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Abstract

This study was carried out to determine the methods that bear the most realistic results
in predicting the number of fires and burned area under the climate conditions in future.
Different indices and statistical methods were used in predicting the burned area and the
number of fires. With this aim, in addition to the indices used in estimating the climate,
Machine Learning and multivariate adaptive regression spline (MARS) models are also
used in predicting these factors. According to the results obtained in several studies, the
relationship between the drought and fire indices burned area and the number of fires
changes from region to region. While better results are obtained in predicting the burned
area and the number of fires via the drought indices being used in this study and the
MARS models that the combinations of these indices use, it is seen that a 30-39% success
was achieved for predicting the amount of burned area via Machine Learning methods
(Kernel Nearest Neighbor (kNN), Recursive Partitioning and Regression Trees (RPART),
Support Vector Machine (SVM) and RF), and this success ranges widely from 8 to 41% in
terms of the number of fires. RPART, of these four algorithms, performed the best in fire
prediction, but kNN was the worst.

Keywords: drought, forest fire, number of fires, burned area, machine learning, silviculture

1. Introduction

The fires that occurred in the Mediterranean Region between 2001 and 2014 are as fol-
low: 3250 in France, 1425 in Greece, 6525 in Italy, 16,000 in Spain, 21,800 in Portugal and
2200 in Turkey, 205 of which were seen in Antalya. These statistics emphasize how much
important it is to understand the factors which have impact on the burned areas and the
number of fires and their consequences in terms of the sustainable management of for-
ests [1]. The amount of burned areas and the number of fires are affected by numerous
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variables such as the size of the fire-sensitive forest area, topography, landscape (e.g.,
road, creek, lake, and agricultural areas), flammable materials characteristics, fire season,
altitude, firefighting policy and the efficiency of organization, the number of concurrent
fires and climate conditions [2]. For this reason, although the relationship between these
factors and climate variables was examined first for the estimation of the number of fires
and the amount of burned areas, it was seen in the research in Canada that the majority
of variance could not be explained. Second, therefore, the relationships were examined
by developing several indexes such as KBDI (Keetch-Byram Drought Index), SPEI (The
Standardized Precipitation-Evapotranspiration Index), FWI (Fire Weather Index) and
PDSI (Palmer Drought Severity Index). In the studies conducted across the world, various
results were obtained in the explanation of the variance depending on the study areas
and variables utilized such as 12, 35, and 66% [2-9]. In the third phase, descriptive regres-
sion models were used. It was stated by Viegas et al. [10] in France that ISI (Initial Spread
Index), as a FWI component, is successful under extreme fire conditions. Jong et al. [11]
state that the 75, 90 and 99% uses of at least one of the FWI components for the UK is of
a significant advantage in calibration studies. Bedia et al. [12] emphasized DSR (Daily
Severity Ratio) and FWIP90 as FWI components for a better understanding of the spatial
and temporal distribution of fires in Spain and identified an increase in the amount of
burned areas. Venalainen et al. [13] ascertained a 99% relationship for Central and South
Europe and 95% relationship for Eastern Europe between FWI and burned areas in the
estimation of forest fires in Europe from 1960 to 2012. When Urbieta et al. [14] examined
the fire activities for Europe (Portugal, Spain, Southern France, Italy and Greece) and the
Pacific coasts of the USA (Oregon and California) through FWI components, it was found
R?>0.70 for the models obtained for Europe and R? > 0.50 for the USA. New approaches
have been developed in order to look into the relationship of the variables having effects
on the burned forest areas and the number of fires. Some of these approaches are the
Machine Learning methods (MLM) used in ecological applications such as kNN (Kernel
Nearest Neighbor), SVM (Support Vector Machine), RPART (Recursive Partitioning and
Regression Trees), and RF (Random Forest) [15, 16]. T and relative humidity were deter-
mined to be more successful in explaining fire activity in linear regression than RF algo-
rithm along with all effective climate factors [15]. Moreover, RPART algorithm is made use
of in determining the need for saplings after fire [17].

This study was carried out in three phases in Antalya region. In the first phase, it was inves-
tigated the relationship between the amount of burned area and the number of fires through
the variables in Table 1. In the second phase, the descriptive regression equations that are
used in such countries as Portugal, Spain, Canada and the USA were tried to be achieved
in order to obtain the nearest estimations for the monitored numbers of fire and amount of
burned area. In the third phase, the eligibility of MLM such as kNN, SVM, RPART and RF was
investigated in estimating the burned areas and the number of fires. The results obtained in
each phase were discussed in terms of the models” predicting abilities and the variables. The
data sets comprised of either meteorological data or fire statistics cover the period between
2001 and 2014.
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Keetch-Byram drought index

Maximum Keetch-Byram drought index
90th percentile Keetch-Byram drought index
The standardized precipitation-evapotranspiration index
Fine fuel moisture code

Maximum fine fuel moisture code

90th percentile fine fuel moisture code
Drought code

Maximum drought code

90th percentile drought code

Duff moisture code

Maximum duff moisture code

90th percentile duff moisture code
Build-up index

Maximum build-up index

90th percentile build-up index

Initial spread index

Maximum initial spread index

90th percentile initial spread index

Fire weather index

Maximum fire weather index

90th percentile fire weather index

Daily severity ratio

Maximum daily severity ratio

90th percentile daily severity ratio
Maximum daily temperature

Maximum of maximum daily temperature
90th percentile

Relative humidity

Total precipitation

Table 1. Components related to the drought index and meteorological variables.
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2. Materials and methods

2.1. Study area

Antalya region, which is of the largest forest area in Turkey after Amasya Region, includes
a forest area of 1,146,062 ha, a rate of 60.43% [18]. The dominant tree species of the region
is Pinus brutia Ten. (65%), and it is, respectively, succeeded by Cedrus sp. (16%), Pinus nigra
(8%), Abies sp. (5%), Juniperus sp. (4%) and other leafed species (2%). Such forests are between
600 and 2100 m, and maquis shrubs are mainly seen up to this altitude. Antalya Regional
Directorate of Forestry is located between 36° 00’ 45" north latitudes and 29° 16 15" east longi-
tudes. Antalya Region has a hot-summer mediterranean climate (according to Képpen-Geiger
climate classification system Csa), which is dry and hot in summers, warm and rainy in winter
(Figure 1). The lowest precipitation and the highest temperature for a five-month period,
from May to September, in 2001-2014 were obtained relatively in 2007 and 2003. Seeing the
history of regional fires, it is seen that a total of 24,390 ha has burned in 2097 fires between
2001 and 2014. This value is above the national average (based on the data obtained from 28
Regional Directorates of Forestry) considering both the areal (~4145 ha) and numerical aver-
age (~1097). For the same period, the annual average burned area and number of fires are,
respectively, ~1742 ha and ~150 [14]. August is of the highest average month in terms of both
the number of fires and burned area in Antalya’s 14-year fire records (BA). The forest areas in
the region encountered the highest damage by the burning of 16,890 ha in 2008 and the most
of the fires (214) occurred in 2013.

The daily, monthly and seasonal fire data and daily, monthly and seasonal meteorologi-
cal data covering 2001-2014 for Antalya region were used. The fire statistics were obtained
from General Directorate of Forestry [18], and meteorological data were obtained from GDM
(General Directorate of Meteorology). The fire season is accepted to be May 1 to September
30. April and October were not taken into consideration because they, respectively, cover 0.26
and 4.28% of the yearly burned areas. Meteorological data are comprised of daily highest
temperature, total precipitation, wind speed and relative humidity.
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Figure 1. Location of Antalya Regional Directorate of Forestry.
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The annual average KBDI, FWI and SPEI values of the study area are seen in Figure 2. When
compared to FWI values in EUMED region given by Urbeita et al. [14], FWI values are seen
to be more stable. The highest and lowest values were encountered twice for the average
FWI between 1995 and 2010. For the period 2001-2014, a decrease is widely seen to be in the
annual average number of fires and burned areas to the eastwards of EUMED region from the
west. Turkey itself, facing with 30,724 fires, changed the distribution of fires to some extent by
outnumbering Greece (20,002 fires). When the comparison is made by taking forest areas into
consideration, it is seen that the countries facing with fires the most are put in order relatively
as follow: Portugal, Greece, Italy, Spain, France and Turkey.

2.2. KBDI, FWI, SPEI

KBDI involves a range of values from 0 to 800. Eight hundred signify the extreme drought,
while 0 represents saturated soil. In the cases that daily rainfall data causing the change of
index values reach significant amounts, KBDI value is generally needed to start from 0 [19].
Such rainfalls are frequently encountered in spring and winter seasons in Antalya region.
KBDI (Q) is measured depending on average annual rainfall (R—inches) and daily maximum
temperature (T—degrees Fahrenheit). The rate of change (dQ) in index is calculated via the
following formula. In the formula, dT signifies a temporal change.

_ [800-Q][0.968 exp (0.0486T) - 8.30]dT

-3
dQ x10 (1)
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Figure 2. The average KBDI, FWI and SPEI values belonging to Antalya region.
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The structure of FWI system is shown in Figure 3. Temperature, relative humidity, wind
speed and rainfalls in 24 h are taken into consideration in calculating the components. Seven
standard components of FWI allow numerical values for a possibility of fire [20].

SPEI, using the distinction between rainfall and evapotranspiration (P-ET,) as data, is cal-
culated in a similar way as SPI. Climatic water balance compares current quantity of water
(P) with atmospheric steam deficit (ET,). Therefore, the data used in SPEI are more suitable
in measuring drought severity rather than considering only the rainfall [21]. The data used
in calculating SPEI in the study area were obtained from the link [22] in the grid cell size by
entering longitude and latitude values.

2.3. kNN, SVM, RPART, RF

Learning methods via artificial intelligence has become more usable in modeling the complex
relationships and interactions without restricting assumptions of parametric statistics [23, 24].
Machine learning methods generate controllable approaches that try to model the relation-
ships [23]. Some of these methods are artificial neural networks [25], classification and regres-
sion trees [26], support vector machines [27], random forest [28], fuzzy logic [29], maximum
entropy [30] and kNN [15].

K-nearest neighbors (kNNs) are one of the oldest and simplest methods used in model classi-
fications among machine learning methods. kNN labels each of unlabeled samples according
to their closest neighbors in the data set. Therefore, its performance depends on the distance
metrics (Euclidean distance, Minkowski distance, Mahalanobis distance) used for calculating
its closest neighbors [31].
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Figure 3. The relationship between monthly maximum DSR and monthly NF and BA’s natural logarithm values between
2001 and 2014.
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SVM offers some theoretical advantages since local minimums do not exist in the optimiza-
tion phase of the model compared to other machine learning methods. The inputs in SVM are
transformed through non-linear methods in the m-dimensional feature space. In this way,
SVM finds the best linear classifier hyperplane in the feature space [32].

foo = wy+ 3w, 0x) @)

Here, 0(x) represents the non-linear transformation according to the Kernel function (K(x, x') = 3,
i P
O(x)D(x") [33].

In order to analyze complex ecological data sets, RPART comes up as the powerful statis-
tical tools. One of the biggest reasons for this is that it offers useful alternatives, while it
models non-linear data, which includes independent variables interacting with each other
[29]. Regression trees were used in numerous ecological applications such as the relationship
between the severity and frequency of forest fires [34].

Breiman [35] suggests, instead of producing a single decision tree, unifying the multivariate
decisions trees (@,), each of which is trained through different training data sets. RF (Random
forest) is a learning algorithm that generates multi-classifiers instead of a single classifier and
then classifies the new data (x) with the votes from the predictions (h(x,0), k=1,...) [36]. In the
performance, evaluation of the algorithm of these four different classifications was used four
factors which were also preffered by Hong et al. [37]. These factors can be defined as follows:

Precision or positive predictive value (PPV) is the proportion of predicted positive samples

that were correctly classified: PPV = %; sensitivity, recall, hit rate or true positive rate (TPR)

is the proportion of positive samples that were correctly identified: TPR = - F1 score is

. .. e 2P _ TP+TN
the harmonic mean of precision and sensitivity: F1 = 5555 finally, accuracy ACC = 51—

Here, TP is the number of true positive, FP is the number of false negative, FN is the number
of false negative, P is the number of real positive cases in data, and N is the number of real
negative cases in the data.

2.4. Statistical analysis

The statistical program, R x 64 3.2.3, was used in order to carry out statistical analysis in the
study. The statistical analyses were utilized in order to determine both the components of
drought indices and the machine learning methods as well as determining the relationship
between KBDI, SPEI and FWI and the number of fires, the data of burned areas. All data
for drought indices and components were measured as daily, monthly and seasonal data
(May 1 to September 30). Since most of the forest fires arise under extreme air conditions [8],
maximum and 90% extreme variables of drought indices and their own components were
calculated.

Because of the uneven distribution of the raw data for burned area used in the study, their
natural logarithm equivalents were used instead of such data. It was examined the correla-
tion between the natural logarithm values of the data for the number of fires and burned area
and all the components of all data for drought indices. Each component was later used in the
step-wise regression analysis.

289



290 Mediterranean Identities — Environment, Society, Culture

3. Results and discussion

In the first phase, no relationship between the drought indices and either the number of fires
or the data of burned areas was found. The variance values that can be explained by daily
data range from 2 to 18%. The best correlation results were achieved for the natural logarithm
of the data for the burned area and the number of fires. As a result of the correlation analy-
ses by using monthly data, variance results between natural logarithm and the data for the
number of fires and burned area are, respectively, 53 and 51% through maximum DSR values
(Figure 3).

When the corrected R? values were calculated for all the variables in Table 1, it was deter-
mined that the highest correlation (56%) for the number of fires belongs to the maximum DSR
and FWI. The highest correlation with 50% among the corrected R? values calculated for all
the variables in terms of the burned area still belongs to the maximum DSR. Urbieta et al. [14]
laid stress on a strong relationship between FWI and the burned area in EUMED for the last
30 years and said that 60% of this relationship could be explained through the R* values. In
the same study, the R? values are able to explain the variance ranging from 20 to 55% for the
number of fires and number of large fires. It is of high importance for estimating the activity
in fire season that the R* values bear similar results for the both areas where the variables dif-
fer such as the differences in the study periods, socio-economic conditions, fire extinguishing
activities, fuel component accumulations.

Canadian FWI system is one of the most commonly used fire weather indices all over the
world thanks to its success in determining the fire risk and flexibility although it was origi-
nally developed for Canada [38—40]. Beside this, six components forming the system can indi-
vidually estimate the fire risk in a succesful way in different conditions. In particular, FWI and
FFMC among these components stand out in explaining the fire activity [41]. FWI component
itself is used not only for generally determining the fire severity of many fuel types, but also
for explaining the fire danger [42, 43]. As for FFMC component, it is generally used as the
indicator of fire outbreaks and the potential human-induced fire outbreak danger [43—49]. In
addition to these two indices, it was also determined that there is a close relationship between
ISI and DSR and the weather conditions in another study carried out in New Zealand. DSR,
obtained with the calculation of FWI, as well as FFMC and FWI, was found as a component
to be of the highest relationship with high temperature and high west winds in Canterbury,
New Zealand. In a different research area of the same study, ISI was also added to these indi-
ces in this relationship with different weather conditions [41]. The increase in DSR leads to an
interpretation that extinguishing fires needs more efforts and time [50-52].

The data on the forest fires in recent years in EUMED countries display that the forest fires
have decreased [14, 53]. Although Turkey and EUMED countries have different tendencies,
it is seen that the relationship between forest fires and climates is of vital importance. The
more the number and variety of fire and climate data increase, the clearer the relationship
between them will come out to be [14]. When considered the other studies carried out in the
Mediterranean region, it is seen that the areas, the drought indices (FWI, DSR) of which are of
low long-term averages such as those of Turkey, are able to tolerate the climate changes better
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[54, 55]. For that reason, even though there is an increase in the number of fires in the Antalya
region, it is thought to be of a downtrend in the amount of burned area and the frequency of
large fires.

Along with the assumption that a comprehensive model would be more determinant and
easy to generalize [56, 57], a two-sided (forward-backward) step-wise regression analysis was
made by using all the variables in Table 1 in the second phase of the study, and the results are
presented in Table 2.

Extreme values (90th percentile) of monthly BUIX and FWI, DSR and TX are the components
that could be used for estimating both the number of fires and the burned area in Antalya
region. The components in the both regression equations are statistically significant (P <0.01).
When the equations were examined, it is seen that the extreme values are more satisfactory
than the components in terms of both NF and BA for Antalya region. The shared predicting
factors in our study and that of Amatulli et al. [58] are the maximum values of BUI and DSR.
The regression equation found by Amatulli et al. [58] can explain about 75% of the variance
in estimating the amount of the burned area, similarly 71% of it (Figure 4) can be explained in
our study with the equation in Table 2. When these results are assessed on the basis of coun-
tries, the explained variance is lower because large fires occur intensely in some regions like
in Turkey. While a strong relationship between the amount of burned areas and FWI, BUI, ISI
and SSR values in Balikesir region was stated by Ertugrul and Varol [6], in Mugla region was
found a relationship only between SSR and the amount of burned area. Similarly, the regres-
sion equation found by Balshi et al. [59] for the west of Canada explains 80% of the variance,
whereas the one for the east of Canada is able to explain only 43% of the variance. Antalya
region comes in second after Mugla region in terms of the burned area and the three regions
(Antalya, Mugla and Balikesir) are of approximately 61% of the burned areas in Turkey (for
the period 1977-2014).

It is shown in Figure 4, the monthly monitored and estimated values graphic of the burned
area and number of fires. Once Figure 4 was examined, the estimated and monitored values
for both BA and NF are seen to be distributed equally on the trend line. The high and low
estimates are considered to be caused by climate and index components, responsible for the
unexplained part of variance.

Estimated equivalent values of NF and Ln (BA) data monitored in Antalya region for the
period 2001-2014 as in Figures 5 and 6 are shown monthly. While there are low estimations
for the years 2005-2007 in terms of the number of fires, high estimates are seen for the years
2008-2011. The period in which high estimates are made in terms of the number of fires is
succeeded by another period of time with low estimates. While there are low estimates for
2001-2011 in terms of burned area, there are high estimates for the years 2011-2012.

When examined Figures 5 and 6, an above average loss of field for 2005-2009 causes low
estimates in the given period. Even only the years 2007 and 2008 lead to an increase by 3.82 in
the average for the period 2001-2014. Considering Figures 5 and 6, the number of fires goes
up the average by 1.4 in terms of number of fires especially in 2005, 2006 and 2007, and it was
understood that this caused low estimates.
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Regression model NF P value

-35.54-0.39DMCX+0.44BUIX-2.08FWIP90+5.1DSRP90+1.7TXP90 9.086e-14
Variables P value Variables P value
DMCX 0.000565*** DSRP90 0.002219**
BUIX 0.000160*** TXP90 0.004018**
FWIP90 0.034976*

Regression model Ln(BA) P value

-5.31+0.01BUIX-0.30FWIP90+0.57DSRP90+0.25TXP90 9.911e-12
Variables P value Variables P value
BUIX 6.58e-05*** DSRP90 0.002314**
FWIP90 0.007374** TXP90 0.000395***

Table 2. Multivariate adaptive regression spline models (MARS) selected through step-wise regression analysis by using monthly NF and BA.
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When it is considered that approximately 42% of the fires that occurred in Turkey between
2004 and 2014 stemmed from the negligence and carelessness, the fires caused by either phys-
ical or human induced factors in EUMED region, thus resulting in non-linear trends, makes
us consider that non-parametric fire modelling would be more convenient. Syphard et al. [60]
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and Vilar et al. [57] also expressed the existence of a non-linear relationship between the fires
and independent variables. Therefore, Machine Learning algorithms were used in the third
phase of the study.

These four algorithms (kNN, SVM, RPART and RF) managed to predict of the amount of
burned areas with a success rate ranging 30-39%. In terms of the number of fires, its success
widely ranges from 8 to 41%. The unsuccessful algorithms failing to predict both the num-
ber of fires and the amount of burned areas were able to be very successful in predicting the
possibility of the destruction of areas greater than 300 ha. Also, the prediction results for the
possibility of fire outbreaks according to drought value are seen in Table 3.

In the study carried out by Cortez and Morais [32] in the Montesinho National Park in
Portugal, the most successful results were obtained with SVM model, while the performance
of kNN and SVM models in Antalya (79.21% and 30.81) was seen to be relatively lower than
those of other models. The difference is thought to stem from that the study in Portugal was
carried out in a national park and also the direct weather inputs were used instead of drought
indices as an input. The drought indices take into consideration not only weather inputs but
also the factors such as fine fuel moisture and duff moisture. The fire possibility is of poor pre-
diction accuracy for all models compared to large fires. RPART displays the best performance
in predicting both the existence of fires and large fires. kNN, on the other hand, displays the
worst performance for the both classifications.

The predictions trying to understand the relationship between the fires and droughts quali-
tatively were tested via the analyses in three phases. The results of these studies show that
the use of MARS models bears better results at predicting both the amount of burned areas
and the number of fires rather than using several drought indices. Because much of the area
burned occurs during extreme fire weather condition [8], the extreme values (maximum and
90th percentile) of drought indices take place in MARS models. As well as stating that MARS
and Machine Learning methods are more successful because they take the complex relation-
ships in the data into consideration, it is seen that MARS models perform better in both the

PPV (%) TPR (%) F1 (%) ACC. (%) PPV (%) TPR (%) F1 (%) ACC. (%)
kNN SVM
Fire 60.00 59.02 59.50 86.27 67.33 58.62 62.67 88.66
possibility
BA>300ha 97.86 100.00 98.92 99.30 99.16 98.74 98.95 99.30
Average 78.93 79.51 79.21 92.79 83.24 78.68 80.81 93.38
RPART RF
Fire 100.00 77.01 87.01 97.20 64.38 67.92 66.10 88.75
possibility
BA>300ha 100.00 98.89 99.44 99.58 98.82 99.87 99.34 99.53
Average 100.00 87.95 93.23 98.39 81.60 83.89 82.72 94.14

Table 3. The performance results of different classification algorithms in predicting forest fires.
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article by Amatulli et al. [58] and our study. It is stated that it is successful because MARS
models constitute functions in each hyper-region by taking regression coefficients into con-
sideration [61]. Contrary to the expectations, Machine Learning methods such as kNN, SVM,
RPART and RF were unable to perform as successfully as MARS and linear regression models
in order to predict the amount of burned areas and the number of fires. The performances
of Machine Learning methods vary from geographical region to region, and these methods
perform better in larger areas (like EUMED) compared to its performance in smaller areas
[62]. Trigo et al. [63] emphasized that through Machine Learning methods were obtained
poor results in Portugal where the burner areas hit the top in 2003, and large fires became
intense in a small region. It is considered that a single fire that destroyed an area of 16,890 ha
in 2008 in Antalya region as the study area bore similar results. Similarly, Prasad et al. [64]
also stated that the same variables would vary depending on the spatial and analysis scale
because environmental and social conditions differ from region to region. SVM and RF stand
out compared to Machine Learning methods in terms of prediction performance [65] and
RPART algorithm produced more successful results in our study. Besides the statements of
both Trigo et al. [63] and Prasad et al. [64], it is thought that RPART algorithm performed bet-
ter for Antalya region as it used decision tree mechanism along with regression equations in
a similar way to MARS.

4. Conclusion

The relationship between factors such as meteorological factors, FWI System components,
KBDI and SPEI and both the amount of burned area and the number of fires was investigated
for Antalya region. The results show that the extreme values of the given factors are more
effective on the amount of burned area and the number of fires. DSRX explains the majority
of the variance in the number of fires and the amount of burned area. Normal or extreme val-
ues of KBDI and SPEI could not take place in the equations obtained as a result of step-wise
regression. In a study in Antalya carried out by Varol and Ertugrul [6], it was found that there
was a significant relationship between KBDI values and the burned area only in the years
when big fires arose but there was no relationship between KBDI values and the number of
fires. As a result of step-wise regression analysis, the extreme ones of FWI, DSR, T compo-
nents for both the burned area and the number of fires were selected as significant variables.
As aresult of the obtained equations, approximately 65% of the variance in the number of fires
and 62% of the burned area could be explained through 90th percentiles of these components.

This study will be able to be used as base work in order to estimate the number of fires and
the amount of burned area in Antalya region for future climate scenarios. Moreover, when the
extent of the study is expanded in a way that it covers fire sensitive forests, the differences and
similarities between regions will be pointed out as well as a general view for Turkey which
could be reached.

In a study carried out in Canada by Harrington et al. [3], the mean and extreme values of the
FWI components were compared with each other, and the extreme values in six out of nine
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different regions were seen to be more successful in the explanation of the variance. In another
study carried out by Flannigan and Harrington [2], the use of meteorological data as a satis-
factory variable explained that it could explain 30% of the variance in Canada, and this value
was a similar result to FWI components. It was pointed out that maximum temperature and
low humidity have a strong relationship with the dry conditions, and therefore, this is a fre-
quently preferred variable. In our study, the existence of maximum temperature in the equa-
tions of either the number of fires or burned area promotes this assertion as a result of step-wise
regression.

Urbeita et al. [14] stated that SPEI8 produced better results in the period from autumn to
spring. In our study, however, SPEI is seen to be ineffective compared to other indices and
SPEI1 produced better results for the forest fires in Antalya region. It is thought that the analy-
ses for investigating the relationship between SPEI and forest fires should be made in longer
periods, and the studies, as in Antalya subregion, should be expanded to the worldwide; thus,
it would bear better results [14].

What determine in fire statistics are surely not factors used only in calculating drought indices.
However, it is a crucial data source that is not of a certain relationship between fire statistics
and meteorological data. So, it is needed a detailed and foolproof record of both fire statistics
and meteorological data records. In terms of forest fire statistics, much more certain data are
existent for the period after 2001, while there are no data for earlier periods. Similarly, the lack
of daily meteorological data led to the determination of the study period between 2001 and
2014 for Antalya region.

Many researchers also state that a number of social factors like unemployment or arson are of
influence on forest fires [66]. Moreover, in some studies, it is pointed out that socio-economic
and landscape factors would be more efficient on the burned area than climate conditions in
local scale [67]. So, it will be necessary to take some social factors such as unemployment, pop-
ulation as well as road intensity into consideration in order that the number of fires and the
amount of burned areas can be predicted more successfully [15]. Therefore, MARS is thought
to be more efficient after it has been added more variables. In defining complex relationships,
simple and multiple regression techniques are not productive for investigating the relation-
ships in high-dimensional data sets, while MARS can be a solution to overcome these obsta-
cles. Moreover, it is usually simpler to compare the models developed using MARS approach
with other modeling and mathematical techniques. MARS approach is considered to be more
suitable than other approaches for representing the temporal variability in the factors such
as temperature, precipitation, relative humidity and wind. The effects of predictors on the
distribution, the model, intervals, explained variance and the extrapolation skills [58] also
support the aforementioned statements. It should not be forgotten that even the best model
chosen presents the maximum variance explained in the observation period, and it should be
taken into account that the model would exceed this period in the future climate conditions.

Determining the factors effective on the reasons for fires is of high importance in determin-
ing the way, quality and density degree of technical interference with natural and artificial
forest stands that fire sensitive plant species generate especially in the regions of ecological
conditions, which are also fire sensitive. Silvicultural activities closely affect the amount of
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fuel [68]. The plantation and restoration activities, which aim at establishing artificial forests,
it is necessary to form fire resistant and especially fire retardant forests in the Mediterranean
Region climate zone, which is fire sensitive in terms of especially ecological conditions. Thus,
it is so important to choose the suitable origins and clones of those as well as choosing the fire
resistant and indigenous plant species [69].

These results displayed that climate conditions and stand structure have important effects on
the forest fires in Antalya region as the reason of their outbreaks. Similarly, the majority of the
fires occurred in the Calabrian pine and cedar forests whose closure was high (71-100%) and
where middle sized and thick trees were seen in the studies, which were carried out on the
forest fires in Antalya climate zone and stand dynamics and silvicultural techniques. When
analyzed the current fire statistics, most of the forest fires are seen to occur in the Calabrian
pine and cedar forests which are of high closure and middle sized and thick trees near espe-
cially the residential areas, recreation areas and main arterial roads. Also, taking the current
ecological conditions into consideration for silvicultural objectives and aims, it is quite impor-
tant to enable the suitable mesophyte species to take place in the area in order to reduce the
effects of fire danger in pure coniferous monoculture Calabrian pine and cedar plantations,
where especially important silvicultural interventions are compulsory such as opening neces-
sary maintenance paths [70].

Acknowledgements

The first results of this study were presented in the 1st International Mediterranean Science
and Engineering Congress.

Author details

Tugrul Varol*, Mertol Ertugrul and Halil Baris Ozel
*Address all correspondence to: tvarol@bartin.edu.tr

Department of Forest Engineering, Faculty of Forestry, Bartin University, Turkey

References

[1] EUROSTAT. Regions in the European Union Nomenclature of Territorial Units for Sta-
tistics NUTS 2010/EU-27 [Internet]. 2011. Available from: http://ec.europa.eu/euro-
stat/documents/3859598/5916917/KS-RA-11-011-EN.PDF [Accessed: 21 December 2016]

[2] Flannigan MD, Harrington J. A study of the relation of meteorological variables to
monthly provincial area burned by wildfire in Canada (1953-80). Journal of Applied
Meteorology. 1988; 247(4):441-452

297



298 Mediterranean Identities — Environment, Society, Culture

3]

[4]

[8]

[10]

[11]

[12]

[13]

[14]

Harrington JB, Flannigan MD, Van Wagner CE. A study of the relation of components of
the Fire Weather Index to monthly provincial area burned by wildfire in Canada 1953-
80. Information Report PI-X-25. Ontario: Canadian Forestry Service, Petawawa National
Forestry Institute; 1983. p. 65

Viegas DX, Viegas MTSP, Ferreira AD. Moisture content of fine forest fuels and fire
occurrence in central Portugal. International Journal of Wildland Fire. 1992;2(2):69-86

Pausas JG. Changes in fire and climate in the eastern Iberian Peninsula (Mediterranean
basin). Climatic Change. 2004;63(3):337-350

Varol T, Ertugrul M. Analysis of the forest fires in the Antalya region of Turkey using
the Keetch-Byram drought index. Journal of Forestry Research. 2016;27(4):811-819. DOI:
10.1007/s11676-016-0235-0

Ertugrul M, Varol T. Evaluation of fire activity in some regions of Aegean Coasts of
Turkey via Canadian Forest Fire Weather Index System (CFFWIS). Applied Ecology and
Environmental Research. 2016;14(2):93-105

Carvalho A, Flannigan MD, Logan K, Miranda Al Borrego C. Fire activity in Portugal and
its relationship to weather and the Canadian Fire Weather Index System. International
Journal of Wildland Fire. 2008;17(3):328-338

Flannigan MD, Krawchuk MA, de Groot W], Wotton BM, Gowman LM. Implications
of changing climate for global wildland fire. International Journal of Wildland Fire.
2009;18(5):483-507

Viegas DX, Bovio G, Ferreira A, Nosenzo A, Sol B. Comparative study of various meth-
ods of fire danger evaluation in southern Europe. International Journal of Wildland Fire.
2000;9(4):235-246

Jong MCD, Wooster M], Kitchen K, Manley C, Gazzard R, McCall FF. Calibration and
evaluation of the Canadian Forest Fire Weather Index (FWI) System for improved wild-
land fire danger rating in the United Kingdom. Natural Hazards and Earth System
Sciences. 2016;16(5):1217-1237

Bedia J, Herrera S, Camia A, Moreno JM, Gutiérrez JM. Forest fire danger projections
in the Mediterranean using ENSEMBLES regional climate change scenarios. Climatic
Change. 2014;122(1-2):185-199

Venildinen A, Korhonen N, Hyvarinen O, Koutsias N, Xystrakis F, Urbieta IR, Moreno
JM. Temporal variations and change in forest fire danger in Europe for 1960-2012.
Natural Hazards and Earth System Sciences. 2014;14(6):1477-1490

Urbieta IR, Zavala G, Bedia J, Gutiérrez JM, San Miguel-Ayanz ], Camia A, Keeley JE,
Moreno JM. Fire activity as a function of fire—weather seasonal severity and antecedent
climate across spatial scales in southern Europe and Pacific western USA. Environmental
Research Letters. 2015;10(11):1-11



[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

Drought-Forest Fire Relationships
http://dx.doi.org/10.5772/intechopen.68487

Oliveira S, Oehler F, San-Miguel-Ayanz J, Camia A, Pereira JM. Modeling spatial pat-
terns of fire occurrence in Mediterranean Europe using Multiple Regression and Random
Forest. Forest Ecology and Management. 2012;275:117-129

Cutler DR, Edwards TC, Beard KH, Cutler A, Hess KT, Gibson ], Lawler JJ. Random
forests for classification in ecology. Ecology. 2007;88(11):2783-2792

Johnstone JF, Hollingsworth TN, Chapin FS, Mack MC. Changes in fire regime break the
legacy lock on successional trajectories in Alaskan boreal forest. Global Change Biology.
2010;16(4):1281-1295

GDF. Turkish Forest Statistics [Internet]. 2015. Available from: http://www.ogm.gov .tr/eku-
tuphane/Yayinlar/T%C3%BCrkiye%200rman%20Varl%C4%B1%C4%9F %C4%B1-2015.
pdf [Accessed: 15 October 2016]

Fujioka FM. Staring up the Keetch-Byram drought index. In: Andrews PL, Potts DF,
editors. 11th Conference on Fire and Forest Meteorology; 16-19 April 1991; Missoula.
Montana: Society of American Foresters; 1991. pp. 74-80

De Groot WJ. Interpreting the Canadian Forest Fire Weather Index (FWI) system. In:
Fourth Central Region Fire Weather Committee Scientific and Technical Seminar; 2 April
1987; Winnipeg, Manitoba. Edmonton: Canadian Forestry Service, Northern Forestry
Centre; 1987. pp. 3-14

Begueria S, Vicente-Serrano SM, Reig F, Latorre B. Standardized precipitation evapo-
transpiration index (SPEI) revisited: Parameter fitting, evapotranspiration models, tools,
datasets and drought monitoring. International Journal of Climatology. 2014;34(10):
3001-3023

Vicente-Serrano SM, Begueria S. [Internet] 2014. Available from: http://sac.csic.es/spei/
database.html [Accessed: 12 July 2016]

Olden JD, Lawler JJ, Poff NL. Machine learning methods without tears: A primer for
ecologists. The Quarterly Review of Biology. 2008;83(2):171-193

De’Ath G. Boosted trees for ecological modeling and prediction. Ecology. 2007;88(1):
243-251

Lek S, Delacoste M, Baran P, Dimopoulos I, Lauga ], Aulagnier S. Application of neu-
ral networks to modelling nonlinear relationships in ecology. Ecological Modelling.
1996;90(1):39-52

De’ath G, Fabricius KE. Classification and regression trees: A powerful yet simple tech-
nique for ecological data analysis. Ecology. 2000;81(11):3178-3192

Drake JM, Randin C, Guisan A. Modelling ecological niches with support vector mac-
hines. Journal of Applied Ecology. 2006;43(3):424-432

299



300 Mediterranean Identities — Environment, Society, Culture

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]
[36]

[37]

[38]

[39]

[40]

[41]

Stojanova D, Panov P, Kobler A, Dzeroski S, TaSkova K. Learning to predict forest
fires with different data mining techniques. In: Conference on Data Mining and Data
Warehouses (SIKDD 2006); 10 October; Ljubljana. SIKDD. p. 255

Iliadis LS, Papastavrou AK, Lefakis PD. A computer-system that classifies the prefec-
tures of Greece in forest fire risk zones using fuzzy sets. Forest Policy and Economics.
2002;4(1):43-54

Phillips SJ, Anderson RP, Schapire RE. Maximum entropy modeling of species geo-
graphic distributions. Ecological Modelling. 2006;190(3):231-259

Weinberger KQ, Blitzer J, Saul L. Distance metric learning for large margin nearest
neighbor classification. Journal of Machine Learning Research. 2009;10: 207-244

Cortez P, Morais ADJR. A Data Mining Approach to Predict Forest Fires using Meteo-
rological Data. [Internet]. 2007. Available from: http://www.dsi.uminho.pt/"pcortez
[Accessed: 10 November 2016]

Pontil M, Verri A. Properties of support vector machines. Neural Computation. 1998;10
(4):955-974

Rollins MG, Keane RE, Parsons RA. Mapping fuels and fire regimes using remote sen-
sing, ecosystem simulation, and gradient modelling. Ecological Applications. 2004;14(1):
75-95

Breiman L. Random forests. Machine Learning. 2001;45(1):5-32

Hong PTT, Hai TTT, Hoang VT, Hai V, Nguyen TT. Comparative study on vision based
rice seed varieties identification. In: Seventh International Conference on Knowledge
and Systems Engineering (KSE); 8-10 October 2015; Ho Chi Minh, Vietnam. Vietnam
National University; 2015. pp. 377-382

Montillo AA. Random Forests, Guest Lecture: Statistical Foundations of Data Analysis.

[Internet] 2009. Available from: (http://www.dabi.temple.edu/~hbling/8590.002/Mon-
tillo RandomForests_4-2-2009.pdf). [Accessed: 30 January 2017]

De Jong MC, Wooster MJ, McCall FF. Calibration and evaluation of the Canadian Forest
Fire Weather Index (FWI) System for improved wildland fire danger rating in the United
Kingdom. Natural Hazards and Earth System Sciences. 2016;16(5):1217

Taylor SW, Alexander ME. Science, technology and human factors in fire danger rating:
The Canadian experience. International Journal of Wildland Fire. 2006;15(1):121-135

Lawson BD, Armitage OB. Weather guide for the Canadian Forest Fire Danger Rating
System. Natural Resources Canada. Edmonton, Alberta: Canadian Forest Service; 2008. p. 87

Renwick ], Salinger ], Zheng X, Pearce G. Prediction of fire weather and fire. NIWA
Client Report, AKI-2007-034; New Zealand Fire Service Commission; 2007. p. 44



[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

Drought-Forest Fire Relationships
http://dx.doi.org/10.5772/intechopen.68487

Ullah MR, Liu XD, Al-Amin M. Spatial-temporal distribution of forest fires and
fire weather index calculation from 2000 to 2009 in China. Journal of Forest Science.
2013;59(7):279-287

Stocks BJ, Lawson BD, Alexander ME, Van Wagner CE, McAlpine RS, Lynham TJ, Dubé
DE. The Canadian system of forest fire danger rating. In: A Conference on Bushfire
Modelling and Fire Danger Rating Systems; 11-12 July 1988; Canberra, Australia.
Northern Forestry Center, Edmonton; 1991. pp. 9-18

Wotton BM. Interpreting and using outputs from the Canadian Forest Fire Danger
Rating System in research applications. Environmental and Ecological Statistics. 2009;
16(2):107-131

Chu T, Guo X. An assessment of fire occurrence regime and performance of Canadian
fire weather index in south central Siberian boreal region. Natural Hazards and Earth
System Sciences Discussions. 2014;2(7):4711-4742

Stocks BJ. Wildfires and the fire weather indexes system in Ontario. Sault Ste. Marie,
Ontario: Canadian Forestry Service, Great Lakes Forestry Centre. Information Report
O-X-213; 1974. p. 17

Kiil AD, Miyagawa RS, Quintilio D. Calibration and performance of the Canadian fire
weather indexes in Alberta. Edmonton, Alberta: Canadian Forestry Service, Northern
Forest Research Centre. Information Report NOR-X-173; 1977. p. 45

Martell DL, Otukol S, Stocks BJ. A logistic model for predicting daily people-caused for-
est fire occurrence in Ontario. Canadian Journal of Forest Research. 1987;17(5):394-401

Anderson KR, Englefield P. Quantile characteristics of forest fires in Saskatchewan. In:
4th Symposium on Fire and Forest Meteorology; 13-15 November 2001; Massachusetts,
USA. Northern Forestry Centre, Edmonton; 2001. p. 9-16

Van Wagner C. Development and structure of the Canadian forest fire weather index
system. Ottawa, ON, Canada: Canadian Forest Service. For. Tech. Rep. 35; 1987. p. 48

Whitman E, Sherren K, Rapaport E. Increasing daily wildfire risk in the Acadian Forest
Region of Nova Scotia, Canada, under future climate change. Regional Environmental
Change. 2015;15(7):1447-1459

Flannigan M, Cantin AS, de Groot W], Wotton M, Newbery A, Gowman LM. Global
wildland fire season severity in the 21st century. Forest Ecology and Management.
2013;294:54-61

San-Miguel-Ayanz J, Moreno JM, Camia A. Analysis of large fires in European
Mediterranean landscapes: Lessons learned and perspectives. Forest Ecology and
Management. 2013;294:11-22

Dimitrakopoulos AP, Vlahou M, Anagnostopoulou CG, Mitsopoulos ID. Impact of
drought on wildland fires in Greece: Implications of climatic change? Climatic Change.
2011;109(3):331-347

301



302

Mediterranean Identities — Environment, Society, Culture

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

Pausas ]G, Ribeiro E. The global fire-Productivity relationship. Global Ecology and
Biogeography. 2013;22(6):728-736

Catry FX, Rego FC, Bacao FL, Moreira F. Modeling and mapping wildfire ignition risk in
Portugal. International Journal of Wildland Fire. 2010;18(8):921-931

Vilar L, Woolford DG, Martell DL, Martin MP. A model for predicting human-caused
wildfire occurrence in the region of Madrid, Spain. International Journal of Wildland
Fire. 2010;19(3):325-337

Amatulli G, Camia A, San-Miguel-Ayanz ]. Estimating future burned areas under
changing climate in the EU-Mediterranean countries. Science of the Total Environment.
2013;450-451:209-222

Balshi MS, McGuire AD, Duffy P, Flannigan M, Walsh ], Melillo J. Assessing the
response of area burned to changing climate in western boreal North America using a
Multivariate Adaptive Regression Splines (MARS) approach. Global Change Biology.
2009;15(3):578-600

Syphard AD, Radeloff VC, Keeley JE, Hawbaker TJ, Clayton MK, Stewart SI, Ham-
mer RB. Human influence on California fire regimes. Ecological applications. 2007;17
(5):1388-1402

Morissette-Thomas V, Cohen AA, Fiilop T, Riesco E, Legault V, Li Q, Milot E, Dusseault-
Belanger F, Ferrucci L. Inflamm-aging does not simply reflect increases in pro-inflam-
matory markers. Mechanisms of Ageing and Development. 2014;139:49-57

Flannigan MD, Logan KA, Amiro BD, Skinner WR, Stocks BJ. Future area burned in
Canada. Climatic Change. 2005;72(1):1-16

Trigo RM, Pereira J, Pereira MG, Mota B, Calado T], Dacamara CC, Santo FE. Atmospheric
conditions associated with the exceptional fire season of 2003 in Portugal. International
Journal of Climatology. 2006;26(13):1741-1757

Prasad AM, Iverson LR, Liaw A. Newer classification and regression tree techniques:
Bagging and random forests for ecological prediction. Ecosystems. 2006;9(2):181-199

Witten IH, Frank E, Hall MA, Pal CJ. Data Mining: Practical Machine Learning Tools
and. Second edition. Morgan Kauffmann Publishers. 2005; p. 558

Leone V, Lovreglio R, Martin MP, Martinez ], Vilar L. Human factors of fire occurrence
in the. In: Earth Observation of Wildland Fires in Mediterranean Ecosystems, Springer
Berlin Heidelberg. 2009; pp.149-170.

Costa L, Thonicke K, Poulter B, Badeck FW. Sensitivity of Portuguese forest fires to cli-
matic, human, and landscape variables: subnational differences between fire drivers
in extreme fire years and decadal averages. Regional Environmental Change. 2011;11
(3):543-551



[68]

[69]

[70]

Drought-Forest Fire Relationships
http://dx.doi.org/10.5772/intechopen.68487

Agee JK, Skinner CN. Basic principles of forest fuel reduction treatments. Forest Ecology
and Management. 2005;211(1):83-96

Baker LG, Spaine P, Covert SF. Effect of surface wettability on germination and gene
expression in Cronartium quercuum £. sp. fusiforme basidiospores. Physiological and Mole-
cular Plant Pathology. 2006,68(4):168-175

Trabaud L. Natural and prescribed fire: survival strategies of plants and equilibrium in
Mediterranean ecosystems. In: Tenhunen JD, Catarino FM, Lange OL, Oechel WC, edi-
tors. Plant Response to Stress-Functional Analysis in Mediterranean Ecosystem. NATO
Advanced Science Institute. New York: Springer; 1987. pp. 607-621

303



ntechOpen

ntechOpen



