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ABSTRACT

High fire occurrence in Riau Province, Indonesia baen going on in the recent years with largesarea
occurring in the peat soil. In this paper a dabaimg technique namely classification was appliedarest

fire data to develop classification models for pots occurrence in Riau Province. The models geovi
characteristics of areas where active fires ocdurréd/e studied physical data including land covead,
river, city centers, industrial timber plantatidogging concession, peatland depth and peatlanestyp
classify 2693 target objects. Target objects are alarm data namely hotspots distribution in 2868
false alarm data which are randomly generated withé areas at least 1 km away from any true alarm
data. We applied three classification algorithivet are available in the data mining toolkit Weké.3:

J48 module as Java implementation of C4.5 algoritBimpleCart and NaiveBayes. The result shows that
the classifier generated from the J48 has highasiracy i.e. 69.59 % compared to two other algorith
Our results based on the J48 classifier show tbtsphbts are predicted to take place in areas fhare
non logging concession areas, (2) are plantatigndayland forest, and (3) have peatland type: \dagp
Hemists/Saprists (> 400 cm). Additionally, hotspocurrence probability is higher in areas locdt@dkm
from roads, 3 km from rivers and within 5 km to R@ of city centers where the areas are accesgible t
humans.

Keywords: Data Mining, Classification Method, Forest Firesptdpot, Indonesia

1. INTRODUCTION deforestation and degradation [2]. According tp [1
more than 72,000 active fires (hotspots) were
Forest fires both in Kalimantan and Sumatrasecorded in Riau by NOAA AVHRR and MODIS
Indonesia seem to be yearly disaster especially gatellite sensors in the period 1997-2007. Thd tota
dry season. lItis considered as a regional artthglo emission in Riau was estimated about 3.66 gigatons
problem because its impacts could be felt by peop(&t) CO, between 1990 and 2007 resulted from
not only in Indonesia but also in many parts ofleforestation, forest degradation and decomposition
Southeast Asia including Singapore and Malaysiand burning of peat [1]. Especially in peatland,
Riau is one of provinces in Sumatra that has higtires produce not only CQOemissions but also
deforestation because of forest fires especially ismoke haze problems. Peatland fires in Riau
dry season. Uryu et al. (2008) in [1] state thaRi Province have resulted in smoke haze problems that
has high deforestation in recent years and thaso felt in neighboring countries including Brunei
majority of the deforestation has occurred on pe&ingapore and Malaysia, and as far as Thailand,
soil. This province has lost more than 65% oV¥ietnam and Philippines. Herawati et al (2006) in
forest (about 4 million hectares (ha)) in the a5t [3] state that smoke haze problems from peatland
years in which forest cover decreased from 78% ifires influence the city traffic, sea transportatio
1982 to 27% in 2007 [1]. A study conducted by [2]and flights, human health and other economical lost
found that there is a clear relation between fined [3]. In order to minimize the incidence of forest
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fires, many works have been conducted in Data Source
developing forest fire risks models using Spread and coordinates| Ministry of
geographical information systems (GISs) and of hotspots 2008 Environment,
remote sensing [4-9]. Indonesia
Study on fires risk may involve large spatial data Physical data: land National Land

including physical data, climate data, and social ®OVer road, river, city Ager_1cy (BPN) R""!“
enters, Industrial province, Indonesial

economic data. The data are stored in spatial; ber Pl .
databases as one of the component in GISs. Spati jmber Plantation,

databases store large number of spatial featuks an 0gging Co_ncession —
Administrative border BPS (Statistics-

their relationships for further manipulation and X e ¢
analysis to help users in decision making procegs(o" Village, subdistrict, | Indonesia)
In order to extract interesting and useful bugdistrictand province _
implicit spatial patterns from large spatial Peatland: peatland depth,Wetland Indonesia
databases, data mining techniques continue applie@€atland types
in many areas including in forest fires risk
modeling. For mining purposes using classification
éallgorithms, a dataset should contain some
explanatory attributes and one target attribute.
herefore we conducted two main tasks in
constructing a forest fires dataset: 1) creating th
target attribute and populating its value from the
arget objects, and 2) creating explanatory atteiou
rom neighbor objects related to the target objects
) our study, target objects are true and falsenala

Data mining tasks including association rule
mining, classification and prediction, as well a
cluster analysis have been successfully utilized i
analyzing spatial data related to forest fires T40-

In this paper, a data mining techniqgue namel
classification is applied on forest fires data t(}
develop classification models for hotspot

occurrence in Riau Province Indonesia. The spati hta (Figure (2)) True alarm data (positive
data used include land cover, road, river, cit Igu ' u positiv

centers, logging concession, industrial timbe xamples) are hotspots that spread in Riau Province
plantation, type and depth of peatland. Th n 2008. Numbgr of hots_pots in peatland and non-
classification models provide characteristics o ea“af‘d areas in 2008 is 3,092. False alarm data
areas where active fires occurred and it can bé us egative examples) were randomly generated and

to predict the hotspot occurences in a new area. ey are located within the areas at I_e ast 1 knyawa
from any true alarm data. For this purpose we

2. MATERIAL AND METHODS created 1 km buffers from positive examples and
extract all randomly generated points outside the
1) Forest fires data buffer to be negative examples. Explanatory objects

The study area is the Riau Province in Sumatei@e physical data including land cover, roads,
Island Indonesia (Figure (1)). The total area ofivers, city centers, industrial timber plantation
Riau Province is approximately 8,915,015.09 H&ITP), and logging concession, peatland type, and
(89,150 Km) consisting of land and water areaspeatland depth that will classify the target olgect
Spatial data are detailed in Table 1. We assignéuato false or true alarm.
the datum WGS84 as the spatial reference system™
to all spatial objects.

%, target
® F (False alarm)
® T (True alarm)

Figure 2. False and true alarm data

Figure 1. Riau province, Indonesia
(Source for Riau Province map: BPStatistics-
Indonesig)
Table 1. Spatial data
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2) Data preprocessing ool
Preprocessing steps were performed to relate ti | =
explanatory objects to target objects by applyini
topological and metric operations. Topologica'}'""
relations used ardnside Meet and Overlap : -
Metric-relations i.e distance is calculated from ¢
target objects to explanatory objects such as rive
road and city centers. Distance between tw
objects are calculated in decimal degree becalise
maps are referenced using WGS84. We convertt
decimal degree unit to meters to prepare a final
dataset. Preprocessing steps for spatial objeets a  Figure 4. Roads and some target objects

explained in the foIIo_vving subsections. All stepsb) Land cover, logging concession, industrial
were performed using open source software:” imper plantation

Quantum GIS 1.0.2 (http:/qgis.org/) for spatiaiada  There are 13 types of land cover: natural forest,

analysis and visualization, PostgreSQL 8.4 as ﬂl‘f‘ryland forest, mix garden, mangrove, plantation,

datal?ase management SysteN3ettiement, swamp, paddy field, shrubs, bare land,
(http://www.postgresgl.org/), and PostGIS 1.4 fofirigated agricultural field, water body, and

spatial data analysis (http://postgis.refractioB8)n o mpankment. We determined types of land cover

for the areas where the target objects are located.

. 'For this purpose we applied the topological
and city centers _ operation ST_Within in PostGIS to identify target

We defined relations between target objects a”éﬁjectsinside an area and its type of land cover.

Sp?t'?l t'o bjeé:_tst: roadfs, nv;ars atndb_(:lt); ctenters b¥he following query statement was used to identify
calcuiating distance from target objects to neare%rget objects inside all land cover types.
roads, rivers, and city centers. For this purptise, .
PostGIS operation ST Distance was applied t8ELECT target.gid, target.the_geom
compute distance from each target to all riveragdro tar get. cl ass, | ' agd_coverv\ly_'zg(écover type
networks and city centers then identify its minimunf. X0 target, |and_cover

| dist f t tt t obi T _Wthin(target.the_geom
value as distance from a target to nearest objecfS; y cover. t he geom) ORDER BY
Figure (3) and Figure (4) show a river network and 5y get . gi d:
a road network respectively overlaid with target ) ) .
objects. Distance between target objects (false In order to relate target objects with logging
alarm and true alarm) and river segments weréoncession and industrial timber plantation (ITP)
calculated by running the following queryrepresented in polygons we defined whether the

5 % 5% target
® F (False alam

Target object ® T (True alarm)

. \ «— Road segment
. '
J
'

A -‘c o\

. Road segment

a) Distance target objects to nearest road, rive

statemerit
SELECT target.gid AS target_ID,
river.gid ASriver_ID, target.class,

ST_Di stance(target.the_geom
river.the_geon) AS dist_target_river
target;

FROM ri ver,

B % g1 target
® F (False alarm
® T (True alarm)

i ;\_ River segment
.

Target object

Figure 3. Rivers and some target objects

objects are located in the polygons or not. The
topological operation ST_Within in PostGIS was
used to identify target objectinside logging
concession and ITP.

c) Peatland

The total area of peatland in Riau Province is
about 40,191.97 kfor about 45% of the total area
of Riau Province. There are two important
characteristics of peatland considered in this work
peatland types and peatland depth. Figure (5) and
Figure (6) display peatland types and peatland
depth layers respectively, as well as some targets
overlaid with these two layers. The label in
peatland type for example “Hemists/Saprists
(60/40), Moderate” is described as follows: Hemists
and Saprists are peatland types, the value 60 @nd 4
respectively represent 60% of Hemists and 40% of
Saprists covering the area. Moderate is a category
for peatland depth. The topological operation
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ST_Within in PostGIS was applied to identify 8,
target objectinside peatland. 2

3. RESULT AND DISCUSSION

Classifiers were developed from a datase
containing physical data and target data. Numbx
of target objects after preprocessing steps is 26¢
(1373 true alarm (hotspot) and 1320 false alarn
Fields in the dataset are as follows

1. Distance from target data to nearest road in kr
(min_dist_to_road)

2. Distance from target data to nearest river in kn
(min_dist_to_river) A

3. Distance from target data to nearest city cente
in km (min_dist_to_city) ;

4. Land cover type for the area where target dai%:.:
are located (landcovertype)

5. Logging concession in the area where targe g3
data are located (in_logging_conc)

6. Industrial Timber Plantation in the area wher
target data are located (in_itp)

7. Peatland types (legend)

8. Peatland depth Figure 5. Target layer overlaid with peatland type

9. Target attribute containing true and false alarm layer
(class). True alarm data are hotspot in 2008 fer
all areas in Riau Province. False alarm data a
randomly generated outside 1 km buffer fol
true alarm data

B % ;% target

® F (False alarm]

® T (True alarm) SR 3 ﬁ Peatland

Fibrists/Saprists(60/40), Moderate

45‘-\\ M Hemists/Saprists(0/40) Deep

o, Hemists/Saprists(60/40) Moderate

M Hemists/Saprists(607/40), Wery_deep
Hemists/min[30/70) Maderate
Hermnists/min(30/70),Shallow

M Hemists/min(@0/10) Moderate

M Sapriste(100) Deep
Saprists(100),Moderate

M Sapriste/Hemists(B0/40), Moderate

M Saprists/Hemists(60/40), Desp

o Saprists/Hemists(B0/40) very_deep

M Sapriste/min(50/50) Moderate
Saprists/min(50/50), Shallow

M Sapriste/min(90/10) Moderate

T op

The dataset are divided into the training set fo
developing the classification models and the tgstin
set to calculate the accuracy of the models.

There are several methods that can be applied
construct classification models such as decisiea tr
and neural network. The decision tree methoc
include ID3 [15] developed by J. Ross Quinlar
during the late 1970s and early 1980s, C4.5 [16] ¢
a successor of ID3, and CART (Classification ani
Regression Tree) [16] proposed by L. Breiman et.:
in 1984 that generates binary decision trees. 1Oth
method is Bayesian Classification. The simple
Bayesian classifier namely Naive Bayesiar
Classifier learns from training data the conditiona
probability of each attribute ;Agiven the class label
C [17]. Moreover, classification is conducted by #.;:
applying Bayes rule to compute the probability of C .é:f ey
given the particular instance of A.., A, and then A ron,
predicting the class with the highest posterio
probability [17].

= % ﬂ peatland_depth
DO ery shallowMery thin < 50 cm
D1 Shallow/Thin 50-100 cm

o D2 Moderate 100-200 cm

o D3 Deep/Thick 200-400 cm

M D4 Very deepfvery thick = 400 cm

B % 3% target
® F (False alarm)
® T (True alarm)

izigure 6. Target layer overlaid with peatland depth
layer.

We applied two decision tree algorithms that
are available in the data mining toolkit Weka 3.6.2
the J48 module as Java implementation of C4.5
algorithm and SimpleCart. For comparison, we
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also run the algorithm NaiveBayes in Weka 3.6.2 ttand cover types, distance the area to nearest city
develop a classifier on datasets. Weka is eenter and road in order to decide the potential of
collection of machine learning algorithms for datehotspot occurrence. Other attributes namely

mining tasks. It is the open source software idsugeatland types and peatland depth are not required
under the GNU General Public License thato classify the objects in logging concession areas
contains tools for data  pre-processingto the target classes.

classification, regression, clustering, associatio?, ;. .:.. conc = yes

1 i i I in dist t d <= 5.212: T (23.0/8.0) - leaf 1
rules, _ and visualization e e L L. Lea
(http://www.cs.waikato.ac.nz/ml/weka/).  10-folds | 17 Jendeoveriype - Plancation

| min dist to city <= 24.5647: F (22.0/1.0)
| min dist to city > 24.5647: T (2.0)
landcovertype = Bare land

| min dist to river <= 2.2219: F (4.0)

| min dist to river > 3.2219: T (2.0)
landcovertype = Mix garden: F (0.0)
landcovertype Dryland forest: F (140.0/13.0)
landcovertype Unirrigated agricultural field: F (0.0)
landcovertype = Shrubs

| min dist to road <= 18.111: F (2.0)

| min dist to road > 19.111: T (4.0)
landcovertype = Swamp: F (2.0)

landcovertype = Paddy field: T (2.0)
landcovertype = Mangrove: T (2.0/1.0)
landcovertype = Natural forest: F (0.0)
landcovertype = Settlement: F (0.0)
landcovertype = Water body: F (1.0)

cross validation was used to calculate accuracy |
the classifiers. Table 2 represents accuracy

classifiers for forest fire data in peatland areas

Table 2 Accuracy of classifiers

Algorithm Accuracy
J48 69.5878 %
SimpleCart 66.84 %
NaiveBayes 62.8667 %

Figure 7. Subtree associated with the root node
Below are some rules generated from the C4.5 ‘logging concession’ with the value ‘yes’.

decision tree: The next test attribute for the root with the value

1. IFin_logging_conc = no AND landcovertype =non-logging concession is land cover type (Figure
Plantation AND min_dist_to_city <= 20.3706 (8)). The tree predicts 659 hotspots occurredhén t
km AND legend = plantation and 197 hotspots taking place in Dryland
Saprists/Hemists(60/40),Very_deep ANDforest (Table 3). After testing the land coverayp
depth = D2 (Moderate 100-200 cm) THENother explanatory attributes will be evaluated to
Hotspot Occurrence = T (56.0/19.0) create rules for classifying the hotspots occurenc

2. IFin_logging_conc = no AND landcovertype =These attributes include distance the area to seare
Plantation AND min_dist_to_city > 20.3706 city center, peatland types, distance the area to

km AND legend = nearest river, peatland depth, Industrial Timber

Saprists/Hemists(60/40),Very_deep THENPlantation, and distance the area to nearest road.

Hotspot Occurrence = T (127.0/9.0) From the J48 classifier, we summary that hotspots
3. IFin_logging_conc = no AND landcovertype =are mostly predicted taking place in (1) non loggin

Shrubs THEN Hotspot Occurrence = Tconcession areas, (2) plantation and dryland forest

(111.0/27.0) (3) areas with peatland type of very deep
4. IF in_logging_conc = yes AND Hemists/Saprists (> 400 cm).

min_dist to road > 5.212 km  AND .. iceging conc - no _

landcovertype =  Dryland_forest  THEN | ‘“Sisitecucooe

Hotspot Occurrence = F (140.0/13.0) | | min dist so ziver <= 71199

} | r;\in %O:C;;YS <= 14.0333

|
i
I
The numbers in parentheses at the end of ea, i
rule represent the number of examples associated! |
1

|

|

I

|

|

I

| |

I | | |  min dist to road <= 0.9858: T (3.0)

I I 1 | min dist to road > 0.9858: F (8.0/3.0)
| | | in_itp = no : F (34.0/12.0)

|| min dist to city > 14.0333: T (87.0/18.0)

| depth = D2: T (2.0)
I

|

|

I

|

|

this rule whereas the number of misclassifie!!
examples are given after a/ slash /. l

depth = D4

| in itp = yes

I min dist to _river <= 3.9816

I 1 min 1.6018

I 11 “min_dist to_road <= 0.8955
I

|
|
| s
| | | | min dist to road <= 0.4456: F (3.0/1.0)

The main result of this work is a decision tree!
generated by the J48 module in WEKA 3.6.2. It Figyre 8. Subtree associated with the root node
consists of 241 leaf nodes with the first test ~ogging concession’ with the value ‘no’.
attribute is logging concession. The next test
attribute for the area in logging concession is
minimum distance to nearest road (Figure (7)). If
the distance between a particular area to the sieare
road is less than or equal to 5.212 km then 23
hotspots are predicted occur in that area (seelleaf
in Figure (7)). Otherwise the tree will evaluate t
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Table 3 Number of actual and predicted hotspots Table 5 Number of predicted hotspots grouped by
grouped by land cover types distance to nearest city center
Land Cover Number of Numt_)er of Distance _to Numper of
Type actual hotspot predicted nearest city Predicted
hotspot center (km) Hotspot (%)
Bare land 127 159 5 15.36
Dryland forest 230 197 10 30.73
Embankment 0 Q 15 19.99
Mangrove 2 1 20 19.06
Mix garden 65 69 25 10.95
Natural forest 15 16 30 3.56
Paddy field 67 61 35 0.07
Plantation 651 659 40 0.28
Settlement 2 2 Total 100
Shrubs 91 115
Swamp 33 30 4, SUMMARY AND FUTURE WORK
Unirrigated
agricultural field 90 98 In this study, classification models for hotspots
Water body 0 0 occurrence in Riau Province Indonesia have been
Total 1373 1406 developed. The dataset contains explanatory

attributes and the target attribute consisting of
Most of forest fires cases in Indonesia are causefbtspots in 2008 as true alarm data and false alarm
by human factors. Human activities may triggetiata which are randomly generated within the areas
fire ignitions. Some factors such as proximity toat least 1 km away from any true alarm data. We
road networks, proximity to rivers, and proximity t applied three classification algorithms, that are
settlement areas are related with human ignitiongvailable in Weka 3.6.2, on peatland fires data to
[8]. Roads represent areas of higher fire riskonstruct the classifiers. The model with the
because of the influence of human activities [18hjighest accuracy of 69.5878 % is generated by the
Additionally, roads are potential routes for hikingj4g8 algorithm. Our results based on the J48
or camping areas [19]. The consideration of thg|assifier show that hotspots are predicted taking
proximity to rivers is also important because sf it place in (1) non logging concession areas, (2)
influence in humidity and vegetation type [18].plantation and dryland forest, (3) areas with
Our results based on the J48 classifier showed thgéatland type of very deep Hemists/Saprists (> 400
hotspot occurrence probability is higher in theaarecm). Furthermore, hotspots are predicted occurred
located 10 km from roads, 3 km from rivers andn areas located 10 km from roads, 3 km from rivers
within 5 km to 20 km of city centers wheregnd within 5 km to 20 km of city centers where

peatlands are accessible to humans (Table 4 apgaﬂands are accessible to humans. The
Table 5). classification model can be used to predict the
Table 4 Number of predicted hotspots grouped by0tSPOts occurrence in the new location.
distance to nearest road and river Additional data preprocessing steps can be
Distance Number of Distance Number of pterformeld c’;o !?prqvg accurlgcy of :jhe modﬁ_l. The
to nearestf 5 o | o nearest| |5 TS steps include identifying outliers and smoothing ou
road A river A noisy data, attribute transformation and
(km) Hotspot (%) (km) Hotspot (%) discretization, as well as attribute selection.
5 39.12 1 24.32 Furthermore, our next study will include socio-
10 28.09 2 21.62 economic and weather data that influence peatland
15 12.87 3 17.78 fires. Another direction of research is applying
20 6.33 4 13.58  gpatial data mining techniques to the data so that
25 3.27 S 8.61  relation between objects of interest and its
30 2.56 6 6.12 neighbors can be involved.
35 3.06 7 3.91
40 2.42 8 2.13
[45, 60) 2.28 [9, 12 1.92
Total 100 Total 100
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