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Abstract— Computing and maintaining network structures for
efficient data aggregation incurs high overhead for dynamic
events where the set of nodes sensing an event changes with time.
Moreover, structured approaches are sensitive to the waiting-time
which is used by nodes to wait for packets from their children
before forwarding the packet to the sink. Although structure-
less approaches can address these issues, the performance does
not scale well with the network size. We propose ToD, a
semi-structured approach that uses Dynamic Forwarding on an
implicitly constructed structure composed of multiple shortest
path trees to support network scalability. The key principle
behind ToD is that adjacent nodes in a graph will have low stretch
in one of these trees in ToD, thus resulting in early aggregation of
packets. Based on simulations on a 2000 nodes network and real
experiments on a 105 nodes Mica2-based network, we conclude
that efficient aggregation in large scale networks can be achieved
by our semi-structured approach.

Index Terms— Data Aggregation, Dynamic Forwarding, ToD

I. INTRODUCTION

Data aggregation is an effective technique for conserving
energy in sensor networks. Due to inherent redundancy in
raw data collected from sensors, in-network data aggregation
can often reduce the communication cost by eliminating re-
dundancy and forwarding only the extracted information from
the raw data. As reducing communication energy consumption
extends the network lifetime, it is critical for sensor networks
to support in-network data aggregation.

Various structured approaches for data aggregation have
been proposed for data gathering applications and event-
based applications [1]–[6]. In data gathering applications,
such as environment and habitat monitoring [7]–[10], nodes
periodically report the sensed data to the sink. As the traffic
pattern is unchanging, these structure-based approaches incur
low maintenance overhead and are therefore suitable for such
applications. However, in event-based applications, such as
intrusion detection [11] [12] and biological hazard detection
[13], the source nodes are not known in advance. Therefore
the approaches that use fixed structures can not efficiently
aggregate data, while the approaches that change the structure
dynamically incur high maintenance overhead [3]. The goal of
this paper is to design a scalable and efficient data aggregation
protocol that incurs low maintenance overhead and is suited
for event-based applications.

This material is based upon work supported by the National Science
Foundation under Grants CNS-0546630 (CAREER Award), CNS-0721434,
CNS-0721817 and CNS-0403342.

Realizing the shortcomings of structured approaches, an
anycast based structure-less data aggregation protocol [14] is
proposed. It involves mechanisms to increase the chance of
packets meeting at the same node (Spatial Aggregation) at the
same time (Temporal Aggregation). As the approach does not
guarantee aggregation of all packets, the cost of forwarding
unaggregated packets increases with the scale of the network.

To benefit from the strengths of structured and structure-
less approaches, we propose a semi-structured approach in
[15]. In this paper we further extend its ability to support
irregular topology networks. The main challenge in designing
such a protocol is to determine the packet forwarding strategy
in absence of a pre-constructed global structure to achieve
early aggregation. Our approach uses a structure-less technique
locally, followed by Dynamic Forwarding on Tree on DAG
(ToD), an implicitly constructed packet forwarding structure
to support network scalability. After performing local aggre-
gation, nodes dynamically decide the forwarding tree based on
the location of the sources. The key principle behind ToD is
that adjacent nodes in a graph will have low stretch in at least
one of these trees in ToD, thus resulting in early aggregation
of packets. This paper makes the following contributions:

• We propose an efficient and scalable data aggregation
mechanism that can achieve early aggregation without
incurring overhead of constructing a structure.

• We implement the ToD on TinyOS and compare it against
other approaches on a 105 nodes sensor network.

• For studying the scalability aspects of our approach,
we implement ToD in the ns2 simulator and study its
performance in networks of up to 2000 nodes.

The organization of the paper is as follows. Section II
presents background and related work. Section III presents the
semi-structure approach. Section IV analyzes the performance
of ToD in the worst case. The performance evaluation of the
protocols using experiments and simulations is presented in
Section V. Finally Section VI concludes the paper.

II. RELATED WORK

Data aggregation has been an active research area in sensor
networks for its ability to reduce energy consumption. Some
works focus on how to aggregate data from different nodes
[16]–[18], some focus on how to construct and maintain a
structure to facilitate data aggregation [1]–[6], [19]–[23], and
some focus on how to efficiently compress and aggregate data
by taking the correlation of data into consideration [23]–[27].



As our work focuseson how to facilitate data aggregation
without incurring the overheadof constructinga structure,we
brie�y describethe structure-basedas well as structure-less
approachesin currentresearch.

In [6], the authorsproposean aggregation treeconstruction
algorithm to simultaneouslyapproximatethe optimum trees
for all non-decreasingandconcave aggregation functions.The
algorithmusesa simplemin-costperfectmatchingto construct
the tree.Otherworks, suchasSMT (SteinerMinimum Tree)
and MST (Multiple SharedTree) for multicast algorithms
which canbeusedin dataaggregation [22], [23], [28], build a
structurein advancefor dataaggregation. In addition to their
complexity andoverhead,they areonly suitablefor networks
wherethe sourcesare known in advance.Thereforethey are
not suitablefor networks with mobile events.

In addition, �x ed tree structuresalso have the long stretch
problem.A stretchof two nodesu and v in a tree T on a
graph G is the ratio betweenthe distancefrom node u to
v in T and their distancein G. Long stretch implies that
packetsfrom adjacentnodeshave to be forwardedmany hops
away before aggregation. This problem has beenstudiedas
MSST (Minimum Stretch SpanningTree) [29] and MAST
(Minimum AverageStretchSpanningTree) [30]. It hasbeen
shown that for any graph, the lower bound of the average
stretchis O(log(n)) [30], andis O(n) for theworstcase[31].

To achieve ef�cient aggregation for dynamiceventsscenar-
ios, DCTC is proposed[3]. DCTC assumesthat the distance
to the event is known to eachsensorand usesthe nodenear
the centerof the event as the root to constructand maintain
the aggregation tree dynamically. However it involves heavy
messageexchangeswhich might offset the bene�t of aggre-
gation in large-scalenetworks. From the simulationresultsin
[3], the energy consumptionof tree expansion,pruning and
recon�gurationin DCTC is about33% of the datacollection.

DAA [14] is the �rst proposedstructure-lessdataaggrega-
tion protocolthat canachieve high aggregation without incur-
ring the overheadof structureapproaches.DAA usesanycast
to forward packets to one-hopneighborsthat have packets
for aggregation. It can ef�ciently aggregate packets near the
sourcesand effectively reducethe numberof transmissions.
However, it doesnot guaranteethe aggregation of all packets.
As the network grows, the cost of forwarding packets that
wereunableto beaggregatedwill negatethebene�t of energy
saving resultedfrom eliminating the control overhead.

In order to get bene�t from structure-lessapproacheseven
in large networks, scalability has to be consideredin the
designof the aggregation protocol. In this paper, we propose
a scalablesemi-structuredprotocol, ToD, that can achieve
ef�cient aggregation even in large networks.

I I I . SCALABLE DATA AGGREGATION

The goal of our protocol is to achieve aggregation of data
near the sourceswithout explicitly constructinga structure
for mobile event scenarios.Aggregating packets near the
sourcesis critical for reducingthe numberof transmissions.
Aggregating without using an explicit structurereducesthe
overheadof constructionandmaintenanceof the structure.In

this section,we proposea highly scalableapproachthat is
suitablefor large sensornetworks.

Our protocol has two phases,Data Aware Anycast(DAA)
[14] andDynamicForwarding. In the �rst phase,packetsare
forwardedand aggregatedusing DAA. SinceDAA doesnot
guaranteethat all packets will be aggregated, in the second
phase,theleftover un-aggregatedor partially aggregatedpack-
ets are forwardedusing DynamicForwarding on a structure,
Tree on DAG (ToD), for further aggregation. First we brie�y
describethe DAA protocol in this section.For detail protocol
descriptionpleaserefer to [14].

A. Data Aware Anycast

Data Aware Anycast[14] is a structure-lessprotocol that
aggregates packets by improving the Spatial and Temporal
convergence.Spatial convergenceand temporalconvergence
are two necessaryconditions for aggregation. Packets have
to be transmittedto the samenode at the sametime to be
aggregated.Without explicit messageexchangesin structure-
lessaggregation, nodesdo not know wherethey shouldsend
packets to and how long they should wait for aggregation.
Thereforeimproving spatialor temporalconvergenceis critical
for improving the chanceof aggregation.

SpatialConvergenceis achievedby usinganycastto forward
packets to nodesthat can achieve aggregation. Anycast is a
routingschemewherebypacketsareforwardedto thebestone,
or any one, of a group of target destinationsbasedon some
routing metrics. By exploiting the nature of wireless radio
transmissionwhereall nodeswithin thetransmissionrangecan
receive thepacket, nodesareableto tell if they currentlyhave
packets that can be aggregatedwith the transmittingpacket.
Anycastmechanismallows the senderto forward packets to
any oneof thesenodesthat have packets for aggregation.

Temporal Convergenceis usedto further improve theaggre-
gation.In mobileeventtriggerednetworks,nodesareunableto
know which nodesaretriggeredandhave packets to transmit
in advance. Thereforenodescan not know if they should
wait for their upstreamnodesandhow long they shouldwait
for aggregation. A naive approachof using a �x ed delay
dependingon the distanceto the sink may make the detection
delay very high. RandomizedWaiting is a simple technique
for improving temporalconvergence,in which nodeswait for
a randomdelaybeforetransmittingtheir packets. It hasbeen
show that the randomizedwaiting canef�ciently increasethe
chanceof aggregation in [14].

With DAA, aggregation canalwayshappenin the network
as long as two neighboringnodeshave packets that can be
aggregated.Packetsareforwardedin a “randomwalk” fashion
with one constraintthat they are forwardedto nodeshaving
packetsfor aggregation.Whenpacketsreacha nodethat does
not have any neighborthat haspackets for aggregation, they
will be forwardedtowardthesink throughgeographicrouting,
but may return to DAA if they reacha nodethat canachieve
further aggregation by DAA.

B. DynamicForwarding over ToD

In DAA [14], packets were destined to the sink when
no further aggregation can be achieved locally. This incurs

2



respectively and send packets to the sink located at one corner
of the network. We use 6 seconds as maximum delay for all
protocols except SPT. For event size less than 12 ft, there are
too little nodes been triggered (less than five), and all triggered
nodes are within transmission range. Data aggregation is not
so interesting in such scenario therefore we do not evaluate it.

All protocols have better performance when the size of
the event increases because packets have more chances of
being aggregated. ToD performs best among all protocols in
all scenarios. This shows that DAA can efficiently achieve
early aggregation and the Dynamic Forwarding over ToD can
effectively reduce the cost of directly forwarding unaggregated
packets to the sink in DAA. In SPT-D, when the event size
is smaller, the long stretch effect is more significant than in
larger event scenario. When event size is large, for example,
two-third of nodes in the network are triggered when the
diameter of the event is 36 feet, most of the packets can be
aggregated to their parent with one transmission. This indicates
that in applications where most nodes are transmitting, the
fixed structure such as SPT-D is better, but when only a small
subset of nodes are transmitting, their performance degrades
because of the long stretch problem.
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Fig. 11. The normalizednumberof transmissionsfor differentevent
sizesfrom experimentson 105 sensors.

We notice that the variance of some results in SPT and
SPT-D is very high. For example, when the event size is
12 feet in diameter, the maximum normalized number of
transmissions in SPT-D is 3.41, and the minimum value is
2.41. By tracing into the detail experiment logs we found that
the high variance is because of the different shortest path trees.
The tree is re-constructed for each experiment, and therefore
may change from experiment to experiment. We found that
SPT-D always gets better performance in one tree where all
sources are under the same subtree, and performs badly in
the other tree where sources are located under two or three
different subtrees. This further supports our claims that the
long stretch problem in fixed structured approaches affects
their performance significantly.

The second experiment evaluates the performance of these
protocols for different values of maximum delay. We vary the
delay from 0 to 8 seconds, and all nodes in the network
generate one packet every 10 seconds. Fig. 12 shows the
results. As we described, the performance of the structure-
based approaches heavily depends on the delay. The SPT-D
performs worse than ToD when the maximum delay is less
than five seconds, and the performance increases as the delay

increases. On the contrary, the performance of ToD and DAA
does not change for different delays, which is different from
results observed in [14]. We believe that this is because with
the default transmission power, a large number of nodes are
in interference range when nodes transmit. Therefore even if
nodes do not delay their transmissions, only one node can
transmit at any given time. Other nodes will be forced to delay,
which has the same effect as the Randomized Waiting.
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Fig. 12. The normalized number of transmissionsfor different
maximumdelaysfrom experimentson 105 sensors.

B. Large Scale Simulation

To evaluate and compare the performance and scalability of
ToD with other approaches requires a large sensor network,
which is currently unavailable in real experiments. Therefore
we resort to simulations. In this section we use the ns2
network simulator to evaluate these protocols. Besides ToD,
DAA, and SPT, we evaluate OPT, Optimal Aggregation Tree,
to replace the SPT-D protocol.

In OPT, nodes forward their packets on an aggregation
tree rooted at the center of the event. Nodes know where
to forward packets to and how long to wait. The tree is
constructed in advance and changes when the event moves
assuming the location and mobility of the event are known.
Ideally only n � 1 transmissions are required for n sources.
This is the lower bound for any structure, therefore we use it as
the optimal case. This approach is similar to the aggregation
tree proposed in [40] but without its tree construction and
migration overhead. We do not evaluate SPT-D in simulation
in the largest simulation scenario, the network is a 58-hop
network. According to the simulation in smaller network, SPT-
D gets best performance when the delay of each hop is about
0.64 seconds. This makes nodes closer to the sink have about
36 seconds delay in SPT-D, which is not advisable.

We perform simulations of these protocols on a 2000m �
1200m grid network with 35m node separation, therefore there
are a total of 1938 nodes in the network. The data rate of the
radio is 38.4Kbps and the transmission range of the nodes
is slightly higher than 50m. An event moves in the network
using the random way-point mobility model at the speed of
10m/s for 400 seconds. The event size is 400m in diameter.
The nodes triggered by an event will send packets every five
seconds to the sink located at (0, 0). The aggregation function
evaluated here is perfect aggregation, i.e. all packets can be
aggregated into one packet without increasing the packet size.
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C. Event Size

We first evaluate these protocols on different number of
nodes generating the packets. This simulation reflects the
performance of each protocol for different event sizes. We
study the performance for 4 mobility scenarios and show the
average, maximum, and minimum values of the results.

Fig. 13.a shows the result of normalized number of trans-
missions. ToD improves the performance of DAA and SPT by
30% and 85%, and is 25% higher than OPT. However OPT has
the best performance by using the aggregation tree that keeps
changing when event moves but its overhead is not considered
in the simulation. SPT has very poor performance since its
aggregation is opportunistic. Except the SPT, the performance
of all other protocols is quite steady. This shows that they are
quite scalable in terms of the event size.

Fig. 13.b and 13.c show the total number of transmissions
and total units of useful information received by the sink. DAA
and ToD have higher number of received packets than OPT
due to the ability of structure-less aggregation to aggregate
packets early and scatter them away from each other to reduce
contention. ToD performs better than DAA in terms of the
normalized number of transmissions because of its ability to
aggregate packets at nodes closer to the source, and thus it
reduces the cost of forwarding packets from sources to the
sink. It has slightly lower number of units of received informa-
tion than DAA. From the simulation logs we found that most
dropped packets in ToD are packets forwarded from sources
to their F-aggregators. We believe that the convergecast causes
higher contention and thus leading to higher dropping rate.

D. Scalability

To evaluate the scalability of a protocol, we limit an event
to move only in a bounded region at a certain distance from
the sink to simulate the effect of different network sizes. We
limit an event to move within a 400m×1200m rectangle, and
change the distance of the rectangle to the sink from 200m
to 1400m, as shown in Fig. 14. In order to be fair to all
scenarios, we limit the event not to move closer than 200m to
the network boundary such that the number of nodes triggered
by the event does not change drastically.

 
2000m 

1200m 

200m 

400m 

200m 

 

Fig. 14. The simulation scenario for scalability. The event is limited
to move only within a small gray rectangle in each simulation.

Fig. 15 shows the results of scalability simulations. The
performance of ToD and OPT remains steady. This shows that
ToD is quite scalable as its performance does not degrade as
the size of the network increases. The performance of both
DAA and SPT degrades as the size of the network increases.
The normalized number of transmissions for DAA and SPT

doubled when the event moves from the closest rectangle (to
the sink) to the farthest rectangle.

Fig. 15.c shows the number of packets received at the sink
per event. If all packets can be aggregated near the event and
forwarded to the sink, the sink will receive only one packet.
Conversely, more packets received at the sink shows that fewer
aggregations happened in the network. The cost of forwarding
more packets to the sink increases rapidly as the size of the
network increases. We can see that in both DAA and SPT the
sink receives many packets. Though the number of packets
received at the sink remains quite steady, the total number
of transmissions increases linearly as the distance from the
sources to the sink increases.

Ideally the number of received packets at sink is 1, if
all packets can be aggregated at the aggregator. However
the number of received packets at sink is higher than 1 in
ToD and OPT. This is because the delay in CSMA-based
MAC protocol can not be accurately predicted therefore the
aggregator might send the packet to the sink before all packets
are forwarded to it. Though the cost of forwarding the un-
aggregated packets from aggregator to the sink in ToD and
OPT also increases when the size of the network increases,
the increase is comparably smaller than DAA and SPT because
few packets are forwarded to the sink without aggregation. The
number of received packets at the sink in ToD is higher when
the event is closer to the sink. In ToD, nodes in the same F-
cluster as the sink always use sink as the F-aggregator because
we assume that the sink is wire powered and there is no need
to delegate the role of aggregator to other nodes.

E. Aggregation Ratio

In this section we conduct simulations for different aggre-
gation ratios. Source nodes generate packets with 50 bytes
payload. Data are aggregated based on a simple aggregation
function where the size of a packet after aggregation is
max{50, n × (1 − ρ)} where n is the number of packets
being combined together and ρ is the aggregation ratio. ρ = 1
stands for perfect aggregation. The maximum payload of a
packet is 400 bytes. Two packets can not be aggregated if the
aggregated size is greater than 400 bytes. As shown in Fig.
16, ToD improves the normalized number of transmissions
of DAA, but the improvement decreases as the aggregation
ratio decreases. This is because when the aggregation ratio
decreases, packet size increases after aggregation. Packets can
not be aggregated anymore when they reach maximum payload
even if they meet. Both ToD and DAA perform better than
OPT when the aggregation ratio is not 1 because the packet
dropping rate in OPT is very high. OPT only receives less than
2000 units of information, compared to more than 5000 in ToD
and DAA. We believe the high dropping rate is because of the
convergecast traffic in OPT. When aggregation ratio decreases,
more packets with larger size is forwarded to the root of the
aggregation tree, which results in high contention and leads to
high dropping rate.

F. Cell Size

The above simulations use maximum size of an event as
the cell size. This ensures that the Dynamic Forwarding can
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Fig. 13. The simulation results for different event sizes.
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Fig. 15. The simulation results for difference distances from the event to the sink.
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Fig. 16. The simulation results for different aggregation ratio.

aggregate all packets at an S-aggregator, and the cost of
forwarding the aggregated packets to the sink is minimized.
However, large cell size increases the cost of aggregating
packets to the aggregator as we use DAA as the aggregation
technique in an F-cluster and DAA is not scalable. In this
section we evaluate the impact of the size of a cell on the
performance of ToD.

We vary the cell size from 50m×50m to 800m×800m and
run simulations for three different event sizes, 200m, 400m,
and 600m, in diameter. The results are collected from five
different event mobility patterns and shown in Fig. 17.

When the size of cell is larger than the event size, the
performance is worse because the cost of aggregating packets
to F-aggregator increases, but the cost of forwarding packets
from S-aggregator does not change. When the size of cell is
too small, the cost of forwarding packets to sink increases
because packets will be aggregated at different F-aggregators
and more packets will be forwarded to the sink without further
aggregation. In general, when the size of the F-cluster is small

enough to only contain one node, or when the size of the F-
cluster is large enough to include all nodes in the network,
ToD just downgrades to DAA.

ToD has the best performance when the cell size is 100m×
100m (F-cluster size is 200m × 200m) when the event size
is 200m in diameter. When the diameter of an event is 400m
and 600m, using 200m × 200m as the cell size has the best
performance (F-cluster size is 400m×400m). This shows that
the ToD performance can be further optimized by selecting the
appropriate cell size. To explore the relation between the event
and cell size for optimization will be part of our future work.

G. Random Deployment for Irregular Topology

In this section we evaluated the modified dynamic for-
warding rules for irregular topology networks. We create five
1000m × 1000m networks and randomly place five circular
obstacles with radius ranging from 100m to 200m, and ran-
domly place 2000 sensors in these fields. For each deployment,
we generate five event moving scenarios as described before.
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Fig. 17. The simulation results for difference cell sizes.

With voids and random deployment, geographic routing may
encounter a “local minimum” and has to switch from greedy
forwarding to perimeter routing. We implemented the perime-
ter routing on a GG planar graph [40] to deal with local
minimum in greedy forwarding.

To incorporate perimeter routing with anycasting in DAA,
when greedy forwarding encounters a local minimum and
switches from greedy mode to perimeter mode, the local
minimum node specifies the nexthop in the perimeter mode
in the RTS packet. The nexthop node has lower priority to
reply a CTS than nodes having packets for aggregation. This
allows the packets to be aggregated if neighboring nodes have
packets for aggregation even in perimeter mode, and routes
packets around the void if they can not be aggregated.

Fig. 18 shows the results for these five deployments. Due to
high variability across different scenarios, we show the results
for each scenario rather than averaging over all scenarios. We
can see similar results as before. ToD can still improves the
normalized number of transmissions compared with DAA, and
performs close to OPT. ToD uses less number of transmissions
than DAA but transmits comparable amount of information.

VI. CONCLUSION

In this paper we propose a semi-structured approach that
locally uses a structure-less technique followed by Dynamic
Forwarding on an implicitly constructed packet forwarding
structure, ToD, to support network scalability. ToD avoids the
long stretch problem in fixed structured approaches and elim-
inates the overhead of constructing and maintaining dynamic
structures. We evaluate its performance using real experiments
on a testbed of 105 sensor nodes and simulations on 2000
node networks. Based on our studies we find that ToD is
highly scalable and it performs close to the optimal structured
approach. Therefore, it is very suitable for conserving energy
and extending the lifetime of large scale sensor networks.

VII. APPENDIX

Property 4. For any two adjacent nodes in ToD in one
dimensional network, their packets will be aggregated either
at an F-aggregator, or will be aggregated at an S-aggregator.

Proof. There are only three possibilities when an event trig-
gers nodes to generate packets. If only nodes in one cell
are triggered and generate the packets, their packets can be
aggregated at one F-aggregator since all nodes in a cell reside

in the same F-cluster, and all packets in an F-cluster will be
aggregated at the F-aggregator.

If an event triggers nodes in two cells, and these two cells
are in the same F-cluster, the packets can be aggregated at
the F-aggregator as well. If an event triggers nodes in two
cells that are in different F-clusters, they must be in the same
S-cluster because S-clusters and F-clusters are interleaved.
Moreover, packets in one F-cluster will only originate from
the cell that is closer to the other F-cluster that also has
packets. Therefore the F-aggregator can forward packets to
the S-aggregator for aggregation accordingly, and packets will
be aggregated at the S-aggregator.

Since the cell is not smaller than the maximum size of an
event, it is impossible for an event to trigger more than two
cells, and this completes the proof.

Property 5. For any two adjacent nodes in ToD, their packets
will be aggregated at the F-aggregator, at the 1st S-aggregator,
or at the 2nd S-aggregator.

Proof. First we define the F-aggregator X as the aggregator of
F-cluster X and S-aggregator I as the aggregator of S-cluster
I , and so forth.

For packets generated only in one F-cluster, their packets
can be aggregated at the F-aggregator since all packets in the
F-cluster will be sent to the F-aggregator.

If an event triggers nodes in different F-clusters, there are
only three cases. First, only one cell in each F-cluster generates
packets. In this case, all cells having packets will be in the
same S-cluster since the adjacent cells in different F-clusters
are all in the same S-cluster. Therefore their packets can be
aggregated at the S-aggregator.

Second, the event spans three cells, C1, C2, and C3, and
two of them are in one F-cluster and one of them is in the
other F-cluster. Without loss of generality, we assume that C1
and C2 are in the same F-cluster, F-cluster X , and C3 is in the
other F-cluster, F-cluster Y . Moreover C3 must be adjacent
to either C1 or C2, and let us assume that it is C2. From
the ToD construction we know that C2 and C3 will be in
the same S-cluster, S-cluster II , and C1 will be in another
S-cluster, S-cluster I . Fig. 6.a illustrates one instance of this
case. First the F-aggregator X will aggregate packets from C1
and C2 because they are in the same F-cluster, and forward the
aggregated packets through S-aggregator I to S-aggregator II ,
or the other way around, because C1 is in S-cluster I and C2
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Fig. 18. The simulation results for five different random deployment with randomly generated voids. For each deployment, the results from
left to right are ToD, DAA, SPT, and OPT.

is in S-cluster II . F-aggregator Y will aggregate packets from
C3 and forward packets to S-aggregator II because C3 is in
S-cluster II . Because packets of F-aggregator Y only come
from C3, they will have longer delay in S-aggregator II in
order to wait for packets being forwarded through the other
S-aggregator. In the mean time, if F-aggregator X forwards
packets to S-aggregator II first, the packets can be aggregated
at S-aggregator II . If F-aggregator X forwards packets to S-
aggregator I first, S-aggregator I will forward packets to S-
aggregator II with shorter delay because the packets come
from two cells in one F-cluster, therefore their packets can
also be aggregated at S-aggregator II .

In the third case, the event spans four cells. Two of them will
be in one F-cluster and the other two will be in the other F-
cluster. Without loss of generality, we can assume that cells C1
and C2 are in F-cluster X and cells C3 and C4 are in F-cluster
Y , and C1 and C3 are adjacent, C2 and C4 are adjacent. From
the ToD construction, C1 and C3 will be in one S-cluster,
S-cluster I , and C2 and C4 will be in the other S-cluster, S-
cluster II . Because from S-aggregator I and II , F-aggregator
X and Y choose one that is closer to the sink as the first S-
aggregator, they will choose the same S-aggregator. Therefore
their packets can be aggregated at the first S-aggregator, and
this completes the proof.

Property 6. The modified dynamic forwarding rules guarantee
that packets can be aggregated to one aggregator in the
presence of voids if nodes in one F-cluster and in neighboring
F-clusters can communicate with each other without routing
through other F-clusters.

Proof. There are three cases as shown in Fig. 8 where some
neighboring F-clusters are in a void. For Case II, since the
only F-cluster that the event can span is within a void, the
packets can be aggregated at the F-aggregator. Therefore we
only consider cases I and III.

To show that packets will be aggregated at one aggregator, it
is sufficient to show that for any possible combination of cases
I and III where an event can span (such as (a, b, c), (a, h), or
(f, h)), the modified dynamic forwarding rules will eventually
select a common aggregating cluster for these F-clusters.

Assume that the void does not exist. The original dynamic
forwarding rules guarantee that packets will be aggregated at
one aggregating cluster. This aggregating cluster could be the
first aggregating cluster or the second aggregating cluster. If

the common aggregating cluster is the first aggregating cluster
and it is not within the void, the packets can be aggregated at
the first aggregating cluster. If the first aggregating cluster is
within the void, Fig. 8.d and 8.e are the only possibilities and
the packets can be forwarded to the sink directly.

If the common aggregating cluster is the second aggregating
cluster and it is not within the void, the packets can be
aggregated at the second aggregating cluster. If the second
aggregating cluster is within the void, the substitute aggregat-
ing cluster will be selected. Because the second aggregating
cluster selected by F-aggregators are the same, the substitute
aggregating cluster will also be the same, and packets will be
aggregated at the substitute aggregating cluster.

If the substitute aggregating cluster is also within the void
as Fig. 9.b.i, all F-clusters that might be spanned by the event
are in the void, therefore the packets can be aggregated at the
F-aggregator. If it is the case as Fig. 9.b.ii, since nodes can
communicate with nodes in neighboring F-clusters directly,
the packets can be forwarded to the bottom-right F-clusters
for further aggregation. This completes the proof.
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