of coverage. With hierarchida(t), we can cent to each other. In the example, the sensing area of a node
reduce the number of events required to obtain the same aceovers about half of the area; therefore, the event genera-
curacy as regulas(t). tor G obtains the detection resulits; p1) = Stz;ps) = 0
As shown in Figure 3, level-1 events divide the area into and S(t2; p2) = S(ta; p4) = 1. According to lines 4 - 8 in
4 sub-areas, and level-2 events divide the area into 16 sub-Algorithm 2, we compare the valugt; p) for each pair of
areas. In general, levélevents divide an area intd 4ub- adjacent events. In the example, sirg&; p1) = Sts; p3)
areas.Interval D at leveli is the distance between adjacent and S(ty; p2) = S(t4; pa), no event is generated in the mid-
sub-areas' centers. If an event is a levelvent, it is also dle of & ande4, nor in the middle ofe; and es. These
a level§j event ( i). Two events are said to kadjacent skipped locations are assumed to have the same value as
(or a pair) if they are neighboring each other verticallysiho  Sto; p2) = St4; pa) and S(t1; p1) = Sts; ps), respectively.
zontally or diagonally (e.g., an event could have a maximum However, sinceS(ts; p1) 6 St2; p2), St1;p1) 6 Nts; pa),
of 8 adjacent events). Two adjacent events are said to beS(t3; ps) 6 Sts; pa), we need to provide an additional level
boundary pairif only one of two adjacent events is within  of detail by generating three new evergs,e; ande;. These
a sensing range of some node. (egg.andes in Figure 4 events are located at the middle of selected pairs of adjacen
form a boundary pair). The eventin a boundary pair is called events at times;; tg, andt;, as shown in Figure 4.
aboundary event HierarchicalG(t) works recursively. After new events are
The main idea of hierarchic@(t) is to recursively gen- added, new adjacent pairs can be created. For example, after
erate new events in the middle of boundary pdirsiorks in we addes; g5, andey, the eventes has new adjacent pairs



Figure 6. P-SAM System Setup Figure 7. Hierarchical G(t) Sce- Figure 8. Sensing Area Obtained
nario

Algorithm 3 P-SAM Coverage scheduling [38] for event de-
tection implemented on nodg

by noden, o _
: Exchange informatiofily;15; :::; I}, with neighbors.
. Select a random timB; and exchange with neighbors.
tstart Ri_, tend R

arwdE

Find every neighbor coveriﬂg, and sorR; and every
neighbor's random time in increasing order.

[istartitend] ~ [tstarttend] [ [-FpARY; SUCERUTRY ; L L
. end for ot
8: Schedule nodg; to wake up atstart and sleep atng.

N o

% PIRsensor © coverage

&% e,andes$ e, andes $ e5. Such new pairs are . o x ik

checked with the same procedure detailed in lines 4-8 in Al- o

gorithm 2 until we reach the maximum level of detail we o final coverage

de ned. For a senson;, all values in a se8 collected at

all levels of detail are used for the calculation of its segsi ~ Figure 9. Mapping Event Detection to the Event Position

coverage. Using Image Capture at Timet = 6;8;10;16;17;20(seg;
HierarchicalG(t) can be generalized for any number of last map Includes Additional Training Results byt = 40

sensors involved where a certain area can be covered by morése9

than one sensor. Similarly, a coarse shape of sensing cover-

age is exposed and re ned with a high level of detail in the

boundary area. In a multiple nodes case, we need to checkscheduling algorithm proposed by [38] to show its effective

whether two adjacent events,andej, have the same value ness.

of ti; pi) and(t;; p;) for all neighboring sensors. In other Algorithm 3 describes how the coverage scheduling al-

words, two adjacent events are said to tmandary pairas gorithm in [38] can be built on top of P-SAM. The sens-

long as there exists a sensor that detects only one event. Figing phase is divided into rounds with equal duration. Within

ure 5 gives an example. The area is covered by two sensofeach round, each node needs to decide when to sleep and

nodes andn,. After level-1 event generation, the detec- when to work (in order to save/balance energy). To do that,

tion results of two adjacent events are compared. Althougheach noden; keeps its sensing area as a set of locations

noden; detects both events, ande;, noden, detects only  (points) it coversfIi;1b;:::;1i.g [Line 1 of Algorithm 3].

&. Thereforeg andej form a boundary pair (ofi), and It selects a random timB, in range of round starting time

a new event should be generated in the middle of the two and ending time, and disseminates it to its neighboringsode

events. Recursively, more level-2 events are generatdton t [Line 2]. For each locatioly, in the location list, it nds its

boundary area of the sensing coverage, as shown in Figure 5neighbors that cover the location. IRied(R) be the largest

random time of neighbors smaller th&. The noden;'s
3.3 Application: P-SAM Guided Coverage wake—up_time is the middle d?red(Ri) andR;. Similarly,
Sucg¢R) is the smallest random time of neighbors larger than

We can use the output of P-SAM to improve the per- R. Then, the nodey's sleep time is the middle d® and

formance of many sensing-driven applications. As a spe- Suc¢R). For each locatioff, noden;'s wake-up and sleep

ci c example in this work, we apply P-SAM to the coverage time is determined [Line 4-5] in this way. The minimum




wake-up time over all locations is chosen as the nal wake- T S

up time, and the maximum sleep time over all locations is Application V-SAM Model

chosen as nal sleep time [Line 6].
In the circular model, the sensing area of a sensor node Bvent )\ | I

Monitoring

Observation

event detected on Events

is a circle with a certain radius centered at the sensor node.
Thus, all physical points contained within a circle are pro-
vided as an input to Algorithm 3. If we use P-SAM, we re-
gard a sensing area as a collection of the locations obtained V-SAM Guided

Coverage

Creation of

during training process. In this case, the collected seb-of | Sehoduling Support Similarity graph
cations is provided as an input to Algorithm 3.

3.4 Implementation of P-SAM

We have implemented the P-SAM system both in indoor
and outdoor environments. These two implementations al-
low us to investigate several sensing modalities and @iffer  ta| camcorder during training. Then the event detectiotim
event control techniques at various kinds of environmental js compared to the camcorder capture time and converted to

Figure 10. V-SAM and Coverage Scheduling Built-Upon It

settings. the location included in the sensing area. For example, in
Figure 9 the camcorder captures the positions of a person at
3.4.1 Indoor P-SAM system timet = 6;8;10;17;18;20(seq, converts the detection time

of the PIR sensor to the corresponding position of the traine

We design and implement an indoor P-SAM system in the picture, and projects the position into the plan.

that includes regular and hierarchical training on the
TinyOS/Mote platform. NesC [12] language is used to pro-
gram the motes, and Java is used to build the regular and4  Virtual Sensing Area Modeling (V-SAM)
hierarchical generators. The compiled image of a full mote o
implementation occupies 14,500 bytes of code memory and ~ Clearly, the strength of P-SAM is in its high accuracy
605 bytes of data memory. As shown in Figure 6, we attach In sensing modeling. It is achieved, however, at the cost
40 MICAz motes on a veltex black board and use a projector of COﬂtrO”eq training. Wh-lle P'SAM |S. useful in scenarios

to generate regular and hierarchical events. The locafion o Where sensing accuracy is highly desired, we need a com-
these events can be optionally displayed on the board. Forplementary solution that is suitable for scenarios whegt co
example, we can visually inspect the distribution of hierar iS the paramount concern and the sensing area evolves rel-
chical events as shown in Figure 7. For each generated eventatively quickly over time. In this section, we propose the
we assign a unique ID. By using these IDs, we eliminate the lightweight design of V-SAM, which requires no controlled
need for time synchronization. After each run, the training €vents. The V-SAM modeling technique is especially useful

results are visualized on the board and compared with thewhen the events occur frequently, and when we want to cap-
ground truth, as shown in Figure 8. ture the coverage without micro-control especially in asar

with unknown obstacles.
3.4.2 Outdoor P-SAM system

In the outdoor P-SAM system, we use ExScal XSM 4.1 Main ldea
motes [11] to obtain empirical results on irregular sensing  Figure 10 shows the process of V-SAM and how appli-
patterns. Four PIR sensors, each with 9i@w, are attached  cations can be built upon it. We assume if two nodes are
to a XSM mote to provide a full 360view of sensing. PIR  neighbors in sensing range they are neighbors in communi-
sensors detect movements through changes in infrared radication range. Each sensor node exchanges sensing values for
ation, which is caused by walking persons or moving vehi- detected events and calculates similarity between neighbo
cles. The sensing area would change slowly over time dueing nodes. The resulting similarity graph represents slirtu
to the changes in ambient conditions and the energy condi-sensing relations among the sensor nodes. On top of V-SAM,
tion of the nodes. However, from our experience, we nd applications can be built. For example, in sensing coverage
that the PIR sensing area is relatively stable; there isqio si  nodes can coordinate their working schedule based on the
ni cant difference unless the environmental factors cteng similarity graph. The highlight of V-SAM is the continuity o
signi cantly. Thus, several trainings over a large timeeint the V-SAM modeling process, i.e., the similarity graph can
val would be enough. For example, we measure the sensingoe continuously updated/refreshed with upcoming events in
area once during day and once at night, and we also measur¢he system.
the sensing area in the winter and in the summer. We trade
off the model accuracy over time with the cost to refresh the ; 2
model. We adopted the regular training approach, but idstea 4.2 Design of V-SAM
of training the motes using parallel lines as in Figure 2b, we  V-SAM consists of two main procedures: similarity mea-
used monitored events (i.e., natural movements of a person)sure and similarity graph construction.
To map the event time to the event position, we used a digi-
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4.2.1 Measuring Similarity vation vector of node; asf 1;2;4;2g and observation vector

of noden; asf 0;2;3;2g. Similarly, two observation vectors
of nodesng andny can be madelnitially, the default simi-
larity value of d(i; j) is left toO.

In V-SAM, an event is de ned as a detectable phe-
nomenon that occurs at tinteat locationp, which is un-
knowna priori. As shown in Figure 11, nodes are roughly
synchronized with each other [27], and time is divided into 4 2 o Building Similarity Graph
equalround with durationTypdate Which is a parameter to o
control how often the sensing model is refreshed. Eachround ~Now that we have measured similarities, we want to rep-

is further divided intom equal duration intervals, each of —resenttheensing relations in a graphical method in a given
lengthTspan time space We use a grapls(V; E(t)) to represent a set of

For each round, each nodestores its observation vec-  sensor nodes and similarities among themselves at a certain
tor foy;0,;:::;0,g obtained through discrete sampling at time slot t(a duration of each time slots set toTschin Sec-
T, = ft};th;::1;thg. After collecting the event observations, tion 4.3, V}’h'Ch W"clmbe explalnec;j m_thtasectlon).kThe vet
at the ‘end of round each node exchanges the observatiorS @ complete set dfl sensor nodes in the network, ali(t)
vector, which is used to calculate similarity between nodes IS @ set of edges among nodes. A graph is not static, and
Speci cally, we useP-norm to measure the similarity be- changes over time. For each time slpan edge between
tween two observation vectors by nodgeand noden; as nodesn; andn; is added with probability proportional to the

follows: degree of similarity. More speci cally, aftei" round, at a
S e certain timet, an edges(i; j) belongs toE(t) if and only if
di;j)= ° a joik O‘J'(jp 1) Equations (3)-(4) are satis ed.
o R(i:j)  Rdijj jiit) 3
whereP can be 12; ::1;¥. This similarity is transformed
byd(i;j) ( 2) Ll gmny g sothatitis distributed be- R(i;j) < w d(i; j) (4)

tween -1 and 1The resultinﬁng value is closer tbif two motes
have similar observations, while it is closer to 1) if they
have different observations

wherei < j, Rnd(s) is a random number generaitedange
-landl usingsas a seedj is a concatenation operation, and
termw represents the weight applied to each similarity. We

. lTO estimate the S'm'lﬁ”gy E?;ler time, we {JSS? an Q)ép%ﬁnen— concatenaté and j in increasing order to make the random
tialmoving average method. The average similarity inthie — mper generated in nodesandn; the same. Then, an edge

round,d"(i; j) is updated differently, depending on whether s added with probability:

there is any event detection in the round. When a node de- -

tects an event, ned"(i; j) is used to updatd"(i; j). Oth- PIR(i;j)  w d'(i;))] (5)
erwise,we use an aging factds to gradually attenuate the
similarity among nodes to.0rhe rationale behind the aging
factor is to forget the similarity observed a long time ago,
which cannot accurately re ect the current situation. The

Over a set of time slots, for similaritif‘(i; j) with a small
negative or positive value (i.e.,near zero), two nodesnd
n; become neighbors more randomly. On the other hand, for

average similarity ovem rounds(n 1) is calculated by: d"(; ) with big negative value (i.e. near -1), two nodes are
8 _ less likely to be neighbors, and fd?(i; j) with large positive
3 if eventis detected value (i.e., near 1), two nodes are more likely to be neigh-
P a d" (i;)+(1 a) d(i;j bors. The rationale behind this design is that neighbors wit
dn . — J J 2 g g
(i) = 32 otherwise (2) similar view are connected more frequently, while neiglsbor
ol with dissimilar view are disconnected more frequently. The
b d" (i;))

neighbors determined neither similar nor dissimilar are ra
We provide an example in Figure 11. When we compute domly connected.
the similarities between nodag andn,, we make the obser-



Algorithm 4 Coverage scheduling for event detection imple-
mented on nodag;
Input: New observations; ando; for every physical neigh-
bor n;j (neighbor within communication range).
1: for each rounch do

2:  if Atthe beginning of a rounthen

3: Compute the similaritgl"(i; j) with every physical
neighbom;.

4; for each scheduling slotswithin current roundio

5: if p; > p}, for every noden; such thaR (i; j) <

w d"(i; j) then

6: Assign the nod@&; to wake up at time sldt

7: end if

8: end for

9: else

10: Noden; turns on and off according to the schedule
calculated at the beginning of the round.

11: If a new event is detected, nodeinform it of all
physical neighbors at their wake-up slot, and they
record/report new observations.

12:  endif

13: end for

4.3 Application: V-SAM Guided Coverage

Most existing coverage scheduling algorithms purely de-
pend on the assumption that the deployment area is ope
space and the sensing area of individual sensor is uniform
(circular). Obviously, this assumption does not hold well i
the real world. Differently, our proposed coverage schedul
ing algorithm does not require such assumption. Instead
we schedule nodes' sleep and wake-up time, based on i
situ similarity graph calculation. This is done by turnini§ o
nodes with similar sensing experience at different timésslo
to save energy consumption, and by turning on nodes with
dissimilar sensing experience to work together to achieve r
quired sensing quality.

4.3.1 Basic Algorithm

In our work, we propose a distributed heuristic algorithm
as detailed in Algorithm 4. The key idea is that nodes with
similar observations are restrained from waking up simulta
neously, as the additional information does not increage si
ni cantly. Speci cally, our algorithm works as follows:

As shown in Figure 12, the time is divided into equal
length round with durationTypdate Each round is further
divided into multipletime slotswith durationTge, At the
beginning of each round, similarity is calculated [Line 1-3
in Algorithm 4] using the observation obtained in the previ-
ous round. The similarity graph changes for each timetslot
For each basic time slot a node decides whether to add an
edge and make a physical neighbor (neighbor within com-
munication range) as a neighbor on similarity graph follow-
ing Equations (3)-(4) [Line 4-8]. For each nodlewe de ne
the priority of nodd at timet as

pi = Rnd(i jj t) j i (6)

n_

p1=17 po=7 pr=21

ps=6

p3=3 p10=22

Figure 13. Similarity Graph and Priority Comparison

where Rnd(s) is a random number selected from elements
of f1;2;:::;Ng, andN is a natural number greater than the
number of deployed nodes. We concatenate unique node ID
i, in order to ensure that no two nodes have same priority
at time slott. For each basic time slét a node calculates
locally its own priority as well as the priority of its neigh-
boring nodes (of similarity graph). Since all nodes shaee th
same random number generator, the computation of priority
requires no communication among nodes. If the node's own
priority is higher than all its neighbors, this node is sched
uled to be activated in the time slot After nodes decide
their working schedule at the beginning of the round, they
simply follow the working schedule in the rest of the round

r~[Line 10].

New observations can be obtained if events are detected
by one of active nodes [Linel11]. Event detection is informed
to other nodes in their wakeup time slot, and they work to-
gether to monitor the detected event. The observations af-
terward are collected at a sink, and observation message is
overheard by each physical neighbor. If no event is detected
during Tupdate period, the similarity graph decays with the
aging factorb.

As a case study, Figure 13 illustrates the graph represen-
tation of the similarities among sensor nodes and coverage
scheduling based on the similarities. Nodes with similar ob
servations are connected to each other via an edge, which
results in two clusters in two sides and one sensor node
crossing over the clusters. The priority of sensor nogde
is p1 = 17, which is highest among any other sensor nodes
connected via an edge. Thus, the sensor madg awake at
the time slot. In addition, nodes; n7; n g are selected to be
awake at the time slot by winning the highest priority.

With the immature training, the performance of V-SAM
guided coverage scheduling should not be worse than ran-
dom coverage scheduling. This is achieved by constructing
similarity graph in probabilistic sense according to the de
gree of similarity as described in Section 4.2.2.

4.3.2 Sensing Quality and Coverage Scheduling

The basic algorithm introduces a way to avoid unneces-
sary energy consumption. We can further extend the basic
algorithm, so that we can control the sensing quality as de-
sired. For example, we can provide redundant or partial cov-
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erage, coverage with a certain detection delay, and so on. Tamplementation is 13,500 bytes of code memory and 532
control the sensing quality in V-SAM, we propose two meth- bytes of data memory. Since the basic Slgf, is about 5
ods. to 10 seconds, motes need to be only loosely time synchro-
Neighbor-hood Control: By expanding the neighbor-hood, Nized among themselves. To achieve that, it is enough to
we can select fewer sensor nodes on the similarity graph. InUS€ 2 lightweight NTP-Like time synchronization protocol,
the basic design, the priority values of one-hop neighlgorin 1" which a mote broadcasts a message with its local time-

nodes are compared. To reduce the sensing quality, each serptamp a”‘?' its neighbor cglculates the difference betwe&er_1 th
sor noden; compares its priority with node; within n-hop received timestamp and its local clock. More advanced time

instead of with only one-hop neighboring nodes. synchronization algorithms, such as FTSP [27], can also be

. . _ ) used, if needed.
Rank-Based Control: To provide a high quality of sensing
coverage, we can choose more than one sensor node during System Evaluation of SAM
the priority comparison. A sensor node is chosen to wake up

if its priority is ranked within topn among its 1-hop neighbor We have described the implementation details of both P-
on graphG. SAM and V-SAM in Sections 3 and 4, respectively. In this

section, we evaluate the effectiveness of our designs in var
4.4 Implementation of V-SAM ous environments.

We have implemented and evaluated the V-SAM system 5.1 Evaluation on Outdoor P-SAM Design
at the ground oor of one of our university libraries, as

shown in Figure 14. The area was selected becauseiitre ects In the outdoor P-SAM experiment, a person moved
a realistic environment, full of bookshelves, tables, $mal around a sensor suf ciently (10 times crossing straightrove
rooms and other obstacles. A monitoring system in such anthe areain different directions and positions). Figureari®
environment is useful, such as to automatically turn on the 17 show the sensing area we obtained after training a sensor,
lights in the bookshelves area when motion is detected. InWhich is placed (1) in an open area and (2) in an area with
the study area, we are interested in monitoring behaviors of@ obstacle. The positions belonging to the detected events
students, especially disturbing movements, inthe libraty ~ Were associated to the closest grid points indicated inghe
put 14 XSM motes in the area shown in Figure 14 with the ures. Figure 16 indicates that the sensing area is irregular
location indicated as in Figure 15. We obtained 7 traces over€ven without an obstacle. Figure 17 shows that the obstacle
an hour in the afternoon on three different days. To obtain affects the sensing area signi cantly. With the circle miode
the ground truth of event, we monitor the scene described in (2 disk with radius 40@m), we expect a point within the cir-
Section 3.4.2. cle to be associated with event detection and a point beyond
We determine hit if the current detection energy is more  the circle range not to be associated with event detection.
than 6 times greater than an adaptive threshold, which isAfter repeating the training test many times, we obtained ir
set to background noise. A XSM mote determines that an régularity and training con dence as shown in Table 1. They
event occurs, if the number of hits during the last 10 consec-Were calculated for all points associated with trainingse
utive sampling windows is greater than two. We use obser- as follows:
vation value 0 for event detection and 1 for no event detec- Irregularity =
tion. Similarity is calculated based on Equation (1) by set- . .. .8 .
ting p= 1 andTspan= Tupdate DUFNG Tupdate ObSErVations wheren, is number of points inside the circle the events of
are recorded, and at the end of round the similarity graph WNich are not detectedy is number of points outside the
is updated. We used vale= 0:98, b = 0:05 for similar- circle the events of which are detectaglis number of points

ity calculation. Based on the similarity between neighbors InSide the circle.

a node determines its future sleeping schedule for &agh Con dence = 1 & MAX(pip2)

following the Algorithm 4. The compiled image of a mote number of pointg, " i

ng+ ny
n



sensing range at angte Rndis a random number between

e et e 0 and 1, andvar is a variation of the ranges at consecutive
w 6 6 66 e e e e angles due to the irregularity. With a higher valuevaf, we
¢o e oke e o0 introduce more irregularity.
o © o o 0 0 o
e e e e e
Tl 5.2.2 System Implementation and Setup
: ’ We designed and implemented a complete version of

training that includes regular and hierarchical trainimgloe
Figure 16. Coverage without Any Obstacle in1;000cm TinyOS/Mote platform. We attached 40 MICAz motes on
1;000cmsquare a veltex black board and used a projector to generate regu-
lar and hierarchical events. We represented the deployment
area with 128 by 128 square with 10 to 40 micaZ motes ran-
domly placed. Starting frork,, at 0, the real irregular
coverage was generated for each sensor according to Equa-
tion (7) with Rmin = 10;Rnax= 30 andvar = 1.0, 2.0 or 3.0
. (default is 2.0). The intervdD was chosen from'2where
1 i b logzRminc, so that 2< Rnyin. In the regular train-
ing, the interval is xed. However, in the hierarchical tnai
ing starting from a certain initial intervdd = 2' at level 1,
the interval decreases td' 2V at level 2, and so on, until

- 8 8 8 &
)
o 0o 0 0 0
e o 0o o @
* o o o @
o o o @
o o 0 0 0
o o o 0 O
°

Figure 17. Coverage with Obstacles ir;000cm 800cm

rectangle the smallest possible interval & reached at the last level
. . . i j+ 1.
Table 1. Sensing Area in Outdoor Experiment J
Without Qbstacle With obgtacle 523 Evaluation Metrics
Irregularity | Con dence Irregularity | Con dence
| 0.367 | 0.83 || 0.387 | 0.80 | We de ne two types of coverage error: (@lse positive
rate fp: The number of points in sensing area obtained by
P-SAM but not in sensing area of the ground truth, divided
wherep; is fraction of detected eventp; is fraction of un- by the number of points in sensing area of the ground truth.
detected events. Higher value of con dence means the samelii) false negative ratefn: The number of points in sensing
result is more likely to be reproduced as before. area of the ground truth but not in sensing area obtained by
P-SAM, divided by the number of points in sensing area of
5.2 Indoor P-SAM Evaluation the ground truth.

In an outdoor environment, it is extremely difcult to 52 4 fp and fn of Sensing Coverage
obtain the ground truth of real sensing coverage. Without

ground truth, we can only investigate the characteristics o ~ Coverage error increases under the following two condi-
sensing coverage. To overcome the limitation of outdoor tions (i) the irregularity of sensing area increases, pg(@an-
experiments, in this section we extend the evaluation of P- ularity of training data (intervaD de ned in Section 3.2.1
SAM by incorporating knowledge of the ground truth in a and 3.2.2) becomes larger. In regular training, the event la

controlled indoor environment. outs generated are grids with different intervals (from 1 to
4). In hierarchical training, we use the same initial ingdyv
5.2.1 Ground Truth but different last-level intervals. Figure 18 shows thatwve

small interval, we can achieve very precise coverage model-
ing. fpis almost 0% andn is at 1% to 8%. The coverage
error in Figure 18 for a certain xed interval in the regular
training is very similar to the coverage error in Figure 18 fo
the corresponding last level interval in the hierarchicah-

ing. Inthe hierarchical training, changes in the initia&irval
make no difference in coverage error as long as the last level
interval is the same.

We use aroracle algorithmthat assumes knowledge of
the sensing area of the nodes. Basically, this algorithin act
vates a sensor node (e.g., through projecting light to aosens
shown in Figure 8) if the controlled eves(t; p) is within the
sensing area of the node. We want to emphasize that the or
acle algorithm and generated ground truth are usdd for
the purpose of evaluatiohis knowledge is not used in any
part of the P-SAM algorithm. The oracle generates a sensing
pattern according to the following irregularity model, whi

is an extension of the DOI model [17]. 5.3 Application Improvements Using P-SAM
4 Y Rnd =0 In evaluation, we apply coverage scheduling based on in-
Ry = Eg]ml (RRrTngalr?mm) 8 <qg<2p (7) dividual sensor coverage by circular 0/1 model and by P-
SAM. The evaluation is done by simulation with the same
whereRm;n is the minimum coverage rang®yaxis the max- setting as in Section 5.2.2, except with a larger area (512 by

imum possible coverage range, aRg2 [Rmin; Rmay is the 512 square) and with more sensor nodes. We vary node den-
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sity from 0.958 to 6.707 following the commonly assumed ated are denoted byandt. As shown, the number of targets
node density in the existing works [6, 16, 23, 38]. not covered in a circular model is larger than P-SAM. For ex-
The design goal diull coverage scheduling to coverev- ~ ample, whem= 1;00Gt = 400, if we use P-SAM, thpoint
ery physical point within an area with minimal energy con- coverage algorithntan cover every target. However, if we
sumption, andoint coverage schedulinig to cover every use the circular model witR; = 25, it will miss about 20%
target. The radius of a disk in circular model is denoted by Of the targets.
R.. Two key metrics for coverage applications areﬂﬂalc- The curves for the circglar model shown in Figure 22
tion of Blind Areas and (ii) Energy Consumption and 23 exhibit an interesting shape. The number of miss-
Figure 20 shows the fraction of blind areas when different INg targets can be reduced by decreasiy@t the cost of
densities of nodes are scheduledilycoverage scheduling ~ INcréasing energy consumption. However, the coverage er-
As we increased the number of nodes from 200 40D, ror cannot monotonically reduce forever. This is because if
the blind area by P-SAM guided coverage scheduling sig- We reéduceR into a small value, a node that can physically
ni cantly decreases. On the other hand, with an optimistic cOVer a target will mistakenly assume it cannot cover the tar
circular model (a disk with raditR; = 30), the percentage of ~ 9€t, and therefore turns itself off. This also explains wigy t
blind area stays at about 15%, despite the fact that ovef1,40 €nN€rgy consumption in circular model exhibits ashape.
nodes have been deployed into the area. Figure 21 shows )
the average energy consumption per node. When a circu-5.4 System Evaluation of V-SAM
lar model is conservativd&. = 10, the energy consumption
remains the same for every different density, while P-SAM
has accurate sensing area information with a smaller energ
consumption.
We also_apply P-SAM and a circular model to th_Et 5.4.1 Case Study
gallery application where the sensor nodes are organized by
point coverage schedulirtg monitor a set of important sta- In this section, we provide snapshots of a V-SAM pro-
tionary targets with known locations. Figures 22 and 23 cess. We ran 14 XSM motes for 4,000 seconds. During this
show the number of missing targets that are not covered byperiod, two students were studying at a table, making small
sensor nodes and the average energy consumption per nodenovements in the limited place, and there were several stu-
The number of sensor nodes and the number of targets generdents passing the area. Figure 24 shows the record of event

In this section, we evaluate the performance of V-SAM
in the basement of university library. All experiments were
Yeonducted in an uncontrolled setting.



Figure 24. Event Detection Pro le of 14 XSM Nodes over 4,000ez0nds on the Ground Floor of the University Library

detection for each sensor. Frequent event detection by senple group-based rotation ineffective, which explains winy t

sor nodes 1 - 4 was due to the small consistent movementscoverage algorithm proposed in Section 4.3 is heeded.

by two students. The rest of the sensor nodes re ect a few  The cost to generate the similarity graph can be estimated
movements of passing people. Obviously, even with the vi- by the number of messages for each node to generate. If
sual view of the record, it is easy to nd that motes (1,2,3,4) each node generates a message whenever it detects an event
have similar views. Similarly, we can group motes (5,6,8), within Tpqate= 100(se9, the upperbound on the number of
motes (7,9), motes (10, 11), and motes (12,13,14). The sim-messages generated by each node oM@d@seconds is 40.
ilarity is continuously computed on each mote. Figure 25 The average number of messages required by each node in
shows the computed similarity between nodes and similarity this example is 13.1. However, if messages are all sent after
graph as the time passed. To make Figure 25 readable, wet; 000 seconds, each node only needs at most one message
present only the similarity values between a node and othercontaining at most 5 bytes of data.

ve nodes (one from each group).

As expected, Figure 25 indicates that the intra-group sim- 2-4-2  Evaluation Metrics

ilarity always has positive values, while the inter-groim-s We use two metrics to evaluate the coverage quality in our
ilarity has negative values. It is very interesting to obser experiment, (i)Fraction of Detection: The percentage of
that 1) at the beginning of the experiment, the pair-wise sim getectable events that are actually detected, which is @anet
ilarity values are about zero and that 2) with more observa- 1 indicate the sensing quality. (ifverage Wakeup Ratio:
tions over time, the intra-group similarity values increas The average percentage of time that a node is awake, which

converging to a long—term positive value. Similarly inter- s 3 metric to indicate the energy ef ciency.
group similarity values decrease, converging to a long term

negative value. Both long-term positive and negative val-
ues re ect the impact of environment, hardware and consis-
tent movement for long time. And 3) the similarity uctu- We compare the coverage achieved in V-SAM guided
ates due to short-term behavior, because during the expericoverage scheduling and random coverage scheduling algo-
ment, students made small random gestures. We note that aithm. To obtain the ground truth of events, we monitor the
mote can reside in multiple groups in the similarity graph. scene with a digital camcorder. We are especially intedeste
For example, in Figures 25b and 25c, we can observe thatin the detection of walking persons, a movement more than
mote 5 sometimes has positive similarity values with mote 2 mis regarded as an event. To compare the sensing cover-
7 in other group. This multi-group similarity makes sim- age under the same energy consumed, we generate the wake-

5.4.3 Coverage under differenthae Tsch Settings
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Figure 25. The Pro le of Pair-wise Similarity over 4,000 seonds

up schedule in random coverage scheduling so that its aver-T,pqate= 5 (se9Q, which is almost 1.5 times more than an
age wake-up ratio is the same as in V-SAM guided coverage47% wake-up ratio for the caskpdate= 100 (seq. This
scheduling. is because withTypgate= 5 (seq, the similarity measure

Varying a value ofTypgas Tech We obtained the result for a person‘s.walkmg is prone to a noise such as sma!l
shown in Figures 26 to 28. Overall, for the xed energy con- gestures, leading to sensor nodes uncorrelated and causing
sumption, the V-SAM-guided coverage scheduling has bet- Nigher wake-up ratio.
ter performance than the random coverage scheduling. For i
example, in Figure 26, V-SAM-guided coverage scheduling 9-4-4 Performance Comparison
has a greater number of events immediately detected in a | this section, we compare the performance in coverage
second than the random case. Even aftesed) elapsed, the  gcheduling for four different coverage models: (i) V-SAM-
fraction of undetepted events does not de;crease in ra_”donbuided coverage scheduling, (i) random coverage schedul-
coverage scheduling, while it decreases in V-SAM-guided ing, (iii) P-SAM-guided coverage scheduling, and (iv) circ
coverage scheduling. Figure 27 shows the similar perfor- |5, model-guided coverage scheduling. The wake-up sched-
mance wherlscsn= 10 (seq. With slow change in wakeup e in random coverage scheduling is generated so that its
schedule withTscn = 10 (se9, the performance degrades gyerage wake-up ratio is similar to the one in V-SAM guided
more than a faster change witlyn = 5 (seq. Thisisbecause  coyerage scheduling. For P-SAM-guided coverage schedul-
a fast _SWItCh among sensor nodes leads to a _shorter delay ifhg, we represent sensing coverage witminterval. For
detection, which con rms the results reported in [6, 16]. circular-model-guided coverage scheduling, the sensing ¢

In V-SAM-guided coverage scheduling, the valliggate erage is assumed as a circle with a radius of 6entered
should be selected properly to make the coordination ef- around a mote's location. As a result, the energy consump-
fective for detecting persons' walking. Figure 28 shows tion for P-SAM-guided coverage scheduling, is similar to
the fraction of undetected events when we $gigate t0 V-SAM-guided or random coverage scheduling, while the
5 (seQ. The number of undetected events are smaller thanenergy consumption for circular model-guided coverage is
the case withTypgate= 100 (seq in Figure 26. However,  much lower than for the others, as shown in Figure 31.
in Figure 29, a sensor's average wake-up ratio is 75% when  The performance in sensing quality is shown in Figure 30.
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V-SAM has the lowest number of undetected movements, library and outdoor court yards. In addition, we have iden-
followed by P-SAM. Although P-SAM provides an accurate ti ed the impacts of sensing irregularity on typical appalic
modeling method, it does not consider a behavioral model tions as well as the improvements by using SAM. We hope
of events. For example, during the experiment, students sitthis work motivates our community to seriously consider the
next to one sensor and blocked its view temporally, which in-situ sensing phenomena in the sensor networks.

is not re ected in the training process in P-SAM. Even if
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