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Abstract. This paper aims in the reduction of data attributes of a fuzzy-set
based system for the estimation of forest fire risk in Greece, with the use of
rough-set theory. The aim is to get as good results as possible with the use of
the minimum amount of data attributes possible. Data manipulation for this
project is done in MS-Access. The resulting data table is inserted into Matlab in
order to be fuzzified. The final result of this clustering is inserted into Rossetta,
which is a Rough set exploration software, in order to estimate the reducts. The
risk estimation is recalculated with the use of the reduct set in order to measure
the accuracy of the final minimum attribute set. Nine forest fire risk factors
were taken into consideration for the purpose of this paper and the Greek
terrain was separated into smaller areas, each concerning a different Greek
forest department.

Keywords: fuzzy sets, rough sets, forest, fire, risk, attribute reduction

1 Introduction

Forest fire risk estimation is one of the major assessments of present and future
forestry. The number of fire instances is growing annually and one of the most basic
concerns of every modern country is to find a way to estimate where and when the
next forest fire incident will occur. Fire risk evaluation is an important part of fire
prevention, since the planning that needs to be done before a fire instance occurs,
requires tools to be able to monitor where and when a fire is more prone to ignite, or
when it will cause the most negative effects. The most commonly used definition of
Fire risk (danger) is the one that is expressed as an index of both constant and variable
risk factors which affect the ignition, spread and difficulty of control of fires and the
damage they cause [15].
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A lot of theories have been applied but all of them luck in precision. Traditional fire
danger systems rely on meteorological indices, based on atmospheric conditions
which are not the only factors that compose the overall risk of fire. Human caused
factors, fuel loads, and any other non atmospherical factor needs to be taken under
consideration. Modeling fuel trends have been proposed to analyze spatial and
temporal changes in fire risk conditions [14]. Many methods from various countries
such as USA, Canada, Australia and France take into consideration weather factors,
soil water and fuel loads. Most of those methods use statistical analysis of past and
present data in order to evaluate a short term fire risk.

Many other methods were used to evaluate forest fire risk. Each one of these methods
is adapted to the data available, or even needs specific data in order to produce results.
The kind of data indices used in every one of these occasions is different, according to
the objectives of the forest management planning. Many countries have greatly
invested in fire risk evaluation and data collection because risk estimation produces
better results, when a great amount of data is available. On the other hand, when data
entries are missing, imprecise, cannot be measured or when specific data is not
available at all, risk estimation becomes a very difficult task.

One of the most interesting methods that helps in overcoming the problem of luck of
accurate data, concerns the use of fuzzy sets theory, introduced by Lotfi A. Zadeh in
1965, in order to present vagueness in everyday life as a mathematical way. This
theory is widely used for everyday appliances and helps into depicting real life
situations and problems, such as uncertainty and luck of precise information into
computer data, available for use in order to estimate the risk. Despite its positive
points, fuzzy set theory has a basic backdrop. In order to increase the accuracy of each
fuzzy set system, the user has to increase the available data, which results in problems
like difficulty in obtaining this amount of data and the increase in rules that need to be
inserted to the system. With the use of bigger data sets the total number of rules
becomes the basic problem of the user.

This paper concentrates in the application of a rough-set based method in order to
reduce the total number of data entries needed. Rough set theory was developed by
Zdzislaw Pawlak in the early 80’s, it uses data that can be acquired from
measurements or human experts and it deals with the classification analysis of data
tables [16]. The concepts in rough set theory can be used to define the necessity of
features, which in this case are the factors that influence the forest fire risk index. The
basic concept is to produce as good results as possible, with a minimum data set. Data
is not always easy to find in time and sometimes might not be available. The final
goal is to be able to produce a flexible system that will be able to use more than one
data set, from any kind of available data, in order to produce results that will be
helpful to the expert, in order to deploy human and vehicle power in the right place at
the right time.

2 Research Area and Software

The research area of the DSS used for the assessment of the risk index is the Greek
terrain. Data has been gathered from the Greek public services that are responsible for



the meteorological, morphological and statistical data. The initial data table have been
processed through MS Access so that the results become more meaningful, but due to
the lack of resent detailed information from the public services, the studies concerns a
past period of time between 1983 and 1993. The processed data were inserted into
Matlab in order to apply the fuzzy rule based decision support system. Reducts were
calculated with the use of rough set theory in the Rosetta software [1], [2], [3], [4],
[5]. The final results were imported into MS Excel, so that comparisons with reality
are possible.

The Greek terrain has been separated into smaller areas, each one concerning a
different forest department. The final results do not produce a specific risk index, but
a ranking between each and every forest department under study, according to their
overall forest fire risk.

3 Fuzzy set and Rough set theory

The use of computers for assigning risk degrees has its positives due to ease of
computation but comes with a prize. The huge amount of data that is needed cannot
always be described with classical mathematics and crisp sets. At this point, fuzzy set
theory can be used to describe almost every situation. The fact that in fuzzy sets there
exists a degree of membership (DOM) pus(X) that is mapped on [0,1] for every data
entry helps in the production of rational and sensible clustering [9] and any element of
the real world can belong to each set with a different degree of membership.

Fuzzy Sets use membership functions ps(x) which are mappings of the universe of
discourse X on the closed interval [0,1]. That is, the degree of belonging of some
element x to the universe X, can be any number ps(x), where 0 < g, (x) <1. Below

are the five major steps that should be followed when designing Fuzzy Models.

Step 1: Define the Universe of discourse (e.g. domains, input and output parameters)
Step 2: Specify the Fuzzy Membership Functions

Step 3: Define the Fuzzy Rules

Step 4: Perform the numerical part, like T-Norms, S-Norms or other custom inference
Step 5: If not-Normal Fuzzy sets exist, perform Defuzzification

The 3rd step in which the fuzzy rules must be defined, is actually the basic backdrop
of any fuzzy — rule based system. The more the data attributes increase, the more
accurate the system is, but the complexity of creating the rule set becomes very
difficult. In an effort to reduce the data attributes as much possible various methods
can be used varying from simple statistical ones, to more complex neural network
systems.

One of the most promising methods, introduced by Zdzistaw Pawlak in 1991 [13],
which can be used for attribute reduction, is the Rough-set theory. Rough set theory is
still another approach to vagueness. Similarly to fuzzy set theory it is not an
alternative to classical set theory but it is embedded in it. Rough set theory can be
viewed as a specific implementation of Frege’s idea of vagueness, i.e., imprecision in
this approach is expressed by a boundary region of a set, and not by a partial



membership, like in fuzzy set theory. Rough set concept can be defined quite
generally by means of topological operations, interior and closure, called
approximations. Given a set of objects U called the universe and an indiscernibility
relation R < U x U, representing our lack of knowledge about elements of U, we
assume that R is an equivalence relation. Let X be a subset of U. We want to
characterize the set X with respect to R. To this end we will need the basic concepts
of rough set theory given below.
o The lower approximation of a set X with respect to R is the set of all objects,
which can be for certain classified as X with respect to R (are certainly X
with respect to R).
o  The upper approximation of a set X with respect to R is the set of all objects
which can be possibly classified as X with respect to R (are possibly X in
view of R).
e The boundary region of a set X with respect to R is the set of all objects,
which can be classified neither as X nor as not-X with respect to R.
Now we are ready to give the definition of rough sets.
Set X is crisp (exact with respect to R), if the boundary region of X is empty.
Set X is rough (inexact with respect to R), if the boundary region of X is nonempty.

4  The case of forest fire risk assessment.

The first step in assigning forest fire risk is related to the determination of the main n
risk factors (RF) affecting this specific risk. The risk factors are distinguished in two
basic categories; Human factors and Natural ones [11]. Another issue is that forest
fire risk is a general concept. In order to be more precise, the expert needs to
concentrate in a more specific kind of risk. In this case, there exist to basic risks:

1. A risk concerning the speed with which each fire is spread
2. A risk concerning the total amount of fire incidents that occur in a specific
area during a given period of time

Of course these two different risk types are influenced in a different way by numerous
factors that most of them are difficult to measure and also need to be measured for a
long period of time. This project is going to concentrate on the first kind of risk,
concerning the speed with which each fire incident is spread.
Forest fires can have various factors that can influence both of the above risk
indicators, either long term or short term. The long term forest fire risk factors are
distinguished in two basic categories; Human factors and Natural ones [11]. Each of
these general risk types consists of several other sub-factors that influence in their
own way the overall risk degree (ORD). Some of the major factors can be seen in the
table below.
Of course there are multiple other factors that can influence the forest fire risk but it is
not this paper’s purpose to explore them in depth. Further separation of the “Natural”
factors into two more sub-groups, the “Weather” and the “Landscape” factors is being
made, so that it becomes easier to apply the rule set of the fuzzy decision support



system. The same applies for the “Human caused” factors that are being separated
into “Measurable” and “Immeasurable”.

Table 1 Factors used by the fuzzy rule based system

Level 1 Natural factors Human caused factors
Level 2 Weather factors Landscape factors Measurable Immeasurable
Temperature Forest cover Tourism Land value
Level 3 Humidity Altitude Population Other
Wind speed

5 The decision support system

The system was designed and developed under the Matlab platform. With the use of
fuzzy logic and fuzzy sets, the system assigns a degree of the long term forest fire risk
degree to each area by using Matlab’s fuzzy toolbox. The functions used to define the
DOM are called fuzzy membership functions (FMF) and in this project the triangular
FMF (TRIAMF) and the semi-triangular FMF (semi-TRIAMF) were applied [10].
Functions 1 and 2 below represent the TRIAMF and semi-TRIAMF which are
implemented in Matlab.

0if X<a
1 (X) = (X-a)/(c-a) .if Xela,c]
(b-X)/(b-c)if Xelc,b]

0if X>b

(1)

0if X<a )

M (X) :{ (X_a)/(b -a) if X E[a, b]

The system assigns each forest department three Partial Risk Indices (PRI), for every
one of the nine factors that are taken under consideration, as it is shown below:

o Low Danger due to each factor

e  Medium Danger due to each factor

e High Danger due to each factor
This method allows the use of any kind of data and does not need specific metrics for
every factor. Due to this fact, there was no need to do any changes in the row data
provided by the Greek national services. The above steps resulted in having 27
different PRIs. The more detailed the linguistics become the greater the number of
PRIs.



In order to unify those partial risk indices in one Unified Risk Index (URI), the
system has to take into consideration the human experience and to apply the rules that
a human expert would use. These rules are distinct for each risk factor and most of
them are specified in bibliography [11]. The total amount of rules that has to be
applied is 3°=19683, but with the use of sub groups as shown in the table above, this
number reduces to 33+6*32=81. This is accomplished by creating partial rule sets in
order to combine the factors as shown in figure 1 below

Forest cover

Population
Densi
Land Value
Other — Experts’
Estimation

Matural Human
Factors Factors

Average
Temperature l
Average
Humidity

Average
Wind speed

Immeasurable
- unpredictable

Weather
Factors

Overall
Factor
Figure 1 Categorization of risk factors

Previous studies [7], [8] have shown that this way the system retains its simplicity,
while still producing the same results. This way, the system is able to provide a
ranking of the Greek forest departments and the comparison of these results to reality
gives the user a degree of “compatibility” with the actual ranking of these forest
departments according to each year’s total burnt area.

6  Attribute reduction with the use of rough sets

Despite the fact that the accuracy of the system was good, the fact that 9 factors had
to be combined, resulted in a rather complicated amount of data sets. Another issue
was also the fact that in order to find the optimal data set that could produce the best
result would need a huge amount of tests. Each test would require the built of a new
rule set. Building 511rule sets, which is the total number of combination of 9
attributes and testing each one of them for every year of the data available would be
time consuming.

Rough set theory is a good tool for attribute reduction and with the help of the Rosetta
software, the process of finding the reducts is much easier. The whole dataset,
including the FFR-FIS’ final risk degree index, was inserted into Rosetta and the
reducts were calculated with the help of RSES dynamic reducer. The algorithm used
was the generic RSES. The values used for the rest of the parameters are shown in the
Screen 1 below.

This resulted in the production of 85 possible reducts. The 3 reducts with the best
results in Rosetta were used in order to create 3 new different fuzzy rule based
systems, with new rule sets. The basic idea was to compare these results with the first
result that was produced from the whole dataset.



Subtable zampling

Murnber of zampling levels:

Mumber of subtables to sample per level:

o

W Inchude whale table az a sample

Dimenzsions [in % of whole table]
Smallest subtable size [lowest level):

Largest zubtable zize [highest level):

Seed to RMNG:

54321

Screen 1 Values for the RSES dynamic reducer parameters

7  Fuzzy C-means clustering

Providing a ranking of the forest departments is a good way to compare the each
other, but the actual ranking of those departments according to their burnt areas is not
possible to be accurately found. This is due to the fact that the fire incidents are
influenced by a great number of factors that are unpredictable. The speed of
expansion on the other hand is influenced by more “predictable” factors but still the

100

T

100

ranking does not provide a sharp image of reality. For this reason it is more helpful to
cluster the forest departments and compare the results afterwards.

Table 2 Example of actual data set

Forest Department Temperature Humidity Burnt area Risk degree
A 14 0,1 1500 0.7785
B 17 0.4 1100 0.3722
C 22 0,7 200 0.2162
Table 3 Example of clustered data set
Forest Department Temperature Humidity Burnt area Risk Degree
A Low Low Vast High
B Average Low Vast Average
C High High Small Small




In this paper, the whole data set that is under study has been clustered with the use of
fuzzy c-means clustering method. Each factor, the results of the forest fire risk fuzzy
inference system and the “Burnt area” attribute have been clustered into three
different clusters. This way each data entry can be described as shown in the example
of tables 2 and 3 above.

This makes the comparison between results and reality easier. The user can compare
whether a forest department that has a “vast” burnt area, like forest departments A and
B, has been indexed as a “high” or “average” risk department. Comparison between
these two clustered attributes gives an index of quality, about the final results of the
fuzzy inference system.

8 Results and discussion

Fuzzy rule based systems can be helpful in many various occasions and forest fire risk
assessment is one of these occasions. The built of a system that could utilize as many
attributes as possible was the first stage. Results from this system varied from 25% to
70%. During the built of this system, it became obvious that the luck of data is a
frequent problem. The accuracy gets smaller, when more risk attributes are missing
and reaches its peak with a full data set. The creation of smaller systems that could
produce acceptable risk indices was necessary. The utilization of a rough set attribute
reduction system in order to find possible reducts, gave some interesting results. The
10 best reducts are shown in the table 4 below.

Table 4 The reducts that produce the best results

Reduct Support
1 {Altitude, Forest Cover} 5093
2 {Humidity, Altitude} 5093
3 {Temperature, Altitude} 5093
4 {Humidity, Wind Speed, Population} 4497
{Temperature, Forest Cover, Wind Speed, Other
5 (expert’s evaluation)} 3430
{Temperature, Forest Cover, Wind Speed,
6 Tourism} 3264
7 {Altitude, LandValue} 2813
] {Altitude, Population} 2813
9 {Humidity, Wind Speed, Tourism} 2728
10 {Temperature, Wind speed, Land Value} 2688

Human factors are known to be the most possible cause for forest fires, but they are
not the basic cause for each forest fire incidents expansion. According to these results,
only in 5 out of 10 reducts include human caused factors.



Careful study of these results gives some interesting discovering about forest fire risk
in Greece. It is obvious it possible to study forest fire risk with just the use of long
term factors alone. This shows that forest fires, during the period of time that is under
study, which expand the most rapidly and cause the most damage are most of the
times (almost 100%) in the same forest departments. 5093 cases out of the 5100 can
be described with Average Altitude and Forest Cover as only knowledge about the
terrain. It wouldn’t require an “expert” to prove that almost all cases of big fire
incidents were near the sea, or near cities that are by the sea, that also had great forest
cover and unprotected forests.

Another interesting point of view is that the attribute “Altitude” is found in 6 of those
10 reducts. This also proves that the altitude of a forest department is one of the most
basic factors that influence the risk indices. All the forest departments that are far
away from the sea have greater altitude in Greece and none of them seems to have
major fire incidents. Knowing the altitude of a forest department and with the use of
just the humidity or the temperature, it is safe to say that this department is a risky one
or not.

An interesting aspect of this study is the fact that the best reducts that occur are small,
composed by only 2 or 3 attributes. For the first 3 reducts, a fuzzy rule based system
was built and new indices were extracted. The results were not that accurate, reaching
a maximum similarity with the real ranking of 43%. On the other side the application
fuzzy c-means clustering on the results and the total burnt area of each department,
and further comparison between those two, showed that it is possible to cluster the
departments into “Dangerous” and “non-Dangerous” with great accuracy, reaching
even 90% in some cases, with the use of just a couple of attributes.

The target of future studies is to find the optimum attributes set for the Greek terrain,
that will provide results, as close to reality as possible. A basic categorization of the
Greek forest departments due to their long term factors that influence the forest fires,
in order to provide a standard map of the dangerous areas, with the combination of
short term factors in order to rank the dangerous areas in daily basis is a future
thought.
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