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Abstract— The increase in forest fires poses a 
significant risk due to its impact on underground 
dryness, which can cause long-term environmental 
damage and challenge fire suppression efforts. This 
research aims to develop a prediction model for 
underground drought levels in the context of forest 
fires using machine learning techniques. The 
methodology used in this research follows the CRISP-
DM (Cross-Industry Standard Process for Data 
Mining) framework, which includes the stages of 
business understanding, data understanding, data 
preparation, modeling, evaluation, and deployment. 
This study analyzes a forest fire dataset, applies 
encoder labels to transform categorical variables, 
and uses linear regression and random forest models 
to predict underground drought levels. The goal is to 
create a predictive model that can help inform 
wildfire risk management strategies by anticipating 
underground drought levels. The results showed that 
the random forest model achieved higher prediction 
accuracy than the linear regression, with an R-
squared value of 0.97. This suggests that the random 
forest model is a more robust tool for predicting 
underground drought levels, providing valuable 
insights for forest fire management. This research 
contributes to the understanding of underground 
drought levels, aiding the development of effective 
wildfire risk management strategies.  

 
Keywords: forest fire, linear regression, machine 
learning,  random forest, underground drought.  

 
Intisari— Peningkatan kebakaran hutan 
menimbulkan risiko yang signifikan karena 
dampaknya terhadap kekeringan bawah tanah, 
yang dapat menyebabkan kerusakan lingkungan 
dalam jangka panjang dan menantang upaya 
pemadaman kebakaran. Penelitian ini bertujuan 
untuk mengembangkan model prediksi tingkat 

kekeringan bawah tanah dalam konteks kebakaran 
hutan dengan menggunakan teknik pembelajaran 
mesin. Metodologi yang digunakan dalam penelitian 
ini mengikuti kerangka CRISP-DM (Cross-Industry 
Standard Process for Data Mining), yang mencakup 
tahap pemahaman bisnis, pemahaman data, 
persiapan data, pemodelan, evaluasi, dan 
deployment. Penelitian ini menganalisis dataset 
kebakaran hutan, menerapkan label encoder untuk 
mengubah variabel kategorikal, dan menggunakan 
regresi linier serta model hutan acak untuk 
memprediksi tingkat kekeringan bawah tanah. 
Tujuannya adalah untuk membuat model prediktif 
yang dapat membantu menginformasikan strategi 
manajemen risiko kebakaran hutan dengan 
mengantisipasi tingkat kekeringan bawah tanah. 
Hasil penelitian menunjukkan bahwa model hutan 
acak mencapai akurasi prediksi yang lebih tinggi 
dibandingkan dengan regresi linier, dengan nilai R-
squared sebesar 0,97. Hal ini menunjukkan bahwa 
model hutan acak merupakan alat yang lebih kuat 
untuk memprediksi tingkat kekeringan bawah 
tanah, sehingga dapat memberikan wawasan yang 
berharga untuk manajemen kebakaran hutan. 
Penelitian ini berkontribusi pada pemahaman 
tingkat kekeringan bawah tanah, membantu 
pengembangan strategi manajemen risiko 
kebakaran hutan yang efektif.  
 
Kata Kunci: kebakaran hutan, regresi linier, 
pembelajaran mesin, hutan acak, kekeringan bawah 
tanah. 
 

INTRODUCTION 
 

The increasing frequency and severity of 
forest fires have become a global concern due to 
their environmental, social, and economic 
implications (Narita et al. 2021) (Kala, 2023). Forest 
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fires not only result in the immediate destruction of 
flora and fauna but also contribute to long-term 
environmental challenges, such as soil degradation 
and increased risk of drought (Peñuelas and 
Sardans 2021). In recent years, there has been a 
growing need for accurate models that can predict 
the impact of forest fires on underground moisture 
levels, specifically in the context of soil dryness or 
low water content in the deep soil layers. The 
research focuses on understanding the intricate 
relationship between forest fires and subsoil 
moisture levels. Previous studies have highlighted 
the connection between fire-induced changes in 
vegetation and subsequent alterations in soil 
moisture (Romano and Ursino, 2020). However, 
existing models often lack precision, especially 
when considering the dynamic and multifaceted 
nature of forest ecosystems. This study employs 
advanced machine learning techniques to develop a 
predictive model for subsoil moisture levels 
following forest fires. The dataset includes a 
comprehensive analysis of various factors, such as 
weather conditions, vegetation types, and fire 
characteristics. The application of label encoding 
enhances the dataset's suitability for machine 
learning algorithms (Mallikharjuna et al. 2023) 
(Alamsyah et al. 2023). Two prominent regression 
models, namely linear regression and random forest 
regression, are utilized for their efficacy in 
capturing complex relationships within ecological 
systems. The literature review reveals a scarcity of 
studies addressing the specific nexus between 
forest fires and subsoil moisture levels. While 
several studies have explored the broader impacts 
of forest fires on ecosystems, the intricate dynamics 
of soil moisture, especially in deep layers, remain 
understudied (Rogers et al. 2020). Existing research 
emphasizes the importance of accurate prediction 
models to inform risk management strategies and 
enhance our understanding of post-fire 
environmental conditions (Zhao et al. 2024) 
(Parente et al. 2022).  This research contributes 
novelty by addressing the critical gap in 
understanding the post-fire impacts on subsoil 
moisture. The incorporation of machine learning 
techniques provides a more nuanced approach, 
enabling precise predictions in a complex ecological 
scenario (Chen et al. 2023). The study's novelty lies 
in its potential to offer valuable insights for forest 
management practices and risk mitigation 
strategies, particularly in regions prone to frequent 
forest fires.  The primary objectives of this study are 
twofold: first, to develop an accurate predictive 
model for subsoil moisture levels following forest 
fires, and second, to compare the performance of 
linear regression and random forest regression 
models in this specific context. By achieving these 
objectives, the research aims to enhance our ability 

to predict and manage the post-fire ecological 
consequences, ultimately contributing to more 
effective forest conservation and risk mitigation 
efforts.  
 

MATERIALS AND METHODS 
 

The dataset used in this research is sourced 
from the kaggle portal. The dataset we use has 13 
features, where we present an explanation of the 
features in Table 1. Dataset Feature Description. 

 
Table 1. Dataset Feature Description 

No Features Description 
1 x and y This is a spatial coordinate that 

indicates the location of the forest 
fire. This variable helps in 
determining the geographical 
position where the fire occurred. 

2 month Indicates the month when the 
forest fire occurred. This variable 
provides information about the 
season or weather conditions that 
may affect the level of drought. 

3 day Represents the day of the week 
when a forest fire occurred. This 
variable provides more detailed 
information about the pattern of 
forest fires throughout the week. 

4 ffmc (Fine 
Fuel 
Moisture 
Code) 

Fine fuel moisture code. This is an 
indicator of the dryness of fine fuels 
such as litter and grass. The higher 
the ffmc value, the drier the fine 
fuel. 

5 dmc (Duff 
Moisture 
Code) 

Decomposed fuel moisture code. 
Measures the dryness of larger fuel 
layers such as debris and twigs. 
High values indicate significant fuel 
dryness. 

6 dc 
(Drought 
Code) 

Dryness code. Measures the 
dryness of deeper fuel layers, 
covering accumulated dryness 
from long periods. High dc values 
indicate severe dryness conditions. 

7 isi (Initial 
Spread 
Index) 

Initial spread index. Indicates the 
potential speed of fire spread 
during a new fire. The higher the 
content value, the faster the fire can 
spread. 

8 temp Air temperature at the time of the 
fire. This variable provides an 
overview of the thermal conditions 
at the scene. 

9 rh 
(Relative 
Humidity) 

Relative humidity of the air at the 
time of the fire. Low relative 
humidity can increase the potential 
for fire. 

10 wind Wind speed at the time of the fire. 
Wind speed can affect how fast a 
fire spreads. 

12 rain The amount of rain recorded at the 
time of the fire. This variable 
provides information on rainfall 
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No Features Description 
conditions that can affect drought 
levels. 

13 area It is the area burnt in hectares. It is 
the target variable to be predicted 
using the regression model. 

Source: (Research Results, 2024) 
 
The method we used in this study is 

presented in Figure 1. In the first step we collected 
data from the Kaggle portal, then in the second step 

we preprocessed the data which consisted of 
checking for missing values and data duplication 
(Putrada et al. 2023). In the data we collected we did 
not encounter any missing values and no 
duplication of data. In step three we conducted 
exploratory data analysis (EDA). In this step we 
performed visualization related to the dataset we 
used.  

 
 

 
Source: (Research Results, 2024) 

Figure 1. Proposed Method 
 

We use graph visualization to make it easy to 
analyze before we train using a comparison of linear 
regression and random forest regression machine 
learning models (Alamsyah et al. 2023) (Kansal et 
al. 2023).  Firstly we explored the data related to the 
number of forest fires per day, Figure 2 shows that 
Sunday had the most forest fires with 95 forest fires. 

 
Source: (Research Results, 2024) 

Figure 2: Number of forest fires per day 
 
We then analyzed the forest fires by month, 

as shown in Figure 3. Our results show that August 
had the most forest fires, with 184. 

 
Source: (Research Results, 2024) 

Figure 3: Number of forest fires per month 

After that, we also conducted an analysis 
related to the location of frequent forest fires as we 
presented in Figure 4. The result is that the location 
with coordinates (8,6) has the most frequent forest 
fires, which is 52. 

 
Source: (Research Results, 2024) 

Figure 4: Ranking of forest fires locations 
 
After conducting exploratory data analysis 

(EDA), we continued our research by comparing 2 
machine learning regression models, namely linear 
regression and random forest models.  We present 
the linear regression formula as below formula 1 
(Öztürk and Başar 2022). 

 

𝑌 =  𝛼 +  𝛽𝑋            (1) 

 
Where: 
 
𝑌 : the dependent variable 
X : the independent variable 
α : the intercept 
β : the regression coefficient 
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Meanwhile, we present the formula of random 
forest in formula 2. (Putrada, Alamsyah, Oktaviani, 
et al. 2023) 
 

Y = ∑ hi(X)
n
i=1⏟      

Output of several decision trees

             (2) 

 
Where: 
 
𝑌 : the dependent variable to be predicted 
h (X) : the function used to predict the dependent 
variable. The function h(X) is a combination of the 
results from several decision trees. 
n : the number of decision trees used. 
hi(X) : the result of the i-th decision tree. 
 

The working process of random forest can be 
divided into two stages, namely: 
1. Decision tree formation 

In this stage, n decision trees are trained on 
different data sets. The data set used to train 
each decision tree is randomly selected from 
the original data set (Putrada et al. 2023) . 

2. Processing of new data 
In this stage, the function h (X) is used to 
predict the dependent variable from the new 
data. The function h (X) is the sum of the 
results of n decision trees (Dami and 
Yahaghizadeh, 2021). 
 
After training and testing with machine 

learning mode, we evaluate using Mean Absolute 
Error (MAE), Mean Squared Error (MSE), Root Mean 
Squared Error (RMSE) and R-squared (R2). We 
present the MAE formula in formula 3, the MSE 
formula in formula 4, the RMSE formula in formula 
5 and the R2 formula in formula 6. 
 

MAE =
∑ |yi−yî|
n
i=1

n
               (3) 

 
MAE is the average of the absolute values of the 
difference between the true value 𝑦𝑖  and the 
predicted value 𝑦�̂�. 
 

MSE =
∑ (yi−yî)

2n
i=1

n
              (4) 

 
MSE is the average of the squares of the difference 
between the true value 𝑦𝑖  and the predicted value 𝑦�̂�. 

 

RMSE = √MSE              (5) 
 
RMSE is the square root of MSE 
 

R2 = 1 −
∑ (yi−yî)

2n
i=1

∑ (yi−y̅)
2n

i=1

              (6) 

 
R Squared is the squared measure of the correlation 
between the true value 𝑦𝑖  and the predicted value 𝑦�̂�. 
 

RESULTS AND DISCUSSION 
 
Analysis of the results showed significant 

differences between the performance of the two 
machine learning models used in this study, namely 
Linear Regression and Random Forest Regressor. 
The model evaluation resulted in an interesting 
comparison. The Random Forest Regressor model 
consistently showed better performance than 
Linear Regression. In Table 2 we present the 
comparative results of the performance of the linear 
regression model and the random forest model. In 
Table 2 we present the comparative results of the 
performance of the linear regression model and the 
random forest model. The model performance that 
we compare is the MSE, RMSE and R2 results. 
 

Table 2 Results of model performance 
Model Mean 

Absolute 
Error 
(MAE) 

Mean 
Squared 
Error 
(MSE) 

Root 
Mean 
Squared 
Error 
(RMSE) 

R2 

Linear 
Regression 

130.36 26446.93 162.63 0.55 

Random 
Forest 
Regressor 

23.77 1713.07 41.39 0.97 

Source: (Research Results, 2024) 
 

In the context of Mean Absolute Error (MAE), 
the Random Forest Regressor shows a very low 
value of 23.77, while the Linear Regression has a 
much higher MAE of 130.36. These results illustrate 
that the Random Forest Regressor is able to provide 
an estimate of the drought level in the subsoil with 
a lower error rate. The comparison is also 
strengthened by the Mean Squared Error (MSE), 
where the Random Forest Regressor reaches a 
value of 1713.07, much lower than the Linear 
Regression which has an MSE of 26446.93. This 
means that the Random Forest Regressor model is 
able to significantly reduce prediction errors. 

This is also reflected in the Root Mean 
Squared Error (RMSE), where the Random Forest 
Regressor shows a lower prediction error rate 
(41.39) than the Linear Regression (162.63). This 
confirms that the Random Forest Regressor model 
is closer to the true value in predicting drought 
levels. R-squared (R^2) as an indicator of how well 
the model can explain variations in the data, shows 
the superiority of the Random Forest Regressor 
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with a value of 0.97, while the Linear Regression 
only reaches 0.55. 

The results of this comparison make an 
important contribution to this research by showing 
that the Random Forest Regressor has better 
predictive ability than the Linear Regression in the 
context of predicting drought levels in the subsoil 
based on the dataset used. This finding is consistent 
with theory and similar research, confirming the 
reliability of the Random Forest Regressor in 
overcoming data complexity and variability. 

In these discussions, the results of the 
analyses are explored to provide an in-depth 
understanding of their significance. Comparison of 
the results with related theories and similar 
research is the main focus. Evaluation of Linear 
Regression and Random Forest Regressor models 
showed significant differences. The results of 
research conducted by (Lee, Wang, and Leblon, 
2020) which compared several models including 
linear regression models with random forest 
resulted in random forest performance being the 
best, namely R2 of 0.85 and Root Mean Square Error 
(RMSE) of 4.52. However, there is also research 
conducted by (Dang and Nguyen, 2022) who 
conducted a hybrid of the Decision Tree and 
Multiple Linear Regression models that can 
improve the evaluation results of the linear 
regression model performance. Thus, this study not 
only contributes to the performance level of the 
model, but also provides a strong perspective on the 
application of model-machine learning to drought 
prediction in the subsoil. 
 

CONCLUSION 
 
Thus, the conclusion of this study confirms 

that the use of machine learning models, especially 
Linear Regression and Random Forest, can provide 
accurate predictions of drought levels. The results 
of this study support the hypothesis that machine 
learning models, particularly Random Forest, can 
provide accurate predictions of drought levels in the 
context of forest fires. Our findings indicate that 
Random Forest significantly outperforms Linear 
Regression in terms of MAE, MSE, RMSE, and R-
squared values, confirming its superiority in 
handling data with complexity and non-linearity. 
The Random Forest model achieved an R-squared 
value of 0.97, indicating a strong correlation with 
the observed drought levels, while the Linear 
Regression model achieved an R-squared value of 
0.85. Additionally, the Random Forest model had 
lower MAE, MSE, and RMSE. These results suggest 
that Random Forest can be a valuable tool for 
predicting drought levels, which is critical for forest 
fire risk mitigation. Future studies could expand the 
model by incorporating additional variables, such as 

weather patterns or soil composition, and by 
validating the model across various geographic 
regions to ensure its robustness and reliability in 
different contexts. 
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