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I. Introduction sensor node can be conducted by choosing the node closest

Sensor networks have a unique geometric character tasa random location. To achieve a uniform distribution, the
sensor nodes are embedded in, and designed to monitor, sampling probability needs to be adjusted by the area of the
physical environment. Thus the physical locations of sensdoronoi cell of that sensor [4]. In an irregular sensor field, the
nodes have a fundamental influence of the system desigronoi cells have vastly varying areas. Thus the sampling
in all aspects from low-level networking and organization tefficiency suffers as a lot of trials end up being rejected.
high-level information processing and applications. Recently One approach to deal with irregularly shaped sensor field is
a number of research efforts have identified the important®develop virtual coordinates with respect to the true network
of not only sensor locations, but also the global geometepnnectivity, as in [5], [2]. One may follow this line and re-
and topological features of a sensor field. The ‘topology’ hedevelop algorithms for all the problems on virtual coordinate
means algebraic topology and refers to holes or high-ordgrstems. Both the development of virtual coordinates and
features. In the literature, uniformly random sensor deployepology-adaptive algorithms on top of that are highly non-
ment is arguably the most commonly adopted assumption wivial. Here, we aim to develop a unified approach to handle
sensor distribution — but is rarely the case in practice. Mamypmplex geometry. We develop a segmentation algorithm that
algorithms and protocols proposed for a dense and unifopartitions an irregular sensor field into nicely shaped pieces
sensor field inside a simple geometric region, may hasech that inside each piece we apply algorithms that assume
degraded performance when they are applied to an irregudanniform and dense sensor distribution. Across the segments,
sensor field with holes, etc. problem dependent structures specify how the segments and

Geographical routing is a typical example wherein globalata collected in these segments are integrated. This unified
topology plays an essential role. In geographical routing,tapology-adaptive spatial partitioning would benefit many set-
packet is greedily forwarded to the neighbor that is geograplings that currently assume nice simple shaped sensor field.
cally closest to the destination [1], [6]. On a dense and uniforithere is not much prior work on segmenting a sensor field.
sensor field without holes, geographical forwarding produc&$e mostly related one by KHeret al. [7] proposed boundary
almost shortest paths and is robust to link/node failures addtection algorithm with which one can organize sensor nodes
location inaccuracies. However, when the sensor field is th9 ‘junctions’ and ‘streets’. Our goal is to further explore
sparse, has holes or complex shape, greedy forwarding faégmentation algorithm suitable for a discrete sensor field as
at local minima. Essentially this is due to a mismatch afell as applications that can benefit from it.
routing/naming rules with the real network connectivity. Two
nodes that are geographically close may actually be far away in

the connectivity graph. Thus, when these topological features ) )
(e.g., holes) become prominent, the naming and its coupIe_thhOUgh_ the_ analy3|s_ of geometric shapes has been exten-
routing protocol should represent the real network connectfVely studied in graphics and computational geometry [3],
ity, rather than the geographical locations. [8], .the proposed algorlthm§ typically work in a centralized
Beyond geographical routing, the global topology of g_ettlng with ample ciomputatlonal resources. Shape segmenta-
sensor field has fundamental influence on how informatidien Problem for a discrete sensor field faces new challenges,
should be processed, stored and queried. Intuitively in a sen88fl requires non-trivial algorithm design to achieve sufficient
field with narrow bottlenecks, more aggressive processingPustness to input inaccuracies.
expected to minimize the traffic flow through bottleneck nodes.« Sensor nodes start with no idea of the global picture. Seg-
In a distributed storage scheme, the global geometry should be mentation algorithm needs to be automatic and distributed
taken into account to achieve better load balancing on storage in nature.
nodes. Many existing information processing algorithms do e« Sensor nodes may not know their geographical locations
not account for the global geometry of a sensor field yet. A — automatic and scalable localization (without GPS)
typical example is quadtree type of geometric decomposition is still a challenging problem. Even when they do, the
hierarchy, which has been extensively used to exploit spatial locations may come with large inaccuracies.
correlation in sensor data for efficient multi-resolution storage.« When sensor locations are not available, the distance
In a sensor field with holes, a standard quadtree may become between two nodes is often approximated by their mini-
unbalanced with lots of big empty leaf blocks. An imperfect mum hop count value, which is always an integer. This
partition hierarchy subsequently affects the performance, es- rough approximation introduces inevitable noise to any
pecially load balancing, of all algorithms and data structures geometric algorithms that use hop count to replace the
built on top of it. In another example, random sampling of a  Euclidean distance.

Il. Algorithms and Implementation



higher hop count becongnks The sensor field is partitioned

to segments in a way that nodes in the same segment flow
to the same sink. This naturally partitions the sensor field
along narrow necks. In a continuous geometric region, all
the sinks stay on the medial axis of the field. However, in
a discrete network, sinks may appear far from the medial axis
due to local noises and connectivity disturbances. In addition,
in degenerate cases like a parallel corridor, many nodes on
the medial axis may be identified as sinks. We apply a local
merging process such that nearby sinks along the medial axis
with similar hop counts from the boundary, together with their
corresponding segments, are merged intsirk clusterand
agree on a singlsegment IDfor their segment. All the nodes

in the same segment are informed of the identifier distributed
along the reversed flow pointers.

® (i)

(iii) (iv) I1l. Applications and Simulations

We tested the segmentation algorithm under various topolo-
gies and node density (Fig. 1). We observed intuitive segmen-
tation along narrow necks in a sensor field with reasonable
node degree (around ~ ). Furthermore, to show the
benefits of shape segmentation, we evaluated the performance
improvement by integrating segmentation algorithm with the

V) (vi) existing random sampling [4] algorithm. In Table I, we com-

Fig. 1. Segmentation results for miscellaneous shapes and densitiggre the average number of trials taken to t@ samples.

(i) cross: 2200 nodes, avg degree 12. (i) cactus: 2100 nodes, g expected, shape segmentation reduces unnecessary trials in
degree 9. (iii) airplane: 1900 nodes, avg degree 7.8. (iv) glngerm th diff t sh d network
2700 nodes, avg degree 8. (v) spiral: 2900 nodes, avg degree 11. f\/%) ree drerent shaped networks.

smiley: 2900 nodes, avg degree 8.

no. of trials cross | corridor | fish
. . without shape segmentation 168 149 136
We propose to adapt a Shape segmentation technlque yth shape segmentation 112 115 123

using flow complex [3] to sensor networks. Unlike the con-
tinuous case, in a discrete sensor field, we do not have nod
location, nor the distance function. We only approximate the
Euclidean distance function to the boundary by the minimum
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