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Abstract: Wildfires are among the world's most pressing issues, and they are getting more prevalent as global
warming and other environmental conditions deteriorate. These wildfires might be caused by humans or by natural
causes. Wildfires are one of the factors contributing to the extinction of rare flora and wildlife that serve to maintain
our planet's ecological balance. In this paper, a comparative analysis of various machine learning classifier models
for predicting forest fires was undertaken using two separate datasets. The suggested system's processing is
dependent on a few characteristics such as temperature, humidity, oxygen, and wind. Several machine learning
classification techniques, including logistic regression, support vector classifier, decision tree, k neighbors and
random forest, were used in this study. For further optimization of the model, K-fold cross validation method and
hyperparameter tuning were implemented. The system reveals Support Vector Machine as the best strategy for the
forest fire dataset, with 96.88% accuracy. Random Forest method was found to be the best for the Cortez and Morais
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dataset, with 90.24% accuracy.
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1. Introduction

Globally, forests constitute about 31% of the
total land area. However forest fire affects about 36% of
the forest land [1], representing as one of the most
common natural catastrophes in past few years.
Recently in third week of February 2023, a total of 1156
forest fires were reported in India [2].

Due to these forest fires, many hectares of forest
are being destroyed. National economies are closely
linked and strongly affected by wildfires. Ecological and
environmental damage affects the humans and livestock
directly as well as indirectly [3].

Wildfires can be caused by a number of factors
including changing weather conditions, rising
temperatures, campfires, and many more. Many causes
of wildfires are due to an increase in the planet’s average
temperature and human ignorance. In areas with high
wildfire risk, management services can improve fire
prevention by setting up watchtowers and using
additional tracking equipment [4].

The main obstacle to regional forecasting is its
uncertainty. This feature is undesirable but unavoidable
for fire fighters’ response. This uncertainty seems to
remain without its complete elimination. However, efforts
can be done to minimize its severity. An automated

prediction system and planning the necessary measures
beforehand can be an effective solution to this problem.
Thus, predicting the forest fires has become a crucial
issue nowadays [5]

This research can serve as a guide for choosing
a highly accurate fire prediction model and offer a
scientific foundation for forest fire prevention [6-13]. In
the recent years, many researchers have used the
concept of machine learning (ML) and deep learning
based model for predicting the forest fire [14-20]. The
current model plans to predict the forest fire well in
advance in a less complex way. Furthermore, this model
can help us to be panic-free from the last-minute chaos.
Several machine learning approaches like Logistic
Regression (LR), Random Forest (RF), Decision Tree
(DT), Support Vector Classifier (SVC), K Nearest
Neighbors Classifier (KNN) were applied on two
separate datasets. Hyperparameter tuning and K-fold
cross validation methods were used for optimizing the
model. and avoid overfitting and improve the accuracy.

The rest of the paper is organized as follows.
Materials and methods are described in section 2. Result
and discussions are described in section 3. Overall
conclusion is provided in section 4.
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2. Materials and Methods
2.1. Description of the Dataset Used

The system consisted of two datasets with
various attributes. Data from these datasets were further
used for training and testing the machine learning
models. Dataset 1 [21] consisted of attributes like
oxygen, temperature (°F), humidity and fire occurrence.
The Dataset 1 consisted of 201 instances and 4 features.
Dataset 2 [22] was the Cortez and Morais dataset which
consisted of attributes such as X, Y, month, FFMC,
DMC, DC, ISl, Temp, RH, wind, rain, area and fire
occurrence. The Dataset 2 consisted of 517 instances
and 13 features. Both the datasets were collected from
Kaggle.

2.2 Proposed Methodology Was Divided into
Two Phases

Phase 1: K-Fold Cross Validation. In the initial
phase (Figure. 1), the dataset 1 and 2 were filtered using
data pre-processing. After the cleaning of the datasets
for the training and testing phases, data were split into
70% to 30% respectively. The datasets were trained with
ML classifiers such as LR, DT, RF, KNN and SVC to
increase the model's accuracy. K-fold cross-validation
technique was used to get more precise results. In K-fold
cross-validation procedure, K=10 was chosen.

Phase 2: Optimization. In order to achieve the
optimal values for the proposed model, hyperparameter
tuning was done on the datasets. In this technique, the
correct combination of hyperparameters was identified
to enhance the performance of the model. For the
suggested design, the simple grid search method was
chosen. Here in the grid search, a grid of the
hyperparameters was formed, and then iterated in
combination until left with the best model along with their
hyperparameter values.

Flowchart

Raw Dataset

2.3 Performance Measure

Accuracy: The accuracy of the dataset is given

by:
Accuracy = — TPrIN (1)
TP + TN+ FP+ FN
Precision: The precision of the dataset is given
by:
Precision = —— (2)
TP + FP
Recall: The recall of the dataset is given by:
Recall = —— 3
TP + FN
F1 Score. The F1 Score of any dataset is given
by:
_ 2x(TP)
F1 —score = P+ PN 4)

3. Result and Discussions

3.1 Training Accuracy, Testing Accuracy and K-
Fold Accuracy

The Proposed approach worked on two different
datasets.

Dataset 1: Forest Fire Dataset Figure. 2
represents the comparison between the training, testing
and k-fold accuracies for dataset 1. Highest training
accuracy was showed by RF and DT classifiers. RF
model showed highest testing and k-fold accuracy of
95.12% and 96% respectively.

Dataset 2. Cortez-Morais Dataset. Figure. 3
shows the comparison between the training, testing and
k-fold accuracies for dataset 2. Among all classifiers, RF
provided maximum training, testing and k-fold accuracy
of 99.76%, 89.32% and 89.07% respectively.

Data Preprocessing Training Set Testing Set
4
Predicted Value H_\perpa_rameter K -_F?ld C ross
Tuning Validation

Figurel. Proposed System
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Figure 2. Training, Testing and K-fold comparison graph for Dataset 1
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Figure 3. Training, Testing and K-fold comparison graph for Dataset 2

3.2 K-Fold Accuracy and Hyperparameter
Tuning Accuracy

Figure. 4 represents the comparison between
the k-fold and hyperparameter tuning accuracies for
dataset 1. RF provided highest k-fold accuracy of 96%
while lowest accuracy was seen with SVC of 91.50%.
After applying hyperparameter tuning with best estimator
as, C=50, gamma=scale, kernel= rbf, SVC produced an
accuracy of 96.88%, suggesting it to be the best model
whereas DT showed lowest accuracy of 94.38%.
Accuracy details of dataset 1 are mentioned in Table 1

Below fig. 5 shows accuracy comparison on
dataset-2. The detailed analysis is mentioned in Table 2.
Observation showed that RF gives highest k-fold
accuracy of 89.07% while lowest accuracy observed
with SVC of 81.27%. In hyperparameter tuning
accuracy, RF showed 90.48% using the best estimator
as, max_features-sqgrt, 'n_estimators'=100 whereas
KNN showed 87.56% making it the poor model. There
was an improvement in accuracy after applying the
hyperparameter tuning.

3.3 Performance Measure

Receiver Operating Characteristic (ROC-curve)
for datasetl and dataset 2 is shown in Table 3. All
classifiers showed good results on both datasets.
Highest ROC-AUC score of 0.988 for dataset 1 was
shown by LR and RF of 0.9382 for dataset 2.
Corresponding ROC curve analysis is shown in fig 6 & 7
respectively.

Other performance measures i.e., precision,
recall and f1-score values are mentioned in Table 4 and
Table 5 for the dataset 1 and dataset 2 respectively.

RF model worked better on both datasets. For
datasetl, RF provided greatest precision, recall and F1
score value of 96%, 95% and 95% respectively while for
dataset2 precision, recall and F1 score were 90%, 89%
and 89% respectively.

3.4 Comparative Analysis

Table 6 showed comparative analysis with other
researcher’s best models. The proposed work SVC
model was validated on the same dataset. The result
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showed that proposed work SVC model provided better
accuracy of 96.88% in comparison with others.

Figure. 8 represents  the graphical
representations of models.

Similarly Table 7 showed comparative analysis
validated on Cortez-Morais Dataset (dataset 2). The

proposed approach applied on RF model showed best
result in comparison with Sharma and co-workers [25].

Figure. 9 represents the visualization of models
used for validation purpose on dataset 2.
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Figure 4. K-fold and Hyperparameter Accuracy-Dataset 1

Table 1. Accuracy Analysis

Dataset 1 Accuracy
Classifiers Testing | k-fold | Hyperparameter tuning
Logistic Regression 87.80 94.50 | 95.63
Random Forest 95.12 96.00 | 95.63
K Nearest Neighbours 92.68 92.52 | 96.25
Support Vector Classifier | 90.24 91.50 | 96.88
Decision Tree 87.80 95.02 | 94.38
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Figure 5. K-fold and hyper parameter Accuracy-Dataset 2

Table 2. Accuracy Comparison

Dataset 2 Accuracy
Classifiers Testing | k-fold | Hyperparameter tuning
Logistic Regression 78.64 85.17 | 87.80
Random Forest 89.32 89.07 | 90.48
K Nearest Neighbours 82.52 81.49 | 87.56
Support Vector Classifier | 81.55 81.27 | 88.54
Decision Tree 81.55 86.34 | 88.78
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Table 3. ROC-AUC Score for Dataset 1 and Dataset 2

Classifiers ROC-AUC Score
Datasetl Dataset2
RF 0.9808 0.9382
LR 0.9880 0.8897
KNN 0.9282 0.8986
DT 0.9138 0.8930
SVC 0.9856 0.8955
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Figure 6. ROC Curve Analysis for Dataset 1
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Figure 7. ROC Curve Analysis for Dataset 2

Table 4. Performance Measure for Dataset 1

Dataset 1

Classifier | Precision Recall F1 score
LR 89 88 88

RF 96 95 95

KNN 93 93 93

SvC 91 920 90

DT 85 85 85

Int. Res. ]J. Multidiscip. Technovation, 6(1) (2024) 32-39 | 36



Vol 6 Iss 1 Year 2024 Rohini Patil et al., /2024

Table 5. Performance Measure for Dataset 2

Dataset 2

Classifier Precision | Recall F1 score
LR 80 81 80

RF 90 89 89

KNN 84 84 84

SvC 79 80 79

DT 85 84 85

Table 6. Comparative Analysis for Dataset 1

Sr. No. Ref. Best Model Accuracy (%)
1 [8] Extreme Machine Learning 85.42
2 [23] LR 86.9
3 [24] Random Forest Regression 91.2
4 Proposed Work SvC 96.88
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Figure 8. Validation with other researchers — Dataset 1

Table 7. Comparative Analysis for Dataset2

Sr. No | Ref Best Model Accuracy (%)
1 [25] Boosted Decision Tree | 72
2 Proposed Work | RF 90.48
e idation - N
100 Validation - dataset 2
80
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Figure 9. Validation with other researchers — Dataset 2

Int. Res. ]J. Multidiscip. Technovation, 6(1) (2024) 32-39 | 37



Vol 6 Iss 1 Year 2024

Rohini Patil et al., /2024

4. Conclusion

Forest fires or wildfires are the major threats
created by mankind or natural disasters. This leads to
measure losses to our nature as well as the humans.
Predicting these forest fires may help the environment
and humans to protect themselves from the
uncontrollable fires turning each and every bit into
ashes. In this paper, comparative analysis and
prediction tasks helped to get better results.
Comparative analysis helped to get better idea of the
subject and provided better results for the models. The
prediction task using the ML classification techniques
like LR, DT, KNN, SVC and RF helped to outperform
other models implemented before in other research
work. Overall, the current model plans to predict the
forest fire well in advance in a less complex way.
Furthermore, this model may help us to be panic-free
from the last-minute chaos. Further work on increasing
the accuracy and speed of our model is required. Live
predictions or on-site predictions using satellite images
can also be performed. Ensemble approach may be
used for prediction of forest fire.
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