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Abstracts

This study investigates the prediction of crown fires in the United States

using machine learning approaches. Two regression models—Support Vector

Regression (SVR) and Random Forest (RF) models were created and assessed

using historical fire data spanning from 1992 to 2024. The research compared

model performance across different prediction horizons (3-30 days) using two

distinct datasets: a comprehensive historical dataset (1992-2024) and a recent

dataset (2024). Results demonstrate that the SVR model, particularly when

trained on the long-term dataset, achieves superior predictive accuracy with

error ranges typically within ±10 fire events. The study’s findings contribute

to enhanced crown fire prediction capabilities and provide valuable insights

for forest management and fire prevention strategies.
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Introduction

Wildfires, particularly crown fires, represent significant natural disturbances

in forest ecosystems. While wildfires can facilitate vegetation regeneration

and enhance species diversity, they also pose substantial ecological and eco-

nomic risks. Among various wildfire types, crown fires are considered the

most destructive due to their rapid propagation through the forest canopy,

presenting significant challenges for control and suppression.

Crown fires, characterized by combustion in the upper forest canopy, ex-

hibit more complex behavior than surface fires due to vertical fuel distribu-

tion. These fires typically occur under specific environmental conditions, in-

cluding favorable terrain, fuel availability, and meteorological factors. Crown

fires propagate through tree crowns, significantly escalating both the spa-

tial extent and hazard intensity of wildfires. This phenomenon particularly

impacts coniferous forests, generating intense heat convection and radiation,

which poses severe risks to firefighting personnel and nearby communities.

The formation of crown fires depends on multiple interrelated factors, in-

cluding climatic conditions, topographical features, and vegetation charac-

teristics. Key prerequisites include low atmospheric humidity, specific crown

architecture, steep terrain gradients, and accumulated understory fuel. Ad-

ditionally, uniform canopy height distribution, dense crown closure, and con-

sistent wind patterns facilitate crown fire development and propagation.

In 2023, the United States reported 56,580 wildfire incidents [1]. The
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country’s diverse climate zones influence wildfire distribution, with the hu-

mid southern region and arid western regions being particularly susceptible.

Climate change has exacerbated wildfire frequency and intensity, prompting

enhanced monitoring, prediction capabilities, and emergency response proto-

cols from governmental agencies.

Traditional fire prediction models often prove inadequate for capturing

the complex non-linear dynamics of crown fire behavior. Machine learning

techniques offer promising alternatives for improving prediction accuracy.

The object of this research is crown fire.

The problem is studying optimal algorithmic approaches and regression

models for crown fire prediction.

The purpose of this research is developing and evaluating machine

learning regression models for crown fire prediction, utilizing comprehensive

U.S. fire data to identify significant predictive factors and optimal algorithmic

approaches.

The findings aim to enhance forest management practices and

contribute to more effective crown fire mitigation strategies.



Chapter 1

Data Analysis, Problem Statement,

and Research Methods

1.1. Data Analysis

Analysis of United States wildfire data from 1992 to September 9, 2024,

encompasses 951,877 recorded incidents, with crown fires—characterized by

canopy combustion—accounting for 42.98% (137,055 incidents) of total oc-

currences [1].

1.1.1. Dataset Characteristics

The research utilizes two primary datasets:

1. Historical Dataset (1992-2024.9.9):

•Total Records: 951,877

•Crown Fire Incidents: 137,055

2. Recent Dataset (2024.1.1-2024.9.9):

•Total Records: 43,841

•Crown Fire Incidents: 3,875
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Figure 1.1: Distribution of Wildfire Types in the United States (1992-2024)

1.2. Problem Statement

The research addresses three critical challenges:

1. Development of accurate predictive models for crown fire occurrence

using machine learning regression techniques

2. Evaluation of prediction accuracy across multiple temporal ranges (3-30

days)

3. Comparative analysis of historical versus recent data-based predictions

Crown fires, distinguished by their rapid propagation through forest

canopies, represent one of the most destructive forms of wildland fire, causing

extensive ecological degradation, biodiversity loss, and significant economic

impact. Despite recent advancements in fire behavior modeling, current pre-

diction systems demonstrate limitations in addressing the multifaceted nature
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of crown fire dynamics.

1.3. Research Methods

The methodology employs a dual-track approach combining machine

learning algorithms with comprehensive error analysis:

1.3.1. Machine Learning Algorithms

1. Support Vector Regression (SVR)

•Theoretical Framework: Extends Support Vector Machine princi-

ples to regression analysis, optimizing prediction boundaries within

specified margins

•Advantages:

–Performs well in high-dimensional environments

–Efficient in memory usage by utilizing support vectors

–Flexible with various kernel functions

•Limitations:

–Sensitive to feature scaling

–Challenging parameter tuning

–Less efficient for large datasets

2. Random Forest Regression

•Theoretical Framework: Implements ensemble learning through

multiple decision tree integration, generating averaged predictions

•Advantages:

–Handles non-linear relationships well
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–Robust to outliers and noise

–Provides feature importance rankings

•Limitations:

–May overfit on noisy datasets

–Large memory requirements

–Less interpretable than single decision trees

1.3.2. Analysis Framework

Two parallel analytical approaches are implemented:

1. Primary Analysis

•Dataset: Complete historical record (1992-2024)

•Prediction Ranges: 3, 5, 7, 10, 14, 21, and 30 days

arduino

2. Secondary Analysis

•Dataset: Recent data (January-September 2024)

•Identical prediction intervals

Both analyses incorporate comprehensive error assessment protocols, eval-

uating absolute and relative prediction accuracies across all temporal ranges.



Chapter 2

Basic definitions, terminology, facts

2.1. Crown Fire

Definition 2.1. Crown fires represent a distinct category of wildland

fire characterized by combustion propagation through forest canopies. Dis-

tinguished from ground-level fires, these events demonstrate rapid vertical

and horizontal spread patterns, significantly complicating suppression efforts.

Key Characteristics:

• Propagation Velocity: Exhibits accelerated spread rates through canopy

layers, influenced by atmospheric conditions and forest structure

• Thermal Intensity: Generates substantially higher energy release com-

pared to surface fires, resulting in complete canopy consumption

• Operational Challenges: Vertical fire progression and complex fire be-

havior patterns present significant suppression difficulties

2.2. Primary Regression Methodologies

Definition 2.2. Machine Learning Regression Frameworks Machine learn-

ing regression frameworks comprise algorithmic approaches designed for con-
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tinuous variable prediction based on multidimensional feature sets. These

frameworks establish mathematical relationships between dependent and in-

dependent variables to generate predictive models.

2.2.1. Support Vector Regression

• Theoretical Framework: Extends Support Vector Machine principles to

regression analysis, optimizing prediction boundaries within specified

margins.

• Application Domain: Particularly effective for non-linear data relation-

ships through kernel function implementation.

The foundational theory was first established by Vladimir N. Vapnik and

Alexey Ya. Chervonenkis in 1963 [2]. The modern SVM algorithm was

later introduced by Vapnik along with Bernhard Boser and Isabelle Guyon in

1992 [3], which then led to the development of SVR as an extension of SVM

principles for regression problems.

2.2.2. Random Forest Regression

• Methodological Approach: Implements ensemble learning through mul-

tiple decision tree integration, generating averaged predictions

• Performance Characteristics: Demonstrates robust predictive accuracy

with high-dimensional datasets

This method was invented and trademarked by Leo Breiman and Adele Cutler

[4]. The formal introduction of Random Forests was presented in Breiman’s

seminal 2001 paper [5], which laid out the fundamental methodology for both

classification and regression tasks.
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2.3. Error Analysis Metrics

Definition 2.3. In the context of model evaluation and data analysis, we

examine two fundamental metrics: absolute error and relative error.

2.3.1. Absolute Error

The absolute error quantifies the magnitude of deviation between the ac-

tual and predicted values in absolute terms. It is defined as:

∆a ≥ |A− a| (2.1)

a−∆a ≤ A ≤ a+∆a (2.2)

A = a±∆a (2.3)

In this context, A stands for the true value, a indicates the estimated value,

and ∆a represents the absolute error.

(Mean Absolute Error)MAE

MAE =
1

n

n∑
k=1

|yk − pk| (2.4)

Definition 2.4. In this equation, yk refers to the true value, pk denotes

the forecasted value, and n represents the total number of observations.

Correlation with Absolute Error MAE is an extension of absolute

error that specifically calculates the mean absolute deviation across multi-

ple observations.MAE provides an overall performance assessment, whereas

absolute error is a measure of individual predictions.
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(Root Mean Square Error)RMSE

RMSE =

√√√√1

n

n∑
k=1

(yk − pk)2 (2.5)

Definition 2.5. In this context, n represents the total number of obser-

vations, yk indicates the true value, and pk refers to the predicted value.

Correlation with Absolute Error

The connection between RMSE and absolute error lies in the fact that

RMSE is calculated as the square root of the mean of the squared abso-

lute errors across all observations. Both metrics are utilized to evaluate the

predictive accuracy of the model, the RMSE is more sensitive to larger er-

rors because it squares the error in its calculation. This means that RMSE

may increase significantly in the presence of outliers, whereas absolute error

provides a more robust measure.

2.3.2. Relative Error

Definition 2.6. The relative error provides a normalized measure of the

deviation, expressing the absolute error as a proportion of the reference value.

It is mathematically expressed as:

δa =
|A− a|
|a|

(2.6)

δa =
∆a

|a|
(2.7)

where δ a represents the relative error, providing a dimensionless measure of

accuracy.

These metrics are particularly valuable in model evaluation scenarios, such

as comparing August 30 actual data with model-generated predictions. The
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absolute error provides direct magnitude of discrepancy, while the relative

error offers a scale-independent measure of model accuracy.

MAPE (Mean Absolute Percentage Error)

Definition 2.7. MAPE (Mean Absolute Percentage Error) quantifies the

relative error between predicted and actual values. It is calculated by deter-

mining the absolute error for each predicted value in relation to the actual

value, expressed as a percentage, and then averaging these percentages. The

formula for MAPE is as follows:

MAPE =
1

n

n∑
k=1

∣∣∣∣yk − pk
yk

∣∣∣∣× 100 (2.8)

Definition 2.8. where n is the number of observations, yk is the actual

value, and pk is the predicted value.

Correlation of MAPE with relative error

MAPE can be considered a special case of relative error, which focuses on

the mean of the absolute error and expresses it as a percentage of the actual

value. Both metrics are employed to evaluate the predictive performance

of a model, but MAPE provides a more intuitive way to understand the

magnitude of the error as it is presented as a percentage.

2.4. U.S. National Wildfire Database

Definition 2.9. Description: Comprehensive wildfire incident documen-

tation including crown fire historical records

Access Protocol: Available through download CSV file.’American Crown

Fire1992-2024.9.9.csv’ and ’American Crown Fire2024.1.1-2024.9.9.csv’ [6]
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Main results

3.1. Research Code

1 import pandas as pd

2 import numpy as np

3 from sklearn.ensemble import RandomForestRegressor

4 from sklearn.svm import SVR

5 from sklearn.preprocessing import StandardScaler

6 from sklearn.metrics import mean_squared_error, r2_score, mean_absolute_error

7 import matplotlib.pyplot as plt

8 from datetime import datetime, timedelta

9

10 # Load the data

11 df_1992 = pd.read_csv('American Crown Fire1992-2024.9.9.csv')

12 df_2024 = pd.read_csv('American Crown Fire2024.1.1-2024.9.9.csv')

13

14 # Data preprocessing function

15 def prepare_data(df):

16 df['Date'] = pd.to_datetime(df['Fire Discovery Date Time'])

17 df['Date'] = df['Date'].dt.date

18 daily_fires = df.groupby('Date').size().reset_index()

19 daily_fires.columns = ['Date', 'Fires']

20 daily_fires['Date'] = pd.to_datetime(daily_fires['Date'])

21 daily_fires['Day'] = daily_fires['Date'].dt.day

16
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22 daily_fires['Month'] = daily_fires['Date'].dt.month

23 daily_fires['Year'] = daily_fires['Date'].dt.year

24 return daily_fires

25

26 # Function to prepare train and test data

27 def prepare_train_test(df, test_start_date, prediction_days):

28 test_start = pd.to_datetime(test_start_date)

29 test_end = test_start + timedelta(days=prediction_days-1)

30 train_data = df[df['Date'] < test_start]

31 test_data = df[(df['Date'] >= test_start) & (df['Date'] <= test_end)]

32 X_train = train_data[['Day', 'Month', 'Year']].values

33 y_train = train_data['Fires'].values

34 X_test = test_data[['Day', 'Month', 'Year']].values

35 y_test = test_data['Fires'].values

36 return X_train, X_test, y_train, y_test, test_data['Date']

37

38 # Function to calculate evaluation metrics

39 def calculate_metrics(y_true, y_pred):

40 mse = mean_squared_error(y_true, y_pred)

41 rmse = np.sqrt(mse)

42 mae = mean_absolute_error(y_true, y_pred)

43 r2 = r2_score(y_true, y_pred)

44 mape = np.mean(np.abs((y_true - y_pred) / y_true)) * 100

45 return {'MSE': mse, 'RMSE': rmse, 'MAE': mae, 'R2': r2, 'MAPE': mape}

46

47 # Preprocess the data

48 df_1992_processed = prepare_data(df_1992)

49 df_2024_processed = prepare_data(df_2024)

50

51 # Define the prediction periods

52 prediction_periods = [3, 5, 7, 10, 14, 21, 30]

53 start_date = '2024-08-01'

54

55 # Store all the results

56 results = []

57



18

58 # Make predictions for each prediction period

59 for days in prediction_periods:

60 X_train_1992, X_test_1992, y_train_1992, y_test_1992, test_dates_1992 =

prepare_train_test(df_1992_processed, start_date, days)↪→

61 X_train_2024, X_test_2024, y_train_2024, y_test_2024, test_dates_2024 =

prepare_train_test(df_2024_processed, start_date, days)↪→

62 scaler = StandardScaler()

63 X_train_1992_scaled = scaler.fit_transform(X_train_1992)

64 X_test_1992_scaled = scaler.transform(X_test_1992)

65 X_train_2024_scaled = scaler.fit_transform(X_train_2024)

66 X_test_2024_scaled = scaler.transform(X_test_2024)

67

68 models = {

69 'RF_1992': RandomForestRegressor(n_estimators=100, random_state=42),

70 'SVR_1992': SVR(kernel='rbf'),

71 'RF_2024': RandomForestRegressor(n_estimators=100, random_state=42),

72 'SVR_2024': SVR(kernel='rbf')

73 }

74

75 predictions = {}

76 metrics = {}

77

78 models['RF_1992'].fit(X_train_1992_scaled, y_train_1992)

79 models['SVR_1992'].fit(X_train_1992_scaled, y_train_1992)

80 predictions['RF_1992'] = models['RF_1992'].predict(X_test_1992_scaled)

81 predictions['SVR_1992'] = models['SVR_1992'].predict(X_test_1992_scaled)

82

83 models['RF_2024'].fit(X_train_2024_scaled, y_train_2024)

84 models['SVR_2024'].fit(X_train_2024_scaled, y_train_2024)

85 predictions['RF_2024'] = models['RF_2024'].predict(X_test_2024_scaled)

86 predictions['SVR_2024'] = models['SVR_2024'].predict(X_test_2024_scaled)

87

88 metrics['RF_1992'] = calculate_metrics(y_test_1992, predictions['RF_1992'])

89 metrics['SVR_1992'] = calculate_metrics(y_test_1992, predictions['SVR_1992'])

90 metrics['RF_2024'] = calculate_metrics(y_test_2024, predictions['RF_2024'])

91 metrics['SVR_2024'] = calculate_metrics(y_test_2024, predictions['SVR_2024'])
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92

93 for model_name, metric in metrics.items():

94 results.append({

95 'Days': days,

96 'Model': model_name,

97 'MSE': metric['MSE'],

98 'RMSE': metric['RMSE'],

99 'MAE': metric['MAE'],

100 'R2': metric['R2'],

101 'MAPE': metric['MAPE']

102 })

103

104 plt.figure(figsize=(15, 10))

105

106 plt.subplot(2, 1, 1)

107 plt.plot(test_dates_1992, y_test_1992, label='Actual', marker='o')

108 plt.plot(test_dates_1992, predictions['RF_1992'], label='Random Forest', marker='s')

109 plt.plot(test_dates_1992, predictions['SVR_1992'], label='SVR', marker='^')

110 plt.title(f'Predictions using 1992-2024 Dataset ({days} days)')

111 plt.xlabel('Date')

112 plt.ylabel('Number of Fires')

113 plt.legend()

114 plt.grid(True)

115

116 plt.subplot(2, 1, 2)

117 plt.plot(test_dates_2024, y_test_2024, label='Actual', marker='o')

118 plt.plot(test_dates_2024, predictions['RF_2024'], label='Random Forest', marker='s')

119 plt.plot(test_dates_2024, predictions['SVR_2024'], label='SVR', marker='^')

120 plt.title(f'Predictions using 2024 Dataset ({days} days)')

121 plt.xlabel('Date')

122 plt.ylabel('Number of Fires')

123 plt.legend()

124 plt.grid(True)

125

126 plt.tight_layout()

127 plt.savefig(f'prediction_results_{days}days.png')
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128 plt.close()

129

130 results_df = pd.DataFrame(results)

131 results_df.to_csv('prediction_results.csv', index=False)

132

133 print("\nDetailed Analysis of Results:")

134 print("===========================")

135

136 for days in prediction_periods:

137 period_results = results_df[results_df['Days'] == days]

138 print(f"\nPrediction Period: {days} days")

139 print("---------------------------")

140 for model in ['RF_1992', 'SVR_1992', 'RF_2024', 'SVR_2024']:

141 model_results = period_results[period_results['Model'] == model]

142 print(f"\n{model}:")

143 print(f"RMSE: {model_results['RMSE'].values[0]:.2f}")

144 print(f"MAE: {model_results['MAE'].values[0]:.2f}")

145 print(f"R2 Score: {model_results['R2'].values[0]:.2f}")

146 print(f"MAPE: {model_results['MAPE'].values[0]:.2f}%")

147

148 best_model_rmse = results_df.groupby('Model')['RMSE'].mean().idxmin()

149 best_model_mae = results_df.groupby('Model')['MAE'].mean().idxmin()

150 best_model_r2 = results_df.groupby('Model')['R2'].mean().idxmax()

151 best_model_mape = results_df.groupby('Model')['MAPE'].mean().idxmin()

152

153 print("\nOverall Best Performing Models:")

154 print("=============================")

155 print(f"Best model by RMSE: {best_model_rmse}")

156 print(f"Best model by MAE: {best_model_mae}")

157 print(f"Best model by R2 Score: {best_model_r2}")

158 print(f"Best model by MAPE: {best_model_mape}")

159

160 print("\nEvaluation Metrics Explanation:")

161 print("============================")

162 print("RMSE (Root Mean Square Error):")

163 print("- Measures the standard deviation of prediction errors")
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164 print("- Lower values indicate better performance")

165 print("- Penalizes larger errors more heavily")

166

167 print("\nMAE (Mean Absolute Error):")

168 print("- Average absolute difference between predicted and actual values")

169 print("- More robust to outliers than RMSE")

170 print("- Easier to interpret as it's in the same units as the target variable")

171

172 print("\nR² Score:")

173 print("- Indicates how well the model explains the variance in the data")

174 print("- Ranges from 0 to 1, where 1 indicates perfect prediction")

175 print("- Can be negative if the model performs worse than a horizontal line")

176

177 print("\nMAPE (Mean Absolute Percentage Error):")

178 print("- Shows error as a percentage of actual values")

179 print("- Useful for comparing predictions across different scales")

180 print("- Lower values indicate better performance")

The code implements a structured approach to analyze and predict crown fi-

res using historical data from 1992 to 2024 and a 2024-specific dataset. The data

is preprocessed to aggregate daily fire counts and extract temporal features.

Training and testing sets are prepared for various prediction horizons (3 to

30 days). Two machine learning models, the Random Forest Regressor and

the Support Vector Regressor, are trained and assessed using various metrics,

including MSE, RMSE, MAE, R², and MAPE. The results are then visualized

and organized into a CSV file, identifying the best-performing models for each

prediction period.

3.2. Running Result

Below are the graphs plotted through the predicted results, using two algori-

thms and two training sets, respectively.
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Рис. 3.1: 3-day forecast

Рис. 3.2: 5-day forecast
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Рис. 3.3: 7-day forecast

Рис. 3.4: 10-day forecast
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Рис. 3.5: 14-day forecast

Рис. 3.6: 21-day forecast
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Рис. 3.7: 30-day forecast
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Days Model MSE RMSE MAE R2 MAPE

3 RF_1992 705.0509 26.55279 21.4 -8.58528 158.7756

3 SVR_1992 70.5305 8.398244 7.420701 0.041126 40.61207

3 RF_2024 182.6728 13.51565 12.30333 -1.48347 81.20549

3 SVR_2024 132.3664 11.50506 9.566623 -0.79954 38.73793

5 RF_1992 708.3838 26.61548 20.482 -0.30891 105.042

5 SVR_1992 798.4162 28.25626 20.12922 -0.47527 48.99114

5 RF_2024 703.5149 26.52386 21.842 -0.29992 72.37924

5 SVR_2024 1050.646 32.41367 23.95139 -0.94133 52.55568

7 RF_1992 542.6065 23.29392 17.83429 -0.29646 81.49496

7 SVR_1992 795.748 28.209 22.40189 -0.90129 51.20151

7 RF_2024 738.3485 27.17257 23.80143 -0.76414 68.2745

7 SVR_2024 1088.116 32.9866 26.92827 -1.59985 57.37651

10 RF_1992 443.9847 21.07094 16.358 -0.24841 69.84774

10 SVR_1992 615.2451 24.80413 18.46282 -0.72997 42.79862

10 RF_2024 661.3356 25.71645 22.01 -0.85956 63.47606

10 SVR_2024 856.3686 29.26378 23.01203 -1.40796 52.00033

14 RF_1992 384.2168 19.60145 15.47286 -0.34907 62.35546

14 SVR_1992 478.6181 21.87734 15.52539 -0.68054 36.85611

14 RF_2024 571.1474 23.89869 19.55357 -1.00543 57.17665

14 SVR_2024 678.3855 26.04583 19.98078 -1.38196 47.55761

21 RF_1992 366.4386 19.14259 15.17667 -0.60085 56.73204

21 SVR_1992 446.3847 21.12782 15.85406 -0.95011 37.51823

21 RF_2024 412.3562 20.30656 15.58619 -0.80145 44.46293

21 SVR_2024 597.1448 24.43655 19.2994 -1.60873 45.94871

30 RF_1992 470.046 21.68054 16.965 -0.86688 87.01766

30 SVR_1992 331.5525 18.20858 13.29722 -0.31682 41.14419

30 RF_2024 547.5267 23.39929 17.853 -1.1746 80.17302

30 SVR_2024 437.6739 20.92066 15.76131 -0.7383 47.68085



Conclusions

1. Comparison of Model Performance

• The Support Vector Regression (SVR) model outperforms the Random

Forest (RF) model across all assessment metrics.

• The SVR model (SVR_1992) based on the 1992-2024 dataset exhibits the

best predictive performance.

• The RF model demonstrates greater predictive volatility, particularly in

extreme value predictions.

2. Prediction Error Analyses

• The SVR model is more stable in its predictions, with an error range

typically within ±10 fire events.

• The RF model shows significant over-prediction, with a maximum error of

up to 60 fire events.

• On special dates, such as August 25, both models exhibit large prediction

deviations.

3. Influence of Datasets

• Models trained on the long-term dataset (1992-2024) generally outperform

those trained on the short-term dataset.

27
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• The short-term dataset shows a relative advantage in predictions for

certain specific dates.

The prediction model utilizing the SVR algorithm demonstrates strong

performance in forecasting crown fires in the United States.Despite certain limi-

tations, the method has good application prospects through model optimisation

and data enhancement. It is recommended that the SVR model based on long-

term data be used in practical applications and combined with multi-source

data for integrated prediction.
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