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ABSTRACT

We consider the issue ofquery and data propagationin the context of geosen-
sor networks over geo-aware sensors. In such networks, techniques for efficient
propagation of queries and data play a significant role in reducing energy con-
sumption.

Georoutingis a new technique for the broadcasting oflocalized data and
queriesin geo-aware sensor networks; it makes use of the existing query rout-
ing tree, and does not involve the creation of any additional communication
channels. In addition to localized broadcasting, georouting is useful for (non-
localized) broadcastingspatial data, greatly reducing the amount of communi-
cation, and hence energy consumption, during broadcasts. We demonstrate its
effectiveness empirically, having implemented this technique.

In addition to broadcasting queries and data to the sensors, we considerdata
gathering, where data is being transmitted from the sensors back towards the
central processor.Delta-gatheringis a new technique for reducing the amount
of communication during data gathering.

Finally, we apply our delta-gathering approach toward the problem of sen-
sor datavisualization. We presentsensor terrainsas a preferable alternative to
isoline-based visualization (contour maps) for this problem.

1 INTRODUCTION

Sensor networks can be embedded in a variety of geographic environments,
such as high-rise buildings, airports, highway stretches, or even the ocean. They
enable the monitoring of these environments for a wide variety of applications,
from security to biological. For many of the anticipated applications, the abil-
ity to query sensor networks in anad hocfashion is key to their usefulness.
Rather than re-engineering the network for every task, as is commonly done
now, ad hoc queryingallows the same network to process any of a broad class
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of queries, by expressing these queries in some query language. In essence,
the network appears to the user as a single distributed agent whose job it is to
observe the environment wherein it is embedded, and to interact with the user
about its observations.

Unlike traditional database applications, where spatial considerations are of-
ten irrelevant (except as expressed by traditional attributes such asaddressor zip
code), it is believed that most applications of sensor networks, in such diverse
fields as security, civil engineering, environmental engineering, or meteorology,
will involve queries that combinespatial datawith streaming sensor data. For
this reason, we are focusing our investigation on a query system that combines
a spatial database[26] with a geo-aware sensor network[11] SPASEN-QS for
short. There are currently several research projects, including those at Berke-
ley [22, 23, 25] and Cornell [34, 35] dealing with query issues in sensor net-
works. However, we are not aware of any other projects that have focused on
sensor network querying for spatial data.

As is common for the sensor network query setting, SPASEN-QS architec-
ture involves acentral processorwhich hosts the spatial data and provides a
user interface to the query system. Arouting treeis maintained over the sen-
sors, whose root communicates directly with the central processor. All commu-
nication is thereforevertical, either down from the central processor towards the
sensors (broadcasting, ordistributing) or up from the individual sensors towards
the central processor (gathering, or collecting).

Sensors are expected to run battery-powered and unattended for long periods
of time, hence the need to minimize theirenergy consumption. Energy consump-
tion therefore serves as theoptimization metricfor sensor network computations,
analogous totime and space complexityin traditional computation.

Of the four types of sensor activities (transmitting, sensing, receiving, com-
puting), the first is the mostexpensivein terms of energy consumption. Efficient
techniques for the propagation of queries and data in sensor networks play a sig-
nificant role in reducing energy consumption for sensor network computation.

In this paper, we consider the issue of query and data propagation in geosen-
sor network query systems such as SPASEN-QS.GeoroutingandDelta-gathe-
ring are the two techniques we propose.

Georoutingis a new technique for localized broadcasting of queries in geo-
aware sensor networks; it makes use of the existing query routing tree, and does
not involve the creation of any additional communication channels. Besides lo-
calized query broadcasting, georouting is also useful when broadcasting spatial
data, greatly reducing the amount of communication, and hence energy con-
sumption, during broadcasts. We have implemented georouting, and demon-
strate its effectiveness empirically.

In addition to broadcasting queries and data to the sensors, we considerdata
gathering, where data movement is reversed towards the central data manager.



Georouting and Delta-gathering 3

Delta-gatheringis an new technique for reducing the amount of communication
during data gathering. The goal of delta-gathering is to improve power con-
sumption of the sensor network by reducing the amount of communication at
the gathering phase. In the absence of a new value from some sensor, unless
we know that the sensor is down, we assume that the value at this sensor has
not appreciably changed since the last transmission, and is not worth transmit-
ting. Note that this technique does not affect thesemanticsof the data, only the
method of gathering.

We apply delta-gathering toward the problem ofsensor data visualization
via sensor terrains. Sensor terrains are a preferable alternative to isoline-based
visualization [12]. They are represented bytriangulated irregular networks
(TINs). Visualization of sensor terrains is therefore a special case ofdynamic
TIN generation, a computational geometry problem for which we present a new
incremental delta-based algorithm.

At any given timet, each sensor in the network corresponds to a point
(x; y; z), where(x; y) is the location of the sensor andz is its reading at time
t. A sensor terrainis a surface which passes through all these sensor points.
As the readings change, so does the sensor terrain; it isdynamic, more like a
video than a static surface. There are several reasons to prefer sensor terrains
to contours as the means of sensor data visualization:more intuitive, less lossy,
greater manipulability, easier updates. These are discussed in section 3.

We represent sensor terrains bytriangulated irregular networks(TINs) [7];
An alternative representation are NURBS [27]. For sensor data visualization,
we must continuously regenerate the TIN corresponding to the dynamic sen-
sor terrain.Efficient dynamic TIN generationis a new computational geometry
problem for which we present anincrementalO(log n) algorithm.

Given a sensor terrain, a contour map can be computed from it (but not
vice versa). We therefore conclude by presenting a new efficient algorithm for
dynamically generating isolines from the sensor terrain.

Outline. We discuss georouting in section 2, sensor terrains in section 3,
and isoline extraction in section 4. We conclude in section 5.

2 GEOROUTING

In this section, we discussgeorouting, a new technique for localized broad-
casting of queries in geo-aware sensor networks. In addition to localized query
broadcasting, georouting is also useful when broadcasting spatial data, greatly
reducing the amount of communication during broadcasts. We demonstrate its
effectiveness empirically, and show that the use of special trees customized for
georouting do not offer significant advantages over the existing routing tree.
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2.1 Localized Broadcasting

In geospatial sensor networks, the data or the queries to be broadcast are
often localized, i.e. of relevance only to those sensors located within a specific
geographic region. When the information to be broadcast is spatial, the geo-
location of the sensor often determines whether this information is relevant to it.
For example, if a query needs to initialize sensors that are located within a given
regionX , then this operation is not relevant to those sensors which fall outside
X ; moreover, if all the sensors in a given subtree of the routing tree are outside
of X , the information aboutX need not be routed to that subtree at all. Since
communication consumes a large fraction of a sensor network’s energy [33, 4],
it is desirable to avoid unnecessary routing of spatial information.

Previous work on constraining the broadcasts to a geographic area include
work in geoaware routing[14, 36], directed diffusion[13], rumor routing [1].
These algorithms were developed outside the sensor network querying context;
they do not use a routing tree, relying on localized neighbor selection to effi-
ciently route a packet to a destination. In contrast to these approaches, georout-
ing relies on the existingrouting treefor all communication. Specifically, it tags
each node of the routing trees withbounding boxinformation for itself and all
its children. Furthermore, neither directed diffusion nor rumor routing make any
use of geoinformation. Whereas the gradient information allows the localization
of the sink node, messages in the opposite direction (from the sink) cannot be
localized and involve a broadcast to all the nodes.SRT trees[22] have also
been used for localized broadcasting, and are the most alike georouting trees.
Both SRT and georouting trees involve decorating the existing query routing
tree with additional information, without creating any additional communica-
tion channels. However, SRT trees store exactly one interval per attribute per
node, whereas georouting trees store the intervals of each child as well. This
results in much greater communication efficiency during localized broadcasts.

In addition, georouting is completelydecentralized; the route is computed
in-network rather than at the central processor. This is accomplished by aug-
menting the routing tree to make it geo-aware: at each internal node, the spatial
bounding box of each child is stored; this bounding box is used during the rout-
ing to minimize unnecessary communication. We discuss the details of this
algorithm in the next section.

2.2 Georouting Tree

Routing trees are more attractive for sensor network querying that in the
standard network setting, due to the following three points of contrast between
these settings:
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� Normally, the sensor nodes serve strictly to route messages, with no in-
network processing. In SNQ, there is in-network processing performed
at the sensors to optimize query evaluation. Hence, SNQ nodes need to
choose a single parent when routing data towards the sink, rather than
send the same message to multiple candidate parents.

� Normally, thesink node, towards which the message is routed, changes
often and a single tree routed at the sink cannot be maintained for long.
In SNQ, a fixed root is assumed, which serves as the sink throughout the
continuous evaluation of the query.

� While conversations in regular sensor networks between a source and a
sink are short-lived (just long enough to send all the packets), sensor net-
work queries are long-lived. They can perform monitoring functions over
days if not months, during which time we must collect data continuously
over the same path.

For the above reasons, a single routing tree that can be maintained over time, is
the most suitable approach to routing in the case of SNQ.

Georouting treesaugment routing tree architecture by maintaining at each
sensorX a bounding boxfor each childY of X , where a bounding box for
Y encloses the geo-locations of all the sensors in the routing subtree rooted at
Y . The bounding box ofX is defined recursively as the maximum bounding
rectangle of the bounding boxes for all ofX ’s children, and the bounding box
for each leaf node is simply its geo-location coordinates.

The algorithm for building the georouting tree is described next, based on
original routing tree algorithms in [22, 23].

Algorithm for building the georouting tree:

1. (Assign levels top-down.) We assign a level to each node according to its
distance from the root, starting by assigning 0 to the root itself. Given a
current nodeA at levelk in the tree, any nodeB within A’s sensing range
is assigned levelk + 1 and added to the list ofA’s candidate children,
unless it has already been assigned levelk or less. Note that a node may
the candidate child of several nodes, each of which will be itscandidate
parent.

2. (Select the parents and compute the bounding boxes bottom-up.) Starting
from the leaf nodes, we select one parent for each node, out of its list of
candidate parents. We always select the geographically nearest node as
the parent. Once a node’s parent is chosen, we remove this node from the
candidate children list of all other candidate parents.

3. (Assign the bounding box.) This operation is also done recursively, at the
same time as step 2 (parent selection). First, assign the bounding box of
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all leaf nodes to be their coordinates points and then go up to the root,
calculate the bounding box of each node as the minimum rectangle which
includes the bounding boxes of all its children. Store the bounding boxes
of the children in the parents.

query region

Figure 1: Message broadcast in georouting tree

After building the georouting tree, the bounding box information at each
internal node is used tofilter out queries; the query is only transmitted to those
children whose bounding boxes overlap with it. This is illustrated in figure 1. In
this figure, the query region is on the right, and the bounding boxes are shown
in dashed lines; the sensors where the query was routed are filled in, while the
ones where the query was filtered out are white.

2.3 Georouting Tree Maintenance

Although in our setting we assume that the sensor nodes are not mobile,
we cannot assume that the routing tree will stay constant over the duration of
a query. This is due to the inherently dynamic nature of sensor networks, in-
volving node failures, new nodes joining the network, etc. In this section, we
analyze the communication cost of georouting tree updates. We donot con-
sider here the costs incurred by the maintenance of the routing tree itself, but
only on the additional costs needed to properly maintain the the bounding box
information associated with the georouting tree.

Whenever a node joins or leaves the network, the geourouting tree needs to
be updated; the update operations areinsertanddelete, respectively. For each
operation, the bounding box of the node’s parent needs to be recomputed. If
the parameters of the parent’s bounding box are changed, the parent’s parent
also has to be recomputed, and so on. Furthermore, if a non-leaf node fails, its
children have to find new parents whose bounding boxes must be recomputed in
a similar fashion.

In the best case, when a leaf node fails and its parents’ bounding box is
not affected, no messages may be needed to “repair” the tree. As soon as the
parent node detects that it has not heard from its child for a period of time,
it will remove that child’s bounding box from its own without any messages
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involved. This is due to the fact that a geourouting tree node stores all of its
children’s bounding boxes locally. (For more information on how parents may
detect the loss of a child, we refer to [23]). However, for an insert operation,
there is at least one message involved, since the location of the new node must
be communicated to its parent.

Let the parameterk represent the communication cost, for a random node
s, of repairing all its ancestors in case ofs’s failure; 0 � s � d, the depth of
the tree. If the node to be deleted has children, the total communication costs
are greater thank: the failure not only affectss’s ancestors, but also the future
ancestors of its children, who now need to select new parents. Each child needs
at least one message to transmit its location to its new parent, plusk possible
messages to propagate that change. The cost for each child is therefore the
same as in case ofinsert, i.e. k + 1. The total cost for a deletion is therefore
k + c(k + 1), wherec is the number of children of a failed node; the total cost
for an insertion isk + 1.

To evaluate the communication cost of georouting tree updates, we per-
formed an experiment to measure the following:

When a random sensor nodes is removed from the georouting tree,
what is the average number of messages needed to update the tree?

This corresponds tok + c(k + 1) in the above analysis.
Our experimental setting consisted of 1000 sensors with randomly assigned

locations in a100 � 100 area; the sensing range varied from 10 to 50, in steps
of 5. After creating a georouting tree with a given sensing range, we simulated
failure of a randomly chosen node by removing it from the tree, and performed a
tree update, counting the number of messages. This number was averaged over
many trials, to obtain the average total cost of deletion in a georouting tree.
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Figure 2: The cost of deletion in a georouting tree.
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Figure 2 plots this cost against thefanoutof the tree, i.e the average number
of children per internal node. We achieved higher fanouts by increasing the
range while keeping the number of sensors fixed.

We conclude this section by noting that, in order to obtain communication
savings from a georouting tree, it must be the case that tree updates do not
occur too frequently. Specifically, if the expected cost of an update iscu and
the expected savings per epoch arecs, then updates should occur on the average
less than once percu=cs epochs. We expect that this will be the case for many
applications.

2.4 Experimental Results For Georouting

Having analyzed the costs associated with maintaining the georouting tree,
we now consider the communication savings associated with georouting. In this
section, we discuss an experiment that we have performed to access the per-
formance of georouting, when compared either with SRT trees or with regular
broadcasting. We report very significant savings, when compared with either of
the other methods.

After choosing a fixed range of(0; 100) in bothx andy directions as the
coordinate space of our “world”, we randomly generated 1000 pairs of values in
this range to simulate the positions of sensors. We then constructed a georouting
tree over these sensors, with the root in the center of the world. Figure 3, gen-
erated automatically by our simulation, shows the georouting tree we obtained;
here, the sensing range is set at 10 units.

We then simulated 500 localized broadcasts over this sensor network. For
each broadcast, a rectangle was used to approximate the spatial region of inter-
est (query box); this query box was generated randomly and propagated down
the georouting tree. Figure 3 shows one such query box on the left; the paths
involved in this broadcast are shown with thicker lines. Note that not all of these
paths lead into the query box; some of them lead to nodes outside the query box,
whose bounding boxes overlap the query box.

For each broadcast, the number ofhopswas measured and plotted against
the number of sensors in the query box; figure 4 shows the resulting plot.

Analysis. We definegeorouting efficiencyas the ratio between the minimum
number of necessary hops from the root to all sensors in the query box and the
number of hops used in georouting. We calculated that over 500 queries, the
average number of necessary hops was 192, whereas the average number of
actual hops was 229. Therefore, the efficiency is:

192/229 * 100% = 84%.

We ran exactly the same set of experiments using an SRT tree instead of a
georouting tree. That is, each node only stored its own bounding box and not
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Figure 3: Georouting tree for our simulation

the ones for its children. As a result, the average number of hops was 305, and
the efficiency is much lower:

192/305 * 100% = 63%.

The above analysis measures how far georouting is from optimal routing.
We can also compare georouting to regular tree routing, and measure what per-
centage of hops was saved. Regular tree routing would always result in 999 hops
(one for every edge in the routing tree), whereas the average number of hops for
our system was 229. Therefore, the percentage of hops saved is:

(999-229)/999 * 100% = 77%

Again, this is a significant improvement over the results for SRT routing:

(999-305)/999 * 100% = 69%

Furthermore, this saving can be compared with the cost of georouting tree up-
dates in case of node failure or a new node joining the network. While that cost
depends of the fanout (section 2.3), it is clear from our experiments that the sav-
ings with even a single broadcast of a localized query are greater than the cost
of multiple updates to the tree.
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Figure 4: Simulation results

2.5 Selective Filtering During Broadcasts

In this section, we discuss application of georouting to spatial data broad-
casts; in this case, the benefits of georouting apply even when the broadcast is
not localized.

When the data being broadcast is a spatial relation, consisting of many spa-
tial features each with its own geographic extent, only a subset of this relation
may be relevant to any given sensor node for its computation. When the broad-
cast is not localized, simpleboolean filtering, that decides whether to transmit
the data to this sensor or not, does not reduce the amount of communication in-
volved in the broadcast. Instead, we can useselective filtering, that decides how
much of the data to transmit, if any.

To perform selective filtering in georouting trees, we compute the intersec-
tion of the sensor’s bounding box and the bounding boxes of the spatial features
that are candidates for transmission; only those features that intersect the sen-
sor’s box are transmitted. This is illustrated in figure 5.

3 SENSOR TERRAINS

In this section, we discussdelta-gathering, a technique for reducing com-
munication during data gathering. We then apply our delta-gathering approach
toward the problem of sensor datavisualization. We presentsensor terrainsas
an important alternative to isoline-based visualization (contour maps).
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Figure 5: Selective filtering of spatial data in georouting tree

3.1 Delta-gathering

For many types of sensor readings, such astemperatureor pressure, there
is very little change in value from one epoch to the next. Rather than transmit
the readings of all sensors at all times, we only need to transmit readings when
there has been sufficient change. In this section, we introduce a new technique
to accomplish this, calleddelta-gathering.

Delta-gatheringis not to be confused withdelta compression[23, 29], a re-
lated technique. Indelta compression, we transmit a new value only when the
change from the last transmitted value is above some threshold. Delta compres-
sion is performedexplicitly, by specifying the threshold and storing the old value
for comparison. This can be done either directly in the query (TinyDB) or with
a built-in function (CQL):

TinyDB query with delta compression:
SELECT light

FROM buf, sensors

WHERE |s.light - buf.light| > t

OUTPUT INTO buf

SAMPLE PERIOD 1s

CQL query with delta compression:
SELECT Istream(delta compr(light))

FROM Sensors

WHERE location = ’NEST-1012’

As a result of delta compression, the number of data elements in the stream is
reduced. For example, the adjacent values in the output streams of the above
queries are guaranteed to differ by more than the tolerance value.
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Our new alternate approach,delta-gathering, does not involve the difference
operator. Instead we are only interested in those values which represent “cross-
ing a threshold”.

Delta-gathering:
Let J be the set ofthresholdvalues. Letx be the last transmitted
value, andy be the current sensor reading; w.l.o.g., assume that
y > x. y is transmitted only if the interval(x; y] (which excludesx
but includesy) contains some value inJ .

For example, if the thresholdsJ consist of multiples of 1, and the latest
transmitted value was 2.3, then only the last value in the following sequence
will be transmitted: 2.5, 2.7, 2.9, 3.1. Note that3:1 � 2:3 = 0:8, which is less
than 1.

The goal of delta-gathering is to improve power consumption of the sensor
network by reducing the amount of communication at the gathering phase. In
the absence of a new value from some sensor, unless we know that the sensor is
down, we assume that the value at this sensor has not appreciably changed since
the last transmission, and is not worth transmitting.

Unlike delta compression, this technique does not affect theseman-
ticsof the data, only the method of gathering.

The data is not compressed; we acknowledge that the untransmitted reading
exists and should be part of the data, but we assume that the last transmitted
value provides a sufficient substitute for it. This assumption is important for
sensor data mining applications such as data visualization, discussed next. When
visualizing the data, we will continue displaying the latest known reading for
every sensor, until we are notified that it has changed.

3.2 3D Visualization Of Sensor Readings

Good visualization of the streaming data produced in sensor networks will
enable better monitoring effect of sensitive environmental parameters such as
temperature, providing people capacity to respond to alarming changes and
make instant decisions. Visualization withisolineshas been considered so far [12];
we have chosen to usesensor terrainsinstead.

We represent asensor terrainas atriangulated irregular network(TIN),
which is a set of contiguous triangles without overlap. Its vertices are 3D points
(x; y; z) where(x; y) is the location of a sensor andz is the reading at that
sensor. The TIN representation is popular interrain mapping[7] because of its
capacity to represent terrains over irregularly scattered data points, such as the
case here.
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There are several reasons to prefer sensor terrains to contours as the means
of sensor data visualization:

� more intuitive: 3D surfaces are cognitively easier than contour maps; for
example, differences in height are directly recognizable whereas in iso-
lines, values have to be interpreted

� less lossy: we can extract a contour map from the sensor terrain, but not
vice-versa

� greater manipulability: graphic manipulations of sensor terrains, such as
rotations or changes to shading, can further enhance our understanding of
the data; this is not possible with isolines

� easier updates(for 2D TINs): if one sensor changes value, then only the
z-coordinate of that point changes; by contrast the contour map requires
more change

An alternative representation to TINs for terrains over irregularly scattered
data points is NURBS [27]. This representation is more time consuming to
generate and maintain. Another advantage of TINs is the ease of shading, and
of extracting isoline information. To be precise, in sensor networks we have
a dynamicversion of TINs and NURBS, where thez values are continuously
changing. As the sensor readings change, so does the terrain – it is more like a
video than a static surface.

3.3 Dynamic TINs: Overview

There are three basic algorithms for constructing the triangulated represen-
tation of a sensor terrain [37]:

� divide-and-conquer[10] divides the original data sets into disjoint subsets
and solves the subproblem recursively;

� sweepline[6] constructs valid Delaunay edges by sweeping the points up-
ward one at a time;

� greedy insertion[10] inserts one site at a time into the triangulation and
updates the triangulation by iteratively replacing the invalidated edges.

Based on whether the triangulation algorithm makes use of thez values (rather
than justx andy), the algorithms are classified as3D (also known asdata-
dependent) or 2D (also known asdata-independent). In the2D case, the trian-
gulation depends only on the sensor locations and not on their readings; in the
3D case, it depends on the readings as well.

In the dynamic setting like ours, we assume that the TIN has already been
computed, with one of the methods above; instead, we are concerned withup-
datesto the TIN. There are three types of updates:
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1. modify value: corresponds to a change in sensor reading
2. insert vertex: corresponds to a sensor joining the network
3. delete vertex: corresponds to a sensor leaving the network

The difference between2D and3D TINs is clearest in the case of the first type
of update,modify; we are assumingdelta-gathering(section 3.1), so presumably
the reading has crossed a threshold. In the2D case, we only need to modify the
z attribute of one vertex; the triangulation stays the same. By contrast, in the
3D case the triangulation may change.

All updates to the sensor network are placed into anupdate queueat the
central processor. They are processed one at a time, to maintain a dynamic TIN
whose geometry visualizes the sensor terrain. To maintain the dynamic TIN in
real time, two assumptions must be made. First, we assume that the number of
updates per epoch is small. This assumption is made feasible by applyingdelta-
gathering. Second, we assume that each update is computed very quickly, i.e.
with time complexityO(log n), wheren is the size of the network. In the next
section, we discuss the algorithms that make it possible.

3.4 Efficient Updating Of TINs

In case of sensor networks, where the updates we must display the surface
dynamically and in real time as the updates stream in. Therefore, we found2D
triangulation preferable for sensor networks; the triangulation is precomputed
and fixed, until a new sensor needs to be added. For adding new sensors, we use
the greedy insertion triangulation algorithm.

In this section, we describe the insertion algorithm for the TIN representation
of sensor terrains; thedeleteoperation is handled in a similar fashion. This
algorithm is based on the algorithm for incremental site (vertex) insertion that is
part of thegreedy insertiontriangulation algorithm for constructing a2D TIN,
found in [10].
Insert. Our insert algorithm for 2D triangulation closely follows the logic
from [10]. Assuming thatS is the new vertex to be inserted, it consists of the
following steps:

1. Locate the triangleT where the vertexS will be located.
2. Connectthe vertexS with each vertex of the triangleT .
3. Initialize the list of suspect edgesto contain all the edges ofT .
4. Remove asuspectedge from the list andtest to determine whether it is

valid.
5. If invalid, replace it with its alternate, adding new suspect edges to the

list.
6. Repeatthe last two steps while there are still suspect edges.
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In [10], the invalid edges are identified with theinCircle test), which dictates
that no vertex can be within the circumcircle of any triangle to which it does not
belong.

S

D C

BA

D C

BA

S

D C

BA

S

(a) (b) (c)

Figure 6: Incremental TIN update in 3 steps

Example. In figure 6 (a),S is the new site to be inserted, and we find that it
lies inside the triangleABD. In figure 6 (b), we connectS to these vertices
and run theinCircle testfor edgesAB, AD andBD. We discover that the edge
BD is invalid becauseS is located inside the circumcircle ofBCD. In figure 6
(c), BD is replaced bySC. Note that we are not done. Now,BC andCD
have become suspect and need to be checked; this procedure is repeated until all
invalid edges are removed.

Bounded Change Propagation.As described above, the worse-case perfor-
mance forinsert isO(n), due tochange propagation: all the edges in the trian-
gulation might need to be tested for validness. To ensureO(log n) performance,
we adapted abounded change propagationstrategy: for each update, the maxi-
mum number of tested edges is bound atc log n , wherec is a constant defined
outside our algorithm. With this strategy, the triangulation is no longercorrect
in all cases; hence, the dynamic TIN maintained by our system isapproximate
rather thanexact. Note that our algorithm isadaptive: by increasingc, we can
better approximate the correct TIN.

3.5 Simulation Of Sensor Terrain Update

We used a sensor terrain of 257 sensors, with coordinates whosex values
were randomly distribed in a [0, 9600] range andy values in a [0, 10115] range
(this range represented the UConn campus). For our sensor reading, we used ac-
tual data for the geographic terrain around the UConn campus, where the sensor
readings represent the local height, which is from 0 to 420 feet, when adjusted.

Figure 7 shows the shaded TIN (a) before and (b) after a sensor in the lower
left quadrant changed its value, from 350 to 149.49. One can clearly see the
difference in the shape of the two sensor terrains.
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Figure 7: TIN update example: shaded image (a) before and (b) after update

4 DYNAMIC ISOLINE EXTRACTION FROM SENSOR TERRAINS

In section 3, we have presentedsensor terrainsas an important alternative to
isoline-based visualization (contour maps). We have also shown how to main-
tain a dynamic sensor terrain by incremental updates. In this section, we discuss
how to build and maintain adynamic contour mapfrom the dynamic sensor
terrain.

We assume that the segments comprising the isolines in the contour map
have been computed once from the TIN representing the sensor terrain. Our fo-
cus is onupdatesto the TIN, discussed in section 3.3, which necessitate updating
the contour map accordingly. The goal is to maintain the TIN and the isolines
in real time, for real-timevisualizationof the sensor network. One can imagine
the contour map displayed together with the sensor terrain; both of them move
on the screen to portray the current state of the sensor network.

For our algorithm, we assume that we can assess the triangles and vertices
of the TIN in constant time. We are also assumingdelta-gathering(section 3.1),
so the vertices are only updated when theirz value crosses some threshold. It
is probably advisable if the set of thresholds for delta-gathering includes the
isoline heights of the contour map that is being computed.

We will first presentinterval trees, a data structure that plays a central role
in isoline extraction. Given a TIN, the interval tree is computed from this TIN;
isoline segments are then computed from the interval tree.
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4.1 Interval Trees

Every edgee in a TIN has az-span, which in an interval indicating the
minimum and maximumz values ine. Suppose the two end-points of some
edge aree0; e1, and their height values arer0; r1 respectively, wherer0 � r1.
Thez-span for the edge would be[r0; r1].

Let Z be the set of all thez-spans of a given TIN. Then, theinterval tree
over this TIN is a binary tree whose nodes are labeled with the following two
attributes:

- somesplit values
- the subset ofZ consisting of those intervals that overlaps

Interval trees obey the following properties:

1. Given a nodeX with split values, az-spanI of the form(a; b) is in the
interval list ofX if and only if a � s � b

2. If nodeY is a left (right) child of nodeX , then the split value atY is
smaller (larger) than the split value atX .

3. If the tree hasn nodes, then the depth of the tree isO(log n).

Our algorithm to extract an interval tree from a TIN is similar to the one
in [17]; the major difference is that they have an interval for everytrianglerather
thanedge. We found edges more convenient for our dynamic implementation.

Figure 8 (a) gives an example of a TIN; figure 8 (b) shows the corresponding
interval tree. The lists of intervals are displayed twice, sorted first by start point
and then by end.

4.2 Updating The Interval Tree After Change To Sensor Reading

A change to the value of any sensor in the network will affect the triangu-
lation, and hence the set of itsz-spans. The interval tree needs to be updated
accordingly, so it continues to satisfy the three properties listed in section 4.1.

To update the interval tree, two operations may need to be performed:

1. update the interval lists: without changing thesplit valuesat any of the
tree nodes, we modify the interval lists so the first property of interval
trees is satisfied

2. rotate: without changing the attributes at any nodes, we rotate the interval
tree to decrease its height

During the first step above, a new leaf node may have to be added if there
are intervals that do not belong to the lists of any of the current nodes. Also, a
node will be deleted if its list of intervals is empty.
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Figure 8: TIN (a) and corresponding tree (b)

Without going into the details of this step, we illustrate it in figure 9, where
the sensor reading for the left middle sensor (figure 8 (a)) has changed from
136:3 to 170:4. This figure shows this changes the set ofz-spans, and corre-
spondingly the interval tree (before rebalancing). After changing, there are no
longer any intervals that lie completely to the left of the root’s split value74:35.
There is also a new leaf on the right, whose split value is224:95. The time
complexity of step 1 isO(log n), wheren is the size of the interval tree.

Clearly, the tree in figure 9 is unbalanced. Figure 10 shows the same tree
after a rebalancing (step 2). We use the AVL rebalancing scheme [31] for our
interval tree updates, to obtain the overall time complexity ofO(log n) for our
algorithm.

Note that we candeferthe rebalancing of the tree. That is, we assume that
there exists a predetermined constantc such that step 2 is done only once out
of everyc times that step 1 is done. If the size of the interval tree is initiallyn,
then the time complexity of AVL tree rebalancing afterc updates isO(c(log(c+
n))) [21].

Figure 11 shows the isolines, computed for the sensor terrain in figure 7 (a),
then updated when a sensor in the lower left quadrant was changed from 350 to
149.49. The thick lines represents isoline values of 200 and 300, respectively.
The change to the isoline contours is clearly visible.
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5 CONCLUSION AND FUTURE WORK

We have considered the issue ofquery and data propagationfor geosensor
network query systems, including our own system SPASEN-SQ. In such sys-
tems, techniques for efficient propagation of queries and data play a significant
role in reducing energy consumption.

Georoutingis a new technique for the broadcasting oflocalized data and
queriesin geo-aware sensor networks; it makes use of the existing query rout-
ing tree, and does not involve the creation of any additional communication
channels. In addition to localized broadcasting, georouting is useful for (non-
localized) broadcastingspatial data, greatly reducing the amount of communi-
cation, and hence energy consumption, during broadcasts. We demonstrated its
effectiveness empirically, having implemented this technique.

In addition to broadcasting queries and data to the sensors, we considered
data gathering, where data is being transmitted from the sensors back towards
the central processor.Delta-gatheringis a new technique for reducing the amount
of communication during data gathering. We noted that unlikedelta compres-
sion, a related technique, delta-gathering does not affect thesemanticsof the
data, only the method of gathering.
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Finally, we applied delta-gathering toward the problem ofsensor data vi-
sualizationvia sensor terrains. Sensor terrains are a preferable alternative to
isoline-based visualization (contour maps) for this problem. Sensor terrains are
represented bytriangulated irregular networks(TINs). Visualization of sensor
terrains is therefore a special case ofdynamic TIN generation, a computational
geometry problem for which we present a new incremental delta-based algo-
rithm.

Future work includes a real-time interactive sensor terrain and isoline visu-
alization tool which relies on delta-gathering, built into SPASEN-SQ. We also
plan to studyin-networkalgorithms for the problems discussed above.
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