Decentralizing Query Processing in Sensor Networks

Ross Rosemark, Wang-Chien Lee
Department Of Computer Science and Engineering
The Pennsylvania State University
University Park, PA 16802, USA
{rosemark, wlep@cse.psu.edu

Abstract via the tree. Queries for sensor networks typically spec-
ify a sample rate. There are usually different sensors in
Recent research has led to the advent of software systemsach sensor node. Query results are generated by sampling
capable of performing query processing in sensor networks.node’s sensors in the order defined by the query plan. To
They perform query processing in a sensor network by con-facilitate query optimization, metadata periodically will be
structing a routing tree rooted at an access point (i.e., a collected (via the routing tree) by the access point in ag-
base station), where the queries are submitted, parsed, andyregated form from all nodes within the sensor network.
optimized. This approach to query processing is central- This kind of query processing systems is referred to as the
ized in nature. Performing query optimization at a single Centralized Query Processing System (CQPS), since it per-
node (base station) does not generate efficient query plansforms query optimization in a centralized manner (i.e. at the
and requires each node to report metadata to the accessaccess point). An example of the CQPS is illustrated in Fig-
point. In addition, the routing tree infrastructure ineffi- ure 1. As shown, this systems’s infrastructure is typically a
ciently aggregates data packets. To address these issuegputing tree.
this paper proposes several decentralized query processing

systems that utilize sensor node’s innate spatial and seman- Nodes Par’:‘igi‘:}e;ing
tic characteristics. Experimental results conclude that de- Participating In Query 3

In Query 2

centralizing query processing significantly reduces energy
costs. In addition, experimental results show that the spa- Node &~
tial and semantic properties of nodes are influential in de- No
signing a decentralized query processing system. No
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Recent research has led to the advent of software systems Group

capable of performinguery processingn sensor networks
[11, 14, 10, 9]. Unlike other environments, query process-
ing systems designed for sensor networks must incorporate
energy awareness into the system to extend the lifetime of
the sensor nodes and network. Existing query processors,
e.g. TinyDB and Cougar, have met these requirements by
pushing operations such as selection and aggregation within In this paper, we argue that query processers in sensor
the sensor network in order to reduce communication costsnetworks should continue the trend of pushing expensive
[11]. Their approach is to construct a routing tree rooted computations within the sensor network. The above men-
at an access point (i.e., a base station), where queries arioned centralized approach to query optimization and span-
submitted, parsed, and optimized. The optimized execu-ning tree construction has some deficiencies with respect to
tion plan obtained at the access point are then disseminatedjuery optimization and routing. To derive an execution plan
via the routing tree into the network for processing. Fi- utilizing this approach, the access point must first collect
nally, the query results flow back to the access point also metadata from all nodes within the sensor network requir-

Figure 1. Centralized Query Processing Sys-



ing excessive energy consumption (we argue that a subset 0bf energy consumption (relative to the CQPS). Finally, this
nodes in the sensor network can avoid sending their meta-paper will merge the spatial-based and semantic-based ap-
data). Second, the access point derives a single energy effiproaches into a hybrid approach.

cient query plan by utilizing the metadata collected fromthe A performance evaluation comparing the CQPS to our
sensor network. Such a centralized approach disallows twoproposed query processors on the basis of energy consump-
sets of sensor nodes that have different data profiles fromtion is conducted through simulation. Experimental results
executing separate query plans. This problem exists sinceconclude that decentralizing query processing significantly
the access point generates the query plan based on the ageduces energy costs. In addition, experimental results show
gregated metadata it has collected from all nodes in the senthat the spatial and semantic properties of nodes are influen-
sor network. Since metadata (gathered by the access pointial in designing a decentralized query processing system.

is in aggregated form, it may not precisely represent every  The rest of this paper is organized as follows. In Section
nodes local metadata. As a result query plans generated by, we review existing approaches to support query process-
the access point will be in-efficient requiring nodes to uti- ing, and discuss existing clustering algorithms. We then in-
lize excessive energy sampling data from its sensors. Wetroduce in Section 3 multiple decentralized query process-
argue that multiple nodes should perform query optimiza- ing systems. In Section 4, we conduct simulations to com-
tion within the sensor network. Finally, the access point pare and analyze the energy consumption of the CQPS and
distributes the execution plan to all nodes within the sensorour proposals.

network, who will in turn execute the query and return the

resul_ts _to the_ access point via the routing tree. A rputing 2 Background

tree is inefficient since aggregation can only transpire be-
tween two childrens data packets at an intersecting parent.
For instance, in Figure 1, multiple paths are utilized to route
data packets from nodes 1 and 2 to the AP (nodes 1 and
utilize paths 1,14,12,9 and 2,13,11,8 respectively). A bet-
ter solution would perform aggregation near the nodes that
generated the data packets. In this example a better solution i , i i i
is as follows: 1) node 1 is designated to perform aggregation _AS briefly mtroduced', in the CQPS, queries are opt!-
for nodes 1-6; 2) node 2 routes data packets to node 1; 3)mlze_d at the access point. The access point W|I_I then dis-
node 1 performs aggregation; 4) node 1 routes aggregate(femInate t_he chosen query plans k_)y broadcastingut
data to AP. The concept of designating nodes to perform'n,g t.ree build requeg(tRTBR) to all adjacent nodes that are
aggregation has been discussed in the context of clustering?ithin the range of its radio. The RTBR message broad-
research [15, 12]. This research has shown that clusters willC2St Y the access point will contain the binary query plan,
alleviate the energy associated with routing. In this paper & |€V€l SPecifying the number of hops from the access point

we expound on existing research to intelligently adapt the (anallydthe Ife\r/1el Is zero) an:l d‘f" node |d§nt|fr|]er s_pec?‘]y 'T)g id
network infrastructure based on the nature of queries activell® Sen ero the message. Adjacent nodes earlng.t € bull
: request will choose the sender as their parent, assign their
in the sensor network. A
) ) ) _ level as one more than the level specified in the message,

This paper introduces a dec_entrallzed infrastructure 54 save to memory this query plan if applicable. They will
to support query processing in sensor Networks —inen continue to disseminate a message specifying the query
our main contribution. This infrastructure will distribute plan, their level and identifier to all adjacent nodes, which
query optimization and query routing within the sensor net- il in turn continue this process until all nodes within the
work in order to alleviate the energy consumption required gensor network have been assigned a level in the routing
to: 1) collect metadata; 2) perform execution plans at sen-yee  tilizing this infrastructure, nodes send all query re-
sor nodes; 3) route results from sensor nodes to the accesgits to their selected parent, who in turn will forward the

point. message to their parent. This process will continue until the
In this paper, we will first introduce a fully decentral- message has been received by the access point. Ensuring
ized query processing system that generates efficient queryhat node failure does not break the connectivity of a path
plans and alleviates the energy costs associated with colfrom a sensor node to the access point, the RTBR will be
lecting metadata. Second, we will present a query processperiodically re-broadcasted by the access point. Nodes par-
ing system that utilizes node’s innate spatial properties in ticipating in a query will periodically wake up from a sleep
order to alleviate the energy costs associated with routingstate, collect data specified by the query and route the query
data packets. Third, we will use the innate semantic char-results to a adjacent node that is one hop closer to the access
acteristics of nodes to derive a query processing systempoint and is within radio range. The sample rate in which
that generates query plans that are more efficient in termsquery results are generated is defined in the user's query.

In this section, we review protocols to support query
éarocessing and clustering in sensor networks.

2.1 Query Processing



Query results are generated by sampling node’s sensors i  Query Processing Infrastructures
the order defined by the query plan. To facilitate query op-
timization, periOdica”y metadata will be collected (Via the In this section, we discuss distributed query process-
routing tree) by the access pointin aggregated form from alling systems. For each approach, we assume nodes rep-
nodes within the sensor network. resent each attribute’s metadata with a separate histogram
and nodes are static with respect to movement. In addi-
] tion, we assume that queries are injected at a single access
2.2 Clustering point and are long running in nature. In respect to meta-
data, the characteristics of each node’s histograms (number
) ) of buckets, size of buckets, distribution of values within a
Recently many clustering algorithms have been pro- pcket) will be the same for each node. For each histogram,
posed to create and maintain spatial clusters in a sensofhe number of buckets is 30 and the distribution of the val-
network. This section reviews some well established algo- ,e5 within each bucket is assumed to be uniform. The size
rithms along with the research issues they address. Spapf 5 pucket is dependent on the attribute the histogram is
tial clustering algorithms are reviewed because aspects Ofrepresenting. In this paper we assume all query processing
these algorithms are utilized by our Spatial Query Process-protocols utilize the same representation for metadata. To
ing Systems’s routing infrastructure (discussed later). disambiguate terminologies, when discussing our proposed
In [2], Bandyopadhyay et al. described a distributed hi- approaches this paper refers to clusters as Query Groups
erarchical clustering algorithm that is able to reduce the (QG)*.
communication costs associated with sensor nodes report-
ing gathered information to the access point. 3.1 Fully Distributed Query Processing System

Dimensions [5] creates a clustering hierarchy that uti-
lizes wavelets to encode sensor data in order to reduce the A simple modification to the CQPS is to duplicate the
energy costs associated with delivering results to users. Di-query optimizer at every node (create N QGs such that N is
mensions has done a preliminary analysis showing that ifthe number of nodes in the sensor network (see Figure 2)).
the data contained at nodes in the sensor network exhibitThis approach was proposed to examine the upper bound
high spatial and temporal correlations the reconstruction er-

ror of the wavelet will be reduced. Nodes Nodes
X L. Participating Participating

In [4], Estrin et al. argues that global or distributed algo- In Query 2 In Query 3
rithms will not scale well in terms of energy consumption o =
as the size of the sensor network increases. This paper pro- 4‘ < IS \ﬁ
poses the utilization of clusters as a means of sensor nodes é $ ; N
efficiently coordinating their local interactions in order to i é g
satisfy a global objective. Node 2 o Node 1 ?"95 6

Leach [7] designs an approach that periodically reselects Node 3 N NS
cluster heads in order to minimize the variance between sen- ‘
sor nodes time of death (the time a node fails). Quiry Nodes

In [15], a distributed clustering protocol capable of pro- Group F’.i‘”ﬁ;i";?;"]g

viding fairly uniformly distribution of cluster heads (in

comparison to other clustering algorithms) is proposed. En-

suring that clusters meet these requirements is desirable Figure 2. Fully Distributed Query Processing

since they uniformly distribute the workload (energy con-

sumption) required by each cluster heads. Our proposalson the number of nodes performing query optimization (the
also mitigate the workload across multiple nodes. CQPS is the lower bound since 1 node performs query op-

In [12], Pattem et al. clusters nodes that exhibit a high fimization). In this approach, queries received by the ac-
degree of spatial correlation for a sensed phenomenon irC€SS Point are disseminated throughout the sensor network.
order to improve the compression of data packets. ThroughfN0des receiving the query will utilize their local query opti-
analytical derivations and simulations they have ascertainedMiZ€r to generate a query plan. Each nodes query optimizer
the optimal size of a cluster for a wide range for spatial Will determine the nodes query plan based only on the lo-
correlations. The idea of incorporating spatial correlations ¢l metadata of the node. Each node will then perform the
of data in the cluster formation provides motivation for our = 1 oG is defined as a cluster of nodes in which the cluster heads per-
Semantic Query Processing System (discussed later). forms query optimization.




query plan generated by its query optimizer at a predefinedQG is responsible for collecting metadata from the sensor
time and route the results to the access point via the rout-nodes in its QG along with performing query optimization
ing tree. In this paper, we refer to this system as the Fully and data aggregation. Our system strives to create a set of
Distributed Query Processing System (FDQPS). QGs that: 1) provide relatively uniform distribution of CH
The advantage of this approach is that it creates efficientnodes; 2) choose CH nodes with high remaining energy; 3)
guery plans while removing the need to perform metadatachoose CH nodes that are spatially close to the access point.
collection. Query optimizers will generate efficient query Design aspects adapted from [4, 3, 2, 15] are utilized in
plans since each node performs query optimization basedur schemes. In addition, our query processing system pro-
only on its local metadata. In addition, since query opti- vides means to perform intelligent adaptations of the query
mization is performed at each sensor node, the energy cosprocessing infrastructure based on the nature of queries ac-
to disseminate metadata packets is alleviated (i.e. each nodtive in the sensor network. In line 15 (Algorithms 1) we
can suppress sending their metadata). The disadvantagedetermine the QG a NCH node participates in based on the
of this approach is that 1) every node consumes energy innumber of queries that both the NCH node and the QGs
query optimization; 2) it does not address aggregation of CH node are participating in. This increases the chances
data packets since the infrastructure is still based on thedata packets generated by the NCH node are aggregated at

routing tree (discussed above). its corresponding CH and ensures that query plans gener-
ated by a CH node is valid for a large set of nodes the CH
32 Spatlal Query Process|ng System nodes QG In other WordS, giVen a NCH node N that is par-

ticipating in a set of querieSy and has heard from a set
of CH nodes SCH, node N will select thieH; € SCH

that has the greatest cardinalityS)cw, N (S)n)||. If a
NCH node participating in QG receives a message from a
CH node with greater query pattern, the NCH node will join
the new QG and cancel its participation in the old QG. To

An alternative approach to query processing is to distrib-
ute query optimization to K nodes, such thatt= num-
ber of nodes in the sensor network (see Figure 3). This

Nodes Q Nodes .. . . .
Participating Gré’erS Participating cancel participation in a QG, a NCH node will send a can-
In Query 2 P InQuery3 celParticipation message to the QGs CH node.

Re-enforced

Node 8 Algorithm 1 Pseudo-code to create the infrastructure (Spa-
Node 1% tial Query Processing System)

ode
Node 12— 1: SetSN of length NV represents the nodes in the sensor network

>
Node 1 < No Node'16 2: The setQG1..nga, NQG <= N represents the Query Groups in
Nedez 7ytoce the sensor network.
Node3-_ ~* s 3. Network consists of a single access poin®;
4

. AP; injects a Routing Tree Build Request (RTBR)

N L 5: The set of nodesiN € N that hear the RTBR message will set a
odes . . . . .
Participating _Query Query Promotion Tlmer (PT) based on their (current energy, level in routing
In Query 1 Group 1 Group 2 tree, random timer).
6: When nodeX;’s € AN PT expires the nod&’; will:
7. if X; € QG N then
. i . 8: Maintain as a NCH node
Figure 3. Spatial Query Processing System 9: else
10:  Create a new Query GroupG x, in which you are the CH node
roach was pr xamine th ry pr ingin-. (X € QGx,).
approac asp oposed to exa e the query p opess 9 11: NodeX; send a pathEnforeMsg td P; to re-enforce the path be-
fras_trl_Jctu_re \_/vhen the number of nodes performing query tween it and thed P,.
optimization is between the lower bound (CQPS) and upperi2: NodeX; send out a clusterHeadNotificationMsg to notify all nodes
bound (FDQPS). In this approach, spatial clustering algo- within M hops of nodeX; that it is a CH node.

; T b 13: end if
rithms are utilized to generate QGs within the sensor net 14: The set of NCH node’'® € SN hearing nodeX;'’s clusterHeadNo-

work. The number of QGs derived by our query process- iicationMsg will:
ing system is based on the radius of a QG. Radius refers tas: if The Query Pattern between noeand X; is the greatest (By de-
the maximum distance (in hops) between a non cluster head  faultall nodes have a Query Pattern oftign

(NCH) node and its corresponding cluster head (CH) node.igf enzlﬁdepi willjoin Query GroupQGix;

In this paper, we refer to this system as the Spatial Queryis: To maintain the infrastructure periodically restart algorithm from step
Processing System (SQPS). 4.

The pseudo-code in Algorithms 1 and 2 illustrate respec-
tively how the SQPS’s infrastructure is derived and how it  The first advantage of this approach is that it alleviates
processes queries. In this approach, the CH node in eaclthe costs associated with collecting metadata (compared to




Algorithm 2 Pseudo-code to process queries (Spatial Query o Nodes o Nodes
Processing System) articipating articipating

In Query 2 In Query 3
1: Queries injected by the user at the access point will be forwarded to Re-enforced Path ‘E“Q N9del15
all CH nodes via the reinforced paths. Node 7:;;’;7' \‘//‘
2: Queries received by a CH node; will perform query optimization Node g/ﬂ‘ =
based on the metadata it has collected from nodé€xGry, . Node 107 "
3: CH nodeX; will disseminate the query plan to all nodes(@ x, . Hoge 1271 / \Node 15
4: Nodes receiving the query plan will execute it at a predefined time and oce 15 3
return aggregated results to their corresponding CH node. Node 2/’No)u‘e 1 \‘ Node
5: When all data packets have been received by a CH node, it will forward Node 5% * -
the received data packets in aggregated form to the access point Node 4 Node 5
CJ Node 14
Nodes
Participating
In Query 1

the CQPS). Less energy is required to collect metadata since
CH nodes are omitted from sending their metadata packets
(CH nodes do not send metadata packets since they perform
guery optimization). The second advantage of this approach
is that it alleviates on average the costs associated with
performing query optimization (compared to the FDQPS).
Query optimization is reduced on average since fewer nodedi-e. this algorithm still employs multi-hop routing). In Fig-
perform query optimization (on|y CH nodes perform query ure 4, two QGS are defined, one consists of nodes 1-9 and
optimization). The third advantage of this approach is that it the other consists of the remaining nodes, nodes 9 and 15
provides on average more efficient query plans (comparedare CHs.

to the CQPS). Query plans on average are more efficient The pseudo-code in Algorithms 3 and 2 illustrate respec-
since a smaller subset of nodes define the metadata utilizedively how the SEQPS'’s infrastructure is derived and how it
by a query optimizer (digcussed abo\/e)_ The final advan-pProcesses gueries. Note that, the SEQPS utilizes the same
tage of this approach is that it performs more efficient ag- Protocol as the SQPS to process queries. Our algorithm to
gregation of data packets (compared to the CQPS and théorm QGs strives to choose CH nodes that: l) have similar
FDQPS). To clarify, since each NCH node chooses a QGMmetadata to the largest subset of nodes in the sensor net-
based on the greatest query pattern, data generated by th&ork; 2) have high remaining energy; 3) are spatially close
NCH has a high probability of being aggregated at the CH to the access point. To our knowledge, we are the first to
node. The disadvantages of this approach are 1) query planstilize sensor networks innate semantic and temporal char-
are still not guaranteed to be efficient for all nodes in a QG acteristics in a query processing system.

2) additional energy is required to create and maintain the

mantic Query Processing System)
1: Lines 1, 2, 3 and 4 of Algorithm 1 are equivalent in this algorithm.
3.2.1 Semantic Query Processing System 2: The set of nodeslV € N that hear the RTBR message will flood a
packet containing their metadata referred to as the advertiseMsg.
Another approach to query processing is to utilize nodes in- 3: Each nodeNV; € AN will set a timer to allow their advertiseMsg to

nate semantic and temporal characteristics [16, 6] in the de- _ reachalinodesin. o
4: if Metadata in an advertiseMsg is similar to nasigs metadatahen

sign of the query_ pro_ce_ssmg 'nfraStrUCtgre' In this approach 5. NodeN; will save info about the nod&,, that initiated the adver-
sensor nodes with similar metadata will be formed into K tiseMsg.
QGs (K<= number of nodes in the sensor network). This 6: end if o o _
approach was proposed to examine the energy consumption’- When a nodeN;'s advertiseTimer expires it will set a Promotion

. . Timer based on: it's current level in the routing tree, remaining en-
of the sensor network when semantic (rather then spatial)  ergy, number of nodes it has similar metadata with, random timer.
property of nodes are utilized to dictate the set of nodes to 8: At this stage the algorithm will perform the same as the SQPS ex-
perform query optimization. The number of QGs derived cept a node’s clusterHeadNotificationMsg will contain the node id of

; : ; T . all nodes that have similar metadata along with span the entire sen-
by our CIUStenng algomhm is based on the Slmllamy (dIS sor network rather then M hops. In addition NCH nodes receiving the

cussed later). Inthis paper, we refer to this system as the Se-  ¢jsterHeadNotificationMsg will only choose CH nodes that have sim-
mantic Query Processing System (SEQPS). An example of  ilar metadata. A NCH node and CH node have similar metadata if the
the infrastructure derived by the SEQPS is illustrated in Fig- NCH node’s id is specified in the CH’s clusterHeadNotificationMsg.
ure 4. Note that, in Figure 4, QGs are not denoted by a circle

and each node is depicted as having direct communication Two well established mathematical approaches can be
with its corresponding CH. These changes are aesthetic irutilized to perform the similarity function (line 4 in Al-
nature, and are made only to help illustrate the algorithm gorithm 3): Euclidean distance and earth movers distance

Figure 4. Semantic Query Processing System




[13, 8]. To dynamically re-adapt the query processing in- Nodes Query Par’;‘_g%‘:ﬁ_ng
ICI 1

frastructure, buckets of each attributes histograms will be Plirchi]zf;igg Group 3 "\ D' query 3
weighted based on query frequency. This skews similarity B
to give a higher weight to the buckets that have the greatest Re-enforced| a3
impact in determining query plans. To determine the weight Path «
of buckets the query optimizer will increase the weight of (’
a bucket every time the query optimizer consults the bucket Node 2 < — Mo
for its frequency and decrease the weight of corresponding /
buckets when a query expires. Node 3 X odes now \
This approach has the advantages of the SQPS along J Query \
with generates more energy efficient query plans. Since Paniomatine P * Query Query
QGs are comprised of nodes with similar metadata, the vari- In Query 1 Group 1 Group 2

ance between the difference in nodes metadata within the

QG will be reduced. As a result, query plans will be more

energy efficient since the metadata utilized by a CH to gen- ~ Figure 5. Hybrid Query Processing System

erate a query plan will be consistent with the metadata of

nodes in its QG. The disadvantages of this approach is 1)refer to this system as the Hybrid Query Processing System
the energy cost to create and maintain the infrastructure isHQps).

greater (compared to the SQPS); 2) aggregation is not per- - oyr algorithm to form QGs strives to choose CH nodes
formed as efficient (compared to the SQPS). The cost o Crethat: 1) have similar metadata to the largest subset of nodes
ate and maintain the infrastructure is greater since: 1) ini-ithin the CHs spatial vicinity; 2) have high remaining en-
tially each node must send out an advertiseMsg to ascertainyrgy: 3) are spatially close to the access point; 4) are uni-
nodes with similar metadata; 2) advertiseMsgs and promo-formly distributed within the sensor network. To achieve
tionMsgs must flood the entire network rather then M hops these goals the SEQPS algorithm will be modified to limit
(M hopsis the radius of a QG). Not limiting the spatial sizeé the range of each nodes advertiseMsg and clusterHeadNo-
of a QG also increases the distance between a NCH nodgjficationMsg message to the subset of nodes that are within
and its corresponding CH resulting in an increase in the \; (M s the radius of a QG) hops of the CH. Note that,
energy cost associated with collecting metadata and routyhe HQPS utilizes the same algorithm as the SQPS and SE-
ing data packets. For instance, Figure 4, illustrates the in-ops to perform query processing. This algorithm is defined
frastructure derived by the SEQPS. Assume, in this exam-in Algorithm 2. The advantages of this approach is that it
ple, nodes 2, 1, 6 route data to CH 9 utilizing the inde- provides both the benefits of the SEQPS and SQPS. This
pendent paths [14,15,9], [13,11,9], [12,10,9] respectively. gigorithms disadvantage is that is requires (like the SEQPS)

Utilizing this approach nodes 10,11,13,14,15 have to route aqgitional energy to create and maintain the infrastructure.
additional packets (i.e. data packets from nodes 1, 2 and

6). A better approach would utilize both node’s spatial and 4 Performance Evaluation

semantic properties. For example, create a QG that con-

sists of nodes 1-6 and another that consists of nodes 7-9, as- T luat d h . s Uti-
sume node 1 and 9 are chosen as CH nodes. In this case, a. 0 evaluale our proposed approacnes, experiments uti

data packet generated by nodes 1-6 will be sentto 1, Whic“g?ggr'\f—i?ﬁgoék S:;TeuItit-orlwg'rciactgnti:(t:tggéez?rzlgqr?l
in turn aggregates the data packet with it's local data and ur exper W - 1) d 1zIng

sends it to the AP. This approach is favorable since nodesdUe"Y processing significantly reduces energy costs; 2) dic-

14,15,9,12,10,9 do not route additional data packets. tate that .the Sp.a“"?" and seman'ug properties of node; are in-
fluential in designing a decentralized query processing sys-

tem.

3.2.2 Hybri ry Pr in m

yorid Query Processing Syste 4.1 Experimental Settings
The final approach to query processing (see Figure 5) is a
hybrid of the SQPS and SEQPSs. In this approach, QGs In all experiments, the sensor network consisted of 50
will be comprised of nodes that have similar metadata, andstatic nodes distributed in a fixed area (900m * 900m). The
that are spatially close to their corresponding CH node. Thisposition of a node was dictated by 1) uniform distribution;
algorithm was proposed to examine the energy consumption?) the coordinates (scaled accordingly) of a subset of nodes
of the sensor network as the combination of nodes semantiagyiven by The Joint Institute for the Study of the Atmosphere
and spatial characteristics are utilized to determine the setand Ocean (JISAO) [1]. Data obtained from JISAO repre-
of nodes to perform query optimization. In this paper, we sents a node’s metadata in our experiments.



In all experiments, simulations ran for 50000 millisec- conduct experiments to determine the effects of query fre-
onds and were repeated 25 times to obtain the averagegjuency. Finally, we perform experiments to evaluate the
results. Infrastructure maintenance is performed everyscalability of our approaches.

30000 milliseconds and metadata is collected every 10000

milliseconds. At_the beginning of the simqlation, multiple 4.2.1 Similarity in SEQPS

queries were injected at the access point. Each query

would specify the type of query (MIN, MAX, AVERAGE, The first experiment ascertained the optimal similarity of
MEDIAN, SUM) along with a specification of data ac- the SEQPS. As dictated by Figure 6 the optimal similarity
quisition. In our experiments, each query specified sensoris 0-9 for the uniform distribution and 10-19 for the JISAO
nodes to perform data acquisition by continuously polling distribution. Note that in the JISAO distribution only a frac-
and aggregating results from its sensor table every 50tion of energy reduction is obtained when the similarity is
milliseconds (event based queries are left for future work) between 10-19. However, even a small variance in average

[11]. The queries we consider are of the form [11]: dissipated energy is significant since it only reflects the en-
ergy required to deliver 1 packet to the AP. Also note, that
SELECT {aggExpr, attrs } FROM Sensors in our settings when the similarity parameter is 0-9 the SE-
WHERE{selPreds } QPS (in addition to the HQPS) derives QGs that contain a
Group By {Atrs } single node (i.e. they derive the FDQPS). No QGs will be
HAVING {havingPreds } comprised of more than 1 node when the similarity parame-
EPOCH DURATION i ter is 0-9 since no two nodes have similar metadata.

0.4

When performing acquisition, our query optimizer will
choose from a fixed set (typically 6) of query plans based
on the selectivity of the query predicates and the energy cost
associated with sensing the phenomenon. We assume nodes
utilize 0.075 Joules to sample each sensor. We argue, that
future sensors will utilize more energy because they will be
more complex in nature (i.e. video cameras, thermal imag-
ing units).

The metric chosen to evaluate the performancaves-
age dissipated energy This metric measures the ratio of
the average energy consumed by all sensor nodes to the
number of data packets received by the access point (data °%
packets refer to packets that contain query results). Uti-
lizing this metric we can obtain the energy query process- 2% 5 N ;5 , 1‘,5 20 25
ing consumes at each sensor node, allowing us to indi- Sty (i Eucldean Bisance
rectly extrapolate a sensor node’s lifetime. Note that, that
a small changes in average dissipated energy is significant Figure 6. SEQPS optimal similarity
since it only measures the energy required to deliver 1 data
packet to the AP. In long running queries multiple packets
(in excess of 1000) are generated and routed by each node9
As such, a small change in average dissipated energy will
amount to significant energy savings.

& Uniform Distribution
&~ JISAO Distribution

0.36

o
w
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o
w
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Again, in this experiment the optimal similarity is 0—
and 10-18 for the uniform and JISAO distributions, re-
spectively. The optimal similarity is 0-9 for the uniform
distribution because it exhibits a low correlation between
. . spatial distance and metadata similarity. As a result, nodes
4.2 Simulation Results that have similar metadata may be spatially distant. To ex-
emplify, the average distance (in hops) between two nodes
In this section, we conduct experiments to compare thethat have similar metadata (i.e. similarity 9) is 2.13 for
CQPS to our proposed query processing systems. First wehe uniform distribution and 1.31 for the JISAO distribu-
perform experiments to obtain the optimal similarity of the tion. Decreasing the correlation between spatial distance
SEQPS (under our experimental settings). Second, we perand metadata similarity, increases the number of nodes on
form experiments to obtain the optimal radius of the SQPS the path between a NCH and it’s corresponding CH. As dis-
(under our experimental settings). Third, we conduct ex- cussed, this directly correlates to an increase in energy con-
periments to determine the optimal radius and similarity of sumption as aggregation is performed in-efficiently. There-
the HQPS (under our experimental settings). Fourth, wefore, it can be inferred, that if nodes are uniformly distrib-



uted, the ability of the SEQPS to derive efficient query plans
is outweighed by it's inability to perform efficient aggrega-
tion. We will not further evaluate the SEQPS for the unform
distribution since optimally it derives the FDQPS. The SE-
QPS performs optimal in the JISAO distribution when the
similarity parameter is 10-19 because it balances aggrega-
tion and query execution. For future experiments analyzing
the SEQPS the optimal similarity (as dictated by Figure 6)
is utilized.
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The second experiment ascertained the optimal radius of the
SQPS. As dictated by Figure 7, the optimal radius is 2 and
3 for the uniform and JISAO distributions, respectively. In
additilon, this graph Qictatgs that the SQPS utilizes more en-4 23 Radius and Similarity in HQPS

ergy if the topology is uniformly distributed. The SQPS is

not efficient when the topology is uniformly distributed be- The third experiment ascertained the optimal radius and
cause it does not derive efficient query plans. As discussedsimilarity of the HQPS. As dictated by Figure 8, the HQPS
nodes in the uniform distribution exhibit a low correlation performs optimal when QGs have certain spatial and seman-
between spatial distance and metadata similarity. A low tic characteristics, radius of 2 and similarity of 17 for the
correlation diversifies the data distribution of node’s com- uniform distribution and radius of 3 and similarity of 17 for
prising a QG. As a result, the metadata (utilized by a CH to the JISAO distribution. In addition, Figure 8(b) dictates that
perform query optimization), does not accurately represent(unlike the SEQPS) the HQPS is efficient for topologies that
the metadata of the nodes in it's QG (as discussed, this in-exhibit a low correlation between spatial distance and meta-
creases the energy associated with query execution). Theredata similarity. The HQPS is able to perform efficiently for
fore, it can be derived from this experiment that the Spatial these distributions since the QGs it derives are: 1) bounded
Query Processing System will not be as efficient for topolo- in spatial size; 2) are comprised of nodes that exhibit similar
gies that exhibit a low correlation between spatial distance metadata. First, bounding the spatial size of a QG alleviates
and metadata similarity. For future experiments analyzing the energy cost associated with routing packets (metadata
the SQPS, the optimal radius (as dictated by Figure 7) will and data) by alleviating the distance (in hops) from a NCH
be utilized. node to a CH node (discussed in the context of the SQPS).

Figure 8. HQPS optimal parameters



Second, utilizing the similarity variable increases the effi-
ciency of query plans by guaranteing that nodes comprising

a QG have similar metadata (discussed in the context of the

SEQPS). For future experiments analyzing the HQPS the
optimal radius and similarity (as dictated by Figure 8 will
be utilized.

4.2.4 The impact of query frequency

The fourth experiment was conducted in order to determine
the effects of query frequency. In this experiment, the fre-

guency that duplicate queries are injected into the sensor

network is increased. As dictated by Figure 9 the average
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Figure 10. Scalability

algorithms reduce the average dissipated energy by dynam-
ically adapting QGs based on the query pattern. When
infrastructure maintenance is performed these algorithms
will utilize query frequency to: 1) intelligently determine
CH nodes; 2) weight the similarity parameter (SEQPS and
HQPS). First, intelligently choosing CH nodes based on
query frequency increases the number of duplicate queries
that both a NCH and it’s corresponding CH are performing.
This guarantees that data packets generated by the NCH
node are aggregated at its corresponding CH node. Second,
weighting metadata similarity based on the query pattern al-
lows the similarity parameter to more accurately represent
the true similarity between a NCH node and its correspond-
ing CH. As a result, the data distribution of node’s compris-

dissipated energy will decrease for the SQPS, SEQPS andng a Query Group will be less diversified (results in more
HQPS as the number of duplicate queries increase. Thesefficient query plans).
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