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ABSTRACT

This paper proposes an efficient, decentralized algorithm for deter-
mining the topological relationship between two regions monitored
by a geosensor network. Many centralized algorithms already exist
for this purpose (used for example in spatial databases). However,
these algorithms are not suited to decentralized spatial computing
environments, like geosensor networks, which must operate with-
out global knowledge of the system state and without centralized
control. Unlike many existing decentralized spatial algorithms, the
proposed algorithm is also able to operate in the absence of infor-
mation about a node’s coordinate location. This makes the algo-
rithm suitable for applications of geosensor networks where GPS
or other positioning systems are unavailable or unreliable. The
algorithm approach is founded on the well-known 4-intersection
model, using in-network data aggregation and spatial filtering (in-
volving nodes only at some region boundaries). This ensures only
a relatively small proportion of the network is involved in compu-
tation, thus increasing efficiency. Our analysis shows that while the
overall communication complexity of the algorithm is O(n), the
load balancing is optimal leading to a constant O(1) communica-
tion complexity for individual nodes. This expectation is confirmed
with empirical investigation using simulation, which demonstrates
the practical efficiency of the algorithm.

Categories and Subject Descriptors
2 4 [Distributed Systems]: Distributed applications
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1. INTRODUCTION

The primary contribution of this paper is to propose and analyze
an efficient algorithm for determining the topological relationship
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between two regions monitored by a geosensor network (a wire-
less networks of miniaturized sensor-enabled computers monitor-
ing phenomena in geographic space [1]). The unique resource con-
straints imposed by technologies like geosensor networks mean that
traditional, centralized approaches to spatial computation are inef-
ficient and not scalable. In particular, technologies like geosensor
networks typically impose high costs on communicating data be-
tween nodes (e.g., due to limited node energy), compared with rel-
atively low costs of processing data at the node itself (necessitating
so-called in-network processing) (cf. [2]).

Consequently, our algorithm is decentralized: nodes partially
process data in the network without any centralized control. The
nodes use only knowledge of their local environment and spatially
nearby neighbors, with no system component ever possessing global
knowledge of the network state [3]. The algorithm ensures effi-
ciency by using the combination of two decentralized computing
strategies. The first strategy is explicitly spatial: restricting com-
munication to the boundaries of the regions in question, termed
here spatial filtering. This strategy substantially reduces the num-
ber of nodes that must actively communicate in the algorithm, so
improving efficiency. The second strategy is more familiar in dis-
tributed computing: data aggregation. By ensuring nodes record
any information they overhear, the algorithm avoids any informa-
tion being retransmitted.

When compared with many other decentralized spatial comput-
ing algorithms, an important contribution of our algorithm is that
it does not rely on quantitative spatial information (such as coor-
dinate location, distance, or direction). The only spatial informa-
tion required by nodes is their communication neighborhood (i.e.,
knowledge of which nearby nodes are in direct one-hop radio com-
munication). This information is expected to be available in any
wireless sensor network. As a result, the algorithm is suitable for
applications where quantitative spatial information is unavailable,
such as where power constraints restrict the use of localization sys-
tems (like GPS, or direction- or range-finding); where the environ-
ment is not favorable for localization (such as using GPS in under-
water environments or in dense vegetation); or simply where node
hardware does not include localization capabilities.

In the remainder of the short paper, we briefly review our algo-
rithm’s characteristics in the context of related work (section 2).
Then we present the algorithm itself, and an analysis of its compu-
tational characteristics (section 3). Section 4 summarizes an ongo-
ing evaluation of the algorithm, using simulation. Finally, section
5 concludes the paper with a discussion of the limitations of the
approach, and future work.



2. BACKGROUND

Research into the application of decentralized algorithms to wire-
less sensor networks is already well advanced. For example, data
aggregation is a fundamental technique used in decentralized sys-
tems to eliminate redundancy in transmitted data, reducing the over-
all communication overheads (and so the energy budget) required
by an algorithm [4]. A range of existing algorithms make use of
data aggregation (e.g., [5, 6, 7]), and the algorithm proposed in this
paper also relies, in part, on data aggregation.

While techniques like data aggregation assist with some simple
spatial queries, more sophisticated techniques are also required to
efficiently satisfy complex spatial queries. This paper is specifi-
cally concerned with spatial queries about the topological relations
between two spatial regions, such as “Does region A cover or con-
tain region B?” The regions in question may be sensed directly by
nodes in the network (such as the presence or absence of moni-
tored pollutant) or may be derived from thresholding a continuous
fields (e.g., temperatures above 30°C) [8]. The approach taken in
this paper is to use spatial filtering to improve efficiency, focusing
communication on key nodes at boundary of the region.

Thus, the primary contributions of this work are in the devel-
opment of a new and efficient algorithm for determining the static
topological relation of two spatial regions without recourse to co-
ordinate location information.

3. ALGORITHM

Algorithm 1 presents our algorithm, adopting the distributed al-
gorithm presentation style of Santoro [9]. In brief, this approach
defines for every node a number of states (in upper case letters).
In each state, nodes can respond to different events (in italics),
specifically receiving a message (Receiving keyword) or sponta-
neous events, such as when a node initializes or first transitions to
a new state (Spontaneously keyword). The responses to each event
are specified as atomic actions, which are procedures comprising
a finite number of steps that the node can complete without inter-
ruption (i.e., they require no interaction with other nodes and once
started are completed before any further events can be processed by
that node).

3.1 Preliminaries

Following previous work, we assume:

e a geosensor network, modeled as a connected, undirected
graph G = (V, E). Our algorithm places no restrictions
on whether the graph is planar, although the results of the
algorithm may vary depending on the network structure (cf.

[10D).

e node sensors capable of determining whether a node detects
a region A and/or B, modeled as a function sense : V. —
P({A, B}). After [11], regions are assumed to be homeo-
morphic to a disk (no holes or disconnected parts).

e asink node, responsible for initiating the query and collating
the partially processed responses from targeted nodes in the
network.

These assumptions are listed as restrictions to Algorithm 1 in
line 1. However, individual nodes only have local knowledge of the
state of the network (i.e., a given node v will have access to its own
sensed data sense(v), but not to that of any other node sense(v')).
To enforce and highlight the local knowledge to a node, we use the
overdot notation sense (termed “local” or “my” sense) inside the
algorithm to refer to the current node’s knowledge of that function

(i-e., for an arbitrary node o € V clear from the context, sense is
equivalent to sense(o)).

3.2 Algorithm

The algorithm can be explained informally by decomposing it
into 7 distinct steps:

1. The single node in state INIT initializes the algorithm by
broadcasting a ping message specifying the regions it can
sense locally (lines 7-8).

2. The first time an IDLE node receives a ping message, it
stores the identity of the sending node (line 13), before re-
broadcasting the ping message along with its own sensed
value (line 14). In this way, a routing tree is constructed for
returning data to the sink node at the same time as dissemi-
nating the query throughout the network.

3. Nodes that lie in the intersection of A and B (if any) can de-
duce whether they are at the boundary of region A and/or B
by comparing their local sensed value with those of their one-
hop neighbors. This information is stored as a 4-bit number,
bnum(v) € B* for anode v. The largest bit indicates whether
anode detects an intersection between the boundary of A and
the boundary of B (i.e., 0A N OB # ©); the next largest
bit indicates whether it detects an intersection between the
boundary of A and the interior of B (i.e., JA N B® # &),
the third largest bit whether that node detects an intersec-
tion between the boundary of B and the interior of A (i.e,
A° N OB # @). The smallest bit indicates for nodes at the
boundary of both A and B, whether the node has any one-
hop neighbors that are in A or B only. This bit enables a
node to deduce locally instances where the topological rela-
tion cannot be equal. This piece of information is important,
since the topological relations meet and equals are identical
with respect to the other three bits. Figure 1 gives a simpli-
fied example illustrating the four different node states.

4. When nodes in the IDLE state have received ping messages
from all their network neighbors, they transition either to the
BNDY state if they lie at the boundary of the intersection be-
tween A and B (line 24) or to the DONE state otherwise (line
26).

5. Nodes that transition to the BNDY state are then able to col-
late the information gathered to this point so that they store
one of four possible 4-bit numbers for bnum: 0010 if they
are at the boundary of B only; 0100 if they are at the bound-
ary of A only; 1000 if they are at the boundary of A and
B, and have no neighbors in A or B only; 1001 if they are
at the boundary of A and B, and have neighbors in A or B
only (lines 28-29). Note that these four states are MEPD
for boundary nodes in the intersection of A and B. These
nodes then initiate a report message routed back to the sink,
containing their local knowledge of their boundary state (i.c.,
bnum), before also transitioning to state DONE (lines 30-31).

6. Nodes in an DONE state receiving a rprt message compare
the information contained in the message with their exiting
knowledge (either determined directly from their boundary
state, or overheard from previously forwarded messages).
Only messages that contain new information, not previously
known to the node, are forwarded to the sink (lines 33-35).
Nodes in a INIT or BNDY state that receive an rprt message
defer responding to that event, by storing the information in



Figure 1: Example of node states and 4-bit encoding

that message and processing only after they have transitioned
to DONE (line 37).

7. In the final step, the sink node uses a logical (bitwise) OR op-
eration to compose all the messages received (line 10). Fol-
lowing directly from Egenhofer and Franzosa’s 4-intersection
model [11], the topological relations that can be deduced
from these messages are given in table 1.

VR Topological relation

0001,0011,0101,0111 Not possible
0000 A, B disjoint
0010 A contains B
0100 B contains A

1000 A, B equal

1001 A, B meet
0110, 1110, 1111 A, B overlap
1010, 1011 A covers B

1100, 1101 B covers A

Table 1: Determining the topological relation between regions
(see Algorithm 1, line 29), for set R C B> of rprt message
payloads received at sink. 1000 indicates 0A N 0B # @35 0100
indicates 0A N B° # @; 0010 indicates A° N 9B # &; 0001
indicates A # B.

3.3 Computational analysis

As communication is the most resource-intensive operation in
a sensor network, computational efficiency is typically measured
in terms of communication complexity. The communication com-
plexity of the ping message is £2(|V|) messages sent (every node
sends exactly one message). However, initializing any sensor node
requires the broadcast of a handshake or “hello” message simply to
join the network. Thus, we argue that cost of the ping messages
can potentially be amortized by the cost of network initialization.

The rprt messages are initiated at the boundaries only, fol-
lowing a linear path to the sink, using data aggregation wherever
possible (see Algorithm 1, line 33-35). Because the initialization
stages of the algorithm structure the paths to the sink as a tree,
the expected communication complexity of the rprt messages is
O(log |V|). Most importantly, only nodes at the boundary of the
intersection between A and B initiate rprt messages. While the
number of nodes inside the intersection of A and B may, in the
worst case, scale O(|V|), the number of nodes at the boundary

Algorithm 1 Topological relations between regions A and B

: Restrictions: G = (V, E), sense : V — P({A, B})
: States: {SINK, INIT, IDLE, BNDY, DONE}
: Transitions: {(INIT, SINK), (IDLE, BNDY), (IDLE, DONE),
(BNDY, DONE) }
4: Initialization: All nodes in state IDLE, except one node in INIT
5: Local variables: bnum : V — B2, initialized brum 0000;
parent : V — V U {2}, initialized parent — @
INIT
6: Spontaneously
7:  broadcast (ping, sense)
8:  become SINK
SINK
9: Receiving (rprt,b)
10:  Deduce topological relationship between A and B --See table 1
IDLE
11: Receiving (ping, x) from v
12:  if parent = & then

W N =

- -Sink initiates algorithm

--Check for first ping received

13: set parent — v --Store tree parent
14: broadcast (ping, seiise) --Continue building tree
15:  if x # sense and seiise = { A, B} then

16: if £ = { B} then

17: set bnum — bnum v 0100 --Node at boundary A
18: if © = {A} then

19: set bnum — bnum V 0010 --Node at boundary B
20: if = & then

21: set bnum +— bnum V 1000 - -Node at boundary A and B
22:  if ping message received from all one-hop neighbors then

23: if bnum # 0000 then

24 become BNDY

25: else

26: become DONE

BNDY

27: Spontaneously

28 if bnum contains >1 non-zero bit then

29: set bnum — 1001 --Boundary A N B and not equal
30:  send (rprt, bnum) to parent - -Initiate message to sink
31:  become DONE

DONE

32: Receiving (rprt,b)

33:  if bV bnum # bnum then --Check for new data
34: set brum — b\ bnum --Data aggregation
35: send (rprt, bnum) to parent  --Forward aggregate data
IDLE, BNDY

36: Receiving (rprt,b)

37: Defer processing event until node transitions to state DONE




of the intersection between A and B is expected to scale approx-
imately in proportion to O(+/[V])'. Thus the overall communi-
cation complexity of the reporting stage is expected to scale ap-
proximately O(1/[V]log|V|), depending on the specific scaling
characteristics of the shapes.

Overall communication complexity provides a guide to the global
resources required by the algorithm. However, a potentially more
important measure of efficiency is load balance: the number of
messages transmitted by individual nodes. Our algorithm is ex-
pected to achieve constant communication complexity, O(1), with
any node transmitting at most 5 messages: one ping message, and
(due to data aggregation) up to a maximum of four rprt messages.
The vast majority of nodes are expected to transmit only the one re-
quired ping message, and zero rprt message, as a result of the
spatial filtering.

4. EXPERIMENTS

In this short paper, space restrictions do not allow a full discus-
sion of the experimental evaluation. Instead, we briefly outline the
key experimental approach adopted.

e The algorithm described in the previous section was imple-
mented within the agent-based simulation system NetLogo.

e A series of randomized experiments was conducted using
this system to test the efficiency of the algorithm in practice.
The experiments used randomized networks and randomized
spatial regions.

Four different strategies were investigated, relating directly
to the two underlying strategies used in the algorithm. Specif-
ically, four versions of Algorithm 1 were generated: 1. Ex-
actly as in Algorithm 1; 2. With data aggregation disabled; 3.
With spatial filtering disabled; and 4. With data aggregation
and spatial filtering disabled.

e Experiments evaluated the overall scalability of the algorithm,
and showed that the both strategies of spatial filtering and
data aggregation, individually and in concert, resulted in im-
proved communication efficiency. A regression analysis of
the messages observed for a range of network sizes con-
firmed that in practice the algorithm can operate close to the
expected O(y/n logn) scalability.

S. DISCUSSION AND CONCLUSIONS

This research has shown that the combined strategies of data ag-
gregation and spatial filtering can allow the construction of an effi-
cient decentralized algorithm for determining the topological rela-
tionship between two regions. Crucially, and in contrast to previ-
ous work in this area, the algorithm is able to operate without any
quantitate spatial information, making it suitable for deployment in
networks that have no access to coordinate location information.
While the overall communication complexity is O(|V|), the ping
message might easily be included as part of the network initializa-
tion, expected to be required anyway for any network. Thus, the
effective overhead of this algorithm is in the rprt messages, ap-
proximately O(1/]V | log |V|).

Current work is investigating several ways in which this algo-
rithm might be easily extended, for example to determining the

"This is true at least for non-fractal shapes. For fractal shapes,
the number of nodes at the boundary will scale in proportion to
O(|V|>5*P), where D is the fractal dimension of the shape, cf.
[12].

topological relations between multiple, rather than just two regions.
Another natural extension is to determine the topological relations
between regions not homeomorphic to a disk (i.e., regions with
holes and disconnected parts). Further, an important issue not ad-
dressed in this short paper is the fundamental relationship between
topological relations for continuous regions and our finite granular-
ity observations of those regions. This issue is also the subject of
current research.
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