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Abstract— Every physical event diffuses its effect ge- type of effect and the medium; e.g., for light= 2, and
ographically, which results in perceivable information for heata = 1.
gradient within the proximity of the phenomenon. In this Using the diffusion property of an event's effect, we
paper, we propose a novel framework that exploits this can determine the magnitude of the event from apart if
diffusion property to form a virtual grid-based querying o gistance from the event is known. Conversely, for a
architecture, Probe-before-Spray (PBS), for wireless sesor . . "y .
networks. PBS effectively divides the sensor field on- given .magnltude of an event source, it is also possible
demand based on the query type and parameters in to estimate the spread (e.g., area) of the effect through
addition to the gradient spread. Also, it combines gra- Known diffusion laws, empirical data or the local col-
dient routing and in-network processing for efficient and laboration of sensor nodes. This property of information
scalable querying in sensor networks. Based on PBS, wegradient can be utilized for query processing, especially
design new algorithms to process basic aggregate queries for on-demand query processing about the event(s). In
count, sum, average, max and min, and combined queries. this document, we refer the area around an event source
Through analysis, we analyze the worst—case_overhead Fofrom which the event's effect can be perceived #e*
process these queries using PBS. Also, using EXtenS'V%eometry of event's effect”. One of the challenges of
simulations, we demonstrate that PBS helps to reduce . L . . . .
search overhead significantly (over 30%) to process such using th_'s d|ﬁgS|on property Is .that f[he gradient 'S_ not
queries while attaining accuracy over 99%. perfect in reality and suffers distortion due to various
environmental effects. We carefully consider this fact in
our design and analysis to exploit this property.

In recent years, sensor network has been viewed as

The fine grain environmental monitoring capability oflistributed database that collects the measurements of
wireless sensor networks associates the physical watth@ physical world[1]. Users specify the named data
with computing platforms. With the advances in senstiniey want to collect or the event of interest through
technology, it is possible to detect and/or measure a widpplication specific or declarative queries, and the infras
variety of physical phenomena like temperature, lightructure efficiently collects and processes the data within
sound, radiation, humidity, chemical contamination, nthe sensor network. Typical queries can be on-demand
trate level in the water, etc. In real life, within the proxsimple one-shot, aggregate or combined queries or long-
imity of the phenomenon, every physical event leavdised continuous queries.
some fingerprints, i.e., information gradient in terms Existing declarative query processing systems, in-
of the event's effect; e.g., fire increases temperatuuding TinyDB[9] and Cougar[12] resolve query via
chemical spill increases contamination, nuclear leakagerouting tree, which need to be established by initial
increases radiation, so on. Moreover, most of the physié@loding throughout the network. Also, the application
phenomena follows known diffusion laws[16][17] withspecific query mechanisms, like Directed Diffusion[2],
distance. That isf(d) dia, whered is the distance disseminate the interest hop-by-hop throughout the net-
from the point having the maximum effect of the eventyork similar to flooding; however, they optimize the in-
f(d) is the magnitude of the event’s effect, ands the terest forward based on query parameters, e.g., location.
exponent of the diffusion function that depends on tHeandom walk based mechanisms, like ACQUIRE][3],
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process simple one-shot and combined queries leverbigwever, for performance evaluation, we consider the
ing replicated data. Nevertheless, all such approactstortion of diffusion that captures this effect in some
ignore the physical properties of the events of interesextend. The main contributions of this paper include:

Information  gradient-based query mechanisms, proposing a novel architecture, Probe-before-
[4][5][8] exploit the diffusion patterns of events for  gpray(PBS) that forms resizable virtual grid cells
directionality towards source(s) or node(s) that satisfy g process information gradient-based queries. This
given query parameters. However, in multiple events yequces search overhead significantly by exploiting
scenario, sources can be sparsely located and create the geometry of event’s effect and the geographical
non-overlapping information gradient regions. Thus, information. In addition, PBS combines information
existing information gradient-based approaches unable gradient-based routing and in-network processing.
to explore the gradients due to all sources. Therefore,, peyeloping new query processing algorithms based
the query processing may produce only partial results.  on PBS to process aggregate queri@sunt, sum,

In this study, we propose a novel framework that  ayerage max andmin, and combined query.
exploits the diffusion property to form virtual grid-based , Apalyzing the worst-case performance of the query
architecture, Probe-before-Spray(PBS) to process infor- processing algorithms as well as PBS architecture
mation gradient-based queries. Leveraging geographical sing simple analytical models.
information and the geometry of events effect, the , Eyauating the performance of query processing
querier (i.e., sink) establishes a virtual grid structurevi algorithms based on PBS using realistic simula-
sensor field and initiates the query in each grid cell. The  tion model. It is found that the algorithms are
grid structure of PBS uses the geometry of event's effect opyst (success rate is over 99%) and reduce energy
to introduce search scope and reduces search overhead. oyerhead significantly (more than 30%) over usual
Here, the cell size can vary with query type. Also, PBS  {iooding based approaches.
uses probing to identify the occurrence or the existence
of event(s) and saves search overhead, especially for Il. RELATED WORK
a region without event(s). Further, PBS overcomes the
limitation of existing information gradient-based query In sensor networks perspective, query processing is
processing approaches and explores the information g#a- effort to co-design both query processing and net-
dients due to sparsely located sources. working subsystems to enable efficient and scalable self-

Compared to existing grid-based architectures, the gA&yanized data retrieval and in-network processing in a
cells of PBS are resizable and can be variable. Also, tfediable, energy efficient and timely manner.
querier establishes the grid on-demand in the network. Among several in-network query systems, Directed-
Further, based on the proposed PBS architecture, Wifusion[2] is pioneer work. Instead of using query
have designed algorithms to compute baaigregate language like SQL, this approach focuses on both
queries -count, sum, average, max and min, andcom- query dissemination mechanisms and flexible in-network
bined query, which combines multiple sub-queries bprocessing. All the protocols based on this approach
conjunction operator. describes a query by interest messages. A sink node

In this study, we focus our attention on the set afriginates the interest and disseminates in the network
events where the event’s effect diffuses after its occury flooding. The interest forwarding decision depends
rence. Here, we assume that the sensor nodes are ablentaquery parameters, for example location attributes.
detect the changes due to event(s). Several recent wbikvever, this approach also disseminates the query
([18], [19]) justifies this assumption. Also, initially wewithin regions having no event.
assume that the surrounding region of an event sourcéeclarative query processing systems, like TinyDBJ[9]
is obstacle free to diffuse the information gradient agind Cougar[12], use flooding to disseminate queries
event’s effect. However, this assumption can be relaxed the network and collect the replies via a routing
using local collaboration to detect such obstacles. Fiee, where the root node usually is the user’s physical
nally, throughout this study, we consider the approximalecation. Here, queries are parsed and optimized at user’s
geometry of event's effect based on empirical results aR€ and then injected into the tree-based sensor network
known diffusion laws. This geometry may change witfor processing. Like Directed-Diffusion, here in-network
environment condition. Precise computation of the gprocessing can be done at leaf nodes or intermediate
ometry of event’s effect is beyond the scope of this workodes to reduce the amount of data flow to the root.
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Leveraging geographical information and the diffusioguery processing and associated routing issues. Through
spread, i.e., the geometry of event’s effect, our proposteese algorithms, we can obtain target count from the
guery-processing architecture, PBS forms virtual grid otwstal number of elected leaders.
demand in the sensor field. Depending on query typeln this work, in addition to proposing the querying
and parameters as well as the diffusion pattern of thechitecture, Probe-before-Spray (PBS), we also develop
event of interest, PBS determines the grid cell size. Alsoew algorithms for basic aggregate queriesuft, sum,
it selects one node of each cell as a virtual queriaverage, max and min) and combined query. Also, we
that probes the cell to check the existence of evesmalyze the performance of the algorithms using simple
source(s) and initiates query forwarding in the cell. Thuapalytical models and extensive simulations.

PBS eliminates search overhead in cell(s) where required

sources are absent as well as performs in-network query  !ll- OVERVIEW OF PBS ARCHITECTURE
processing without flooding the whole network. It is The proposed virtual grid-based active querying archi-
important to mention that PBS is appropriate for a set @fcture, PBS relies upon two foundationd ) the geom-
events, where the event’s effect can be perceived withdtry of event’s effect, and2f an underlying geographic
the surrounding region of an event source. routing scheme.

Several query systems define policies to avoid floodingAn event source having specific magnitude (s&Y,
for query dissemination and forward the query onlyiffuses its effect in the sensor field. Depending on the
to nodes that produces relevant results for a partigensitivity of embedded sensors, this diffusion spreads
ular query. For example, [10] uses semantic routingp to a certain area. At the periphery, the recorded
tree (SRT) to limit the query dissemination only tgmagnitude of the event's effect is much lower th&n
nodes whose readings are within a particular rang@owever, this small magnitude of the event's effect can
Here, each node needs to collect information about i{& regarded as an indication that the required source(s)
children or subtrees. The SRT concept is analogousrify exist within that area, which is callethé geometry
index of a conventional database system and suitableevent's effect” in this paper. Leveraging this key idea,
for less dynamic environment. However, PBS perceivassensor node§, having minimum sensitivityn (where,
the presence of event(s) through probing and avoigs < X) can establish a virtual circular contouf;,
search where the probing fails. Also, another exampigthin which it can detect the presence of a source
is [6] that discovers querying paths for target trackingraving magnitudeX. In addition to known diffusion
This approach uses an objective function to chooseaavs, this C can be also be determined by empirical
node that optimizes the usefulness of sensor data afia or local collaboration. Now, virtual grid formation
corresponding communication costs along the paths. is described through Figure 1.

Model-based data acquisition scheme proposed in [11]Consider the distance between the source and the
has some similarity with our approach of using diffusionode, S is d. Now, according tahe geometry of events
model concept. Their proposed architecture combingffect, the radius of contour is d. For conservative
model-based approximate query answering to optimiggtimation ofd and to avoid gap or overlapping area
the data gathering. However, we use known diffusiafue to circular region, here we consider the inner square

models just to estimate the geometry of event's effec(say, C;,) of C. Thus, the nodeS is able to detect
The use of virtual grids in PBS has certain similarity

with TTDDJ[13] approach for scalable and efficient data . . . ]
. . o ) Q Q Q Q
delivery to multiple mobile sinks. In this approach, each
data source establishes a grid as needed and sensor nodes """
at the cross point of the grid receive data from the source. 0.° 5 o.° o 0.
Compared to PBS, in TTDD, the grid cell size is fixed |- dE MQ _____ S
and independent of the geometry of event's effect. Also, of LT | |
TTDD is not suitable for in-network query processing. /_C_?J-”/‘/S@vy? ,,va‘ et Q]
In [7], three information-driven algorithms, DAM, N i i

(3, y3) ..

EBAM and EMLAM have been proposed for construct-
ing and maintaining sensor aggregates that collectivéli. 1. Virtual grid of PBS with virtual querierg),. If 5'is located
monitor target activity in the environment. All three al&t (z,v), then (w1, y1) and (zs,ys) are (x + 75,y + 75) and (z -
gorithms are used for leader election without addressiag: ¥ ~ va) respectively.
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the presence of a source having magnitudewithin uses right-hand rule to get around the voids.

C;s. Here, the length of each side df;; is dv2. In According to above description, PBS architecture is
a two-dimensional sensor field, using, as the area based on three assumptions. First, all nodes have the
of grid cell, PBS divides the specified region using thienowledge abouthe geometry of event's effect. This
query parameter into grid cells as shown in Figure tlepends on the type of application and sensing modality.
Depending on query types, the cells size can be eqéa previously mentioned, in this study, we consider the
(e.g.,count, sum, average) or variable (e.g.max, min, approximate geometry of event’s effect based on known
combined). For each cell, the node closest to the centdiffusion laws (e.g., light, temperature etc.), empirical
of corresponding cell is considered as virtual quefigy, results or local collaborations. Approximate estimation
These virtual queriers initiate query in the corresponding d is detailed in Section IV. Second, all nodes know

grid cells on behalf of the querier. the approximate geographical perimeter of the network,
To Initiate query in a cell, the corresponding virtuavhich may be configured at the time of deployment or
querier,Q,, performs following two tasks. using simple discovery protocol. Finally, nodes location

1) Information probing: Q, uses a probing phase tocan be determined using existing localization protocols.
P 9 G P gp Although the basic idea of PBS is simple, the main

identify the existence of information gradient inchallen ing part is to desian enerav efficient quer
a cell. To improve the quality of probingy, ging p 9 9y query

also collects data about the required informati jocessing algorithms for various query types. Here,

. . . we develop algorithms for aggregate queriesount,
gradient from its one-hop way neighbors. . . :
. . Do . . sum, average, max, min, and combined query using PBS
2) Query spray i.e, dissemination: If information

probing finds the required information gradie@, architecture. Following sections detailed the approx@mat

disseminates the query either by scoped ﬂoodirt]agstlmatlon of d' and the query processing algorithms.

or information gradient-based query dissemination
mechanisms, like RUGGEDI8]. The routing pro-
tocol, RUGGED uses braided multiple-path explo- Before describing the approach to estimate approxi-
ration and controls the instantiation of paths usingate value ofd’, we first present some empirical results
a probabilistic function. In the information gradiento support the fact that event's effect follows diffusion
region, a node forwards the query greedily towardgw in real environment.

the region having the required level (according to For empirical experiments, we measlight diffusion
query parameters) of information gradient, wher@ both empty room (for minimum surface reflection)
nodes use scoped flooding to find all nodes thand office room (for moderate surface reflection) in
satisfy the given query. Here, both query paramée presence of ambient light. We use high precision
ter(s) and the boundary of the grid cell limit thedigital light meter (EXTECH, model 401025) and omni-
scope of flooding. On the other hand, when th@érectional light sources having different magnitudes.
probing is unable to identify the required informatiere, we measure the change in light intensity due

tion gradient in the cellQ, simply forwards the to omni-directional light source. In both scenarios, we
query to theQ, of the next cell. observe similar pattern of light diffusion having diffusio

" . L - . arameterp = 2, as shown in Figure 2. Although same
In addition to query dissemination within grid cells!o " g g

the proposed querying mechanism uses a geographical
routing protocol, GPSR[14] to route the query among
Q.S and to get a reply. GPSR[14] is previously devel-
oped in literature to enable packet/query delivery to a
node at a specified location. This routing mechanism
has of two modes -1j greedy-mode forwarding, and
(2) perimeter-mode traversal. In greedy mode traversal,
when a node receives a packet destined to a node at i 2 3 7

location (x,y), it forwards the packet to the neighbor Distance.d, from the source(in foot)

closest to(z,y). In the absence of any such neighbql—rig. 2. Light diffusion patterns in two different environmis. Here,
or due to existence of void in the network, the nodguares and triangles represent the measured data. Ciing ifit
forwards the packet using perimeter mode traversal thed to determine the diffusion equations.

IV. APPROXIMATE ESTIMATION OF ‘d’

fes(d) = 2554
(empty rooom - strong light source)

~
al

L
|

\ Fos(d) = 37(.;266

(office room - strong light source)

BoR Rk
o
)

Jew(d) = 21311
(empty room - weak light source)
50 . Fow(d) = 2()(.;7'88

25

light intensity (in foot-candle)
o
o
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light sources are used in both rooms, the dark surfaceSum and Average queries are similar t@€ount query.
of the office room absorbs some portion of light, so the these cases, in addition to counting the nodes they
measured light intensity in the office room is slighthalso aggregate sensor readings where the reading satisfies
lower than that of the open room. Also, we observe tlggven query parameter(s). In this paper, we only describe
fact that the signals of multiple non-coherent sourcése Count algorithm.
(e.g., light source) have additive effect at each point of Consider a query about an event of typehaving
overlapping diffusion regions. It is required to mentiomagnitudeX or more. Estimate the approximate geom-
that we use this empirical data set to emulate evestty of event having magnitud& using Equation (1).
sources for simulations to evaluate the performance lgére, we consider an obstacle free environment for the
PBS architecture and the proposed algorithms. diffusion of event's effect, which will be relaxed later.
Now, to estimate the approximate value df,‘con- Assume that the event’s effect diffuses up dp and
sider the minimum change detection sensitivity of sensoeg¢yond that the magnitude of the events effect drops
node ism for the event of interest. Also, assume that thigelow the minimum sensitivity of sensor node, i..,
event’s effect follows a diffusion law having diffusionNow, the steps ofount algorithm are as follows:

parametera. Now, consider a query to find node(s) 1) Establish a virtual grid of cells where the area of

having magni_tudeX. If_a sensor node_ can measure each cell isd,v/2 x dyv/2, except the edge cells.
an effect having magnitude: from d distance away 2) Virtual querier,@,, uses information probing as

from the source of interest, then the distanéecan be described in Section Il to find the existence of
expressed as < information gradient within its corresponding cell.
d=\/—
m

(1) a) If the probing finds information gradient in
the cell,, disseminates the query in the cell
as described in Section Il to find source(s)
having magnitudeX or more.

b) Otherwise(, skips the query dissemination
in that cell.

Here, the value ofx may change with the change of
environmental condition and the elasticity of medium.
Thus, the above equation computes only the approximate
geometry of event's effect.

V. QUERY PROCESSINGALGORITHM PBS continues this step for all remaining cells in

. . ] . the sensor field.
In this section, we describe the details of new quem

processing algorithms that uses PBS architecture. step (2a), we consider only sources having magnitude

X or more. However, sources having magnitude less than
X, but close to@, may result sufficient information
gradient. So, information probing may identify informa-
The aggregate que@ount counts the total number of tijon gradient and), triggers query dissemination in that
sensor nodes in the network that satisfies the given quepy|. |n such a scenario, the query dissemination using
parameters, for example, find the number of nodes dgoped-flooding approach causes some extra overhead,
a sensor field having temperature sensor readifijF \yhjle the information gradient-based query dissemina-

to geographical scope, here the query parameters also

specify the magnitude(s) of the source(s) or events
effect (e.g., temperature, light, etc.) of interest. BRipt
guerying approaches start with disseminating the query
by flooding within the specified geographic scope and
then use in-network aggregation for counting. When each
node and/or its descendents satisfy the query, the node
reports the accumulated count to its parent node. Here,
initial flooding causes significant energy dissipation.
The developedCount algorithm using PBS leverages
the geometry of events effect that corresponds to t%. 3. E1,E. andEs are three events of same type. The magnitude
query parameter to reduce the search overhead whé&tg, and £, are X or more, whileE; is much smaller. Here, small
the required event source(s) is not available. dots represent sensor nodes.

A. Aggregate query - Count, Sum and Average




Since, information gradient-based query dissemination
approach is unable to improve information levelXo

In the presence of obstacles within a cell, information 2)
gradient pattern for the diffusion may be different among
nearby nodes. Through local collaboration, nodes can
divide the corresponding grid cell(s) to obtain proper
diffusion pattern within each portion of the cell.

B. Aggregate query - Max and Min

In a sensor field, aggregate qudviax finds a node
that records the maximum magnitude of the event's
effect. Existing approaches collect data from all nodes
and the maximum is identified at root node i.e., sink.
To reduce the amount of data flow, intermediate nodes
suppress non-promising responses. However, flooding-
based query dissemination and collecting reply through
tree (based on child-parent relationship) causes signif-
icant transmission overhead. Using PBS architecture,
we develop a newMax algorithm that reduces energy
overhead significantly in most cases.

Consider a query to find the maximum magnitude, say
M, of an event of typdr. Assume M, is the maximum
sensing limit of sensor for the event of type Now, the

This initialization step continues until some infor-
mation gradient is perceived due to a source.
This step is similar to the step (2) of th&ount
algorithm, except the current cell area is deter-
mined by the current value oM. Here, M is
non-decreasing as well as the area of the cell
corresponding toV. Now, depending on the result
of information probing, @, has following two
choices:

a) If Q, perceives information gradient and ac-
cording to Equation (1) the information gra-
dient is higher than the current value 6f,
Q, disseminates the query. Using information
gradient-based protocols, like RUGGEDI8],
@, finds the maximum value, say/,., within
the current cell. ThusM can be updated as

M = max(M, M,).

This updatesM to M., if M < M..
b) Otherwise(, skips the query dissemination
within the current cell.

Continue this step to cover the whole sensor field.

steps to determinéA are as follows: In this algorithm, the query dissemination between

1) Determine the initial value of\1 using scoped-
flooding within the virtual grid cell that corre-

Q.S is not simple due to the variability of cells area.
Using cells of different area, the algorithm scans the

sensor field horizontally from left to right and right to

left and so on. To avoid any gap between the cells of
Fwo consecutive horizontal scans, the starting position of
new horizontal scan is determined by the smallest cell
M. Now, assume that the area of a virtual gri8f the most recent completed horizontal scan as shown

cell that corresponds to the current value jof in Figure 4. This causes some overlapping cells and also

. . . . the center node of a cell, the potential virtual querier

i.e., M7) is div/2 x di1v/2 according to Equation . . ' . . ’

El) Wh(la)redl 1<\/C; 12 g q may be visited during the previous horizontal scan.
] = xX-*

In such a scenario, the query is forwarded diagonally

sponds to)M,,. Assumed, /2 x d,\/2 is the area
of the cell according to Equation (1). Say/; is
the maximum information gradient within the cel
and M; < M,. Thus, the initial value ofM is

P PO B R further from the center within the cell until an unvisited

R ‘Q ::-_'E tg tg Q. node is found, which is the virtual querieg, of the
k l . AR MR cell. Finally, if no source exists in a sensor field, the
] A @ ;:%?éw.'f;'-.:-"‘ s E,z e overall algorithm becomes equivalent to multiple scoped-
L I DR I O A T flooding at different parts of the sensor field that cover
S R O 2P SIS AR 0 all nodes.

a T e L T Using the similar steps of the above algorithm, it is
~—d, 2 also possible to design an algorithm to find an event

source having minimum magnitude.

Fig. 4. F.1, E» and E5 are three events of same type, whéfg >
E5 > Ei. Cell's number,a, b, c, ..., o indicates the order of visit.
Scoped flooding is used in cell and thenb. Information gradient

C. Combined Query

is perceived in celb that determines the size of cell Again, cell Combined query consists of several sub—queries that

e and g have more powerful event sources, so cell size is increased,

For h,i, and j cells, centers are already visited, b is moved are Com_bmed by conjunctl_on opergtor. Ina mUIt"r_nOdaI
diagonally to first unvisited node for those cells. Here, tbsult of Sensor field, the sub-queries are interested for different
Max query is the magnitude aFs. type of events having different magnitudes. Also, the



corresponding diffusion patterns may follow differenB. Count Query

diffusion laws. _ _ _ Consider aCount query about an event of typ&
ConS|de_r a combined query consistsrosub-queries having magnitudeX or more. Now, use Equation (1)
aboutn different type of events, sayi, I,.... En 1o find the area of cell and assume that therezacells
having magnitudeX;, X»,..., X,. Assume that the yin the sensor field. For simplicity of analysis, assume
area of virtual cells corresponds 0y, Xs, ..., X, € hat the area of all cells are equal including edge cells.,
A1, As, ..., A, respectively, wherel; = 243, for i = Thus, each cell has. = ¥ nodes and there argn,
1,2,...,n, according to Equation (1). Thus, possiblg,qes on each side of a éell.
cell area setd = {A;, A, ..., Ay }. Now, using PBS | ot ) pe the number of sources in the sensor field
architecture, the steps of combined query processifging magnitudes or more. For simplicity, assume that
algorithm are as follows: the sensor nodes with readid§ or more for an event
1) Set current cell area tmin(4) and initiate in- are |ocated in a same cell. Nowyif = 1, the probability
formation probing. This cell area allow®, 10 that a cell does not have any sourcélis- 1). Thus, for
perceive the presence of information gradient dyg sources, the probability of finding at least one source

to any remaining events of interest. in a cell equals
2) Depending on the result of probing@, chooses N
one of the following steps: P.=1- (1 — _> = (1 — e—%) .
x

a) If probing finds information gradienty),
disseminates the query within the cell tHere, (1 — 1)™ is the probability that the cell does not
find node(s) that solves some unsolved subave any source.
queries. To assess the worst-case energy overhead, assume that

b) Otherwise @, skips the query disseminationeachq, uses scoped flooding to find the required node(s)
in that cell. in a cell where sensor reading J or more. Thus, the

3) Rebuild the se#d of possible cells area, based omuery spray i.e., dissemination overhead per cell equals
remaining sub-queries. Now, il = ¢, the query N
is successful and send the reply to the querier. On Cs=nc= =’
;Bﬁ othgr hand, itA 7 ¢ and the sensor .f|e|d 'S.fsince, nodes are uniformly distributed. Therefore, the
y visited, the query is unsuccessful. Finally, 'energy overhead per cell equals
A # ¢ and the sensor field is not fully visited,
then continue from step(1). T.=P.(Cp+Cs)+ (1 = P.) Cp.
Here the area of cells are also variable. Thus, the qu
dissemination betwee®,s is similar toMax algorithm
described in Section V-B.

?—%re, the first part computes the overhead in the presence
of source(s), while the other part determines the overhead
if no source is available in the cell.

VI. ANALYSIS OF THEALGORITHM QS use geographic routing protocol (a multi-hop

In this section, we present simple analysis to highligkeuting protocol) to route the query between them. Since,
the energy efficiency of PBS architecture to process tAb cells are square and identical, so the distance between

query processing algorithms mentioned in Section V. tWo consecutive nodes is approximately equal to the
length of cell's side. Thus, the number of transmissions

A. Assumptions require to route the query amor@@,s equals
Consider a rectangular 2-D sensor field with uniformly N
distributed N nodes. Also, consider average neighbor- Tyr = (x — 1) Ve = (z — 1)1/ —.

hood size isy,. Thus, the energy overheadioformation x
probing per virtual querier@,,, equals Thus, the total energy overhead to process @oent

uery equals
Cp=mnp+ 1. query eq
. T =T, + Tgm
Here, the neighbors reply the broadcast @f. The
collection of information about required event from — a2+ 1)+ N(1—e5)+(x—1) /ﬁ. )
neighbors in addition ta), reduces the effect of en- z
vironmental noise as well as the distortion of diffusionThis equation captures the impacts of both the number of
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guery processing. Since, this causes probing overhead
in smaller cells in addition to query dissemination over-
head. However, due to horizontal scans of the algorithm,
this scenario is very unlikely to occur.
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Number of grid cells Number of sources D. Combined Query
(a) Overhead for various numbép) Optimal number of cells _ _ )
of sources and cells. (shown by boxes) and corre- Consider aCombined query hasn sub-queries about
sponding overhead (shown by, different type of events;, Fs, ..., E, having mag-

dots) for number of sources. nitude X1, Xo,..., X, respectively. For simplicity of

Fig. 5. Count query processing overhead for various numiber analysis, assume that the area of cells corresponds to
sources and cells in the sensor field X1, Xs,..., X, are same and there arecells within
the sensor field. According to Equation (1),df # «;

sources in the sensor field and the number of cells, whitd{ ¢ 7 J» thenX; # X;; for eventsE; and Ej;.

depends on given query parameter, on query processing’s€t mi,ma, ..., m, be the number of events of type
overhead. Ei, E,, ..., E, having required magnitudes. Consider-

Consider a sensor field o = 1000 sensor nodes ing the events are independent and uniformly distributed
where the average neighborhood sizg,= 6. For this in the sensor field, the probability to find all events in a
sensor field, Figure 5(a) shows the query processinggll equals

overhead where the number of cells and sources vary n .
betweenl to 100 and 1 to 20 respectively. Figure 5(a) D =pip2...Pn = H (1 — e‘f) .
shows that for a fixed number of sources, initially the i=1

?huery-processmg ove_rhead redu_ces with the mcreasel_'oefre, b= 1 (1 B l)mi ~ (1— ™) is the
e number of cells i.e., querying for smaller values. v z/ , i

Since, query spray overhead is higher in larger celi%r.Obablllty that the eveng; is available in a cell.

Further, with the increase of number cells in a sensorNow, p changes (i.e., increases) after finding each
field, information-probing overhead increases, but ate@€entdue to probing and spray in cells. Thus, the average
slower rate. The minimum overhead and correspondiferhead of information probing can be expressed as

optimal number cells are shown in Figure 5(b) for 1 ny+1

different number of sources in a sensor field. Tpuy = (o + 1)1_, - e (1 e—m)'
=1 - v

C. Max Query

Here,(n; + 1) is the overhead of each probing albds

In the absence of events in a sensor field, lhax :
. . . the expected number of cells required to probe.
query algorithm performs multiple scoped flooding as

discussed in Section V-B. Now, considerind, is the In the worst case, all cells are required to probe. Thus,

maximum sensing limit and using Equation (1) to finH1 this scenario, the worst case overhead of information
the size of grid cell, assume that there areells within probing equals

the sensor field. Therefore, the overhead of Max T,, = (np+1) .
guery-processing algorithm equals
% For query spray i.e., dissemination, actual overhead
Thoevent = N + (z— 1)/ —. depends on the location of events in the sensor field i.e.,

_ . _ _ cells. Consider query spray is used foréalbells. Thus,
Here, the first term is combined ﬂOOdlng overhead arﬂ%ing Scoped_ﬂooding for query spray, the average case

the second term is query routing overhead betwegerhead of query spray can be expressed as
@.S. This overhead is larger than usual flooding based

approach. Ts,,, < 1 <E> ;

Savg
X

The overhead of the algorithm increases further if p
information gradient is found during initialization andsince, the sensor field ha$ nodes andc cells. There-
later current maximumM, increases at every step ofore, the total average case overhead of PBS architecture
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to process combined query can be expressed as links and ARQ is used only for information-probing.
For query spray, both scope-flooding and information
Tovg < mp 1 — +1 <£> +(x—1) ﬁ gradient-based routing are used. Information gradient-
I, (l—e ) AN T based routing as specified in [8] uses a probabilistic
_ _ _ _diffusion function with exponent3 for probabilistic
Here, the thlrd_te_rm is the ov_erhead of geographic roum?grwarding, ie.p; = f(j) = L wherej is the hop
between@),s similar to Sectl_on VI-B. _ count in the gradient region. J
_ In_ the worst case scenarie, events will pe located The performance of query processing using PBS
in different cells. Thus, using scoped-flooding for queréfepends on information probing and query spray. For
spray, the worst-case overhead of query spray equalsquery spray, scoped flooding is more robust as well as
T —n (ﬂ) causes more energy overhead than information gradient-
Sw o x ) based routing. Thus, the robustness and energy efficiency

Therefore, in the worst case, PBS architecture will baechieved using scoped flooding mainly represents the

energy efficient over flooding-based approach for Corﬁl_‘fectiveness of probing. In addition to following results
bined query processing, if more detail analysis and results can be found in [20].

N N B. Count Query
(np+1)z+n (;) +(x—1) \ <N. In our simulations, thauccess ratio of Count query is

_ over 99% using scoped flooding as shown in Fig.6(a).
Here, we assume the overhead of flooding-based ap-

proach isN. p—— 1
099t S
VIl. SIMULATIONS AND PERFORMANCE g oo 08
: 0TI S
We evaluate the performance of PBS architecture gq;gg o Evems = 3(0H) —=— Ol pefbuen-1OH X

(
(
# of Events = 3(SF) —&—
# of Events = 4(SF) —e—
# of Events = 8(SF) —&—
#of Events = 1(IR) -~

o
=

proposed query processing algorithms through extensj\#e ol Evena 2R
# of Events = 3(IR’

simulations and consider following performance metric;“:si'ﬁz; o Evenie = AR
1) Overhead in terms of energy dissipation is the av-",

0.9

erage number of transmissions required to process” * “oeywae T Ceyvae T
a query.

2) Successratio is the ratio of obtained value through d-looding (SF) and Inf

; : .. :Eig. 6. Count query using Scoped-flooding (SF) and Information

query algorithm over aCtuaI.Value' This metric Igradient-based routing (IR) wit = 0.7. Here,DOI = 0.05 and
used forCount and Max queries. _ Pr(link loss) = 0.1.

3) Absolute success probability is the fraction of total

gueries when obtained value equals actual value.

A. Smulation Model ff%ég %

In our simulations, we use 800t x 100t uniform o
random grid with10* sensor nodes placed at distange of Events = 3(0ry
from each other. Except for the border nodes, each node
is able to communicate with eight neighbors. For the
simulations ofCount andMax queries, we use empirical
data set (Section IV) to emulate event source(s), where Queryvawe 0
the exponent of the diffusion function i.ev,equals2.0. _ _
For combined query, we simulate five different types c'h:f)g' 7. (Normalized) Overhead dm_)um diery Leiy SCOp_ed'

) oding (SF) and Information gradient-based routing (IRthws =

events havingy equals2.0, 1.9, 1.8, 1.7 and 1.6. For 0.7. Here,DOI = 0.05 and Pr(link loss) = 0.1.
the distortion of information diffusion, we use Degree
of Irregularity (DOI) and Weibull distribution with shapeFor small query value, occasionally probing may fail
parametei.13 and scale parametér28 similar to [15]. due to noise (i.e., higher DOI). The probing quality

Both actual event(s) and small noisy events are umian be improved further by collecting information from
formly distributed in sensor field. Here, small events areighbors more than one hop away from virtual querier.
unable to solve queries. Also, consider lossy wirelesksing information gradient-based routing, the success

)
)
)
# of Events = S(SF;
)
)
)
)

Pommk

#of Events = 2(IR) --3--
#of Events = 3(IR) --#--
# of Events = 4(IR) --6--
# of Events = 8(IR) -~

Absolute Success Probability
o
N

Pommk

=
=)
3
o
N
S

(a) Success ratio. (b) Absolute success probability

o
®
N

o
)
N
B

#
#
#

o
N
BB

Avg Xmission Overhead / node
o
IS

N
[}
@
=]
N
o
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ratio drops for large query values and in the presenbcé
of more events. Cell area is large for large query valugs;
so gradient-based routing may unable to find all nodas
that satisfy the query in the presence of noise aé}oq
lossy wireless links. However, using smaller value éf
£ as shown in [8], the success ratio can be improvéoﬂ

D
]
N

4
@

1 event/type,Eq.(SF) —e—
1 event/type,Eq.(IR) —8—
2 eventsitype,Eq.(SF) @~
2 eventsitype,Eq.(IR) &
1 eventitype,L.inc.(SF)
1 eventitype,L.inc.(IR)
2 events/type,L.inc.(SF)
2 events/type,L.inc.(IR)
1 event/type,Exp.inc.(SF) --
1 event/type, Exp.inc.(IR) -~
2 events/type, Exp.inc.(SF)
2 events/type Exp.inc.(IR)

o}
=3
o

1
2e

I
IS

o
)

Homomonon

2 events/type,L.inc.(SF)

1 event/type,Exp.inc.(SF) --

2 events/type,Exp.

1 event/type,Eq.(SF) —6—
1 event/type,Eq.(IR) —&—
2 events/type,Eq.(SF) @~
2 events/type,Eq.(IR) &
1 event/type,L.inc.(SF)
1 event/type,L.inc.(IR)

o}

2 events/type,L.inc.(IR)

omomononm

event/type,Exp.inc.(IR) --
vents/type,Exp.inc.(SF)

Avg. Xmission Overhead / node

=)

further. Similarly, Fig.6(b) shows that absolute success: oo aeoray
probability is high when scoped flooding is used for -
spray. (a) Absolute success probability.

In the presence of no events, the overhead of PBf. 9. Combined query using Scoped-flooding (SF) and Information
is only 20% as shown in Fig.7. However, with th@radient-based routing (IR) with = 0.7. Here,DOI = 0.05 and
increase of number of events, the overhead increaSE4"k 1059 = 0.1

as more nodes can satisfy the query and require more

transmissions to find them. For scoped flooding, i giffusion distortion and lossy wireless links. Also, the
addition to flooding W_'th'r_‘ a bOL_mded region, itis Un‘?‘plﬁuery processing overhead using gradient-based routing
to stop query forwarding if probing result is false positive; pelow 50% as shown in Fig.9(b). However, as the area
and causes more overhead. corresponds to sub-queries increases exponentially, the
overhead of using scoped flooding for query spray, i.e.,

_ _ . dissemination increases sharply due to large cell area.
Fig.8(a) shows the success ratioéx query is over

99% i.e., obtained maximum is very close to actual VIIl. CONCLUSION
maximum in our simulations even in the presence of In this paper, we have presented a novel architec-
ture, Probe-before-Spray (PBS) for information gradient-

2 3 4
Number of Sub-queries / query

(b) Overhead per node.

C. Max Query

— so-oosy ——|  based active query processing. This reduces search over-
° DOI = 0.01(SF) —&— . . . .

B s §§i§§§§§£ head by exploiting geographical information and the
A D"'””““gg EARA, possees 3= diffusion spread to form resizable virtual cells within
4 - 00 M, DOI = 0.01(IR) --&-- . .
E Do.-o'05(5F§+ gl e goseam -2l @ query specified region. Based on PBS, we develop
2 097 =0 - 0.4 h .._DOI = 0B4(R) —=—# . . .
| oo “ta-dlin -+  query-processing algorithms for aggregate queries and
<0 B3 2Bt 2 gz combined query.

oss - - - - L 2o We analyze the performance of PBS using simple

1

2 3 4
Number of Events Number of Events in sensor field

analytical models. Also, through simulations, we found
that Count, Max and Combined query algorithms based
Max query using Scoped-flooding (SF) and Informatio?" PBS reduces search overhead over 40%, 30% and
50% respectively over usual flooding based approach
while attaining accuracy over 99%.

lossy wireless links and distortion. We notice that the In addition, the proposed architecture can be eas-
overhead of query processing decreases with the incredgeaugmented with both Directed-Diffusion[2] and

of number of events as shown in Fig.8(b). Because, lIeBsyDB[9] or Cougar[12] to reduce flooding overhead
number of scoped flooding is required to obtain the initifidr energy efficient in-network query processing. Further,
Max value. Also, at the early stages of query processinggnsidering each virtual querier as a cluster head, PBS
Max value becomes high, so probing helps to avomhn also be used for hierarchical sensor networks.
query spray and further improves the overhead.

(a) Success ratio. (b) Overhead per node.

Fig. 8.
gradient-based routing (IR) with = 0.7. Here,Pr(link loss) = 0.1.
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