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Abstract. Environmental observation applications are desigioe monitoring
phenomena using heterogeneous sensor data type®rapcbviding derived
and often integrated information. To effectivelynbe such a large variety of
different sensors, both in scale and type and datame, we propose a
geosensor abstraction for large-scale geosensovoriet. Our SGSA(Slope
Grid for Sensor Data Abstraction) represents ctaléclata in single grid-based
layers, and allows for summarizing the measured ohavarious integrated grid
layers. Within each cell, a slope vector is usedejresents the trend of the
observed sensor data. This slope is used as aifyimplfactor for processing
queries over several sensor types. To handle dynsenisor data, the proposed
abstraction model also supports rapid data updgtasing a mapping table.
This model can be utilized as a data representatiatiel in various geosensor
network applications.
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1 Introduction

Environmental monitoring applications have becorgmificant tools for analyzing
nature’s phenomena. The advances in wireless comation and sensor
miniaturization technologies as well as small-foroomputing devices have
significantly contributed to the enablement of eommental monitoring in the
physical world [1]. To detect the conditions or etgein a wide-area geographic
space, a monitoring application requires a largdesgeosensor network [2] including
various kinds of sensors. Today, many large, autmus sensor platforms such as
wind sensors or ocean buoys are deployed; in aylavs, these traditional sensor
environments will be integrated with the deploymehtsmall-form sensor networks
providing rapid rates of real-time sensor dataasfous type, scale and location.
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Monitoring applications can provide useful inforioat for environmental science
(e.g. a habitat analysis or a micro-climate modelspatially limited area such as a
vineyard or a greenhouse) and for a warning systérdangerous environmental
events (e.g. forest fire and air pollution) [3]. rFdeveloping sensor network
applications, various kinds of technologies inchgdisensing, communication and
computing are required [4]. Furthermore, the appion of domain knowledge is also
necessary in order to interpret and understandhaimaamental condition, based on
the collected data [3].

Today, queries in sensor data applications arecajlpi executed on the raw,
collected sensor data stored in a database sy3@mrocess all sensor data without
any data abstraction, query execution slows dovgmifitantly due to the large
volume of real-time sensor data. In addition, it déficult to compile useful
information for answering queries such as “When aiil pollution be reduced?” and
“Where is a potential dangerously polluted areghi@ near future?” It requires a
sensor data abstraction as a preprocessing stéptégpreting the observed data and
for processing a query in a central monitoring serfhe sensor data in a wide area
can be created in large volume, and streamed nt@aat server. In addition, it also
can change dynamically. In order to handle the mlesedata, some requirements are
posed for the data abstraction model itself, sushaarapid data processing, an
effective update policy, and easy data access, etc.

In this paper, we designed SGSA (Slope Grid forsBerbata Abstraction) for
representing large-scale geosensor data in a tembratoring system. The proposed
abstraction model is based on a grid-based tecadapucharacterizing terrain surface
area [5]. After collecting a sensor data type, dhid represents the data on each cell
as a spatial slope that is described by min(), nax(d a slope direction. It can find
the condition change in the area because the slopes the data gradient on the cell.
Users can understand the conditions by checkinglthges on cells in the grid as if
you would see a simple contour map. Besides, itscguport a rapid data update using
a mapping table. This proposed model can be ufilee a data representation model
in various geosensor network applications.

2 Related Work

The Environment Observation and Forecasting SygEOFS) is an application for
understanding a situation and providing forecastirging a large-scale sensor
network [6, 7]. The system supports centralizedcessing, handles huge data
volume, and provides an autonomous operation Seime usages examples of EOFS
are the habitat monitoring of seabirds [8], the @®Ror monitoring the Columbia
river [9], the Automated Local Evaluation in RealiE(ALERT) [10], and the
framework for in-situ sensor data processing [Tlje seabird habitat monitoring
project focuses on habitat condition analysis. §bal of the CORIE project is to
guide vessel transportation and forecasting. lizetl the 13 stationary sensor nodes
and features a computationally intensive physicairenment model. GLACSWEB
project monitors the behavior of ice caps and glacfor understanding the Earth’s
climate [12]. The in-situ sensor data processingtesy monitors continuously
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updated sensor data and the communication statserinor network [11]. It can

provide an alarm with the registered context awa@del and rules. The PODS
project monitors rare and endangered species oftlay using high-resolution

cameras, a thermometer, and solar radiation sefit8fslt describes a simple data
display with colored dots, which shows the categeajues for each sensor. For
example, green dots mean a normal condition. Owtter hand, red indicates one of
the extreme categories. It also considers data suipation techniques such as
consolidating the data with Theissen polygons (Dedgy triangulation) [14] to show

the general pattern of the data values as a mapl,@M Generic Mapping tools, is
available to present the measured data [15].

On the spatial resolution, some applications nbedraw data of all sensing points
[16, 17], whereas others need just a summary afeslbors’ data, as those TAG [18].
An intermediate data summarization between thesecages is also utilized such as
maps of temperature and relative humidity [7]. Ehapplications can identify zones
of interest such as hot and cold zones. To avofdrimation overload, spatial
aggregation is also utilized for data summarizatawer subregions, pre-defined
zones. For example, it uses a aggregation predstatie as “SELECT avg(volume)
FROM Sensors GROUP BY region HAVING avg(volume)hreshold.” [19] The
spatial distribution of these summarizations presié report of the data variability
over the entire region. In order to recognize tladitions of the circumstance,
monitoring applications including EOFS need a veeffanized data representation
model, because they have to rapidly process a hogene of sensor data and
interpret the transmitted observed data.

3 Slope Grid for Sensor Data Abstraction

In a large-scale geosensor network, sensor datsaatisn is required for handling
large volumes of data and making the informatioefuiseven though a large scale
sensor network has not yet been utilized for pcat&nvironmental monitoring until
recently [7]. The volume of sensor data can paddigtibe generated over a large
geographic area, and we assume that the collectdakess dynamically change
continuously. A grid is generally utilized to presethe measured data or the
condition on an area such as a graph and a testaface model in GIS [20]. Our
slope grid is based on the tilted plane, whichgsful to present a surface area [5].
When it present a surface area, a slope (the titede) is better than the horizontal
plane, because the slope can present the dataiefeghange as well as the height in
each cell. When it is used to manage a large volohmaoving object location data,
this grid structure also shows good search perfoomay using a hash table as an
index structure [21]. It focuses on the access otefor updating and searching the
location of moving objects. In this paper, we camcate the summarization of
environmental condition for analyzing a phenomewih slope grid.

If an application stores the measured sensor dibeowt any data spatio-temporal
abstraction model, all data has to be searchedrfswering user queries. It requires
more time to process the queries and to deriveirtfeemation that users want to
know. The objectives of providing a sensor datarab8on model are the frequent
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data updates, the geographic area covered, anatiawwmus amount data process, data
representation and a compact size, etc.

To apply the slope for surface areas to the sedata monitoring application, we
simplify the presentation of the tilted plane tdligections derived from min() and a
max() of 4 subcells in a cell. In order to presém continuously changed data
motion, we use an update policy with a mappingetadhd a gradient count for
checking the data change in a cell.
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Fig. 1. The sensor data abstraction

We propose sensor data abstraction model, in whécisor data is represented in
individual grids. The grid for each type servesirgsut for spatio-temporal sensor
queries, which are sophisticated data interpretationost cases. In our approach, we
use the data abstraction model as a preprocesgipga interpreting the conditions
at the remote place, thus, as a basic data repatisenmodel for an environmental
monitoring application [11]. It focuses only on mt data. This abstract data is used
for making useful information by combining othessttacted data types.

The proposed sensor data abstraction is showrgurd-il. The data is summarized
on each cell after receiving the sensor data tratedfrom geosensor network at (a).



Geosensor Data Abstraction for Environmental MomigpApplication 5

We choose the minimum and the maximum value foresgmting values within a cell
at Figure 2(b). The other values of the cell aduded in the value boundary, which
consists of min() and max(). The size of the cslidefined depending on some
conditions such as the number of sensors in a dath feature, and application
function. In a cell, 1~8 sensors are useful to gmeshe trend of data, because a cell
includes 4 subcells which present a min() and a(jnakh two data values within
each subcell. It can include more than 8 obserabgeg but the data representation is
not different. The size is also defined by a daatdre. For example, it does not
require many sensors for observing wind directiomd aspeed, because both
phenomena don't frequently changed over a largea.an this paper, we consider
only a static cell size since changing a cell alea requires the time to process it. It
would be an obstacle for the rapid data processing.

The coordinates (X1, z, %, Yo, 2) indicate the locations of cells in a grid. The
time period (1, t;) of a cell includes all of the observation timetloé sensor data at
this location. It contains the latest measuremieme,tbecause it is updated whenever
the observed data is updated. At (c), the heiglat difference between min() and
max() in the cell. If max() is 8 and min() is 3etheight is 5 and z coordinate is 3,
which starts at the min(). The slope directionésiekd from the relative positions of
two subcells as shown in Figure 2. One is the “Mbcell, which contains the
maximum value, and the other is the “m” subcellahhhas a minimum value.
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Fig. 2. The derived slope direction

The direction vector is a vector pointing from nbeell to M subcell. Namely, it
presents the direction from the min() to the max@ cell (Figure 2). In a small grid
above each cell, M indicates the M subcell and enrthsubcell. If the slope angle =
0°, the direction = 8. It means that all the sert&da has the same value and the slope
is flat. It is presented a dot in the grid at (g)Rigure 2. If a subcell includes a
maximum and a minimum values like (d), the directmints towards the M subcell.
Namely, the direction always points the M subdélhen it present the data in a cell,
this slope is better than a horizontal plane, bgeahe slope present the data trend.
For example, if there are two horizontal planesicivihave same height, they are only
equal. However, if there are two slopes with samigtt, they can present various
kinds of data motion even though they are samenheig

4 Updating Data to the Abstract Model

It is essential to support frequent data updatseimsor data monitoring applications,
especially for real-time monitoring and warningtsyss. Such a system has to detect
and cope with the observed emergency situation sschir pollution, forest fire,
battlefield analysis, etc. Sensor data likely clengynamically over time. The
abstracted data representation model employs aingatable for rapid data update.

< Blope grid for sensor data abstraction >
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Fig. 3. The sensor data update structure in the SGSA

The update process of the abstract data modebigrsim Figure 3. The transmitted
data is stored in an incoming sensor data tablgata stream. The sensor data table
stores the sensor id, the measurement time stdmsensed value, and the gradient.
The gradient shows data variation derived from pakie. The mapping table shows
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the cell id and included sensor id. Whenever tlations of sensors are changed, it
finds the cells, which include the locations. THéta is summarized in the abstracted
data table for each cell. Here, the slope direchod the gradient count are also
updated by changing the minimum and maximum valdesvever, if there is already
a lower minimum value or higher maximum value, ¥adues are not changed. So, it
is designed to update the values only whenevetitte period or the slope direction
is changed. The updatable area in the SGSA camited by defining the boundary
of a specific area depending on applications.
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Fig. 4. The representation update of the SGSA

Figure 4 shows the changed representation of theAS@&pending on an observed
phenomenon. For example, we can imagine a temperaiange on a fire area. Users
of environmental monitoring applications can untierd and cope with the event by
analyzing these changed values. When a geosenseorkeletects a phenomenon, it
changes the attributes in SGSA such as slope dingct coordinate, height, and
gradient count. First, the z coordinate and thegtiteare changed by updating the
sensed data. Next, the slope direction is deriveoh fthe m and M subcells in each
cell. Users can recognize the trend change of tieerved data by searching the
direction and the height, because the directiontpare higher. Finally, the gradient
count is updated depending on the direction chamge. gradient count shows how
long the value of the direction has been kept. VElienthe sensor data is updated, if
the direction is not changed, it increases the tdarother words, a high count means
the stable condition in the cell. If the directiinchanged, it sets the count to 0. It
means that the condition in the cell is changethdfcount is almost 0 in a long time,
it indicates the fact that the condition of thel,cet the area, is frequently changed.
This count is a useful factor for evaluating thenawyically changing condition of an
area. Users can find some areas (cells), which sheeently changed data motion by
searching low gradient count. These areas areedilfor finding a boundary of a
phenomenon or recognizing areas which show fretyuehinged data motion. These
attributes are used for tracking and analyzingenpmenon.

5 Utilization in Sensor Data Query Processing

In sensor data monitoring applications, users aterésted in posing higher-level
gueries to understand the information collectedseiasors in a situation in a specific
area. For example, a habitat monitoring systemyaeal different conditions among
groups of animals or an environmental monitoringli@ption tracks the interesting
phenomena such as red tide, a forest fire, arnbdirtion.

The abstract data types are used as the basisdareang a query, because of its
summarized data representation on spatial areaebgrithing a data gradient, min(),
max(), and gradient count. An example of query essing on the abstracted data is
shown in Figure 5. Assume, a user asks the quémyg dll wildfire fires in the area”
at (a). Once the query is parsed, the monitorirglesy registers it as a continuous
guery. In order to answer the query, the systeratesesubqueries to analyze the
related abstracted data within the observation atea). For example, two kinds of
subqueries are issued to the temperature themegetdata) such as “find the area(s)
detecting high temperature” and “find the areagsedting a high slope.” The result
of the first subquery can be a factor for findinguarently burning area or a burned
area, because it is already hot. The result os&w®nd subquery can be an indicator
for finding areas, which could be burnt in neaufetby checking the high slope and
the gradient count. The high slope and low gradénint mean that the data on the
cell is rapidly changed. The cell detecting a tstgp or a low gradient count could be
a boundary of fire area. During this query procédssrequires a detail data on a cell,
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it can also search the sensor data by using th@imgpable in Figure 3. At (c), the
results can be combined after these two kinds sfilt® are returned from several
abstract data layers. Some information is extrafrtad the combined area depending
on the predefined information about a fire aredhén can provide the users with a
probability of an event at (d).

[ |
/ () Result '\

() Query : “where is afire area?”

(b} Check the data types related to fire
(temap erature, humidity, CO2, ...}

(a) Uset query - fire area | (c) Combine the returned results

(c) Combination of results (d) Result: the predicted fire area
w¥ W . e
®) Query = — ”‘,“ *...‘ Rel.u[,m (providing the useful mformation)
* data
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Yy
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o
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(current dangerous area)

[,
= T T Bounda 1v (high slope)
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t could be dangerous in near future
Abstracted data The summarized map @ g )
(temperature) for answering a query

Fig. 5. The update of the abstracted data in the Grid

The results of the query will be continuously ugdgtsince most of queries are
continuous queries. Therefore, whenever sensor idatgpdated, the query result
needs to be updated. These steps show the exarpleery processing with the
abstracted model. It should predefine the relatiotong phenomenon (e.g. fire) and
data types before the query processing. It coutdudte some kinds of rules for
combining several data types.

6 Implementation

The designed slope grid is implemented with 60,800ulated static sensors and
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10,000 cells as shown in (b) of Figure 6. It assummat all of the observed data is
transmitted to the central processing server. Aa dgnerator is used for creating
simulated sensor data. Whenever the sensor datgpdated by the generator, it
updates the attributes of the cells in the gridhsas max(), min(), and the slope
direction. The slopes and gradient counts of aelsderived from the attribute values
in each cell. Finally, it makes a summarized 3 disienal map with SGSA for
presenting the conditions of a remote place. Ttap | changed over time depending
on the observed data change.

Fig. 6. Data representation in SGSA

Two kinds of data types are used for testing thetrabtion model such as random
data and event data. When it generates all of rargemsor data over time, the slopes
are continuously changed like a wave at (c). Edaté is used to detect an accident
such as a fire, pollution, and red tide areas. Jihwlated event data is generated
according to the parameters of sensor data gemesath as height, width, and
maximum (or minimum) value. The attributes of tleticare also updated according
to the abstraction model. There are various kirfdtata representation depending on
the data change such as a variety of natural gpbipa features. In (d) event data of
Figure 6 shows rapidly changed slopes in a specifiea like a fire area. The
maximum value and boundary of the event is usemdoess user queries as shown in
Figure 5. In order to get the useful data in SGS#me rules are used for extracting
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the specific cells having specific conditions. eaample, to get the cells having the
high value over mean(), it uses a rule that is nin(cells > mean(). To get the
boundaries of a phenomenon, it also uses rulesatkateight > 20 and gradient count

< 5, because high height and low gradient countmnapidly changed condition in a
cell.
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Fig. 7. Tracking the simulated phenomenon with SGSA

Figure 7 shows the tracking phenomenon which iskitad by data generator. The
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generator makes the simulated data with predefioeditions such as height (10~30),
radius (40 m). The created circle having high valisemoved over time according to
the user defined route. When the circle is detebiedensors at t1, it makes a map of
data with SGSA. The map is changed depending osithelated circle’s movement.
We can extract the boundaries of the circle by Emgles for finding the cells which
have the height over 17 and the gradient counttless 2. The red lines indicate the
current detected boundaries on the left side psturhe dot blue lines presented past
boundaries. On the right side pictures, the bouedaare shown by SGSA. From
these abstracted data, we can extract the infoomaif the detected phenomenon
such as the speed of movement, the boundariesthendeight of data values. It is
useful to answer these questions such as “Howdass the phenomenon travel?”,
“What is the data gradient average in its bound&fi§ o support a complex query, it
is required to combine the information extractezhfrthe several SGSAs for various
data types.

7 Conclusions

Environmental monitoring applications deal with ttheta sets of different types as
well as merge them to enhance our understanditigeafircumstance. It is required to
abstract the sensor data as a preprocessing steéptégoreting the condition on a
specific area. We designed the data representalustraction for large-scale
geosensor data in a central monitoring system. dlbpes on cells represent the
observed data in grid like a summarized contour.nta@lso stores a gradient count
and a slope direction for finding the condition ©ba in a wide area. It could be
utilized as a data representation model in therenmental monitoring applications.
In the future, this model can be extended by ugiegcombination method among the
heterogeneous abstracted data types for a sertsgiudan.
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