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PEJIKOJIETISI:

Ampnpiiit KY3HUK - 1.c.-r.1H., mpodecop, mpopektop JIBBIBCHKOTO Jep>KaBHOTO YHIBEPCHUTE-
Ty Gesnexu xutTeaistTbHOCT! (JIJTY BIKJT),

Bosoxmvmp CAMOTHI — 1.1.H., mpodecop, 3aBinypad Kadeapy yIpaBIiHHS iHPOpMa-
mitiHoIo 6esrexoro JIJIY BXJI;

€sren MAPTHH - 1.1.1., ipodecop, 3aBigyBad Kadeapy yIIpaBIiHHS IPOEKTaMH, HPO-
PpMaIifHIX TeXHOJIOTiH Ta TenekoMyHikartidt JI/TY BIKT,

Bacums [TOITOBHY — j.T.1H., IOTICHT, HAYATHHIK HABYAIHHO-HAYKOBOTO THCTHTYTY ITMBLUTHHOTO
saxucry JIJIY BIKJI;

Onsra MEHDBIIIMKOBA - x.¢.-MH., JOIEHT, 3acTyHUK HAYaTbHAKA HABUAIHHO-
HAYKOBOTO THCTUTYTY IMBUIbHOTO 3axucTy JIJTY BXK]I 3 HapuanmsHO-HayKoBoi poGOTH, TTOKO-
BHUK CITy>KOU ITUBUILHOTO 3aXHCTY,

Onexcanap IPUJATKO - x.TH, 3aCTyIMHUK HavYaTbHKA Ka(eapy YIIpaBIiHES IPOEKTa-
MU, THPOPMAITIMHIX TEXHONOTTH Ta TeekomyHikartii JIJTY BIK]T,

Haranis KYXAPCBKA — x.¢-M.H., JOTIeHT, JoTieHT Kadeapu YIpaBIiHHS 1HPOPMAIIIHOIO
Gesniexoro JIJTY BT,

Tapac BPHUY — x.T.H., foTieHT Kadeapu yrpapmHHs iHpopMartitiHoro Gesmekoro JIJTY BXKIT,
Opect TTOJIOTAM — x.TH., IOTIGHT KadeIpH YIPaBIHES iHpopMargiHoro Gesrexoro JIJTY
BXL,

Mapia IIABATYPA — x.T.H., JolleHT Kadepy YIPaBIiHHS HPOPMAIMHOIO Ge3MeKoro
JITY B,

Irop MAJIEIID — X.T.H., JIOTIEHT, JOICHT Kadeapy YIIPaBIiHHS IPOSKTaMH, IHPOPMAITIAHIX
TEXHOIOTH Ta TenekoMyHikartii JIJTY BIKIT,

Ha3apiii BYPAK — x.T.H., JorieHT kKadeaApy YIIpaBiHHS IPOEKTaMI, THPOPMAITIMHITK TEXHO-
JIorii Ta TesekomyHikari JIJ[Y BT,

Onbra CMOTP - kx.T.H., OTIeHT KadeIpH YIIPaBIiHES MPOSKTaMI, TH(QOPMATTIHITX TEXHOTIO-
Tt Ta TenexoMyHikarrid JIJTY BIKIT;

Poman TOJIOBATHM - k.T.H., BUKTafad KadeapH YIPABIHES MPOCKTAMH, HQOPMATTHHIX
TEXHOJIOTIH Ta TesiekoMyHikartii JIIY BXKII;

Onexcanap XJIEBHOM — pmcrajau xadefpy YIPaBTiHHS TPOEKTAMH, iH(QOPMAITHHIX
TeXHOIOTH Ta TemekomyHikartid JIJTY BXK]I.

3a TouHICTh HaBeJeHNX (HaKTiB, cCaMOCTIHHICTH HAYKOBOTO aHAIII3Y Ta HOpMa-
THBHICT CTHJIICTHKH BHKJIAJY, & TAKOK 3a BUKOPUCTAHHS BIJIOMOCTEH, IO He peKo-
MeHJIOBaHl JI0 BIAKPUTOI MyOrikarii BiANOBIIATBGHICTE HECYTh aBTOPH OIyOIKOBa-
HUX MaTepiaiB.
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MaTtemaTH4He Ta KOMII' IOTepHe MOJeJII0BAHHS
CKJIA/THUX CHCTEeM

METHOD OF FIRE AREAS LOCALIZATION
ON THE BASIS OF REMOTE SENSING DATA

Andrii Havrys, Roksolana Moreniuk
Lviv State University of Life Safety, Lviv

In the paper data of remote sensing of the Earth from the MODIS satellite
was analyzed. The use of current method of fire areas localization together with
historical data on fires of the selected region for the prediction and analysis the
probability of fires occurrence in the individual investigated territories was
proposed.

Keywords: computer simulation, fire; satellite data; wildfire; cluster analysis.

Today we can prevent fires with the help of modern technologies and ex-
change of international experience, gain new useful knowledge to prevent such
disasters.

Every day we receive information from satellites for rapid remote moni-
toring of forest fires. Wildfire monitoring allows them to be eliminated in the
early stages. Modern GIS technologies allow you to receive information from all
over the globe and even from space. In order to reduce the occurrence of forest
fires and timely monitoring of emergencies, it is advisable to use data obtained
by remote sensing of the Earth.

The data we used is for wildfire in Australia in January 2013 obtained
from the NASA Earth Observation System Data Information Service (EOSDIS).
EOSDIS provides near real-time monitoring of global fires as well as an archive.
We used various statistical approaches, to identified and tested patterns of clus-
tering in the data.

The points are the centroids of remotely sensed image pixels with an ap-
proximate resolution of lkm? acquired during several satellite passes. Points
have a ‘brightness’ sufficiently high to be considered a fire, and do not corre-
spond to a known natural or anthropogenic source.

All points are interdependent. If we model ‘individual fires” from the fire
points, then our ‘fire observations’ are now independent of one another (one
record for each fire) and free of within-fire variation.

One simple clustering approach is to measure the distance between all
pairs of points, and then to cluster pairs of points that are within a threshold dis-
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tance of one another. The points within each of cluster are all within one unit of
at least one other point in the cluster, whereas the nearest points in different
clusters are over two units apart. A clustering threshold of one would thus group
the points into two sets in which all points within a set are within one unit of
another point in the set.

The Density-based Clustering tool implements three algorithms that clus-
ter features into groups based on the distance between features and/or their den-
sity in space. The defined distance method is the simplest and are going to use
this approach here, however, instead of the using the Density-based Clustering
tool we shall use the Aggregate Points(Cartography) tool that also generates
polygons around each cluster.

We shall compare the different fire clusters to historical Google Earth
imagery to see how well the clusters match visible fire scars.

The fire points are the centroids of roughly lkm? pixels and, thus, the
threshold must be greater than 1km to cluster points captured at the same time.
Bush fires can jump up to 20km, so this is the maximum realistic threshold. [1].

Clustering is weaker above a threshold distance of approximately 7km
(from the graph).7km threshold has the best visual match with Google Imagery
for the example Tasmanian fire and others.

The Bright T31 field of the fire points stores surface temperature esti-
mated from ‘channel 31° but this information was lost the in the process of
amalgamating fire points into polygon scars. The fire points within a scar are a
sample of the temperature of the fire that created the scar. We can estimate a
temperature of each fire scar by calculating the mean of the points making up
each fire scar.

The aim of a hazard impact map is to show where the hazard occurred
and to what degree. The point map gives us a crude overview of the spatial dis-
tribution of wildfires in January 2013, but points that are near one another oc-
clude each other, obscuring pattern. We could use smaller dots, but the viewer
would still need to visually search the map to identify regions a high fire density.
As always different viewers would identify different regions.

The Hot spot analysis calculates the Getis-Ord Gi statistic, which tests
whether a feature clusters in space with other features with similar high and low
values than expected. where the expectation is that features, and their values are
randomly distributed [2].

ArcGIS support two tools that undertake hot spot analysis, the Optimized
Hot Spot Analysis tool that automatically optimizes the function parameters, in
particular, the spatial relationship model as a distance band (sphere of influence)
[3.4]. The Hot Spot Analysis tool that provides greater control over analysis
parameters was created.

We used empirical data (observations) to model fire extent, nature (tem-
perature) and impact for January 2013 Australian wildfire season. While analy-









