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Prediction of Forest Fire Hazardous Area
Using Predictive Spatial Data Mining

Jong Gyu Han'- Yeon Kwang Yeon''- Kwang Hoon Chit'"- Keun Ho Ryu'''"

ABSTRACT

In this paper, we propose two predictive spatial data mining based on spatial statistics and apply for predicting the forest fire hazardous area.
These are conditional probability and likelihood ratio methods. In these approaches, the prediction models and estimation procedures are
depending on the basic quantitative relationships of spatial data sets relevant forest fire with respect to selected the past forest fire ignition areas.
To make forest fire hazardous area prediction map using the two proposed methods and evaluate the performance of prediction power, we applied
a FHR (Forest Fire Hazard Rate) and a PRC (Prediction Rate Curve) respectively. In comparison of the prediction power of the two proposed
prediction model, the likelihood ratio method is more powerful than conditional probability method. The proposed model for prediction of forest
fire hazardous area would be helpful to increase the efficiency of forest fire management such as prevention of forest fire occurrence and effective
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placement of forest fire monitoring equipment and manpower.

7|19E : B2t HOlE OIOIY(Spatial data mining), HIZZ2 & (Prediction model), &g

1. Introduction

Spatial data mining is one of efficient tools to discover
interesting, potentially useful and high utility patterns from
large spatial data sets. Widespread use of spatial databases
[1,2] is leading to an increasing interest in mining intere-
sting and useful but implicit patterns [3, 4]. Efficient tools
for extracting information from geo—spatial data generate and
manage large geo-spatial data sets. The focus of this work
can be of importance to the organization which own large
geo-spatial data sets. Data mining products can be a useful
tool in decision-making and planning just as they are cur-
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rently in the business world. Knowledge extraction from geo-
spatial data has also been highlighted as a key area of rese-
arch in a recently [5]. The organization which make decisi-
ons based on large spatial data sets spreads across many
domains including ecology and environmental management,
public safety, transportation, public health and business. In
this study, we focused on the application domain of forest
fire prevention where forestry managers are interested in
finding spatio-temporal distribution of forest fires and pre-
dicting forest fire hazardous areas from large spatial/non-
spatial data sets such as forest maps, topography maps and
fire history data. Forest fire provides a good example to stu-
dy spatio-temporal representations for GIS applications be-
cause of its spatio-temporal variability. A key element in
the forest fire hazardous area prediction modeling is a forest
fire hazard model, which estimates the fire hazard potential
based upon forest attributes, forest utilization, and topography.
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In this study, a forest fire risk prediction model using pre-
dictive spatial data mining is developed to a forest in the
Youngdong region of Kangwon province, Republic of Korea.
We show that, by analyzing historical data on fire ignition
point locations, we can gain the necessary predictive capa-
bility, making it possible to quantify ignition probability in
space. The analysis is performed using inductive approaches
in a raster geographic information system (GIS), and it ex-
plores the information contained in the spatial attributes of
the phenomenon.

The raster GIS database used in the study contain a layer
with the location of ignition events and a set of layers cor-
responding to potentially explanatory attributes. This spatial
data set is analyzed using conditional probability and like-
lihood ration prediction models.

2. Related Works

Predictive data modeling predicting unknown values of cer—
tain attributes of interest based on the values of other attri-
butes in large amount of database is a major task ir data
mining. Predictive data mining has wide applications, inclu-
ding credit evaluation, sales promotion, financial forecasting,
and market trend analysis.

Statistical data analysis and inference have studied many
parametric and non-parametric methods towards the predic—
tion problems. The statistical linear regression analysis pro-
vides a means to obtain the prediction of the continuous at-
tribute by inserting the new values of the explanatory attri—
butes into the fitted regression equation [6]. This method
is a purely parametric approach that assumes that the re-
sponse attribute has a normal distribution, which sometimes
could be violated. Statistical pattern recognition, neural nets,
and machine learning techniques deal with the prediction of
categorical attributes [7].

Bayesian approach is a probabilistic method, which is de-
signed to yield the minimum overall error rate, the problem
can be formulated in precise mathematical terms, and an
optimal solution can theoretically be found by the proba-
bilistic theory of Bayesian analysis. Unfortunately, there are
serious obstacles to the direct application of this theory [7].
But there are still some successful applications derived from
Bayesian analysis. [8] proposes a finite mixture model by
adopting the Bayesian approach for predictive data mining.
A finite mixture model is learned from instantiated attri-
butes. The conditional predictive distribution of an attribute
can be calculated from the model. [8] shows a relatively good
performance of this approach by some empirical results.

Neural nets (networks) provide another type of predictive
method. Unlike the normal discriminant method described
above, most neural network methods are non-parametric :
no assumption is made about the underlying population di-
stribution. The back-propagation network (BPN), which is
also sometimes referred to as a multilayer perceptron, is cur-
rently the most general-purpose, and commonly used neural
network paradigm [9].

Decision trees are currently the most highly developed
techniques for partitioning samples into a set of covering
decision rules. A decision tree is a flowchart-like structure
consisting of internal nodes, leaf nodes, and branches. Each
internal node represents a decision, or test, on a data attri—
bute, and each outgoing branch corresponds to a possible
outcome of the test. Each leaf node represents a class. In
order to classify an unlabeled data sample, the classifier tests
the attribute values of the sample against the decision tree.
A path is traced from the root to a leaf node, which holds
the class prediction for that sample. ID3 [10, 11] and CART
[12] procedures for induction of decision trees have been well
established for highly effective method.

Other procedures, such as SLIQ [13] and SPRINT [14],
have been developed for very large training sets. [15] pro-
posed an efficient algorithm of decision tree induction. The
algorithm has addressed not only the efficiency and scalabi-
lity issues, but also the innovative multi-level classification.

3. Proposed Prediction Model

In this study, we proposed and applied two prediction mo-
dels for spatial data mining based on spatial statistics [16].
These are conditional probability and likelihood ratio metho-
ds.In these approaches, the prediction models and estimation
procedures are depending on the basic quantitative relation-
ships of spatial data sets relevant to forest fire with respect
to selected the past forest fire ignition areas.

Two models used in this study are described briefly as
follows :

1) Conditional probability prediction model.

The left side of (Figure 1) shows the conceptual descrip-
tion of conditional probability prediction model. For example,
consider the problem of predicting a forest fire ignition loca-
tion area in a region that covers an area of 10,000 pixels
and suppose that 500 pixels covered by forest fire ignition
are known within the region. The average density of known
fire ignition area in the region is N[FI/N[S], or 500/100,000

= 0.005, where N[F] is the pixel number of forest fire igni-
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Fire Ignition Area(F)

N[S]} = 100000 (Al area)

N[A] = 2500 (Forest type A area)

NIF] = 500 (Fire ignifion area)

N[E] = 100 (Area of fire ignitioin
on forest type A

s Conditional probability

P(A\F)

CondP(F\A) = P(F)- P(A)

_ _P(ANF)
T P(A)

NI[E]
N[A]

* CondP(F\ A) : The conditional probability of a forest fire ignitioin

given the presence of forest type A

NI[#] : pixel r of %
s Likelihood ratio
LR(A\F) = EA\E)
P(A\F)

N[E]-(N[S]-NIFD
NIF1-(N[A1-NIED)

* P(A\ F): The conditional probability of a forest type A,
given the presence of forest fire ignition area

* P(A \F) : The conditional probability of a forest type A,
given the absence of forest fire ignition area

(Figure 1) Schematic diagram and explanation of the proposed prediction models

tion area and N[S] is the pixel number of total region. This
is the probability that 1 pixel, chosen at random (with a ran-
dom generator for example) contains a known forest fire ig-
nition area. Where no other information is available, this ratio
can be used as the prior probability of a forest fire ignition
area, P(F). Suppose that a binary indicator map such as a
forest type map and that 100 out of the 500 pixels of fire
ignition area, where the forest type A is on. Clearly the pro-
bability of finding a forest fire ignition area is much greater
than 0.005 if the forest type A is known to be present ;

conversely the probability is less than 0.005 if the forest type
A is known to be absent. The favourability for finding a
forest fire ignition area given the presence of the evidence
such as the forest type A, can be expressed by the condi-
tional probability :

CondP (F\A) = % M
where CondP ( F\ A) is the conditional probability of a forest
fire ignition area given the presence of a forest type A. But
P(ANF) is equal to the proportion of total area occupied
by F and A together, or P(ANF)=N[ANF]/N[S]=N
[E]/NI[S], and similarly P(A)=N[A1/NI[S], where
P (A) and N[A] are, respectively the probability and area
where pattern A is present. So that the conditional proba-
bility of a forest fire occurrence given the presence of the
forest type A is 100/2500 = 0.04, 8 times larger than 0.005,
the prior probability of a forest fire ignition area. Effectively,

the prediction for new forest fire occurrence of the same type

now becomes more focused, because if the forest type A is
used as a critical indicator, the search area is reduced from
100000 pixels to 2500 pixels.

In order to obtain an expression relating the posterior pro—
bahility of a forest fire occurrence in terms of the prior pro-
bability and a multiplication factor, we note that the condi-
tional probability of being on the forest type map A, given
the presence of a forest fire ignition area is defined as :

P(ANF)

P(A\F)= P(F)

(2)
which for the present case has the value 100/500 = 0.2, Be-
cause P{ANF) is the same as P(F NA), Equations (1) and
(2) can be combined to solve for CondP(F\A), satisfying
the relationship.

P(A\F)

CondP(F\A)=P(F) - A

3

This states the conditional (posterior) probability of a for-
est fire occurrence, given the presence of the forest type A
equals the prior probability of the forest fire ignition area
P(F) multiplied by the factor P(A\ F)/P(A). The numerator
of this factor is 0.2 and the denominator is 2500/ 100000 =
0.025, so the factoris 0.2 / 0.025 = 8. Thus given the presence
a forest type A, the posterior probability of a forest fire

occurrence is 8 times greater than the prior probability.

2) Likelihood ratio prediction model
Likelihood ratio prediction model has been applied to the
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problem of predicting in various disciplines. In particular, it
has been applied to quantitative medical diagnosis from cli-
nical symptoms to predict disease, e.g. [17-19). In [20], a Li-
kelihood ratio prediction model was used in ecological GIS
application. In geology, the Prospector model originally de-
veloped in a non-spatial mode [21, 22], uses a likelihood ratio
prediction model to search the potential mineral deposit area
in an expert system. [23] applied the same approach to the
prediction of base-metal deposits in a greenstone belt.

The likelihood ratio prediction model is described here in
the context of forest fire hazardous area mapping, where the
goal is to predict the forest fire ignition location. The spatial
datasets used in this study, are formatted in set of pixel ob-
jects. The set of point objects (past forest fire occurrence
area, forest type, digital elevation model (DEM), aspect, slo-
pe, road networks, human habitat and so on) are treated as
being binary, either present or absent. In fact the model re-
quires that each point (pixel) is treated as a small area object,
occurring within a small unit cell.

In this study, the likelihood ratio represents the ratio of
the two spatial distribution functions, those of the forest fire
happened and the non-happened areas. The right side of (Fi-
gure 1) shows the conceptual description of likelihood ratio
prediction model. In this model, we assume that the spatial
distribution functions of the forest fire happened and the
non-happened areas should be distinctly different. For exam-
ple, LR(A\F), the likelihood ratio to happen the forest fire
at forest type A in (Figure 1) is P(A\F)/P(A\F)=NI[E]

“(N[S1-N[F])/NIF]-(N[A] —N[E]) and substituting
number for the example leads to P(A\F) = 100X (100000 -
500) = 9950000, P(A\F ) =500 (2500 - 100) = 1200000, and
therefor P(A\F)/ P(A\ F ) = 9950000/ 1200000 = 8.2916. If
the value of LR is greater than 1, then the presence of the
binary pattern, forest type A, is important positive evidence
for forest fire ignition. However, if the pattern is negarively
correlated with the forest fire, LR would be in the range (0,
D). If the pattern is uncorrelated with the forest fire, then
LR = 1. Thus for each thematic layer, two spatial distribution
features for the forest fire happened and the non-happened
areas are computed, firstly. Then the likelihood ratio function
for the layer is computed. Using the Bayesian combination
rule, the likelihood ratio functions for all data layers are
combined. And then, the forest fire hazard prediction map
is generated from these joint likelihood ratio functions.

This prediction model is not restricted to this case, how-
ever, and can be applied to the prediction of the envirorment
change and natural hazard.

4. Forest Fire Hazardous Area Prediction Procedure

The procedure for making the forest fire hazardous area
prediction map is as follows (Figure 2) ;

In first step, we established the spatial dataset related to
the past forest fire ignition area. And we have constructed
thematic maps like forestry maps (forest type, diameter, den-
sity, ages), topography maps (elevation, slope, aspect), hu-
man activities maps (road networks, farm and building bou-
ndaries) and fire history data (ignition location, year, month
date, time, climate conditions, cause, burned area). These the-
matic maps are pre—processed for spatial data mining of for-
est fire hazardous area prediction. In the pre-processing step,
not only gridding but also multi-buffering data processing
techniques are used for spatial computation. To extract ge-
neral forest fire ignition patterns such as spatial distribu-
tion features, it may be better to use elevation, slope, road

netwoks and farm boundary thematic maps.

| Topogreony | [ Forestry mep) [ Lanasat ™™ | | Fire iocations
v v

Forest Type, Farm, l
[ coniow | e @Sememem Locaton
Diameter, Multi-buffering

Density

SDI EM, Boundary
Ope. Multi-buffering

R ) Y

Thematic maps selection by Odds ratio

1990~ 1996
Fire locations

L

Spatial data
layers

1990 ~ 1996
Fire locations

1997 ~2001 g1
Fire locations

1990 ~2001
Fire locations

Forest fire hazardous area

(Figure 2) Procedure for making forest fire hazardous area



In second step, we performed relevance analysis to select
suitable thematic maps related to forest fire occurrences. Usu-
ally, there may be a large number of thematic maps associ-
ated with forest fire. It is neither desirable nor feasible to
use all the thematic maps to do prediction. In most cases,
only a few of them are highly relevant to the response attri-
bute and are valuable for prediction.

Thus, it is necessary to perform an effective relevance an-
alysis to filter out those attributes which are weakly relevant
to the response attribute. However, the decision on whether
an attribute or combination of attributes is weak or not given
its relevance measure is still subjective to individual’s or ex-
pert’s opinions. So the purpose of our relevance analysis is
to provide user an index of attribute relevance of each pre-
dictor, the choice of the predictors to be used in prediction
is user's judgment.

In third step, we employed multiple layer integration me-
thod that predicts the probability of forest fire occurrence
using the two proposed predictive spatial data mining meth-
ods regarding topography, forestry, fire history data and the
distance to human built infrastructures. This method integ-
rates the relevance analysis and prediction modeling at sin-
gle level and enables user to perform prediction at an optimal
level abstraction interactively. For flexible and efficient mul-
tiple level prediction, we have used to sharing method, which
shares some intermediate analysis results with the neigh-
borhood levels of abstraction rather than performing the
prediction analysis. FHR (Forest fire Hazard Rate) is used
to integrate multiple layers in this study. It is required that
each layers used in the proposed prediction models are con-
ditional independence assumption. For example, if two layers
(V; and V2) are conditionally independent with respect to a
set of fire ignition locations, FHR is computed by multiplying
the predicted values at the attribute value at the point the-
matic map 1 and 2. The general formula is described as fol

lows :

FHR : Forest fire Hazard Rate
FHR(D) conar = CondP(V,(p)}x - x CondP(V,(p))
FHR(p)r = LR(V, (p))x =X LR(V,.(p))

Vi(p) : Attribute value at the point thematic map(i ),
i=1 - m

LR : Likelihood radio

CondP : Conditional probability

In last step, we have carried out the efficiency and effec
tiveness of proposed prediction modeling for forest fire haz-
ardous area. To this step, we have used the strategy of cross
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validation for the prediction power using different fire his-
tory information of two forest fire occurrence periods. And,
to validate of prediction accuracy, the prediction rate curve
method has been applied.

5. Experiments and Results

Samchok city

Aspect

Lansat Building agriculture Road network

(Figure 3) The study area and constructed spatial database
for the forest fire hazardous area prediction, Sam-
chok city of Kangwon province, Republic of Korea

The study area to predict forest fire hazardous area is Sam-
chok city. The largest forest fire in modern history of Korea
occurred in April, 2000 in Samchok city, eastern Korea (Fi-
gure 3). Samchok city is located on the east of the Taeback
Mountains, which divide Kangwon province as Youngdong
region and Youngseo region, eastern part and western part
of that, respectively. The locations of ignition points are
marked on 1 : 25,000 scale topographic maps, and each point
is associated with a field form where other information such
as time of ignition, area burned, and land use are recorded.
These point location data are digitized to a point layer. The
geographic database sets for fire ignition prediction analysis
were described in section 4. In first, an analysis of the rela-
tionship of each individual independent attribute with the
response attribute was performed to get an idea of the rela-
tive importance of each attribute in explaining fire ignition.
The results of the analysis of relevance of each independent



1124 F2XME(E2=2XI D H9-DH HM5=(2002.12)

attribute for the data sets corresponding to fire ignition is
that forest type, elevation, slope, road networks, farm and
building boundaries thematic maps have significant attri-
butes in the data set corresponding to fire ignition. However,
tree diameter, density, ages and aspect maps have the less
significant attributes in the data set.

In the spatial database, it was assumed that the time of
the study was the year 1996 and that all the spatial data
available in 1996 were compiled, including the distribution
of the forest fire ignition locations, which had occurred prior
to that year. The occurrences play s pivotal role in construc-
ting prediction models by establishing probabilistic relation—
ships between the pre-1996 forest fires and the remainder
of the input data set. The predictions based on those rela-
tionships were then evaluated by comparing the estimated
hazard classes with the distribution of the forest fire ignition
locations that had occurred after 1996, i.e., during the period
1997 to 2001.

To make forest fire hazardous area map using the two
proposed methods and evaluate the performance of predic-
tion power, we applied a FHR (Forest Fire Hazard Rate) and
a PRC (Prediction Rate Curve) respectively. The FHR for
each prediction models was calculated by formula described
in section 4. For validation purpose, past fire ignition location
data sets were partitioned into two independent data sets
(one is the forest fire ignition data set of pre-1996 and the
other one is that of during the period 1997 to 2001) for model
training and validation, respectively.

(Figure 4) shows the prediction rates of the two proposed
models with respect to the 1997 to 2001 forest fire occurren-
ces. In (Figure 4), the prediction rates with respect to the
“future” 1997 to 2001 occurrences of “likelihood ratio” are
more powerful than “conditional probability”.

For the visualization of a prediction pattern, the relative
ranks of the models were applied to the pattern. To obtain
the relative ranks for prediction pattern, the estimated pro-
babilities of all pixels in the study area were sorted in de-
scending order. Then the ordered pixel values were divided
into 11 classes (colored red to blue) as follows. The pixels
with the highest 5 percent estimated probability values were
classified as the “100”class, shown as “red” in (Figure 5),
occupying 5 percent of the study area. The pixels with the
next highest 5 percent values were presented in “orange,”
occupy additional 5 percent of the study area, and were clas—
sified as the “95” class. We repeated the classification eight
more times, for classes 5 percent apart, and the resulting
ten classes are shown in the ten colors. Finally, the “blue”
color was assigned to the remaining 50 percent of the area.

Prediction rates

1 8 -8

0.9
08
0.7

0.6 —&—CondP

0.5 —e— LR
0.4

Prediction rates

0.3
02
0.1

0
0 01 02 03 04 05 06 07 08 09 1

Area in percentage

.. e Prediction rates
Ignition Probability Class CondP R

0~3% 0.095 0.105
6~10% 0.192 0.261
11~15% 0317 0.368
16~20% 0412 0.479
21~25% 0.492 0.536
26~30% 0.546 0.602
31~35% 0.594 0.649
36~40% 0.636 0.693
41~45% 0.656 0.728
46~50%% 0.683 0.745
51 ~36% 0.708 0.773
56~60% 0.736 0.797
61~65% 0.767 0.812
66~70% 0.798 0.839
T1~15% 0.884 0.859
76~80% 0.928 0.875
81 ~85% 0.969 0.905
86~ 1.000 1.000
91~9%5% 1.000 1.000
9B~ 100 1.000 1.000

(Figure 4) Prediction rate curve of each models ; the curve
shows that the likelihood ratio method is more
powerful than conditional probability method

(Figure 5) represents the forest fire hazardous area map
predicted by likelihood ratio prediction model. From the re-
sult of the prediction map (Figure 5), hazardous or non-
hazardous areas can be identified. The pixels with the red,
orange or vellow color in the predicted map can be inter—
preted as having higher likelihood of future fire occurrence.
On the other hand, less hazardous areas covered by the blue
pixels in the predicted map. The circles with the red color
are past forest fire ignition locations.

The forest fire hazardous area prediction model described
in this paper provided an effective method for estimation of
the degree of forest fire hazard. It is based upon the forestry,
topography, human activity attributes, which contribute to
fire hazard and risk. We have found out the multiple thematic

maps emerged as affective to forest fire occurrence are el-



evation, slope, forest type, road network, farm and habitat
zone condition. The effectiveness of the models estimated
and tested and showed acceptable degree of goodness. The
proposed model developed would be helpful to increase the
efficiency of forest fire management such as detection of for-
est fire occurrence and effective disposition of forest fire

prevention resources.

O ras forest fire ignirion locations

(Figure 5) Forest fire hazardous area map predicted by like-
lihood ratio prediction model.

6. Conclusion

Spatial data mining is one of efficient tools to discover
interesting, potentially useful and high utility patterns from
large spatial data sets. In this study, we proposed and applied
two prediction models for spatial data mining based on spa-
tial statistics. These are conditional probability and like -
lihood ratio methods. In these approaches, the prediction mo-
dels and estimation procedures are depending on the basic
quantitative relationships of spatial data sets relevant forest
fire with respect to selected the past forest fire ignition areas.
To make forest fire hazardous area map using the two pro-
posed methods and evaluate the performance of prediction
power, we applied a FHR (Forest Fire Hazard Rate) and a
PRC (Prediction Rate Curve) respectively.

Using geographic maps, forestry map and forest fire his-
tory, a spatial data mining method such as likelihood ratio
and conditional probability has been developed for analyzing
the forest fire hazardous area. And then, predictive power
of each model has been evaluated, after carrying out cross
validation between the models. Next, forest fire hazardous

O=™ S7t HIOIH 0I0IdE OI8S ArEQ

1

X9 o= 1125

areas have been mapped using the most effective model.

In comparison of the prediction power of the two proposed
prediction model, the likelihood ratio method is more power-
ful than conditional probability method.

The proposed model for prediction of forest fire hazardous
area would be helpful to increase the efficiency of forest fire
management such as prevention of forest fire occurrence and
effective placement of forest fire monitoring equipment and
manpower. The ability to quantify ignition risk can be the
key to a more informed allocation of fire prevention resour-
ces. Additionally, forest fire hazardous area map, when inte-
grated with information on fire propagation risk, can support
the optimization of silvicultural practices in specific areas.
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