Q U A L I TAT I V E C H A R A C T E R I S T I C S O F F I E L D S M O N I T O R E D B Y
A RESOURCE-CONSTRAINED GEOSENSOR NETWORK
myeonghun jeong

Submitted in total fulfillment of the requirements of
the degree of Doctor of Philosophy

June 2014
Department of Infrastructure Engineering
The University of Melbourne

Myeonghun Jeong: Qualitative characteristics of fields monitored by a
resource-constrained geosensor network, © June 2014

ABSTRACT

This research investigates efficient monitoring of the qualitative characteristics of, and changes to spatial fields monitored by a geosensor
network (GSN). A spatial field maps the locations of nodes in a GSN
to a scalar property (e.g., temperature, humidity, pollutant). This research aims to monitor the states and events of scalar fields.
However, resource-constraints and limited spatial granularity in
GSNs require new decentralized approaches to designing scalable and
accurate algorithms. Thus, algorithms in this research can operate
in the network without centralized control, important in emerging
resource-constrained spatial computing environments. Further, the algorithms in this thesis operate without any coordinate information,
making them suitable for applications where a positioning system is
unavailable or unreliable.
First, this thesis investigates the characteristics of fields, based on
thresholded regions. In particular, the research explores the design
and evaluation of a family of new algorithms for determining the
topological relations between static thresholded regions. The algorithms are based on efficient, decentralized (in-network) variants of
conventional 4-intersection and intersection and difference models.
While all four algorithms are shown to have overall communication
complexity O(n), where n is the number of nodes in the GSN, and optimal load balance O(1), the algorithms differ in the level of topological
detail they can detect; the types of regions they can monitor; and in
the constant factors for communication complexity. The research also
demonstrates the impact of finite granularity observations on the correctness of the query results.
Next, a monitored field is represented as a surface network. A decentralized and coordinate-free algorithm is developed to identify
critical points (peaks, pits, and passes) and a surface network connecting those critical points. Empirical evaluation shows that the algorithm can improve the accuracy of critical point identification when
compared with the current state-of-the-art decentralized algorithm,
and matches the accuracy of a centralized algorithm for peaks and
pits. The algorithm is efficient, requiring O(n) overall communication
complexity. Further, empirical investigations of the algorithm across a
range of simulations demonstrate improved load balance when compared with an existing decentralized algorithm.
While the previous two topics deal with the atemporal characteristics of fields, the third topic presents an efficient, decentralized algorithm to monitor qualitative spatial events in a dynamic scalar field.
The events of interest involve changes to a surface network derived
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from a monitored field. Four fundamental types of event (appearance, disappearance, movement, and switch) are defined. Experimental investigations confirm that the algorithm is efficient, with O(n)
overall communication complexity, an even load balance, and low
operational latency. The accuracy of event detection is comparable
with established centralized algorithms for the identification of critical points.
The results of this research have wide applications to environmental monitoring using qualitative representation: thresholded regions
or surface networks. For example, specific applications of this thesis
might include identifying where high temperature and low soil humidity areas overlap in a vineyard, to help the vineyard managers
to optimize the use of water; and monitoring where are the peaks in
nitrogen levels on a meadow, to help farmers to efficiently irrigate or
fertilize for grazing cattle.
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1

INTRODUCTION

Cutting-edge technology trends, including ubiquitous wireless communication networks and the miniaturization of computing and storage platforms, have changed the way phenomena in the environment
are detected, monitored, and reacted to [66]. In particular, geosensor
networks (GSNs) (wireless sensor networks that monitor physical phenomena in geographic space, [89]) are having a broad impact across
a wide range of applications, such as habitat monitoring, precision
agriculture, carbon accounting, and vehicle tracking [1, 17, 39].
However, the inherent resource constraints of GSNs inhibit scalable,
long-term GSN deployments for monitoring physical phenomena in
our environment. Limited energy resources demand decentralized
operations that depend only on communication between immediate
one-hop neighbors. Further, energy, cost, and environmental conditions contribute to applications requiring sensor nodes without coordinate position systems, such as GPS.
This thesis therefore focuses on efficient, decentralized, and coordinate free algorithms for identifying and monitoring the qualitative
characteristics of, and changes to spatial fields monitored by resourceconstrained GSNs.
1.1

background and problem statement

model the underlying phenomena of geographic space as fields.
Fields map a set of locations in space (e.g., locations of nodes in a
GSN) to a scalar property (e.g., temperature, humidity, pollutant) [26].
In other words, a spatial field is a function from a spatial framework
to an attribute domain [135]. For example, a sensor network can be
regarded as a spatial framework. If this sensor network monitors temperature, a suitable domain for the attribute is the real numbers. Thus,
a spatial field can be defined as the function sense : V → R. The set
of nodes, V, forms a sample of the underlying continuous space. Formally, the function sense, termed the sensor function, represents the
data sensed by nodes in a GSN. The function’s domain is V (i.e., a set
of nodes as a spatial framework) and codomain is R (i.e., attribute
domain). If sensor nodes are densely and regularly distributed, isolines can be extracted from all nodes in a spatial field based on the
attribute value (Figure 1).
In addition, it is important to be able to model changes through
time. This is achieved by extending the structures described above
with a temporal domain T (sense : V × T → R). This research aims to
GSNs
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(a) Spatial framework based on a sensor network

(b) Attribute domain, temperature

Figure 1: Spatial field from spatial framework to attribute domain

monitor the state and events of dynamic spatial fields in addition to
the state of static fields.
Unique resource constraints
The inherent resource constraints of GSNs demand new approaches to
scalable and accurate algorithm design. For example, wireless sensor
nodes predominantly depend on battery power for all operations. The
maintenance of energy resources is therefore a high priority in the design of GSNs. Similarly, communication constraints (e.g., all nodes cannot communicate directly with others) lead communication packets
to be relayed via immediate neighbors (multi-hop communication).
In addition to communication constraints, there are circumstances
where there is no or limited information about nodes’ locations. Nodes
are often deployed in environments in which positioning systems
(e.g., GPS) cannot operate, such as a dense forest. Further, not only
do positioning systems require high energy consumption, but also
positioning systems increase the cost of sensor deployment compared
with simpler, disposable nodes. It is therefore evident that coordinatefree algorithms in GSNs can be advantageous.
It is also evident that there are limitations to infer information
about the underlying fields from discrete sensor data due to the finite
spatial granularity of GSNs. All sensor data discretize the underlying
continuous fields. Discretization can only approximate a continuous
field.
Decentralized computing
The single most important technique for minimizing communication
is the design of decentralized algorithms. In a decentralized algorithm,
an individual node in the network does not have access to global
knowledge about the state of the entire network, only to local knowl-

1.1 background and problem statement

edge about the state of its immediate neighbors [76]. Only required
information is communicated, aggregated, and processed in a network, which will help to minimize communication.
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(c) The appearance of hotspot
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(d) The process of routing data

Figure 2: Decentralized multi hop wireless communication

Figure 2 gives a simple example of how a sink node can decentrally
monitor the appearance of hotspot in a network. Not all nodes can
directly communicate with the sink node. Thus, the sink node has
no global knowledge of event occurrence. But information can be relayed to the sink node based on the shortest hop count from the sink
node [26, 138]. For instance, a number of sensors are distributed in
Figure 2a. The sink node initiates a ping message, such as “hello”, to
its neighbors in order to initialize the network. These messages are iteratively broadcast to neighbors. Through these messages, each node
can deduce its neighbors and the shortest hop count from the sink
node (see Figure 2b). In Figure 2c, one of sensors detects the appearance of a hotspot. This node sends this information to the sink node
along the best path in Figure 2d. In this scenario, each node does not
have global knowledge of the entire system, such as other nodes’ location and state. Each node only knows its neighbors’ and its own
state. Further, the messages are delivered by immediate neighbors.
Even though this is a simple example, it is apparent that a decentralized algorithm is compatible with resource-constrained wireless
sensor networks.
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Qualitative representation
In addition to decentralized spatial computing, resource-constraints
in GSNs can be served by adopting a qualitative approach to monitoring fields, instead of estimating fields quantitatively. Even though
qualitative information is imprecise, qualitative monitoring can help
provide salient information to decision makers in a form that is more
understandable and compatible with human conceptualization of spatial processes. Thus, a qualitative representation helps summarize
salient information from highly complex dynamic fields [28].
In this research, fields monitored by GSNs can be described by two
different qualitative representations: thresholded regions and surface
networks. Thresholding sensor readings can extract region boundaries from a continuous field. An example of this is a vineyard control
system where sensors capable of sensing soil moisture and temperature can detect the dry and hot areas. These two areas can be represented as dry and hot thresholded regions. Thus, if the monitored
region is a dry and hot area simultaneously, this system could help
vineyard managers to optimize the use of water by identifying the
thresholded regions monitored by GSNs. Conversely, surface networks
are based on critical points (e.g, peak, pits, and passes) which can be
described as points with a zero slope [93]. Identified critical points
can be connected by critical lines (e.g., ridges connecting peaks and
passes; channels connecting passes and pits). Together, critical points
and critical lines are called surface networks or Morse-Smale complexes [33, 92]. These intuitive topological data structures can help to
characterize the shape of continuous, complex surfaces.
For example, Figure 3 compares the qualitative representations of
a field using thresholded regions and surface networks. In Figure 3a,
a temperature over 30.0◦ C is defined as a “hot region”. Similarly, the
field can be described as a surface network by identifying critical
points and lines in Figure 3b. Both qualitative representations can
provide an intuitive characterization of the field without maintaining
the entire continuous field.
In this section, the resource-constraints in GSNs (e.g., energy resources, communication constraints, or lack of nodes’ location information) have been firstly presented. The resource-constrained GSN
should be served by using efficient computing approaches. In this thesis, it is argued that decentralized algorithms based on a qualitative
approach can help to deal with these problems in order to identify
the characteristics of fields. This expectation is more precisely stated
in the following section.

1.2 hypothesis and scope

Hot region

50
30
10

(a) Thresholded regions (i.e., the temperature is
above 30.0◦ C)
Peaks
Pits
Passes
Critical lines

30
20
10

40
30
20
10

(b) Surface networks of a temperature field

Figure 3: Qualitative representations of fields (e.g. temperature)

1.2

hypothesis and scope

This thesis is concerned with identifying the qualitative characteristics (i.e., states and events) of fields monitored by GSNs. The approach
is to represent fields qualitatively, as thresholded regions and surface
networks. In the context of GSNs, a number of articles have already
been published on topological changes of thresholded regions (e.g.,
splitting, merging, and disappearance) in terms of decentralized topological queries [41, 62, 104]. However, little attention has been paid to
topological relations between thresholded regions (e.g., meet, overlap,
or contain). Further, there has been little discussion about the identification of critical points and surface networks of fields. In addition,
no research has been found to monitor changes occurring to surface
networks derived from fields monitored by GSNs.
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Hypothesis
This research addresses the hypothesis:
It is possible to design algorithms for detecting important qualitative
characteristics (i.e., states and events) of fields monitored by GSNs that:
1. are decentralized, operating with no centralized control,
2. are at least as efficient as centralized algorithms or alternatives,
3. require no coordinate information, and
4. are able to detect qualitative characteristics with high precision and
accuracy.
To test this hypothesis, the research conceptual framework is shown
in Table 1. This research first investigates the characteristics of static
fields represented by thresholded regions (see 1 in Table 1). A family of new algorithms is designed and evaluated for determining the
topological relations between thresholded hotspots. Next, the study
proposes a representation of fields, based on surface networks (see
2 in Table 1). For example, the research identifies critical points and
surface networks connecting those critical points. After addressing
static fields using surface networks, this research embarks on the detection of events occurring in dynamic fields by monitoring changes
occurring to surface networks (see 4 in Table 1). Decentralized algorithms are designed and evaluated using agent-based modeling. The
performance of all algorithms is evaluated in terms of computational
complexity and veracity.
Qualitative representations of fields
Threshold

Surface networks

State

1 The static topological rela- 2 Extract critical points
tions between thresholded re- and lines
gions

Events

3 Monitoring topological re- 4 Detecting events occurlations between continuously ring to surface networks
evolving thresholded regions
Table 1: Research conceptual framework

Scope
When it comes to the scope of the study, this research focuses on
states and events of dynamic fields rather than those of moving objects, such as vehicles. In other words, this thesis is interested in static

1.3 significance of the study

sensor nodes which are capable of capturing and monitoring changes
over time. Moving sensor nodes are beyond the scope of this research.
With regard to the representation of thresholded regions, this research focuses on static topological queries about the current state of
regions topology without localization (e.g., Does region A contain region B?). But monitoring topological relations between continuously
evolving thresholded regions is not covered by this research (see 3
in Table 1). [54, 55] already demonstrate decentralized algorithms to
compute efficiently topological relationship changes between evolving thresholded regions in GSNs.
1.3

significance of the study

As we shall see, the major outcome of the study is the design and
specification of efficient decentralized algorithms to identify the qualitative characteristics of fields without localization information. The
fields are qualitatively represented as thresholded regions or surface
networks. The major significant results of this research are:
• The research provides a family of efficient algorithms for determining the current state of topological relations between simple
and composite thresholded regions.
• The research efficiently identifies critical points of fields compared with a state-of-the-art decentralized alternative. Further,
the accuracy of critical point identification is improved when
compared with the state-of-the-art decentralized algorithm, and
is comparable to the accuracy of a centralized algorithm for
peaks and pits.
• This research defines an algorithm for monitoring events occurring to surface networks derived from fields monitored by GSNs.
The fundamental types of events are appearance, disappearance,
movement, and switch.
On a practical level, this research contributes to wider applications
regarding environmental monitoring using resource-constrained GSNs.
For example, a variety of sensors have been deployed across Tasmania, Australia’s southern island state in the Sense-T project1 . The sensors are monitoring environmental conditions for beef and dairy optimization, viticulture, and aquaculture. If the innovations of this thesis
are applied to such a project, there will be several possible queries:
• Where do the high temperature areas and the low soil humidity
areas overlap in a vineyard, to help the vineyard managers to
optimize the use of water?
1 Available at http://www.sense-t.org.au
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• Where are the peaks in nitrogen levels on a meadow, to help
farmers to irrigate or fertilize meadowlands for grazing cattle?
• Where is the overlap area between environmental conditions in
the sea (e.g., high temperature area or high salinity area) and
pollutant levels in the water, such as coliforms, for optimizing
production in aquaculture?
1.4

structure of the thesis

In the remainder of this thesis, Chapter 2 starts by discussing qualitative and decentralized spatial computing in resource-constrained
GSNs. The chapter then reviews in more detail the limitations of previous research in terms of decentralized querying of topological relations between regions; coordinate-free computation of critical points
and surface networks; and monitoring of changes over time based in
surface networks. It lays out the problems of existing approaches and
identifies the gap in relation to GSNs. Chapter 3 describes the basic
models of a decentralized computing, and the design and specification of the decentralized algorithms presented in this study.
Based on Chapter 2 and Chapter 3, Chapter 4 investigates the characteristics of fields monitored by GSNs using qualitative thresholded
regions. In particular, this chapter provides the foundation for determining the current state of topological relations between thresholded
regions. Chapter 5 presents the characteristics of fields using surface
networks. This chapter establishes the foundation of identifying critical points and monitoring events occurring to surface networks.
Chapter 6 presents experimental evaluations of all algorithms in
term of computational complexity and accuracy with discussion. Finally, the conclusions are drawn in Chapter 7.

2

L I T E R AT U R E R E V I E W

This literature review surveys research into the characteristics of fields,
monitored by GSNs. The review commences with a review of the basic computing approach to resource-constrained GSNs. Then it evaluates research into qualitative characteristics of fields, based on the
representation of thresholded regions. In particular, this research focuses on the current state of topological relations between thresholded regions. Having identified atemporal characteristics of fields
using thresholded regions in GSNs, the review assesses research into
the qualitative characteristics of fields, based on the representation of
the surface networks. In particular, the review focuses on identifying
critical points in a static field and monitoring events in a dynamic
field.
2.1

basic computing approach in a sensor network

Advances in sensor technology and deployment strategies empower
the ways that we are able to capture, communicate, and compute with
geographic information [90]. GSNs can not only generate high levels
of information, but also can be deployed to monitor sensitive, hazardous, or remote environments automatically. Thus, GSNs are adaptable to a wide range of applications (e.g., air quality, sensitive habitats,
weather, road traffic conditions, or pollution).
However, as already identified, GSNs are subject to unique resource
constraints. Battery power is the main resource in a wireless sensors
for sensing, processing, and communication of information. This energy resource constraint is crucial in terms of monitoring a larger
geographic area. Communications between more distant nodes must
be relayed via intermediate neighbors. Accordingly, the following sections explain basic approaches for overcoming energy constraints and
the constraints to the movement of information in GSNs.
2.1.1

Decentralized algorithms

In a decentralized system, there is no single node having global knowledge of the entire system state [76]. Each node can only communicate with its neighbors. Previous research papers address this issue
using, for example, data aggregation (only new information is forwarded) [69, 78, 116] and spatial structures (e.g., Voronoi cells, or region boundaries) [62, 112]. Such decentralized processing can make
more efficient utilization of limited network energy resources because
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the constraints to movement of information make it difficult to collect
global information about the entire system in GSNs.
Decentralized spatial algorithms particularly focus on computing
with spatial structures such as sweep lines, Voronoi cells, or region
boundaries. For example, decentralized sweeps over a sensor network
are used to perform data aggregation to construct a Morse-Smale
complex in a field monitored by a sensor network [109, 119, 139].

(a) The initial field, with two peaks

(b) Decentralized sweep across the network

Figure 4: Decentralized spatial computing using a sweep line, with unswept
nodes in grey, swept nodes in blue, and the swept front in yellow

In Figure 4a, two local peaks are identified in a monitored field.
The peaks then initiate a sweep top down. The sweep operates asynchronously based on communications with the immediate neighbors.
In Figure 4b, yellow nodes (the communication symbol) are the sweep
front nodes which separate the swept nodes (blue color) from the
unswept nodes (grey color). The sweep proceeds when a node recognizes that all of its higher neighbors have become swept nodes. Even
though each node has no global knowledge of the entire system, the
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sweep can be achieved harmoniously in the order from higher sensed
value nodes to lower sensed value nodes. Thus, sweeps over a sensor
network can provide a robust approach to data dissemination, collection, and aggregation in a sensor network without nodes’ location
information [119].
Similarly, Voronoi diagrams have been used to improve data aggregation by giving weights based on the size of Voronoi cells for each
node [112]. Region boundaries are also used to reduce communications in a sensor network [29, 55]. Boundary nodes in a region only
take part in communications.
This research continues the approach of using spatial structures
(i.e., region boundaries) to efficiently compute topological relations
between regions and monitor events occurring to surface networks.
Further, the flow of gradients between nodes (i.e., face-based approach
by comparing the sensing value) is also used to identify critical points
and construct surface networks. Although there is no global knowledge of the entire system and nodes’ coordinate information, decentralized spatial algorithms are able to perform locally, asynchronously,
and efficiently in a wireless sensor network.
2.1.2

Qualitative representation

In addition to a decentralized spatial computing, a qualitative approach to monitoring fields can increase the efficiency of resource
management in GSNs. Even though qualitative approaches and quantitative approaches are not mutually exclusive, qualitative representations can replace numerous computational efforts by abstracting away
from unnecessary details and maintaining important characteristics
of fields [47].
For example, a qualitative representation for detecting human faces
under variable lighting conditions is presented in [118]. This approach
uses a qualitative face signature, regarded as a significant invariant to
imaging conditions. Similarly, fields are qualitatively represented in
GSNs [28, 40, 65]. They concentrate on the qualitative representation
of spatial entities, like region boundaries, and of events, like splitting,
merging, or appearance.
This research considers two aspects of qualitative spatial representations: the kinds of spatial entity we will use (i.e., a particular ontology of space); and the kinds of ways of describing invariants of space.
First, this research qualitatively represents fields as thresholded regions. From the perspective of qualitative spatial reasoning (QSR), regions of space are usually regarded as the primitive spatial entity [20].
Similarly, it is easier to detect region boundaries in GSNs by thresholding sensor readings. For example, Figure 5a shows a thresholded
region in GSNs (i.e., temperature is over 30.0◦ C). If a node senses over
30.0◦ C and communicates with neighbors which sense under 30.0◦ C,
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this node can be thought of a boundary node. If we are interested in
monitoring a hot region, we can focus on these boundary nodes to
monitor hot regions efficiently.

Hot region

50
30
10

(a) Thresholded regions representation (dark circles
are boundary nodes)
Peaks
Pits
Passes
Critical lines

30
20
10

40
30
20
10

(b) Surface networks representation

Figure 5: Qualitative representations of fields in GSNs (cf. Figure 3)

Next, this research describes fields as surface networks. Surface
networks can make qualitative distinctions of space in spite of less
precise description. Figure 5b presents the extraction of surface networks derived from a monitored field. If we monitor changes in a
dynamic field, the spatial events occurring to surface networks can
give a global view of a dynamic changing field.
2.2

region relations in theresholded fields

Recent developments in the domain of decentralized topological queries
in GSNs have led to an interest in topological changes of thresholded
regions (e.g., splitting, merging and disappearance). For example,
[104, 137] use region boundaries, [64] propose qualitative change re-
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porting (QCR) approach, and [30] use tree structures to model topological changes of regions. However, there has been little discussion
about the topological relations between thresholded regions.
This research therefore focuses on the characteristics of static fields
monitored by GSNs by investigating topological relations between
thresholded regions. Monitoring events of topological relations between continuously evolving thresholded regions is beyond the scope
of this research. [54, 55] already provide a computational framework
for determining dynamic relationship changes. They make use of a
4-bit binary number, based on nodes’ boundary information, to infer topological relationships between two spatial regions. However,
they only consider topological relations between two simple regions
without considering complex regions, such as disconnected regions.
2.2.1

Topological relations between regions

There are several related models of the topological relations between
spatial regions in artificial intelligence and spatial information science. The approaches for determining topological relations between
regions can be classified as two distinct approaches: a point-set based
approach, and an axiomatic approach.
A point-set based approach
The most well-known is the 4-intersection model [36], which considers the intersections between the two regions’ (more specifically, point
sets’) topological interiors (◦ ) and boundaries (∂). For example, topological relations between region A and region B can be denoted by
a four-tuple (∂A ∩ ∂B, ∂A ∩ B◦ , A◦ ∩ ∂B, A◦ ∩ B◦ ). By assigning the
values empty and non-empty for the four intersections, this model
can differentiate 24 = 16 binary topological relations. Eight of these
sixteen relations can be realized for two simple regions in the plane,
as shown in Figure 6.
Egenhofer and Herring [37] add to the 4-intersection model the two
objects’ complements, yielding the 9-intersection model (although the
resulting topological relations are identical to the case of connected
regions with Jordan boundaries). An alternative formulation in [25]
uses intersection and difference between regions. This model is based
on the boundary-boundary intersection set (BBIS) of two spatial regions in order to improve the efficiency of computing topological relations.
These approaches assume regions are “simple” (homeomorphic to
a disk). However, other extensions for describing the topological relations between complex areal objects, such as disconnected regions
and regions with holes, have also been proposed (e.g., [38, 67]). The
TRCR model (topological relations for composite regions) [19] provides a mechanism for describing topological relations between com-
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(a) disjoint (0000)

(e) contains
(0011)

(b) meet (1000)

(f) covers (1011)

(c) overlap
(1111)

(g) inside (0101)

(d) equal
(1001)

(h) coveredby
(1101)

Figure 6: The eight topological relations between two regions based on the
4-intersection model

posite regions (i.e., composed from multiple disconnected simple regions) based on the 4-intersection model. The research by Nguyen
et al. [88] extends the approach further for handling of the compositions of disconnected regions and holes. Schneider and Behr [111]
have also introduced definitions of general spatial data types for complex regions based on the 9-intersection model by using a proof technique called proof-by-constraint-and-drawing. Based on this model,
33 different topological relations can be identified between two complex region objects and these topological relations are grouped by
generic topological cluster predicates (i.e., the familiar set of eight
topological relations).
Even though the approaches mentioned above do not use geometry,
they can determine topological relations using a point-set approach.
These models provide us with a convenient way to determine topological relations between thresholded regions monitored by GSNs. The
point-set (e.g., boundary or interior) can be easily identified by GSNs.
An axiomatic approach
It is worth mentioning a completely different, axiomatic approach
that can also be used to describe topological spatial region relations,
including disconnected regions and regions with holes. Regions connection calculus [21, 94] relies on a binary connectedness relation,
rather than boundaries, interiors, and complements of point sets. The
set of eight relations as RCC8 are jointly exhaustive and pair wise
disjoint in Figure 7.
The connection relation (i.e., C ( x, y)) between two regions are interpreted as follows: DC ( x, y), x is disconnected from y; EC ( x, y), x is
externally connected to y; PO( x, y), x partially overlaps y; EQ( x, y),
x is identical with y; TPP( x, y), x is a tangential proper part of y;
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(a) DC ( x, y)

(e) TPP( x, y)

(b) EC ( x, y)

(f) TPPI ( x, y)

(c) PO( x, y)

(g) NTPP( x, y)

(d) EQ( x, y)

(h) NTPPI ( x, y)

Figure 7: RCC8 topological relations

TPPI ( x, y), x is the identity tangential part of y; NTPP( x, y), x is a
non-tangential proper part of y; and NTPPI ( x, y), x is the identity
non-tangential part of y.
The calculus-based axiomatic approach manages region as a whole.
The advantage of this model depends on rigorous logic, such as mathematical deduction and proof. However, spatial regions should be
non-empty set, which differentiates from the point-set topology (i.e.,
the 4-intersection model).
Discussion
In this research, the point-set based approach is preferred to RCC,
because boundaries, interiors, and complements can be efficiently
and locally computed in a geosensor network (e.g., [29, 31]). By contrast, connectedness is a primitive in RCC, and practically computing
whether two nodes are “connected” in a sense compatible with RCC
(e.g., path connected) would be highly inefficient in a geosensor network. The calculation of connectedness in GSNs requires global information about the network, which is not appropriate to the resourceconstrained GSNs.
In addition, none of the models mentioned above can be directly
adapted to GSNs [26]. From a decentralized perspective, while an individual node may be able to determine if the intersection between
two point sets is not empty (e.g., a single node that locally senses both
region A and region B can locally infer that A ∩ B 6= ∅), it is never
possible for an individual node to determine if the intersection between two point sets is empty (e.g., a single node that does not locally
sense both regions A and B can not infer that A ∩ B 6= ∅, since there
may be some other node in the network that can sense both region
A and region B). This phenomenon presents challenges to designing
efficient decentralized spatial algorithms, when compared with conventional, centralized models.
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Further, this research assumes there is no information about a
node’s coordinate location. This approach contrasts with most other
recent work on decentralized spatial algorithms for topological queries
(e.g., [31, 41, 105]). While computational geometry can be used to
determine topological relations, this research regards topological relations as set-theoretic constructs. None of conventional approaches
mentioned above [19, 36, 94] use any geometry at all in defining topological relations, even though they all have well-defined boundary
and interior concepts.
Finally, this research extends previous work [29]. This previous
work presents only a topological relation model between two simple regions, based on the 4-intersection model. However, this thesis
can generate topological relations between simple and complex regions ranging from coarse to fine granularity topological relations at
a small computational cost.
2.3

structure and changes of surface networks

While the previous section deals with fields using a thresholded region representation, this section examines fields as surface networks.
This sections analyzes the literature on the identification of critical
points in a scalar field in Section 2.3.1. Further, the literature concerning events occurring to surface networks is reviewed in Section 2.3.2.
2.3.1

Identifying surface networks in a static field

The demand for describing spatial fields has been of fundamental interest in a wide range of areas including terrain surface, population
density, and temperature surfaces. Maxwell [83] intuitively described
the earth’s surface as hills and dales. He also proposed relations between the number of summits, number of passes, number of immits,
and number of bars. In a later theoretical approach, Morse theory,
based on differential topology, gives effective tools to capture topological structure in surfaces [82, 86, 120].
Surface networks
Morse theory deals with the relationship between functions defined
on the space and the shape of the space. Topographic surfaces can be
represented by a function z = f ( x, y), where a pair of ( x, y) is a point
in the xy-plane, and z is the height or intensity at that point. If a point
∂f
∂f
p0 = ( x0 , y0 ) in the xy-plane satisfies ∂x ( p0 ) = 0 and ∂y ( p0 ) = 0, a
point p0 is called a critical point of the function f . These critical points
are classified as the peaks, pits, and passes based on the behavior of
the function f , which are an intuitive and sufficient set of points to
represent the surface. The extracted critical points can construct crit-
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ical lines (i.e., a surface network coined by Pfaltz [92]). For example,
ridges are lines connecting peaks to passes, and channels (valleys) are
lines connecting passes to pits.
The transition from continuous surfaces to discrete data structures
and algorithms has been an active research area, with at least four
different broad approaches to discretization evident in the literature:
local comparison of neighbors; contour trees and Reeb graphs; discrete Morse theory; and morphometric analysis.
The local comparison of neighbors
First, surface networks are constructed from comparing the height
and geometric characterization of vertices in a triangulation [5, 125].
They extract critical points from the triangular mesh, and then trace
critical lines from passes to peaks and pits. Similarly, Danovaro et al.
[22], Edelsbrunner et al. [33] generate Morse-Smale complex (i.e., its
1-skeleton is a surface network) using piecewise linear functions (see
[6]) on polyhedral surface embedded in R3 .
Contour trees and Reeb graphs
Other data structures based on Morse theory include contour trees
[15, 16, 68] and Reeb graphs [7, 34, 115]. While surface networks can
be obtained by connecting the identified critical points on the boundary of a continuous field, contour trees and Reeb graphs represent
fields by analyzing the evolution of the level sets, in terms of the appearance, disappearance, joining, and splitting of connected components. Reeb graphs can describe these topological features of all level
sets, but contour trees can only represent the evolution of simplyconnected domains (i.e., loop-free Reeb graphs, Biasotti et al. [8]).
Discrete Morse theory
Third, Forman [44, 45] proposed discrete Morse theory, which uses a
discrete Morse function to assign a single number to each cell of a
simplicial complex. This model can represent the topology of a surface without relying upon any continuous functions. For example, if
M is a simplicial complex, σ, τ and ν are simplices of M (here, p
is the dimension of simplices). Thus, a discrete Morse function (see
Equation 1) on M is d : M → R if only if σ p ∈ M.
card {τ p+1 > σ|d(τ ) ≤ d(σ )} ≤ 1, and

(1a)

card {ν p−1 < σ|d(ν) ≥ d(σ)} ≤ 1

(1b)

If card {τ p+1 > σ|d(τ ) ≤ d(σ)} = 0 or card {ν p−1 < σ|d(ν) ≥
d(σ)} = 0, a simple σ is critical. For example, in Figure 8a, d−1 (0)
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is a critical point and d−1 (9) is a critical simplex. There are no other
critical simplices. Conversely, the edge d−1 (5) is not a critical in that it
has a lower dimensional neighbor which is given a higher value (i.e.,
the vertex d−1 (7)). In a similar fashion, the vertex d−1 (7) is not a critical point because it has a higher dimensional neighbor whose value
is lower (i.e., d−1 (5)). Even though a discrete function is not a continuous function on M, we can identify critical simplices by assigning a
single number to each simplex.
9
7

8

5

6

4

2

3

1

0

(a) A discrete Morse function

(b) A gradient vector field

Figure 8: Discrete Morse theory. This figure adapted from [44]

However, the assignment of a single number to each simplex is complicated. Thus, Forman [44] asserts that given a simplicial complex,
the discrete gradient vector field includes the information that we
have to find in a discrete Morse function (see Figure 8b). Thereby, the
computed structures based on a discrete Morse theory corresponds
to the result of the differential Morse theory. This tool has a crucial
role in extracting robustly the external structure of fields [73, 96].
Morphometric analysis
Finally, Schneider and Wood [110] and Wood and Rana [132] use morphometric analysis to fit an approximating function to the given set
of (grid) points, differentiating the function to identify critical points.
For instance, the surface approximately can be represented using biquadratic function where there are three types of conic sections.
z = ax2 + by2 + cxy + dx + ey + f
4ab − c2 > 0,
where 4ab

− c2

= 0,

4ab − c2 < 0,

elliptic
parabolic
hyperbolic

(2)
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The conic section types coincide with the morphometric feature
types: elliptic surfaces are peak or pits; parabolic surfaces match passes;
and parabolic surfaces represent channels and ridges in Figure 9.
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Figure 9: Conic sections

However, the conic section analysis of the quadratic surface generates numerous spurious feature classifications (e.g., a channel can be
classified as a pit). Thus, Wood [131] adds more criteria such as slope
and curvature tolerance in order to remove spurious points from significant features.
Unlike the other approaches discussed above, these morphometric
techniques do not rely an explicit cell complex. However, they still
require a grid configuration of points, itself an implicit form of cell
complex.
Discussion
All these approaches depend on explicit or implicit cell complexes.
The construction of explicit cell complexes is highly inefficient in
resource-constrained GSNs. Explicit cell complexes, such as a
triangulated irregular network (TIN), are not computationally scalable in a decentralize environment due to limited communication
range and capacity [3, 74]. Further, implicit cell complexes, such as
highly regular grid deployments of sensors, can be impractical on the
deployment of environmental GSNs in the real world.
Further, the approaches above rely on information about distances
or directions between nodes, and frequently on coordinate position to
identify critical points. However, coordinate position or quantitative
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information (e.g., distance or direction) can rarely be supported in
GSNs due to no, or low-cost positioning systems.
Finally, all the approaches discussed above assume centralized computation, where all information is collated and compared before the
surface network and critical points can be computed. Consequently,
these algorithms are not appropriate to efficient operation in a distributed wireless geosensor network. In such contexts, decentralized
algorithms, able to identify critical points in the network and based
only on limited and short-range communication of information, are
required. For example, there are two key papers to identify critical
points in a spatial field monitored by a decentralized and coordinatefree geosensor network [109, 139]. Both papers are similar in their
basic approach to detection of a peak or pit: a peak (pit) has neighbors whose value is greater (smaller) than itself [cf. 26]. While Sarkar
et al. [109] use a sweep algorithm [see 119] to identify passes, Zhu
et al. [139] attack the problem by adopting a Morse-Smale decomposition based on gradient vectors. However, a major assumption in
these state-of-the-art algorithms is that the spatial field monitored
by a geosensor network is relatively smooth. The accuracy of these
algorithms degrades rapidly as the field becomes rougher. Both algorithms also assume that nodes are distributed evenly and densely
across space. The approaches tend to fail to correctly identify critical
points as the spatial distribution of nodes within a geosensor network
becomes less even, and holes in the network coverage appear.
In brief, classical models of surface networks are ill-suited to efficient operation in GSNs, because they frequently rely on a welldefined cell complex; centralized computation; and coordinate positions, or at least range- or direction-finding. Further, the state-of-theart decentralized algorithms for critical point identification depend
on strong assumptions about the distribution of nodes and granularity of the network relative to the field. Consequently, this thesis
presents and tests a new, decentralized algorithm for identifying critical points in a monitored scalar field.
2.3.2

Monitoring spatial events in a dynamic field

Section 2.3.1 focuses on the state of fields by identifying critical points
and surface networks. This sections turns to events in fields by monitoring changes over time on the surface networks.
Geographic phenomena intrinsically have multi-aspect characteristics which have led to substantial studies to model the dynamic real
world. There are several models to describe dynamic geographic phenomena: object-based models [59]; events-based models [18, 49, 134];
and graph-based models [24, 136]. This research aims to monitor qualitative spatial events which occurred to surface networks over time.
Specifically, this study focuses on instantaneous change rather than
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duration change which is in line with [59, 122]. In other words, this
research focuses on the instant event between consecutive time steps
rather than between long durational time steps.
Analysis of surface networks changes
In terms of salient changes to surface networks, one of the most frequently cited works is [35]. Edelsbrunner et al. [35] presents a formal
analysis of the evolution of Reeb graphs on S3 for time-varying data.
The approach is based on Jacobi sets [32], which delineate the paths
critical points take over time. A more empirical approach was taken
by Sadahiro [101], who identified primitive events occurring on surface networks, and analyzed changes in retail activities based on these
primitive events on surface networks. Both these approaches defined
primitive events as appearance and disappearance of critical points,
and “switch” where the connectivity of the network edges changes.
[101] additionally defined as events the movement of critical points.
Although these works do identify salient changes to surface networks, in practice neither is applicable to computation within a
geosensor network. The approach of [35] relies on Jacobi sets, based
in turn on smooth, continuous functions. Such functions are known
not to be suited to real-world data [80, 124], such as the discrete observations derived from a geosensor network. The analysis of [101]
relies on centralized computation and interpolation based on the geometry of the surface, which conflicts with the requirements for a
decentralized and coordinate-free computing environment.
Broadening the search, an alternative to investigating events in surface networks is to look instead at events in regions and their polygonal boundaries. Surface networks partition a scalar field into regions.
Each region contains those locations in the “catchment” of a unique
peak and pit combination. As a scalar field evolves, these regions
change and evolve. Therefore, this thesis focuses on the evolution of
catchments to monitor events occurring to surface networks. The following subsection investigates research into the evolution of regions.
Analysis of changes in spatial regions
Analysis of the geometry (such as volume or centroid) of regions
leads [61, 95, 106] to identify appearance, disappearance, merging,
and splitting as four primitive events that can occur to regions. Bremer et al. [12] and Weber et al. [127] also arrive at these four primitive
events, using the topology of Reeb graphs to track the evolution (sequences of events) of burning regions. Closely related, Sohn and Bajaj
[121] uses contour trees along with geometric information about the
volumes of regions to monitor essentially the same four events in
turbulent vortex structures. The analysis of [48] and [102] of primitive events involving simple, connected polygons, yields two further
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event types: expansion and contraction. These six events are shown
in Figure 10.

t+1
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(a) appearance

(b) disappearance
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(c) merge
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(f) contraction

Figure 10: Primitive events in simple and connected polygons

Although the specific terms used to name these six events vary
across papers, others have similarly arrived at these six events, including a range of applications in disciplines such as meteorology
[9, 117] and tracking the evolution of social groups [52, 91].
With regard to surface networks, however, there are no distinctions
between the events split and appearance, and between events merge
and disappearance. For example, the appearance of a peak can be
interpreted as a new peak “split” from a pre-existing peak, or independently sprang into existence (“appeared”). Thus, in the context of
surface networks, this previous work suggests up to four primitive
events: merge/disappear or split/appear of critical points, and expansion and contraction of the regions associated with those critical
points.
Further, Jiang and Worboys [63] yields six events from the perspective of topological analysis: appearance, disappearance, and two
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types of merging and splitting, distinguishing merging and splitting
involving regions with holes and regions homeomorphic to a disk.
Unlike [48, 102], Robertson et al. [98] also considers disconnected
regions (i.e., consisting of more than one simple polygon) to yield
a more discerning framework consisting of 9 different events, additionally defining movement as well as distinguishing two types of
merging and of splitting based on the geometric characteristics of the
regions. However, in the case of scalar fields in the plane, it is not
possible for a surface network to partition the space into regions with
holes because all critical points are connected in a surface network
(although this is a possibility in surface networks in other embedding
spaces, such as a torus).
Discussion
In summary, the key events relevant to surface networks appear to
be: appearance (or splitting), disappearance (or merging), and movement of critical points; expansion and contraction of the regions associated with those critical points; and switching of the edges connecting critical points. However, none of the approaches encountered are
directly applicable to the decentralized and coordinate-free computing environment. With the exception of [63], none of the approaches
described above are decentralized. However, as we have seen [63] include several events to regions that are not directly relevant to surface
networks. Further, most of the approaches above rely on geometric
information about the surface, and so are ultimately reliant on access to coordinate information about the location of critical points
and their associated regions. Thus, this research addresses these challenges by proposing a decentralized and coordinate-free algorithm
for accurately inferring spatial events occurring to surface networks
in a dynamic field.
2.4

conclusions

Ultimately, the conclusion is reached that despite such substantial efforts to monitor qualitative characteristics of fields in GSNs, the problems (e.g., efficiency, accuracy, and feasibility) still remain effectively
unsolved.
• Due to resource-constraints in GSNs, decentralized algorithms
are needed by being kept efficient through the combination of
two strategies: restricting computation to spatial structures (region boundaries or the flow of gradients between nodes) and
qualitative representations (thresholded regions and surface networks).
• In terms of region relations in thresholded fields, conventional
topological relations models cannot be directly to be adopted
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in GSNs because there is a discrepancy between the underlying
continuous field and discrete sensor data. Further, the previous
research regarding GSNs only considers topological relations between simple regions. There are requirements to show how decentralized algorithms can infer, efficiently and accurately, static
topological relations between simple and complex regions without recourse to nodes’ location information.
• When it comes to the identification of critical points and surface networks, the classical models for constructing surface networks are based on geometric information (e.g., coordinate or
direction information); centralized computation; and a well defined cell complex (e.g., TIN). Further, the state-of-the-art decentralized algorithms for identifying critical points disregard the
limited spatial granularity of GSNs relative to a field. A new
decentralized algorithm is required to identify efficiently and
accurately critical points in a monitored scalar field.
• Lastly, there are primitive events (e.g., appearance, disappearance, movement, or switch) occurring to surface networks. The
previous research relies on centralized computation and geometry information to monitor spatial events. No research has been
found to monitor events occurring to surface networks with regard to GSNs. Thus, there are demands to a new approach for
monitoring the primary events occurring to surface networks
GSNs.
Consequently, this thesis intends to provide new and efficient decentralized algorithms for identifying qualitative characteristics of,
and changes to fields without recourse to coordinate location information. Based on a decentralized algorithm’s preliminaries in Chapter 3, the following chapters fill the gap presented by this review
and presents the benefit of this research in terms of the resourceconstrained GSNs.

3

METHODOLOGY

This chapter presents the general approach to designing decentralized algorithms to address the research questions set out in Chapter 1.
First, a basic model of GSNs is explained from the perspective of decentralized algorithms. Then, the design and analysis of decentralized
spatial algorithms is presented. The last section presents the Netlogo
agent-based simulation system used for evaluating algorithms.
3.1

a formal model of geosensor networks

The formal model of GSNs presented in this research follows the approach of Duckham [26]. This model focuses on a decentralized information processing approach, abstracting away from technical details
(e.g., the features and types of sensors, the physical characteristics of
sensors or the communications protocol).
The basic model
A geosensor network basically is modeled as below in this research:
• a network, modeled as a connected, undirected graph G =
(V, E), where V is the set of nodes and E is the set of communication links between neighboring nodes;
• the neighborhood of each node (i.e., nbr : V → 2V , where
nbr(v) = {v0 |v, v0 ∈ E}) is those nodes which are in immediate
one-hop communication vicinity with reliable communication;
• each node has sensors capable of determining a particular environmental parameter, modeled sense : V → C; and
• each node has the identifier function, id : V → N;
This basic model presents the fundamental components of GSNs.
In terms of networks, the nodes and communication between nodes
are represented as a graph (i.e., G = (V, E), where V is the set of
nodes and E is the set of communication links, E ⊆ V × V). In Figure 11, a sensor network monitors a pollutant area. The communication graph G is composed of 14 vertices (V = { a, b, ..., m, n}), and 28
edges (E = {{ a, b}, { a, d}, ..., {l, m}, {m, n}}). The neighborhood of a
node is represented using the nbr function (e.g., the neighborhood of
node a, written nbr( a), is the set of direct one-hop communication
nodes, such as {b, d, e, f }).
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Figure 11: Basic model of a sensor network, with graph G = (V, E), where
V = { a, b, ..., m, n} and E = {{ a, b}, { a, d}, ..., {l, m}, {m, n}}, sensor function sense : V → {black, grey}, and identifier function
id : V → N, where id( a) = 1, id(b) = 2,..., id(n) = 14. Adapted
from a figure in [26]

All algorithms in this research place no restrictions on whether the
graph is planar (i.e., whether or not edges cross each other), although
the results of the algorithm may vary depending on the network structure (cf. [103]). This research uses the unit distance graph (UDG) as the
basic network structure. The UDG models the physical network structure, where nodes closer than a specified communication distance c
can engage in direct one-hop communication. The UDG is frequently
used as the default model of the structure of sensor networks.
Communication is assumed to be reliable between nodes, in the
sense that all messages sent will be delivered without corruption in a
finite amount of time. This is also a standard assumption (i.e., reliable
communication) in distributed systems [108], often used to simplify
the design and analysis of decentralized algorithms. However, this
study makes no assumptions about the communication latency or
the order in which messages are received. Individual messages may
be delayed or overtaken by other messages. This approach can help
to ensure robustness of a decentralized algorithm.
As already discussed, each node has a sense function. It models
the sensed value from a sensor node. The codomain C of the sense
function varies according to sensor applications. For example, if a
node has two sensors that detect region A (high temperature) and B
(low humidity), the sense function can be modeled as sense : V →
P ({ A, B}) (P ({ A, B}) is the power set of { A, B}). For example, if
sense(V1 ) = ∅, the node V1 sensed neither region A nor region B.
If sense(V2 ) = { A}, a node V2 only sensed region A. If sense(V3 ) =
{ A, B}, a node V3 sensed both region A and B, and so forth.
Alternatively, if a sensor monitors a scalar field such as temperature, the value for the function (i.e., sense) could be the real numbers
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R (e.g., sense(v1 ) = 28.3◦ C). In Figure 11, the nodes also can sense
a Boolean value, such as black or grey. If nodes sense pollutants, the
sense value is black, indicated by black color nodes in Figure 11.
Lastly, each node has its unique identity in GSNs. The identifier
serves as a basic factor in decentralized algorithms. In a decentralized
computing environment, each node communicates with neighbors using point-to-point communication. The unique identity ensures nodes
can distinguish each other among neighbors.
In addition, it is important to be able to distinguish each individual
node’s local knowledge from the global state of the network. A node
v will have access to its own sensed data sense(v), but not to that
of any other node sense(v0 ) unless it has previously been explicitly
communicated to and locally stored at v. In this research, the over˚ is used to refer to the current node’s knowledge
dot notation sense
of the sense function (i.e., sense(v) where v is the current node under
consideration).
The extended model
Even though the basic model presents the formal foundation of sensing and communication environmental information, this model needs
to be extended to model the spatial and spatiotemporal features of
the environment. In terms of a spatial model, if a node has a positioning system such as GPS, each node can determine its position (e.g.,
position : V → Rd , d can be 2 or 3).
When it comes to a sptiotemporal model, there are three key types
of changes in decentralized spatial algorithms: environmental changes,
node mobility, and node volatility [26]. GSNs can monitor environmental changes over time. This feature can be presented by adding timevarying capabilities to the atemporal model. For instance, the sense
function in the basic model can be extended to sense : V × T → C (i.e.,
sense(v, t) indicates the sensed value of v at time t). In a Figure 12,
a node f senses pollutant at t0 , but it does not sense pollutant at t1 .
This can be modeled as sense( f , t1 ) = black, and sense( f , t2 ) = white.
If a sensor node can move, the communication graph can be extended as G (t) = (V, E(t)), where G (t) indicates the communication
graph at time t, and E(t) refers to the set of links at time t within
G (t). For example, if we monitor a flock of cattle, a node (labelled a)
in Figure 13 moves between consecutive time steps from t0 to t1 . The
communication edges are different between t0 and t1 . An edge (i.e.,
{ a, g}) is added into the flock (i.e., communication links). Similarly,
if a sensor node is volatile, the communication graph can be represented as G (t) = (V (t), E(t)), where V (t) is extended, referring to
set of nodes at time t.
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Figure 12: Spatiotemporal model for environmental changes. A node f
senses differently between consecutive time steps: sense( f , t1 ) =
black, and sense( f , t2 ) = white. This figure adapted from [26]

Summary
This section sets out the formal foundation of a GSN. The basic model
is based on a general graph model. In the graph model, the vertex
is regarded as a sensor node with sensing capability. Each edge is
a communication link between each node. Further, this model is extended by incorporating with spatial and spatialtemporal features of
the environment. The extended model presents changes over time
with regard to the network as well as the environment.
In particular, this thesis focuses on identifying and monitoring characteristics of fields monitored by GSNs. All structures are not necessary in this research. Each structure can be added on the basic model,
depending on a sensor network application requirement.
Using this foundational model of GSNs, all algorithms in this thesis
are presented, based on the following preliminaries.

3.2 algorithm preliminaries

b

flock radius

e

e
f

a

f

d

g

b

c

a

g
h
Time t = 0

h

c

d
Time t = 1

Figure 13: Spatiotemporal model for mobile nodes. The communication
edges of a node (labelled a) are different between consecutive
time steps: E(t0 ) = {{ a, b}, { a, c}, { a, d}} at time t0 , and E(t1 ) =
{{ a, b}, { a, c}, { a, d}, { a, g}} at time t1
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This section presents a mechanism for describing and analyzing decentralized spatial algorithms. The following subsection provides the
notions and structures of decentralized spatial algorithms.
Algorithm specification
Decentralized algorithm specification is different to the design of centralized algorithms because the relationship between nodes is complicated by dynamism, concurrency, interaction, and resource-constraints
[138]. Thus, it is difficult to analyze and present the features of individual nodes from the perspective of centrally-oriented algorithm
specification. There are a number of models to describe decentralized algorithms rigorously. One example is process algebra, such as
π −calculus [84, 85] and its variants [14, 46, 97]. These approaches introduce a calculus for modeling the dynamic aspects of distributed
processes by using channels and locations as basic notions. Alternatively, [4, 27, 77] use input/output automata (IOA) as a formal model
for describing concurrent and distributed systems. There are three
key components in IOA: signature, states, and transitions. However,
even though these powerful models provide rigorous foundations for
modeling distributed systems, they are ill-suited for algorithm designers to use due to high level of formalism and complexity [26]. Therefore, the algorithm specification in this research follows the more intuitive style of Duckham [26] and Santoro [108], based on the formal
model of GSNs.
According to [108], there are four key components of decentralized algorithms: restrictions, states, actions, and events. Restrictions
represent the environments in which the algorithm will operate. Assumptions about an algorithm are presented by these restrictions: spa-
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tial or temporal model (the ability to sense position or changes over
time), reliable communications, or communication graph (planar or
non-planar). Thus, these restrictions are closely related to the formal
model of geosensor networks (see Section 3.1).
Further, each node as a computational unit in a distributed computing environment has capabilities including access to local memory, local processing, and communication. Local memory includes defined
states. It may also contain local variables: data structures that each node
may use to store information created during algorithm execution. In
any state, every node can respond to external stimuli, events. Events
are grouped into three types: a node receives a message from a neighboring node (the receipt of message); a scheduled alarm clock (a trigger event); and spontaneous impulse by forces external to the system.
For example, if a sensor network monitors noise pollution, each node
sends its sensing value to neighbors. These messages should be relayed to a sink node. When each node receives these messages from
neighbors, it can be thought of the receipt of message event. In terms
of a power consumption, nodes may switch from active mode to sleep
mode. But nodes periodically can sense noise pollution level, based
on a sleep and awake strategy. This can be regarded as a trigger event.
Further, a sink node initiates the network by sending “hello” messages to neighbors. This initiation can be regarded as a spontaneous
event.
When an external stimuli happens, a node will react to events by
initiating indivisible and terminating sequence of operations called
an action. This action is executed without interruption and also ends
within finite time. Accordingly, the behavioral rule of a node therefore
depends on the event as well as state: State × Event → Action.
Algorithm 0 Decentralized spatial algorithm structure
1: Restrictions: Geosensor network, G = (V, E); sensor function sense :

V × T → R; communication neighborhood nbr : V → 2V ; identifier
function id : V → N; reliable communication.
2: State Trans. Sys.: h{init, idle, sink}, {(init, sink)}i
3: Initialization: All nodes in state idle, except one node in init
4: Local variables: visited neighbors N, initialized N := ∅
init
5: Spontaneously
˚
6:
broadcast (ping, id)
7:
...
8:
become sink

idle
9: Receiving (ping, v)
10:
N := N ∪ {v}
11:
...

//Actions for spontaneous event

//Actions for responding to received messages

Algorithm 0 presents these key components of a decentralized spatial algorithm. After defining restrictions on which algorithms can
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operate (Algorithm 0, line 1), the algorithm specifies a set of states
for nodes (written in small capital letters); the allowable transitions
between states (together forming a state transition system); and the
initial states for nodes (see Algorithm 0, line 2–3). In each state, a
node can only respond to system events (written in italics): receiving
a message (Receiving keyword) or spontaneous events (Spontaneously
keyword, typically used to start an algorithm). In this algorithm, a
trigger event is omitted. When events occur, actions are executed (see
Algorithm 0, line 6 or line 10).
Algorithm analysis
After the algorithm specification sets out the computational procedures executed by each node, the analysis of the specification is crucial to understanding the global behavior and properties of an algorithm. This research evaluates the performance of an algorithm with
respect to four criteria: the overall communication complexity, the latency, the load balance, and the accuracy of the responses generated
by algorithms.
The overall communication complexity is the most important factor, because communications have high energy budget in resourceconstrained geosensor networks. Thus, overall scalability should be
tested by measuring the number of messages generated by each algorithm in relation to the network size. The important measures of
overall communication complexity are different, based on the specific
hardware and communication algorithms [26]. In some hardware, receiving a message requires more energy budget than transmitting a
message. On the other hand, some transceivers use less energy budgets when receiving a message. Further, some algorithms may focus
on the length of messages sent and received as overall communication complexity. This thesis analyzes messages sent as the important
communication resource by abstracting away from specific details.
In order to analyze an algorithm’s efficiency, this research investigates how messages sent by an algorithm increase as the network size
increases. An efficient algorithm sometimes cannot be differentiated
from inefficient one on small network sizes. Thus, the algorithm’s
efficiency can be measured as a function of network sizes, termed
scalability. In other words, we can get a function’s order of growth by
measuring messages sent per each networks size.
To compare such orders of growth, there are three notations: O (big
oh), Ω (big omega), and Θ (big theta) [71]. For example, O( f (n)) indicates that f (n) (e.g., a response curve function between messages
sent and network size n) is bounded above by some constant multiple
of function f (n) in Figure 14a. Conversely, Ω( f (n)) means that f (n)
is bounded below by some constant multiple of function f (n) in Fig-
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ure 14b. If f (n) is bounded both above and below by some constant
multiple function f (n), Θ( f (n)) notation is used.

f(n)

n (size of input)
(a) Big-oh notation

Computational resources

O(f(n))
Computational resources
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f(n)

Ω(f(n))

n (size of input)
(b) Big-omega notation

Figure 14: Asymptotic notations. The figures adapted from [71]

Conventionally, the constant factor (multiplicative constants) are
ignored in the efficiency analysis of algorithms. The function’s order of growth is measured as the key factor for the analysis of algorithms. It is, however, worth noting that the constant factors are also
important in the analysis of decentralized spatial algorithms [26]. In a
resource-constrained GSN, although algorithms have the same asymptotic efficiency (i.e., the same order of growth), an algorithm with
less constant factor outperforms an algorithm with higher constant
factor. For example, if one algorithm’s scalability is O(n) and the
other is O(4n), the algorithm (O(4n)) requires four times messages
compared with the O(n) algorithm. This difference is significant in a
resource-constrained sensor networks. In this thesis, algorithms’ overall efficiency is not only determined by the order of growth, but also
by the constant factors.
This thesis firstly uses pen-and-paper analysis of each algorithm’s
efficiency. However, pen-and-paper analyses alone can provide bounds
for the worst and best cases. It is also important to evaluate efficiency
on average with more realistic scenario. Therefore, our theoretical
analyses are also empirically tested using a simulation system.
In addition, if GSNs monitor change over time, the operational latency should be investigated. Latency is the time delay between when
an algorithm can detect events and when events occur in real dynamic
fields. Even though an algorithm presents better efficiency, the algorithm may require a long time taken to complete tasks in a sensor
network. Such an operational latency can give a picture of an algorithm’s practical usability, and its efficiency tradeoffs.
While the overall communication complexity provides a global view
of the overall communication resources required by an algorithm,
load balance gives information about each node’s resource usage. In
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a decentralized algorithm, load balance can help to understand resource usage so that an imbalance nodes’ loads can be avoided. For
example, uneven load balance can cause rapid energy depletion of
some nodes in the network, which can result in holes in the network
coverage.
Communication complexity and load balance characterize the efficiency of algorithms. However, these cannot guarantee the veracity of
algorithms. The veracity is a vital feature of decentralized spatial algorithms. Unlike an algorithm’s efficiency, the veracity of algorithms
is only evaluated experimentally because it is difficult to analyze the
veracity in terms of precise quantitative terms. For example, although
we design an algorithm well in terms of efficiency, the algorithm can
sometimes fail due to a hole in a sensor network coverage. Also, it
fails because a program can be incorrectly translated from the algorithm. These problems can be found and improved as a result of
heuristic empirical experiments.
3.3

netlogo agent-based modeling

The algorithms developed in this research are all implemented within
the agent-based modeling (ABM) and simulation system, NetLogo
[129]. Simulation results can assist in the understanding of the performance of algorithms without implementing them on actual hardware
and deploying them in the field [138].
There are several common simulators for sensor networks, such as
Avrora1 , GloMoSim2 , ns-23 , OMNeT++4 or TOSSIM5 . However, these
simulators mainly consider the technical aspects of a sensor network
ranging from a packet-level communication (e.g., TCP/IP and IEEE
802.15.4) to physical hardware problems (e.g., a low-level radio chip
component). In addition, these simulators are not appropriate to analyze decentralized algorithms with a global view in a sensor network.
There are no functions to simulate both the sensor network and the geographic environment being monitored in these simulators [26, 104].
From the perspective of decentralized spatial algorithms, simulators should have two key characteristics: the global analysis of algorithms performance, and the ability to capture interactions between
nodes and the environment being monitored. Accordingly, ABM systems are ideal for designing and evaluating decentralized spatial algorithms in a sensor network, because ABM systems model the interaction between agents and their environment [50, 133]. Thus, ABM
systems can help to capture effectively complex behaviors and inter-

1
2
3
4
5

Available at http://compilers.cs.ucla.edu/avrora/
Available at http://pcl.cs.ucla.edu/projects/glomosim/
Available at http://www.isi.edu/nsnam/ns/
Available at http://www.omnetpp.org
Available at http://tinyos.stanford.edu/tinyos-wiki/index.php/TOSSIM

33

34

methodology

actions. The most widely used ABM systems are MASON6 , Repast7 ,
and Swarm8 . However, this research chooses Netlogo as its ABM platform.
NetLogo is particularly well-adapted to this research’s experiments
for several reasons:
• it allows the simulation of both the computation in geosensor
networks and the dynamic geographic environment being monitored, a feature absent from many purpose-built sensor network
simulation systems.
• it provides a simple programming language; a graphical tool
for building interfaces for running agent-based models; and an
experimental tool for the validation of algorithms (i.e., BehaviorSpace).
• it enables algorithms to be implemented using code that is extremely close to the formal specification, reducing impedance
mismatch.
In addition, NetLogo has comprehensive documentation, tutorials,
and user groups. Indeed, Netlogo is arguably the most professional
ABM system in terms of its appearance as well as documentation [2].
Netlogo interface
This section gives a brief overview of the key features of the Netlogo
interface. Full details are available at Netlogo home page9 .
Netlogo provides a user interface for quickly building and controlling screen graphics as illustrated in Figure 15 . The interface of Netlogo can be broadly divided into three parts. The control in Figure 15
can set up simulation environments (e.g., the property of world monitored by GSNs) as well as simulation controls (e.g., the property of
nodes or communication links). In addition, this interface provide
user interface widgets to monitor each node’s behavior.

6
7
8
9

Available at http://cs.gmu.edu/%7Eeclab/projects/mason/
Available at http://repast.sourceforge.net
Available at http://www.swarm.org
Available at http://ccl.northwestern.edu/netlogo/index.shtml
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Control

View

Observer

Figure 15: Netlogo interface

The view interface presents a graphical display of the network and
environment by representing space and agent locations. Lastly, the
observer interface help to control simulation objects, such as for debugging simulation models.
Netlogo programming
Netlogo programming is based on the style of Logo, a procedural
programming language [56]. The Logo programming language was
originally developed to help monitor the behavior of agents (called
turtles) on the user defined environment (called patches). Netlogo can
help users to develop their simulations easily using several types of
agents (turtles, patches, links, and an observer agent). From the perspective of GSNs, turtles can be thought of sensor nodes and patches
can be regarded as the world in which sensor nodes are distributed.
Further, links are communication links between sensor nodes and the
observer agent is responsible for controlling the whole Netlogo world.
In addition to four types of agents, procedures in Netlogo lead
agents to carry out actions. Interestingly, the structure of Netlogo
procedures is analogous to that of the specification of decentralized
algorithms.
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Listing 1: Netlogo programming code (Algorithm 0)
;;Start the algorithm
to go
ask turtles [
if state = "INIT" [step_INIT stop]
if state = "IDLE" [step_IDLE stop]
]
tick
end
;;INIT state
to step_INIT
;;Broadcasting messages to all link neighbors
broadcast (list "PING" sense )
;;Changing state
become "SINK"
end
;;IDLE state
to step_IDLE
;;When the turtle receives a "PING" message,
;;the turtle takes some actions.
if has-message "PING" [
...
]
end



The states in the Algorithm 0 are presented similarly in Listing 1.
Further, events and actions of the Algorithm 0 are intuitively presented
in the structure of Netlogo programming code. The only difference is
the go procedure. This procedure is activated by the observer agent,
analogous to a Spontaneous event for starting an algorithm. Therefore,
there is minimal difference between the specification of algorithms
and the Netlogo programming structure.
3.4

summary

Thus far, this chapter has presented the formal model, specification
and analysis of decentralized algorithms. First, this chapter presented
the basic model of decentralized spatial computing systems, such as
GSNs. This model represents the important features of GSNs (e.g., the
communication network and sensing ability). The extended model
provides the capability to deal with changes in the network and environment over time.
Based on this formal model, this chapter defines the main components of decentralized spatial algorithms: restrictions, events, actions,
and states. Then this chapter provides the pen-and-paper analysis
techniques for understanding key features of decentralized algorithms.

3.4 summary

Lastly, this chapter explains the Netlogo simulation system that can
evaluate empirically the analytical expectations of algorithms.
However, this chapter abstracts away from the technical details of
sensor networks (e.g., network routing or the storage capacity of
nodes’ memory). If it is required to address these technical details,
it is possible to add another layer to the model for dealing with the
technical details. In addition, the formal model does not explicitly address node heterogeneity (nodes with different capabilities and roles).
This thesis assumes that a node can only have one sensing capability
and role in a single algorithm. Further, this thesis is interested in identifying and monitoring environmental changes. The details of mobile
nodes or volatile nodes are not explained further.
Based on this formalism, Chapter 4 and Chapter 5 provide the
foundation for monitoring qualitative characteristics of fields using
thresholded regions and surface networks. The proposed algorithms
through Chapter 4 and Chapter 5 are evaluated using the Netlogo
system in Chapter 6.
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This chapter investigates the qualitative characteristics of fields by
using a thresholded region representation. Most recent work in the
domain of a decentralized topological queries in GSNs focuses on
topological changes to complex regions such as merging and splitting [62, 104]. Unlike these approach, this research specifically concentrates on topological relations between static thresholded regions.
Topological relationships play a pivotal role in how some object is
located in space in relation to some reference object. Such a relationship can help to understand objects’ behaviors (e.g., the relationship
between temperature and humidity, represented as thresholded regions in a GSN).
Due to the unique resource constraints to spatial computation in
GSNs, there is a need for new algorithms that can efficiently satisfy
basic spatial queries for topological relations between thresholded
regions. This chapter accordingly focuses on efficient, decentralized,
and coordinate-free algorithms for determining the topological relations between simple and disconnected thresholded regions monitored by such a resource-constrained GSN.
The algorithms adapt two conventional models of the topological
relations between regions [25, 36] to the unique constraints of decentralized spatial computing environments. Although there is no
information about the location of the sensors, it is possible to deduce topological relations between regions based on basic point-set
topology concepts [25, 36, 37]. The topological aspects are distinct
from the geometric aspects [11]. If one geometric object continually
deforms (e.g., stretching or bending) into another, the two object can
be regarded as being topologically the same [57]. Topology is concerned with connectedness, continuity, and boundary. It is possible
to determine topological relations between regions not based on computational geometry.
The algorithms are kept efficient through the combination of two
complementary decentralized computing strategies: restricting computation to spatial structures (boundaries) to reduce the number of
nodes that have to take part in communication; and data aggregation
to eliminate the communication of redundant information.
The following Section 4.1 steps through the construction of four
related algorithms in order of increasing sophistication. The basis of
the algorithms’ formal models and specification has been presented
in Chapter 3.
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4.1

topological relations between static regions

This section presents four decentralized algorithms for determining
the topological relations between two regions, in order of increasing
complexity. The first algorithm represents a naïve approach, where
all nodes at the intersection of two regions A and B are actively involved in the computation. The second algorithm improves efficiency
by restricting computation only to nodes at the boundary of the intersection of A and B, but at the cost of reduced topological relation granularity. The third algorithm goes further and involves the
one-hop neighbors of nodes at the boundary of the intersection of A
and B in order to regain the fine topological granularity at a small
computational cost. Finally, the fourth algorithm demonstrates how
the approach can be extended to determine the topological relations
between complex areal objects composed of multiple disconnected
parts.
It is worth noting that even though we can use computational geometry to compute topological relations, set-theoretic constructions
are more fundamental. This is important in the context of geosensor networks, where coordinate location is either resource-intensive
to compute or simply unavailable. Thus, algorithms presented in this
thesis adopt a qualitative approach based on relative neighborhood
information to determine topological relationships.
The basic approach is to use point-set topology. There are three
key structures in point-set topology: interior, closure, and boundary.
These can be computed easily and locally in a geosensor network
(see Section 2.2.1). For example, each node can determine whether it
is a boundary node or an interior node in a sensed region based on
short-range, peer to peer communication.
Figure 16 illustrates how to determine the boundary of the region
in a geosensor network. Edges are communication links. A grey area
is a region sensed by a sensor network (e.g., a hot spot). Boundary
nodes (inner boundary) can sense they are inside a sensed region
and have a one-hop neighbor outside the region. Conversely, outer
boundary nodes are outside a sensed region, but have immediate
one-hop neighbors that are inside a sensed region. Inner boundary
nodes and outer boundary nodes are direct one-hop neighbors if they
communicate with each other. Similarly, interior nodes are inside a
sensed region, but only can communicate with nodes also inside the
sensed region.
The boundary sensed by a geosensor network will be necessarily
at a coarser granularity than the phenomenon itself. This boundary
does not match exactly the actual region due to nodes’ density and
connectivity. However, this will be the case for any geographic information, which must also necessarily be at a limited level of granularity. Indeed the granularity limitations may actually be lessened
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Figure 16: Boundary and interior nodes in a sensed region (Black nodes are
boundary nodes, white nodes with black thick stroke are interior
nodes, and a grey area is a sensed region). This figure orginated
from [26]

by geosensor networks, where typically nodes are spatially densely
distributed.
In addition, the decision to focus on the interior and outer boundary is an arbitrary choice. This research focuses on the inner boundary
to identify the characteristics of fields. However, the same approach
might equally be applied to the outer boundary. For example, a pollutant area can be represented as a region of a field. It is possible to
monitor the pollutant area by concentrating on the inner boundary.
The neighborhood-based definition of a boundary node has now become one of the standard definitions used across research into GSNs
[75, 114].
Using this idea, it is possible to adapt the 4-intersection model in order to systematically determine topological relations between regions
monitored by a geosensor network.
[29] already present how each sensor node determines a four-tuple
in the 4-intersection model (∂A ∩ ∂B, ∂A ∩ B◦ , A◦ ∩ ∂B, A◦ ∩ B◦ ). The
four-tuple information is saved as a four-bit number by assigning
empty (0) and non-empty (1). In Figure 17, if a node inside A and
B communicates with a one-hop neighbor outside both A and B, this
indicates ∂A ∩ ∂B 6= ∅, 1000. If a node inside A and B has a one-hop
neighbor in B only, this indicates ∂A ∩ B◦ 6= ∅, 0100. If a node inside
A and B has only a one-hop neighbor in A, this means A◦ ∩ ∂B 6= ∅,
0010. Lastly, if a node only communicates with nodes inside A and B,
this indicates A◦ ∩ B◦ 6= ∅, 0001.
Based on such neighborhood information, this thesis adapts conventional topological models (i.e., 4-intersection and intersection and
difference models) to determine topological relations. However, these
models cannot be directly adapted to resource-constrained GSNs. There
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1000
0010

0001

0100

Figure 17: Four inferred bit combinations at the intersection of two regions,
A (white color fill) and B (gray color fill). 1000 is in ∂A ∩ ∂B; 0100
is in ∂A ∩ B◦ ; 0010 is in A◦ ∩ ∂B; 0001 is in A◦ ∩ B◦

is a discrepancy between the underlying continuous field and discrete
sensor data. Further, the computation of the conventional topological
models relies on centralized computation (see Section 2.2.1). This thesis modified the topological models to determine topological relations
between simple and disconnected regions decentrally. The following
sections will introduce some more sophisticated algorithms with simplified figures.
4.1.1

Basic model

Algorithm 1 is a direct, decentralized analog of the well-known 4intersection model [36]. Starting with the sink node, the network is
flooded with a ping message, as the basis for constructing a routing
˚
tree (with each node storing its immediate parent in the tree, parent).
This step requires in total |V | messages, leading to Θ(n) overall communication complexity (ping messages sent), with optimal Θ(1) load
balance (number of messages per node). The payload of each ping
message includes a node’s sensed value (in or out of region A and/or
B). Using this information about its neighbors, a node can deduce the
following:
˚ = { A, B}) and has at least one
• A node that senses A and B (sense
one-hop neighbor that senses both A and B, is at the boundary
of A and B, i.e., ∂A ∩ ∂B 6= ∅ (see Algorithm 1, line 17);
• A node that senses A and B and has at least one one-hop neighbor that senses B only, is also at the boundary of A, i.e., ∂A ∩
B◦ 6= ∅ (see Algorithm 1, line 18);
• A node that senses A and B and has at least one one-hop neighbor that senses A only, is also at the boundary of B, i.e., A◦ ∩
∂B 6= ∅ (see Algorithm 1, line 19); and

4.1 topological relations between static regions

• A node that senses A and B, and has only neighbors that also
sense A and B is in the interior of A and B, i.e., A◦ ∩ B◦ 6= ∅
(see Algorithm 1, line 21).
Each node stores the non-empty intersections it can deduce as a
four-bit number, using the function bnum : V → B4 (see Algorithm
1, line 4). In turn, each non-zero bit signifies a node has deduced:
∂A ∩ ∂B, ∂A ∩ B◦ , A◦ ∩ ∂B, A◦ ∩ B◦ , respectively (e.g., see Figure 17).
When an idle node has received ping messages from all its neigh˚ 6= 0000
bors, it transitions to a done state. If that node’s inferred bnum
(i.e., if the node is somewhere at the intersection between A and B)
it will forward a rprt message to the sink node (see Algorithm 1,
lines 20–23). Nodes receiving a rprt message compare their existing
knowledge with the received information using a logical, bitwise disjunction operator (see Algorithm 1, lines 25–27). Only new information, not previously known to the node, is forwarded further towards
the sink. This process is known as data aggregation. For example, in
Figure 18 the bold dark edges are in the rooted tree, established using
ping messages to return information to the sink node. In Figure 18a,
every node senses its own value and then updates its bit sequence. After receiving messages from all one-hop neighbors, every node with
any non-zero bits forwards an rprt message to its parent node in the
routing tree (Figure 18b). Before forwarding an rprt message, nodes
compare their bit sequence with previously received information, and
only forward new, previously unseen information to the sink node in
Figure 18c and Figure 18d. Because of this data aggregation, each
node may transmit at most four rprt messages, leading again to an
overall worst case communication complexity of O(n) and load balance O(1). However, in practice, only a small proportion of nodes are
expected to lie at the intersection of A and B (if any), meaning the
average case communication complexity for rprt messages may be
much better.
In the final step, the sink node can deduce the topological relation
between the two regions using the bitwise disjunction of all received
messages (Algorithm 1, line 10 and Table 2). Because of the limited
spatial granularity of the sensor network, the table is not the same as
the familiar 4-intersection model, but includes the full 16 possible bit
combinations. For example, overlap is not simply 1111, but also 0111,
because for two overlapping regions it is possible that no node in the
neighborhood of a node that senses both A and B happens to sense
neither A nor B (i.e., all neighbors of nodes that sense A and B, sense
either A, B, or A and B). Figure 19a illustrates an example of such an
overlap configuration. Another example of granularity effects is the
meet relation, where bit sequences include 1100, 1110, 0110, and 1010
in addition to the expected 1000. Again, because of limited spatial
granularity, a node that is at the boundary of A and B, may detect the
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Algorithm 1 Decentralized 4-intersection algorithm for querying
topological relations between regions A and B (basic)
1: Restrictions: reliable communication; connected, undirected graph G =

(V, E); nbr : V → P (V ) where nbr(v) 7→ {v0 |{v, v0 } ∈ E}; sense : V →
P ({ A, B})
2: State Trans. Sys.: h{sink, init, idle, done}, {(init, sink),
(idle, done)}i
3: Initialization: All nodes in state idle, except one node in init
˚ := 0000; parent : V →
4: Local variables: bnum : V → B4 , initialized bnum
˚ := ∅; visited neighbors N, initialized N := ∅
V ∪ {∅}, initialized parent
init
5: Spontaneously
˚
6:
broadcast (ping, sense)
7:
become sink

//Sink initiates algorithm

sink
8: Receiving (rprt, b)
˚ := b ∨ bnum
˚
9:
set bnum
˚ according
10:
Deduce topological relations between A and B from bnum
to Table 2
idle
11: Receiving (ping, x) from v
12:
N := N ∪ {v}
//Update list of visited nodes
˚ = ∅ then
13:
if parent
//Check for first ping received
˚ := v
14:
set parent
//Store tree parent
˚
15:
broadcast (ping, sense)
//Continue building tree
˚ = { A, B} then
16:
if sense
˚ := bnum
˚ ∨ 1000
17:
if x = ∅ then set bnum
//∂A ∩ ∂B 6= ∅
˚
˚ ∨ 0100
18:
if x = { B} then set bnum := bnum
//∂A ∩ B◦ 6= ∅
˚ := bnum
˚ ∨ 0010
19:
if x = { A} then set bnum
// A◦ ∩ ∂B 6= ∅
˚ then
20:
if N = nbr
//Check if tree received from all neighbors
˚ 6= 0000 and sense
˚ := 0001 //Check
˚ = { A, B} then set bnum
21:
if bnum
for A◦ ∩ B◦
22:

˚ 6= 0000 then send (rprt, bnum)
˚
˚ //Initiate message to
if bnum
to parent
sink

23:

become done

done, idle
24: Receiving (rprt, b)
˚ 6= bnum
˚ then
25:
if b ∨ bnum
˚ := b ∨ bnum
˚
26:
set bnum
˚
˚
27:
send (rprt, bnum)
to parent

//Check for new data
//Data aggregation
//Forward aggregate data
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Figure 18: Data aggregation process (steps 1–4)

boundary of A, the boundary of B, and the combined boundary of A
and B through separate interactions with neighbors (see Figure 19b).

0111
1010

0011

1100

0011

0101

0111

(a) Overlap

0110

1110

(b) Meet

Figure 19: Example bit combinations that do not directly correspond to the
4-intersection model: a. overlap relation and b. meet relation

Further, not all bit combinations specify a unique topological relation. Specifically, 1000 may indicate meet or equal; 1010 may indicate
meet or cover; and 1100 may indicate meet or covered by. Figure 20 illustrates these degenerate cases. Lastly, one of the sixteen topological
spatial relations, 0001 (omitted from Table 2), can only occur where
the boundaries of both regions are beyond the spatial extents of the
network (as shown in Figure 21).
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bnum (s) for sink node s ∈ V

topological relation

0000

A, B disjoint

1000, 1100, 1110, 0110, 1010

A, B meet

1111, 0111

A, B overlap

1001, 1000

A, B equal

0011, 0010

A contains B

1011, 1010

A covers B

0101, 0100

A inside B

1101, 1100

A coveredby B

Table 2: Determining the topological relation between regions (see basic Algorithm 1, line 10 and Algorithm 3, line 10), for bnum(v) ∈ B4
of sink node v ∈ V. 1000 indicates ∂A ∩ ∂B 6= ∅; 0100 indicates
∂A ∩ B◦ 6= ∅; 0010 indicates A◦ ∩ ∂B 6= ∅; and 0001 indicates
A◦ ∩ B◦ 6= ∅. Bolt type indicates additions to the 4-intersection
model

4.1.2

Coarse-grained resolution topological relations between simple regions (3bit)

Algorithm 1 illustrates a number of issues that arise when decentralizing the 4-intersection model, and more importantly the confounding effects of the limited spatial granularity of a geosensor network.
In particular, those relations that involve boundary conditions (meet,
covers, and covered by) are in some senses not well-defined in that
boundaries in a sensor network cannot be directly sensed; instead
they must be inferred from pairs of neighbor nodes that straddle the
boundary. Consequently, the granularity of the network places limitations on the level of detail that can be provided about the boundary
location. However, as already discussed limited granularity is a feature of any spatial data capture technology, and indeed a geosensor
network might even expect to be at finer granularity than more traditional spatial data capture methods.
Thus, an alternative to address this issue is to move to a coarser
level of topological granularity, instead distinguishing between just
five (rather than the conventional 8) topological relations: disjoint,
overlap, contains, inside, and equals. Monitoring these coarser-grained
topological relations can be achieved using just three bits (i.e., ∂A ∩
∂B, ∂A ∩ B◦ , A◦ ∩ ∂B) and involving only those nodes at the boundary
of the intersection between A and B (seeTable 3 and Figure 22).
Algorithm 2 (3bit) is a direct adaptation of Algorithm 1 using only
these three-bit sequences. Crucially, the algorithm is expected to be
computationally more efficient, requiring at most three rprt messages per node.

4.1 topological relations between static regions

Algorithm 2 Querying coarse resolution topological relations between regions A and B (3bit)
1: Restrictions: reliable communication; connected, undirected graph G =

(V, E); nbr : V → P (V ) where nbr(v) 7→ {v0 |{v, v0 } ∈ E}; sense : V →
P ({ A, B})
2: State Trans. Sys.: h{sink, init, idle, bndy, done}, {(init, sink),
(idle, bndy), (idle, done), (bndy, done)}i
3: Initialization: All nodes in state idle, except one node in init
˚ := 000; parent : V →
4: Local variables: bnum : V → B3 , initialized bnum
˚ := ∅; visited neighbors N, initialized N := ∅
V ∪ {∅}, initialized parent
init
5: Spontaneously
˚
6:
broadcast (ping, sense)
7:
become sink

//Sink initiates algorithm

sink
8: Receiving (rprt, b)
˚ := b ∨ bnum
˚
9:
set bnum
˚ according
10:
Deduce topological relation between A and B from bnum
to Table 3
idle
11: Receiving (ping, x) from v
12:
N := N ∪ {v}
//Update list of visited nodes
˚ = ∅ then
13:
if parent
//Check for first ping received
˚ := v
14:
set parent
//Store tree parent
˚
15:
broadcast (ping, sense)
//Continue building tree
˚ and sense
˚ = { A, B} then
16:
if x 6= sense
˚ := bnum
˚ ∨ 100
17:
if x = ∅ then set bnum
//∂A ∩ ∂B 6= ∅
˚
˚ ∨ 010
18:
if x = { B} then set bnum := bnum
//∂A ∩ B◦ 6= ∅
˚
˚
19:
if x = { A} then set bnum := bnum ∨ 001
// A◦ ∩ ∂B 6= ∅
˚ then
20:
if N = nbr
//Check if tree received from all neighbors
˚ 6= 000 then
21:
if bnum
22:
become bndy
23:
else
24:
become done
bndy
25: Spontaneously
˚
˚
26:
send (rprt, bnum)
to parent
27:
become done
done, idle
28: Receiving (rprt, b)
˚ 6= bnum
˚ then
29:
if b ∨ bnum
˚ := b ∨ bnum
˚
30:
set bnum
˚
˚
31:
send (rprt, bnum)
to parent

//Initiate message to sink

//Check for new data
//Data aggregation
//Forward aggregate data
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1100
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1010

1000
1000

1010

1100
1100

1000
1000

1000

(a)
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(c)

Figure 20: Limited granularity and topological relation uniqueness: a. 1000
could be classified as meet or equal; b. 1010 could be classified as
meet or cover; and c. 1100 could be classified as meet or covered
by

Figure 21: The spatial extent of the network is smaller than the boundaries
of both regions.

4.1.3

Fine-grained topological relations between simple regions (4bit)

Algorithm 3 (4bit) again returns to fine-granularity topological relations and a four-bit representation. However, building on the idea
introduced in the previous section (that average-case efficiency can
be improved by only involving nodes at the boundary of the intersection between A and B in the generation of rprt messages), Algorithm
3 uses a node’s knowledge of its neighboring nodes to ensure only
boundary nodes and any of their one-hop neighbors in the interior
of the intersection of A and B send rprt messages to the sink. The
intuition here is that nodes that are both in the interior of the intersection between A and B and have no neighbors at the boundary of
the intersection of A and B hold only redundant information about
the topological relation between the region and so need never initiate
an rprt message, unlike Algorithm 1.
For example, in Figure 23a there are 4 boundary nodes and 8 nodes
in the intersection of interior A and interior B, A◦ ∩ B◦ . According to
the basic Algorithm 1, all eight nodes in A◦ ∩ B◦ send rprt message

4.1 topological relations between static regions

bnum (s) for sink node s ∈ V

topological relation

000

A, B disjoint

111,011

A, B overlap

100

A, B equal

010, 110

A inside B

001, 101

A contains B

Table 3: Determining the topological relation between regions (see 3bit Algorithm 2, line 10), for bnum(v) ∈ B3 of sink node v ∈ V. 100 indicates ∂A ∩ ∂B 6= ∅; 010 indicates ∂A ∩ B◦ 6= ∅; and 001 indicates
A◦ ∩ ∂B 6= ∅

100

100

100
100

111

100
011

(a) A, B disjoint (000)

100
100

(b) A, B overlap (111 or
011)

(c) A, B equal (100)

101
010

001
010

110
010

(d) inside B (010 or 110)

(e) A contains B (001 or 101)

Figure 22: Three-bit coarse resolution topological relations between two spatial regions

(i.e., 0001) to the sink node. However, using spatial filtering, only onehop neighbor nodes from boundary node send rprt message to the
sink node in Algorithm 3 (see Figure 23b).
Therefore, Algorithm 3 is able to achieve the same fine-granularity
topological detail as Algorithm 1, but with only nodes at most onehop from the boundary of the intersection of A and B responding.
Algorithm 3 can be summarized by highlighting the following features:
• The single init sink node begins the algorithm as normal by
broadcasting a ping message before transitioning to state sink.
• ping messages are flooded throughout the network, enabling
nodes to identify their parents in the routing tree, and determine whether they are at the boundary of A ∩ B (and so required to initiate a rprt message).
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Algorithm 3 Four-bit fine resolution topological relations between
regions A and B (4bit)
1: Restrictions: reliable communication; connected, undirected graph G =

(V, E); nbr : V → P (V ) where nbr(v) 7→ {v0 |{v, v0 } ∈ E}; sense : V →
P ({ A, B})
2: State Trans. Sys.: h{sink, init, idle, bndy, done}, {(init, sink),
(idle, bndy), (idle, done)}i
3: Initialization: All nodes in state idle, except one node in init
˚
˚
4: Local variables: bnum : V → B4 , initialized bnum
:= 0000; nBnum
:
4
˚
V → B , initialized nBnum
:= 0000; parent : V → V ∪ {∅}, initialized
˚ := ∅; visited neighbors N, initialized N := ∅
parent
init
5: Spontaneously
˚
˚ bnum)
6:
broadcast (ping, sense,
//Sink initiates algorithm
7:
become sink
sink
8: Receiving (rprt, b)
˚ := b ∨ bnum
˚
9:
set bnum
˚ according
10:
Deduce topological relation between A and B from bnum
to Table 2
idle
11: Receiving (ping, x, nb) from v
12:
N := N ∪ {v}
//Update list of visited nodes
˚
˚
13:
nBnum
:= nBnum
∨ nb
//Update neighbor’s bnum
˚ and sense
˚ = { A, B} then
14:
if x 6= sense
˚ := bnum
˚ ∨ 1000
15:
if x = ∅ then set bnum
//∂A ∩ ∂B 6= ∅
˚
˚ ∨ 0100
16:
if x = { B} then set bnum := bnum
//∂A ∩ B◦ 6= ∅
˚
˚
17:
if x = { A} then set bnum := bnum ∨ 0010
// A◦ ∩ ∂B 6= ∅
˚
18:
if parent = ∅ then
//Check for first ping received
˚ := v
19:
set parent
//Store tree parent
˚
˚ bnum)
20:
broadcast (ping, sense,
//Continue building tree
˚ then
21:
if N = nbr
//Check if tree received from all neighbors
˚ = { A, B} then
22:
if sense
˚ = 0000 then
23:
if bnum
// A◦ ∩ B◦ 6= ∅
˚
24:
if nBnum 6= 0000 then
//One of this node’s neighbor is boundary
node
25:
26:
27:
28:
29:
30:
31:
32:

˚ := bnum
˚ ∨ 0001
set bnum
˚
˚
send (rprt, bnum)
to parent
else
˚ := bnum
˚ ∨ 0001
set bnum
˚
˚
if bnum 6= 0000 or bnum 6= 0001 then
become bndy
else
become done

bndy
33: Spontaneously
˚
˚
34:
send (rprt, bnum)
to parent
35:
become done
done, idle
36: Receiving (rprt, b)
˚ 6= bnum
˚ then
37:
if b ∨ bnum
˚
˚
38:
set bnum := b ∨ bnum
˚
˚
39:
send (rprt, bnum) to parent

//Initiate message to sink
//Update local bit number

//Initiate message to sink

//Check for new data
//Data aggregation
//Forward aggregate data
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Figure 23: Spatial filtering effect in an equal relation

• Additionally, each node includes in its ping message its current
˚
knowledge of its bit sequence, bnum.
In cases where the sink
is outside A ∩ B, this information enables nodes in A◦ ∩ B◦ to
determine if they are also one-hop neighbors of the boundary
of A ∩ B. In Algorithm 3 these nodes also initiate rprt messages
(see Algorithm 3 line 26).
• In cases where the sink is inside A ∩ B, the returning rprt messages must be forwarded in any case by nodes in A◦ ∩ B◦ that
are one-hop neighbors of nodes at the boundary of A ∩ B. Accordingly, these nodes are able to add their knowledge to the
rprt message (see Algorithm 3 line 28).
• As before, nodes receiving a rprt check that the message contains new, unseen information before forwarding further (Algorithm 3, lines 37–39).
• In the final step, the sink node deduces topological relations
again based on Table 2.
4.1.4

Intersection and difference model for complex regions (ID)

All the algorithms already discussed deal only with simple regions
homeomorphic to a disk. While this is an important starting point,
it is obviously not sufficient to model the variety and complexity of
geographic regions (i.e., complex areal objects with multiple disconnected components and holes). Several models of topological relations between complex areal objects have already been discussed in
Section 2.2.1. However, as for simple regions, none of these models
can be directly applied in a decentralized spatial algorithm because
of the inherent constraints to communication in a geosensor network.
Of the alternatives, the most appropriate for adaptation to a decentralized spatial computing environment is the intersection and difference model [25]. In contrast to the 4-intersection model (∂A ∩ ∂B,
∂A ∩ B◦ , A◦ ∩ ∂B, A◦ ∩ B◦ ), the four conditions tested in the intersec-
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Eight topological rela- 4-Intersection
tions
model

Intersection and
difference model

A, B disjoint

0000

0110

A, B meet

1000

1110

A, B overlap

1111

1111

A, B equal

1001

1001

A contains B

0101

0101

A inside B

0011

0011

A covers B

1101

1101

A coveredby B

1011

1011

Table 4: Eight topological relations based on 4-intersection model and intersection and difference model

tion and difference model are: ∂A ∩ ∂B, A − B, B − A, A◦ ∩ B◦ . The
difference is shown in Table 4.
Additionally, Table 5 summarizes the extensions made to the intersection and difference model, distinguishing the eight four-bit sequences taken directly from the model, from the seven four-bit sequences added to the model in order to account for the finite granularity characteristics of a geosensor network. For instance, if two regions
are empty, the description of disjoint could include 0000 (not considered in the intersection and difference model). If two regions have no
interiors, the equals relation can include the 1000 bit sequence. Similarly, coarse spatial granularity can lead to a lack of region interiors
for the bit-sequences 1100 (cover), 1010 (covered by), 0100 (contain),
and 0010 (inside). Finally, 0111 is classed as overlap, but where no
single node in A ∩ B is a one-hop neighbor of a node outside both A
and B (due to limited granularity, as already seen in Figure 19a). The
only remaining bit sequence, 0001, is not possible (i.e., non-empty interior intersection, but empty boundary intersections, and empty set
differences A − B and B − A cannot occur).
With these adaptations, this extended model can determine the
topological relations between complex areal objects with disconnected
parts. For example, in Figure 24 the sink node will infer an overall bit
sequence of 0101 ∨ 0010 = 0111, corresponding to an overlap relation (Table 5). By contrast, using the extended 4-intersection model in
Algorithm 3 would result in incorrectly inferring the inside relation
between regions, effectively ignoring the disconnected component.
Therefore, the resulting eight topological relations correspond directly to the coarse-granularity grouping presented in [111] of the
full 33 topologically distinct relations between complex areal objects
as shown in Figure 25. Finally, Algorithm 4 provides the decentralized spatial algorithm corresponding to the bit sequences in Table 5.
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bnum (s) for sink node s ∈ V

topological relation

0110, 0000†

A, B disjoint

1110

A, B meet

1111, 0111

A, B overlap

1001, 1000

A, B equal

0101, 0100

A contains B

0011, 0010

A inside B

1101, 1100

A covers B

1011, 1010

A covered by B

Table 5: Determining the topological relation between complex regions using the intersection and difference model (Algorithm 4). Four-bit
numbers represent h∂A ∩ ∂B, A − B, B − A, A◦ ∩ B◦ i. Bit sequences
in bold font indicate additions to the intersection and difference
model of [25] to account for limited granularity of geosensor network. Bit sequences not tested in later experimental simulations
(Section 6.1) are indicated using †.

0101

0101
0010

0010

Figure 24: An overlap relation based on the intersection and difference
model between two regions, one with disconnected parts

The algorithm itself adopts the same basic structure and techniques
as already encountered in Algorithm 3.
4.1.5

Computational complexity

All four algorithms are expected to have overall computational complexity O(n), and load balance O(1), since in all cases every node can
send at most five messages: one ping message, and up to four rprt
messages (and only three in the case of Algorithm 2).
While every node is required to broadcast a ping message, arguably
the cost of this operation can be amortized by the cost of network initialization. In establishing an ad hoc network, nodes would in any
event be required to broadcast a “hello” message to initiate commu-
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Figure 25: Topological relations between two complex regions based on ID
model. The 33 topological relationships between two complex regions orginated from Schneider and Behr [111]
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Algorithm 4 Computing topological relations between complex areal
objects A and B, based on the intersection and difference model (ID)
1: Header : the same as Algorithm 3.

init
2: Spontaneously
˚
˚ bnum)
3:
broadcast (ping, sense,
4:
become sink

//Sink initiates algorithm

sink
5: Receiving (rprt, b)
˚ := b ∨ bnum
˚
6:
set bnum
˚ according
7:
Deduce topological relation between A and B from bnum
to Table 5
idle
8: Receiving (ping, x) from v
9:
N := N ∪ {v}
//Update list of visited nodes
˚ and sense
˚ = { A} then
10:
if x 6= sense
˚ := bnum
˚ ∨ 0100 //Node at boundary A − B
11:
if x = { B} then set bnum
˚ := bnum
˚ ∨ 0100
12:
if x = ∅ then set bnum
//Node at boundary A − B
˚
˚
13:
if x 6= sense and sense = { B} then
˚ := bnum
˚ ∨ 0010 //Node at boundary B − A
14:
if x = { A} then set bnum
˚
˚
15:
if x = ∅ then set bnum := bnum ∨ 0010
//Node at boundary B − A
˚ and sense
˚ = { A, B} then
16:
if x 6= sense
˚ := bnum
˚ ∨ 0010
17:
if x = { B} then set bnum
//B − A 6= ∅
˚ := bnum
˚ ∨ 0100
18:
if x = { A} then set bnum
// A − B 6= ∅
˚ := bnum
˚ ∨ 1000
19:
if x = ∅ then set bnum
//∂A ∩ ∂B 6= ∅
˚ = ∅ then
20:
if parent
//Check for first ping received
˚ := v
21:
set parent
//Store tree parent
˚
˚ bnum)
22:
broadcast (ping, sense,
//Continue building tree
˚ then
23:
if N = nbr
//Check if tree received from all neighbors
˚ = { A, B} then
24:
if sense
˚ = 0000 then
// A◦ ∩ B◦ 6= ∅
25:
if bnum
˚
26:
if nBnum
6= 0000 then
//One of this node’s neighbor is boundary
node
27:
28:
29:
30:
31:
32:
33:
34:
35:

˚ := bnum
˚ ∨ 0001
set bnum
˚
˚
send (rprt, bnum) to parent
//Initiate message to sink
else
˚ := bnum
˚ ∨ 0001
set bnum
//Update local bit number
˚ = 0110 then set bnum
˚ := bnum
˚ ∨ 1000
if bnum
//∂A ∩ ∂B 6= ∅
˚ 6= 0000 or bnum
˚ 6= 0001 then
if bnum
become bndy
else
become done

bndy
36: Spontaneously
˚
˚
37:
send (rprt, bnum)
to parent
38:
become done
done, idle
39: Receiving (rprt, b)
˚ 6= bnum
˚ then
40:
if b ∨ bnum
˚ := b ∨ bnum
˚
41:
set bnum
˚
˚
42:
send (rprt, bnum)
to parent

//Initiate message to sink

//Check for new data
//Data aggregation
//Forward aggregate data
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nication. The information contained in the ping message could easily
be included in this required network initialization step.
Following this reasoning, the number of rprt messages could be
proportional to |V | in the worst case for Algorithm 1. However, Algorithms 2–4 require only nodes at the boundary of the intersection of
regions A and B to initiate rprt messages (or their one-hop neighbors
in the cases of Algorithms 3 and 4). As a result, substantially fewer
nodes are expected to participate in these messages, the overall numD
ber of rprt messages sent is expected to scale in proportion to |V | 2 ,
where D ∈ [1, 2) is the fractal dimension of the region [31]. Estimates
of fractal dimension for geographic shapes vary widely. For example,
fractal dimensions of regions representing urban growth are typically
in the interval D ∈ [1.2, 1.7] [113]; other features like river networks
have higher estimated fractal dimensions, D ∈ [1.4, 1.9] [100, 126].
However, irrespective of the precise value of D, involving only nodes
at the boundary of regions in initiating rprt messages reduces the
overall communication complexity for these messages to O(nk ) where
0.5 ≤ k < 1. The reason behind this is that a fractal dimension is an
index characterizing geometric forms of spatial objects (e.g., irregularity, scale-independence, and self-similarity) [113]. If spatial objects
have Euclidean geometric regularity, the fractal dimension equals the
topological dimension. For example, if D equals 0, 1, or 2, it describes
points, lines, or surfaces respectively. Thus, a set’s fractal dimension
exceeds its topological dimension [79]. Accordingly, the fractal dimension of the boundary of the region component is D ∈ [1, 2) [31].
These expectations are evaluated experimentally in the Chapter 6.
4.2

summary

This chapter investigates the qualitative characteristics of fields using
thresholded regions. In particular, this chapter concentrates on topological relations between static thresholded regions. Due to resourceconstraints in GSNs, the approach combines efficient data aggregation
with spatial filtering, targeting communication at nodes at or near the
boundary of monitored regions. Further, the algorithms do not rely
on nodes’ positioning information, only on relative neighborhood information.
This research adapts two conventional topological models based on
point-set topology, such as the 4-intersection model and the intersection and difference model. However, the conventional models cannot
directly used for determining topological relations between regions
monitored by GSNs. These models are based on centralized computation. In addition, there are discrepancies between continuous regions
and monitored thresholded regions due to limited spatial granularity
of GSNs. Therefore, this chapter provides a family of decentrally mod-

4.2 summary

ified models to determine topological relations between simple and
complex regions monitored by GSNs.
• The 4bit algorithm presents topological relations between simple regions at a small computational cost, based on the
4-intersection model.
• The 3bit algorithm determines topological relations between
simple regions with improved computational efficiency at the
cost of reduced topological relation granularity.
• The ID algorithm defines topological relations between complex
regions, composed of multiple disconnected parts.
In the Chapter 6, these algorithms are empirically evaluated in
terms of communication complexity and veracity.
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S T R U C T U R E A N D C H A N G E S O F S U R FA C E
NETWORKS

In the previous chapter, the fields monitored by GSNs are described
using thresholded regions. This chapter attempts to describe fields as
surface networks. In some GSNs applications, there is a need to monitor scalar fields, such as sea temperature and salinity [70], noise or
airborne pollution [87, 107], or density of mobile phone activity [58].
This chapter therefore presents efficient and accurate algorithms for
characterizing scalar fields using surface networks. First, this chapter
explains the identification of critical points (pits, peaks, and passes)
and the surface networks in a discretized, static field. Next, this chapter explains monitoring spatial events that occur to surface networks
in a dynamic scalar field.
5.1

identifying surface networks in a static field

This section provides a decentralized and coordinate-free algorithm,
called DGraF to identify critical points (peaks, pits, and passes) and the
topological structure of the surface network connecting those critical
points.
Previous work [60] has shown that a discretization can provide
neither necessary nor sufficient evidence of critical points in its underlying continuous surface. The discretized sensor data violates the
assumptions about the continuity of a underlying surface. It is not
necessarily possible to infer the properties of a continuous surface
from its discretization. This results has two direct consequences. First,
the accuracy of algorithms for computing critical points from a continuous surface must be evaluated empirically. Second, it is appropriate to revisit the basic definitions of critical points, and adapt them to
the limited spatial granularity of a geosensor network. These adapted
definitions form the basis of the DGraF algorithm, capable of computing these revised definitions in a decentralized and coordinate-free
geosensor network.
Section 2.3.1 already discusses the limitations of previous research
on surface networks, and the problems posed by finite spatial granularity. Responding to these limitations, extended definitions of peak,
pit, and pass are developed in the following Section 5.1.1 as the basis
of the DGraF algorithm.
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5.1.1

Basic definitions

Previous research [72, 73, 96] in computer graphics address the topology of discrete scalar fields based on triangulated irregular networks
(TINs). This research uses a gradient vector and a discrete Morse
function to identify critical features. Unfortunately, decentralized construction of a triangulation in a sensor network is known to be inefficient [3, 74]. This inefficiency results because the physical communications network may not contain a triangulated subgraph. Instead,
neighbors in a triangulation of sensor nodes may be separated by arbitrarily many hops in the physical communication network, leading
to considerable communication overheads finding and maintaining
connections between triangulation neighbors.
Responding to this problem, previous work has defined a peak (or
pit) as below, without requiring a triangulation [26, 109, 139].
Definition 5.1.1. A peak is a node v such that all neighbors of v sense a
lower value, maxvi ∈nbr(v) (sense(vi )) < sense(v). Similarly, a pit is a node v
such that all neighbors of v sense a higher value, minvi ∈nbr(v) (sense(vi )) >
sense(v).
For nodes that are neither peaks (nor pits), Zhu et al. [139] further
define ascent (or descent) vectors as follows:
Definition 5.1.2. The ascent vector of a non-peak node v (written av(v)) is
the (unique) directed edge (v, v0 ) where v0 is the neighbor with the maximum
sensed value, maxvi ∈nbr(v) (sense(vi )). Similarly, the descent vector dv(v)
of a non-pit node v is the (unique) directed edge (v, v0 ) where v0 is the
neighbor with the minimum sensed value, minvi ∈nbr(v) (sense(vi )).
This research refines these existing definitions by distinguishing a
strong peak (or pit):
Definition 5.1.3. A strong peak is a node v such that v is a peak and the
ascent vectors of all the neighbors of v point to v. Similarly, a strong pit is
a node v such that v is a pit and the descent vectors of all the neighbors of v
point to v. A peak (or pit) that is not a strong peak (or pit) is called a weak
peak (or pit).
For example, in Figure 26 the strong peak (filled triangle symbol)
has neighbors that have lower values than itself (definition 5.1.1), and
all the neighbors’ ascent vectors (definition 5.1.2) point to the peak
(definition 5.1.3). By contrast, the (weak) peak (non-filled triangle
symbol) has neighbors whose values are lower than itself, but one
of those neighbor’s ascent vectors does not point to that peak.
This phenomenon can occur frequently in a sensor network as a result of limited network granularity and connectivity. Thus, an important difference to previous work is that this research requires (strong)
peak and pit nodes to compare with not only their neighbors’ sensed
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Figure 26: Identification of a peak. A filled triangle is a strong peak and a
non-filled triangle is a weak peak. Arrows indicate ascent vectors,
with the ascent bridge highlighted as a dashed arrow.

values but also their neighbors ascent vectors (i.e., their neighbors’
sensed values). This is termed a “face-based” approach.
It should be noted that this research does not claim that the existence of a weak peak (pit) is sufficient to guarantee the absence of
a peak (pit) in the underlying continuous surface, any more than it
would claim that the absence of a strong peak (pit) is sufficient to
guarantee a corresponding peak (pit) is also absent in the underlying
continuous surface (cf. [60]). Greater accuracy might be achieved by
further extending the definitions, iterating the search for weak peaks
and pits beyond one-hop neighbors, so constructing n-hop strong
peak and pits. However, as we shall see in Section 6.2, empirical
investigations demonstrate that these minimal definitions of weak
peaks and pits are an efficient and accurate heuristic that, on average,
achieves a good balance: discounting many spurious critical points
at the same time as relatively infrequently discounting true critical
points.
Assuming every non-peak (non-pit) node has a unique ascent (descent) vector (i.e., no two neighbors have identical maximum/minimum sensed values, see Definition 5.1.2), the set of ascent (set of
descent) vectors for a sensed spatial field forms a forest (set of rooted
trees). However, some of these trees’ roots will be weak peaks (or
pits). To address this it is required to build bridges from the weak
peaks (pits) to strong peaks (pits) as follows:
Definition 5.1.4. An ascent bridge is a (unique) directed edge (v, v0 ) ∈ G
such that: i. v is a weak peak; ii. v0 has ascent vector (v0 , v00 ) that points
away from v, i.e., v00 6= v; iii. v0 has a higher sensed value sense(v0 ) than
any other neighbor of v that satisfies conditions i. and ii. Similarly, a descent
bridge is the (unique) directed edge (v, v0 ) such that v is a weak pit, v0 ∈ B
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where B = {v0 ∈ nbr(v)|dv(v0 ) 6= v}, and v0 has the minimum sensed
value, minvi ∈ B (sense(vi )).
Now for any node it is possible to identify the unique strong peak
(strong pit) associated with that node, much as we might identify
catchments in conventional, continuous spatial fields.
Definition 5.1.5. The set of all ascent vectors and ascent bridges forms a
forest Fa of rooted trees. The terminal strong peak of a node v, tspeak(v), is
the root of that tree Ta ∈ Fa that contains the node v. Similarly, the set of
all descent vectors and descent bridges forms a forest Fd of rooted trees. The
terminal strong pit of a node v, tspit(v), is the root of that tree Td ∈ Fd that
contains the node v.
In addition, it is now possible to define a discrete version of a pass:
Definition 5.1.6. A pass-edge is an undirected edge {v1 , v2 } where v1 and
v2 have different terminal strong peaks and pits, tspeak(v1 ) 6= tspeak(v2 )
and tspit(v1 ) 6= tspit(v2 ).
A pass-edge is analogous to a pass in classical Morse theory. The
detection of passes in a geosensor network without coordinate information is a key challenge in the previous work [109, 139]. Using
the presence of divergent terminal strong peaks/pits associated with
pairs of neighboring nodes to identify passes allows the DGraF algorithm to identify passes more efficiently and accurately.
Figure 27 provides an example of a pass-edge (pass), shown as a
pair of neighboring square nodes with different terminal strong pits
and peaks.
Peaks
Pits
Passes
Gradient vector

90
80
70
60
50
100

90
80
70
60
50

Figure 27: Identification of pass-edge (pass).

Finally, it is easy to define critical lines such as ridges and channels.
The ridges connect passes to peaks and the channels connect passes
to pits.
Definition 5.1.7. A ridge is an undirected edge {v1 , v2 } where v1 and v2
have different terminal strong peaks, tspeak(v1 ) 6= tspeak(v2 ) and a chan-
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nel is an undirected edge {vi , v j } where vi and v j have different terminal
strong pits, tspit(vi ) 6= tspit(v j ).
The definition of critical lines are similarly explained as cut pairs
in [139]. Figure 28 presents the identification of ridges between two
peaks.
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Figure 28: Identification of ridges.

The following subsections explain how these definitions are adapted
to the DGraF algorithm. For ease of exposition the algorithm is separated into three parts: identifying peaks (Algorithm 5); identifying
pits (Algorithm 6); and identifying passes/network topology (Algorithm 7). In terms of the identification of critical lines, they are simultaneously detected when the algorithm tries to identify passes in
Algorithm 7.
5.1.2

Identification of peaks/pits

Algorithms 5 and 6 provide the decentralized protocol for identification of strong peaks and pits, the first component of DGraF. After the
restrictions (assumptions) listed in the header to the algorithm, the
algorithm is structured hierarchically, first by states (in small caps),
then by events, then by unique actions (sequences of atomic operations) that are triggered in response to state/event pairs. In brief, the
Algorithm 5 proceeds as follows:
• In a init state, each node broadcasts a ping message to neighbors (line 6). Using this information, each node can deduce its
ascent/descent vector, and whether it is a peak or pit.
• Peaks initiate a tcel message to neighbors in order to check
whether they are strong peaks, line 19. A node in an idle state
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receiving a tcel message from a potential peak returns a message that confirms or denies if its ascent vector points to that
peak, line 20–25.
• A peak that receives positive confirmation messages from all
its neighbors is a strong peak. Strong peaks initiate a top-down
invt invitation message to its neighbors (lines 30–34).
• A weak peak will wait for a strong peak information (line 27) to
cascade down to it.
The identification of strong pits follows a similar pattern of identifying strong peaks, initiated when top-down invitation messages reach
pits. The process for the pitx state in Algorithm 6 has been explained
as below:
• When pits receive all top-down messages from neighbors, pits
initiate a bcel message to neighbors in order to check whether
they are strong pits, line 26. A node in an idle state receiving
a bcel message from a potential pit returns a message that confirms or denies if its descent vector points to that pit, line 17–22.
• A pit that receives positive confirmation messages from all its
neighbors is a strong pit. Strong pits initiate a bottom-up binv
invitation message to its neighbors (lines 31–35).
• A weak pit will wait for a strong pit information through a
descent bridge (line 29) to deliver it to neighbors.

5.1.3

Identification of passes

Algorithm 7 addresses the detection of passes. First, each node can deduce its (strong) peak through top-down invitation messages from every strong peak. When top-down invitation messages reach a strong
pit, these nodes initiate a bottom-up invitation message. Each node
therefore can recognize its neighbors’ associated peak and pit based
on the neighbors’ ascent and descent vectors (see Algorithm 6, lines 6
and Algorithm 7, lines 11). As a result, if the end points of edges are
identified with two different peaks and pits, these edges are termed
pass-edges (see Algorithm 7, line 7 and line 22). For example, each
node can compare a peak identifier through top-down invitation messages. If peak identifiers are different between two neighboring nodes,
this edge can be regarded as a channel (see Section 2.3.1). Conversely,
if pit identifiers are different between neighboring nodes, this edge
will be a ridge (cf. [139] identify these critical lines, e.g., channels and
ridges, as the same way, but call them cut locus). Based on these critical lines, if the neighbors that make up an edge differ in both peak
and pit identifiers, that edge is a pass-edge. The required information

5.1 identifying surface networks in a static field

Algorithm 5 DGraF: The identification of peaks
1: Restrictions: Geosensor network, G = (V, E); sensor function sense :

V → R; communication neighborhood nbr : V → 2V ; identifier function
id : V → N; reliable communication.
2: State Trans. Sys.: h{init, lstn, idle, peak, pitx}, {(init, lstn), (lstn, idle),
(lstn, peak), (lstn, pitx)}i
3: Initialization: all nodes in state init.
4: Local variables: list of upstream neighbor identifiers, Nu, initialized
empty; list of downstream neighbor identifiers, Nd, initialized empty;
an ascent vector, av, initialized empty; a descent vector, dv, initialized
empty; list of edge, Edge, initialized empty; list of top-cells adjacent to
a peak, Tcells, initialized empty; list of a strong peak id, Pkid, initialized
empty; list of weak peak ID, Wpeaks, initialized empty
init
5: Spontaneously
˚
˚ id)
6:
broadcast (ping, sense,
7:
become lstn

lstn
8: Receiving (ping, h, i)
˚ i}
//Save edge information
9:
Edge:= Edge ∪ {id,
˚ < h then
10:
if sense
11:
Nu:= Nu ∪ {i, h}
//Add i into upstream neighbor nodes
˚ > h then
12:
if sense
13:
Nd:= Nd ∪ {i, h}
//Add i into downstream neighbor nodes
14:
if |Nu| + |Nd| = the number of neighbors then
15:
av := max{Nu} and dv := min{Nd} //Set ascent and descent vectors
16:
become idle
17:
if |Nu| = 0 then
18:
become peak
˚
19:
broadcast (tcel, id)
//Broadcast top-cell messages to identify a strong
peak

idle
20:
21:
22:

Receiving (tcel, i)
//Receiving top-cell messages
˚ = i then
if av
˚ true) to a node with identifier i
send (ctce, id,
//Send a true
confirmation message

23:
24:

else
˚ false) to a node with identifier i
send (ctce, id,

//Send a false

confirmation message
25:

Wpeaks:= Wpeaks ∪ {i }

//Set an ascent bridge

peak
26:
27:
28:
29:
30:
31:
32:
33:
34:

Receiving (ctce, i, bflag)
if bflag = false then
wait strong peak information from an ascent bridge
else
if i ∈
/ Tcells then
Tcells:= Tcells ∪ {i } //Receive confirmation messages from neighbors
if |Tcells| = |Nd| then
˚}
Pkid := Pkid ∪ {id
˚ Pkid)
broadcast (invt, id,
//Broadcast invitation messages

pitx
35:

Events and actions follow a similar pattern to the peak state (See
Algorithm 6)

65

66

structure and changes of surface networks

Algorithm 6 DGraF: The identification of pits
1: Fragment extends: Algorithm 5
2: Local variables: list of neighbor identifiers of top-down invitation mes-

sages, Nt, initialized empty; list of a strong pit id, Ptid, initialized empty;
list of weak pit ID, Wpits, initialized empty
idle
3: Receiving (invt, i,p )
//Receiving top-down invitation messages
4:
Nt:= Nt ∪ {i }
//No duplication
˚ = i then
5:
if av
//To define peak
6:
Pkid := Pkid ∪ { p}
˚ | > 1 then
7:
if |Wpeaks
˚ | //Send a strong peak ID to a weak
8:
send (fpek, p) to a node in |Wpeaks
peak
9:
10:
11:

Wpeaks:= {∅}
if |Nt| = |Nu| then
˚ Pkid )
broadcast (invt, id,

//Broadcast invitation messages

peak
12: Receiving (fpek, i) //A weak peak receives a strong peak ID from ascent bridges
13:
if Pkid = {∅} then
14:
become idle
15:
Pkid := Pkid ∪ {i }
˚ Pkid)
16:
broadcast (invt, id,
//Send invitation messages based on a strong
peak information

idle,peak
17: Receiving (bcel, i)
//Receiving bottom-cell messages
˚ = i then
18:
if id of desV
˚ true) to a node with identifier i
19:
send (ctce, id,
//Send a true
confirmation message
20:
21:

else
˚ false) to a node with identifier i
send (ctce, id,

//Send a false

confirmation message
22:

Wpits:= Wpits ∪ {i }

//Set an descent bridge

pitx
23: Receiving (invt,i,p)
//Receiving top-down invitation messages
24:
Nt:= Nt ∪ {i }
25:
if |Nt| = |Nu| then
˚
26:
broadcast (bcel, id)
//Broadcast bottom-cell messages to identify a strong
pit
27: Receiving (ctce, i, b f lag)
28:
if b f lag = f alse then
29:
wait a strong pit information from a descent bridge
30:
else
31:
if i ∈
/ Bcells then
32:
Bcells:= Bcells ∪ {i }
//Receive confirmation messages from neighbors
33:
if |Bcells| = |Nu| then
˚}
34:
Ptid := Ptid ∪ {id
˚ Ptid) //Broadcast a bottom-up invitation message
35:
broadcast (binv, id,
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can be deduced from passes’ associated peak and pit information (see
Algorithm 7, lines 28, and 23). Algorithm 7 therefore can capture the
topological structure of the surface network (i.e., Morse-Smale complex).
Depending on the network connectivity, it is possible that multiple pass-edges may be identified for the same two peak/pit pairs. In
such cases, neighboring pass-edges are grouped together based on
comparison of information about their associated peaks and pits (see
Algorithm 7, lines 25 and 30).
Finally, the algorithm terminates when all bottom-up binv invitation messages reach to the peaks, i.e., line 41.
5.1.4

Computational complexity

Examining Algorithms 5, 6, and 7, it is observed that each node in
the network must transmit exactly one ping message for network initialization and two invite (one top-down invt, one bottom up binv)
messages for joining identifying their peak/pit “catchments.” Further,
peaks and pits must send one message to check for strong/weak
peak/pit status (tcel, bcel) and neighbors of peaks and pits must
send one confirmation message in response (ctce). Finally, a small
number of one-hop messages will be required in some cases to exchange associated peak and pit identifiers at pass-edges (pcel).
In total, then, we expect the algorithm to generate 3|V | + m messages: exactly 3 ping, invt, binv messages per node, plus a small
number m of additional tcel, bcel, ctce, pcel messages, where m is
closely related to the number of detected peaks, pits, and passes. In
most cases it can be assumed that m  |V |. Consequently, it is to be
expected that overall communication complexity of the algorithm is
linear, O(n), where n = |V | is the number of nodes in the network.
Section 6.2 investigates experimentally the analytical expectations
made in this section.
5.2

monitoring spatial events in a dynamic field

While the previous Section 5.1 deals with atemporal characteristics of
fields monitored by GSNs, this section takes the final step by incorporating changes over time. Particularly, this section is concerned with
qualitative spatial events connected with the surface network derived
from a monitored dynamic scalar field.
The strengths and limitations of previous research on monitoring
qualitative events in a dynamic field are presented in Chapter 2. There
are four primitive events occurring to surface networks: appearance,
disappearance, movement, and switch. As we discussed in
Section 2.3.2, the previous approaches [35, 101] are based on centralized computation and geometric information. It is, therefore, ineffi-
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Algorithm 7 DGraF: Identifying pass-edges (i.e., passes)
1: Fragment extends: Algorithm 5 and 6
2: Local variables: list of neighbor identifiers of bottom-up invitation mes-

sages, Nb, initialized empty; list of pass-edges (passes), Cedges, initialized empty; list of pass cluster, Passcluster, initialized empty; list of
channels, Channels, initialized empty; list of ridges, Ridges, initialized
empty
idle
3: Receiving (invt, i, p)
//Receiving top-down invitation messages
4:
if |Nt| = |Nu| + |Nd| then
5:
while Edge 6= ∅ do
6:
if The peaks of end points between edges are different then
7:
Cedges := Cedges ∪ Edge
//Potential pass-edges
8: Receiving (binv, i, p)
//Receiving bottom-up invitation messages
9:
Nb:= Nb ∪ {i }
//No duplication
10:
if dv = i then
//To define nodes’ pit
11:
Ptid := Ptid ∪ { p}
˚ | > 1 then
12:
if |Wpits
˚ | //Send a strong pit ID to a weak pit
13:
send (fpit, p) to a node in |Wpits
14:
Wpits:= {∅}
15:
if |Nb| = |Nd| then
˚ Ptid)
16:
broadcast (binv, id,
17:
if |Nb| = |Nd| + |Nu| then
18:
while Edge 6= ∅ do
19:
if |Cedges| > 1 then
//Potential pass-edges with different peaks
20:
while Cedges 6= ∅ do
21:
if The edge has the same pit information then
22:
Cedges := Cedges − Edge //Passes have different peaks and pits
23:
24:

Ridges := Ridges ∪ Edge //The same pit and different peaks
Passcluster := Passcluster ∪ Cedges
//To cluster a group of

pass-edges as one
˚ Passcluster)//Broadcast a pass cluster message
25:
broadcast (pcel, id,
26:
else
27:
if The edge has the different pit information then
28:
Channels := Channels ∪ Edge //Different peaks and the same pit
29: Receiving (pcel, i, passcluster)
30:
Passcluster := Passcluster ∪ passcluster
//No duplication
31:
if The information of pass cluster is changed then
˚ Passcluster)
32:
broadcast (pcel, id,

pitx
33: Receiving (fpit, i)
34:
if Ptid = {∅} then
35:
become idle
36:
Ptid := Ptid ∪ {i }
˚ )
37:
broadcast (binv, id

//Broadcast bottom-up invitation messages

peak
38: Receiving (binv, i,p)
//Receiving bottom-up invitation messages
39:
Nb:= Nb ∪ {i }
//No duplication
40:
if |Nb| = |Nd| then
41:
Algorithms finish at this state.

5.2 monitoring spatial events in a dynamic field

cient to use this approach in a sensor network due to energy resource
constraints. This research identifies events occurring in surface networks using decentralized computation in a sensor network.
The following Section 5.2.1 investigates how to monitor events occurring at peaks or pits, such as movement, disappearance, and appearance. In particular, Section 5.2.1 focuses on monitoring events
occurring at peaks, but the monitoring events occurring at pits follows a similar pattern. Then, monitoring events occurring at passes is
presented in Section 5.2.2.
5.2.1

Monitoring events occurring at peaks and pits

This section details how to design a decentralized algorithm for monitoring events occurring at peaks and pits. The basic computing approach for monitoring events is explained in the following subsection,
leading to the design of a decentralized algorithm for monitoring
events occurring at peaks and pits.
Basic approach for monitoring events occurring at peaks
During initialization (i.e., the identification of critical points in a static
field, see Section 5.1), each node can identify its peak/pit, which divides a scalar field into regions. Each region has unique peak and
pit identifiers. These regions are called stable/unstable Morse complexes [22]. If an integral line of a Morse function f originates from
peaks and converges to passes and pits, these regions are called stable Morse complexes, Figure 29a. Conversely, if the integral line of
a Morse function f originates from pits and converges to passes
and peaks, these regions are called unstable Morse complexes (Figure 29b). When the stable and the unstable Morse complexes intersect transversely, we can make Morse-Smale complexes of which one
skeleton is a surface network [22, 33].
Stable/unstable Morse complexes are regarded as catchment areas
in this research. Based on the ascent/descent vectors, it is possible
to create a catchment area. This catchment area can be thought of a
spatial structure in a decentralized spatial algorithm to use efficiently
limited network energy resources.
During ongoing changes, we can inspect these catchment areas for
events occurring to surface networks. The catchment areas reflect the
structure of a surface network (i.e., Morse-Smale complexes). Further, it is easy to identify catchment areas, based on ascent/descent
vectors in a sensor network. For example, appearance and disappearance events occurring to surface networks can be detected by using
the events occurring on catchment areas. If one catchment area is
divided into two between consecutive time steps, a new peak appears on the surface network. Conversely, if two catchment areas are
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Figure 29: Stable/Unstable Morse complexes. This figure originated from
[22]

merged into one between consecutive time steps, one of the peaks
disappears from the surface network.
Based on catchment areas, the following subsection explains how a
decentralized spatial algorithm can monitor events occurring at peaks
and pits. For ease of explanation, the algorithm is split into five components (Algorithm 8–12) based on the types of events occurring.
Decentralized computation for events occurring at peaks
Algorithm 8 can detect changes of a dynamic field. Monitoring a
change in a sensor value is straightforward. When the sensed value
of a node is changed, this node broadcasts an update message (upd8)
to its neighbors (Algorithm 8, line 6). Based on the neighbors’ sensed
value, each node can change its ascent (descent) vectors. If a node
changes a peak identifier (pkid) due to the change of an ascent vector,
this node notifies its neighbors of the change affecting their peak or
pit identifiers (Algorithm 8, line 12–line 14). Detecting changes in gra-
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dient vectors provides a solid foundation for monitoring the events
occurring at the critical points (Algorithm 8, line 19–line 24).
Algorithm 8 Update gradient vectors in a dynamic field
1: Restrictions: Geosensor network, G = (V, E); sensor function sense :

V × T → R; communication neighborhood nbr : V → 2V ; identifier
function id : V → N; reliable communication.
2: State Trans. Sys.: h{idle, peak, pitx}, {(idle, peak)), (idle, pitx)}i
3: Local variables: the last sensing value, sl , initialized empty; list of upstream neighbors, Nu, initialized empty; list of downstream neighbors,
Nd, initialized empty; an ascent vector, av, initialized empty; a strong
peak id, pkid, initialized empty; a last peak id, pkidl , initialized empty; a
strong pit id, ptid, initialized empty; neighbors’ peak identifiers, Pkcell,
initialized empty; neighbors’ pit identifiers, Ptcell, initialized empty; a
weak peak’s ascent bridge, wpkav , initialized empty;
idle, peak, pitx
˚ changes
4: When sense
5:
set sl := sense
˚ sense,
˚ pkid, ptid)
6:
broadcast (upd8, id,

//Save the last sensed value

idle
7: Receiving (upd8, i, s, c pk , c pt )
8:
update Nu and Nd
//Based on s value
9:
update Pkcell and Ptcell
//Update neighbors’ peaks and pits identifiers
10:
if |Nu| > 0 and |Nd| > 0 then
11:
set av := max (Nu)
//Do the same thing for dv
12:
if pkid 6= av’s peak identifier then //av’s peak id can be found in a Pkcell
13:
set pkid := av’s peak identifier
˚ pkid, ptid, “channel”)
14:
broadcast (udsf, id,
//If ptid changes, use
“ridge” parameter. If both, use “both” parameter
15:
if |Nu| = 0 then
//Do the same thing for Nd
16:
set avl := av and set av := ∅
17:
if |wpkav | > 0 then
18:
set avl := wpkav and set wpkav := ∅
19: Receiving (udsf, i, n pk , n pt , s f )
//Update surface networks
20:
if sf = “channel” then
21:
update Pkcell
//Update a neighbor’s peak identifier
22:
if i = av and n pk 6= pkid then
23:
set pkid := n pk
˚ pkid, ptid, “channel”)
24:
broadcast (udsf, id,

In Algorithm 9, a peak movement can be deduced from each node’s
gradient vector. For example:
• If a node in a peak state observes that it is no longer a peak, it
sends a wipk message to an ascent neighbor and transitions to
an idle state (Algorithm 9, line 37–line 43).
• A wipk message is forwarded to a potential peak node that has
the highest value among its neighbors (Algorithm 9, line 9 or
line 12).
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• The potential peak node evaluates whether it is a strong peak
or a weak peak (Algorithm 9, line 3). If it is a strong peak, this
node transitions to a peak state (Algorithm 9, line 29). If not,
this node unicasts a wipk message to its ascent bridge in order
to detect a strong peak (Algorithm 9, line 31).
Similarly, it is easy to detect peak disappearance (Algorithm 10).
When a peak node transitions to an idle state, it forwards a wipk message to an ascent neighbor (See Algorithm 9). If this message reaches
a node that has a different peak identifier, it can be inferred that the
previous peak node initiating the wipk message was disappeared. Algorithm 10 can be summarized as follows:
• If a wipk message, initiated by a node that was previously a
peak (Algorithm 9, line 42) reaches a node with a different peak
identifier, the different peak node sends a rwpk message back to
notify the node initiating the wipk message of a peak disappearance (Algorithm 10, line 5 or line 24).
• When a node that was previously a peak receives a rwpk message, it confirms a peak disappearance. Further, it broadcasts
swpk messages that trigger the exchange of peak identifiers (Algorithm 10, line 12). For example, if a node has a peak identifier
that has disappeared, this node replaces its old peak identifier
with a new one. Thus, gradient vectors of a scalar field can be
updated based on the events occurring at the critical points.
Interestingly, when a node that was previously a peak receives a
rwpk message, it may have already changed its peak identifier. The
udsf messages can change its peak identifier before a rwpk message is
returned to it (Algorithm 10, line 8). In this case, this message simply
confirms that a peak disappeared.
Lastly, Algorithm 11 presents a mechanism to monitor the appearance of peaks. In this research, there are no assumptions about network synchronicity, such as a message ordering or bounded communication delays. Furthermore, there is no central control. This makes
it more difficult to monitor a peak appearance when compared with
events such as peak movement or disappearance. When we monitor
peak movement or disappearance, a node that was previously a peak
facilitates determining what event occurred by sending a message
(i.e., wipk). However, there are no triggers for inferring peak appearance. Of course, each node can decide whether a peak appears by
comparing its value with its neighbors. However, it is impractical to
use this approach because a node can be a temporary peak after receiving upd8 messages from some of its neighbors. Even though a
node is not a true peak, it can be regarded as a peak, based on the
partial information of its neighbors. Furthermore, there are no guarantees as to how long each node must wait for the update messages
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Algorithm 9 Monitoring a peak movement
1: Fragment extend : Algorithm 8
2: Local variables: the flag for receiving wipk messages, bpk, initialized

false; neighbors adjacent to a potential peak, Tcells, initialized empty;
idle
3: Receiving (wipk, ps , i, p pk )
4:
if pkid = p pk then
5:
if |Nu| = 0 then
6:
set bpk := true
˚
7:
broadcast (etcl, id)

//To identify a strong peak

8:
else
˚ pkid) to av or wpk
9:
send (wipk, ps , id,
//Forward a wipk message
av
10:
else
11:
if |Nu| > 0 then
˚ pkid) to av or wpk
12:
send (wipk, ps , id,
//Forward a wipk message
av
13: Receiving (etcl, i)
˚ = i then
14:
if av
˚ true, pkid, sense)
˚
15:
send (cetc, id,
to a node with identifier i //Send a
true confirmation message
16:
else
˚ false, pkid, sense)
˚
17:
send (cetc, id,
to a node with identifier i //Send a
false confirmation message
18: Receiving (cetc, i, bflag, n pk , ns )
19:
if bflag = false then
20:
set wpkav := {i, n pk , ns }
//Set a weak peak’ ascent bridge with the
maximum sensed value
21:
if i ∈
/ Tcells then
22:
Tcells:= Tcells ∪ {i }
//Receive confirmation messages from neighbors
23:
if |Tcells| = |Nd| then
24:
if |Nu| = 0 then
25:
if (|av| > 0 and |wpkav | = 0) or (|av| = 0 and |wpkav | = 0) then
//A strong peak
26:
set av := ∅
27:
set bpk := false
28:
set Tcells := ∅
29:
become peak
//A peak movement is confirmed
30:
if |wpkav | > 0 then
//A weak peak
31:

˚ pkid) to wpk
send (wipk, ps , id,
av

//Forward a message based on an

ascent bridge
32:
33:

else
˚ pkid) to av or wpk
send (wipk, ps , id,
av

//This node was just a

temporary peak

peak
34: Receiving (upd8, i, s, c pk , c pt )
35:
update Nu and Nd
//Based on s value
36:
update Pkcell and Ptcell
//Update neighbors’ peaks and pits identifiers
37:
if |Nu| > 0 then
//Do the same thing for a descent vector
38:
set av := max (Nu)
39:
if pkid 6= av’s peak identifier then
40:
set pkid := av’s peak identifier
˚ pkid, ptid, “channel”)
41:
broadcast (udsf, id,
˚ id,
˚ pkid) to av
42:
send (wipk, id,
//Send ‘who is a peak’ message
43:
become idle

73

74

structure and changes of surface networks

Algorithm 10 Monitoring a peak disappearance
1: Fragment extend : Algorithm 8, 9

idle
2: Receiving (wipk, ps , i, p pk )
3:
if pkid 6= p pk then
//Receiving a different peak id
4:
if |Nu| = 0 then
˚ pkid, p pk ) to i //Send a message backward to notify a
5:
send (rwpk, ps , id,
peak disappearance
6: Receiving (rwpk, ps , i, p pk , p pkl )
˚ = ps and pkid = p pk then
7:
if id
8:
A peak identifier has been already changed because of udsf mes9:
10:
11:
12:

sages.
˚ = ps then
if id
if pkid 6= p pk then
set pkid := p pk
//Set new peak id
˚
broadcast (swpk, “disappearance", id, pkid, p pkl )
//A peak

disappearance is confirmed
13:
update Pkcell
//Update neighbors’ peak identifier
14:
else
˚ p pk , p pkl ) to a node sent wipk message
15:
send (rwpk, ps , id,
16: Receiving (swpk, e, i, p pk , p pkl )
17:
if e = “disappearance” then
18:
if pkid = p pkl then
19:
set pkid := p pk
//Set new peak id
20:
21:

˚ pkid, p pkl ) //Swap peak id
broadcast (swpk, “disappearance", id,
update Pkcell
//Update neighbors’ peak identifier

peak
22: Receiving (wipk, ps , i, p pk )
23:
if pkid 6= p pk then
˚ pkid, p pk ) to i
24:
send (rwpk, ps , id,
peak disappearance

//Receiving a different peak id
//Send a message backward to notify a
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from its neighbors. Therefore, a different approach is taken to infer a
peak appearance in Algorithm 11.
• If a node detects pit movement, it broadcasts wnpk messages in
order to infer peak appearance. (Algorithm 11, line 5).
• When a node receives a wnpk message from a descent neighbor
(i.e., a descent vector, dv), it delivers a wnpk message to its ascent
neighbor (i.e., a ascent vector, av). By following each node’s ascent vector, this message reaches a potential peak (Algorithm
11, line 10).
• If a node receives a wnpk message from a downhill node with the
same pit identifier (but not a descent vector), this node broadcasts wnpk messages to its neighbors to deliver a wnpk message
to peaks. These nodes usually exist on crossroads where two
catchment areas meet (Algorithm 11, line 12).
• If a node with the highest value among neighbors takes a wnpk
message in an idle state, it will check whether it is a strong peak
or weak peak (Algorithm 11, line 21). If it is a strong peak, this
node will broadcast swpk messages to create a new catchment
area (i.e, a new peak appearance) (Algorithm 11, line 39).
• If a node gets a swpk message from an ascent neighbor, it will
swap the old peak identifier with the new one. It then continually broadcasts swpk messages in order to make a new catchment area (Algorithm 11, line 47).
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Algorithm 11 Monitoring a peak appearance
1: Fragment extend : Algorithm 8, 9, 10
2: Local variables: the flag for receiving wnpk messages, bnpk, initialized

false;
idle
3: Receiving (cebc, i, bflag, n pt , ns )
4:
if A pit movement is confirmed then
˚ false) //Broadcast ‘who is a new peak’ message
5:
broadcast (wnpk, ptid, id,
6: Receiving (wnpk, n pt , i, flag)
7:
if |Nu| > 0 and bnpk = false then
8:
if flag = false then
9:
if (|dv| > 0 and i = dv) or (|wptdv | > 0 and i = wptdv ) then
˚ false) to av or wpk
10:
send (wnpk, ptid, id,
av //Forward a message to
an ascent vector or an ascent bridge
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:

else
˚ true)
broadcast (wnpk, ptid, id,
//Broadcast wnpk message
set bnpk := true
//To consider communication redundancy
else
if i ∈ Nd and ptid = n pt then
˚ false) to av or wpk
send (wnpk, ptid, id,
av
set bnpk := true
if | Nu| = 0 and bnpk = false and bpk = false then
set bnpk := true
set Tcells := ∅
˚
broadcast (ispk, id)
//Broadcast ‘who is a strong peak’ message
Receiving (ispk, i)
˚ = i then
if av
˚ true, pkid, sense)
˚
send (rspk, id,
to a node with identifier i
else
˚ false, pkid, sense)
˚
send (rspk, id,
to a node with identifier i
Receiving (rspk, i, bflag, n pk , ns )
if bflag = false then
set wpkav := {i, n pk , ns }
//Set a weak peak’ ascent bridge with the
maximum sensed value

30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:
48:

if i ∈
/ Tcells then
Tcells:= Tcells ∪ {i }
if |Tcells| = |Nd| then
if |Nu| = 0 and bpk = false then
if (|av| > 0 and |wpkav | = 0) or (|av| = 0 and |wpkav | = 0) then
//A strong peak
set av := ∅
set bpk := false
set Tcells := ∅
˚
set pkid := id
//Set new peak id
˚ pkid, p pkl )
broadcast (swpk, “appearance", id,
become peak
//A peak appearance
if |wpkav | > 0 then
//A weak peak
A weak peak appearance
Receiving (swpk, e, i, p pk , p pkl )
if e = “appearance” then
if pkid = p pkl and av = i then
set pkid := p pk
//Set new peak id
˚
broadcast (swpk, “appearance", id, pkid, p pkl )
update Pkcell
//Update neighbors’ peak identifiers
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(d) Pass appearance at t = 2

Figure 30: Monitoring events occurring at critical points between two consecutive time steps
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Based on Algorithm 8–11, Figure 30 shows how the geosensor network monitors the events occurring at critical points in a scalar field
between two consecutive time steps. Figure 30a describes the identification of a peak in an initial static field. The ascent vectors of all the
nodes flow into a peak. Next, as the scalar field evolves at time t1 , a
different node becomes a peak, but its peak identifier is unchanged
(see Algorithm 9) because the initial peak identifier is maintained. A
dramatic change of the scalar field leads to the appearance of a peak
in Figure 30c. The previous catchment area at time t1 is divided into
two catchment areas at time t2 . The ascent vectors of all the nodes
can also be classified as two groups (see Algorithm 11). Similarly, the
appearance of a new peak results in the appearance of a new pass in
Figure 30d. The appearance (disappearance) of passes is dependent
on the appearance (disappearance) of peaks/pits [101]. For example,
the appearance of a pass is accompanied by the appearance of a new
peak. A pass cannot appear independently. More details will be explained in the following section.
5.2.2

Monitoring events occurring at passes

In the previous Section 5.2.1, catchment areas are used to monitor
events occurring at peaks/pits. However, monitoring events occurring at passes is complicated because there is no clear mechanism
to infer events. Thus, new definitions, such as representative/ strong
pass, are constructed in addition to a pass-edge definition (see Section 5.1.1).
Additional definitions at passes
In Section 5.1.1, a pass is defined as a pass-edge, composed of two
points which have different ascent vector’s peaks and descent vector’s pits. In a distributed manner, multiple pass-edges can be identified for the same peak/pit pairs due to network connectivity. Thus,
Section 5.1.1 grouped multiple pass-edges as a pass-cluster based on
their associated peaks and pits. It is, however, difficult to continually
monitor events occurring to a group of pass-edges because there is no
global knowledge of the cluster. Therefore, this section adds another
definition: a representative pass among multiple pass-edges. The representative passes are monitored in order to identify events occurring at
passes.
Definition 5.2.1. Let R be the set of pass edges that connect two specified
pairs of peaks and pits in the surface network. Further, let pe_incident(v) denote the number of pass edges in R incident with a node v. A representative
pass is the unique node r where there exists no v such that pe_incident(v) >
pe_incident(r ) (i.e., no other node v is incident with a greater number of
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pass edges); and for any v where pe_incident(v) = pe_incident(r ) then
sense(r ) > sense(v)
A representative pass is analogous to a centroid of multiple passedges because this node is at the “center” of the multiple pass-edges.
In Figure 31, the filled-square symbol indicates a representative pass
because this node has two pass-edges for the the same peak/pit pairs.
By focusing on a representative pass, it is easier to monitor events
occurring at passes.
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Figure 31: Strong pass and weak pass

In addition to a representative pass, this section adds one more
definition: a strong pass. Limited network granularity and connectivity can frequently result in a monkey saddle (e.g., two representative
passes are immediate one-hop neighbors) even if there is no monkey
saddle in reality. Section 5.1 only differentiates between a strong and
a weak peak/pit. The identification of passes is dependent on the
identification of strong peaks and pits. If two passes are identified
as one-hop neighbors for the different peak/pit pairs, one of them
could be falsely identified due to finite spatial granularity of a sensor network. For example, if the identified pass is far away from a
real pass (e.g., more than one-hop average communication distance),
the identified pass is regarded as a false pass in the experiment (see
Section 6.2). The falsely identified pass decreases the veracity of algorithms. Therefore, when we monitor events occurring at passes, it is
required to differentiate a strong pass from a weak pass. Thus, this
section explicitly defines a strong pass as follows:
Definition 5.2.2. Let S be a set of representative passes that are one-hop
neighbors. A strong pass s ∈ S is the node such that: i. no s0 ∈ S has a
greater number of incident pass edges (i.e., for all s ∈ S, pe_incident(s) >
pe_incident(s0 )); ii. for any s0 where pe_incident(s0 ) = pe_incident(s) then
sense(s) > sense(s0 )
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In Figure 31, coarse network granularity leads two representative
passes to be immediate one-hop neighbors. A representative pass that
is not a strong pass is called a weak pass. The weak pass has fewer
pass-edge pairs compared with the strong pass.
Based on the additional definitions for a pass, it is possible to monitor events occurring at passes.
Decentralized computation for events occurring at passes
As illustrated in Figure 30, the appearance (disappearance) of a pass
can be described together with the appearance (disappearance) of a
peak or a pit. Pass movement follows a similar pattern of monitoring the movement of an associated peak (pit). We can recognize pass
movement by monitoring the representative pass between the consecutive time steps.
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(b) Pass switch at t = 1

Figure 32: Switch event

There is, however, a special topological event on a pass called a
switch. A pass is associated with two peaks and two pits as well as critical lines: ridges and channels. These critical lines can connect a pass
to peaks or pits. Interestingly, a pass can exchange the critical lines
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without events for the associated peaks or pits. Therefore, the structure of the surface network can be switched because of the changes
of the critical lines.
In Figure 32, a pass moves between consecutive time steps. However, there is a change for the associated peaks. Even though there are
no events for the peaks or pits (e.g., appearance, movement, or disappearance), this pass switches the associated peak pairs because such
a switch event lies in the change of a pass’ ascent (descent) vector.
Algorithm 12 highlights the main features in terms of monitoring events occurring at passes. When a node receives a sensed-value
change from neighbors, the node updates a pass-cluster and a representative pass if this node is involved in pass-edges. If there is a
change of members in a pass-cluster as well as a change of a representative pass, the node broadcasts uppc messages to its neighbors.
This message reconciles a representative pass and a pass-cluster with
neighbors that are associated with the same peaks and pits.
Throughout the uppc messages, the pass-cluster is updated if a
node has pass-edges for the same associated peaks and pits. Each
node also update a representative pass among the pass-cluster (Algorithm 12, line 5).
Algorithm 12 Monitoring events occurring at passes
1: Fragment extend : Algorithm 8, 9, 10, 11
2: Local variables: list of passes, Passes, initialized empty; list of critical

edges (passe-edges), Cedges, initialized empty; list of pass cluster, Passcluster, initialized empty; list of a representative pass, Repass, initialized
empty; list of a last representative pass, Repassel , initialized empty; list
of a strong pass, Stpass, initialized empty;
idle
3: Receiving (uppc, i, Npasscluster)
4:
if Passes is the same then
5:
update Passcluster and Repass

//Passes ∈ nPopass
//Update a pass cluster and a potential

representative pass
6:

if Repass = ∅ and Repassel 6= ∅ then

//This node was a previous

representative pass
7:
8:
9:
10:
11:

˚ Passcluster) to a node with identifier i
send (wirp, id,
if Passcluster 6= Npasscluster then
˚ Passcluster)
broadcast (uppc, id,
˚
if id = Repass and Repass 6= ∅ and Repassel = ∅ then
˚ Popass)
broadcast (upsp, id,
//Decide a strong pass between

representative passes
12: Receiving (wirp, i, Nrepass)
//Infer pass events
13:
if This node is a representative pass then
14:
infer events occurring at a pass
//Movement or Switch
15:
else
16:
deliver a wirp message to reach a representative pass.

If a node becomes a regular member of pass-edges from a representative pass, this node sends a wirp message to monitor events oc-
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curring at passes (Algorithm 12, line 7). If a new representative node
receives a wirp message, this node can infer what events occurs at
a pass, such as movement or switch (Algorithm 12, line 14). For example, if the associated peaks and pits are different, a switch event
occurs. Conversely, if the associated peaks and pits are the same, a
pass movement is confirmed.
When a node becomes a representative pass, this node examines
whether it is a strong pass by broadcasting a message to its neighbors (Algorithm 12, line 11). This procedure guarantees that if two
representative passes are immediate one-hop neighbors, one of them
becomes a strong pass and the other becomes a weak pass, based on
Definition 5.2.2.
In terms of pass appearance and disappearance, it is possible to detect these events when a peak disappears (Algorithm 10, line 16) and
appears (Algorithm 11, line 43). When nodes exchange their peak (pit)
identifier, they can update their associated pass information. Therefore, we can monitor events, such as pass appearance and disappearance. Interestingly, we can infer pass appearance and disappearance
events without a peak (pit) swpk message because some nodes can
update their neighbors’ peak (pit) identifiers using an upd8 or udsf
message in Algorithm 8.
5.2.3

Computational complexity

In analyzing the communication complexity of the algorithm, there
are two distinct phases. First, the initialization of the algorithm requires 2|V | + m messages except one ping |V | messages for the network initialization. m is related to the identification of strong peaks,
pits, and passes (see Section 5.1.4 for details). During the ongoing
monitoring, a node with a sensed-value change initiates an upd8 message to neighbors. This message triggers further messages for monitoring events occurring on the surface network (e.g., udsf, wipk, cetc,
etcl, cebc, wnpk, ispk, rspk, swpk, uppc, or wirp). In simulations, the
entire scalar field evolves at each evolution step. Each node must respond to the changes. We envisage, therefore, that the algorithm will
have a communication complexity O(V + k ) for each evolution step,
where k is the number of messages for monitoring events occurring
to surface networks. Thus, the communication complexity would be
O(t(V + k )) if the algorithm runs for t = | T | time evolution steps. As
a result, the overall communication complexity of the algorithm is linear in the number of nodes, O(n). This expectation is experimentally
tested and analyzed in the Section 6.3.

5.3 summary

5.3

summary

This chapter developed efficient and accurate algorithms for characterizing fields using a surface network. First, the identification of critical points and surface networks was investigated in a static scalar
field. Then, a technique for monitoring events occurring to surface
networks in a dynamic scalar field was presented. All algorithms can
operate in-network without centralized control and without precise
coordinate positioning information.
Identifying surface networks in a static field
Section 5.1 provides a decentralized and coordinate-free algorithm to
identify critical points in a static field. The conventional definitions
of critical points are based on the continuous field. Sensor data are
drawn from a discretization of the underlying continuous field. Therefore, the basic conventional definition of critical points is revisited.
• The basic definitions of critical points are constructed from the
perspective of the limited spatial granularity of a sensor network.
• Based on redefined definitions, the algorithm uses a gradient
field to identify critical points. This approach facilitates improving the efficiency and accuracy of the algorithm in resourceconstrained GSNs.
Monitoring events in a dynamic field
Section 5.2 focuses on monitoring events occurring to surface networks. The identified critical points divide a scalar field into regions.
Each region has a unique peak and pit identifier. These regions are
regarded as catchment areas. Catchment areas are monitored to identify events occurring to surface networks.
• The primitive events occurring to surface networks include appearance, disappearance, switch, and movement.
• With regard to events occurring at peaks/pits, this research focuses on the changes between catchment areas. The catchments
areas reflect the structure of surface networks.
• In terms of events occurring at passes, the appearance (disappearance) of passes is accompanied by the appearance (disappearance) of peaks/pits. When appearance (disappearance)
events occur at peaks/pits, we can simultaneously infer them
at passes.
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• A pass has a unique topological event: switch. Even though
there are no events for the associated peaks and pits, the pass
can exchange critical lines, such as ridges and channels. We can
monitor the switch event by monitoring each node’s ascent/descent vectors.
The algorithm and the expectation of computational analysis are
empirically evaluated in Chapter 6.

6

EXPERIMENTS

This chapter reports on experimental evaluations of all the algorithms
presented in the previous Chapter 4 and Chapter 5. There are three
key components for the performance of algorithms: scalability, load
balance, and accuracy. When it comes to the evaluation of algorithms
for monitoring events over time, latency is added as another key factor. First, this chapter presents the results of the evaluation of algorithms for topological relations between static thresholded regions.
Next, the results for identifying surface networks are presented, followed by the results for monitoring spatial events occurring to surface
networks. Each experimental section has its own discussion.
6.1

topological relations between static regions

The performance of the four algorithms for determining topological
relations between static regions (see Chapter 4) was evaluated and
compared with respect to three criteria: the overall communication
complexity, the load balance, and the accuracy of the responses generated by the algorithms.
6.1.1

Experimental setup

The algorithms developed in Chapter 4 were implemented within the
agent-based simulation system, NetLogo (see Section 3.3).
For each simulation run, a geosensor network with randomized
node locations was generated and connected using the UDG. To guarantee comparability, a constant level of network connectivity was
maintained across different network sizes tested. In practice, this meant
that as the number of nodes in the simulation area was doubled (increasing node
√ density), the communication distance c is reduced by
a factor of 2 accordingly.
Further, a randomly generated pair of regions was grown using a
randomized variant of a dilation operation from image processing.
The dilation procedure was constrained to ensure that the experimenter can control the topological relation of the regions generated.
The spatial extent of the geosensor network was fixed to cover the
entire boundaries of the generated regions. This guaranteed that all
regions were monitored. Figure 33 shows two examples of randomly
generated regions that overlap (simple region in Figure 33a and complex areal object with a disconnected part in Figure 33b) as well as
the UDG connecting nodes.
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(a) Simple regions

(b) Complex regions with a disconnected part

Figure 33: Example of randomly generated overlapping regions monitored
by randomly generated network (in color blue indicates region
A − B, red indicates region B − A, and green indicates A ∩ B)

6.1.2

Overall scalability

A series of experiments to investigate overall scalability was conducted across seven different network sizes (250, 500, 1,000, 2,000,
4,000, 8,000, and 16,000 nodes), for each of the 8 topological relations and four different algorithms, with 10 randomized replications
at each level (total 7 × 8 × 4 × 10 = 2240 simulation runs). For each
run the overall number of ping and rprt messages generated was
measured.
As expected, the ping messages generate exactly |V | messages in
all cases. However, as already argued, ping messages could be regarded as part of the required ad hoc network initialization costs.
Consequently, the more salient feature of the algorithm from the perspective of efficiency is the rprt messages generated.
Figure 34 shows the total number of rprt messages generated for
the overlap relation only, for each algorithm and averaged over 10
randomized simulations. The results of a regression analysis on the
same data is shown in Table 6. All the regression curves achieved a
good fit, indicated by R2 values ranging from 0.95 to 0.98.
The results can be interpreted as indicating that Algorithm 2 showed
comparable performance to Algorithm 3, with Algorithm 4 arguably
approximately the same order (O(n0.73 )) but larger constant factor
(1.75 as compared with ≈ 0.6). Despite a substantially lower constant
factor (≈ 0.3) Algorithm 1 arguably has the worst scalability given
its substantially higher order (O(n0.92 )). This broadly agrees with the
pen-and-paper analysis of algorithms (see Section 4.1.5), where Algorithm 2 generates only messages at the boundary of the intersection of
A and B, and at most three rprt messages for any node; Algorithm
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Figure 34: Overall scalability for rprt messages for the overlap relation

algorithms

factor a

power b

R2

Basic (1)

0.2871

0.9176

0.98388

3bit (2)

0.642

0.7443

0.96933

4bit (3)

0.6767

0.7602

0.95696

ID (4)

1.7501

0.7283

0.96553

Table 6: Results of power regression analysis (y = ax b ) for responsive curves
in Figure 34

3 adds up to four rprt messages for any node, and rprt messages
from one-hop neighbors of the boundary of the intersection of A and
B; Algorithm 4 further generates messages from the boundaries of A
and B; and Algorithm 1 generates messages from both the boundary
and interior of the intersection of A and B.
Further investigations explained if the results for the different algorithms were significant, or if differences might have arisen by chance.
Accordingly, the following hypotheses were formulated for all pairs
of algorithms x and y:
H0 : µ x − µy = 0 for all network sizes (null hypothesis)
H1 : µ x − µy 6= 0 for some network sizes
H2 : µ x − µy 6= 0 for all network sizes
Using a t-test for the difference between two means (i.e. the means
of the samples for each pair of algorithms µ x and µy ), the null hypothesis H0 was rejected in all cases at the 1% level. Further, the hypothesis H1 was rejected in favor of the stronger H2 at the 5% level when
comparing Algorithms 1 and 3, 2 and 3, and 2 and 4. The majority
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algorithms

factor a

power b

R2

Basic (1)

0.3905

0.9647

0.99585

3bit (2)

0.9395

0.7343

0.98684

4bit (3)

1.4329

0.705

0.97691

ID (4)

1.175

0.7359

0.97785

Table 7: Resutls of power regression analysis (y = ax b ) for responsive curves
in Figure 35

of these exceptions relate to the smaller granularities (where the total
number of messages generated is in any event smaller). But the general pattern is clear: there is strong evidence that the algorithms do
give rise to significantly different scalability.
The other seven topological relations all follow similar patterns,
with the exception of the disjoint relation (which generates no rprt
messages in Algorithms 1, 2, and 3). The variability across topological
relations can be attributed to differences in the size of the intersection
between A and B. For example, assuming constant region sizes, the
size of the intersection between A and B must be larger for the equals
relation than for the overlap relation. To illustrate, Figure 35 and Table 7 show the results of the same experiments for the equals relation.
In this case, the null hypothesis H0 was not rejected for Algorithm 3
and Algorithm 4 at the 1% level, indicating no significant difference
between the performance of these algorithms for this specific topological relation.
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Figure 35: Overall scalability of rprt message for equals relation
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6.1.3

Load balance

Frequency (number of nodes, log scale)

In addition to overall messages sent, the experiments described above
also recorded the number of messages sent on a per-node basis. The
load histogram in Figure 36 shows for the overlap relation the number
of rprt messages transmitted by individual nodes (averaged over the
10 repetitions) against the frequency of nodes transmitting that number of messages. As expected, all algorithms transmitted at most four
rprt messages (or three in the case of Algorithm 2). Furthermore, the
basic algorithm (Algorithm 1) exhibits a substantially greater number
of nodes with the largest loads (four messages).
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Figure 36: Load balance for rprt message for overlap relations (averaged
over 10 networks of 4000 nodes)

Again, comparable results were obtained for all the topological relations. The load balance for rprt message for an equal relation in
Figure 37 indicated that the most unbalanced algorithm is the basic
algorithm.
6.1.4

Accuracy

In addition to scalability, the experimental investigation evaluated the
veracity of the algorithms, in terms of the accuracy of the detected
topological relation. For example, Table 8 shows the misclassification
for 100 simulation runs of Algorithm 2 with first 500 nodes and then
4000 nodes. The rows of Table 8 correspond to the actual topological relation, whereas columns correspond to the detected topological
relation. Because Algorithm 2 only detects five (coarse granularity)
topological relations, the matrix has only five columns, but 8 all possible topological relations were tested (i.e., both meet and overlap at
fine topological granularity are detected as overlap at coarse granularity; both contains and covers at fine granularity map to contains at
coarse granularity; and inside and covered by both map to inside).
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Figure 37: Load balance for rprt message for equal relations (averaged over
10 networks of 4000 nodes)

Results for both 500 and 4000 nodes are given together in Table 8.
For example, an entry of “91/100” in the M/O cell indicates that 91
out of 100 experimental configurations that were meet were correctly
detected as overlap with a network of 500 nodes, whereas all 100 were
correctly detected as overlap with a network of 4000 nodes. All the
algorithms tested exhibited similar increases in accuracy with finer
spatial granularity (i.e., larger, more dense networks), such that at
4000 nodes Table 8 indicates Algorithm 2 was operating at perfect
accuracy.
The picture was slightly more complicated in the case of the fine
topological granularity algorithms (Algorithms 1, 3, and 4). For example, Table 9 based on Algorithm 3 broadly shows the same pattern
of increasing topological accuracy with finer spatial granularity (e.g.,
at 500 nodes, three contains relations were misclassified as covers; at
4000 nodes all contains relations were correctly classified). However,
increasing the network size actually leads to more instances of the
meet relation being misclassified (98 out of 100 correctly classified at
network size of 500 nodes; 81 out of 100 correctly classified at 4000
nodes). This pattern was repeated for all three algorithms that operated at fine topological granularity (i.e., Algorithms 1, 3, and 4). The
results of Algorithms 1 and 4 are presented in Table 10 and Table 11
respectively.
This issue arises because meet is not well-defined in the discrete
case. Because of the finite granularity of the geosensor networks, the
boundary of the region can never be detected directly, but rather as
a node that is strictly inside the region with a one-hop neighbor that
is outside the region. Thus, a true meet in the continuous (infinite
granularity) space would always be detected as disjoint in the discrete, finite granularity case; instead regions must slightly overlap in
the continuous case in order to be detected as meet in the discrete
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d

o

c

i

e

total

D

100/100 0/0

0/0

0/0

0/0

100/100

M

0/0

91/100

6/0

3/0

0/0

100/100

O

0/0

100/100 0/0

0/0

0/0

100/100

C

0/0

0/0

100/100 0/0

0/0

100/100

I

0/0

0/0

0/0

100/100 0/0

100/100

V

0/0

0/0

100/100 0/0

B

0/0

0/0

E

0/0

0/0

Total

100/100 191/200 206/200 203/200 100/100

0/0

100/100

0/0

100/100 0/0

100/100

0/0

0/0

100/100 100/100

Table 8: Misclassification matrix (rows are actual relation, columns detected
relation) resulting from Algorithm 2. Figures are quoted for network sizes of 500 nodes/4000 nodes. Note: D=disjoint; M=meet;
O=overlap; C=contains; I=inside; V=covers; B=covered by; E=equals

case. Note that the same is not true of the other two boundary-critical
relations introduced by the finer granularity topological models, covers and covered by. For example, a region that covers another in the
continuous case may also be detected as covers in the discrete case (although the converse is not true—a region that is detected as covering
another in the discrete space does not necessarily do so in the continuous space). Moving from low to higher densities of nodes, small
enough overlaps to be detected as a meet relation become more likely
to be detected as an overlap at finer spatial granularities.
Investigations of all the other topological misclassifications revealed
two further distinct causes of misclassifications. In the first case, the
limited spatial granularity of the network and random node locations
could sometimes mean that no node happened to be located in some
critical region component. For example, Figure 38 provides two concrete examples where the chance absence of any node in B − A (Figure 38a) or in A◦ ∩ B◦ (Figure 38b) at coarse spatial granularity leads
to misclassifications of the actual topological relation in the continuous space.
In the second case, even when there existed nodes in key region
components, topological misclassifications could occur either by the
absence of direct network connection (e.g., caused by network holes
and uneven distribution of nodes, Figure 39a); or where network direct connections spanned two close, but not coincident boundaries
(e.g., Figure 39b). These were still in effect granularity issues, but network granularity rather than spatial granularity issues (i.e., the problems could potentially have been averted if different network connections had arisen).
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0/0
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0/0

100/100 0/0

101/100

E

0/0

0/0

0/0

0/0

0/0

0/0

0/0

Total

100/100 99/81 100/119 98/100 98/100 103/100 103/100 100/100

100/100 100/100

Table 9: Misclassification matrix (rows are actual relation, columns detected
relation) resulting from Algorithm 3. Figures are quoted for network sizes of 500 nodes/4000 nodes. Note: D=disjoint; M=meet;
O=overlap; C=contains; I=inside; V=covers; B=covered by; E=equals

0100

1000
0100
0010

1000

1100
0001

0010

1000

(a)

(b)

Figure 38: Misclassifications of topological relations caused by the limited
spatial granularity, for example: a. where no node in B − A results
in overlap misclassified as cover; and b. where no node in A◦ ∩
B◦ results in overlap misclassified as disjoint (for complex areal
object B with disconnected components).

In summary, while all the algorithms performed at high levels of accuracy, especially for larger and more dense network sizes, the three
main causes of misclassifications were:
• the weak definition of meet for discrete, finite granularity observations of regions, requiring that regions in the continuous
space must in fact slightly overlap to be detected as meet;
• pure spatial granularity issues, where nodes did not happen to
be located in critical components of the regions; and
• network granularity issues, where adverse connectivity close to
boundaries happened to obscure the true topological relation.
Finally, the experiment briefly investigated inaccuracy of information generated by a GSN. While the previous results are closely related
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Total 100/100 102/82 99/117 98/100 97/100 103/100 105/101 100/100

Table 10: Misclassification matrix (rows are actual relation, columns detected relation) resulting from Algorithm 1. Figures are quoted
for network sizes of 500 nodes/4000 nodes. Note: D=disjoint;
M=meet; O=overlap; C=contains; I=inside; V=covers; B=covered
by; E=equals
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Figure 39: Misclassifications of topological relations caused by the network
granularity, for example: a. where a meet is misclassified as contain; and b. where contain is misclassified as cover

to spatial imprecision such as spatial granularity of sensor nodes,
this investigation pertains to sensor inaccuracy, where sensor nodes
can misread actual values. Inaccurate readings were randomly generated from the actual readings of nearby locations because inaccuracy
of sensors in geographic information exhibits spatial autocorrelation
[26].
As the probability of an inaccurate sensor reading was varied, the
robustness of Algorithm 3 to inaccuracy was examined for contain
and meet topological relations with 500 nodes. Each simulation was
repeated 100 times. The total simulation runs were 2 (topological relations) × 7 (probability of sensor inaccuracy) × 100 (repetitions) =
1,400. Figure 40 provides the expected levels of uncertainty of Algorithm 3 to inaccuracy. This figure can serve as a reliable guide to how
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Total 102/100 98/84 100/116 94/100 100/100 106/100 100/100 100/100

Table 11: Misclassification matrix (rows are actual relation, columns detected relation) resulting from Algorithm 4. Figures are quoted
for network sizes of 500 nodes/4000 nodes. Note: D=disjoint;
M=meet; O=overlap; C=contains; I=inside; V=covers; B=covered
by; E=equals

the algorithm can be used in practical applications. For example, it is
reasonable to have relatively high confidence that the meet relation
can be correctly detected until inaccuracy probability of sensor nodes
reaches 15%.
6.1.5

Discussion

Spatial queries about topological relationships between simple and
complex regions have been investigated in resource-constrained and
coordinate-free GSNs. The decentralized algorithm was developed using the combined strategies of data aggregation and spatial filtering.
Significantly, the proposed algorithms in this research do not depend
on quantitative spatial information. This feature makes them a fitting
solution to deployment in networks where there is no access to coordinate location information.
All four algorithms were highly scalable, with overall O(n) communication complexity and optimal load balance O(1), verified through
experimental simulation. Indeed, if the O(n) initialization step for
each algorithm is treated as an unavoidable component of ad hoc
network establishment, then for Algorithms 2–4 the overall computational complexity reduced to O(nk ), where 0.5 ≤ k < 1 (and in the
experiments 0.7 < k < 0.8). Algorithm 2 was consistently amongst
the most efficient in the experiments, but at the cost of reduced topological granularity, yielding only five (rather than 8) distinct topological relations. It is arguable that distinguishing between the three
additional topological relations (meet versus overlap, covers verses
contains, covered by versus inside) is not of high interest in many
applications. However, the detection of fine granularity topological
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Figure 40: Robustness of Algorithm 3 to inaccuracy (averaged over 100 repetitions of 500 nodes)

relations between simple or even complex regions (Algorithms 3 and
4) was not significantly less scalable that the detection of coarse granularity topological relations (Algorithm 2) in many experiments.
When considering the veracity of the algorithms, all the algorithms
performed at high levels of accuracy, identifying the correct topological relation in the overwhelming majority of cases. However, granularity effects did cause misclassifications, in particular with smaller,
less dense networks; regions that were small or had close boundaries
when compared with the network density; and with the meet relation, which is difficult to model adequately in discrete spaces. A key
issue for future work is to investigate more appropriate models of
topological relations between granular spatial regions monitored by
a geosensor network. This question is related to past work, for example in digital topology (e.g., [99, 130]). However, this past work relies
substantially on the regularity of neighborhoods in the raster images
towards which this work was targeted. The highly irregular neighborhoods in a geosensor network require more generalized descriptions
of discrete topology.
The approach in this research only addresses topological relations
between two regions. It is, however, not especially challenging to extend the algorithms to determine the topological relations between
multiple regions, for example by combining the pairwise approach
used in this research.
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6.2

identifying surface networks in a static field

The previous Section 6.1 presented the results of experiments with
regard to the qualitative characteristics of fields using thresholded
regions. This section presents the empirical results of simulations regarding the qualitative characteristics of a static field using surface
networks.
The DGraF algorithm was again evaluated with respect to three
primary features: overall scalability, load balance, and accuracy. For
benchmarking, this research compared the performance of DGraF with
the state-of-the-art decentralized algorithm Zhu et al. [139] and a classic centralized alternative Takahashi et al. [125].
6.2.1

Experimental setup

Random differentiable scalar functions over the unit square,
f : [0, 1]2 → R, were used to generate a range of simulated surfaces
using Matlab [81]. Takahashi et al.’s algorithm was used to identify
critical points based on a dense Delaunay triangulation of the surfaces
[125]. These critical points formed the “ground truth” for evaluating
algorithm accuracy.
The surfaces varied in roughness, classified into four levels. In
the case of level 1 and 2 surfaces, the functions took the form of
quadric polynomials. Levels 3 and 4 surfaces were generated in a
similar fashion as quadric polynomials of harmonic functions, i.e.,
f (sin(ωx ), cos(ωy)), where ω = 4 and 8 for level 3 and 4 surfaces
respectively. As a guide, level 1 surfaces had on average 3–4 critical
points; level 2, an average of 6 critical points; level 3, 8 critical points;
and level 4, on average 36 critical points.
These surfaces were exported from MATLAB and loaded into an
agent-based simulation system, Netlogo. Geosensor networks at five
sizes, ranging from 1,000 to 16,000 nodes, were simulated in two different configurations, regular (grid) and irregular (random) node locations. The network was connected by the UDG. The level of connectivity was again kept constant across the different network sizes in
order to guarantee comparability (see Section 6.1.1).
Thus, the total number of simulation scenarios generated was 4
surface levels × 5 network sizes × 10 replications × 2 network configurations = 400. Each of these scenarios was tested against all three
algorithms: Takahashi et al.’s centralized algorithm, Zhu et al.’s decentralized algorithm, and the decentralized DGraF algorithm.
6.2.2

Overall scalability

Overall scalability, in terms of communication complexity, was tested
by measuring the number of messages generated by the DGraF algo-
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rithm and Zhu et al.’s algorithm over the five different network sizes
(1,000, 2,000, 4,000, 8,000, and 16,000 nodes) and the four different surface roughness levels with 10 randomized replications at each level.
Only the two decentralized algorithms were compared with respect
to scalability; Takahashi et al.’s algorithm is centralized, and so cannot operate in the network itself.
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Figure 41: Overall scalability for communication messages to identify critical points in an irregular network

When comparing DGraF algorithm and Zhu et al.’s algorithm, the
|V | ping initialization messages required by both algorithms were
eliminated from the comparison. Further, an additional procedure in
Zhu et al. [139] to detect network holes was omitted from the reimplementation. This additional procedure requires additional communication messages, and so must be at best equally scalable to the
simplified version this experiment tested, and most likely less scalable.
Figure 41 shows a regression analysis of the results of the experimental runs of the two algorithms over the complete set of irregular
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algorithms
DGraF

algorithm

Zhu et al. algorithm

surface level

factor a

R2

level 1

2.053

0.99

level 2

2.056

0.99

level 3

2.037

0.99

level 4

2.072

0.99

level 1

3.069

0.80

level 2

3.05

0.83

level 3

3.084

0.66

level 4

2.852

0.81

Table 12: Results of power regression analysis (y = ax) for responsive curves
in Figure 41 using an irregular network

networks. As expected from the scalability analysis in Section 5.1.4,
the regression confirmed that the DGraF algorithm was indeed linear
in the number of nodes in the network, O(n), generating on average slightly over two messages per node overall (having discounted
the third ping message above). Comparing the two algorithms in Figure 41a and Figure 41b, it can be seen that the DGraF algorithm has
marginally better efficiency than Zhu et al.’s algorithm. A t-test revealed that the differences between the two algorithms were significant at the 5% level in most cases (17 out of 20 sets of experimental
runs showed a significant reduction in messages sent for the DGraF
algorithm).
Further, while the DGraF algorithm shows the a strong linear relationship between network sizes and the number of messages sent
(R2 > 0.99), there is a substantial variation in Zhu et al.’s algorithm
(i.e., 0.66 ≤ R2 ≤ 0.83). Full details of regression analysis are presented in Table 12.
algorithms
DGraF

algorithm

Zhu et al. algorithm

surface level

factor a

R2

level 1

2.005

0.99

level 2

2.007

0.99

level 3

2.008

0.99

level 4

2.032

0.99

level 1

2.056

0.99

level 2

2.068

0.99

level 3

2.064

0.99

level 4

2.157

0.99

Table 13: Results of power regression analysis (y = ax) for responsive curves
in Figure 42 using a regular network
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Figure 42: Overall scalability for communication messages to identify critical points in a regular network

Similar results were obtained for the regular networks. Figure 42
and Table 13 present the results from the regression analysis of regular networks. The results of Zhu et al.’s algorithm showed slightly
better performance compared with irregular networks. Further, a ttest indicated that there were significant differences between the two
algorithms at the 5% level in most cases (i.e., the DGraF algorithm
outperformed among 14 out of 20 sets of experimental runs).
Even though two algorithms’ asymptotic efficiency class is the same
(i.e., linear), a small difference between the constant factors presents
statistical significance (see Section 3.2). It is reasonable to conclude
that the DGraF algorithm exhibits a small but statistically significant
increase in scalability over Zhu et al.’s algorithm.
6.2.3

Load balance

In terms of resource constraints in a geosensor network, load balance
is frequently more important than overall scalability. Uneven load
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Frequency(number of nodes,
log scale)

will lead to depletion of certain nodes’ resources, in particular energy,
leading to the emergence of holes in network coverage, ultimately
with networks becoming disconnected.
The DGraF algorithm was compared with Zhu et al.’s algorithm,
again disregarding the single ping message per node required by
both algorithms. Each node sends additional messages to identify
critical points based on each algorithm’s particular properties. In both
algorithms, each node must send a minimum of two additional messages. For example, the DGraF algorithm uses tcel, bcel, and ctce
messages to identify strong peaks or pits based on ascent or descent
vectors, and pcel messages to classify a group of passes as one pass.
It is expected that unevenly distributed nodes in a network and more
rough surfaces will lead to increasingly uneven load.
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Figure 43: Load balance for communication messages for irregular networks
(averaged over 10 networks of 4000 nodes; roughness level indicated 1–4, smooth to rough).

As an example, a summary of the load distribution in the two decentralized algorithms is illustrated in Figure 43 for the case of irregular networks. Visually comparing these two results clearly indicates
an improvement in load balance in the DGraF algorithm. In all cases,
the DGraF algorithm resulted in no node sending more than 11 messages; for the Zhu et al. algorithm a substantial number of nodes
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Frequency(number of nodes, log
scale)

transmitted greater than 50 messages, and in some cases more than
200 messages. Similarly, the load distribution for the case of regular
networks is shown in Figure 44. Statistical analysis of the full set of
results confirms the visual impression.
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Figure 44: Load balance for communication messages for regular networks
(averaged over 10 networks of 4096 nodes; roughness level indicated 1–4, smooth to rough).

The algorithm by Zhu et al. [139] also exhibits a slight decrease in
load balance with increasing surface roughness, indicated by an increase in the proportion of nodes with more than 10 messages load.
This increase was significant at the 95% level between levels 2, 3, and
4, in the case of irregular networks, and between levels 3 and 4 in
the case of regular networks. No significant decreases in load balance were found for the DGraF algorithm across any roughness levels,
whether for regular or irregular networks, indicating the relative load
stability of the DGraF algorithm.
6.2.4

Accuracy

The section above demonstrated the efficiency of the DGraF when compared with the state of the art decentralized alternative. In this section
the research also investigate the accuracy of the algorithms, using

101

102

experiments

standard information retrieval measures, PPV (also frequently termed
precision), recall, and F1-score [13, 51]. PPV reflects the number of correctly identified critical points as a proportion of all the critical points
that were identified by the algorithm. Recall concerns the number of
correctly identified critical points as a proportion of all the critical
points that should have been identified by the algorithm (i.e., in comparison to the “ground truth”). The F1-score summarizes both the PPV
and recall values as the harmonic mean. For example, a perfect PPV
score of 1.0 means that all critical points identified by an algorithm
are in reality critical points; a perfect recall score of 1.0 means that
all critical points in reality were identified as such by an algorithm.
Accordingly, F1-score can be defined as follows :

F1 =

2 × precision × recall
precision + recall

The research compared the PPV, recall, and F1 score of DGraF algorithm, the Takahashi et al. algorithm, and the Zhu et al. algorithm.
The centralized Takahashi et al. algorithm used a Delaunay triangulation structure to identify critical points, with knowledge of nodes’
coordinate position. The decentralized DGraF and Zhu et al. algorithms used a UDG network structure to identify critical points without knowledge of a node’s coordinate position. It is therefore expected that the Takahashi et al. algorithm will generate the most accurate results. For all algorithms, edge effects were found to lead
to false positives at the boundary of geosensor networks. In order
to negate edge effects, any identified critical points within a small
buffer distance of the network edge were discarded. This procedure
was applied to all algorithms consistently, to avoid introducing any
bias.
The “ground truth” for this experiment was generated using the
centralized Takahashi et al. algorithm applied to the original, unsampled surface, containing one million points (regular grid of 1000 by
1000 points).
Figure 45 compares typical results for the identification of peaks in
an irregular network. In Figure 45a, the effect of network size on PPV,
recall, and F1-score is shown for a fixed level 3 (moderate) surface
roughness. The figure shows that the DGraF performs at a comparable level to Takahashi et al.’s algorithm, but tends to outperform
Zhu et al.’s algorithm especially at larger network sizes. Similarly,
Figure 45b shows the effect of changing surface roughness given a
fixed network size of 16,000 nodes (largest network). In general, again
DGraF performs at a comparable level to Takahashi et al.’s algorithm,
but outperforms Zhu et al.’s algorithm especially at smaller network
sizes, where spatial granularity effects become more pronounced.
In general, this pattern was found across all the irregular networks
and for both peaks and pits. The DGraF algorithm generally performed
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Figure 45: F1-score for peaks in irregular networks for all three algorithms,
bounded by bars indicating recall and PPV.

at a comparable level of accuracy to Takahashi et al., but outperformed the Zhu et al. algorithm. Overall, out of the 4 roughness
levels and 5 networks sizes tested for peak identification, the DGraF
algorithm outperformed (i.e., achieved higher F1-scores than) Takahashi et al.’s algorithm in six cases; and was outperformed by (i.e.,
achieved lower F1-scores than) Takahashi et al. in 9 cases. (In the
remainder, both algorithms achieved the same performance). In comparison with Zhu et al. [139], the DGraF algorithm performed better
in 19 out of 20 cases, performing equally well in the one remaining
case. Only in the case of regular networks did Zhu et al.’s algorithm
achieve marginally higher accuracy: in 17 out of 20 cases DGraF and
Zhu et al. achieved equal F1-scores; in the remaining three cases Zhu
et al.’s algorithm outperformed DGraF.
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surface level

relative efficiency

level 1

6.702

level 2

3.308

level 3

3.797

level 4

1.904

Table 14: Relative efficiency for passes in irregular networks between Zhu
et al.’s and DGraF algorithm (averaged over 10 networks at each
level)

In the case of passes, DGraF and Zhu et al. both performed at a similar level of accuracy, but generally below that of Takahashi et al.’s
algorithm. Takahashi et al.’s algorithm outperformed DGraF in 18 out
of 20 cases in irregular networks, and 15 out of 20 cases in regular networks. In comparison with Zhu et al.’s algorithm, again DGraF
performed better in irregular than regular networks. In irregular networks, 14 out of 20 cases DGraF outperformed Zhu et al.’s algorithm;
in regular networks, 16 out of 20 cases, Zhu et al.’s algorithm outperformed DGraF.
In addition to the number of correct critical points, it is also interesting to consider distance from real critical points. The research
measured Euclidean distance between real critical points and identified critical points, and then calculated mean squared error (MSE).
Particularly, DGraF and Zhu et al.’s algorithm used the same network
structure so that it is possible to generate the relative efficiency between two algorithms. The relative efficiency can be described as follows:

e=

where

MSE( B)
MSE( A)

MSE( B),

MSE

of Zhu et al.’s algorithm

MSE( A),

MSE

of DGraF’s algorithm

This ratio describing the efficiency of the estimator has an important meaning. For example, if e > 1, the efficiency of an estimator A
(i.e., DGraF’s algorithm) is better than an estimator B (i.e., Zhu et al.’s
algorithm). Table 14 exhibits the relative efficiency for passes in irregular networks.
Relationship between PPV and recall
The F1-score alone can mask the details of the inverse relationship
between PPV and recall. Consequently, further investigation of PPV
and recall was conducted. Figure 46a shows the relationship between
PPV and recall in a level 4 (most rough) surface, ranging from 1,000
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to 16,000 node network size. The PPV-recall curves on the left hand
side of the figure show that all three algorithms are able to achieve
relatively high levels of both PPV and recall, indicating good performance. It may be observed that in general DGraF algorithm achieved
comparable accuracy to Takahashi et al.’s algorithm, both of which
slightly outperform Zhu et al.’s algorithm.
However, it is well known that PPV-recall curves are sensitive to
changes in class distribution [23, 42]. Large changes in the number of
false positives have a strongly negative effect on PPV-recall curves. For
example, Zhu et al.’s algorithm appears to perform particularly badly
under the PPV-recall curve at a network size of 8,000 for precisely this
reason: its large number of false positives.
An alternative to PPV-recall curves is the ROC graph (right hand
side of Figure 46). ROC curves are not dependent on class distribution
[42, 53]. The ROC curves show the trade-offs between false positive
rate and true positive rate (i.e., probability that a randomly chosen
positive instance is ranked above a randomly chosen negative one).
Thus, ROC and PPV-recall curves provide complementary information
about algorithm performance. For example, comparing the PPV-recall
and ROC curves at a network size of 8,000 gives a more balanced
view of Zhu et al.’s algorithm performance; in this case, the PPV-recall
curve alone was excessively pessimistic.
Finally, the area under the ROC curve (AUC) is a further measure
of an algorithm’s performance [10]. The DGraF algorithm achieved
higher AUC values than Takahashi et al.’s algorithm in 3 out of 5
cases (2,000, 4,000, 16,000 nodes). Moreover, DGraF outperformed Zhu
et al.’s algorithm in all cases. These results are consistent with the F1score comparisons. They provide further evidence that DGraF’s performance is comparable to the results of Takahashi et al.’s algorithm for
the identification of peaks overall.
Sensor inaccuracy
It is desirable to predict an algorithm’s accuracy in the presence of
noise (i.e., sensor inaccuracy). The F1-score was measured as probablity of sensor inaccuracy varied. Autocorrelation was used in sensor
inaccuracy, where inaccuracy readings were randomly selected from
the actual readings within two times average communication range.
The total number of simulation scenarios was 4 (surface levels) × 4
(probability of sensor inaccuracy) × 10 (replications) = 160.
Overall, the F1-score of DGraF algorithm was greater than 0.6 in all
surface levels although the probability of sensor inaccuracy was 30%
in Figure 47. In terms of statistical significant test, the null hypothesis,
that there is no effect of the probability of sensor inaccuracy upon the
F1- score for identifying peaks on the all level surfaces, was rejected
(Kruskal-Wallis test, p < 2.2e − 16 significant at the 95% level). Further, there was a significant difference of the F1-score between each
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Figure 46: PPV-recall and ROC curves for irregular network sizes 1,000–16,000
nodes on a level 4 surface for all three algorithms
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surface level (Kruskal-Wallis test, p < 2.2e − 16 significant at the 95%
level).
6.2.5

Discussion

The results demonstrate that the DGraF algorithm is highly computationally scalable, with overall O(n) communication complexity. Although Zhu et al.’s algorithm also demonstrated overall O(n) communication complexity, regression analysis for Zhu et al.’s algorithm
indicated slightly larger constant factors for scalability, and notably
lower (R2 ) coefficient of determination. This is interpreted as evidence that, in a decentralized context, the DGraF algorithm can be
relied upon to consume less communication resources overall than
Zhu et al.’s algorithm.
In terms of load balance, the DGraF algorithm far outperformed Zhu
et al.’s algorithm, especially in the case of irregular network structures. Further, DGraF achieved equally good load balance at all surface
roughness levels, where Zhu et al.’s algorithm showed some evidence
of load balance degradation at higher roughness levels. This improvement is attributed to the use of a “face-based” approach in DGraF. By
contrast, Zhu et al.’s algorithm must expend substantial additional
messages identifying strong peaks and pits, using a threshold, from
amongst a number of possibilities.
When it comes to the accuracy of the algorithms, Takahashi et al.’s
algorithm performed at the highest levels of accuracy overall. This is
to be expected as Takahashi et al.’s algorithm operated in a centralized mode, rather than in the network, and had access to nodes’ coordinate positions. Despite operating decentrally in the network and

107

108

experiments

without any information about nodes’ coordinate positions, DGraF
achieved comparable (and occasionally better) accuracy for peak and
pit identification when compared with Takahashi et al.’s algorithm.
The DGraF algorithm outperformed Zhu et al.’s algorithm in accuracy
of peak and pit identification, at least in the case of irregular network
structures. In practice, most large geosensor networks are expected
to be irregularly structured, due simply to the spatial constraints to
network deployment. The reduced accuracy in Zhu et al.’s algorithm
is attributed to the threshold required to remove noise, and to the
sensitivity of the approach to limited granularity and irregular network structures. In general, Zhu et al.’s algorithm demonstrated high
recall, but at the cost of poor PPV, and so lower F1-scores.
The DGraF algorithm also demonstrated notable robustness to
changes in surface roughness and to spatial granularity effects (decreasing network size), maintaining high performance across all these
scenarios.
Further, the relative efficiency was compared using MSE of Euclidean
distance between real critical points and identified critical points. Evidently, the DGraF algorithm is more efficient than Zhu et al.’s algorithm with regard to passes. This implies that Zhu et al.’s algorithm
regarded a pass that has the highest value among potential passes
as a representative one. However, this is not a decisive method in a
discrete sensor environment.
In addition to the identification of peaks and pits, the identification
of passes is crucial part to construct the topology of a scalar field.
Both decentralized algorithms, DGraF and Zhu et al., performed at
a lower level than Takahashi et al.’s algorithm. Pass identification is
inherently a more challenging task for a decentralized than for a centralized algorithm, due to the extended spatial nature of passes, and
their dependence on (remote) pits and peaks for their identification.
An opportunity for future work exists to improve decentralized pass
identification to a level comparable with centralized algorithms, but
at limited computational expense.
6.3

monitoring spatial events in a dynamic field

The algorithm described in Section 5.2 was evaluated with respect
to our familiar three key features (overall scalability, load balancing,
and accuracy) in addition to a fourth feature: latency. As already discussed, latency is an additional important characteristic of algorithms
for monitoring events. In terms of accuracy, this research compared
the proposed algorithm’s results with the results based on two centralized algorithms (i.e., Takahashi et al. [125] and Wood [131]).

6.3 monitoring spatial events in a dynamic field

6.3.1

Experimental setup

The algorithm for monitoring spatial events occurring to surface networks (see Section 5.2) was again implemented within the agentbased simulation system, NetLogo. The previous Section 6.2 generated surfaces using Matlab, based on random differentiable scalar
functions. These generated surfaces were imported into the Netlogo
system. However, this section focuses on monitoring events in a dynamic field. A randomized scalar field was generated and this randomly generated field evolved continuously in the Netlogo system.
To achieve this, the Netlogo “diffuse" function was applied to randomly moving particles. This function could generate evolving randomized surfaces across a range of surface roughness levels.
As before, surfaces were classified into four levels based on the
roughness of surface. Level 1 surface on average 6 critical points; level
2, on average 8 critical points; level 3, on average 14 critical points;
level 4, on average 26 critical points. Each generated surface evolved
ten consecutive steps including the initial generated surface. Similarly, GSNs were simulated at five sizes, ranging from 1,000 to 16,000
nodes. The network was connected by a UDG and node locations in
the network were randomly distributed.
Thus, the basic test unit for monitoring events was 10 surface evolutions × 1 network = 10 simulations. The total number of simulations
therefore was 4 surface levels × 5 network sizes × 10 replications ×
10 (a basic test unit) = 2,000. The performance of the algorithm was
documented for each simulation scenario.
6.3.2

Overall scalability

The efficiency of the algorithm was evaluated with regards to overall
scalability. There were five different network sizes (i.e., 1,000, 2,000,
4,000, 8,000, and 16,000 nodes). While the network size increased, the
number of messages sent was measured. A strong linear relationship
between the network size and the number of messages sent is shown
in Figure 48. For example, in Table 15, the R2 values of all the simple
linear regression curves are greater than 0.99. Moreover, their constant factors range from 18.09 to 20.12. This indicates that each node,
on average, generates slightly less than two messages per evolution
time step. Further, the regression models are in accordance with our
expectation O(n) (see Section 5.2.3).
Next, we considered the experimental evidence on how the algorithm responded to each event. This experiment explored how variable the number of messages generated by the algorithm are during
ongoing changes. When events occurred at each evolution time step,
the number of messages required to monitor the events was investi-
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Figure 48: Overall scalability for monitoring events (averaged over 10 randomized networks and 10 consecutive evolution)

surface level

factor a

R2

Level 1

18.09

0.99

Level 2

18.28

0.99

Level 3

18.49

0.99

Level 4

20.12

0.99

Table 15: Resutls of power regression analysis (y = ax) for responsive curves
in Figure 48

gated. Figure 49 presents the number of messages generated by spatial events at each evolution time step for 16,000 nodes.
A mixed-factorial ANOVA test was used to evaluate the significance of any difference due to surface roughness levels, evolution
time steps, and interaction of surface roughness levels and evolution
time steps. There are three null hypothesis:
• There is no main effect of surface levels considered separately.
• There is no main effect of evolution time steps considered separately.
• There is no interaction of surface levels and evolution time steps
considered together.
A mixed-factorial ANOVA test revealed that there were significant
differences between the surface levels with 95% confidence. The post
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Figure 49: Number of messages generated by spatial events at each evolution step for 16,000 nodes

hoc comparisons (using Tukey honestly significant difference) indicated that there were no significant differences between Level 1 and
Level 2 surface, Level 3 and Level 4 surface. But there were significant
differences between the other pairs of surface levels. In addition, there
was no significant difference between each evolution time step and
no significant interaction between surface levels and evolution time
steps. Similarly, the different network sizes showed the same trend
(i.e., significant differences between surface roughness levels, and no
significant differences between evolution time steps, and no significant interactions between surface levels and evolution time steps).
6.3.3

Latency

Latency is the time delay required by an algorithm to generate the answer. Such an operational latency can give a picture of an algorithm’s
usability.
Figure 50 presents the results of the linear regression curves on
the latency of the algorithm. The latency was measured during each
evolution time step over the five different network sizes and four
different surface roughness levels. Ten randomized replications were
conducted at each surface level.
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Figure 50: Latency (in terms of the time required by an algorithm to generate the answer, averaged over 10 randomized networks and 10
consecutive evolution)

surface levels

factor a

power b

R2

Level 1

2.662

0.457

0.559

Level 2

5.319

0.392

0.449

Level 3

7.467

0.365

0.448

Level 4

8.330

0.364

0.472

Table 16: Resutls of power regression analysis (y = ax b ) for responsive
curves in Figure 50

There is a trend of increasing latency as both the network size and
the roughness of the surface increases. The most striking result to
emerge from the data, however, is that a simple power regression
shows there is no strong correlation between latency and network
size in Table 16 (i.e., 0.448 ≤ R2 ≤ 0.559). It is also important to
note that the regression models are based on assumptions, such as
the normality of residuals [43]. It is necessary to check the violation
of assumptions in a traditional approach to statistical inferences. The
Shapiro-Wilk test indicated that the experimental data violated the
assumption of normally distributed data. Thus, the generated regression model cannot be generalized outside of experimental data.
Alternatively, nonparametric bootstrapping can estimate statistical
inference, based on resampling data without making such assump-
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tions. Bootstrapping revealed that there are no big differences between the simple power regression model and the bootstrapping regression model in this experiment. For example, on the level 4 surface,
R2 is 0.472 in the simple power regression model and 0.474 in the
bootstrapping regression model. In terms of the power b, the difference between the average bootstrapping value and its power regression model is −0.0006. Thus, we conclude there is no bias between
them. Further, bootstrapping standard error of the power b coefficient
is nearly the same as the estimate generated by the power regression
model (i.e., 0.0184 reported by bootstrapping and 0.0182 reported by
the power regression). It is, therefore, reasonable to infer that latency
is not strongly associated with network size.
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Figure 51: Asynchronous network problem. The node, “a” was a previous
peak at t = 1

Indeed, latency is more closely related to the types of events and
to asynchronous networks. For example, Figure 51 presents one problem of network asynchronicity. Assume there are two peaks (“a”, and
“b”) at time t1 and one of them moves far away at time t2 . The node
(“a”, a previous peak at t1 ) sends a wipk message to an ascent vector
node for monitoring an event. Due to asynchronous networks, this
node “a” may send the message, based on partial information from
neighbors. For example, this node “a” sends a wipk message before
the node “a” receives all update messages from its neighbors. Thus,
the wipk message can be delivered to another peak (“b”, existed at t1 ),
based on temporary ascent vector information. To be more specific,
the node’s (“a”) real ascent vector is a node, “e”. However, the node
(“a”) sends a wipk message to a node, “d” because the node (“a”) has
not received a message from a node (“e”) yet. In this case, the previous peak node (“a”) detects the disappearance event and broadcast
swpk messages to replace the old peak id with the new one. Simultaneously, another node (“c”) has the highest sensed value among
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neighbors and waits for some messages to infer the peak appearance
or movement event in the idle state. In fact, this node should receive
the wipk message from the previous peak (“a”), but the node (“c”) receives wnpk messages from neighbors. This message causes the node
(“c”) to infer the peak appearance event. The wipk message is delivered wrongly to another node (“b”). The node (“c”) will repeat the
swap process using the newly appeared peak identifier. These results
can give rise to a long time delay in the operation. More details will
be discussed in Section 6.3.6.
6.3.4

Load balance

During initialization, each node sends three messages including a
ping message and additional messages for identifying the critical
points. During ongoing monitoring, each node sends one message
for updating a sensed value and additional messages for monitoring
events. As we can expect, an uneven load balance is more likely to
depend on a rougher surface as well as unevenly distributed nodes
in the network.
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Figure 52: Load balance for communication messages (averaged over 10 networks of 4,000 nodes and 10 consecutive evolution)

Figure 52 presents the load balance for 4,000 nodes. While a considerable number of nodes sent fewer than 30 messages, a few nodes
transmitted 267 messages, the worst case. One-way ANOVA was used
to analyze the significant difference in the proportion of nodes with
a load less than 30 messages between the four surface levels. The null
hypothesis is that all the means (a load less than 30 messages) of each
surface roughness level are equal. There was a significant difference
at the p = 0.05 level between the highly rough surface (level 4) and
the other surfaces (level 1–3). By contrast, there were no significant
differences among level 1, level 2, and level 3 surfaces. The same results were obtained for all the different network sizes.
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6.3.5

Accuracy

To compare the results obtained from the algorithm, this research
used Takahashi et al. and Wood algorithms to generate the ground
truth on each simulated surface. The scalar fields were simulated using the Netlogo system, based on patch values. The Takahashi et al.
algorithm can identify critical points using the logical comparison of
neighbors. It is, however, well known that this approach may generate
spurious identification of critical points [131].

Figure 53: Spurious pit. The figure originated from [131]

In Figure 53, an apparent channel is classified as a pit because the
identification of a pit is only based on local comparisons (i.e., a pit cell
has a lower value among neighbors). In order to remove these spurious identifications, [131] models a surface using a quadratic equation
(see Section 2.3.1). Then morphometric parameters are derived from
quadratic coefficients, such as slope, cross-sectional curvature, longitudinal curvature, maximum convexity, and minimum convexity.
These morphometric parameters provide a unique set of conditions
for critical points.
Therefore, this research firstly used the Takahashi et al. algorithm
(i.e., logical comparison of neighbors) to identify critical points. Next,
the Wood algorithm (i.e., morphometric characterization) was combined to increase the accuracy of the identification of critical points.
This approach provides the ground truth on each simulated surface.
After identifying the critical points for each simulated surface, this
research monitored events occurring to surface networks, based on
centralized computing.
In terms of the edge effects leading to incorrectly identified critical points at the boundary of a geosensor network, virtual pits were
used. Nodes within one-hop average communication distance from
the boundaries were connected with the virtual pits to remove the
edge effects. This approach was applied to all different network sizes,
to avoid generating any bias.
Based on the ground truth, as already discussed in Section 6.2.4,
the analysis of the PPV, recall, and F1-score was conducted over the
identification of critical points and the events occurring to surface
networks. It is apparent from Table 17 that the F1-score for the identification of critical points increased as the network size increased. Detection of peaks tended to perform better than passes on the F1-score
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Network sizes

Identification

Events

1000

2000

4000

8000

16000

Peak

0.77

0.87

0.91

0.93

0.96

Pass

0.64

0.76

0.81

0.83

0.87

Peak

0.77

0.86

0.89

0.93

0.94

Pass

0.84

0.91

0.90

0.88

0.91

Table 17: F1-score for the identification of peaks & passes and monitoring
events occurring at peaks & passes on a Level 4 surface

tests. This is the same result of the previous Section 6.2.4. The identification of passes is based on the identification of associated peaks
and pits. Thus, pass identification is more difficult in a decentralized
spatial algorithm.
In terms of monitoring events, the F1-score showed a similar pattern to the identification of critical points. However, the algorithm
sometimes performs better with passes than peaks on F1-score tests
for monitoring changes. This is because the identification of passes is
correlated with the identification of peaks (pits). Thus, the F1-score
for the identification of passes already reflects the effect of the identification of peaks (pits). When the F1-score for monitoring events occurring at passes was examined, previously identified passes are only
considered to avoid double-counting errors. Thereby, the F1-score for
the events occurring at passes results in better performance.
In addition, the F1-score tended to increase as the roughness of the
surface decreased in the experiment. The performance of the algorithm at pits followed a similar pattern to peaks.
Even though the F1-score provides a global view of the performance of the algorithm, the experiment should examine PPV and recall in more detail because there is a trade-off between the PPV and
recall. Figure 54 presents PPV-recall curves for the level 4 surface ranging from 1,000 to 16,000 network size. Compared with the F1-score in
Table 17, a similar pattern emerges in Figure 54. The most dense network size (i.e., 16,000 nodes) dominated the PPV-recall curves.
As regards the statistical analysis of the F1-score between different
network sizes on the same surface roughness level and between evolution time steps at each simulation run, non-parametric tests, such
as Kruskal-Wallis test and Friedman test were used. In terms of monitoring events occurring at peaks, the Kruskal-Wallis test was used
to infer whether there was a significant difference between different
network sizes on a level 4 surface. The null hypothesis was that there
was no effect of network sizes. The test revealed that there were significant differences at the 95% confidence level among different net-
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Figure 54: PPV-recall curves for network sizes 1,000-16,000 nodes on a level
4 surface

work sizes (i.e., 1,000–16,000). This is already presented graphically
in Figure 54b. Furthermore, a Friedman test was conducted to examine whether there was a significant difference between evolution
time steps on a level 4 surface with 16,000 nodes. The null hypothesis was that there was no effect of time steps. Indeed, no significant
differences were found between the evolution time steps (i.e., time t1
– time t10 ) on a level 4 surface with 16,000 nodes. This pattern was
repeated for all surface levels and network sizes.
6.3.6

Discussion

The results of the experiments on overall scalability confirmed that
the algorithm is highly scalable, with overall O(n) communication
complexity. The linear regression curves showed a good fit, expressed
by R2 ≥ 0.99 in all cases. With regard to the number of messages
generated by spatial events at each evolution step, there was a statistically significant difference between surface roughness levels. However, no significant differences were found between each evolution
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step. Therefore, it can be expected that the performance of the algorithm differs in surface roughness levels. However, the algorithm operates on consuming steady communications resources between each
evolution time step.
Considering the latency of an algorithm, the regression analysis
shows that there was statistically no strong relationship between the
latency and network size. A possible explanation for this might be
the close correlation between latency and the type of events as well
as the asynchronous networks (i.e., no assumptions about time in the
network). For example, the algorithm uses a spatial structure, such as
catchment areas. If a peak disappears, nodes that have an old peak
identifier will exchange their peak identifier for the new one. This
swap event can lead to a long latency compared with movement or
switch events. Section 6.3.3 clearly illustrates one of the problems
of the asynchronous networks. It is difficult to keep the data consistent in asynchronous networks. Therefore, an efficient synchronous
process (e.g., bounded communication delays) is required for data
consistency and efficiency [123, 128].
The third evaluation criterion was the load balance. While a substantial number of nodes transmit less than 30 messages, some nodes
sent more than 200 messages. These nodes frequently can be found
at a pass-cluster for the same associated peaks and pit. These nodes
continually update their pass-cluster members and a representative
(or strong) pass among them. In particular, a highly rough surface
and the limited spatial granularity of a sensor network significantly
influence these nodes’ load.
In terms of the accuracy of the algorithm, the identification of critical points is consistent with that of the previous Section 6.2.4. The
accuracy of the events occurring at peaks (pits) also accords with
that of the identification of peaks (pits). However, the accuracy of the
monitoring events occurring at passes outperforms that of the identification of the passes because only identified passes are considered
during monitoring events at passes.

7

CONCLUSIONS

This thesis has demonstrated how decentralized algorithms can monitor the qualitative characteristics of, and changes to spatial fields
using GSNs. The problem of monitoring the important characteristics
of fields is challenging both because of resource constraints and the
finite spatial granularity in GSNs. Thus, the algorithms developed are
decentralized, and can operate in-network with no centralized control. The approach also requires no coordinate information, only information about each sensor node’s neighbors’ sensed values. Further,
the approach accounts for the limited spatial granularity of a geosensor network in the design of the decentralized spatial algorithms.
7.1

results and major findings

This thesis investigates the states and events of static and dynamic
fields. Fields are represented as thresholded regions or as a surface
network. The major research contributions are presented as follows:
Topological relations between static regions
This thesis firstly investigates the characteristics of static fields monitored by GSNs, embodied in Section 4.1 and Section 6.1. The fields
monitored by GSNs are represented as thresholded regions. In particular, topological relations between static thresholded regions are
investigated. The study has affirmed that spatial queries about topological relations between simple and complex regions can be satisfied
using a decentralized spatial algorithm. The approach combines efficient data aggregation with spatial filtering, targeting communication
at those nodes at or near the boundary of monitored regions. Significantly, the algorithms do not depend on quantitative coordinate information, only on relative neighborhood information. Because qualitative neighborhood information is expected to be available at the
most basic level to any GSNs, the algorithm is well-suited to highly
resource-constrained networks, with no access to GPS or other positioning systems.
Identifying surface networks in a static field
This work also explores the representation of fields as surface networks. An algorithm for identifying a surface network in a monitored
static field was designed and tested (see Section 5.1 and Section 6.2).
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The decentralized algorithm designed was shown to achieve comparable or superior efficiency and accuracy when compared with a
state-of-the-art decentralized algorithm. The algorithm also achieved
similar accuracy, at least in the case of peak and pit identification,
when compared with a commonly used centralized algorithm.
Monitoring spatial events in a dynamic field
In addition to the atemporal characteristics of fields based on surface
networks, in the final step this work delved into monitoring events in
a dynamic field (see Section 5.2 and Section 6.3). In particular, this thesis focused on monitoring spatial events that occurred to surface networks in a dynamic scalar field. The study demonstrates that a decentralized algorithm can monitor events occurring to surface networks
without location information. The four primitive events occurring to
surface networks are set out: appearance, disappearance, movement,
and switch. The decentralized algorithm is based on stable/unstable
Morse complexes, such as catchment areas, to monitor changes effectively in a time-varying field.
Evaluation of hypothesis
Returning to the hypothesis posed at the beginning of this thesis (see
Section 1.2), it is now possible to answer the questions:
• decentralized algorithms have been shown to identify satisfactorily the important characteristics (i.e., states and events) of fields
monitored by GSNs,
• all algorithms developed have been demonstrated to operate
decentrally without quantitative coordinate information,
• the results of experiments have demonstrated that algorithms
are highly scalable and achieve comparable or superior efficiency when compared with the state-of-the-art decentralized
alternative, and
• in terms of accuracy, even though there are effects of the limited
spatial granularity of a sensor network, the algorithms developed perform at high levels of accuracy overall and outperform
the state-of-the-art decentralized algorithm.
7.2

limitations and future works

Although the algorithms described in this thesis are efficient and accurate, there are a number of limitations of the work, which indicate
directions that could be pursued in the future.

7.2 limitations and future works

Limited spatial granularity of a sensor network
The design of algorithms in this thesis are in part a response to the
problems of inferring the properties of a continuous surface from its
discretization. Thus, the experimental investigation of the algorithms
focuses on the empirical relationship between an underlying continuous surface and its discretization. The results reveal that the limited
spatial granularity of a geosensor network decreases the accuracy of
the algorithms: the misclassifications of topological relations between
thresholded regions (Section 6.1.4); and the misidentification of critical points and events occurring to a surface network (Section 6.2.4
and Section 6.3.5). For example, it is non-trivial to define the meet
relation between granular spatial regions monitored by a geosensor
network. In Figure 55a, regions in the continuous space must slightly
overlap to be detected as meet in the finite spatial granularity of a
sensor network. Further, large holes in a geosensor network’s coverage contribute to the misidentification of critical points as well as the
misidentification of monitoring events occurring to surface networks.
In Figure 55b, two peaks are identified for the same real peak due to
a hole.
A strong peak
Ascent vector

1000

100

80

60

40

20

1000

(a) Week definition of Meet

(b) Network hole

Figure 55: Limited spatial granularity issues

This discovery provides a focus for future work to require more
generalized descriptions of discrete topology in a geosensor network.
Further, it would be advantageous to add a mechanism for detecting
holes using decentralized spatial algorithms at limited computational
expense without losing accuracy.
Synchronous networks
This thesis makes no assumptions about synchronicity in networks.
The algorithms make no assumptions about message ordering nor
about communication delays. Messages are assumed to be reliably
delivered in a finite amount of time. Such minimal assumptions help
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to increase robustness of decentralized algorithms. However, when
decentralized spatial algorithms monitor events in a dynamic field,
asynchronous algorithms have a difficulty in coordinating nodes in
terms of data consistency and efficiency. For example, during ongoing
monitoring events (see Section 5.2 and Section 6.3), some nodes become temporary peaks, based on partial information from neighbors.
Then these nodes evaluate whether they are a strong peak or not. This
process degrades the efficiency and accuracy of algorithms because
nodes become frequently temporary peaks. Thus, this research has
nodes waiting for a message from pits. This message confirms that
the nodes have the highest value among neighbors in order to confirm
a strong peak. Even though this approach increases the efficiency of
an algorithm, it also increase the latency of the algorithm. Therefore,
it would be advantageous to enable synchronous responses to some
events.
Alternative representation
This research represents fields as thresholded regions and surface networks. In particular, surface networks cannot represent all surface features (e.g., plateaus, junctions, or bifurcations). The surface network
model is based on the assumption of the underlying continuous surface. More research is required on the different representations of
fields, such as contour trees. The contour tree has non-constrained
nature, based on the evolution of the level sets. For example, surface
networks do not allow channel junction and ridge bifurcation (i.e., a
pass must be connected with peaks and pits). Thus, it could be meaningful to address questions such as what difference do these representations make in terms of capturing the underlying continuous fields;
or how to convert between each representation.
Node mobility and uncertainty
While this research focuses on environmental changes in static GSNs,
further research (i.e., node mobility) would be of great help in the
understanding GSNs management in a broad range of applications.
Moreover, in practice, it would be important to incorporate tolerance
to uncertainty. Phenomena in our environment are modeled as fields
in this research. The fields are represented as precise thresholded
regions and surface networks. However, geographic objects could
have indeterminate boundaries. Similarly, a surface network would
inevitably fail to capture all the variations present in the surface. It
is necessary to incorporate uncertainty associated with thresholded
regions and surface networks. Further, uncertainty can occur in regard to sensor nodes. For example, it is important to develop robust
algorithms that tolerate inherent inaccuracy in low-cost sensor data.

7.3 practical implications

Section 6.1.4 and Section 6.2.4 briefly touched upon robustness to sensor inaccuracy. It is reasonable to expand many possibly effects with
sensor inaccuracy, such as different network sizes and structure, or
the absence or presence of autocorrelation.
In addition, it is required to consider fault tolerance (i.e., node
faults or link faults). Communications are assumed to be reliable in
this research. For example, a strong peak is confirmed by receiving all
its neighbors’ positive messages in DGraF algorithm (see Section 5.1.2).
If one of neighbors fail to operate, it is impossible to identify a strong
peak. The algorithm should be concerned with fault tolerance in order to continue to operate. This consideration adds another layer of
complexity to designing GSNs.
However, algorithms in this dissertation focused on efficiency, based
on qualitative spatial structures. Even though algorithms provide less
precise information in the presence of sensor inaccuracy and sensor faults, qualitative spatial information can reduce communication
overload that is an inherent resource constraint in a GSN.
7.3

practical implications

Although this thesis has focused on the theoretical and algorithmic
aspects of computing in a GSN, it is worth briefly considering the
practical implication of this work. This thesis enhances our understanding of characteristics of, and changes to fields monitored by
resource-constrained GSNs. These findings have a number of important future practices in relation to environmental monitoring.
Imagine wildfire risk management system. Wildfire risk is closely
related to the dryness of fuel. Drought factor and fuel moisture content (FMC) are two examples of measures of fuel dryness. These measures are key factors to predict wildfire behavior. In particular, the
amount of moisture in the fuel has a significant influence on fine
fuel consumption. Thus, a GSN can be deployed across areas to monitor the level of fuel moisture content. For example, a number of environmental sensor nodes have been deployed in order to measure
temperature, radiation, humidity, and soil moisture in the resilient
information systems for emergency response project (RISER)1 . If an
area has high temperature, high radiation, low humidity, and low soil
moisture, this area indicates low fuel moisture content. As fuel moisture content decreases, the rate of spread of wildfire and of erratic
fire behavior increases.
Thus, the approach presented in this thesis might be applied into
this application. The low fuel moisture content area could be represented as thresholded regions in a GSN (e.g., as a set of the overlap
between high temperature, high radiation, low humidity, and low soil
moisture). If wildfire encroaches on the low fuel moisture content
1 Available at http://riser.net.au/
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area which is a residential area, the wildfire risk management system
might use this information to warn residents in this area to leave or
be aware of the high risk. Further, another interesting query might
be to predict forest canopy areas. The measure of tree cover could be
answered by asking where is the overlap between high radiation and
high temperature in the forest.
Alternatively, the wildfire risk management system might be required to monitor changes in the lowest soil moisture or highest temperature. These changes can be qualitatively represented as events in
surface networks. The algorithms designed in this research could facilitate assessing and monitoring the level of lowest soil moisture or
highest temperature.
Thus, the decentralized approaches developed in this thesis could
open new ways to detect, monitor, and react to phenomena in our
environments using a GSN.
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