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Abstract 

Frequent wildfires have a growing negative impact on Los Angeles. Understanding the 

driving factors of wildfire disasters positively impacts predicting and preventing potential 

wildfire risk. 

From June to September every year, wildfire disasters frequently occur in the United 

States. Each wildfire event is associated with human or climatic factors. This paper 

compares the wildfire prediction ability of two different methods: Logistic Regression 

(LR) and Random Forest (RF), to determine the main structural factors that explain the 

possibility of fire in Los Angeles National Forest Park. Natural environmental factors and 

human social activities are considered essential predictors of fire. The prime natural 

drivers are natural resource location, climatic conditions, and topographic factors. With 

the rapid development of society, human activity has become an essential driving factor 

of wildfire. All samples were randomly divided into training samples, test samples, and 

validation sets. 

The results show that the RF model in the machine learning method is more scientific and 

effective in wildfire risk prediction. The RF model (area under the curve is 89%) 

provides higher prediction accuracy than the LR model (area under the curve is 81%) and 

ranks the importance of the factors. The results of the RF model show the spatial 

distribution of the high-risk regions for wildfire, which allows for a more efficient 

allocation of fire resources in the park. 

Keywords: Los Angeles National Forest Park; Logistic Regression; Random Forest; 

wildfire drivers; Receiver Operating Characteristic curve. 
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Chapter 1: Introduction 

1.1 Background 

Forest resources are valuable natural assets that are extremely important for promoting 

sustainable economic and social development. Wildfires have caused direct and indirect 

losses to the ecological environment and human property in the past decades. Millions of 

hectares of forest and buildings were burned down. Effective prevention and control of 

fire require scientific methods and the joint efforts of self-disciplined people. 

Forests cover 35% of the land in the United States (Forests of the United States, 2021). 

Over the past 20 years, an average of 6 million hectares of forest resources in the United 

States have been burned by wildfires (Fire Information). One hectare is equal to the area 

of two football fields. The loss of 6 million hectares of forest resources is an alarming 

number. This causes economic losses and has a tremendous negative impact on the 

environment. 

Forests provide habitat for wildlife and play a vital role in regulating the global 

ecosystem. Climate-induced Arctic warming intensifies the frequency of wildfires in the 

fire season, resulting in more biomass burning and more carbon emissions into the 

atmosphere. In addition, the quality and area of water resources will also be significantly 

negatively affected (Coogan, Robinne, Jain, and Flannigan, 2019). However, the burning 

of a large forest area harms the global climate and has caused substantial economic losses 

to people. 

In the western United States, the urbanization of forested areas is developing rapidly, 

which leads to a rapid expansion of wildfire risk and damage from wildfires. According 
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to the survey, fires caused by human factors may also occur near communities, so 

increasing population density is likely to increase wildfire activities. According to British 

Columbia official data, 825 wildfires were caused by human factors and natural factors in 

the past year, burning more than 2,0000 hectares of land (Wildfire Service, 2020). 

Fortunately, many scholars have found that geographic information system (GIS) can 

contribute to fire prevention. According to scholars’ articles, the system’s operation 

needs a lot of preparatory work and the collection of complex forest information. Then 

enter the computer’s database. Finally, the ArcGIS tool analyzes and calculates the data, 

and the fire risk area and loss assessment results are obtained. 

With the development of computer technology, scholars have explored many different 

methods to analyze wildfire risk. In fact, no analysis method is the best model, but more 

appropriate analytical methods must exist for modelling. Wildfire risk analysis is a 

typical multi-classification problem model. The number of classifications involved in the 

model is small. The classification is a critical approach to data mining. The model can 

map data records in the database to one of the given categories so that it can be applied to 

data prediction. 

Random forest (RF) is a classifier containing multiple decision trees, and its output 

category is determined by the category output mode of a single tree. The RF can be 

applied to wildfire disaster analysis in theory and experiment. The RF model first 

randomly selects different features and training samples to generate many decision trees 

and then synthesizes the results of these decision trees for final classification. Even if 

some features are changed artificially, it is difficult for the classifier to produce 



POTENTIAL WILDFIRE RISK ASSESSMENT OF ANF    10 

significant errors. In addition, RF can automatically evaluate the importance of variables 

when determining categories. RF can even handle many input variables and is not 

affected by multicollinearity. When constructing a forest, it can produce unbiased 

estimates of generalized errors internally (Oliveira, Oehler, San, Miguel, Ayanz, Camia, 

and Pereira, 2012; Guo, Zhang, Jin, Tigabu, Su, and Wang, 2016). 

This study will use a random forest model and logistic regression (LR) model to compare 

and analyze potential fire risk factors to prove the applicability and accuracy of the RF 

model. The advantage of using the comparison model is that it can verify the accuracy of 

the results (Minku, 2016; Jaafari, Mafi, Gholami, Pham, and Bui, 2019). 

LR fitting belongs to the probabilistic function model. The model is clearly constructed 

and can introduce many discrete features. LR is the fundamental component of many 

classification algorithms, so this method is widely used in many fields, including wildfire 

prevention, and obtains many reliable results. Therefore, this study will use the accuracy 

of LR model results to verify the accuracy of RF model results in this study. 

The study will focus on the Los Angeles National Forest (ANF). The mountains in the 

northeast of Los Angeles (LA) have dense forest resources. The area has high altitudes 

and complex terrain, closely related to human activities. Wildfires frequently occur in this 

area. Dust from wildfires has a serious negative impact on the health of Los Angeles 

residents. This study will explore the ability of these two models to predict complex 

conditions and map the fire in the ANF area Possibility diagram. Therefore, regional fire 

risk assessment can help the government and fire departments formulate emergency 

measures.  
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1.2 Problem statement 

The problem is that the Angeles National Forest does not provide visual wildfire risk 

assessment maps. 

Wildfire disasters frequently occur in the ANF area. Park management can only reduce 

wildfire damage to visitors by closing the park during fire season through public 

information from the Forest Service, Weather Service, and state government (Fire 

management). Wildfire risk assessments are often developed based on known indicators. 

For example, relative humidity below 15% or fuel moisture below 5% within 1 hour. The 

wildfire risk guidance provided by park managers based on condition indicators cannot 

assess a particular park area. Therefore, it is necessary to conduct an accurate wildfire 

risk assessment and change the traditional method of issuing condition judgments to a 

refined visual map generated by model analysis. 

1.3 Purpose and research questions 

This project aims to develop an assessment map of potential fire risk areas. The causes of 

wildfire can be summarized as human factors and natural factors. The risk assessment 

should consider the risk factors comprehensively. The threat of random events should 

also be considered. Each of the main factors is particularly important, so it should be used 

as an independent variable layer. The layers of relevant influencing factors will be 

superimposed to generate the probability distribution map of potential fire risk through 

the user-defined tool. 

Objective: Comparing the ability of random forest and logistic regression methods to 

model small wildfire risk assessment areas. 
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In terms of wildfire prevention, automatic detection and alarm is a wildfire prevention 

system urgently needed by human beings. Machine learning has been a new technology 

in recent years. This study will use random forest method as the main exploration model. 

The logistic regression method is used as the comparison model. By comparing RF model 

and LR model, we can confirm the feasibility and confidence of RF model in small 

wildfire study area. 

1) What is the extent to which wildfire drivers influence the probability of wildfires 

in the region? 

The degree of influence on wildfire drivers is often based on common sense perceptions 

of life. However, facts need to be confirmed by analyzing real data with scientific 

models. 

2) What is the accuracy of Random Forest and Logistic Regression models? 

The accuracy of the model will influence decisions about wildfires. Verifying the 

performance of interference variables and correlation in the regression model can 

improve the accuracy. In particular, the model’s ability to deal with complex independent 

variable data is worth exploring. 

3) What is the distribution of areas prone to wildfire events within the study area? 

The role of the model is to analyze the causes and predict the probability of wildfire 

occurrence in the study area. Model results need to be visualized to be useful as a guide. 

Wildfire risk assessment maps should provide a clear picture of the spatial distribution of 

wildfire risk. 
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1.4 Contribution to the knowledge 

1) Provide scientific and detailed wildfire risk guidance. In the past, ANF management 

conducted fire prevention under the guidance of the national fire plan of the United 

States. Since 2001, they have been building buffer zones to improve human survival 

in wildfire events; in addition, they work together to improve forest health by 

reducing harmful fuels. However, these behaviours are broad. ANF management 

does not have a map to guide wildfire risk. This study will provide a regional risk 

map for wildfire prevention and provide detailed guidance for wildfire prevention 

behaviour. The allocation of fire resources will be applied more scientifically and 

rationally. 

2) The low sample size was used in this study, and extremely high prediction accuracy 

was obtained. Usually, scholars use a large sample size to analyze random forest 

models to get good accuracy results. However, only a small sample size was used to 

obtain high precision results in this study. This case provides a trustworthy wildfire 

prediction model for many small study areas. 

3) Standardized data are used for LR and RF model analysis comparisons. Typically, 

relatively small study areas do not have enough data to ensure the accuracy of the 

model analysis. Therefore, the collected data may have low data volume or confusing 

data resolution. The gridding method provides the same amount of data, data format, 

and data type for the study. The grid used in this study converted the variables into 

sufficient standard data, which provided a high-quality base data guarantee for the 

accuracy of the RF model and LR and a quality database environment for comparing 

the two models. 
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4) The R language code used in the LR and RF risk assessment models is reusable. R is 

a mathematical programming language designed for mathematical researchers. It is 

mainly used for statistical analysis, plotting and data mining. Developing the R 

language is an efficient and convenient tool for GIS data analysis. This study uses the 

random forest and logistic regression methods in the R language. The complete code 

features include the LR model, RF model, training set, test set, confusion matrix, 

significance evaluation, ROC plot, and raster output. The code package can be 

reapplied or updated to facilitate the researcher’s frequent use in future wildfire 

analysis processes. 
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Chapter 2: Literature Review 

2.1 Background information  

Forests are not only the lung of nature but also an essential economic, natural resource. 

Affected by the climate, the eastern part of the United States is mainly covered by broad-

leaved forests. Coniferous forests primarily cover the western region. From 1630 to 2020, 

the forest coverage in the United States decreased from 50% to 35% (Wildfires in the 

United States, 2021). The reason is wildfire and logging. 

In the 21st century, high temperatures and droughts caused by global warming have 

become increasingly concerning. Fire has been seen as a threat to wood. There are an 

average of 55,000 wildfires in the forest areas of the United States every year, burning a 

large area of the national interagency fire center (Fire Information). Natural or human 

activities may trigger wildfires. For example, grounding lightning, an overheated car, 

unextinguished cigarette ends, or arson.  

Federal funding for wildfire management comes from the forest service and the 

Department of the interior, which allocated about $5 billion in 2016. Between October 

2020 and January 2021, 500,000 hectares of forests and 1824 structures were burned in 

Southern California (Wildfires in the United States 2021). According to statistics, 80% of 

wildfires in California are related to human activities.  

Additionally, wildfires have affected human health. Hospitals in Los Angeles receive 

many patients with respiratory diseases every year (Adelaine, Sato, Jin, and Godwin, 

2017). The reason is that forest burning ash can easily cause respiratory infections in 

urban residents. 
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Modern, high-tech equipment has the advantages of high reliability and high precision. 

Most of the authors use satellite and airplane remote sensing technology to improve the 

efficiency of information acquisition. The reflectance of surface objects to near-infrared 

waves and LiDAR waves is different, so the distribution of ground cover can be 

analyzed. The data used in studies achieved millimeter-level accuracy. People will first 

process the high-precision data of hyperspectral images to analyze the burned areas and 

then use ArcGIS data analysis tools to output the actual fire risk. 

2.2 Cause of wildfire 

The first step to preventing fires is investigating the causes of historical wildfires. 

Beverly, Herd, and Conner (2009) conducted a detailed survey of wildfire history in 

several states of the United States. By analyzing the survey data with exact figures, the 

authors found that the leading causes of wildfire events can be divided into human factors 

and extreme weather factors as ignition causes. Especially in spring and summer, the 

climate is dry. The local community close to the forest also provides many starting fire 

points. The information from these statistics must provide credible evidence for the 

quantitative analysis. 

There are thousands of large-scale fires in Canadian forest areas every year, burning large 

forest areas. Therefore, the Canadian government will also spend energy on detailed 

statistics on the annual fire incidents. The British Columbia provincial government will 

publish the number of fire incidents and the loss situation each year. Importantly, 

government departments will try to find out the cause of each serious fire as much as 

possible. In 2018 alone, 2017 fires broke out across BC Province, burning more than 1.3 

million hectares of land. The total cost to curb wildfire is more than $600 million 
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(Wildfire Service, 2020). More than 80% of the fires are caused by lightning. However, 

half of the wildfire historical events in 2019 were human factors. 

Coogan, Robinne, Jain, and Flannigan (2019) noted that human activities could reduce 

the risk of wildfire or increase the potential risk of wildfire. The article cites the warnings 

announced by scientists that human behaviour is harmful to the environment. Scientists’ 

reports are highly authoritative. Human survival only depends on the limited space of the 

earth. Population growth represents a sharp increase in population density. Human beings 

need additional natural resources. Moreover, social activities need to absorb natural 

resources and cause all kinds of disasters artificially. According to the survey, fires 

caused by human factors may also occur near communities, so increasing population 

density is likely to increase the probability of wildfire activities. Summer is the peak 

season of tourism. Camping by tourists and cigarette butts thrown away by drivers are the 

inducing factors of fire. The climate and environment are getting worse and worse 

because of human activities, resulting in extreme weather, such as high-temperature 

heatwaves and typhoons. In addition, the occurrence of disasters also means the 

desertification of land, a decrease in water resources quality, and the decrease in 

biodiversity. The earth’s environment is an interactive ecosystem. Historical disaster 

events show a vicious circle between humans and nature, but nature has suffered the most 

severe negative impact. The authors’ research combines logic with actual events, which 

warns against malicious human behaviour. 

Scholars and government departments generally use statistical methods to observe 

historical events. The significant disaster causes are summarized by quantitative analysis. 

Generally, the area near the human activity area can be considered a high fire risk area.  
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2.3 Fuel 

Complex natural environmental factors significantly impact the occurrence and spread of 

wildfire. According to scholars’ research, fuel, weather, topography, and water resources 

are the four crucial factors influencing forest fire. Wang, Parisien, Flannigan, parks, 

Anderson, Little, and Taylor (2014) divided the land cover types into fuel and non-fuel 

areas. Canadian forests are mainly composed of temperate broad-leaved forests and 

temperate coniferous forests, and the coverage of these vegetation has become a high-

quality fuel for the fire. Open water, exposed rock, and urban land are considered non-

fuel areas. Conifers account for a large proportion of Canadian forests and are flammable 

species. The reason is that coniferous trees contain many lipid compounds in their leaves 

and trunks, which are highly volatile. Therefore, the authors selected the coniferous forest 

as the primary research object and conducted the hypothesis simulation. In conclusion, 

there is a strong positive correlation between the potential fire spread index and 

coniferous forests’ actual fire spread index.  

There are differences in flammability between different species of conifers and different 

positions of conifers. Osvaldova (2017) experimented. The experiment involves the 

chemical composition and physical reaction of four conifers. In this study, the four 

conifers are pine, fir, spruce, and larch. Root, trunk, and branch have different chemical 

compositions, which leads to a different response to fire. The physical and chemical 

reactions of conifers vary significantly from 80 ℃ to 1,000 ℃. Due to the differences in 

physical properties, the authors selected samples’ specifications for flammability 

detection and data statistics. The results of three parts of four tree species were chosen as 

the average value. Applying the linear regression equation can effectively evaluate the 
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correlation between four tree species and flammability. The results showed that spruce 

and fir had the highest correlation. This study proved that there are differences in the 

flammability of different conifers. The difference between broadleaf and coniferous trees 

is even more significant. This study can contribute to studying the burning rate of 

broadleaf and coniferous trees. 

The leaves and trunks of broad-leaved trees do not contain lipids. The flammability of 

broad-leaved forests with moisture is lower than that of coniferous forests. Kauf, 

Fangmeier, Rosavec, and Španjol (2014) discussed the relationship between defoliation 

characteristics and flammability parameters. The accumulated leaves in coniferous forests 

are excellent combustibles. In addition, the leaves of broad-leaved forests on the ground 

will lose much water after a long time, which can also become dangerous flammable 

substances. The flammability of the leaves of different tree species in the period of 

abundant rainfall was studied. The flammability of the leaves as compared with after the 

leaves lost moisture. By looking at the ignition time, the combustion time, and the flame 

temperature, they found that the fresh leaves contained high water and were therefore not 

easy to burn. However, the leaves lose moisture after drying, which becomes very 

explosive. Thus, through the author’s verification, pine trees in coniferous forests have 

higher flammability than fruit trees in broad-leaved forests. Moreover, the moisture 

content of leaves in the broad-leaved forest will improve flammability when it is lower 

than a specific threshold value. The surface litter of broadleaf trees is as highly 

flammable as oil-bearing coniferous litter when it loses moisture. 

Vegetation canopy height is an important parameter to measuring surface fuel 

accumulation (Thompson, Parisien, Morin, Millard, Larsen, and Simpson, 2017). The 
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authors used remote sensing data, survey sampling and historical data to study the effects 

of vegetation types and vegetation height on fuel accumulation in the region. The results 

show a close relationship between vegetation canopy height and fuel accumulation. 

However, geographical location and vegetation species are also important, such as 

conifers and broad-leaved trees. Both areas with high humidity and vegetation canopy 

with high humidity will reduce the combustion probability. 

Therefore, scholars’ research confirmed that the primary fuel of forest area is coniferous 

forest, broad-leaved forest and deciduous leaves accumulated on the surface. The 

emergence and development of wildfires are complex. Humidity and geographical factors 

will affect the flammability level to varying degrees (Oliveira et al., 2012). Therefore, 

fuel can not be used as a single standard to judge fire, and other influencing factors need 

to be explored.  

2.4 Fuel identification 

The study area is covered with abundant vegetation. Through investigation, it is found 

that surface fuel is vegetation and surface vegetation accumulation. Then, identifying the 

distribution area of surface fuel is helpful to dividing high-risk fuel areas. 

In 2004, Cipar, Cooley, Lockwood, and Grigsby (2004, December 27) conducted a study 

using hyperspectral images to distinguish coniferous forests from broadleaf forests. 

Although this article is old, the method used by the authors is very advanced. The article 

used an airborne hyperspectral imager to scan and image the study area. Furthermore, the 

spectral resolution at the nanometer level helps scholars get reasonable and high-

precision results. The NIR reflectance rates of coniferous and broad-leaved forests are 
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different, so the distribution difference map of coniferous forests and broad-leaved forests 

can be generated by dividing the NIR reflectance rates interval. It is old-fashioned and 

easy to learn. 

After classifying hyperspectral satellite images, the mapping was added to the decision 

fusion operator in the research of Stavrakoudis, Dragozi, Gitas, and Karydas (2014). 

Interference in the signal feedback process generates outliers. Anomalous interfering 

signals need to be removed, and a clear image of the feature is obtained. Hyperion’s 

satellite hyperspectral instrument can simultaneously get visible near-infrared and short-

wave infrared spectra. The weighted mean method is the process of calculating the 

weighted mean that is the calculation of the mean based on the difference in weights. 

Although shaded areas appear in the generated images, the weighted mean method can 

combine the output data of multiple classifiers, which can improve the accuracy of the 

results. This method is more advanced than CIPAR et al. The data processing process can 

eliminate noise. The resulting map can show a more detailed image of tree species 

distribution. Finally, the goal of accurate identification of forest species is achieved. 

However, the data processing process is highly specialized. A lot of remote sensing 

professional knowledge is needed to support the analysis process of the experiment. 

Identifying the distribution of man-made facilities and natural landscapes helps to 

analyze fire conditions. The Hayman Fire is the most severe wildfire in Colorado’s 

history (Bhandary & Muller, 2009). They identified IKONOS images before and after the 

fire in the study area. IKONOS images use panchromatic spectral images to identify 

vegetation cover density, buildings, and roads. The defect of the IKONOS image is that it 

can not know the material of buildings in this area, which affects the analysis of urban 
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fire propagation speed. Generally, the model established in this paper helps analyze the 

economic loss caused by fire and protecting vital assets. Increasing the coverage of fire 

stations can help reduce the risk of fire. Besides, increasing the width of the road can also 

reduce the risk of fire. The road material is not flammable, but combined with human 

factors, the risk of fire around the road will increase. The road infrastructure can be used 

as a buffer zone to slow down fire spread. Wide roads can be extremely effective in 

stopping the spread of fire (Anderson, 2012). As a human activity path, the road will 

increase the probability of fire.  

With the development of science and technology, the accuracy of remote sensing is 

getting higher and higher. The researchers can use the specific information of vegetation 

to analyze, such as the difference in the reflectivity of infrared waves. The accuracy is 

surprisingly high. Recently, Varin, Chalghaf, and Joanisse (2020, September 21) used 

LiDAR to scan the earth’s surface to generate cloud point maps to analyze the structure 

of trees. Finally, they produced specific and accurate distribution maps of 11 different 

tree species. The authors used data from a combination of canopy height models and 

satellite images to generate crown profiles of tree species. Modelling individual tree 

species belonging to each type helps analyze the distribution and coverage of tree species. 

Additionally, the spectral characteristics of broad-leaved and coniferous trees are 

significantly different. The NIR reflectance of broad-leaved trees was considerably 

higher than that of conifers. Therefore, the distribution of broad-leaved coniferous forests 

is well distinguished. For specific tree species differentiation, it depends on the ratio of 

sensitive and insensitive spectral bands to observe the chlorophyll content in plants. 
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Especially, Varin, Chalghaf, and Joanisse’s study had a simple processing flow and 

produced highly accurate results. Their theories and methods are feasible. 

The Normalized Difference Vegetation Index (NDVI) is highly effective in quantifying 

vegetation cover. Hare (2020) generated NDVI data by calculating red and infrared 

Landsat bands. Since vegetation has a different sensitivity to different bands, NDVI can 

indicate the growth status of surface vegetation and the spatial distribution density of 

vegetation. In this study, with the help of satellite images and LiDAR images, the 

distribution of surface fuels in the study area can be well distinguished.  

2.5 Climate impact 

Climate is an essential factor affecting the occurrence of fire. Rainfall, wind speed, wind 

direction, and temperature all affect the growth of plants and the rate of fire spread. Each 

climate condition has a different impact on fire risk, also called potential risk correlation. 

Jaafari, Mafi-Gholami, Pham, and Bui (2019) assumed 12 variables, such as climate and 

topography, as independent variables. Then they used the empirical belief function (EBF) 

and the multivariate logistic regression model to verify the collinearity between fire 

probability and climate factors. The results can prove the climate factors with a high fire 

risk correlation. Rainfall, dry farming, and forests are essential factors for the possibility 

of fire.  

Climate change will significantly impact the frequency and scale of fires. The climatic 

conditions in different regions are also quite different. Therefore, after determining the 

effect of climatic conditions, it is also essential to select appropriate climate data. For 

example, Wang et al.(2014) analyzed the remote sensing data of Canada over the past 30 
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years. They concluded that the forest fire risk in eastern Canada is lower than that in 

central and Western Canada due to the humid climate in east Canada. In an arid 

environment, the probability of fire is extremely high. Therefore, summer rainfall and 

temperature are essential reference factors affecting fire occurrence. It is worth noting 

that many climates dependent data are vulnerable to inaccurate climate information. 

Temperature is a crucial factor in wildfires. There is a strong positive correlation between 

daily temperature and fire (Gutierrez, Hantson, Langenbrunner, Chen, Jin, Goulden, and 

Randerson, 2021). Temperature affects ignition behaviour, fuel type, fire size and rate of 

spread. When temperatures rise to a certain level, fires begin to burn on any combustible 

material, including leaves, grass, and even dry twigs. Temperatures are generally higher 

in the summer than in the winter. Higher temperatures mean that fires are more likely to 

start. Wang et al. (2014) proposed that climate information should be collected in time to 

improve the accuracy of the prediction. For example, according to the temperature data 

from the National Oceanic and Atmospheric Administration (NOAA), the average 

temperature in the ANF area is 5 ℃ lower than that in LA. Therefore, the temperature 

data of ANF in the study area should be investigated instead of referring directly to the 

temperature of LA.  

Canada already has a perfect fire weather assessment system. A Fire Weather Index 

(FWI) system is a system to calculate fire risk levels according to the latest weather data. 

The FWI system is widely used in Canada to monitor wildfire risk under weather 

conditions. Jain and Flannigan (2017) conducted an experimental analysis of the 

operating principle of the system. The input of the FWI system includes observing 

temperature, relative wetness, wind speed, and accumulated precipitation in the past 24 
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hours at noon every day. The spatial impact of each variable was predicted and analyzed 

by the interpolation method. In addition, the output of the FWI system is not only the 

weather of the day in use but also depends on the wetness index of the previous day. 

Therefore, the system can essentially be called a fuel water content analysis system. It is 

worth noting that the author uses different methods to deal with different variables, which 

helps to eliminate any data errors. 

Ma, Feng, Cheng, Chen, and Wang (2020) extracted daily climate data from national 

weather stations. The data sets they use include daily average temperature, daily 

precipitation, and daily average relative humidity. Official data and accurate positioning 

of climate conditions and change trends in the study area can improve the accuracy of the 

results. 

Regional rainfall and regional temperatures are the rainfall and temperature observed at 

several well-distributed stations in the region. Scholars’ analysis of climate conditions is 

usually established at the national level, with many scientifically distributed 

meteorological stations to provide high-quality data. The climate data of the United 

States typically come from NOAA’s climate observatory. The study area of this study is 

smaller than the adjacent city of Los Angeles. NOAA has only one observation station in 

the area, and the observation station is located at the southern boundary of the study area. 

Therefore, the number and location of observatories do not provide high-quality data. 

However, the small size of the study area means that the spatial variability of climate 

within the study area is small. Data processing from a few data collection sites is 

sufficient to represent climate change in the study area. 
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2.6 The influence of water 

Water is the enemy of fire, so the distribution of water resources is crucial for 

information collection. In the study of Andison (2012), areas of unburned vegetation still 

exist in areas where fires have occurred. These patch areas also confirmed the significant 

relationship between burning probability and soil moisture levels. The specific effect of 

the water area on the fire resistance of vegetation needs to be analyzed in detail. Based on 

an analysis of past fires in Saskatchewan, Jain, and Flannigan (2017) concluded that the 

shape and size of lakes, the shape and width of rivers, and the moisture content in the soil 

are critical to the development of fires. Although the marginal effects of water resources 

positively impact the forests near lakes and rivers, wildfires in forest areas far away from 

lakes can spread to trees near the water. Therefore, the distribution of lakes is also a key 

factor. When large lakes or rivers surround forest areas or cities, the probability and 

scope of fire will be effectively limited. 

Nielsen et al. (2016) conducted a two-way comparative analysis on the distance, 

direction, shape, density, and area of water area. The authors concluded that the farther 

away from the lake, the higher the fire risk—the more significant the lake area, the lower 

the fire risk in the surrounding areas. The higher the density of the water area, the lower 

the fire risk in the area. In addition, the hydrophilicity of vegetation is not the same, so 

the distribution of plants in forest communities will change due to the distribution of 

water (Nielsen et al., 2016). Consequently, vegetation around rivers and lakes will have 

stronger fire resistance. This paper makes a detailed quantitative analysis of the impact of 

water resources’ spatial distribution on wildfire. The conclusion is scientific and logical. 
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Therefore, just like fuel identification, the spatial distribution information of water areas 

also needs accurate identification. Hyperspectral satellite images can generally calculate 

NDVI to show the land cover category of vegetation coverage in the study area. The 

reason is that the reflection bands of buildings, water, bare soil, and vegetation are 

different. Most LiDAR and NIR waves are absorbed by water, resulting in shallow return 

signals. Therefore, vegetation coverage and water distribution (Hare, 2020) can be easily 

identified in the raster image of NDVI. In the raster image, people can have a preliminary 

intuitive understanding of the water area’s size, density, and distance. 

Rainwater falls to the surface, and its spatial distribution is influenced by topography and 

land cover. There is a strong correlation between rainfall, topographic wetness index 

(TWI), and groundwater flow (Rinder, Meerveld, StäHLA and Seibert, 2015). 

Researchers have found that differences in soil type and topography affect the efficiency 

of water infiltration. This makes it harder for roots to absorb water from below ground, so 

plants will be less able to grow. Thus, there is a correlation between moisture 

environment and wildfire drive, as reflected by TWI. When TWI<4, groundwater 

response to rainfall will be lower than in areas with TWI>4. 

To sum up, although the occurrence of wildfire is random and complex, the limitation of 

lakes and rivers on fire is efficient. Therefore, in the fire risk rating, the spatial 

distribution of water can effectively reduce the regional fire risk level.  

2.7 Topography 

Topography is an important physical factor affecting environmental change. The 

distribution, composition, and flammability of vegetation are affected by topographic 

features (Oliveira et al., 2012). Elevation, slope, and aspect can also affect local climate 
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change. Oliveira et al. (2012) used NASA-based SRTM images to generate DEM. 

Through aggregation analysis, the authors determine the threshold of the influence of 

slope on ignition possibility based on the average and maximum values. Topography 

carries the distribution of other variables, so the same variables may vary depending on 

location and scale. Slope can affect ignition by limiting vegetation, moisture, and human 

accessibility. The frequency of fires is also affected by trends in topographic relief. 

Carmo, Moreira, Casimiro, and Vaz (2011) investigated the relationship between slope 

direction and wildfire. There was a positive correlation, but non-significant, between the 

observed selection ratios and the estimated fire propensity index. The authors used 

differences in selection ratios to assess regional differences in fire occurrence patterns. 

The selection ratio is the ratio of the area burned by fire to the area in the terrain 

category. Higher ratios are more likely to have fires. Thus, flat has the smallest selection 

ratio. The east and north sides are most likely to have fires. The selection ratios for west 

and south are slightly smaller than those for east and north. 

The terrain data processing can show the ground propagation potential of wildfire, which 

is of great relevance to the study of complex wildfire ignition factors.  

2.8 Scope of human activities 

There is a strong correlation between the primary human range of activity and the 

infrastructure coverage area. The influence of human lineage on wildfire initiation is 

dependent on infrastructure coverage. 

Hundreds of wildfire history records show that the density of human activity area and the 

distance to human activity area are the core factors in fire occurrence Research 
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(Bhandary &amp; Muller, 2009; Oliveira et al., 2012). Oliveira et al. (2012) calculated 

road density from road network data. In addition, the researchers managed the roads 

according to the unit area and length of the roads. Population and urbanization are also 

important drivers of fire. The infrastructure and buildings in the human activity zone 

were digitized and classified according to the distribution of buildings in the city. The 

researchers divided the urban area into cells for every 10km2. The attribute of each cell 

was the population density in the area. The infrastructure and buildings in human activity 

areas are digitized and classified. 

2.9 Method exploration 

Scholars have applied many model analysis methods in wildfire risk exploration, such as 

LR, RF, Artificial Neural Networks (ANN), and Support Vector Machines (SVM). 

Analysis methods have different advantages and disadvantages, so they are suitable for 

different data environments (Fernández-Delgado, Cernadas, Barro, and Amorim, 2014). 

Artificial Neural Networks (ANN) is a way to simulate human thinking. This is a 

nonlinear dynamic system, which is characterized by distributed storage and parallel 

collaborative processing of information. The advantage of the neural network is that it 

can have many levels. By introducing middle layers, ANN can capture the relationship 

between many input features. Generally, the accuracy of ANN relies on millions of 

samples. However, the massive data requirements and the erratic nature of the results do 

not apply to this risk assessment study. 

Support Vector Machines (SVM) support vector machine method has a solid 

mathematical theoretical foundation, can effectively solve the problem of high-



POTENTIAL WILDFIRE RISK ASSESSMENT OF ANF    30 

dimensional data model construction under the condition of limited samples and has the 

advantages of strong generalization ability, convergence to global optimization, 

dimension insensitive. However, the most severe problem of SVM is that it is difficult to 

solve multi-classification problems because an SVM model can only handle one binary 

classification problem. 

Random forests can handle data with many features without feature selection. In 

particular, the driving factors of wildfire events are complex and diverse. Therefore, the 

capability of the random forest meets the analytical needs of this study. Significantly, the 

RF model can output high-precision results and the ranking of the importance of 

variables. Importance ranking can effectively provide fire management with a basis for 

wildfire-driven attention. The problem of overfitting occurs when the complexity of the 

model is higher than the actual problem. Overfitting is when the training and test errors 

gap is too large. The poor generalization of the model causes the model to remember the 

properties or characteristics of the training set that do not apply to the test set. However, 

the RF model can generalize and is highly resistant to overfitting. In addition, the RF 

model has requirements on the amount of data. Usually, random forest processing of 

2,000 to 5,000 samples will give good results. The optimal results are obtained when the 

random forest processes about 10,000 samples. In this study, there are 12,000 samples, 

but these data are randomly selected and divided into a training set (5,413 samples), a test 

set (1,804 samples), and a validation set (2,550 samples). Therefore, the RF model is 

suitable for this study, but the smaller amount of data is challenging for the accuracy of 

the RF model analysis results. 
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Therefore, the random forest method was chosen in this study to explore the quality of 

accuracy of the RF model with a smaller amount of data. The logistic regression method 

was used as a comparison model in order to determine whether the accuracy of the RF 

model result was reliable. 

Logistic regression is a classical classification method in supervised learning. The clear 

framework and reliable, functional formulation of the LR model can be fitted to produce 

reliable results. The model helps to explore the spatial relationship between the 

dependent variable and multiple independent variables (Nielsen et al., 2016; Jaafari et al., 

2019). The method does not require a linear relationship between the independent and 

dependent variables and can handle classification problems with discrete data well. 

Logistic regression is applicable when there are two possible outcomes (1 and 0) for the 

object of study. The probability of occurrence of an outcome of 1 is p, and the probability 

of the other outcome of 0 is 1 - p. The object of this study is wildfire. The probability of a 

wildfire occurring is 1, and vice versa is 0. In addition, logistic regression is suitable for 

cases where the feature space is not large. Because the study area is small, and the sample 

size is appropriate. Therefore, logistic regression was chosen as one of the applied 

models in this study. 

2.9.1 Principle of the logistic regression algorithm 

The regression model can be used in predictive modelling technology, which studies the 

relationship between dependent and independent variables. This technique is often used 

in predictive analysis, time series modelling, and finding causal relationships between 

variables. The regression model has high accuracy. The model can be used to predict 

wildfire risk based on fire historical records and fire driving factors. Most scholars pay 
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attention to the accuracy of the model results, which can affect the accuracy of the 

prediction results. Modelling methods are generally divided into variable screening 

methods, particular single model methods, and the combined model method (Minku, 

2016). The variable selection method and combination model method are two standard 

modelling techniques. 

The linear regression equation and the value of 𝑟𝑟2 play a vital role in evaluating standard 

correlation. Osvaldova’s (2017) study used a regression model to analyze the correlation 

degree of root, trunk, and branch to fire. The model is also used to analyze the difference 

in fire response of four conifers. 

Nielsen et al. (2016) used the expression model to model 35 years of wildfire history. 

Water-related attributes (distance, direction, quantity, and shape) are used for cross 

combination modelling. The modelling method to simulate the two-way and three-way 

interaction helps analyze the specific attributes of the impact of water resources on 

wildfires. The primary method of wildfire risk prediction is mixed effects Logistic 

Regression modelling. This modelling method can predict the occurrence probability of 

wildfire by analyzing the correlation between historical events and independent variables. 

The main functions of LR are as follows: 

1) Look for influencing factors. 

2) According to the trained model, the model will explore the probability of specific 

situations in the case of different independent variables. 

3) Finally, judge and draw the corresponding conclusions according to the model 

and the topics to be explored. 
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Notably, the data analyzed must be able to be used for binomial logistic regression 

analysis. The criterion suitable for binomial logistic regression is that the data has passed 

the assumptions required by binomial logistic regression. The four most used judgment 

assumptions are: 

1) Dependent variables should be classified variables and numerical variables. 

2) Arguments can have one variable or more variables. It can be a continuous 

variable or a classified variable. 

3) Each observation object is independent of the other. 

4) There must be a linear relationship between the logit transformation of any 

continuous independent and dependent variable.  

The operation of the LR model needs to be built level by level. Models considering 

predictive variables, 𝑋𝑋1, 𝑋𝑋2,… and 𝑋𝑋𝑘𝑘 and a response variable Y. Predicting the 

dependent variable is to calculate the probability that Y = 1. Parameter p = P (Y = 1). 𝛽𝛽𝑖𝑖is 

the parameter of the model. The linear equation should be: 

𝑝𝑝 = 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + 𝛽𝛽2𝑋𝑋2 + ⋯+ 𝛽𝛽𝑘𝑘𝑋𝑋𝑘𝑘 + 𝜀𝜀 

P for logit transformation: 

ln
𝑝𝑝

1 − 𝑝𝑝
= logit(𝑝𝑝) = 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + 𝛽𝛽2𝑋𝑋2 + ⋯+ 𝛽𝛽𝑘𝑘𝑋𝑋𝑘𝑘 + 𝜀𝜀 

Therefore, the logistic model is derived: 

�̂�𝑝 =
𝑒𝑒𝑒𝑒𝑝𝑝(𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + ⋯+ 𝛽𝛽𝑘𝑘𝑋𝑋𝑘𝑘)

1 + 𝑒𝑒𝑒𝑒𝑝𝑝(𝛽𝛽0 + 𝛽𝛽1𝑋𝑋1 + ⋯+ 𝛽𝛽𝑘𝑘𝑋𝑋𝑘𝑘)
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The applicability of the variables in the LR model needs to be tested. The parameters of 

multicollinearity are essential indicators of the error of the LR model. When the variance 

inflation factor (VIF) is greater than 10, there is multicollinearity among the independent 

variables, which will increase the standard error of parameter estimates. 

The logistic regression model has disadvantages. Logistic regression cannot filter 

features; it is only effective for binary data. Therefore, LR is not widely applicable. In 

addition, LR depends on the positivity and negativity of data. The loss function is small 

when the positive sample is larger than the negative sample. However, such a prediction 

is not accurate because the judgment of positive and negative values will not be excellent. 

When the research object is suitable for LR model analysis, the advantages of the LR 

model can be well displayed. 

1) The form is simple, and the interpretability of the model is particularly good. 

2) The fitting effect of the model is good. According to what we need to train the 

data set, we can quickly get its model. 

3) Faster training. 

4) The required running memory is small, and the requirements are not high. 

According to the literature research, linear regression requires that the dependent variable 

be a continuous data variable. However, logistic regression applies to this study because 

logistic regression requires that the dependent variable be categorical. In addition, the 

regression model can provide high-precision prediction results. This study will use LR to 

participate in model comparison and improve the model’s accuracy without discarding 

variables.  
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2.9.2 Principle of random forest algorithm 

Random forest is a typical bagging ensemble learning algorithm, an autonomous 

sampling method. The core of RF is to combine several weak learners into strong learners 

and then obtain more optimized generalization ability. The weak learner in the RF model 

is a single decision tree composition. Due to the limited generalization ability of one 

learner, the accuracy of the result is only slightly more than 50%. A strong learner is a 

classifier that integrates a weak learner. A large number of weak learners together can 

reduce the integration error rate, so the accuracy of the strong learner can exceed all weak 

learners. The random forest has the advantages of anti-noise, preventing overfitting and 

dealing with nonlinear relationships, which promotes the application of this method in 

many fields, such as medicine, ecology, and geography. 

As in Figure 1, decision trees randomly select samples from the data set. The features 

within the sample are judged in a decision tree to determine whether they will cause a 

fire. If it causes a fire, it continues to split the next level. The decision tree will then 

determine the probability of another feature starting a fire. The process is like a path of 

green dots. The strong learner will gather the average of all decision tree results.  

China’s economic strength has increased in the past 40 years. The rapid expansion of the 

scope of human social activities has led to a high risk of wildfire in the forest areas of 

northern China. Guo, Zhang, Jin, Tigabu, Su, and Wang (2016) used Logistic Regression 

(LR) and Random Forest (RF) to analyze the risk of man-made wildfire in forests in 

northern China. RF model can screen essential variables and actively analyze the 

importance of each independent variable. Therefore, the authors compared the RF model 

with the traditional LR model. The data included climate factors, forest types, and 
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distances to human infrastructure. The results show that there are differences between the 

two groups. 

The final correct prediction rate of the LR model is only 60.8%. However, the final 

prediction accuracy of the RF model is 70.1%. In addition, compared with the residual 

analysis results, the overall residual of RF in the whole study area is small. In the ROC 

curve, RF has better performance in the intermediate model. By comparing AUC values, 

RF performs better in the final model of the complete dataset. The results show that both 

LR and RF models show that forest type and the nearest railway are important driving 

factors of wildfire. The distance to human settlements and roads only has an evident 

influence on the RF model. 

Figure 1 RF model classification tree 
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Human factors do not have linear characteristics, so using the commonly used LR and 

intelligent RF models can get more reliable results. The comparison results can help to 

set the main research methods. 

Ma, Feng, Cheng, Chen, and Wang (2020) selected fire records of China in the past six 

years from the MODIS global fire atlas. They used the Random Forest (RF) method with 

excellent prediction ability to analyze the impact of variables on wildfire events in China. 

The study area is divided into six regions according to the geographical conditions of 

China. Climate, topography, vegetation, and socio-economic categories are wildfire’s 

four core driving factors. 

The authors believe that the RF method can flexibly deal with the complex interaction 

between variables, so it is very suitable for dealing with the nonlinear relationship 

between wildfire driving factors and fire events. Five training data sets and five 

validation data sets generate an intermediate model. Significant variables will be used as 

wildfire driving factors and training data for building the final model. The AUC values of 

the two models are more critical than 0.85, and the prediction accuracy is higher than 

70%. The results show that climate is the most significant driving factor of wildfire. 

Northeast China and Central South China are the two regions with the highest wildfire 

probability. 

It is a large amount of work to use the data of the whole region of China to research the 

Random Forest method in wildfire prevention. At the same time, it also confirmed the 

reliability of the Random Forest method in the field of wildfire prevention. 
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The Mediterranean region of Europe is also the worst-hit area by wildfires. It is of great 

significance to explore more accurate research methods of wildfire prediction to improve 

prevention measures. Oliveira, Oehler, San-Miguel-Ayanz, Camia, and Pereira (2012) 

use the multiple linear regression method and Random Forest methods to explore a better 

solution. A total of 37 variables were used in this study. In addition to common climate 

factors, demographic, and socio-economic variables, such as unemployment rate, 

livestock density, and road density, were included. The authors have carried out the 

exploratory analysis and found that the result is a nonlinear trend, which is not conducive 

to the multiple linear regression method to produce high-quality results. 

The random Forest method uses classification and regression tree analysis to obtain the 

performance of high precision and complex interaction between modelling variables. The 

authors tested the multicollinearity and finally selected 11 variables for LR according to 

the significance of importance. By analyzing the predicted and observed values of 

samples, it can be found that the LR model underestimates or overestimates wildfire 

density. However, RF can reasonably show the firing density. Therefore, it is found that 

RF is more suitable for wildfire disaster prediction and analysis. 

Using Random Forests requires an understanding of how the model works. Essentially, 

the prototype of a random forest is a decision tree. A decision tree splits one of the 

attributes from the internal nodes. Each split then corresponds to one attribute. Each leaf 

node in the tree represents a classification. The random forest integrates the output of 

individual decision trees to generate the final output. 



POTENTIAL WILDFIRE RISK ASSESSMENT OF ANF    39 

The random tree uses a bagging method to randomly select the attributes to be trained, 

while the same number of attributes are randomly chosen for classification for the child 

nodes. To summarize, the data is randomly sampled, and the features of the random 

numbers are also randomly sampled. 

In a random forest, each node performs feature randomization. Thus, if there are 100 

predictor variables for each node in the tree, a random subset of 10 is selected.  

The main steps of random forest are. 

1) The original data is divided into training and test data sets. 

2) The training data set is assumed to be S. The random vector is randomized and 

divided into k subsets using the resampling method noted as 𝑆𝑆1, 𝑆𝑆2,… 𝑆𝑆𝑘𝑘 . 

3) Classify the dataset to be classified to obtain k decision tree models. 

4) Each decision tree model produces one classification result, denoted as 𝐷𝐷1, 𝐷𝐷2. … 

𝐷𝐷𝑘𝑘. 

5) Finally, a simple voting mechanism selects the optimal classification result 

generated by the random forest model. 

The dependent variable can be either a discrete factor or a continuous value in the RF 

model. For models with random forests, ntree specifies the number of decision trees 

included in the random forest and defaults to 500. however, in practice, the value when 

the error within the model is essentially stable is used for ntree. Mainly, visualization 

tools visualize the model error rate versus the number of decision trees. mtry specifies the 

number of variables in the node used for the binomial tree. The default is the quadratic 

root or one-third of the number of variables in the dataset. Generally, determining the 



POTENTIAL WILDFIRE RISK ASSESSMENT OF ANF    40 

best value of m requires human selection on a case-by-case basis. However, using the 

traversal function inside R, the m-value with the lowest error rate and the optimal mtry 

can be calculated. 

The first step in RF is to choose 1/4n or sqrt(n) mtry to construct the tree. Usually, RF 

does not work well on small datasets. Consequently, the data volume should ideally be 

about 5,000 samples. 10,000 samples would be best. 

There are two aspects to building a random forest: 

1) The RF model randomly selects samples. 

First, take the sample with a return from the original data set to construct the sub-data set. 

The data volume of the sub-data set is the same as that of the original data set. Elements 

in different sub-datasets can be repeated, and features in the same sub dataset can also be 

repeated. Second, use the sub-data set to construct the sub-decision tree, put the data into 

each sub-decision tree, and each sub-decision tree outputs a result. Finally, suppose there 

is new data, and the classification results need to be obtained through the random forest. 

In that case, the output results of the random forest can be obtained by voting the 

judgment results of the sub-decision tree. 

2) Random selection of features to be selected. 

Like the random selection of data sets, each splitting process of the subtree in the random 

forest does not use all the features to be selected but randomly selects certain features 

from all the features to be chosen, and then selects the best feature from the randomly 
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selected features. This can make the decision trees in the random forest different from 

each other, improve the system’s diversity, and improve the classification performance. 

The characteristics of internal nodes are selected according to some criteria. Usually, the 

Gini index is used to gain the classification task, and the variance is used to reduce the 

full feature in the regression process. The average value of all trees in the forest is an 

essential basis for ranking feature importance (Płoński, 2020). Therefore, it is necessary 

to sort the factor importance to overcome the disadvantage of the default characteristic 

significance of the average impurity reduction calculation. 

The disadvantages of random forest are the following criteria for judging the applicability 

of RF to the study. 

1) The requirement for data to be significant; the amount of data is small for RF 

results are not ideal. 

2) The speed of individual decision tree computation is faster than that of the RF. 

3) The results of RF calculation are not satisfactory when performing out-of-range 

independent and non-independent variables. 

The advantages of random forest guarantee high precision results and the reasons for 

applying RF in this study. 

1) The introduction of row and column sampling makes the model resistant to 

overfitting and noise. 

2) The model uses an unbiased estimation model for the generalization error when 

creating the RF, which has a high generalization capability. 
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3) Can handle discrete and continuous types.  

4) Unaffected by multicollinearity. 

5) Missing values can be treated as individual classes. 

6) The generation of different trees is parallel, so the training speed is better than the 

general algorithm. 

7) Feature importance ranking can be given. 

8) Unbiased estimates of the actual error can be obtained. 

2.9.3 Confusion matrix 

The performance of the LR and RF models is evaluated using confusion matrices. The 

confusion matrix is a standard format for representing accuracy evaluation in the form of 

a matrix with n rows and n columns.  

The confusion matrix is the most basic, intuitive, and simple way to measure the accuracy 

of a classification model. The confusion matrix is the number of observations that the 

classification model misclassifies and misclassifies separately. The results are presented 

in a table. This table is the confusion matrix. The table uses TP (True Positive), TN (True 

Negative), FP (False Positive), and FN (False Negative) to classify. Where T denotes 

True, which can be interpreted as predicting correctly, and F denotes False, which means 

predicting incorrectly. Furthermore, P and N denote positive(0) and negative(1), which 

are two different categories. Corresponding to the confusion matrix, it is desired that the 

number of TP and TN is significant, while the number of FP and FN is small. 

Sometimes, it is difficult to measure the merit of a model in terms of quantity when faced 

with a large amount of data. A better approach is to derive four more metrics: Accuracy, 
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Precision, Recall, and Specificity, by taking the confusion matrix over the preliminary 

statistical results. 

1) Accuracy rate: the proportion of all correct judgments of the classification model 

to the total observations. 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑟𝑟𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇 + 𝐹𝐹𝑇𝑇
 

2) Precision: the proportion of model predictions that are correct among all results 

for which the model prediction is Positive. 

𝑇𝑇𝑟𝑟𝑒𝑒𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇
 

3) Recall (TPR): the proportion of model predictions that are correct among all 

results where the true value is Positive. 

𝑅𝑅𝑒𝑒𝐴𝐴𝐴𝐴𝑅𝑅𝑅𝑅 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇
 

4) Specificity (FPR): the weight of model prediction pairs among all results whose 

true value is Negative. 

𝑆𝑆𝑝𝑝𝑒𝑒𝐴𝐴𝑃𝑃𝑆𝑆𝑃𝑃𝐴𝐴𝑃𝑃𝑆𝑆𝐴𝐴 =
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇
 

This study needs to use confusion matrices twice. The first time uses confusion matrices 

to analyze the LR and RF models' test sets, respectively. The second time is to use the 

confusion matrix for the classification results (wildfire risk assessment maps). Using the 

confusion matrix in a test set enables the accuracy of individual models to be assessed. 
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Comparing the classification results of the two models can determine the degree of 

difference in the results. 

2.9.4 AUC-ROC curve 

The receiver operating characteristic (ROC) is a curve drawn on a two-dimensional 

plane. The abscissa of the plane is the false positive rate (FPR), and the ordinate is the 

true positive rate (TPR). We can get a TPR and FPR point pair for a classifier according 

to their performance on the test sample. In this way, the classifier can be mapped to a 

point on the ROC plane (AUC-Roc Curve, 2020). 

By adjusting the threshold used by the classifier, we can get a curve passing through 

(0,0), (1,1), which is the ROC curve of the classifier. For 0 and 1 classification problems, 

the results obtained by some classifiers are usually not labels such as 0 and 1. Similarly, 

we can set the threshold to 0.1 or 0.2, and so on. With different points, the final 

classification will be different. 

ROC curve represents the classifier’s performance, which is very intuitive and easy to 

use. The area under the ROC curve (AUC) can measure the classifier’s quality. The value 

of AUC is the size of the area below the ROC curve. If the closer the receiver operating 

characteristic (ROC) curve is to the upper left corner, the model completion rate is 

higher. The AUC considers the learner's ability to classify positive and negative cases. 

Generally, the AUC value is between 0.5 and 1.0, and a larger AUC represents better 

performance (AUC-Roc Curve 2020). Among the criteria for judging AUC, 0.5 - 0.7 

represents low effect; 0.7 - 0.85 represents average effect; 0.85 - 0.95 represents very 

good effect; 0.95 - 1 means wonderful effect. 
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AUC calculation method: 

𝐴𝐴𝐴𝐴𝐶𝐶 =
∑ 𝑟𝑟𝐴𝐴𝑃𝑃𝑟𝑟𝑖𝑖𝑖𝑖∈𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖𝑝𝑝𝑖𝑖𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑀𝑀(1 + 𝑀𝑀)

2
𝑀𝑀 × 𝑇𝑇

 

First, sort the scores from large to small, and then make the rank of the sample 

corresponding to the largest score n, the rank of the sample corresponding to the second-

largest score n-1, and so on. Then add the rank of all positive value samples and subtract 

those values where the score of positive samples is the smallest. The result is how many 

pairs of positive samples have a score greater than negative samples. Then divide by M × 

N (M is the number of positive samples, and N is the Suppose the score value of all 

positive samples is greater than that of negative samples. In that case, then that of 

negative samples, the score value of the first bit combined with any sample should be a 

value is n, but M-1 in n-1 is a combination of positive samples and positive samples, 

which is not within the statistical range (for the convenience of calculation, we take n 

groups, and there are m corresponding nonconformities), so it should be subtracted. 

Similarly, for the second n-1, there will be M-1 that is not satisfied. By analogy, the 

following formula 𝑀𝑀(1+𝑀𝑀)
2

 is obtained. The value of AUC is 1 under the assumption that 

the score of positive samples is greater than that of negative samples. Therefore, the value 

of rank represents a combination number that can generate scores from the front to the 

back. Still, there are (positive, positive) cases, so such a group should be subtracted. 

2.10 Assessment instrument 

In Canada, the forest fire weather index (FWI) system calculates the effects of fuel 

moisture and weather conditions on fire behaviour. In Figure 2, the system consists of six 
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parts: Fuel moisture code, the numerical hierarchy of moisture content of forest and other 

organic matter, ignition rate, combustible fuel, and positive ignition intensity. The 

advantages of the system are timeliness and accurate data. However, there are still many 

uncertainties in the potential fire risk, which should be considered. 

Santa Ana wildfire Fire Index (SAWTI) is California’s wildfire early warning system. 

SAWTI uses meteorological and fuel wetness variables as inputs to the weather research 

and forecasting (WRF) model to generate indices for the next six days (Palaiologou, 

Ager, Evers, Nielsen-Pincus, Day, & Preisler, 2019). In addition to the index, 30 years of 

weather, fuel and SAWTI climate have been developed to help understand current and 

future events. However, SAWTI can only report the wildfire risk index of four major 

cities and their adjacent areas but can not provide a detailed hazard rating diagram. 

Figure 3 is the application interface of the system. 

Figure 2 Structure of the FWI System (Canada Natural Resources) 
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Once all the background information is ready, a standard processing tool helps to 

integrate data. Python is good programming software that can effectively use the arcpy 

programming language provided by ESRI to process images. Thus, for different 

requirements, python’s programming capabilities have different coping styles. Schaefer, 

Schwitters, and Weiser (2018) used python to make a script that can process images to 

obtain stratigraphic profiles. The authors first set research objectives and research 

questions according to customer needs. The research problem is the framework of the 

overall project. According to the framework, the workflow is refined. Project content is 

mainly divided into data resource demand and economic cost analysis. The authors make 

the workflow clear by constructing the relationship diagram and flow chart. In addition, 

the establishment of the project needs to consider the maximization of economic benefits. 

The authors not only consider the economic benefits of databases. The author also 

analyzes the maintenance cost of labour costs. The author’s analysis method has enough 

details to support the trust of the project. To conclude, A set of detailed workflow designs 

Figure 3 SAWTI web surface 
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can produce excellent script tools. A successful script can significantly improve the 

efficiency of repetitive work.  

2.11 Summary 

In the literature, the authors strictly followed the realistic physical laws and chemical 

actions, which laid a foundation for the scientific wildfire analysis. In conclusion, the 

wildfire prevention system is based on analyzing historical wildfire events and current 

environmental information to assess future fire risk. Consequently, complex 

environmental and social information is essential in the preparatory work. After obtaining 

accurate map data, the spatial relationship between variables can be analyzed 

scientifically according to the statistical correlation calculation. A script can get a 

scientific distribution map of wildfire risk assessment using a script to overlay all maps. 
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Chapter 3: Methodology 

The workflow used in this study is as follows:  

1) Creating the independent and dependent variable layers  

2) Model data processing 

3) Implementation of the Random Forest model 

4) Implementation of the Logistic Regression model 

5) Model validation and comparison 

6) Generate a wildfire probability map 

3.1 Study area 

Angeles National Forest (ANF) is located northeast of Los Angeles (LA). The location is 

shown in Figure 4. The forest resources in the study area cover about 2,0000 hectares of 

land. Through the satellite images, it can be clearly found that the forest areas are closely 

connected with the urban fringe. Summer is hot and dry. The selected area is covered by 

Figure 4 Location of Study Area 
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shrub, and oak forests and at high altitudes by pine and fir. The study area is 

characterized by abundant fuel, large altitude difference, long dry season, and human 

activity area. Almost every year, many fire accidents are caused by human and natural 

factors. However, there is not enough research to contribute to the direction of fire 

protection in the study area. Therefore, it is necessary to put forward a highly effective 

wildfire prevention program. 

3.2 Information sources 

The data to be obtained include a LiDAR image, Landsat 8 satellite image, road map, and 

historical wildfire records. 

Opentopography provides free high-resolution terrain data. LiDAR data used in this study 

is from Opentopography. LiDAR data is applied to generate DSM and DEM. 

ESRI online users can use Landsat 8 images. The cell size is about 15*15m. These data 

can not only be used as the reference of the base map but also as the output of water 

resources and vegetation coverage image. 

The Open Street Map (OSM) provides a road map of California. The cutting tool of 

ArcGIS outputs the road map in the study area. 

National Oceanic and Atmospheric Administration (NOAA) provides more accurate 

climate data references as a national meteorological agency. 

The wildfire historical archives provided by the government and institutions have high 

practical value. Wildfire historical event information is from FIRMS. The Fire 
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Information of the Resource Management System (FIRMS) is provided by a department 

of NASA. FIRMS can provide real-time fire alarms and historical fire records.  

The source, resolution, and date of the variables are sorted out as shown in Table 1. 

3.3 Data preparation and processing 

This study makes a quantitative analysis on the dependence of variables on physical 

correlation and spatial correlation in forest areas. The results can reflect the spatial 

distribution characteristics of physical or ecological variables in wildfire events and their 

impact on the field. 

Table 1 Layers Information 
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Wildfire is a general term describing any non-structural fire occurring in vegetation and 

natural fuel. However, the ignition and diffusion of fire require the correct combination 

of fuel, oxygen, and heat. First, oxygen exists stably in surface space. Secondly, surface 

vegetation deposits and trees provide fuel for wildfires in forest areas. Most importantly, 

heat becomes unstable due to many factors. Water or humidity conditions determine the 

temperature in the area. In geographical space, topography also directly impacts water 

resources and fuel distribution. Therefore, according to the three elements of ignition and 

the spatial information in the study area. In this study, 10 variables were analyzed based 

on 5 driving factors.: surface vegetation accumulation, vegetation distribution, TWI, 

human facility coverage area, river, slope, terrain, slope direction, temperature, and 

precipitation. 

 
Figure 5 Historical wildfire point data map 
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3.3.1 Wildfire history catalog 

Fire probability analysis requires statistics of historical wildfire events. The wildfire 

directory is a wildfire record map made from the spatial information of the fire points that 

have occurred. According to the historical records of wildfire in the study area and the 

boundary of the study area obtained by FIRMS, the wildfire directory in this study is 

made. NASA’s MODIS data shows that the study area has 432 features, representing the 

wildfire hotspots of the past 20 years. These data can list the history of wildfires in this 

study. Figure 5 is the generated wildfire history map. Figure 6 is the density map of the 

fire point. According to the fire point density map, it can be found that wildfires mostly 

occur in the northern part of the study area. 

 
Figure 6 Fire point density diagram 
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3.3.2 LiDAR image processing  

The first is to check whether the cloud point classification is correct. The unclassified or 

unassigned points are identified to check whether a further classification is needed. The 

classification elements of the study area should have the contents in Table 2.  

The elevation can be calculated using the Las dataset to raster tool in ArcMap. The 

ground class can be used to create a digital elevation model (DEM). The results are 

shown in Figure 7. 

Figure 7 DEM 

Table 2 LiDAR Point Classes 1.4 
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The high vegetation class can be used to create a digital surface model (DSM). The 

results are shown in Figure 8. 

3.3.3 Fuel information 

There are two types of fuel: surface leaf deposits and vegetation fuel. 

1) Surface leaf deposits 

The fallen leaves of coniferous and broad-leaved trees accumulate on the ground. Leaves 

on the ground will gradually lose water and become flammable deposits. Canopy height 

can reflect the region’s accumulation degree of surface deciduous leaves. Therefore, 

CHM will be used as a fuel layer for surface deposits. 

The vegetation height map adopts the CHM layer, and the data of this layer is obtained 

by subtracting DEM from DSM. Due to the data error, CHM contains many negative 

values, which is inconsistent with the actual situation. Therefore, Using the average value 

Figure 8 DSM 
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converts the cell size from 1*1m to 3*3m and removes the remaining negative cells. 

Figure 9 is a generated canopy height distribution map. 

Figure 9 CHM 

Figure 10 Landsat image map 
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2) Vegetation fuel 

Land cover maps represent combustible vegetation types, i.e., as representatives of fuel 

types, because they reflect potential interactions with human components. In Figure 10, 

the study area is covered by a large area of green vegetation. 

The fuel’s type, density, and location need to be used as a single layer variable. Landsat 

satellite images can be used to identify the distribution of land cover. According to the 

difference in light wave reflection of surface objects, the information on cover types of 

excavated land can be analyzed (Faria, Rodrigues, Curado, Gaio, & Nogueira, 2018). 

Landsat 8 satellite images can calculate NDVI images to reflect vegetation coverage in 

the study area. Because vegetation, bare soil, and water have different reflectance to 

different bands of satellites, they can be used to identify vegetation coverage. We can run 

Figure 11 NDVI 
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a Raster Calculator in ArcMap to calculate satellite images. Landsat 8 satellite images use 

band4 and band5 for red and near-infrared waves. The calculation formula is as follows: 

𝑇𝑇𝐷𝐷𝑁𝑁𝑁𝑁 =
𝑆𝑆𝑅𝑅𝑃𝑃𝐴𝐴𝑆𝑆(𝑏𝑏𝐴𝐴𝑃𝑃𝑏𝑏5) − 𝑆𝑆𝑅𝑅𝑃𝑃𝐴𝐴𝑆𝑆(𝑏𝑏𝐴𝐴𝑃𝑃𝑏𝑏4)
𝑆𝑆𝑅𝑅𝑃𝑃𝐴𝐴𝑆𝑆(𝑏𝑏𝐴𝐴𝑃𝑃𝑏𝑏5) + 𝑆𝑆𝑅𝑅𝑃𝑃𝐴𝐴𝑆𝑆(𝑏𝑏𝐴𝐴𝑃𝑃𝑏𝑏4)

 

The calculated result is a raster. The range is generally between - 1 and 1: the negative 

value represents water and snow; 0 represents rock and bare soil; medium positive area 

indicates low vegetation coverage; high positive area indicates high vegetation coverage 

(Hare, 2020). 

The NDVI index was used to calculate the normalized vegetation index (NDVI) using the 

15-meter resolution Landsat remote sensing image. NDVI > 0.2 in Figure 11 indicates 

that the area is covered with vegetation. As shown in Figure 12, NDVI ≥ 0.2 is the fuel-

Figure 12 Distribution map of vegetation cover and non-vegetation cover areas 
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covered area, and NDVI < 0.2 is the non-fuel-covered area. In the model analysis, 

samples with NDVI < 0.2 were converted to 0 to indicate non-fueled areas. 

3.3.4 Climate factors 

ANF is in the Mediterranean climate zone with a mild climate. The three hottest months 

of the year are July to September. Rainfall in the region is uneven over the year, which is 

generally rainy in winter and rainless in summer. The hot and dry summer months are 

also the reason for the high incidence of wildfires.  

Even though ANF and Los Angeles are adjacent to each other, the heat island effect and 

elevation differences result in the study area not being able to use weather forecast data 

from Los Angeles directly. The current study used the Kriging method to analyze 

historical NOAA observations in and around the study area. Temperature variables were 

Figure 13 ANF Average Annual Precipitation in 2020 
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collected from 21 observation sites. The precipitation variables were collected from 20 

observation sites. These stations are irregularly distributed in or around the study area. 

The Spherical semi-variogram model provided by the ordinary kriging method explores 

the spatial relationships and variations of the data between observations. The search 

radius uses 12 points in the vicinity. The basic idea behind the Krieger method is to 

combine data from different locations (e.g., temperature and precipitation) and use their 

spatial patterns of variation to predict what will happen in other areas where no 

measurements are available.  

Figure 13 shows the distribution map of annual rainfall in 2020. Figure 14 shows the 

temperature distribution map from June to September 2020. According to Figures 13 and 

14, it can be found that the rainfall in the north is slightly more than that in the south, but 

the temperature in the north is slightly lower than that in the south. 

Figure 14 Monthly average highest temperature during June to September in2020 
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3.3.5 Topographic Wetness Index (TWI) 

Humidity conditions can affect fuel accumulation and moisture, thereby affecting the 

probability of fire. Due to the small area of the study area, this does not show a clear 

temperature difference to avoid excessive interference error in the analysis process. The 

temperature layer is not used in this study. TWI can quantify topography control over 

basic hydrological processes because TWI helps identify rainfall-runoff patterns, areas of 

potential soil water content increase, and ponding areas. Therefore, the visual 

representation of rainfall is to use the TWI layer. 

𝑇𝑇𝑇𝑇𝑁𝑁 =  ln(
𝛼𝛼

𝑆𝑆𝐴𝐴𝑃𝑃𝛽𝛽
) 

(α is the catchment area per unit contour length; β Is the slope.) 

Figure 15 Topographic wetness index map 
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Figure 15 is a TWI map. TWI is calculated using DEM. The water content of biofuels is 

affected by soil moisture, affecting the heat required for plants to ignite. As shown in the 

Figure 15, when the TWI value is in the range of 10 to 30, it indicates that the soil 

wetness tends to be saturated after rainfall. When 1.2 < TWI < 10, the regional wetness is 

low. 

3.3.6 Road distance 

The road layer was downloaded from the OSM website, as shown in Figure 16. The road 

map includes primary way, residential way, tertiary way, motorway, and service way. 

The Buffer Strip tool creates threat levels for road and wildfire risk. The buffer zone can 

meet the reasonable distance of artificial fire factors. In addition, the road distance 

coefficient and residential area distance coefficient need to be considered. There are 329 

buildings in the study area, and the buildings are all built within 100 meters of the 

Figure 16 ANF Road map 
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immediate roadway. The impact of residential areas and roads overlap, so the residential 

distance factor was dropped.  

The area within 100 meters of the road was set as a high-risk area in this study. The risk 

of wildfire decreases as one moves away from the road. When the area is beyond 1,000 

meters from the road is considered as a low-risk area. As shown in Figure 17, the 

classification of wildfire risk levels and road distances is divided into seven unique 

values: 100 m, 200 m, 300 m, 400 m, 500 m, 600 m, and 1,000 m. 

3.3.7 River distance 

The Landsat 8 satellite image can extract a clear boundary water map. The extracted 

water map can find the area and shape of the water body in the study area. This layer can 

be used to create a fire impact buffer map. 

Figure 17 Road distance factor diagram 
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Considering that water and snow have a strong absorption ability to near-infrared waves, 

the normalized water index (NDWI) is used to extract water from landsat8 images.  

𝑇𝑇𝐷𝐷𝑇𝑇𝑁𝑁 =
p(Green) − p(NIR)
p(Green) + p(NIR)

 

In the Raster Calculator, entered the following formula: 

(Float(“B3“) – Float(“B5“)) / (Float(“B3”)+ Float(“B5”)) 

There are river interruptions in the generated results. The reason may be caused by the 

low resolution of the satellite images. Therefore, the manual connection of the interrupted 

river elements was performed based on the DEM and satellite images. The results are 

shown in Figure 18. 

As long-standing water resources, rivers and lakes will continue to increase the wetness 

in the surrounding environment. Therefore, the landscape pattern of water resources has a 

Figure 18 River and water area map 
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positive impact on reducing wildfire probability (Nielsen et al., 2016). The relationship 

between water area and river is similar, and only the river distance factor is considered. 

In this study, the river distribution map uses the buffer configuration consistent with the 

road distribution map. However, hydrological conditions where the distance from the 

river means a higher wildfire risk. Areas closer than 1,000 meters are low-risk areas. As 

shown in Figure 19, the classification of wildfire risk levels and river distances is divided 

into seven unique values: 100 m, 200 m, 300 m, 400 m, 500 m, 600 m, and 1,000 m.  

3.3.8 Terrain influence 

Terrain data includes a slope, aspect, and relief.  

Figure 19 River distance factor map 
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The slope has an impact on the generation of forest fires. The gradient directly affects the 

change of moisture content of combustibles. Slopes less than 25° can be considered as 

flat or gentle slopes. Slopes between 25°-35° are steep slopes. Slopes greater than 35° are 

craggy. The classification results are shown in Figure 20. The gradient is steep, 

precipitation is easy to lose, and combustibles are easy to dry. On the contrary, the slope 

is gentle, the water retention time is long, the forest land is wet, and the moisture content 

of combustibles increases. However, if vegetation is sparse on steep slopes, wildfire 

probability is also reduced in the absence of fuel. The gradient also has a significant 

impact on heat transmission. For an uphill fire, the intensity of convective heat and 

radiant heat received by combustibles increases, so the fire spreading speed increases, 

while it is the opposite for downhill fire. The Slope tool in the 3D analyst tool is used to 

Figure 20 Slope map 
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analyze DEM to obtain the slope layer, and the results can be classified according to 

natural features. 

Aspect has an impact on the generation of forest fires. Due to different slope directions 

and different exposure to sunlight, there are differences in temperature, wetness, soil, and 

vegetation. Generally, the south slope receives long sunshine, high temperature, low 

wetness, dry soil, and vegetation, which is prone to fire. After the fire, it spreads rapidly, 

followed by the west slope, East slope, and north slope. Using the Aspect tool to analyze 

DEM, the aspect layer is obtained and classified according to the orientation of the slope. 

The results are shown in Figure 21. 

Relief has an impact on the generation of forest fires. Different slope positions affect the 

redistribution of water and heat. If the relief is greater, the terrain would be more broken. 

With the increase of topographic relief, the land cover will become simpler. 

Figure 21 Aspect map 
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Relief is the maximum relative elevation difference per unit area, a quantitative index 

describing geomorphic morphology. The formula is as follows: 

𝑅𝑅 = 𝐻𝐻𝑚𝑚𝑝𝑝𝑚𝑚 − 𝐻𝐻𝑚𝑚𝑖𝑖𝑖𝑖 

R represents topographic relief. 𝐻𝐻𝑚𝑚𝑝𝑝𝑚𝑚 represents the maximum elevation value per unit 

area, and 𝐻𝐻𝑚𝑚𝑖𝑖𝑖𝑖 represents the minimum elevation value per unit area.  

The Focal Statistics tool in  the Neighborhood Analysis calculates the DEM using the 

maximum value in the neighborhood and the minimum value in the neighborhood 

respectively and generates 𝐻𝐻𝑚𝑚𝑝𝑝𝑚𝑚 and 𝐻𝐻𝑚𝑚𝑖𝑖𝑖𝑖. 

Then input relief’s calculation formula in the Raster Calculator to subtract the minimum 

value layer from the maximum value layer obtained by neighborhood analysis. Figure 22 

shows the topographic relief of the study area. 

Figure 22 Relief map 
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3.4 Model data preprocessing 

The first thing to do is to grid the research area, which can standardize the data in the 

grid. As shown in Figure 23, The entire study area is processed into a grid map using 

100*100m cells. It is assumed that the conditions in the cell are consistent. If a fire has 

occurred in the cell, it means that the factor conditions of the cell are more prone to fire. 

Otherwise, it means that fire should not occur. 

The mean value in the cell is used as the value of the sampling point, which combines the 

fire point and various independent variables. Table 3 Statistics the information of all 

samples in the grid. 

Figure 23 Distribution map of sample points 
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The sample points are divided into three categories according to the location distribution: 

fire point, near point, and far point. 

Table 3 Variables data statistics 
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After the cells in the grid are classified, it is shown in Figure 24. There are 433 fire points 

as fire-prone types. A total of 7,217 samples were randomly sampled at the far point as 

the type not prone to fire. 2,550 non-fire points were selected for a separate validation set 

by random sampling. In addition,  the near-fire points are cells without fire events, but the 

near-fire point cells are adjacent to the fire point cells. However, the environmental 

factors near the fire point are the same, as those at the fire point, which may produce 

interference errors. Therefore, the near-fire point samples are not used in the modelling 

process. After processing, as shown in Figure 25. 

The modelling analysis needs to collect the factor information in the overlapping area of 

the same cell at the fire point. Non-fire points also need to collect factor information in 

the overlapping area of the corresponding cell. The zonal statistics tool calculates the cell 

average value of cell data in each corresponding cell or directly uses the spatial join 

function to count the data of driving factors into the attribute table of the grid. 

Figure 24 Fire point and surrounding distribution 
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The zonal statistics tool calculates the cell average value of grid data in each 

corresponding grid or directly uses the spatial join function to count the data of driving 

factors into the attribute table of the grid. The sample points are converted into a data 

table in XLS format, which can be read by the model. 

3.5 Model implementation 

The fire occurrence probability map is based on: 

1) Ignition point denoted as "1" and non-ignition point denoted as "0" as dependent 

variables. 

2) 5 driving factors were treated as 10 independent variable layers: NDVI, CHM, 

slope, aspect, relief, road distance coefficient, river distance coefficient, 

temperature, precipitation, and TWI. 

Figure 25 Distribution map of Fire points 
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3) Modelling of the independent and dependent variables using R language. The 

modelling process includes sampling, significance assessment, multicollinearity 

assessment, LR modelling, RF modelling, and evaluation. 

3.5.1 Implementation of the Stochastic Random Forest Model 

The Random Forest model is used to model the sample point data. The result is the 

probability diagram of fire occurrence. Considering the ability of RF to resist overfitting 

and ignore multicollinearity interference, 10 wildfire variable layers (slope, TWI, 

road_ring, relief, river_ring, CHM, NDVI, temperature, precipitation, and aspect) were 

used in the RF modelling. In the actual modelling process, we will not use all the data to 

train the model, because compared with the performance of the model data set in training, 

we pay more attention to the prediction performance of the model in the test set, that is, 

the data not encountered by our model.  

Beginning, 75% of samples are used to train the Random Forest model, and 25% of 

samples are used to test the model (out of the bag, OOB). The process of selecting 

samples is completely random. After the training and test sets were created, the random 

forest sampling method was used for data balance. The balance ratio is 1:5, which is the 

ratio of occurrence point data sample size to non-occurrence sample size is 1:5. In the 

fitting process, the principle of classification is a voting method, and the prediction 

principle is a simple average.  

The default values of mtry and ntree in the R package are 2 and 500 respectively; 

however, they should be adjusted appropriately for different data contents. In this study, 

the values of mtry and ntree were tested and compared using the traversal function. In 
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Figure 26, the green line is the error rate of 1, the red line is the error rate of 0, and the 

black line is the error rate of OOB. When mtry=2 and ntree>800, the error is minimum 

and stable. So, using the 1,000 trees in this study gives high accuracy results.  

The confusion matrix can initially determine the accuracy of the model. In addition, the 

confusion matrix is also the basis for generating ROC. Therefore, the confusionMatrix() 

function is used in the model to generate the confusion matrix and the accuracy index. 

The results of multicollinearity among variables can also be found in the confusion 

matrix results. Although the RF model is not affected by multicollinearity, it can still be 

used to compare and validate the results with those of the LR model. 

Next, the ROC curves of the training set and test set of model operation are drawn 100 

times. The ROC curve is a smooth curve fitted to the coordinate points of the true 

Figure 26 Ntree ergodic result 
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positive rate and false positive rate calculated from the average of the diagnostic test 

results. 

‘Importance’ sets whether to output the importance of dependent variables in the model. 

If a variable is removed, the proportion of the increase in model variance is one of the 

criteria for judging the importance of the variable. Then, sort the importance of variables 

and output the importance Figure and table. 

Select the random number seed with the highest AUC value in the test set for the next 

prediction, and finally output the prediction function of the RF model to the grating 

package. 

3.5.2 Variables importance ranking analysis 

Using the random forest to evaluate the importance of features is to explore how much 

each feature contributes to each tree in the random forest. Then, the contribution between 

features is compared according to the average value. The contribution will affect the 

accuracy of the model. Usually, the Gini index or out-of-bag data (OOB) error rate can be 

used as an evaluation index to measure.  

OOB evaluated the codes in this study. The random forest will draw samples randomly 

and with put-back when generating each decision tree, and each decision tree will have 

roughly 1/4 of the samples not drawn, and these samples are the OOB samples of each 

tree.  

𝑋𝑋 = �
(errOOB2− errOOB1)

ntree
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Every sample in the dataset can be used as test data. About 1/e of the trees in the forest 

are OOB, then this 1/e of trees constitutes the forest of prediction samples. The total 

ERROR is calculated using the simple voting method for the classification result. 

The steps to calculate the importance of feature X are as follows. 

1) For each decision tree, the corresponding OOB is selected to calculate the out-of-

bag data error, denoted as 𝑒𝑒𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑒𝑒1. 

2) Randomly change a value for the OOB data to become noise interference. After 

calculating the out-of-bag data error again, mark it as 𝑒𝑒𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑒𝑒2. 

3) Assuming that there are K trees in the forest, the importance of feature X: 

𝑋𝑋 = �
(𝑒𝑒𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑒𝑒2 − 𝑒𝑒𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑒𝑒1)

ntree
 

If the addition of random noise significantly increases the 𝑒𝑒𝑟𝑟𝑟𝑟𝑒𝑒𝑒𝑒𝑒𝑒2, this means that the 

feature X has a significant impact on the prediction results of the sample. In other words, 

feature X is critical. 

3.5.3 Multicollinearity analysis of factors 

The multicollinearity problem is an independent variable those other independent 

variables can linearly represent. If there is a multicollinearity problem, the variance will 

also be huge when solving the least-squares. It is estimated that the results will be very 

unstable. The regression coefficient of unimportant variables is estimated to be large, or 

the regression coefficient of important variables is estimated to be small, resulting in 

wrong judgment. 
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Collinearity mainly investigates whether there is a linear relationship between 

independent variables. Therefore, we should consider the linear regression fitting of 𝑋𝑋𝑗𝑗 to 

𝑋𝑋−𝑗𝑗 and the resulting decisive coefficient 𝑅𝑅𝑗𝑗2. If there is a strong linear relationship 

between independent variables, 𝑅𝑅𝑗𝑗2 will be large, even close to 1. Therefore, it can be 

defined as: 

𝑁𝑁𝑁𝑁𝐹𝐹𝑗𝑗 =  
1

1 − 𝑅𝑅𝑗𝑗2
 

𝑁𝑁𝑁𝑁𝐹𝐹𝑗𝑗  is the variance expansion factor. If the value is greater than 10, it is considered that 

there is a strong collinearity problem. 

Setting 𝑋𝑋𝑗𝑗 = (𝑒𝑒1𝑗𝑗,⋯ ,𝑒𝑒𝑖𝑖𝑗𝑗)𝑇𝑇,𝑋𝑋−𝑗𝑗 = (𝑒𝑒1,−𝑗𝑗,⋯ ,𝑒𝑒𝑖𝑖,−𝑗𝑗)𝑇𝑇 ∈ 𝑅𝑅𝑖𝑖×(𝑝𝑝−1). At the same time, 

𝑇𝑇𝑋𝑋−𝑗𝑗 = 𝑋𝑋−𝑗𝑗(𝑋𝑋−𝑗𝑗𝑇𝑇 𝑋𝑋−𝑗𝑗)−1𝑋𝑋−𝑗𝑗𝑇𝑇 is projection matrix. �̂�𝛽𝑗𝑗 variance can be proved to be 

satisfied： 

𝑁𝑁𝐴𝐴𝑟𝑟��̂�𝛽𝑗𝑗� =
𝜎𝜎2

𝑋𝑋𝑗𝑗𝑇𝑇(𝑁𝑁 − 𝑇𝑇𝑋𝑋−𝑗𝑗)𝑋𝑋𝑗𝑗
=
𝜎𝜎2

𝑆𝑆𝑚𝑚𝑚𝑚

1
1 − 𝑅𝑅𝑗𝑗2

 

When the model contains only 𝑋𝑋𝑗𝑗, the variance of estimator �̂�𝛽𝑗𝑗 is 𝜎𝜎
2

𝑆𝑆𝑥𝑥𝑥𝑥
. Therefore, 1

1−𝑅𝑅𝑗𝑗
2 

expands the variance of �̂�𝛽𝑗𝑗. Then, 𝜆𝜆𝑖𝑖  is the eigenvalue of 𝑋𝑋𝑇𝑇𝑋𝑋. 𝑟𝑟𝑖𝑖  is the condition number 

of characteristic root 𝜆𝜆𝑖𝑖 . 

𝑟𝑟𝑖𝑖 = �
𝜆𝜆1
𝜆𝜆𝑖𝑖
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Multicollinearity means that the model estimation is distorted or difficult to estimate 

accurately due to the accurate correlation or high correlation between the explanatory 

variables in the linear regression model. 

Generally, the model design is improper due to the limitation of economic data, resulting 

in the general correlation between explanatory variables in the design matrix. 

The vif() function in Rstudio software is used to calculate the covariance coefficient 

between variables. When VIF<7, there is no multicollinearity; when 7<=VIF<10, there is 

lighter multicollinearity; when VIF>=10, there is severe multicollinearity. The results are 

shown in Table 4. There was slight multicollinearity between temperature (VIF=7.575) 

and precipitation (VIF=7.627). Considering that there is no rainy season in the study area 

from May to October, the rainfall layer is not used in LR analysis. The multicollinearity 

was assessed again after removing the rainfall variable. The result (the second row of 

Table 4) showed no multicollinearity among the nine variables. 

3.5.4 Logistic regression model implementation 

LR will analyze wildfire records in the study area (2000-2020). Nine independent 

variables include NDVI, CHM, slope, aspect, relief, road distance coefficient, river 

distance coefficient, temperature, and TWI. R language code programming with Rstudio 

software will complete the calculation process.  

Table 4 Multicollinearity results 
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First, to establish an LR model, sample the data and create a training set (75%) and test 

set (25%). The process of selecting data is completely random. R language’s glm() 

function allows binomial logistic regression analysis of variables. The family is set using 

Binomial in the LR model, and the SX column in the training set is defined as the 

dependent variable. After the logistic regression operation, output the ROC diagram. 

Finally, the value of wildfire risk distribution is predicted according to LR data output. 

In the glm() function, one can find that logistic regression is essentially linear regression. 

The operational procedure adds a layer of function mapping to the mapping from features 

to results. g(z) can map continuous values between 0 and 1. The expression of the linear 

regression model is brought into g(z) to obtain the expression of the logistic regression. 

ℎ𝜃𝜃(𝑒𝑒) = 𝑔𝑔(𝜃𝜃𝑇𝑇𝑒𝑒) =
1

1 + 𝑒𝑒−𝜃𝜃𝑇𝑇𝑚𝑚
= 𝑔𝑔(𝑧𝑧) =

1
1 + 𝑒𝑒−𝑧𝑧

 

𝜃𝜃 are the matrix parameters. X is the independent variable. T denotes transposition. e is 

Euler constant. 

Now we normalize the value ℎ𝜃𝜃(𝑒𝑒) of y to (0,1) through the logistic function. The value 

of Y has a special meaning, which represents the probability that the result takes 1. 

Therefore, for the input x, the probability that the classification result is category 1 and 

category 0 are respectively:  

𝑇𝑇(𝐴𝐴 = 1|𝑒𝑒;  𝜃𝜃) =  ℎ𝜃𝜃(𝑒𝑒) 

𝑇𝑇(𝐴𝐴 = 0|𝑒𝑒;  𝜃𝜃) =  1 − ℎ𝜃𝜃(𝑒𝑒) 

(y denotes the category to which the dependent variable belongs. ) 
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The modelling methods of Logistic Regression and Random Forest can effectively 

compare the accuracy of the model. The RF model will be used to explore wildfire 

history and fuel and the importance of each variable (Oliveira et al., 2012; Guo et al., 

2016). The ROC curves of the RF model and LR model can clearly show the accuracy 

difference between the two models. The results can show the contribution and influence 

of different independent variables on dependent variables. The final potential wildfire 

risk model can be obtained by verifying and comparing the two models. Finally, the map 

generated by the model with high accuracy will be used as the final potential wildfire risk 

assessment map. 

3.5.5 Comparison of classification results 

The RF model and the LR model can output two risk classification results. The results are 

compared and analyzed to find the differences in detail. The difference in accuracy 

between the two wildfire risk maps can be compared using overall accuracy and Cohen’s 

Kappa.  

The overall accuracy is the percentage of overlapping areas in the same classification 

cells. If the risk level overlap area of the same classification occupies a larger space, then 

the risk distribution of the two maps is more similar. The calculation is as follows: 

𝑒𝑒𝑂𝑂𝑒𝑒𝑟𝑟𝐴𝐴𝑅𝑅𝑅𝑅 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑟𝑟𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑆𝑆𝐴𝐴𝑆𝑆 𝑃𝑃𝑆𝑆 𝑏𝑏𝑃𝑃𝐴𝐴𝑔𝑔𝑃𝑃𝑃𝑃𝐴𝐴𝑅𝑅  𝑏𝑏𝐴𝐴𝑆𝑆𝐴𝐴
𝑆𝑆𝐴𝐴𝑆𝑆 𝑃𝑃𝑆𝑆 𝑆𝑆𝑃𝑃𝑆𝑆𝐴𝐴𝑅𝑅 𝑏𝑏𝐴𝐴𝑆𝑆𝐴𝐴

× 100% 

Cohen’s kappa measures the agreement between the two classification results. Cohen’s 

Kappa is calculated as follows (Cohen’s Kappa, 2022): 
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𝐾𝐾𝐴𝐴𝑝𝑝𝑝𝑝𝐴𝐴 =
2 × (𝑇𝑇𝑇𝑇 × 𝑇𝑇𝑇𝑇 − 𝐹𝐹𝑇𝑇 × 𝐹𝐹𝑇𝑇)

(𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇) × (𝐹𝐹𝑇𝑇 + 𝑇𝑇𝑇𝑇) + (𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇) × (𝐹𝐹𝑇𝑇 + 𝑇𝑇𝑇𝑇)
 

Kappa values can explain the relationship between two classification results. Landis and 

Koch (1977) considered 0-0.20 to be slight, 0.21-0.40 to be fair, 0.41-0.60 to be 

moderate, 0.61-0.80 to be substantial, and 0.81-1 to be almost perfect. 

The Tabulate Area tool calculates cross-tabulated areas between two datasets and outputs 

a table that can be used to calculate overall accuracy and Kappa coefficients.  

3.5.6 R language code programming 

Both Logistic Regression (LR) and Random Forest (RF) will be programmed using 

Rstudio software (Version 4.1106) for the R language (Random Forest Methods for 

Regression in R Programming, 2020) code. 

The packages used are as follows: 

library(readxl): read excel files. 

library(rgdal): supports spatially referenced reading and writing supported raster. 

library(raster): geodata processing package based on the underlying rgdal library. 

library(randomForest): provides functions for solving classification and regression 

problems using random forest algorithms 

library(AUC): threshold independent performance measures for probabilistic classifiers. 

library(matrixStats): computes multidimensional confusion matrices 
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library(car): calculate multicollinearity of variables 

library(caret): provides a uniform interface to functions, as well as normalization for 

common tasks 

library(pROC): plots ROC curves 

library(tidyverse): a package to simplify data processing and analysis. 

The R language code for the model is shown in the Appendix. 
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Chapter 4: Results and Discussion 

The results generated directly by running the script include variables importance ranking, 

ROC curve, and probability matrix raster wrapping. 

4.1 Variables importance ranking 

The RF model ranked the importance of 10 variables. In Figure 27, the order of 

importance ranking from high to low is Precipitation, Temperature, CHM, NDVI, Aspect, 

TWI, Slope, Relief, Road_ring, and River_ring. Table 5 shows the scores of variables. 

Firstly, adequate rainfall can be directly effective in reducing the probability of a 

wildfire. If an area does not have a rainfall event for a long enough period, then the area 

will become dry enough to cause the fire to re-occur. Importantly, climatic conditions in 

ANF areas tend to be rainless seasons accompanied by high temperature factor. 

Temperature is one corner of the triangle of fire initiation factors. The higher the 

temperature, the higher the probability of a wildfire disaster. Therefore, temperature 

variables also play a dominant role in wildfire initiation. 

Figure 27 Variables importance diagram 
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Secondly, vegetation significantly impacts fire ignition in the study area. Canopy height 

and vegetation cover index are the most critical drivers in the RF model. The two 

variables involve the fuel distribution area and fuel accumulation degree, which directly 

affect the scope and probability of wildfire. 

Thirdly, three terrain variables and TWI are significant predictors in the RF model. The 

ANF study area’s slope aspect, topographic relief, and slope respectively are the fifth to 

eighth important variables. According to the distribution of some historical wildfire 

records, it is found that wildfire events will occur in areas with gentle slopes or low 

topographic relief. In addition, the slope direction also has a significant impact on the 

probability of wildfire. Objectively, there is no clear law to follow in the distribution of 

wildfire events, which needs to be comprehensively analyzed in combination with other 

influencing factors. For example, does the wildfire on the north slope occurs in a gradual 

area, or is it affected by the scope of human activities. Therefore, the correlation between 

variables is complex. RF model can reasonably identify the nonlinear correlation between 

variables. 

TWI is the sixth significant predictor in this study. The influence of TWI on wildfire 

driving is very close to the topographic factors. Rainfall-runoff pattern, potential soil 

Table 5 Importance values 
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water content increase area and ponding area are critical negative factors of regional fire 

risk.  

Surprisingly, roads and rivers are far less important than the other 8 wildfire drivers. 

Although the human activity area will increase the probability of wildfire events, the 

terrain conditions will limit the human activity area. High altitude areas and areas with 

significant topographic changes can reduce man-made ignition. Rivers can increase the 

wetness of the surrounding environment to reduce the release probability and diffusion 

rate of wildfires. However, removing these two variables will reduce the model’s 

accuracy by about 22% and 14%. Although the distribution of road and river variables in 

the study area is limited by other conditions, the deletion of these two variables will 

reduce the accuracy of the model. 

To summarize, the results of variable importance ranking provide the importance of 

variables in driving wildfire events. The more important the variables are, the greater the 

impact on the probability of wildfire. Roads and rivers have the lowest importance scores 

in this study. The importance scores of these two variables are greater than 10, so 

deleting these two variables will have a negative impact on the accuracy of the model. 

Removing any of the variables will reduce the contribution of the variables to the RF 

model. Therefore, the RF model analyzed 10 variables. 

4.2 Confusion Matrix Comparison 

The confusion matrix is the basis for plotting the ROC curve and can be used as an initial 

measure of the model’s accuracy. Figure 28 and Figure 29 respectively are the confusion 
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matrix of LR and the confusion matrix of RF. The information of the confusion matrix 

and accuracy needs to be focused. 

The confusion matrix shows that the second and fourth quadrants of the LR model test 

sets perform better than the first and third quadrants. In the confusion model of the RF 

model test set, the values in the second and fourth quadrants are much higher than those 

in the first and third quadrants, and there is a significant difference.  

The result of transforming the quantities in the confusion matrix into a ratio between 0 

and 1, which facilitates a standardized measure. 

𝐹𝐹1 = 2 ×
Precision × Sensitivity
Precision + Sensitivity

=
𝑇𝑇𝑇𝑇

𝑇𝑇𝑇𝑇 + 𝐹𝐹𝑇𝑇 + 𝐹𝐹𝑇𝑇
2

 

The 𝐹𝐹1-Score metric combines the results of Precision and Recall outputs. 𝐹𝐹1-Score takes 

values from 0 to 1, with 1 representing the best output of the model and 0 representing 

Figure 28 Confusion Matrix of LR Figure 29 Confusion Matrix of RF 
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the worst output of the model. By calculating the 𝐹𝐹1- score, 𝐹𝐹1 =0.9638 for the LR model 

and 𝐹𝐹1 =0.9934 for the RF model. The RF model has much better accuracy than the LR 

model in terms of confusion matrix data with nearly perfect scores. 

4.3 The ROC curve evaluation 

A ROC curve actually represents countless classifiers, so the ROC curve describes the 

process by the classifier performance changes with the change of classifier threshold. The 

area under the curve is only one important feature. The model recognition ability is more 

vital when the area is closer to 1. 

Figure 30 shows the model evaluation curve. During the modelling process, there are two 

sample sets: one data set (75% of the samples) is used for modelling, and the other data 

set (25% of the samples) is used to verify the model. The two curves are the modelled 

Figure 30 RF ROC curve 
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ROC curve and the verified ROC and correspond to the AUC value. The higher the AUC 

value, the higher the accuracy of the response model. 

The training dataset (AUC = 0.96) and the testing dataset (AUC = 0.89) perform 

excellently in the RF model. The same data set is used for Logistic Regression, and the 

ROC curve is used for the accuracy evaluation of the model. In the LR model results 

shown in Figure 31, the training dataset (AUC = 0.68) and the testing dataset (AUC = 

0.81) have the average accuracy performance. LR model and RF model use the same data 

set for Logistic Regression and the same model accuracy evaluation method (ROC 

curve). Comparing the AUC, the accuracy of the LR model is much lower than that of the 

RF model.  

In this study, there is a nonlinear relationship between wildfire driving factors. The causal 

relationship between complexity and randomness makes the RF model obtain high-

Figure 31 LR ROC curve 
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quality and accurate results. However, the LR model is more suitable for analyzing linear 

data. The complex spatial correlation of natural disasters is difficult to get the ideal 

results from the linear analysis model. In addition, LR models usually underestimate the 

probability of events. 

4.4 Results of the validation set 

Figure 32 is ntree ergodic result by validation set. The validation set (2,550 samples) is a 

sample set independent of the training (1912 samples) and testing (638 samples) sets. The 

validation set can check the reasonableness of the parameter settings and overfitting 

problems.  

After traversing the parameters of the RF model using the validation set, it was found that 

the error of the model stays flat after the value of ntree is greater than 900. Although the 

number of samples in the validation set is half of that in the training set, the results are 

Figure 32 Ntree ergodic result by Validation set 
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still within the parameters of the training set. Therefore, applying the parameters in the 

training and test sets is plausible. 

Figures 33 and 34 are ROC curves of the verification set. The validation set of the RF 

model outputs an AUC=0.87. The validation set of the LR model outputs an AUC=0.82. 

Figure 33 RF validation set ROC curve 

Figure 34 LR validation set ROC curve 
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The results of the validation set are extremely like those of the test set, and there is no 

overfitting. Therefore, the results of the test set is trustworthy. 

4.5 Model results 

Ten wildfire drivers and wildfire history were modelled and analyzed based on the 

models. Finally, the models were exported using MDSplot() for the results and saved in 

raster format.  

The probability statistics histogram shows the number and statistical distribution of risk 

levels in the risk area. The probability of something happening satisfies a normal-terms 

distribution, meaning that the probability of the outcome of the thing falling within a 

certain range is fixed. 

The probability values generated by RF model results range from 0.1625 to 0.8924. The 

fitted result interval of the LR model is 0.0948 to 0.6739. In the statistical histogram 

(Figure 35) of the LR model, the data distribution resembles a normal distribution. 

However, a small number of risk values can be seen at the ends of the graph. 

Figure 35 Histogram of wildfire risk statistics of LR 
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In the statistical histogram (Figure 36) of the RF model, the data distribution resembles a 

normal distribution.  

Table 6 shows the probability of a wildfire disaster generated. The RF and LR models 

output predictions between 0 and 1. A higher value means a higher probability of a fire. 

Therefore, the risk levels were classified using the equal spacing method dividing the risk 

levels equally into 5 equally spaced intervals. In this study, the risk rating interval was 

averaged into five levels: 0-0.2 is low risk (dark green), 0.2-0.4 is lower risk (light green), 

0.4-0.6 is medium risk (yellow), 0.6-0.8 is higher risk (orange), and 0.8-1.0 is high risk 

(red).  

Table 6 Wildfire Risk Classification 

Figure 36 Histogram of wildfire risk statistics of RF 
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The risk map (Figure 37) generated by RF model shows that the probability of fire is 

Figure 37 LR Wildfire Risk Prediction Map 

Figure 38 RF Wildfire Risk Prediction Map 
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lower in the southern part of the park, while the probability of fire is generally higher in 

the northern part. Noticeably, there is an increasing risk trend in the south border region. 

However, in the wildfire risk prediction map (Figure 38) generated by the LR model, the 

park is covered by the medium risk zone and the lower risk zone. The medium risk area 

covers mainly the central and eastern regions.  
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Chapter 5: Conclusion 

ANF area has the highest fire incidence in LA. In the study area, the distribution of 

wildfire density is irregular in space and time. The probability of wildfire occurrence 

depends on the interaction between physical and man-made variables affecting fire 

ignition and spread. This study used two different methods to compare and explore 

potential wildfire risks: logistic regression and random forest. 

This study used logistic regression and random forest models to respectively analyze nine 

main driving variables and 10 main driving variables for forest fires in the Angeles 

National Forest from 2000 to 2020. The predictive power of both models is adequate for 

the prediction needs. In particular, the RF model has excellent performance (AUC=0.89). 

However, the LR model performs slightly worse (AUC=0.81). The RF model 

successfully identified and ranked the importance of the variable categories that had the 

most significant impact on ignition. Precipitation scored highest in the importance 

ranking of the final indicator system, i.e., it had the most significant impact on forest fire 

occurrence. In contrast, streams scored relatively low. 

The LR model analyzes the multicollinearity of the 10 variables. The multicollinearity 

test considers the correlation between independent variables and does not consider 

whether the excluded variables influence the dependent variable. When the variables 

were tested for multicollinearity, precipitation variable that significantly affected forest 

fire occurrence were excluded. Due to the presence of mild multicollinearity, the LR 

model retained and analyzed 9 of the 10 variables.  
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The LR model served the purpose of comparing and validating the RF model. The 

comparison of computational results reflects the great potential of RF in fire simulation. 

In other words, machine learning methods can predict future fires and their spatial 

distribution more accurately by RF methods, which can help with automatic detection 

and wildfire alarm. 

The Logistic Regression model is a traditional and commonly used linear regression 

analysis model. In wildfire prevention, LR is more suitable for analyzing factor 

conditions in simple categories because the results of analyzing linear feature data have 

better accuracy for reference. 

The random forest model is a new data analysis model in recent years. The RF model 

analyzes nonlinear data by using classification decision input. When natural conditions 

and human activities are considered comprehensively, the complex spatial correlation of 

wildfire events has become a difficult problem. Randomness, regularity, and relevance 

have become obstacles to spatial data analysis. Random Forest uses unsupervised cluster 

analysis by using high-accuracy classifiers, evaluating importance, and balancing errors.  

It should be noted that the random forest model needs a lot of data for analysis. The RF 

model to analyze the smaller study area will produce lower precision results. In this 

study, due to the small size of the study area, the use of un-uniformly formatted data 

could only generate analysis results with an accuracy of less than 60%. In the research 

process, the data needs to be processed to improve the amount of data in the region. For 

example, the data ratio of the test and training data sets changes from 1:2 to 1:3; The cell 

size is converted from 25*25m to 10*10m. In addition, although the RF model uses the 
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classification tree in the form of a strong classifier to make it random, attention should be 

paid to avoiding the pruning problem of a single decision tree in practical application, 

which may lead to overfitting. 

The analysis of overall accuracy and kappa coefficients can reflect the difference between 

the RF and LR models for risk assessment maps. In Table 7, the value 1-5 corresponds 

the risk level: low risk, lower risk, medium risk, higher risk, and high risk. Value 5 means 

high risk area. The range of values for the high risk area is 0.8-1.0. However, the highest 

risk value in the LR model is below 0.8. Therefore, there is no Value 5 in the LR model 

corresponding to Values 1-5 in the RF model. The Kappa result is -0.03, which means the 

results of the two models are less consistent than random chance. The 43.92% of cells in 

the two models are categorically identical regarding overall accuracy. Therefore, there is 

a significant difference between the risk assessment map of the RF model and the risk 

assessment map of the LR model. 

Therefore, the potential wildfire probability map generated by the RF model has more 

practical value. From the resulting diagram of the RF model, it can be found that the 

probability of fire in the south of the park is low, while it is generally high in the north. 

Table 7 A confusion matrix between the LR model and the RF model 
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The drivers that promote wildfires in the northern region are probably more abundant 

than those that reduce wildfire drive. The heat island effect in urban areas leads to 

temperatures more than 5 degrees higher than those in mountainous regions. Therefore, 

lower rainfall and higher temperature may be the reason for the increasing trend of risk in 

the southern border area of the study area. In addition, temperature and vegetation 

distribution significantly affect the probability of fire occurrence, which is the triangular 

physical law of flame combustion: hot temperature, dryness, and presence of fuel. 

In terms of research methods, the Random Forest method, machine learning method and 

multiple model hybrid method are very suitable for analyzing complex wildfire driving 

factors. After all, it is difficult to define the occurrence of wildfire as an event driven by a 

single influencing factor. However, when people want to deeply study the relationship 

between wildfire and a single influencing factor category, the linear regression model can 

show high-precision and reasonable results. Wildfire disaster has the characteristics of 

multi-dimensional, complex factors and unbalanced data. However, machine learning can 

quickly train, detect, and process data through continuous autonomous learning. In 

addition, the errors in the data can also be automatically balanced. The result will be an 

accuracy that cannot be achieved by traditional model methods (accuracy > 98%). 

From the analysis of wildfire driving factors, climatic conditions, natural conditions, and 

topographic conditions all have an important impact on the occurrence of wildfire events. 

There is also a strong correlation between human activity areas. Human behaviour can 

directly cause fires. Therefore, human behaviours should be noted. Governments, fire 

departments, and schools should take an active role in promoting wildfire prevention. 
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There are also many limitations to this study. 

1) In the data normalization step, I removed the non-fire point cells in the region 

near the fire point. Overall, the model improves the accuracy of learning during 

the training process. However, the removed non-fire point samples may be 

correlated with other non-adjacent fire point samples. 

2) The accuracy of river data in the study area should be improved. In this study, 

satellite images were used to produce hydrological layers. The problem is that the 

resolution of satellite images (15*15m) produces results that lose some narrow 

river features. In addition, the river may dry up during the drought period. The 

spectral features of that part of the river may be lost in the satellite images. 

3) The precipitation samples used in this study were collected by NOAA in 2020. 

This year is a low rainfall year compared to the rainfall in the past 20 years. 

Therefore, the effect of low values of rainfall data on the study results may be an 

elevated fire risk level. 

4) The temperature data are for the hottest four months (June to September) in the 

ANF region. Therefore, a high-temperature sample may also result in an 

overestimation of the assessed fire risk. 

5) Extreme sample data may result in a higher wildfire risk assessment. However, 

the catastrophe from wildfires is enormous. This has not happened yet, but we 

need to prepare. 

Many scholars have widely used the logistic regression model because of its stable 

prediction accuracy. However, the random forest method is still in the development stage 

in the GIS field. This study confirms the credibility of the RF model in processing 
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complex spatial data and provides a prototype of secondary development tool for the field 

of wildfire prevention. Running the RF model code based on R language on the Rstudio 

platform can be repeatedly applied to wildfire prevention by changing part of the code. In 

fact, secondary programming development has occupied a core position in GIS. Since the 

feasibility of the RF model is constantly recognized, the RF model process made in the R 

language will be widely used. As a code tool, it can be reused and easy to operate, which 

will provide an excellent convenience for further research. 

In this study, the northern area of ANF has a high potential wildfire risk. The results of 

this study can provide a clear guidance strategy for the forest fire management 

department of Los Angeles. The resources for fire prevention and control can be 

reasonably allocated, which has achieved the purpose of reducing the occurrence of 

wildfire disasters and quickly responding to disaster events. 

To summarize, the random forest method is not only applicable to the field of potential 

wildfire risk prevention but also has high reliability. From data processing, data analysis, 

and results, it can be found that the functional performance of the machine learning 

method is compelling. Through sufficient samples for training, the prediction ability of 

the machine learning method will continue to improve. Although the accuracy of the test 

set in this study was lower than that of the training set due to the small sample size, the 

results demonstrate that random forests can still provide credible results in low sample 

size wildfire risk studies. 

The drivers are complex and diverse. In my opinion, future research can consider social 

and economic factors and their role in forest wildfire. Population density, electrified wire 
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netting distribution, unemployment rate, and gross national product represent the demand 

and share of natural resources. Therefore, some social and economic factors seem 

irrelevant, but they have a far-reaching and indirect influence. Scientific and robust data 

collection methods will help to obtain accurate information. The model will deeply 

analyze both direct and indirect wildfire drivers in the region. The more wildfire drivers 

are considered, the clearer the potential wildfire risk. More importantly, a mature and 

reliable method can be applied to the different areas with the same type of variables to 

explore the regional differences in the importance level of the selected variables and the 

overall predictive ability of the model. 
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