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Abstract: - The preservation of forest ecosystems is of vital importance to life on our planet. The increased
losses of forests due to fires make the task of forest fire prevention of crucial significance. The present paper
describes the development of an artificial neural network (ANN) for forest fire early prediction. The ANN
predictor consists of two layers with 5 neurons in the hidden layer. It is trained through backpropagation of an
error learning algorithm and is validated to provide prediction with a high degree of accuracy. An additional
advantage of the designed predictor is the use of a limited number of input data based on weather and moisture
conditions and of an output of a prior computed probability for fire. The training and validation datasets consist
of 82 records of real measurement data. The developed and validated ANN can contribute to improvement of
the current forest fire prediction systems.
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1 Introduction years, the problems with modeling and prediction of
Forest ecosystems play a very important role for life forest fire oceurrence persis.t. _
on Earth in general, covering nearly one-third of all Th? fire pl"edICtIOIl is based on . clas's1cal
land on the planet. They have a considerable statistical = techniques, [2], [3], and intelligent
contribution to many vital processes in various approachfes knowp also as soft computing, [4], [_5]-
aspects of health, life, and economics. Due to forest The basic intelligent methods 1nglude Artificial
diversity and its complicated structure, such Neural Networks (ANN), Fuzzy Logic (FL) Models,
processes as regulation of the climate and the carbon [6], and Adaptlve- Nepro- Fuzzy Inference System
cycle, are possible. Furthermore, these ecosystems (ANEIS)’ [6], which 1nteg‘rates bOth ANN and FL
are home to up to 80% of terrestrial biodiversity on principles. They all are trained to discover valuable
Earth. Forests also help in the prevention of erosion, relationships between a great number of measured
and enrich and conserve soil. or estimated variables for the factors related to the
The loss of forest can cause a significant forest fires occurrence and the predicted variable for
ecosystem disaster. Since the twentieth century, the fire. Some of the most popular tr.aining algorithms
increasing numbers of wildfires have turned them are th? SUPPOFt‘ Vector Machme (SVM) - a
into the main danger for forest destruction. The SuPerISeq algorithm for. linear and non-linear
latest research predicts increasing in wildfire classification and regression problems, and the

occurrence by 14% by the end of 2030 and even backpropagation of error algorithm (BP), [5], [6],
30% by the end of 2050, [1]. That makes the need [71, [8], [9], [10].

for forest fire prevention and detection crucial. The ANN has become one of the leading
Effective fire management is an approach for the methods in the prediction of different processes in a
better preservation of forest ecosystems. great number of areas such as power energy

Looking forward to the next few decades, an consumption, environmental science, water resource
escalating challenge in managing wildfires will be planning and management, transport, agriculture,
faced. A large research in both improving medicine, etc., [11], [12], [13], [14], [15]. In the
knowledge of fire physics on one hand (theoretical field of forest fire det'ectlon and prevention, the
part) and fire modeling techniques on the other ANN can find a considerable application due to
(practical part), is expected. Despite the notable their abilities to learn from examples and to
advances in technology development in the last generalize the knowledge into the learning process
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to new and unseen examples. Another significant
advantage is their potential to find solutions to
difficult problems, which are rich in data but poor in
models.

The basic input data used in most predictors are
the measured temperature, relative humidity, wind
speed, precipitation (rain), [6], [16], [17], [18],
vegetation, [19], [20], as well as satellite images,
[21]. They are extended in some predictors with
indices computed from the measured wvariables,
time, topographic, and spatial variables, [18], [20].
The predicted variables are the burned forest fire
area, [6], [16], [17], [18], the fire danger index
defined by the daily number of forest fires, [19]; fire
spatial and temporal probability expressed as dates
and locations of fire events, etc., [19], [20], [21].
The ANN-based predictors are most often multi-
layer networks trained by BP. All developed
predictors are duly validated.

Fuzzy logic predictors of the total burned area
are suggested in [6]. They are based on Fuzzy
Inductive Reasoning and ANFIS tuned by gradient
descent and least-square algorithms. The data cover
17 years. A meteorological station records 12 input
variables - the first five of the basic and also spatial
location, month, day, and 4 indexes characterizing
the fuel moisture according to the Canadian Fire
Weather Index System. Due to the limitations of the
fuzzy model, the most significant five variables are
selected - the first four of the basic and Fine Fuel
Moisture codes.

All 12 variables are used in the development of
an ANN predictor of the total burned area [16]. The
ANN has one hidden layer of heuristically
determined 36 neurons.

Two ANN predictors for the risk of forest fire
occurrences, defined by a fire danger index on a
scale of 1-4 (1 for the lowest and 4 for fire the
highest danger) depending on the daily number of
forest fires, are suggested in [19]. The input data are
from fixed weather stations across the country
covering 8 years and consist of two variables -
relative humidity and cumulative precipitation,
selected from six weather variables — the minimal
and the maximal temperatures, the average humidity
of the day, the solar radiation, the average wind
speed, and the cumulative precipitation. The ANN
has three layers with 4 neurons in each hidden layer
and 1 neuron in the output layer. All neuron
activation functions are hyperbolic tangent sigmoid.
The first ANN predictor is trained by Levenberg—
Marquardt BP while the second ANN predictor - by
SVM with a Gaussian kernel function.

In [20] an ANN for identifying areas of forest
fires (ignition) by predicting their spatial
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probability, i.e. the dates and locations of fire events
is developed. The input data cover 10 years and
contain 12 variables including topographic,
anthropogenic, hydrologic, vegetation, and land
(identified features include elevation, aspect, slope,
tree cover density, forest type, settlement proximity,
settlement density, water proximity, power line
proximity, normalized vegetation density index,
modified normalized water density index, and land
use and cover. The activation function in the two
ANN hidden layers is rectified linear (ReLU) and in
the output layer - logarithmic sigmoidal (logsig).

In [17], a two-layer ANN is trained to predict the
forest fire spread by evaluating the historical forest
fire disturbance data— time and location from 18
years. The 16 input variables characterize climatic,
topographic, combustible factors, and land cover
(the 4 basic, wind direction, slope and slope
direction, elevation, vegetation, surface water
content, roads, railways, settlements, lakes, ditches,
wells). The activation function of the neurons in the
hidden layer is hyperbolic tangent and in the output
layer — “logsig”.

A deep learning ANN for early warning of forest
fire occurrence based on Long- and Short-Term
Memory network (LSTM) was developed in [18].
The data used are from 536 historical records for a
set of 12-dimensional meteorological measured
influencing variables — special coordinates, month
of the year, day of the week, temperature, relative
humidity, wind speed, rain, 4 fuel moisture indexes
derived from the Canadian Fire Weather Index
System - Fine Fuel Moisture Code, Duff Moisture
Code, Drought Code (DC) and the Initial Spread
Index as well as the burned area. The designed ANN
consists of a 6-layered deep architecture (one input
layer, one LSTM layer, two fully connected layers,
one dropout layer, and one regression layer). The
number of neurons in the LSTM layer is set to 100.
The dropout probability is set to 0.5. The sigmoid
function is used to scale the signals in the interval
[0, 1]. Similarly, the hyperbolic tangent function
scales the output of a particular memory cell. Four
other machine learning methods are applied for the
prediction of forest fire to the same dataset -
Decision Trees with fine tree architecture, Linear
Regression, SVM with a linear kernel function, and
Narrow Neural Network with ReLU activation
function. The result shows that LSTM outperforms
the rest of the methods.

In [21], a Region-Based Convolutional Neural
Network (R-CNN) is trained to predict forest fire
occurrence based on satellite images. R-CNN object
detection model has full image convolutional
features. The raw images and the training dataset
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images are fed respectively into the historical
records and the data from the previous n-weeks.
SVM is used for classifying the candidate region as
either real fire or non-fire.

A common characteristic of the developed ANN
predictors is the complex structure of several layers
and many neurons. Besides, great resources are
required to collect the data needed. The predicted
output is often not directly related to the fire
occurrence. As a whole, each developed ANN
predictor serves a specific purpose related to a
specified area and data stations. However, a new
comparative analysis of the advantages and
drawbacks of various methods for wildfire
prediction including ANN, Binary regression as
well as normalized Burning index, Energy Release
Component, and Severe Fire Danger Index is
presented in [22], based on data from the same
period and geographical area.

The present investigation aims to develop a
general approach for predicting forest wildfire
occurrence with a high degree of accuracy under a
limited input data sample using simple ANN. The
novelties conclude in the algorithm for the design of
a multi-layer ANN predictor and the trained ANN to
predict the probability of forest fire occurrence
based
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only on meteorological data and fuel moisture
conditions. The training data is collected from the
region of Whitmore, North California, USA.

The geographical location of Whitmore is
40°37'45"N latitude and 121°54'59"W longitude.
The area is located within the Cascade maintenance
range. Figure 1 presents the satellite image and
average data of some of the climate characteristics
of the region: average maximum temperature, wind
speed, and rainfall. The climate is the Mediterranean
type classified as “Csb” based on the Koppen
Climate Classification system, [23], with hot and
dry summers. The United States system for
estimating forest fire danger - the National Fire
Danger Rating System (NFDRS), [24], [25], [26],
based on its fuel models, [27], classifies the region
as “Fuel Model X”. The main vegetation in the area
is 30 years old mixed chaparral and dense brush
fields with a height of more than 1,85 m. The
amount of dead fuel available in the region increases
the risk of intensive wildfires, especially in the
summer season and the necessity of significant
efforts for forest protection.

The next sections of this article are organized as
follows. The development of an ANN fire predictor
is presented in Section 2. The validation results are
described in Section 3. Section 4 contains the
conclusion and a vision for future research.
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Fig. 1: (a) Topographic location of the area; (b) Average high temperature per month; (¢) Average wind
speed per month; (d) Average rainfall per month
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2 Development of ANN Fire Predictor
The prediction of fire is based on a great number of
measured and expert-assessed variables that
describe various weather and moisture conditions. A
two-layer ANN with nonlinear activation functions
of the hidden neurons and a linear activation
function of the output neuron trained by
backpropagation of error learning algorithm is
accepted as the most proper for a fire predictor.
Such ANNs are commonly used to approximate any
complex nonlinear relationship of many variables.

2.1 ANN Training Data Collection and Pre-
processing
The ANN training data is collected from open-
access databases of wildfire occurrences of the
NFDRS. The real-time data is registered once per
hour — 24 hours per day. The sample used for
training and validation of the ANN fire predictor is
extracted from several 12 of the biggest forest fires
based on the affected area for 10 years between
2007 and 2017 in the region of Whitmore, North
California, USA. Ten /variables that characterize the
weather and the fuel moisture condition are selected
as the most contributing factors for the forest fire
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occurrence, [28] and are included in the input data
sample. They are the current temperature (Temp),
relative humidity (RH), total solar radiation for the
day (SolR), rain in terms of total precipitation
amount (Rain), the maximum temperature during
the day (maxT), the average wind speed within 10
min period before measurement (Wind), fuel
moisture - FM1, FM100, FM1000 as well as Keetch
Byram Drought Index (KBDI), [28]. The values of
the wvariables are depicted in Figure 2. No
precipitation is registered except for 6 records (from
12 to 17) when the precipitation amount of 0.508
mm remains constant. Therefore, “rain” is not
depicted in Figure 2. The record numbers 11, 17, 23,
29, 36, 49 53, 59, 66, and 72 are registered during
the fire occurrence and presented with solid black
vertical lines.

FM1 is fuel moisture for the dead 1-hour time
lag fuels with the size of less than 0,65 cm in
diameter, FM100 is fuel moisture for the dead 100-
hour time lag fuels with a size from 2,50 to 7,60 cm
in diameter and FM1000 is fuel moisture for the
dead 1000-hour time lag fuels with size between
7,60 and 20,30 cm in diameter.
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Fig. 2: The 72 records of (a) FM1, FM100, FM1000; (b) SolR and KDBI; (¢) Temp, RH and MaxT; (d) Wind
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Dead Fuels are naturally occurring fuels whose
moisture content depends on environmental
conditions and vegetation -characteristics. Fuel
moisture measures the amount of water contained in
vegetation.

When the fuel moisture content is less than 30
percent, the fuel is considered as dead. The lower
the fuel moisture content is, the more easily the fires
ignite and the more rapidly they spread. If the fuel
moisture content is high, the probability of fire
ignition is very low and even if a fire starts it will
not spread rapidly.

The small fuel moisture (FM1) class includes
grass, leaves, and small plants or roundwood. Also
the upper layer of litter on the forest floor. In the
Larger fuels (FM100, FM1000) classes are mainly
included roundwood with large sizes.

KBDI is a dimensionless index with a lower
value equivalent to 0 and upper — to 800, estimating
the amount of precipitation that is needed to bring
the soil back to saturation (a value of 0 means
complete saturation of the soil). It is a good
indicator of the drought level and the availability of
drought fuel.

Each n™ (n=1+N) record is a combination of
measured or assessed values for the variables that
make the vector Pnxi0:

pnxi0= [Temp, RH, SolR, Rain, maxT, Wind, FM1,
FM100, FM1000, KBDI].

All N combinations build the input data matrix
PNx10= [Pnx10].

The input data contains Ntotal =82 data vectors
Paxio— 12 vectors with real fire occurrence and 70
vectors with no presence of fire, respectively.

The data are selected to cover variable conditions
and to ensure that there is no linear dependence
between the different vectors.

The collected data are split into N=72 training
vectors (87%) in P7xi0 used for predictor modeling
and NY=10 validation vectors (13%) in PVioxi10 used
for predictor validation.

The corresponding target vectors T2, and TV
consist of the computed for each data vector fire

probability pr, [28].

The vectors pr are obtained using Binary Logistic
Regression Analysis for forest wildfire occurrence
through the IBM® statistical software platform -
SPSS®, [29], with the weather and fuel moisture
conditions as input data. This approach estimates a
nonlinear relationship between a set of dependent
variables (weather and fuel moisture conditions) and
a single independent variable of binomial
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(categorical) type representing “Fire” or “No fire”
occurrence. The weight coefficients in the
regression equation measure the unique strength of
the relationship between dependent and independent
variables and are obtained by Newton-Raphson
root-finding method for non-linear functions. The
binary regression analysis provides additionally
valuable information about the significance of the
dependent variables and, accuracy of the model and
shows high level of the total success rate, [28]. The
used as a target statistical model for computation of
prderived in [28], is:
eF
Pr=Tor (1)
where:
F = Cy + C;Rain + C;MaxT + C3;Wind +
C,FM1 + CsFM100 + C4FM1000 + C;KBDI;
C0= -6.43; Cl= 13.211; C2= 1.159; C3= -2.005
C4=-2.767; C5=2.107; C6=-2.039; C7=-0.015.

2.2 ANN Model Training

The general requirement for determination of the
number of the free parameters (w) of an ANN is as
follows:

w ST+ (R+52) <1, )
where S1 and S2 are the number of neurons in the
hidden and the output layer respectively, R is the
input vector size and q is the size of the training set.
Thereby, the size of the hidden layer should be at
least (rule of thumb):

___q
§1>= 5+(R+52)

3)
Accounting for the size N=72 of the training
sample and the number of the input variables R=10,
the simplest possible ANN is a two-layered feed-
forward. The number of the neurons in the hidden
layer is S1=5 which ensures that the ANN with such
an architecture satisfies also the criterion for
preventing of over-fitting and under-fitting in
training by the  backpropagation  method
R*S1+S1+S1*S2+S2<N or 6172 (here S2=1).

The two-layer feed-forward ANN accepted is
trained to predict forest fire by the backpropagation
of error learning algorithm, [30], for minimization
of a selected cost function - the Mean Square Error
(MSE) at the output layer.

The algorithm is illustrated in Figure 3. The
principle is to compare the desired output (target) T
and the computed ANN output Y2 and the obtained
in this way error e=T-Y2 to be used to update the
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etwork with

connections Between neurons

ANN weights and biases by gradient based
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Fig. 3: Neural network backpropagation learning

P MNeura
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Adjust weight
and biases

The update AW=[AWjl] of the weights W and
the update AB=[ADbj] of the biases B starts from the

second layer end moves to the first layer:
W2 (k+1) = W2 (k) + AW2;,(k), AW2;,(k) =

ad;Y1, 4)
= e;(k) (5)
W1,k +1) = W1(k) + AW1;(k), AW1,;(k) =
a.8;.p; (6)

= e,(k) (7)

where:

-8 = (T; = Y2))-£2'(n2)) = ¢;.f2'(n2)),

8, = f1'(n1)). 352 8. W2, With

Sm = (Tm - Yzm)-le(nzl) = em-le(nzm);

-Y1= [Yl]...Yls]] and Y2= [Y21...Y2$2] are the
output vectors of the first and the second layer
respectively with S1 and S2 the number of the
neurons in the first and the second layer;
- piis the i input variable (i=1+R);
- k is the number of epochs;
-W2;j is the weight between the output of the I®
neuron (I=1+S1) of the first layer and the input to
the j™ neuron (j=1+-S2) from the second layer;
- b2j is the bias of the j* neuron of the second layer;
- f2(n2) are the activation functions of all neurons in
the second layer, f2° are the derivative of f2
concerning N2,
n2j = (W2 Y1L+W2,Y1, + - W25, YV1g) +
b2j;
- the weights W1j; and the biases bl are determined
analogically, f1(nl) with
nl; = Wlypli+Wilppl; + - Wligplg) + b1y;
- o is a learning rate.

Levenberg-Marquardt BP  improves  the
convergence of the tuning procedure for the weights
and the biases (2)-(5) by introducing second order
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derivatives of the cost function with respect to the
unknown weights and biases.

The tuning process is repeated until the end
condition is satisfied — a reached desired minimum

value of MSE:% N(T — P)? or an elapsed number

of epochs (iterations). The monotonously reduced
MSE with the epochs in the ANN fire predictor
training is a proof of lack of over-fitting or under-
fitting. The initial weights and biases are generated
as random numbers.

The ANN is accepted to have 5 neurons in the
hidden layer and one neuron in the output layer. The
activation function of the neurons in the hidden
layer is nonlinear differentiable logsig with output

in the range [0, 1]:
1

IOgSig(TL) = m (8)
The input to the 1th hidden neuron (I=1+5) is:
m=Wli.pr+Wl.p +,,,+VV11R.pR+b]1 (9)

where W1;; are the weights between the i variable
(i=1+R, R=10) of the n™ input data vector pnxio and
the 1™ hidden neuron, pi are the corresponding
values of the i variable in the input data vector
Pnx10 and b1, is the hidden neuron bias.

The activation function of the single output
neuron for pf is linear. The ANN is designed,
initialized, trained and validated using MATLAB™,
[31]. Its block diagram is presented in Figure 4.

Input Hidden layer {First layer) Output layer (Second kayer)

@

) 1
) nlc Y1,
@ | fl=logsig >|

%1572 Wlsae bis

Y2=f2(W2*Y1+b2)

Y1-F1{W1*p+b1) Y2=12]W2*(W1"p+bl) +b2]

Fig. 4: Two-layer neural network with 5 neurons in
the hidden layer

A general algorithm for development and
validation of the ANN predictor is depicted in
Figure 5.
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The input data are the training and validation
couples (P72x10, T72x1), (Pvloxlo, Tvloxl), the number
of layers and neurons in each layer, the activation
functions, the training method, the cost function and
the end condition.

Input: P, P¥, T, TV
number of lavers and neurons in each
laver, neurons activation functions,
training method, cost function, stop

False

pa ki)

ANN Initialization

.

ANN Training

|

ANN Simulation with P

.

ANN Output Restriction
Y2=[0,1]
v
ANN Validation
Simulation with PV
v
ANN Output Restriction
Y2Veld, 1]
v
TT=[TT"]
YY=[Y2Y2"]

v

Error=|TT-YY |
|

CANN model ready for u5e>

Fig. 5: General algorithm for development and
validation of multi-layer ANN predictor

Based on this input data a two-layer artificial
neural network with 5 neurons in the hidden layer
has been initialized assigning random initial values
to biases and weights. Then it is trained by BP to
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minimize MSE. After reaching the accepted end
condition of 2000 epochs, the ANN is simulated
with the input for training P70 to compute the
output Y2=pr.

The linear activation function of the output
neuron may cause Y2 to exceed the probability
range which requires restriction of the values Y2 in
the range [0, 1]. The predictor is validated using
ANN simulation with independent input data from
the matrix PViox0. The output of the validation
process Y2V is restricted to take values in the range
[0, 1]. Then the two target vectors and the
corresponding output vectors are united TT= [T
TV], YY = [Y2 Y2V] and the absolute error
computed Error=TT-YY]|.

The training and the validation are successful if
Error < 0.05 and then the trained ANN predictor is
ready for use. If this condition is not satisfied the
process is repeated from different random initial
values for the biases and the weights. If the Error
persists to be high the ANN predictor is trained for
new input data.

The final computed weights W and biases B of
the trained ANN to serve as a forest fire predictor
are presented as the following matrices and vectors
respectively:

- for Layer 1 (Hidden Layer with 5 neurons) W1
and B1

—0,221 0,959 —1,005 2,583 3,441

0274 —0,460 —3,781 1473 2,360

-3565 —0519 1,556 —1,154 —2,971

-2,513 1,292 -3,193 0,774 —0,654

3,274 4029 —2,799 3,560 —0,374
Wlioxs- 0,334 —0958 1,549 —1,833 1,110 (10)

-3347 0070 10,693 —-2,189 0,927

0928 0,162 —6780 1,036 4525

-1,704 -5613 3,726 —4480 —6,975

[ 0980 3067 2407 1673 0,578
Blixs=[5244 —4,345 -1516 -2975 4,880] (11)

- for Layer 2 W2 (the weights between the 5
outputs from the hidden neurons and the input of the
single neuron from the output layer) and B2

W?2=[-0,195 -1,783 —2,076 1,699 0,135]

(12)
(13)

The target T72x1 and the obtained ANN output as
a function of the record number are presented in
Figure 6. The target is depicted in black dots
whereas the ANN predictor output — is in yellow
dots.

B2=[1,14].
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Fig. 6: Target and ANN predictor output

It can be seen that the ANN output keeps close to
the target with a high degree of accuracy of less than
5%. The biggest difference is observed in records 12
and 23, where the errors remain still far below the
set value of 5 %.

3 ANN Fire Predictor Validation

The validation of the designed ANN fire predictor is
tested by the accuracy of prediction for input data
not used in the training of the ANN. It is included as
a second part of the algorithm in Figure 5 where the
input validation couple is (PV10x10, TV10x1) which
makes 13% of the total number of 82 records. The
validation is based on 2 records with real fire
occurrence (values for pf close to 1) and 8 records
with no presence of fire (values for pf close to 0).
The input data, the target, and the predicted output
probability are shown in Table 1.

Table 1. Validation dataset with ANN output

Fire | TEMP|RH SoIRZ Rain |MaxT |Wind |FM1 |F100 |FM1000 xeoil T v2
€] |I%] |[wm®]|[mm]f[C] |[m/s] J[%] |[%] |[%]

NO 183 |70 |7 0 |344 [045 |145]13,8 |11 674 10,015 |0,04
YES [33,9 |30 |894 o  |344 [1,34 |82 [13,7 |105 |674 |0,666]0,685
NO [32,8 |24 [769 [0 |33,3 [089 |62 114 [103 |36 [057 |0,527
NO 15 |56 |21 0,02 [31,7 [0,89 |116[7.8 [96 521 |0 0

NO (389 |9 [763 o |39,4 (2,24 |31 |77 101 |e51[0534]0513
NO [27,2 |25 [557 [0 317 [o89 |8 [87 |93 526 0,002 |0,003
YES [35,6 |14 |838 o 389 [134 |41 |63 |77 773 [0,445 [0,418
NOo [30,6 |17 [370 [0 [33,9 1,34 |42 |81 |88 756 10,34 0,035
NO [37,2 |21 [856 [0 |383 (1,34 |45 |91 11,2 |e38 [0242]0276
NO 35 |10 [433 o |37.8 [089 |38 |76 |10 751 10,48 0,494

In Figure 7 the black dots connected by a solid
line represent the target values TV for pf whereas the
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yellow dots connected by a dashed line indicate the
computed output Y2V of the ANN fire predictor.

The result shows that an accuracy of 95% has
been achieved in validation which has been set up as
a requirement in the algorithm in Figure 5. The error
is less than 5% even for the biggest difference
between the corresponding dots from record 3. The
accuracy illustrates how well the ANN has been
trained to predict fire forest events for any new
records.

The ANN training and the validation that follows
after it are inseparable processes as seen from the
algorithm in Figure 5. This sequence is repeated in a
cycle till the absolute difference (error) between the
total ANN predictor output from training and
validation and the corresponding target becomes
less than 0.05 (5%).

Y2¥
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L
s

Probability TV, Y2

-

——.

!
|
.'L--.

3

el

'S
0 =

NY

Fig. 7: Target and ANN predictor output from
validation

The ANN training in each new cycle starts from
different random initial ANN weights and biases,
generated during ANN initialization. Therefore,
each new design for the same input data in the
algorithm leads to a new ANN predictor, which
differs in weights and biases.

The computational time for the derivation of a
validated ANN predictor is determined by the
number of cycles necessary to obtain an ANN
predictor with the desired accuracy and the
computer and MATLAB™ performance. The time
for the execution of a cycle depends on the ANN
architecture (number of layers and neurons), the
training method, the training data - size and pre-
processing (normalization, noise, and co-linearity
elimination, etc.), the generated random initial
values of the ANN tunable parameters (weights and
the biases) which determine how far from the
optimal values where MSE is minimum the training
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starts, the time for simulation after training and for
validation.

4 Discussion and Analysis

In the present research, the complexity of the ANN
predictor is reduced by using a simple architecture,
a fast-converging training algorithm, and a small
amount of training data which proper selection and
pre-processing that ensures diversity and
representativeness assists the fast convergence. This
contributes to a decrease in the absolute time for the
execution of the algorithm. It is in the range [5+20]
minutes for the design of several ANN fire
predictors using a medium powerful computer and
MATLAB™ Release 13.

However, the time for designing an ANN
predictor is of small importance since ANN
predictors are derived offline and once for a great
period. The representative training sample used is
selected and properly processed from a variety of
collected data over the course of many years on end.
This ensures that the ANN can accurately predict
future events described by similar data used in the
ANN design. A derivation of a new ANN predictor
may be required when thoroughly new conditions
arise.

5 Conclusions and Future Research
The novelty and the main contributions of the
presented research are concluded in the following.

A general algorithm for the development
and validation of a multi-layer ANN predictor is
suggested.

*  Based on that algorithm a backpropagation
two-layer ANN for prediction of the probability of
fire occurrence is designed using MATLAB™. The
ANN predictor accounts for the most contributing
factors for the wildfire occurrence, i.e., the weather
and the fuel moisture condition.

*  The trained ANN predicts wildfire events
with higher accuracy (error <5%) than the
regression prediction model from [28]. Besides, it
uses only a selected limited input data sample of 82
records from 10 years in the region of Whitmore,
North California, USA. The comprehensive and
low-complexity algorithm ensures fast processing.
To this, contribute the ANN simple architecture, the
fast-converging training method, and the small
amount of properly pre-processed training data.

*  An advantage of the ANN predictor is its
simple structure with 5 hidden neurons. The ANN
predictor enables the analytical description of the
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nonlinear relationship between a great number of
significant variables and the fire probability. The
results from this research may help in improving the
available forest fire early prediction and prevention
systems worldwide. Furthermore, the general
methodology suggested can be applied to different
regions and input data.

* To the authors’ knowledge the present
investigation is the first approach to develop an
ANN for predicting the probability of forest fire
occurrence from meteorological data and fuel
moisture conditions for the region of Whitmore,
California.

The future research will focus on the integration
of the developed ANN model in the existing fire
alarm system in the region of Whitmore, Northern
California, and comparison with the real data.
Besides, the developed algorithm can be also
applied to other hazard areas.

Abbreviations:
SVM - support vector machine
BP - backpropagation of error algorithm
ANN - artificial neural network
FL - fuzzy logic
ANFIS - adaptive neuro-fuzzy inference system
KBDI - Keetch Byram drought index
MSE - mean square error
Logsig - logarithmic sigmoidal
DC - drought code
LSTM - long- and short-term memory network
ReLU - rectified linear activation function
NFDRS - national fire danger rating system

R- CNN -region-based convolutional neural network

Designations

FM - fuel moisture

Temp - current temperature

RH - relative humidity

SolR - solar radiation for the day

Rain - precipitation amount

maxT - maximum temperature during the day
Wind - average wind speed within 10 min period
N - number of records

Pf - fire probability

P, T - training input-target matrices

“V” - superscript for validation data
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