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Abstract

Forests are considered one of the main wealth on the surface
of the globe and have a fundamental role in that they provide a
suitable environment for the life of many living organisms in
addition to maintaining their ability to have a moderate climate on
the surface of the globe, on the other hand, forest fires are one of
the most important disasters that The Earth is exposed to it from
time to time due to several phenomena, including natural and
industrial ones, which may be due to the intervention of humans

or technology.

This thesis attempts to build a model (Predictor Knowledge
Constrains Gated Recurrent Unit (PKC-GRU)) based on the
formulation of mathematical models for the basic determinants
that may be the cause of fires in forests, where a named model was
built (PKC-GRU), which consisted of four and consisted of four
stages: The first stage included various databases for scientific
research on forest fires , which included many characteristics, and
it was necessary to determine which of these characteristics is
more important in the occurrence of these fires in those forests. As
for the second stage, it is considered the basis of the proposed
model, through which the most important characteristics were
used to build five determinants of varying importance and were in

the form of mathematical formulas based on the most important



characteristics. The third stage of building the predictor received
from training and testing, the last stage of the proposed model
determining the quality of the data resulting from this treatment
using evaluation scales. The results were encouraging and
acceptable, compared to the rest of the networks, where it trains
faster and performs better on less training data and thus is easier
to train, since (GRU) contains only two gates: the update gate and
the reset gate just like the gates of (long short term memory
(LSTM) ) where these gates are trained in (GRU) to selectively
filter out any irrelevant information while keeping what is useful.
These gates are basically vectors that contain values from 0 to
which will be multiplied by the input data and/or hidden state. A
value of 0 in the gate vector indicates that the corresponding data
in the input or hidden state is not significant and therefore returns
as zero On the other hand, a value of 1 in the gate vector means
that the corresponding data is important and will be used and when
we compared the approved database with the database of Algeria
in its two regions, Bejaia and Sidi bil Abess, it showed that the
Algeria database has a weak response to the determinants of
knowledge, because the description of the approved database is
regression, while the Algeria database is classification and

regression.
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Chapter One: General Introduction

1.1 Introduction

Forests are the basis for some of the densest and most diverse
ecosystems for life on land, and they cover about 4.06 billion hectares or
31% of the Earth's surface. Therefore, forest fires are as old as forests, so
the ecosystem, biodiversity, and forest wealth in the whole region are
seriously threatened by the impact of forests. In addition, during the
summer, forests are covered with pricks and thorny leaves. When it does

not rain for months, fires will ignite at the slightest spark.

Forest fires consist of natural causes in addition to human causes: (a)
Natural Causes - many forest fires start as lightning that ignites tree fires,
however, other weather conditions in terms of high temperatures and
dryness (low humidity) provide favourable conditions for starting a fire, but
rain extinguishes such fires without causing serious damage, (b) Human-
made causes - fire caused by human activity occurs when an ignition
source, such as an electric spark or other source of ignition, comes into
contact with combustible material. In general, there are three basic
categories that forest fires can be divided into (a) Natural or out-of-control
forest fires (b) fires from heat generated in burning trash and other biomes
during the summer as a result of human error (human neglect); and (c) forest
fires started intentionally by a local resident, Forest fire (Caton-Kerr
et.al.,2019), The main benefits of forests can be summarized as air
purification because trees absorb odors and toxic gases such as nitrogen
oxide, ammonia, sulfur dioxide, and ozone by trapping them in their leaves
and bark. It also traps suspended particles in the air according to (Gnusov

et al., 2020), and it was found that forest density has a significant impact on
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the duration and spread of forest fires in the environment, while wind speed
has a significant impact only on the duration of the fire, which indicates that
Human activity has an impact on the spread of fires, ( Rasooli, et al.,2021
),( Abdi, et al.,2018).

Deep learning (Janiesch et,al.,2021) The most intelligent systems
that use machine learning to provide artificial intelligence capabilities.
Machine learning refers to a system's ability to learn from training data for
a given problem in order to automate the process of creating an analytic
model and completing related activities. Artificial neural networks serve as
the foundation for the machine learning concept known as "deep learning”,
a subset of artificial intelligence in which algorithms and programs are
tested by a computer using self-improvement and self-development (Das
and Roy 2019), and deep learning is a type of machine learning that uses
recombination Hierarchical features to extract relevant data and then learn

the patterns contained in the data.

Neurocomputing, (Yang & Shami,2020) algorithms for machine
learning have been widely used in a variety of applications and fields to
meet various tasks, a machine learning model's hyper-parameters must be
adjusted, the performance of machine learning models is directly impacted
by selecting the right hyper-parameter configuration. It typically calls for a
solid grasp of machine learning techniques as well as appropriate hyper-
parameter optimization approaches.

The prediction could be defined as the task of data analysis to predict
unknown values of the prediction target feature. It includes a classification
task for class label prediction and a numerical prediction where the task is
to predict continuous values or ordered values. Type of target attribute
specifies if the problem is classified with binary values or numerical
prediction with continuous values. Many statistical methodologies are used

2



for numerical prediction and regression analysis is most often used
(Basavaraju et al. 2019).

Finally, forest fire is one of the most important challenges facing the
world today as a result of the development of technology. Where it can be
defined from several aspects in terms. This research deals with intelligent

predictive design to address this phenomenon.

1.2 Problem Statement

The main problem of this thesis is forest fire prediction based on a set
of determinants and prediction techniques of type GRU, the main problem
of this work is predicting the area. One of the Neurocomputing prediction
techniques is gated recurrent unit(GRU) characterized by many features that
make it the best. These features (i.e., GRU give high accuracy results and
work with data / stream on data in real-time also it contains memory

therefore, we will use it in this thesis.

1.2.1 Research Questions

« How knowledge Constraints can be useful in building Predicator?

= How can we combine two technologies Neurocomputing and
knowledge Constrains to create a multi-layer model?

= What is the beneficial result from building predictor by a combination
between KC and GRU?

1.3 Thesis Objectives

e Determine the Main Rules (i.e., Knowledge Constrains)
for environments and Neurocomputing.
e Design Knowledge Constrains Gated Recurrent  Unit

(KC_GRU) for predicting the area of forest fires.



1.4 Literature Survey

The problem of forest fires prediction is one of the key
issues related directly to people's lives and the continued healthful
life generally (Hooker,S. A., Masters, K. S., & Park, C. L. 2018).
In this section of the thesis, we will attempt to review the works of
previous researchers in the same area of our issue and compare
works with seven basis points, (i.e ‘“authors (s), name of
database/dataset used in that article, preprocessing method,
methodology suggest solving that problem, main measures used to
evaluate  results, advantages of  that  methodology  and
disadvantages”.

(Lai, C., et ., al 2022), propose a forest fire prediction
method that uses a sparse autoencoder-based deep neural network
and a novel data balancing procedure dataset obtained from the
Montesinho Natural Park of Portugal, could predict large-scale
forest fires more accurately, and reduces the mean absolute error
by 3-19.3 and root mean squared error by 0.95-19.3 prediction
performance could be improved if additional information and more
data are available, this work is similar to my work us in evaluation
measures and deep learning but different with my work in data set

using to predicte to forest fires.

(Gayathri, S., Karthi, P. A, & Sunil, S. 2022), Suggested a
method using image processing unit and grayscale to detect forest
fires using CNN deep learning algorithms and after detecting the
fire an alert is sent to control the forest team along with the site.
They also integrated Google's Firebase to send alerts through
mobile phone or loT device notifications and mainly engaged in
regards to a brief introduction on the Backwoods fire was related
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work on strategies and different frameworks in the Timberland
fires and a conversation on computational reasoning and Al
computations followed by an audit of projected frameworks The
site of using measure metrics such as accuracy, F1 score, the
accuracy score of the train data is 96% and the accuracy score of
the valid or the test data is 92%.

(Khan, S., and Khan, A. 2022), proposed a deep learning method
called FFireNet, by taking advantage of the MobileNetV2 pre-trained
convolutional base and adding fully connected layers to solve the new task,
which is the forest fire recognition problem. The performance of the
proposed fire and no-fire classification solution was evaluated using
different performance metrics and compared with other CNN models, the
results show that it has an accuracy of 98.42%, an error rate of 1.58%, a
recovery of 99.47%, and an accuracy of 97.42% in the classification of fire
images and non-fire images. The results of the proposed approach are
promising regarding the problem of forest fire classification given Unique
forest fires Detection Dataset Performance evaluation on wildfire dataset
and comparison with NASNetMobile, Xception InceptionV3, and
ResNet152V2.

(Kukuk, S.B., & Kilimci, Z.H. 2021) presented a comprehensive
examination of object identification methods, deep and hybrid deep learning
models, and traditional machine learning algorithms for wildfire detection
and used evaluation metrics that are use accuracy, precision, recall, F-
measurement, and intercept over union (IOU). This work is similar to mine
in terms of forest fire prevention, but it differs from my work by using one
of the convolutional neural network algorithms and the results of the
experiment show that convolutional neural networks outperform other

methods with an accuracy of up to 99.32%.
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(Elvan et.al.,2021) proposed based on the "Forest Fires and
the Law" guide from the Food and Agriculture Organization
(FAO), which was founded by lawyers and covers the fundamental
topics of  definitions, institutional  setup, inter-institutional
coordination planning, monitoring, and assessment, prevention and
preparedness, detection and early warning and suppression,
participatory and community-based approaches, and institutional
setup, monitoring, and assessment In terms of prediction, this work
and research are comparable, but this work makes use of a fire
detection system and a multipurpose artificial intelligence
framework., whereas the study uses evaluation measures and
different data for prediction, and this work uses a fire detection
system.

(Singh et. al.,2021), predicated forest fires depending small
data set using three options for “Cascade Correlation Network”
(CCN), “Radial Basis Function” (RBF) and “Support Vector
Machine” (SVM) the preprocessing depending “SPARK” and
“PySpark™ were utilized to carry out the prediction process' data
segmentation and feature selection.

(Li, X et al.,, 2021) designed network based three-type models
(LSTM) to predict the rate of fire propagation, and to explore the interaction
between fire and wind. In order to train these LSTM based models and
validate their prediction effectiveness. There are three progressive models
based on LSTM created, which are called CSG-LSTM, MDG-LSTM, and
FNU-LSTM. The feature of FNU-LSTM is further demonstrated. By
performing comparison experiments with normal LSTM and other LSTM-
based models, the result was that CSG-LSTM takes about 100 iterations and
13 minutes to reach. MDG-LSTM model, it takes about 100 iterations and

takes 160 minutes to reach the maximum value of convergence for the speed
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of fire propagation, FNU-LSTM model, it takes about 10 iterations and 20
minutes to reach the value of convergence for the speed of fire propagation,

Entropy Loss equation.

(Benzekri, W et.al.,2020) proposed system based on collecting
environmental wireless sensor network data from Forest and forest fire
prediction using artificial intelligence, specifically deep learning (DL) A
combination of such a system based on the concept of an Internet of Things
(1oT) consisting of a low power wide area network (LPWAN), fixed or
mobile sensors and a good suitable model for deep learning gave the GRU
model 99.89% accuracy and a loss function value of 0.0088. It is workable

Similar using the same algorithm but different evaluation metrics.

(Al-Kahlout et. al.,2020), used automated tools to use local
sensors such as those provided by weather stations, and many fire
indexes, such as the Forest Fire Weather Index, have been
developed to account for this (FWI), It has a high accuracy of, as
well as lower data collection costs and better fire resource
management, thanks to this data. To predict the burned area of a
forest fire, only a neural network (JNN) method has been
proposed. This research is similar to previous Forest Fire Database
work, but instead of using traditional prediction metrics, it employs

a neural network approach.

(Wang, G., et .,al 2019),Improving the effectiveness and accuracy of
early forest fire detection, conducting a self-collection of forest fire data and
two real forest fire observation videos Five forest fire monitoring video
sequences collected from the webpage were used, the method of accurately
dividing the flame area at the pixel level in the forest Fire results show its

ability I have to work in various conditions of fire and difficult lighting.



This work is similar to my work in terms of its use of artificial intelligence
and deep learning techniques, but differs from my work in terms of pre-

processing and evaluation measures for the results.

(Firoz and Laxmi  2018), proposed a method of
determination to forest fires using determinants such as shooting
frequency. It was broadcast on five networks (with thighs
frequency). Monthly average analysis, Rainfall, The speed of the
wind, in addition to evaporation, the severity of the
climate/weather, Examine the Pearson correlation coefficient, as
their work is similar in terms of a data type but differs in its
evaluation of climatic anomalies, Where we took a very long time
compared to a number of researchers, and we did not choose the
algorithm randomly, but we compared it to many researchers in the
scientific field.And we will conclude through comparison the work
that is close to our work in terms of the database used as well as
the proposed algorithm and find weaknesses and strengths and

compare with them.

Table 1 shows a comparison between the previous works of
numbers of researchers in the same field and consists of seven
points that include the name of the authors, the name of the
database/dataset used in thesis, the pre-processing method, the
methodology proposed to solve this problem, the main metrics
used to evaluate the results, advantages and disadvantages of that

methodology.

Table 1.1: Compare among the Previous Works
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some recommendations for work in this area in the future.
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Chapter Two: Theoretical Background

2.1 Introduction

This chapter will present the main theoretical scale grouped related
to the problem that was introduced in Chapter One, which includes the main
role of knowledge constriction in problem-solving, as well as an analysis of
prediction algorithms and the main presenter of it from two perspectives.
techniques for data mining the main sensor used to capture data in real-time
related to forest fire will also be explained, as well as the evaluation measure

used in this thesis.

2.2 Prediction Techniques

Prediction techniques can uncover by looking at the values of other
variables, you can figure out what the unknown values of a target variable
are. Furthermore, by extending the creation of predictions regarding the
state of the future, and possibilities, prediction utilized construct future
goals. overtime utilizing specific methods. In a nutshell, it forecasts future
activity while taking into account all potential influencing factors.
Prediction techniques are widely used in a variety of fields, including
marketing, finance, telecommunications, healthcare, and medical diagnosis,
to aid in the optimization of future decision-making, there are several types

of prediction techniques, and this thesis will focus on the GRU.
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2.2.1 Gated Recurrent Unit(GRU)

The GRU is the newer generation of Recurrent Neural networks, and
it’s the modified version of LSTM but with less complexity. GRUs use the
hidden state to transfer information instead of cell state. It also only has two

gates, a reset gate and update gate.

Update Gate: The update gate selects information that needs to be

added and / or ignored. It’s similar to the LSTM input gate.

Reset Gate: The reset gate is used to decide how much past
information to forget.Since GRUs are smaller in operation, it’s faster than
LSTM networks. And the reason both LSTMs and GRUSs are successful, is
because their gating mechanism:Preserves contextual information and long-
term sequences, Avoids gradient issues. The gating functions allow the
network to modulate how much the gradient vanishes, and since it’s being
copied four times, it takes different values at each time step. The values that
they take on are learned functions of the current input and hidden state. The
algorithm GRU is considered one of the types of Nero computing, and it is
a deep learning that consists of several layers that lead to high accuracy and
Is characterized by the presence of a number of weights for each layer, as
the algorithm consists of three layers, which are the input and a number of
hidden layers and the output. Accounts are also reduced, Traditional neural
network models are susceptible to structural issues such gradient explosion
and over-fitting, whereas the deep GRU neural network model has poor
information processing capabilities over several hidden layers and low
update efficiency (Wang et.al.,2019),Recurrent Neural Networks are a sub-
branch of NNs that include typical RNNs, LSTMs, and GRUs as their core
algorithms. Recurrent Neural Networks are a sub-branch of NNs that

include typical RNNs, LSTMs, and GRUSs as their core algorithms. Recall
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that the conventional RNN structure consists of input, hidden, and output
layers, A popular sort of RNN is the GRU (Gated Repetition Unit)
technique, which is used to process time series data and learn intricate

dynamic temporal characteristics from input sequences.

A typical method for handling sequential data is long-term memory
with backpropagation gradients through internal gates. Although it uses less
processing power and performs as well as LSTM, GRU also exhibits strong
performance. As a result, GRU excels in time series-related problems |,
Tasks involving time-series exhibit good performance for GRU(H Luo
et.al.,2021)

RNNSs have recurrent units in their hidden layer, which, in contrast to
Feed Forward Neural Networks, enables the algorithm to analyze sequence
data. This is accomplished by continuously mixing inputs from the current
timestep with concealed states from past timesteps. RNNs have recurrent
units in their hidden layer, which, in contrast to Feed Forward Neural
Networks, enables the algorithm to analyze sequence data. This is
accomplished by continuously mixing inputs from the current timestep with

concealed states from past timesteps.
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Fig (2.1): sructure of GRU This portal basically filters the most important ,
Gao, S. Et .al (2020)

information from among the important filters to reach the hidden layer

RNNs have recurrent units in their hidden layer, which in contrast to Feed
Forward Neural Networks, enables the algorithm to analyze sequence data.
This is accomplished by continuously mixing inputs from the current

timestep with concealed states from past timesteps.

LSTM and GRU are comparable, but GRU has fewer gates. There is no
separate cell state and just a hidden state is used for memory transfer across
recurrent units. It also has three gates(Wangl et.al.,2019),( Sajjad
et.al.,2020):
Reset gate :- This gate This portal basically filters the most
important information from among the important filters to reach
the hidden layer basically filters the most important information

from among the important filters to reach the hidden layerThis
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portal basically filters the most important information from
among the important filters to reach the hidden layerhelp to
decide how to add the new information to the memory i.e how
much past information if can forget ,it from the current input (x
t) and the previous hidden state (h t-1) are multiplied by their
respective weights, applied bias, and then transmitted through a
reset gate. Step one determines which values should be discarded
(0), remembered (1), or just partially maintained because the
sigmoid function has a range between 0 and 1. (between 0 and 1).
The previous hidden state is reset in step two by multiplying it by
the results of step one, Gruber, N., and Jockisch, A. (2020).

rO=qUr XO+W" htD + - - (2.1)

The Purpose of the Reset Gate,Reset gate's importance in determining
how much information should be discarded is one of the main reasons for
this. Given that the reset gate tends to classify irrelevant data before
instructing the model to disregard it and continue without it, it would be
reasonable to compare it to the forget gate in the LSTM, , Gao, S. Et .al
(2020)
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Fig(2.2): Structure of Reset Gate from GRU , , Gao, S. Et .al (2020)

» Update gate — help to decide what information from the
previous time Step ht-1 can be taken forward to the next time step
ht, weights and biases used to scale the vectors in this step
produce a distinct sigmoid output. So after applying a sigmoid
function to a combined vector, we subtract it from a vector that

contains only 1s and multiply it by the prior concealed vector,
uber, N., and Jockisch, A. (2020).

70 = g(U? XO +W?2 htD + pz - (22)

The Purpose of the Update Gate, the update gate's primary job is to decide
how much earlier information is best for future use. This function is crucial
because the model may copy every single previous feature, which solves

the fading gradient problem.
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Fig(2.3): Structure of Update from GRU, Gao, S. Et .al (2020)

Hidden state candidate — we just saw how update and reset
gate work, but how do these help in updating the hidden state the
outputs are mixed with new inputs (x t), multiplied by their
respective weights, and added biases before passing through a
tanh activation function. This is done after resetting a prior hidden
state in step two, the new hidden state (h t) is created by
multiplying the hidden state candidate by the output of an update
gate and combining it with the previously changed hidden state
(h t-1). Once the recurrent unit has processed the complete

sequence, the process then repeats for time step t+1 and
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subsequent timesteps.

h(t-1]

@«

@ h®) = tanh(U"x'" + r© © WAV + pM)

Fig(2.4):structure of hidden state from GRU, Gao, S. Et .al (2020)

Next, the process repeats for timestep t+1, etc., until the recurrent unit

processes the entire sequence, Gruber, N., and Jockisch, A. (2020).

h~(t) - tanh(Uh X(t) + I’(I)OWh h(t—l) + bh ..... (2.3)

h(t):(]__z(t)) 0) h(t-l)+z(t) Oh® - (2.4)
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Fig (2.5): Structure of output of GRU, Gao, S. Et .al (2020

X(t): input vector, h®: output vector, h™O: candidate activation vector, z(t):
update gate vector, r(t): reset gate vector, W, U, and b: parameter matrices
and vectors, How to add new information? a new candidate state is created
for holding the information, How to remove information from the hidden
state? Know how update gate zt help to decide what information the
previous time step t-1 can be taken forward to the next time step ht ,
multiplying ht-1 with zt give as releval information from the previous step
Instead of having new information taking the complement of z! i.e (1-Z

) and multiplying with h™®)
2.3 Multi Variances Analysis
2.3.1 Entropy

Entropy is a measure of purity that describes how uncertain, impure, or
disordered a random variable is. It describes the impurity inside a random
class . The measurement of impurity or unpredictability in the data points is
called entropy. If all of the constituents in this situation fall into one class,
it is said to be "Pure," and if not, the distribution is called "Impurity." It is

calculated between 0 and 1, however depending on how many groups or
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classes are available in the data set, it may be greater than 1, still indicating
a severe level of disorder. When all of the observations in a dataset belong
to the same class, the dataset is devoid of impurity and randomness, and the
entropy of that dataset is zero. This is the case when a dataset is made up of

homogenous subsets of observations, Tsallis, C. (2022).

Clausius introduced the concept of "entropy" in 1865, and as a result,
now referred to as "the principle of increasing entropy, Since Clausius only
understood the idea of entropy in terms of “transformation" and “changing,
system's total entropy value," he only mentioned the "phenomenon of
growing entropy" (Wu and Wu (2020).

The unique aspect of Ludwig Boltzmann's work is that, in addition to
providing a probabilistic approach to determining a system's entropy value,
it also illuminates the concept of entropy's broader creative importance and
worth through this calculation. Through his work, Boltzmann not only
clarified the significance of entropy but also provided a probabilistic
interpretation of its significance.Shannon's "Entropy of Information
Sources.” Clausius' principle of growing entropy was introduced more than
80 years after Shannon's "entropy information sources" theory, which is a

related theory that is closely tied to the ideas of entropy and information.

In 1948, Boltzmann's statistical entropy theory directly inspired Shannon
to develop his communication information theory. Boltzmann's statistical
entropy theory provided Shannon with two tools: the statistical technique
and the entropy equationa method for calculating the volume of information
produced by the information source has been developed (Wu and Wu
(2020).

Shannon's information entropy formula , Escolano, S. (2003)

H=-Y", pi Log2 Pi ....(2.5)
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where:1=1, 2, 3...n; pi: probability of a event i £pi= 1, the Pi is has several
possible meanings,It can be a measurement of the source's message's
randomness, the source's message's a priori unpredictability, or the source's

ability to generate messages (Ben-Naim, A. 2020).

Boltzmann made the brilliant connection between entropy and the
following decade, while Shannon and Jaynes independently developed the
connections with the theory of communications and, more generally, with
the theory of information in 1948 and 1957. Since then, more than fifty
novel entropic functionals have been published in the scientific and
technological literature, (Tsallis, C. 2022), the letter confirmedin this
message, entropy is the amount of information contained in each

characteristic of a forest fire database to detect and predict a burned area.
2.3.2. Information Gain(1G)

The information gain formalism makes an effort to measure variation
in the performance as a Gaussian distribution (Stephenson, M., et al ., 2020)
, When conducting a process of gaining information, the idea of entropy is
very important. However, since the information about the database is
classified as having key qualities and necessary characteristics, the
information that may be gained depends on the information in the database
that is to be processed on. As it specifies the notion of Gain impurity
information in the dataset and calculates the difference between the entropy
before and after segmentation, it aims to uphold the concept of entropy,
Tsallis, C. (2022), Nelson, J. D. (2005).

IG=) 1G(target)-1G(all feature) ... (2.6)
Information gain is not negative , When the split variable and target
variable are switched, symmetric information gain ensures that the amount

of information acquired does not change. Information gain determines how
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much the uncertainty is reduced after segmenting the dataset on a particular
feature; as a result, the feature with the largest information gain is the most
advantageous for classification.The ideal feature to be selected for splitting
Is the one with the maximum value of information gained, Information gain
quantifies the impurity in class variables and compares the entropy before
and after splitting.With symmetric information gain, the amount of
information gained remains constant when the split variable and target

variable are switched.

After segmenting the dataset on a particular feature, information gain
determines how much the uncertainty is reduced; as a result, the feature that
has the highest information gain is the most beneficial for classification. The
ideal feature to be selected for splitting is the one with the maximum value
of information gained,Information gain quantifies the impurity in class

variables and compares the entropy before and after splitting.
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2.4 Knowledge Constrains

The negative effects of global climate change are the result of
increased droughts and hot summers in different parts of the region, as well
as frequent forest fires.It can only be confirmed that humans frequently
cause forest fires in various parts of the world, either directly or indirectly
(for the purpose of, for example, expanding pastures or benefiting from

insurance), Elvan et .al(2021).

Forest fires are one of the most dangerous environmental issues in the
world because they spread over very large areas. This causes concern
because such large fires may burn for days or even months and pose a
number of risks to the environment, including the release of toxic gases like
carbon monoxide, significant losses in plant and animal life, and harm to
people and livestock. Because it plays a significant function as a
regeneration, alteration, and air conditioning agent through transpiration
and climate conditioning, including daily temperature, forest fires have the
potential to positively influence ecosystems, Yet, the drawbacks of forest
fires lay in their capacity to alter and ruin the tourist and aesthetic appeal of
those locations, and the hazardous chemicals they produce go beyond a

country's boundaries to neighbouring nations , Elvan et.al(2021).

The main natural cause of fires, in addition to the nearby that starts
fires, is thought to be lightning. It is believed that this is due to the regular
forset fires that occur in boreal woods and perhaps even in mountainous
regions, particularly when coniferous trees are prominent and exposed.
Nowadays, lightning is to blame for 30% of all fires in the nation. It is
believed that the human factor (whether irresponsible or malicious) is to
blame for at least 95% of fires. Human activities and infrastructure provide
the energy needed to start fires. So, whether as a direct cause of ignition or

in terms of fuel production, the human element has a considerable influence.
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The main influence of meteorological factors on forest fires is seen
above the analysis point of view; there are some factors that have an impact
on each and every time a forest fire occurs, but the decision-making process
does not depend solely on the causes of the fires; rather, it depends on a

number of factors working in concert.

A number of factors, such as the "highest Temperature of the day,"”
"Temperature range in diurnal,” "Humidity the day's,” "Wind Speed,"
"Precipitation,” and other combinations, can have an impact on forest fires.
Here are the five fundamental knowledge constraints equations explained,
some of the data Yichun fire nearly a decade predict the forest fire
meteorological data analysis, Yichun is the northern of Heilongjiang
Province in China.Territory is hilly areas It is the temperate continental
monsoon climate, annual rainfall 630 mm, with an average annual
temperature of 1 degree, in January average temperature of minus 25
degrees, in July the average temperature of 21 degrees above zero, Dan Liu
and Yanrong Zhang(2015).

= KC based on Temperature

1 .
{1/(1 + (5(20——temp)) } lf Temp <20

KC1 = (2.7)

1 otherwise

Where °C: An abbreviation for Celsius degree,temp: Temprature

KCL1: temperature contribution

Temperature plays a major role in influencing the occurrence of fires
a ccording to the temperature equation, the chance of fire outbreaks
Is zero if the temperature is low, and the rate of fire outbreaks
increases if the temperature is greater or equal to 20. If (temp) is less

than 20, the frequency of fires drops.KC based on “Temperature
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range in diurnal® Variation on forest fire occurrence also In
determining the contribution of the high value of fire risk (%), kcl
Is determined by one factor. The highest temperature of the day is
temp, with 14:00 having the greatest temperature. There is
essentially minimal fire risk at 14:00 due to the low temperature,
especially in the next 8 °C; There is a gradual increase in the fire
threat and the temperature is between 8 and 12; Potential fires should
receive extra attention between the hours of 12 and 20, due to the
quick changes in the danger function during the low to high transition
period; Above 20 °C, special attention will be paid, Dan Liu and
Yanrong Zhang(2015)

= KC based on Diurnal Temperature

{{1/(1 + (1/10(20 — (temp — temp"))®} if (temp1 — temp) < 25
KC2 = (2.8)

1 otherwise
Where °C: An abbreviation for Celsius degree, KC2=temperature

Diurnal contribution

Using the fire risk equation (high daily temperatures), cloudy and
foggy weather will make it more difficult for a fire to start; that is, if
(temp-temp) < 25 overcast, rainy, and fog weather phenomena are
more frequent; When the temperature ranges (temp-temp) > 25 high,
the day is sunny, very hot, and the afternoon wind is very strong,
there is also a very high likelihood of fires. The diurnal temperature
high fire risk contribution value (%) only takes into account (temp-
temp). The lowest temperature of the day is at 2:00, with (temp) and
(temp) denoting the highest and lowest temperatures of the day,
respectively. Under normal conditions, when (temp-temp™) 12°C,

cloudy, rainy, and foggy weather phenomena more, so difficult to
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fire; when (temp-temp”) is between 12°C and 20°C, there is a
significant increase in the degree of risk of fire; when (temp-temp")
> 20°C, weather controlled by high pressure situation, the
performance of sunny, daytime warming intense, afternoon the wind
speed increases, the fire to maintain a higher state, Dan Liu and
Yanrong Zhang(2015).

= KC based on Relative Humidity

{1/(1+ (1/10(RH — 20))*}if RH > 15%
Kc3=4{ (2.9)
1 otherwise

Where °C: An abbreviation for Celsius degrees,RH: relative humidity,

KC3:relative humidity contribution

relative humidity is less than 15%. from the application of the
relative humidity equation, it was found that if the humidity is less
than 15%, it indicates the occurrence of fires that reach their peak
also A high fire danger number (%) is reflected in kc4, which is the
relative humidity. RH is the 14:00 air relative humidity (percent).
There is a low likelihood of a fire starting when the relative humidity
Is higher than 45%. The ratio of high fire risk starts to rise between
10% and 45%. Moreover, fires are most likely to start when the

relative humidity is below 15%, Dan Liu and Yanrong Zhang(2015)

= KC based on Rain

{1/(1/(1 + (rain)3}if rain>0
KC4 = 2.10)
1 otherwise

where,°C: An abbreviation for Celsius degrees,KC4:rain contribution
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More rainfall results in a decrease in the fire danger index, and vice
versa, according to the application of the rain equation. The
contribution value (%) for the 24 hours of high fire risk precipitation
indicates kc5. Rain makes up the 24-hour precipitation factor.
Changes in precipitation curve revealed a smooth declining trend as
precipitation increased and the fire hazard index decreased. When
there is less than 1mm of precipitation, you are in a high fire danger
area, and the fire trend will not significantly slow down. The fire
hazard would appear to be considerable once more if precipitation

stopped now, Dan Liu and Yanrong Zhang(2012).

= KC based on Wind Speed

KC5 =

{ {1/(1/(1 + 1/12(7 — wind))*} if wind <7
(2.11)
1

otherwise
Where , wind:wind speed ,°C: An abbreviation for Celsius degrees,

KC5:wind speed contribution

since wind and rain commonly occur in the north at the same time, it is

challenging to put out flames when the wind speed is over 7, and less likely
to happen if it is below 7, kc5 is the only element that accounts for the
percentage contribution of high fire danger. Around 14:00, the ground's
10m-12m height average wind speed is equal to wind. In the north, wind
and precipitation typically happen at the same time, therefore wind speed
measures are used to reduce the impact of its precipitation. Wind speeds of
3 m/s or less have minimal impact on the occurrence of forest fires; 3 m/s
to 7 m/s cause the impact of forest fires to start growing quickly; and 8 m/s

or more make it difficult to control after the fires have begun.
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Chapter Three: Building of (PKC-GRU)

3.1 Introduction

This chapter builds a system called Knowledge Constrains forest
fires with algorithm gated recurrent unit (PKC-GRU) to find the burned
area . The main goal of this work is to find the new contra of forest fire then
determined which one more effect in that problem. Therefore, we model
called (KC-FF) is consists of stages: First stage; called Collecting dataset
and Pre-processing , which include bank of data sets of forest fires, After
that determined the features most important based on both (entropy and
Information Gain) While the second stage include build knowledge
constraints based on different features theses constraints are (KC1, KC2,
KC3, KC4, and KC5 ) and Final stage related to evaluated the results of
KC-FF model based on measures The value handling, and data set
normalization; the second stage is the application of the GRU algorithm,
which includes showing the input, hidden, and output layers with
knowledge parameters that are either natural or industrial parameters, and
the third stage is the evaluation of the results using a number of rating scales
According to the database, it was found that it consists of several features
which represent the coordinates of X, Y represent the coordinates, DMC,
DC, ISI, RH, T, Wind, Rain, and FFMC.

3.2 PKC-GRU Design Stages

The effectiveness determination model consists of four stages in this
section: The first stage is collecting data from the forest fires database and
conducting pre-processing of the data. The database and the third stage is

the use of determinants of knowledge with the algorithm (GRU) and the
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fourth stage is the use of a number of measures to test the validity of the

choice of the predictor.
3.2.1 Data Preprocessing Stage

Before creating the predictor, that forest fires dataset required to be
handled. The forest fires dataset is using the data or checking missing value

Is processed in the data processing stage.
3.2.2 Building Knowledge Constrains Stage

We relied on the forest fires database and based on the specific
characteristics of the database and due to the possibility of training large
data and in order to avoid the high computation and time complexity, it was
better to build a predictor for forest fires to predict the burned area and the
work was to use knowledge constraints in order to reduce the number of my
data and thus reduce the calculations and we relied on Five equations
showing the contribution of the meteorological factors causing forest fires,
the first of which was the contribution of the daily maximum temperature,
the contribution of the daily temperature range, and the effect of relative
humidity, wind, and rain. The equations determine whether it is possible to

build the predictor or not.

Algorithm 3.1 # Knowledge Constrains
Input: Dataset forest fires from KDD cups

Output:predicte the forest fires
1 For i in range(temp.value_counts().sum()

2 IF temp < 20

3 KC1=1/(1 + (1/5(20 — ((temp))*
4: Else

5 KC1=1

6 Call build KC-GRU
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7 End if

8: IF (temp — temp’) < 25

9: KC2 =1/(1+ (1/10(20 — (temp — temp’))®
10: Else

11: KC2=1

12: Call build KC-GRU
13: End if

14: IF RH > 15%

15: KC3=1/(1+(1/10(RH-20))*
16: Else

17: KC3=1

18: Call build KC-GRU

19: End if

20: IF rain > 0

21: KC4=1/(1/(1+(rain)"3

22: Else

23: KC4=1

24: Call build NPKC-GRU

25: End if

26: IF wind <7

27: KC5={1/(1/(1 + 1/12(7 — wind))*}
28: Else

29: KC5=1

30: Call build KC-GRU

END Knowledege Constrains
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3.2.3 GRU

It started from the stage of collecting data from a bank from the
database and pre-processing it that if the data was selected, it fulfills
the principle of checking for missing values.

By applying the five types of knowledge constraints (
KC1,KC2,KC3,KC4,KC5) in order to reduce the number of
processed data in the database.

After we apply the knowledge constraints to the database values, it is
divided into two stages:

e The training phase, which includes defining the basic
parameters of GRU through the principle of try and error,
and then you go to training ( Train GRU and then you specify
the size of the windows and then you go to training (Train
LSTM)AnNd after training (Train GRU) it determines if the
error is less, it depends and gives the final result, otherwise
it updates the update gate with weights.

e Test Phase

The advantage of ( GRU) is that it uses less memory for processing,
and the units of ( GRU) deal with the issue of disappearing gradients,
which most recurrent neural networks suffer from, Grading may
become too little to have an impact on learning if it shrinks over time
as it back propagates, rendering the neural network untrainable.

The update gate and reset gate are two gates that GRUs utilize to
address this issue. These gates can be trained to retain information
from further back and determine what information is allowed through
to the output. As a result, it can transfer important information down

an event chain to provide more accurate predictions.
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Algorithm 3.2#: KC-GRU
Input: FFD & KC Il FFD Forest Fires
Dataset
Output: predicte the Area
/I Collect &Pre-Processing
For each row in FFD
For each column in FFD
Call Knowledege Constrains
For each Iterations in FFD of burned area
Compute Update Gate
Compute Hidden state candidate
Compute Output Gate
End for
For each Train GRU

IF error <= Emax // max number of epoch and max error

© 00 N oo o A N

Display Final Result
ELSE
10: Update the Two Gates with Weights
End for
Call Evaluation
End KC-GRU

3.3 Summury

Weather prediction is a time series forecasting application in data
science where predictions are made for a specific time using time series data
and algorithms, This section will attampting to find answer of equations that

shown in chapter number one.

= How knowledge contrains can be useful in building Predicator?
Fire forecasts are usually generated from any data available for a
given area without taking into account the cases of no fires for that

forest, depending on the nature of the area. Therefore, the
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determinants of knowledge had a significant impact in reducing the
effort to build these systems, as the nature of the probability of the
occurrence or non-occurrence of fires was determined. before
building a forecaster.

How can we combine two technologies—Neurocomputing and
knowledge contrains—to create a multi-layer model?

A network was characterized as containing several layers by mixing
those parameters represented by one or more parameters for that
layer, which increased the accuracy of the prediction model that was
built, despite this, in turn, it led to an increase in the number of
calculations that were performed, but it reduced the training time of
the network and its access to the solution. More accurate in less time.
What is the beneficial result from building predictor by a
combination between KC and GRU?

The determinants had a significant impact on increasing the
accuracy of the results and the speed of training, while the network
itself was distinguished by its advantages that made it very useful for
predicting forest fires, as well as the possibility of working with data

collected in real time.
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Chapter Four: Implementation of (PKC-GRU)

4.1 Introduction

This chapter presents the key parameters and implementation of the
design-related large data the predicator (KC-GRU) described in Chapter 3
using a large dataset based on forest fires, and testing the outcome of each
phase of the model (PKC-GRU) divided into four stages, the first stage
relates to collecting data set from forest fires, performing data pre-
processing and selecting data from the base, otherwise it will perform a
feature selection based on IG ,the second stage it consists of building
knowledge constrains and using the algorithm(GRU) together includes five
equations that depends on the contribution of daily maximum temperature,
the contribution of Temperature range, diurnal temperature, influence of
relative humidity, wind and precipitation, and the equations determine
whether or not a predictor can be created. and finally, . As for the third
stage,building the predicator (KC-GRU) , and finally, the fourth stage is
the use of rating scales through which the quality of the forest fire predictor

Is adopted.
4.2 Implementation of PKC-GRU
4.2.1 Description of DataSet

In this section, we present the computation of the dataset containing
516 rows and 13 columns containing the features X, Y, month, day, FFMC,
DMC, DC, ISI, temperature, RH, wind, rain, area and these data are
related to fires The data obtained are real, not imaginary, and captured from
multiple sensors related to features associated with the forest fire database
based on contributions from temperature, humidity, rain, and speed wind

and obtains from the dataset (archive.ics.uci.edu)
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Table(4.1): description of the dataset

Descripsion

x-axis spatial coordinate within map: 1to 9

y-axis spatial coordinate within map: 2to 9

month of the year: "jan" to "dec"

day of the week: "mon™ to "sun"

FFMC index from the FWI system: 18.7 to 96.20
DMC index from the FWI system: 1.1 to 291.3
DC index from the FWI system: 7.9 to 860.6

ISI index from the FWI system: 0.0 to 56.10

temperature in Celsius degrees: 2.2 to 33.30

relative humidity in %: 15.0 to 100

wind speed in km/h: 0.40 to 9.40

outside rain in mm/m2 : 0.0 to 6.4

the burned area of the forest (in ha): 0.00 to 1090.84

4.2.2 Result of Most Information Features (Information Gain and

Entropy)
When we apply the Entropy and Information Gain to a forest fire
database, the result is shown in the table below:

Table(4.2): Result of Entropy and Information Gain

Features Entropy
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7.383 4.039
6.309 3.390
7.301 3.958
5.735 2.981
3.925 2.026
0.154 0.0530
5.153 5.153

4.2.3 Result of Knowledge Constrains

When Applying Knowledge Constrains The basic features of the
forest fires database will be subject to the constraints of knowledge
that we apply with five equations, this is to determine the target
(burned area) it turns out that the target is closely related to the
temperature and that if the state is zero then there is no combustion,
and vice versa, case 1 indicates the presence of combustion, And the
table below shows is that

Table(4.3): Results of KC of on Temperature

7 5 8.2 0
7 4 18 0
7 4 14.6 0
8 6 8.3 0
8 6 11.4 0
8 6 22.2 0
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8 6 24.1 0
8 6 8 0
8 6 13.1 0
7 5 22.8 0
7 5 17.8 0
6 5 21.3 0
8 6 20.1 1
4 6 28.3 1

In the case of applying the second equation to the forest fire database, the

following result was obtained: -

Table (4.4): Result of KC of on Diurnal Temperature

X Y temp KC2
7 5 8.2
7 4 18 0

7 4 14.6 0

8 6 8.3 0

8 6 11.4 1

8 6 22.2 1

8 6 24.1 1

8 6 8 1

8 6 13.1 1

7 5 22.8 1
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7 5 17.8 1
6 5 21.3 1
8 6 20.1
4 6 28.3

In the case of applying the third equation to the forest fire database, the

following result was obtained: -

Table (4.5): Result of KC of on Relative Humidity

RH KC3
7 5 51 0
7 4 33 0
7 4 33 0
8 6 97 0
8 6 99 0
8 6 29 0
8 6 27 0
8 6 86 0
8 6 63 0
7 5 40 0
7 5 51 0
7 5 38 0
6 5 72 0
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In the case of applying the fourth equation to the forest fire database, the

following result was obtained:-

Table 4.6: Result of KC of on Rain

KC4

X Y Rain

7 5 0 0
7 4 0 0
7 4 0 0
8 6 0.2 1
8 6 0 0
8 6 0 0
8 6 0 1
8 6 0 0
8 6 0 1
7 5 0 1
7 5 0 1
7 5 0 1
6 5 0 1
6 5 0 1
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In the case of applying the fifth equation to the forest fire database, the

following result was obtained.

Table (4.7): Result of KC of on wind speed

X Y Wind KC5
7 5 6.7 0
7 4 0.9 0
7 4 1.3 0
8 6 4 1
8 6 1.8 1
8 6 5.4 1
8 6 3.1 1
8 6 2.2 0
8 6 5.4

7 5 4

7 5 1.2

7 5 4

6 5 6.7

6 5 2.2

8 6 4.5

4 6 3.1
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922
818
480.8
11.9
201
34
45

0

1

1

935
149.3
728.6
8.1
28.3
26
31

0

1

1

4.2.4 Result of Correlation Coefficient

The correlation coefficient is a statistical measure of how
closely two or more variables are linked. the purpose of correlation of any
features affected with the target, any Positive correlation suggests that
these variables increase or decrease in lockstep, whereas a negative
correlation means that one variable increases as the other decreases. As a
result, the features affected temp=0.098, DMC=0.073, FFMC=0.04, and
DC=0.049 are affected positive but the features 1S1=0.0078, RH= -
0.076,rain=-0.0074 are effected Negative and we train GRU neural

network over 50 epochs.

Table :4.9: Result of Correlation Coefficient

X 1 0.54 -0.017 -0.045 -0.084 0.0097 -0.047 0.086 0.019 0.065 0.063
Y 0.54 1 -0.05 0.0046 -0.11 -0.028 -0.026 0.061 -0.02 0.033 0.044
Vol -0.017 | -0.05 1 0.38 0.33 0.53 0.43 -0.31 -0.028 0.057 0.04

pl\V(oa -0.045 | 0.0046 0.38 1 0.68 0.3 0.47 0.072 -0.1 0.075 0.073
DC -0.084 | -0.11 0.33 0.68 1 0.22 0.49 -0.042 -0.2 0.036 0.049
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0.0097 | -0.028 0.53 0.3 0.22 1 0.39 -0.14 0.11 0.068 0.0078
-0.047 | -0.026 0.43 0.47 0.49 0.39 1 -0.53 -0.23 0.07 0.098
0.086 0.061 -0.31 0.072 -0.042 -0.14 -0.53 1 0.07 0.1 -0.076
0.019 -0.02 -0.028 0.1 -0.2 0.11 -0.23 0.07 1 0.061 0.012
0.065 0.033 0.057 0.075 0.036 0.068 0.07 0.1 0.061 1 0.0074
0.063 0.044 0.04 0.073 0.049 0.0078 0.098 -0.076 0.012 0.0074 1

Table(4.10) The result of Fit the model on the dataset

Iteration

Total Time

Loss

10 28s 5ms/step 0.0955
20 32sms/step 0.0832
30 44ms/step 0.0810
40 65ms/step 0.0808
50 72ms/step 0.0800

4.3 Algeria dataset is divided into two parts

Now we will compare the approved database and the Algerian

database. We found that not all characteristics apply to the five approved

equations ,the dataset is regression but
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regression, This dataset is used for educational purposes. The location of
dataset

https://archive.ics.uci.edu/ml/datasets/Algerian+Forest+Fires+Dataset This
Is part of UCBerkeley Spring2022 Stat159 Groupl10's final project The

dataset includes 244 instances that regroup a data of two regions of Algeria,
namely the Bejaia region located in the northeast of Algeria and the Sidi
Bel-abbes region located in the northwest of Algeria,122 instances for each
region.The period from June 2012 to September 2012, The dataset includes
11 attributes (12 including region attribute) and 1 output attribute
(class).The 244 instances have been classified into "fire" (138 classes) and

"not fire" (106 classes) classes.
Table (4.11): Description of the Algeria dataset
Description

“temperature noon (temperature max) in Celsius degrees: 22 to
427

“Relative Humidity in %: 21 to 90”

“Wind speed in km/h: 6 to 29*

“0to 16.8 FWI Components”

“Fine Fuel Moisture Code (FFMC) index from the FWI system:
28.6 to 92.5¢

“Duff Moisture Code (DMC) index from the FWI system: 1.1 to
65.9%

“Drought Code (DC) index from the FWI system: 7 to 220.4“
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“Initial Spread Index (ISI) index from the FWI system: 0 to 18.5*

BUI “Buildup Index (BUI) index from the FWI system: 1.1 to 68

FWI “Fire Weather Index (FWI) Index: 0 to 31.1*

Classes “Two classes, namely fire and not fire*

4.3.1 Description of Bejaia Region Dataset

This is a description of the Bejaia region database and the table below

shows that,contained from 10 rows and 122 columns.

Table(4.12): Description of the Database of Bejaia Region

Temperature RH Ws Rain FFMC DMC | DC ISI | BUI | FWI

32 71 12 0.7 |571 |25 82 |06 |28 |02
30 73 13 4 95.7 | 2.7 78 |06 |29 |02
29 80 14 2 48.7 | 2.2 76 |03 |26 |01
30 64 14 0 79.4 5.2 154 |22 |56 |1

32 60 14 02 |771 |6 176 |18 |65 |09
35 54 11 01 |837 |84 26.3 |31 |93 |31
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35 44 17 0.2 |856 |99 289 |54 |10.7 |6

28 ol 17 13 | 714 |77 74 |15 |73 |08
27 59 18 01 |781 |85 147 |24 |83 |19
27 87 29 05 [459 |35 79 |04 (34 |02
24 94 18 01 |79.7 |43 152 |17 |51 |0.7

4.3.2 Result of Knowledege Constrains on Bejaia Region Dataset

It was found from the application of the equations of knowledge
constraints on the Algerian database, Bejaia region,That the features of
temperature and wind greatly affects the occurrence of a forest fire, and it
is shown that (class) shows the state of the fire occurring or not, and the
following table shows that: It is noted that the difference between
(class),(classl), where it was found that (class) is from applying the
knowledge constraints equations to our database, while (classl) is from
applying the knowledge constraints equations to the database, After
applying the first equation to the data of the Algerian forest fires database,

the Bejaia region, the result was:

After applying the five equations to the data of the Algerian forest

fires database, Bejaia region, the final result was:

Table(4.13) :Apply Knowledge Constrains to Bejaia Region
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4.3.3 Description Sidi-Bel Abbes region

This is a description of the Sidi-Bel Abbes region database and the

table below shows that,it consisted of from 10 rows and 122 columns.

Table(4.14) : Description Sidi-Bel Abbes Region
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Temperature RH Ws Rain FFMC DMC DC 1SI BUI  FWI
32 71 |12 |07 57.1 2.5 8.2 0.6 2.8 0.2
30 73 |13 |4 55.7 2.7 7.8 0.6 2.9 0.2
29 80 |14 |2 48.7 2.2 7.6 0.3 2.6 0.1
30 64 |14 |0 79.4 5.2 154 |22 5.6 1
32 60 |14 |0.2 77.1 6 176 |1.8 6.5 0.9
35 54 |11 |01 83.7 8.4 26.3 | 3.1 9.3 3.1
35 44 |17 |0.2 85.6 9.9 289 |54 10.7 |6
28 51 |17 1.3 71.4 1.7 7.4 15 7.3 0.8
27 5 |18 |01 78.1 8.5 147 |24 8.3 1.9
30 41 (15 |0 89.4 13.3 225 |84 131 |10
31 42 (21 |0 90.6 18.2 305 [134 |18 16.7
27 8 |17 |0 88.9 21.3 37.8 | 8.7 21.2 129
30 92 |15 |2 72.3 11.4 7.8 1.4 109 |09
27 79 |16 |0.7 53.4 6.4 7.3 0.5 6.1 0.3
28 90 |15 |0 66.8 7.2 147 | 1.2 7.1 0.6
27 87 |29 |05 45.9 3.5 7.9 0.4 3.4 0.2
24 54 |18 |0.1 79.7 4.3 152 | 1.7 5.1 0.7
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4.3.4 Result of knowledege constrains on Sidi-Bel Abees Region Now
a region Sidi-Bel Abbes database will be applied to the
knowledge constraints equations, After applying the first equation to
the data of the Algerian forest fires database idi-Bel Abbes the result

was

Finally, after applying the five equations to the data of the Algerian forest

fires database Sidi-Bel Abbes, the result was:

Table(4.15): Apply Knowledge Constrains to Sidi-Bel Abees Region

32
71
12
0.7
57.1
25
8.2
0.6
2.8
0.2
1
0
0
1
0
1
0

30
73
13
55.7
2.7
7.8
0.6
2.9
0.2
1
0
0
1
0
1
0

29
80
14
48.7
2.2
7.6
0.3
2.6
0.1
1
0
0
1
1
0

30
64
14
79.4
52
15.4
2.2
5.6
1

1

0

0

1

1

0

32
60
14
0.2
77.1
17.6
1.8
6.5
0.9

35
54
11
0.1
83.7
8.4
26.3
3.1
9.3
3.1
1

0

0

1

0

1

1

10.7

35
44
17
0.2
85.6
9.9
28.9
5.4
6

1

0

0

1

1

0
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28
51
17
13
714
7.7
7.4
15
73
0.8

27
59
18
78.1
85
14.7
2.4
8.3
1.9

0.1

30
41
15
89.4
133
225
8.4
13.1
10

27
87
29
05
459
35
7.9
04
3.4
0.2

24
54
18
01
79.7
43
15.2
17
51
07
1

0

0

1

0

1

0

It was found from the application of the equations of knowledge constraints
on the Algerian database, Sidi-Abees region

The features of temperature and wind greatly affects the occurrence of a
forest fire, and it is shown that (class) shows the state of the fire occurring
or not, and the following table shows that, It is noted that the difference
between (class),(classl), where it was found that (class) is from applying
the knowledge constraints equations to the database, while (class2) is from
applying the knowledge constraints equations to the database .
Table(4.16) : Evaluation(Train, Test)

50 | 8571 | 0968 | 2 926 29 00 0
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7742
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4
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039
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00

oo

0.28
5714

0.92
7742

0.14679
5

0.796294

0.119430

0.398
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0.2117
65

0.100000
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00

oo

0.57
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0.94
1935

0.11095
8

0.081623

0.160428

0.196
141

0.9647
06

0.400000

0.031
25

oo

0.57
1429

0.91
0968

0.17298
4

0.110590

0.171123

0.295
820
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35

0.155556

0.000
00

oo
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Chapter Five:

Conclusions




Chapter five: Conclusions

5.1 Conclusion

The conclusions from this work are summarized in this chapter as

follows:

A. We faced many difficulties because the database was ready and was
not captured by any sensors related to meteorological factors.
Therefore, we had to rely on mathematical methods to determine
the burned area of forest fires, and we relied on knowledge
Constraints.

B. The primary contribution of meteorological elements from forest
fires occurs analysis point of view, there are certain factors that
affect every single occurrence of forest fires, but forest fire causes
can only be one factor in the choice. a variety of outcomes as a result
of multiple factors interacting in this section. Moreover, it was
proved that the (NPKC-GRU) system gives the best results
according to the evaluation scales related to the area burned in forest
fires. Through the application of the specified criteria, we found that
(DMC, TEMP, and ISI) are the most influential for the occurrence

or increase of the probability of a forest fire.

C. The GRU has two gates and does not possess any internal memory.
In GRU reset gate is applied directly to the previous hidden state,
GRU uses less training parameters and therefore uses less memory
and executes faster GRU is used when you have less memory

consumption and want faster results.
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