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Abstract

Sensor data are increasingly used in monitoring spatiotemporal phenomena for diverse
applications such as flood management, urban traffic, air quality control, forest fire man-
agement, etc. Real-time modelling and representation of such evolving phenomena is
fundamental for efficient and near-real-time decision-making processes. In addition to
simple and local alerts about occurring changes over time at a given location, as is the case
in Sensor Event Service (SES), the decision-making process may require more global spatial
information, such as knowing if the monitored phenomenon is expanding or contracting
around a given spot or if it is moving from one spot to another, especially for non-punctual
spatial features. For such cases, spatiotemporal information should be computed over
the whole set of distributed data from which the geometry of monitored phenomena can
be assessed. This paper proposes an event-driven fuzzy rule-based decentralized spatial
reasoning approach to compute spatiotemporal changes occurring in vague shape phe-
nomena from distributed sensor data streams. Inferring local and partial spatial changes
from individual nodes over the sensor network is prior to the computation of developing
changes that the monitored phenomenon undergoes over the whole area covered by the
sensor network. In this approach, we suggest a Fuzzy-Extended Spatiotemporal Change
Pattern (FESTCP) to compute spatiotemporal changes about fuzzy regions. To evaluate
our method, simulated case studies of ambient air pollution in Quebec City are carried out.
The results reveal that the proposed method could provide satisfactory information about
spatiotemporal changes in real-world phenomena monitored by a sensor network for a
real-time decision-making process.

Keywords: sensor network; datastreem; fuzzy object; spatiotemporal changes; dynamic
phenomena; ambient spatial computing

1. Introduction

For many geospatial applications requiring spatially and temporally referenced data,
advances in sensor and positioning technologies in recent years have facilitated unprece-
dented growth in data collection [1]. Sensor data streams are widely used in many ap-
plications such as intrusion monitoring, manufacturing, disaster response, radioactive
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accidents, air quality control, etc. [2]. Real-time and instantaneous modelling and comput-
ing spatiotemporal information about such transient environmental phenomena is therefore
required for a better understanding and a more efficient support to real-time spatial de-
cision systems. Most of the developed approaches are based on the fact that sensor data
provides snapshots of phenomena at a given time and location; a series of static snapshots
can therefore help in understanding the dynamic behaviour of a given phenomenon [3].
As a way to inform users about changes in sensed phenomena, Sensor Event Service (SES)
was built within the Sensor Web Enablement initiative of the Open Geospatial Consortium
(OGQ), to support event processing from sensor data stream [4], by filtering incoming
sensor data stream according to predefined criteria for particular changes. Apart from
having a simple alert about occurring changes over time at a given location, as is the case
in SES, one may like to know if the monitored phenomenon is expanding or contracting
around a given spot or if it is moving from one spot to another. For such types of analysis,
knowledge about the spatial extents of monitored phenomena over time is therefore prior
information, especially for non-punctual features.

Sensors are characterized by limited sensing range, memory and computation capabil-
ities [5]; no node can therefore assume to have complete information about the geometries
it belongs to; more spatiotemporal knowledge can only be inferred by engaging in commu-
nication with neighbouring nodes [6]. In such a decentralized spatial computing approach,
spatiotemporal analysis about monitored reality relies on sensor network (SN) topology
which may also evolve over time [7]. Additionally, sensor positions will eventually not
match the exact edges of the phenomenon’s extent, whose spatial shape is ultimately
vague. On the other hand sensor density, which varies over sensor network extent, is a
key point to ensure quality in derived spatial knowledge about the extent and geometry
of monitored phenomena and their dynamics [8,9]. These lead to some uncertainties in
derived spatial knowledge while computing the geometry of monitored phenomena from
sensor records [10]. Changes in sensor data value, which stand as a proxy for events occur-
ring in the real world, lead to changes in the spatial signature of monitored phenomena;
these changes are generally captured by comparing consecutive discrete snapshots over
continuously evolving phenomena.

Among existing reasoning formalisms about spatiotemporal knowledge, event cal-
culus can use a limited set of predicates and formulas and can easily be adapted to an
agent with limited computing capacity, as is the case with geosensors. Furthermore, event
calculus is the only formalism offering the opportunity to infer spatiotemporal knowledge
following 3 reasoning approaches: abductive, inductive and deductive [11-13]; this gives
the opportunity to a good variety of application domains [13]. Deductive inference includes
temporal analysis, where the outcome of a known sequence of actions is sought. In a sensor
system, what is happening over time is captured by sensor measurements [14]; the spatial
signature of happenings, which is sought, can be inferred from sensor data geosemantics.
Inductive and abductive reasoning approaches infer more generalizing and theoretical
knowledge as scientific discovery and theory formation, and their reasoning rules include
approaches such as machine learning [13]; such approaches are more demanding in terms
of computing resources, which are limited in sensor systems.

This paper, which is part of a PhD work [15], aims at developing a deductive event-
driven approach for pervasive modelling and reasoning about spatiotemporal changes
occurring in continuous evolving phenomena with fuzzy boundaries monitored by SN.
Existing decentralized spatial computing approaches for reasoning and modelling sensed
phenomena are based on the assumption that they can be represented using spatial ob-
jects with crisp boundaries. This does not conform to real-world situations about many
environmental phenomena whose boundaries are fuzzy; some application examples are

https:/ /doi.org/10.3390/1jgi15050194


https://doi.org/10.3390/ijgi15050194

ISPRS Int. ]. Geo-Inf. 2026, 15, 194

30f26

air pollution, temperature zones, magnetic fields, storm intensity, and solar insolation [16].
Sensor nodes infer spatial information denoting their relative position with respect to
the spatial extent of the phenomenon, which is inherently fuzzy. Static sensing agents
making the network can infer local changes about their relative position with respect to the
fuzzy extent of the monitored phenomenon, as the basis for reasoning about phenomenon
dynamics, inferred changes might vary too much in space and time over the SN extent.
Such variability requires appropriate spatial reasoning that considers the possible fuzzy
nature of the phenomenon to avoid mismatch amalgamation in computing and modelling
dynamics about sensed phenomena from granular changes inferred by sensing agents.

Sampling procedure defines the sensors’ measurement timeframe [17], which may not
match that of event occurrence in the sensed phenomenon. The exact time of the event
occurrence cannot be deduced from the sensor’s measurements with certainty. Allen’s
interval logic rules may contribute to solving the outstanding question of temporal inde-
terminacy while computing differences in consecutive qualitative spatial information for
understanding and modelling monitored phenomenon dynamics in sensor systems.

The remainder of this paper is organized as follows: Section 2 presents the framework
of the approach suggested to compute spatiotemporal changes about vague shape dynamic
phenomena in SNs; the approach is formally described in this section. In Section 3 we use a
case study used in testing its applicability and performance, and the results are presented.
Section 4 draws conclusions and identifies future research work.

2. Materials and Methods

Compared to static data models implemented in many GIS applications, the represen-
tation of spatiotemporal entities seems more challenging and receives much attention in
the literature.

In object-oriented GIS, objects in the classes may change from one state to another;
the changes themselves are not explicitly handled but are implicit in the variations in the
properties of the objects [18]. An object § changes if and only if there exists a property P of
6 and distinct times ¢ and ¢’ such that 6 has property P at t and 6 does not have property
P at t'. State returns the state of an object at a given time, that is, the values of its spatial
and non-spatial properties at that time [19]; similarly, sensor data describe monitored
phenomena at a given time from which the spatial pattern of the very phenomenon is
computed. A change in sensor data value over time expresses the dynamic character of
monitored phenomena.

The change element or geographic event can be categorized into time changes, location
changes or attribute changes. In the context of geosensor observation and monitoring,
an event is considered to be any happening observed at a given time or interval of time
resulting in a variation in sensor data value and effectively leading to a change in spatial
coverage (extent, geometry) or position of monitored reality. The spatial attribute (extent,
geometry) of a geographic object modelling a monitored phenomenon may be derived
from sensor data values; for instance, recorded values of rainfall of d > 0 are indications of
rain happening at the sensor’s location at a given time. The spatial deployment of sensors,
which depends on the nature of the monitored phenomenon or sensor type, determines how
the spatial interpretation of change or event about the monitored geographic phenomenon
will be realized. In the context of geosensor networks monitoring a phenomenon which is
modelled by areal spatial objects, where sensors are fixed (holding the same location over
time), changes in sensor data value over time are a proxy of changes in the phenomenon
attribute and spatial property of the monitored phenomenon. The spatial change is implied
in this context on the basis of the relative position (out, within, etc.) of sensor nodes with
respect to the spatial extent of the monitored phenomenon. As shown in Table 1, a static
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sensor node, whose position is passed from an outer position at fy to an inner position
at t1, with respect to the extent of monitored rain, will present a change in the value of
sensed data. Looking at the change in the geometry or location of monitored rain, the
very sensor can infer either an expansion of the rain or the delocalization of the rainy area.
Geosensors are characterized by limited sensing range; for this reason, geosensors cannot
have complete knowledge about the geometry of a large-scale monitored phenomenon
without the contribution of the whole sensor network.

Table 1. Illustration of spatial changes inferred from the records of a static sensor node about an areal
environmental phenomenon (rain).

A
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Sensor location

w

~ - /\ -
/ Rain extent) <\'S\’> C Rain extent)
\ __ Sensor Iocationv \ 5

fo t2

/\\ I. Rain extent
tt
Time to t tr
Attribute Rain =0 Rain >0 Rain =0
Sensor location Out of rainy area In rainy area Out of rainy area
Change type / Rain is occurring: Time, Rain is terminating: Time,
(sensor-based) location, attribute location, attribute
Spatial change / Rainy area is expanding or  Rainy area is contracting or
(phenomenon-based) moving moving

Identifying the type of spatial change from local sensor data streams as a discrete
and local change may lead to some vagueness in inferring spatial information because of
incompleteness in local sensor data concerning large-scale phenomena. A spatial expansion
or drifting of the rainy area may be inferred from the observations of a unique sensor
node location, whereas the complete set of sensor data streams collected over the sensor
network will provide knowledge about changes concerning the spatial extent and geometry
of a monitored large-scale continuous phenomenon. For fuzzy environmental phenomena
such as air pollution or rain, the relative position of nodes with respect to the monitored
phenomenon cannot be inferred as a Boolean qualitative spatial statement.

According to Wang et al. [20], a change in the object-based model of geographic
phenomenon exists between any time, location, and attribute of different states, regardless
of whether they are of the same geographic object or not. Two categories of change can
therefore be distinguished: a developing change shows the changes from one geographic
object, and an evolving change describes the changes between two different geographic
objects. In this light, the expansion of the rainy area will stand as a developing change
in the rain, whilst the spatial drifting of the rainy area can be considered as an evolving
change, as far as the spatial relation between the rainy area and sensor node location is
considered. Consecutive snapshots of the rainy area between ty and ¢; reveal a developing
change about the spatial extent and geometry of spatial object modelling the rainy area.
This is true if the computation of spatial change considers the change in spatial objects
representing the rainy process alone, ignoring its relative position with respect to the sensor
node location, even though the spatial object is computed based on sensor location and
observations over the sensor network. The spatiality of the spatiotemporal change process
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reflects the close relationship between the state or change process of spatial objects and
spatial position, morphology, topology, distribution and difference [21].

2.1. Presentation of the Event-Driven Decentralized Spatial Computing Approach for Reasoning
and Modelling Developing Changes About Vague Spatial Shape Phenomena in SN

Geographic features may be represented as discrete points or lines for features of
punctual or linear geometries, while field-like phenomena may be represented using a
raster-based or an object-based (polygon) approach [22]. For many GIS applications, the
object-oriented model brought GIS closer to how humans think about the world and
expanded our ability to represent both relationships and dynamics [23-26].

Events and processes are essential constituents in geospatial dynamism which requires
computation of both spatial and temporal characteristics [27]. Geospatial dynamism is
essential for many applications in GIS, such as environmental resource planning, renewable
resource management, disaster mitigation and environmental impact assessment, etc.
Changes in consecutive sensor data values are the main proxy for event and process
describing the dynamism dimension of monitored phenomena. In this study, we are
interested in monitoring and modelling spatial changes in the spatial extent and geometry
of large-scale phenomena with possible vague shapes monitored by sensor networks. The
spatial object representing a snapshot of the monitored phenomenon at a given time is a
fuzzy-crisp object with kernel and conjecture parts describing the fuzzy spatial pattern
of the measured property [28]. The manifestation of the monitored phenomenon at a
given time and space stands as the prime cause of measure data value. Changes in time
series sensor data value reveal event occurrence, denoting the dynamic characteristic of the
monitored phenomenon, which may lead to changes in spatial coverage and geometry of
monitored reality as the spatial effect of detected events [29]. Spatial computing of spatial
changes in a decentralized computing approach is a two-stage reasoning process:

e A first stage at the level of sensor nodes based on locally inferred changes over time-
series observation data;

e A second stage at the level of sensor networks, where ongoing developing changes
about the coverage and geometry of a sensed phenomenon are inferred from fused
local spatial changes computed by sparse sensing nodes.

For deductive event reasoning, these two stages require premises and conclusions that
cope with the spatial level (local and global) of reasoning concerned.

The formulation of the premises “What happens when” and “What action do” en-
compasses the time, attribute and location components of sensor data in relation to the
semantics of the phenomenon of interest, and its spatial representation. The conclusion
statement expressed through the fragment “What is true when” of the reasoning process
should accommodate the eventual vague shape of the spatial object modelling the moni-
tored phenomenon. The built-in event calculus engine (ECE) uses a knowledge base and
a rule-based component to infer on event detection and its spatial effect. The proposed
approach is built on three steps of computation based on logic programming and imple-
mented using the Prolog language which has been formerly used successfully for event
calculus [29]; these steps are:

e  Reifying qualitative spatiotemporal status (fluent) from sensor data stream.

e Identifying local spatiotemporal change based on consecutive spatial status.

e  Fusing spatial changes inferred by sensor nodes and inferring developing spatiotem-
poral changes about the monitored phenomenon.

In the following sections, we present the conceptual framework of the proposed
approach and describe in detail its main steps.
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2.2. Conceptual Framework of the Event-Driven Decentralized Spatial Computing Approach in SN

In the tetrad framework of spatiotemporal change suggested by Galton [30], an object
may be thought of as primarily existing in space, but having a temporal extent, so an event
may be thought of as primarily existing in time, but having a spatial extent. Because the
sampling procedure implemented by sensors defines measurements timeframe [17], the
exact time frame of changes or events occurrence is unknown and surely different from the
observation timespan as claimed in ref. [31]. The temporal component of our reasoning
approach is made of a time interval framed by the date of measurements, expressing a
change in the relative position of the sensor vis-a-vis the region defining the coverage of the
phenomenon. Due to the inherent fuzziness of real-world environmental phenomena [32]
monitored by geosensor networks and the limited range of sensor measurements, the
spatial component of our approach which is based on fuzzy-crisp spatial object is a double
stage (local and extended) spatial component.

The conceptual framework used for spatiotemporal reasoning in this study, similarly
to the reasoning approach proposed in ref. [33], is made of three separate domains corre-
sponding in our case to the three fragments of the deductive event-based reasoning process:

o  The temporal domain corresponding to the fragment “what happens when” of the
event calculus engine is one of the premises of the deductive reasoning process.

e  The spatial domain making the fragment “what actions do” where the spatial change
corresponding to the detected change is inferred as the second premise of the reason-
ing process.

e  The double-stage spatiotemporal domain corresponding to the fragment “what is true
when” where the conclusions (local and extended) are drawn.

For the appropriate formulation of statements (premises and conclusions), the seman-
tics of geosensor data streams, monitored phenomenon and its spatial representation are
required. The sensor network data meaning is set by the integration of domain ontology in
the SSN ontology as shown in ref. [34]. Sensor nodes in our approach are provided with
some reasoning capabilities to compute information about spatiotemporal changes from
their measurements through a built-in reasoning engine, changing sensors into intelligent
agents [35]. Doing so, sensors abstract away from others only relevant spatiotemporal
information, revealing spatial states in their vicinity by mediating between the domain and
the conceptual level of measurement. The reasoning engine is made of a knowledge base
and a rule base through which sensors can infer spatial states and event detection from
time series observations. The general presentation of the framework is shown in Figure 1.

In this framework, a knowledge base (KB) is made of formal statements expressing:
(1) the meaning of sensor network data; (2) the description of spatial structure and geometry
of a spatial object (fuzzy-crisp region); (3) the spatial coverage of a monitored phenomenon,
and (4) the temporal relationships (Allen’s interval relationship) among ongoing changes.
The rule-based subunit is made of spatial and temporal rules based on Allen’s interval logic,
FESTCP and event-based ontology for computing changes in spatial extent and geometry
of monitored phenomenon over time.

The blue dash arrow illustrates the way sensor data streams are changed into qualita-
tive spatial information expressing the geometry and spatiotemporal changes occurring
over time in observed phenomena to support decision-making processes. This change from
sensor data value into spatiotemporal information is done by the sensors’ built-in reasoning
engine which is made of formal reasoning rules. Networked sensors then collaboratively
compute from their spatial statuses the geometry of monitored phenomena at a given time
and infer spatiotemporal changes which may be of a fuzzy type. The event-calculus-engine
equipping sensors use consecutive qualitative spatial information inferred by sensors from
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data stream values and time of measurement to infer the type of ongoing spatial changes
based on the FESTCP model, which is clearly presented in Section 2.4.
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Figure 1. Conceptual framework for reasoning and modelling spatiotemporal phenomena in sensor
network using built-in event calculus engine.
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2.3. Computing Sensor Spatiotemporal Status from Sensor Observations

Real-world phenomena are inherently uncertain [36] and have no defined boundaries.
Fuzzy-crisp object model promoted in ref. [37] stands as an interesting and more realistic
candidate for representing such phenomenon coverage at a given time. The proposed
approach is based on decentralized spatial computing; each sensor node undertaking
measurements about a monitored phenomenon should be able to compute part of the
complete knowledge about happenings within the sensor network (SN) extent.

The sensor reasoning engine is a fuzzy inference engine made of a fuzzification and
a defuzzification subunit. The fuzzification subunit uses a fuzzy membership function
(FMF) f to compute membership value p = f{Sr(t,Loc(s))} for each sensor record Sr at time t
and location of sensor s. The defuzzification subunit qualitatively identifies spatial status
from sensor data value over time using three-valued logic rules based on a threshold
membership value k defined in accordance with the application semantics.

Three situational values are assigned to the sensor’s location with regard to their
membership value: kernel, conjecture or outer. We can write the following rules for
situational inference:

u=f(Sr,t), uelo, 1.

HoldsAt(kernel, Sr,t) : — u > k.(Sensor location belongs to the kernel zone.)
HoldsAt(conjecture, Sr,t) : — 0 < p < k. (Sensor location belongs to the conjecture zone.)
Holds At(outside, Sr,t) : — u = 0. (Sensor location is out of the phenomenon’s extent.)

The detection of a phenomenon (kernel or conjecture) by a sensor triggers the
preparation and propagation of queries to one-hop (directly linked) neighbours named
N(s) through the communication mesh materialized by links between nodes, as shown
in Figure 2. This collaboration among nodes aims at inferring spatial information about
the extent and geometry (spatial boundaries of kernel and conjecture parts) of a monitored
phenomenon. A node detecting the monitored phenomenon can guess border detection
but will not identify boundary vertices with certainty. The purpose here is not to draw the
spatial extent of the monitored phenomenon, but to use the relevant sensor spatial state in
computing the spatial effect of detected changes (events).

Considering the geometry of the fuzzy-crisp spatial object representing the monitored
phenomenon, the spatial status of each node expresses its relative position as regards the
detailed geometry of the fuzzy-crisp object representing the spatial extent of the sensed
phenomenon. From the detection of kernel and conjecture boundaries, each node of
the SN observing such vague shape phenomenon at a given time may belong to one of
the seven spatial statuses: Kernel-inner; Inner-Kernel-boundary; Outer-Kernel-boundary;
Conjecture-inner; Inner-Conjecture-boundary; Outer-Conjecture-boundary or Outer as
shown in Figure 2.

In Figure 2, sensor nodes are labelled according to their spatial status; for visibility
purposes we labelled them as follows: 1 for Kernel-inner; 1-1 for Inner-Kernel-boundary;
1-2 for Outer-Kernel-boundary; 2 for Conjecture-inner; 2-1 for Inner-Conjecture-boundary;
2-2 for Outer-Conjecture-boundary and nothing for Outer spatial status.

While nodes continuously record data about what is happening in their vicinity, they
are able to infer their new status. In our approach, any sensor keeps the last computed
spatial status until there is a sufficient increment in recorded data to give place to a new
status from which events are computed. This spatial information is important, particularly
when computing the spatial effect of detected events or supporting spatial decision-making.
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Figure 2. Possible spatial status of a sensor node within a vague spatial phenomenon (brown colour
for the kernel part and light brown colour for broad boundaries).

2.4. Local Inference of Events from Consecutive Sensor Spatial States

In dynamic phenomena, sensor spatial status may change over time, expressing
the transition of spatial object modelling monitored reality from one state to another.
Worboys [38] claims that each situation has a state which is represented here by the set
of sensor spatial states at a given time within the SN, and actions or events change from
one situation to another. Changes in inferred sensor spatial state represent spatial changes
in observed properties over time leading to representation of the spatial changes in a
monitored phenomenon from one situation to another; changes in sensor data value stand
as a proxy to events inducing spatial changes. Because changes in sensor data values may
not automatically lead to a spatial change in the spatial coverage or geometry of a sensed
phenomenon, only a change in the spatial state of a given sensor is considered in this study
as a change (event or action). Due to the limited computing resources in sensor systems,
each sensor stores its current spatial state with the first time ¢( it was inferred and recorded,
and then triggers event reasoning from the date t. A substantial change in measurement
reveals a change in the spatial status of this very sensor. As the sampling time may be
different from the exact time any change occurs, the time component in our reasoning
approach is a period T = [t — t]; tp is then updated while the former spatial status is
updated with the current status.

https:/ /doi.org/10.3390/ijgi15050194
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Sensor spatial statuses are considered fluent for premises statements in inferring
local spatial changes. At the level of a sensor node, the main spatial change inferred
from consecutive spatial status is either an expansion or a shrinkage of the topological
part (kernel, conjecture) of the spatial extent to which it belongs. As shown in Table 1,
to infer if the spatial extent of the monitored phenomenon is moving from one spot to
another, the reasoning rule should encompass the knowledge about the spatial extent of
the phenomenon; this is not the case at the level of a single sensor and can only be done
at the level of the sensor network. The following rules exemplify the deductive reasoning
process of the approach.

For a given sensor, whose former spatial status is Outer-Kernel-boundary, for-
mally stated as InitiallyP(Outer — Kernel — boundary), a sudden measurement revealing a
change in the position of this sensor to a Kernel-inner position reveals an amplification of
the sensed phenomenon in the vicinity of the sensor location and a growth in the extent of
the kernel part of the phenomenon’s spatial coverage. The reasoning rule used in this case
to identify the change is formally written as follows:

InitiallyP(Outer — Kernel — boundary) And Happens(Grow, T) D Initiates(Grow, Kernel, T)

where Happens(amplify, T) Or Happens(Grow, ) and InitiallyP(Outer — Kernel — boundary)
which makes the “what happens when” premise is used as conditions for the “what action
does” formulation of the second premise.

The deductive reasoning rule used to infer ongoing spatial change in the vicinity of
this sensor will look like:

IF InitiallyP(Outer — Kernel — boundary) AND Initiates(grow, kernel, 7) THEN Holdsat(Grow, T)

Such local growth inferred by a sensor may concern the conjecture part of the phe-
nomenon’s spatial extent leading to an imprecise growth named “Nearly grow” in our
reasoning engine. Table 2 presents the set of statements related to the premise “what action
does” of our reasoning approach. As shown in this table, a change in the spatial status
of a sensor may depend on its proper measurement or a change sensed by neighbouring
nodes. For example, a node with a former status type of Inner-Kernel-boundary (InitiallyP
(Inner-Kernel-boundary)) may see its spatial status changing into Inner-kernel spatial status
(Holdsat (Kernel-inner, t)) because a substantial change has been recorded by neighbouring
nodes. Recorded data between ty and t reveal the position of this sensor is within the Kernel
part of the spatial extent of the phenomenon. The italic and bold values in Table 2 express
the manifestation of a sensed phenomenon within the vicinity of measuring sensors; the
Lull value is set for no significant change while the Born and Nearly born values are set if
the to record was nil (outer) and at the beginning of the monitoring process.

The “Initiates” type statement of action/event was considered here.

[y D Initiates(w, B, 7)), for illustration, leaving aside the “Teminates” type statement
[y D Terminates(w, B, T)].

From Table 2 the two premises (“what happens when” and “what action does”) of
our deductive event-driven reasoning procedure can be set to infer the “What is true
when” fragment concluding about the ongoing developing change the spatial coverage of a
sensed phenomenon undergoes. The combination of these premises should be consistent to
guarantee appropriate conclusions. The consistency of our rules is based on the topology of
the fuzzy-crisp spatial object used to represent a vague shape phenomenon (see Figure 2),
where there is a gradual progression from the kernel towards the outer position through
the conjecture part. Table 3 presents a subset of our deductive event-driven reasoning rules
for illustration.
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Table 2. Set of local changes inferred by a geosensor in an areal vague shape phenomenon.
Holdsat Holdsat Holdsat Holdsat Holdsat (Inner- Holdsat (Outer- Holdsat (Outer,
And (Kernel-inner, (Inner-Kernel- (Outer-Kernel- (Conjecture- Conjecture- Conjecture- ° sat) uter,
t) boundary, t) boundary, t) inner, t) boundary, t) boundary, t)
InitiallvP Initiates Initiates Initiates Initiates Initiates Initiates
(Kernel-ir}:ner) Lull (Shrink, kernel,  (Shrink, kernel,  (Shrink, kernel,  (Shrink, kernel,  (Shrink, kernel,  (Shrink, kernel,
t)/Lull t)/Desamplify t)/Desamplify t)/ Desamplify t)/Die t)/Die
InitiallyP Initiates (Grow, Initiates Initiates Initiates Initiates Initiates
(Inner-Kernel- kernel, t) /Lulll Lull (Shrink, kernel,  (Shrink, kernel,  (Shrink, kernel,  (Shrink, kernel,  (Shrink, kernel,
boundary) ’ t)/Desamplify ~ t)/Desamplify  t)/Desamplify t)/Die t)/Die
. . L - Initiates Initiates Initiates
InitiallyP Initiates (Grow, Initiates (Grow, Initiates . . .
(Outer-Kernel- kernel, Kernel, Lull (Shrink, kernel, (nsgglj}é;il;?k’ (ncegfllj};ci}:;?k’ (nsgfllj}é;i?enk’
boundary) t)/ Amplify t)/ Amplify t)/Lull t)/Lull £)/Nearly Die £)/Nearly Die
", " . Initiates Initiates
Imt.lallyP Initiates (Grow, Initiates (Grow, Initiates (Grow, Initiates (Grow,  (Nearly Shrink,  (nearly shrink,
(Conjecture- kernel, Kernel, K L6 /Lull Lull K L8 /Lull . ;
inner) £/ Amplify ¥/ Amplify ernel, t)/Lu ernel, t)/Lu conjec- conjecture,
ture,t)/Lull t)/Nearly Die
InitiallyP - L. Initiates Initiates Initiates
(Inner- Initiates (Grow,  Initiates (Grow, Initiates (Grow,  (Nearly Grow, (nearly shrink,  (nearly shrink,
. kernel, Kernel, X Lull ; ;
Conjecture- t)/ Amplif £)/ Amplif Kernel, t)/Lull conjecture, conjecture, conjecture,
boundary) puly pity t)/Lull t)/Lull t)/Nearly Die
InitiallyP Holdsat Initiates Initiates Initiates
(Outer- Initiates (Grow, Initiates (Grow,  (Nearly Grow, (Nearly Grow, (Nearly Grow, (nearly shrink,
. . . . Lull ;
Conjecture- kernel, t)/Born  kernel, t)/Born conjecture conjecture conjecture conjecture,
boundary) t)/Lull t)/Lull t)/Nearly born t)/Lull
Initiates (Grow, Initiates Initiates Initiates
InitiallyP Initiates (Grow, Initiates (Grow, 4 (Nearly Grow, (Nearly Grow, (Nearly-Grow,
kernel, X X X Lull
(Outer) kernel, t)/Born  kernel, t)/Born t)/Nearly born conjecture, conjecture, conjecture,
carlybo t)/Nearly born  t)/Nearly born  t)/Nearly born
Table 3. Local spatial changes inferred by sensor nodes from changes in their spatial status.
AND Initiates (Grow, Initiates (Shrink, Initiates (Nearly Initiates (Nearly Initiates (Nearly
Kernel, t) Kernel, t) Grow, Conjecture, t) Shrink, Conjecture, t) Shrink, Outer, t)
InitiallyP . . . . . . .
(Kernel-inner) Holdsat (Grow, t) Holdsat (shrink, t) illogical illogical illogical
InitiallyP (Inner- . . . .
Holdsat (Grow, t) Holdsat (Shrink, t) Illogical Illogical Illogical

Kernel-boundary)

The rule-based subunit of reasoning engines, equipping sensors, is enriched with the
complete set of logic deductive rules formulated based on these statements. The statement:

InitiallyP(kernel — inner) AND Initiates(Nearly — shrink, Conjecture,t)
sounds not logical and will yield an empty result because of the part
Initiates(Nearly — shrink, Conjecture, t)

supposes the former spatial status of the sensor position corresponds to a conjecture
position and not to a kernel position.

A single sensor cannot conclude unambiguously from inferred spatiotemporal change
if the spatial extent of the monitored phenomenon is expanding, even if it implies a growth
in its vicinity at a given time. Furthermore, a movement expressing a shift from one hotspot
to another is only possible if the complete coverage of the phenomenon is considered in the
reasoning process.
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Spatio-temporal |

Pattern

2.5. Computing Extended Region-Based Spatiotemporal Changes from Local and Partial
Spatiotemporal Change Parsed by Sensors over the SN Extent

Providing users with a global view of spatiotemporal change affecting phenomenon
extent and geometry is more meaningful and unambiguous for the spatial decision support
process rather than exploiting a flow of partial and unconsolidated spatiotemporal informa-
tion computed by sensor nodes. In the context of decentralized spatial reasoning, no single
sensor can have the complete knowledge about the geometry and spatial extent of a moni-
tored phenomenon [39] nor a holistic knowledge about ongoing spatiotemporal change.

e  The Fuzzy-Extended Spatiotemporal Change Pattern (FESTCP)

Yang et al. [40] think that an approach to spatiotemporal knowledge representation
based on the explicit description of possible changes to geographical phenomena modelled
at a high level of abstraction is the baseline for reasoning and modelling such spatial
changes. The Spatiotemporal Change Pattern (STCP) suggested by Yang et al. [40] to
describe spatiotemporal changes about spatial objects was an attempt to model and reason
on a dynamic geographic phenomenon. However, no consideration about the fuzzy nature
of environmental phenomena has been incorporated in this change model; therefore, this
model has obvious shortcomings; it cannot be well used for real-time change analysis of a
vague shape phenomenon. We have extended the spatiotemporal change pattern into a
Fuzzy-Extended Spatiotemporal Change Pattern (FESTCP) based on a fuzzy-crisp spatial
region object model as shown in Figure 3.

:}No Change‘

——————| Born

Expand May-be

—> Grow — > Merge |
Merge May-be

—>{ Hole dwindling
> Hole dwindling May-be

—> Contract

> Contract May-be ‘

> shrink = split
> Split May-be
—>{ Hole Creation

4% Hole Creation May-be

Geometrical
Change

“—> Changed —

Transfrom

—ﬁNormal
Move

Nearly Die

:} Thematic Change

Figure 3. Fuzzy-Extended Spatiotemporal Change Pattern (FESTCP) based on a fuzzy-crisp spatial
region object model.
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This change-based model provides us with the set of possible changes that fuzzy-crisp
spatial objects can undergo. A better understanding of the set of possible alterations to
which a fuzzy-crisp object can be subject as it evolves over space and time will enable
the formulation of reasoning rules. These spatial changes depend mainly on geometric
recognition, modelling and change detection over time as shown in Figure 4.
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Figure 4. Illustration of geometrical changes on a vague shape phenomenon with broad spatial
boundary (cream colour) and kernel part (muted brown). Dotted arrows form spatial reference
markers while plain arrows indicate directional change types by their labels. Numbers indicate
monitored phenomenon states.

Considering the changes presented in Figure 4 as the reified counterparts of the set of
distributed local changes computed over the SN at a given time, reification rules used in
inferring global geometric change about monitored reality should be applied to the whole
set of changes recorded and inferred over the SN extent considering their variability over
the space and time.

e  Reasoning rules for inferring spatiotemporal changes about fuzzy region geometry
from distributed local change inferred by sensors

Region boundary is the main geometric component from which analysis of spatial
changes on object properties (spatial location, perimeter and size) can be effective [41].
The set of spatial changes computed by border nodes at a given time constitutes the
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main argument used by reasoning rules to infer whether the ongoing spatiotemporal
changes captured over the SN correspond to an instance of a geometric change identified
in the FESTCP. In order to lighten the reasoning process and make it more efficient, our
approach proceeds by ranking and clustering border nodes based on the spatial changes
they locally detect and their former relative position with respect to the spatial extent of a
monitored phenomenon.

The detection of change by a sensor triggers the detection of new boundaries over
the SN extent. Sensors update their spatial statuses (current and former), and all sensors
change their ¢ (the lower limit of the state period) to the current time. The period T = [ty t]
is then equal for all sensors, which roughly corresponds to a maximal duration of a state of
the phenomenon.

For illustration, we present in Appendix A a set of rules used in inferring some geo-
metric changes about fuzzy-crisp regions based on ranked and clustered boundary nodes.

The thematic (attribute) changes detected stand here as spatial determinants of ge-
ometric changes. Because the detection of substantial change is the triggering event for
communication towards the sink node and for decentralized reasoning on new boundaries
identification, this reduces the communication load and, therefore, energy consumption.

First-order logic, which is the standard logical foundation for artificial intelligence [42],
is the baseline for the formulation of our reasoning rules. These reasoning rules equipping
sensors encompass fuzzy logic, event calculus principles and geosemantics rules.

The formal presentation of our event and fuzzy rule-based reasoning approach is
roughly presented in the next section.

2.6. Formal Presentation of the Proposed Approach

Sensor records are mostly made of values describing a property of a given phenomenon
at a location in space and time [43]. Changes in sensor data values and resulting changes in
boundaries stand as the proxy for monitored phenomenon dynamics; a simplified event
calculus procedure is set to infer significant events from these changes; decentralized
detection of boundaries and changes over time is essential in inferring geometrical changes
affecting a phenomenon’s spatial extent. Sensors detecting boundaries are ranked in
sets (kernel and conjecture boundaries) and then send their updated status to the sink
through a spanning tree. From sensor measurements to spatiotemporal computation and
modelling of developing changes in continuous evolving phenomena, sensors use a built-in
reasoning engine to reason about phenomenon detection, compute and model boundaries
and geometric changes. The approach promoted in this study consists of 5 main steps, not
including the preparation of the built-in reasoning engine. These are:

e  Fuzzy detection of monitored phenomenon from sensor data stream.

e Event-driven local detection of changes over qualitative spatial information time
series.

e Updating boundary detection.

e Ranking border nodes and clustering spatiotemporal changes by type.

e  Reasoning about extended geometric changes modelling the dynamics of the moni-
tored phenomenon.

A global view of the approach is formally presented in Algorithm 1 as pseudo-code.
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Algorithm 1 Event-driven computing and modelling spatiotemporal changes occurring in vague
spatial region from sensor network data

Variables: SN = {s1, s2,...,sn}; the sensor network
T = [t — 1;t]; The time window over sensor data streams
SD: = {(s1,val(t — 1)), (s2,val(t —1)),...,(sn,val(t — 1)), (s1,val(t)),...,(sn,val(t))};
Sensor network data stream
Function: p4 : (si,val(t —1)) — [0,1]; membership function for SD univers
Begin
Evaluate the membership value for each sensor record: u = f(Si(val,t))
Situational inference of sensor relative position through defuzzification rules:
HoldsAt(sp(si, t)) : sp — [Outer, Conjecture, Kernel|
Decentralized reasoning for boundaries detection
Each node stores its current spatiotemporal status and time
(Outer, Conjecture-boundary, Conjecture, Kernel, etc.; ty)
If else no variation in SD+
[Infer: No geometric change]
[Infer Event detection]
Compute new boundaries detection
Store old spatial status of nodes
Update current spatial status of nodes
Clockwise or anticlockwise ranking of border nodes (Conjecture-boundary or
Kernel-boundary)
Infer local spatial changes in the vicinity of border nodes (shrink, nearly shrink/conjecture
shrink, expand, nearly expand/conjecture expand, lull),
Cluster spatiotemporal state of the border nodes in regard to detected spatiotemporal
changes and old spatial status ((Kernel boundary, change typel, rank), (Kernel boundary,
change type2, rank),. . ., (Conjecture boundary, change typel, rank))
Spatial and semantic analysis over clusters of spatiotemporal status of border nodes
Infer ongoing geometric change
Efficiency analysis of the approach (comparing inferred holistic geometric changes with field
dynamics)]
End.

3. Results and Discussion: Implementation and Evaluation of Proposed
Approach for Evolving Ambient Air Pollution

For this study, we simulated an air pollution evolving phenomenon in Quebec City,
QC, Canada, generating a flow of data about the quantity of particle matter of a certain size
in the air collected by a wireless sensor network over time. Sensing nodes are randomly
distributed over the spatial extent of the forest; because of the obstacles in such a built-
up area without prior knowledge of spatial patterns, we therefore adopt RNG (Relative
Neighborhood Graph) or GG (Gabriel Graph) topology [44] for our study based on the
advantages shown in refs. [7,45,46] works. The communication mesh is the main support
of spatial analysis in such a decentralized reasoning approach. As presented in Figure 5,
the buildings’ footprints are represented by polygons with a light pink colour, while road
and water networks are drawn in red and blue respectively. Without any detection of a
monitored phenomenon, the inferred spatiotemporal change is set as “No change”.
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Figure 5. An excerpt of Quebec city (roads in red, building footprints in light pink and water bodies
in blue) with ambient air quality (particle matter in pug/ m?) sensor (dot) network.

From the occurrence of a simulated ambient air pollution, sensors use fuzzy logic
to compute from their sampled records spatial qualitative information expressing their
spatial position within or out of the air pollution’s spatial extent. This is deduced from
the membership value of their location to a part (conjecture or kernel) of the spatial vague
region modelling the spatial extent of the air pollution, as shown in Figure 6.

(a) (b)

Figure 6. Illustration of (a) qualitative spatial detection of air pollution and (b) boundary detection
and modelling.

https:/ /doi.org/10.3390/ijgi15050194
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From this qualitative spatial information, networked sensors collaboratively compute
the detection of boundaries (kernel boundary and conjecture boundary); from the current
and past sets of spatial status of border nodes, occurring events and spatial changes (grow
and shrink) are inferred. For a newly detected ambient air pollution, local spatiotemporal
changes at the level of border nodes and the global spatiotemporal change will be inferred as
Born or Nearly born as shown in Figure 7. For Figure 7 and upcoming figures, sensor nodes
are labelled with qualitative spatial information related to local detection of monitored
phenomena and spatial changes as follows: K for Kernel; C for Conjecture; BNDRYK for
Boundary of Kernel part; BNDRYC for Boundary of Conjecture; Nly Born and Born for
Nearly Born and Born; KExpd for Kernel Expand; CExpd for Conjecture Expand; KShrk for
Kernel Shrink and CShrk for Conjecture Shrink.

Inferred Spatio-Temp Change
BORN: Kernel and Conjecture

G

Conjecture part polluted air
Kernel part polluted air
Inferred Kernel boundary
Inferred conjecture boundary

Figure 7. Event detection and inferred spatiotemporal change for a newly detected air pollution.

In Figure 7, the extent of air pollution is generated using the multi-agent modelling
software (Netlogo 5.2) and coloured in brown for its kernel part and light brown for its
broad boundary. Networked sensors compute from their observations the fuzzy-crisp
object made of two boundaries (Red for the kernel part and light red for the conjecture
part) representing the geometry of the polluted area. The spatiotemporal change inferred
over the SN is then displayed in the NetLogo monitor field labelled "Infered Spatio-Temp
Change", the value “Born: kernel and Conjecture” for the current case.

Without intervention, continued growth of the polluting activities can induce a spatial
expansion in the air pollution’s extent. We simulated such growth; from the variation in
subsequent sensor data, the system consequently computed the ongoing spatiotemporal
change as shown in Figure 8.

In Figure 8, the former boundaries are drawn in green (kernel) and light green (conjec-
ture) while the new boundaries expressing the expansion in spatial extent are plotted in
red and light red for kernel and conjecture boundaries respectively. From our approach,
the system rightly infers spatial expansion as geometric change.
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From the situation presented in Figure 7, new situations are created and our approach
reasons and infers the nature of ongoing geometric changes. The inferred spatiotemporal

changes are illustrated in Table 4.

Inferred Spatio-Temp Change = &
Expasion: Kernel and Conjecture

Conjecture part polluted air

Kernel part polluted air

Newly inferred Kernel boundary
Newly inferred conjecture boundary
Former Kernel boundary

Former conjecture boundary

Figure 8. Inferred spatial expansion in evolving air pollution from sensor network data stream.

Table 4. Illustration of inferred geometric changes by the implemented approach.

Change Created Detection and Modelling Illustration Observation
| Moving change
True

Moving from one hotspot to another
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Table 4. Cont.

Detection and Modelling

Change Created lustration Observation
Splitting the spatial extent of the True
fuzzy-crisp region
Disappearance of pollution True
\ Inferred Spaﬁo—Templ
f Contract: Kernel
Spatial contraction on crisp region True
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Table 4. Cont.

Detection and Modelling

Change Created lustration Observation
Spatial contraction of a vague region
. True
(kernel and conjecture)
Inferred Spatio-Temp Change
" Split: Kernel And Conjecture Split
A S LN
&l//f‘:’/// : ?
o) .
Split in a crisp region with the
appearance of a splitting conjecture True
part
Inferred Spatio-Temp Change
Split: Kernel Split
Crisp split of the crisp region True

It can be seen from Table 4 that implementing the approach in known cases of spatial
changes yielded adequate results (spatial changes inferred by the software correspond to
the type of change simulated by the software). From the different study cases, inferred local
changes are always true, and can be used for local spatial decision, while for the holistic
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decision process, the description of those spatial change types and the integration of the
whole set of local changes are required.

From Table 4 and Figure 8, we can notice that the approach overcomes the limitations
mentioned in ref. [47] for the traditional computation of spatiotemporal variability of
continuous phenomena from sparse observations of low granularity. The approach was not
applied to a complex region. Cases of hole creation and dwindling or merging regions have
not been tested either. For moving changes, the approach is able to state if the phenomenon
is moving from one spot to another, and expressing the direction in which the phenomenon
is moving is an advantage for decision-making. Also, this study did not consider the effect
of the density and placement of sensors in SN on the yielded results.

The proposed approach is a contribution to sensor intelligence identified in ref. [48] as a
major challenge in computing spatiotemporal changes from sensor observations. Resolving
uncertainty during onboard data interpretation and processing gives more ability to sensors
to unambiguously infer relevant local spatial information and contributes in commonly
inference about the spatial representation of sensed phenomena and their dynamics. The
result obtained seems closer to human interpretation about large-scale phenomena such as
air pollution, because it is based on spatial object modelling rather than time-varying and
segmented or dotted representation promoted in ref. [49]. For such phenomena in which
islands may occur (heat island), the use of complex spatial objects seems more adapted; the
integration of complex spatial objects in the proposed approach is the prospect of future
research works.

4. Conclusions and Future Works

In this study, we suggested a Fuzzy-Extended Spatiotemporal Change Pattern
(FESTCP) for the formal description of spatiotemporal changes regarding fuzzy regions
and proposed an event-driven decentralized fuzzy rule-based approach for computing spa-
tiotemporal information about changes occurring in monitored environmental phenomena
of vague spatial shape. From sensor network data describing a property of monitored phe-
nomenon and its dynamics, the proposed approach detects events occurring over time and
computes the corresponding geometric changes. The built-in reasoning engine enables the
sensor node to compute local and partial qualitative spatiotemporal information when the
global geometric change is computed from local changes aggregated and clustered over the
SN for a given interval of time. A simulated evolving ambient air pollution implemented
with Netlogo 5.2 was used to test the approach implemented for a simulated wireless SN.
The approach performs well by providing truthful inferred changes corresponding to the
scene for phenomena of simple fuzzy region type, monitored by a dense SN. For future
work, analyzing geometric changes over the complex dynamic fuzzy-crisp region from the
sensor network data is foreseen. It will also be the case for evaluating the effect of nonhaz-
ardous optimal placement of sensors in SN while performing spatiotemporal reasoning
about dynamic continuous sensed phenomena. Implementing the proposed approach in a
real sensor network will validate its applicability. Ultimately the results obtained from this
work can be integrated in the deveoppment of new generation of geospatial digital twins
in support of efficient decision making in different application domains.

Author Contributions: Conceptualization, Roger Cesarié Ntankouo Njila and Mir Abolfazl Mostafavi;
methodology, Roger Cesarié Ntankouo Njila; software, Roger Cesarié Ntankouo Njila; validation,
Roger Cesarié Ntankouo Njila, Mir Abolfazl Mostafavi, and Jean Brodeur; formal analysis, Roger
Cesarié Ntankouo Njila and Mir Abolfazl Mostafavi; investigation, Roger Cesarié Ntankouo Njila;
resources, Mir Abolfazl Mostafavi; data curation and writing—original draft preparation, Roger
Cesarié Ntankouo Njila; writing—review and editing, Roger Cesarié Ntankouo Njila, Mir Abolfazl
Mostafavi, Jean Brodeur, and Sonia Rivest; visualization, Roger Cesarié Ntankouo Njila, Mir Abolfazl

https:/ /doi.org/10.3390/1jgi15050194


https://doi.org/10.3390/ijgi15050194

ISPRS Int. ]. Geo-Inf. 2026, 15, 194

22 of 26

Mostafavi, and Sonia Rivest, supervision, Mir Abolfazl Mostafavi and Jean Brodeur; project adminis-
tration, Mir Abolfazl Mostafavi; funding acquisition, Mir Abolfazl Mostafavi. All authors have read
and agreed to the published version of the manuscript.

Funding: This research was undertaken in part thanks to support from the Canada Research Chair
in Senseable Cities for Empowered Mobility, funded through the Canada Research Chairs Program
(grant number CRC-2022-00112). It has been also supported partially through PEFOGRN-BC Project.

Data Availability Statement: No new data were created or analyzed in this study.

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or
in the decision to publish the results.

Appendix A

Table Al. Spatial Constraints and Rules Used in Inferring Global Fuzzy Spatial Changes from Set of
Local Changes Recorded over SN Extent.

Existing Clusters of Local

Spatial Constraints and Inferred Spatiotemporal

Spatiotemporal Changes Relations Among and Within Chanee Illustration
Among Border Nodes Clusters 8
Born Nil Born
Nearly born Nil Nearly born
e No particular spatial
e  Kernel expand structure
Conjecture expand e  Constitute the most Expand l

important cluster
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Table Al. Cont.

Existing Clusters of Local
Spatiotemporal Changes

Spatial Constraints and
Relations Among and Within

Inferred Spatiotemporal

Illustration

Among Border Nodes Clusters Change
e No particular spatial
e  Conjecture shrink structure
e  Kernel shrink e  Constitute the most Contract
important cluster
e Main change is shrinking
change
+ Compctureshink * QA e .
o  Kernel shrink P & Split

a continuous serial
e  Concavity in changing
front is observed
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Table Al. Cont.

Existing Clusters of Local Sp.atial Constraints ar}d . Inferred Spatiotemporal .
Spatiotemporal Changes Relations Among and Within Change Illustration
Among Border Nodes Clusters
* Conjecturg shrink e  Two opposite fronts of
*  Kemelshrink spatial change (shrink
. Kerr'lel expand and expand) Move
e  Conjecture expand
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