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Abstract Effective wildfire prevention includes actions to deliberately target different wildfire causes.
However, the cause of an increasing number of wildfires is unknown, hindering targeted prevention efforts. We
developed a machine learning model of wildfire ignition cause across the western United States on the basis of
physical, biological, social, and management attributes associated with wildfires. Trained on wildfires from
1992 to 2020 with 12 known causes, the overall accuracy of our model exceeded 70% when applied to out-of-
sample test data. Our model more accurately separated wildfires ignited by natural versus human causes (93%
accuracy), and discriminated among the 11 classes of human-ignited wildfires with 55% accuracy. Our model
attributed the greatest percentage of 150,247 wildfires from 1992 to 2020 for which the ignition source was
unknown to equipment and vehicle use (21%), lightning (20%), and arson and incendiarism (18%).

Plain Language Summary Prevention of human-caused wildfires, which account for >60% of
ignitions across western United States (WUS), is an effective way of reducing wildfire risk. However, the
reported cause of an increasing number of wildfires (>50% in recent years) is unknown, challenging the
development of targeted prevention strategies. Here, we leverage the spatial and temporal characteristics of
wildfires to infer the cause of 150,247 wildfires from 1992 to 2020 in WUS with an unknown cause. Each
ignition cause was associated with distinct attributes. For example, lightning-ignited fires generally start at
higher elevations and lower vegetation greenness, whereas wildfires started by power infrastructure mainly
ignite during dry, hot, windy weather. Model accuracy in assigning an ignition cause to each wildfire among
the 12 available classes was >70% when applied to test data. Across WUS, global human modification
index, elevation, discovery day of year, fire year, and temperature on the day of ignition made the greatest
contributions to determining the causes of wildfires. The contribution of weather was lower because
wildfires start during a subset of weather conditions that are generally common between wildfires. The
overall accuracies of models developed for individual states ranged from 60% (California) to 81% (Nevada),
and the most influential attributes varied among states.

1. Introduction

The number of large wildfires—hereafter fires—increased substantially in the western United States (WUS) over
the past five decades (Abatzoglou et al., 2016; Dennison et al., 2014), with severe short-to long-term human and
environmental impacts (Khorshidi et al., 2020; Westerling et al., 2006). Climate change has substantially
increased the probability of coincident dry, hot, and windy conditions (Khorshidi et al., 2020). These conditions,
along with higher fuel density and fuel load, increased the number of fires that resulted in loss of human life or
property (Parks et al., 2015). Furthermore, synchronous extreme fire danger across the WUS (Cattau et al., 2020)
and extended fire seasons have strained fire suppression resources, and contributed to escalating fire activity due
to lack of attack or late initial attack (Balch et al., 2017). Eighty-four percent of fire ignitions in the United States
(>60% in the WUS) are human caused (Balch et al., 2017), and the intersection of human-caused ignitions and
environmental change has resulted in several fires with catastrophic effects on people in recent years (e.g.,
Nauslar et al., 2018).
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Human-caused ignitions exhibit temporal and spatial patterns that can be analyzed using various attributes,
facilitating their modeling and the development of targeted fire prevention strategies (Thomas et al., 2013). The
primary factors that are often considered in modeling human-caused ignitions are social, economic, and envi-
ronmental (e.g., vegetation, meteorology, topography, distance to roads) (Arndt et al., 2013; Bergado et al., 2021;
Earl et al., 2015; Fusco et al., 2016; Pelletier et al., 2005; Prestemon et al., 2010; Rodrigues & De la Riva, 2014;
Syphard et al., 2007, 2008; Vilar del Hoyo et al., 2011). Generally, vegetation (fuels) that have become dry due to
high temperatures and arid conditions increase the likelihood of a fire igniting and spreading (Rodrigues & De la
Riva, 2014). Higher ignition likelihoods are seen in ecosystems with intermediate fuel densities (e.g., shrublands
and open-canopy forests) (Earl et al., 2015) as well as in intermediate population and housing densities
(CPR, 2021). Human access to wildland vegetation, for example, through road networks, is also positively
correlated with the likelihood of ignitions (Arndt et al., 2013; Thomas et al., 2013).

Fire prevention strategies are devised and implemented on the basis of specific fire ignition sources, also referred
to as fire causes (Syphard & Keeley, 2015). However, not all fires are formally investigated, and an increasing
number of fires are reported with unknown or missing causes due to factors such as the destruction or inacces-
sibility of the fire's point of origin, lack of evidence (CPR, 2021; Sari, 2023), or changes in reporting practices.
Although such fires are mostly recognized as ignited by human activity (Short, 2014), lack of knowledge of their
cause challenges developing risk management strategies (Sari, 2023). The National Wildfire Coordination Group
identifies 13 distinct fire causes: arson or incendiarism; debris and open burning; equipment and vehicle use;
firearms and explosives use; fireworks; missing or unknown; misuse of fire by a minor; natural; other; power
generation, transmission, or distribution; railroad operations and maintenance; recreation and ceremony; and
smoking (Short & Finney, 2022).

Advanced machine learning models enable modeling of causes of ignitions on the basis of patterns captured in
historical fires (Jain et al., 2020). In this study, we leveraged a recently developed data set of >2.3 million fires
across the United States from 1992 to 2020 that includes nearly 270 attributes associated with each fire, and
multiple ensemble machine learning (ML) and deep learning (DL) models, to answer two questions. First, what
were the causes of fires recorded with missing or unknown ignition sources? Second, what is the relative
contribution of different attributes in predicting the cause of fires across the WUS, and how does that contribution
vary regionally?

2. Data and Methods
2.1. Fires and Their Attributes

We built and tested our models on the Fire Program Analysis Fire Occurrence Database-Attributes (FPA FOD-
Attributes) data set (Pourmohamad et al., 2024), which augments the sixth edition of the FPA FOD (Short, 2022)
with nearly 270 attributes that coincide with the date and location of each fire ignition in the United States. FPA
FOD contains information on the location, jurisdiction, discovery time and date, cause, and final size of >2.3
million fires from 1992 to 2020. FPA FOD-Attributes offers comprehensive information on physical (e.g.,
weather, climate, topography, infrastructure), biological (e.g., land cover, normalized difference vegetation in-
dex), social (e.g., population density, social vulnerability index), and management (e.g., national and regional
preparedness level, jurisdiction) attributes corresponding to each fire.

First, we filtered all fires that occurred in the WUS (Arizona, California, Colorado, Idaho, Montana, Nevada, New
Mexico, Oregon, Utah, Washington, and Wyoming) on the basis of whether their cause was known (534,113) or
“missing or unknown” (218,348). We used ordinary least square linear regression analysis to test whether the
number of fires ignited by each known cause increased or decreased from 1992 to 2020. We considered the trend
as being significant if the p-value from the Mann-Kendall test was less than 0.05. We also summarized the area
burned by fires ignited by each cause.

Attributes in FPA FOD-Attributes are either predictive (124 attributes: useful for machine learning and deep
learning models) or descriptive (183 attributes: not applicable to these modeling methods) (Pourmohamad
et al., 2024). We employed correlation analysis and expert judgment to select the most relevant predictive at-
tributes with the least overlapping information as input to our models. First, we calculated the Pearson correlation
coefficient between all pairs of 124 predictive attributes (Figure Sla in Supporting Information S1). Then, we
selected 39 attributes (Figure S1b in Supporting Information S1) with the least collinearity and greatest relevance
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to fire cause. We classified these predictive attributes as weather and fire danger indices (12 attributes), topog-
raphy and land cover (six attributes), social (eight attributes), and management (13 attributes) (Tables S1 and S2
in Supporting Information S1).

2.2. Hierarchical Clustering and Similarity Analysis

We used multiple techniques to identify similarities and differences among the attributes associated with each
ignition cause. We used a kernel density function to investigate the distributions of the attributes, and dendro-
grams to hierarchically cluster fire ignition sources (Alswaitti et al., 2018). A dendrogram is a tree-like diagram
that, in our case, estimates distances between the attributes of each pair of ignition groups. We plotted dendro-
grams for each of the four classes of attributes (weather, topography, social, and management). To assess sim-
ilarity of classes associated with each ignition source, we used the average attribute value, and a cophenetic
distance function (Saragli et al., 2013), which is the distance between attributes of two ignition sources along each
linkage. The leaves of the dendrogram represent the ignition sources, and the branches represent the hierarchical
relationships between them. The height of each branch indicates the dissimilarity between the two clusters that it
connects.

2.3. Machine Learning and Deep Learning Modeling

Machine learning and deep learning (ML and DL) models are powerful tools to address major challenges in fire
science (Jain et al., 2020) including characterizing and predicting fuel load, density, connectivity, and moisture
(Alizadeh et al., 2024; Li et al., 2023; Seydi et al., 2024; Wu et al., 2023), detecting and mapping fires from
remotely sensed images (Buch et al., 2023; Huot et al., 2020; Kondylatos et al., 2022; Seydi & Sadegh, 2023),
understanding fire risk and climate influences (Gualdi et al., 2022; Shao et al., 2022), modeling fire behavior and
spread (Allaire et al., 2021; Khennou et al., 2021), evaluating fire effects on ecosystems (Wang et al., 2021; Zou
et al., 2019), and optimizing fire management decisions (Bot & Borges, 2022; Nawaz et al., 2021; Rad
et al., 2023).

We used multiple ML (ensemble models) and DL (one-dimensional convolutional neural networks; CNN-1D)
models (Chollet, 2017) to (a) model fire ignition sources on the basis of their attributes, (b) enhance the un-
derstanding of the contribution of various attributes to classifying ignition sources, and (c) attribute an ignition
source to fires for which the cause in FPD FOD was recorded as missing or unknown. We first identified WUS
fires for which the set of attributes was complete, resulting in an ML-ready sample of 369,262 and 150,427 fire
incidents with a known cause and missing or unknown cause, respectively. We then divided the set of ML-ready
fire records with a known cause into training (65%), validation (15%), and test (20%) data. We used training data
to tune model parameters, validation data to tune model hyperparameters, and out-of-sample test data to assess
model accuracy. We also leveraged the trained ML and DL models to ascribe an ignition source to each fire with a
missing or unknown cause on the basis of its attributes.

We developed two CNN-1D architecture models with PyTorch and Keras, and developed five ensemble ML
models (AdaBoost, Gradient Boosting, Random Forest, LightGBM, and XGBoost). We transformed fire attri-
butes to the appropriate structure for inclusion in a given model. For instance, to feed the DL models with
PyTorch, we transformed the Dataframe to a Tensor, and for the XGBoost model, we transformed data to a
DMatrix. We tuned model hyperparameters through GridSearch cross validation. We sequentially narrowed the
search window for each hyperparameter until the overall accuracy did not change more than 0.01%. We applied
different architectures, sequentially changing the number of convolution layers, paddings, number of channels,
dropout ratios, number of neurons, optimizers, and activation and loss functions, to identify the optimum PyTorch
and Keras CNN-1D architectures. Because the number of fires associated with different ignition sources was
widely different (unbalanced target), we trained all ML and DL models with and without class weights. In all
models, we were interested in fire ignition cause without any consideration of the final fire size. Fire records
include incidents that coincided with environmental conditions conducive to large fires, but timely and effective
initial attack (i.e., suppression) prevented them from growing to large sizes. Excluding a subset of ignitions based
on fire size unnecessarily remove important information from our models. We then selected the best model on the
basis of overall accuracy, Kappa coefficient, Mathew's correlation coefficient, and balanced accuracy. We used
the SHapley Additive exPlanations (SHAP) technique to explain the contribution of each attribute to the final
output of each model (Bagheri, 2022).

POURMOHAMAD ET AL.

3of 14

8508017 SUOWIWIOD dAIIERID 3|qeoldde au) Aq peuRA0b 818 SO VO ‘SN JO SBIN J0j AXRIq1T 8UIIUO AB]IA LD (SUONIPUOO-PUR-SWLBIALIOD A8 |IMA LRI 1 [BUl U0//:SHNY) SUORIPUOD pue Swie 1 8y} 88S *[5202/T0/20] Uo ARiqiTauliuo A8|IM ‘Afeidi 80IARS 158104 UOIN AQ Z8TS00-43202/620T OT/I0p/L0Y A8 | ARq 1 jpuluo'sqndnBe//sdny woly pepeolumoa ‘T ‘520z 'LLZv8282



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Earth's Future 10.1029/2024EF005187

Observed fires

- Causes
Arson
175001 e Debris
® |e Equipment
15000 + . Fireworks
» ° e Missing
g 12500 e Misuse by minor
S Natural
& 10000 1 e Other causes
'g Power
2 7500/ Railroad
Recreation
e Smoking
2000 Firearms
2500 1 g . —_— 5
s T — - — - —_— =
0 1995 2000 2005 2010 2015 2020

Year

Figure 1. Trends in the annual number of fires by cause in the western United States.

3. Results
3.1. Trends and Patterns in Fire Ignitions

The number of fires ignited by lightning (i.e., natural cause—acknowledging that a marginal percentage of natural
fires are not started by lightning) declined by an average of —183* per year across the WUS from 1992 to 2020
(Mann-Kendall p-value = 0.00; hereafter, all trends statistically significant at a 5% level are marked with *).
Among the human-ignited fires with a specified cause, the trend in number of fires per year caused by arson and
incendiarism (—15* fires/year), equipment and vehicle use (—29* fires/year), misuse of fire by a minor (—19*
fires/year), railroad operations and maintenance (—6* fires/year), recreation and ceremony (—16* fires/year), and
smoking (—22* fires/year) was significantly negative (Figure 1). The trend in number of fires per year caused by
firearms (8* fires/year), fireworks (5* fires/years), and power generation, transmission, or distribution (14* fires/
year) was significantly positive. Other studies have noted increases in the number of fires caused by power
infrastructure in California (Keeley & Syphard, 2018) with notable societal impacts. For example, the 2018 Camp
Fire, the deadliest fire on record in California, was ignited by a powerline failure. The number of fires with a
missing or unknown cause increased by a statistically significant rate of 384* fires/year. In fact, fires with a
missing or unknown cause accounted for ~50% of all fires during 2018-2020, challenging the development and
implementation of targeted fire prevention strategies.

Causes of fire ignitions had distinct spatial patterns across the WUS (Figure 2a). Lightning accounted for a
majority of ignitions in all states except California, Arizona, and Colorado, in which fires of missing or unknown
cause were most prevalent. Natural fires accounted for the largest cumulative area burned in all states (62%),
including 82% in Nevada (Figure 2a). California accounted for the greatest percentage of all ignitions (33%),
followed by Arizona (14%). The percentage of burned area also was greatest in California (20%), followed by
Idaho (16%) (Figure 2b). Across the WUS, the greatest percentages of fires were ignited by lightning (32%),
missing or unknown causes (29%), and equipment or vehicle use (9%) (Figure 2d), and the resulting fires also
accounted for the greatest percentages of burned areas (62%, 18%, and 7%, respectively) (Figure 2c).

3.2. Physical, Biological, Social, and Management Attributes of Fires

Fire attributes associated with different sources of ignitions had distinct distributions (Figure 3). Fires ignited by
lightning, recreation and ceremony, debris and open burning, and power generation, transmission, or distribution
were associated with lower fire danger as captured by the energy release component (erc), whereas ignitions from
firearms and arson and incendiarism were associated with higher erc (Figure 3a). The distribution of erc for
different fire causes was not always the same as the distribution relative to other fire danger indices with higher
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western United States from 1992 to 2020. (a) Percentage of fires caused by each ignition source and corresponding burned
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OR, Oregon, UT, Utah; WA, Washington; WY, Wyoming). (b) Proportion of fires and burned areas in each state.
(c) Percentage of burned area attributable to each ignition source. (d) Percentage of fires caused by each ignition source.

sensitivity to temperature and shorter memory, such as vapor pressure deficit (vpd) and 100-hr dead fuel moisture
(fm100). Fires caused by recreation and ceremony and by debris and open burning ignited during periods with
relatively low vpd and fm100, but fires caused by lightning and power generation, transmission, and distribution
tended to occur when vpd and fm100 were high (Figure 3a). Fires caused by arson and incendiarism and firearms
consistently ignited during dry, hot weather as reflected by indices with both short and long memory. Geography
and seasonality of fires explain these patterns.

Elevations of fire ignitions varied by cause. Fires ignited by lightning occurred at distinctly higher elevations than
those ignited by other causes (Figure 3b). Fires caused by fireworks, railroad operations and maintenance,
firearms, and recreation and ceremony also ignited at relatively high elevations (Figure 3b). Fires ignited by
natural causes and recreation and ceremony occurred on steeper slopes and in areas with a lower normalized
difference vegetation index (lower vegetation greenness) than fires ignited by other causes (Figure 3b). Fires
caused by lightning, smoking, and recreation and ceremony occurred where the global human modification index
was lower (Figure 3c). Fires caused by firearms, fireworks, lightning, and railroad operations and maintenance
started in areas with a lower gross domestic product (Figure 3c). Additionally, misuse of fire by a minor, arson and
incendiarism, debris and open burning, smoking, and fireworks ignited in areas with a noticeably higher overall
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Figure 3. Attributes in the four general classes of (a) weather, (b) topography and biology, (c) social, and (d) management associated with specific fire ignition causes
across the western United States from 1992 to 2020. erc: energy release component, fm100: 100-hr dead fuel moisture, vpd: vapor pressure deficit, NDVI: normalized
difference vegetation index, GDP: gross domestic product, GHM: global human modification index, SDI: suppression difficulty index, No_FireStation_5.0 km: number
of fire stations in a 5 km radius from the ignition point, NPL: national preparedness level.

social vulnerability index (Figure 3c). Management variables also showed distinct patterns; for example, debris
and open burning was the most common cause of fires when the national preparedness level was relatively low
(Figure 3d).

Figures S2-S5 in Supporting Information S1 illustrate distributions of attributes associated with different causes
of fire ignitions in each state from 1992 to 2020.

3.3. Hierarchical Clustering of Fire Ignitions

Hierarchical clustering also revealed both similarities and differences in the attributes associated with fire ignition
sources (Figure 4). For instance, the weather attributes associated with fires ignited by natural causes were distinct
from those associated with other causes (Figure 4a). Topographic, social, and management attributes of fires
ignited by natural causes were fairly similar to those associated with fires ignited by recreation and ceremony,
railroad operations, and maintenance, and fireworks (Figure 4c). Fires ignited by arson and equipment and vehicle
use were associated with similar weather (Figure 4a) and topographic (Figure 4b) attributes, but different social
(Figure 4c) and management (Figure 4d) attributes. The clusters changed markedly at the state level (Figure S6 in
Supporting Information S1).
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Figure 4. Hierarchical clustering of ignition sources on the basis of (a) weather, (b) topographic, (c) social, and
(d) management attributes.

3.4. Machine Learning Models of Fire Ignitions

All ML and DL models effectively classified the cause of fires in the test data into one of the 12 categories with an
overall accuracy >62% across the WUS (Figure 5a). All four performance metrics considered herein (overall
accuracy (>70%), Kappa's coefficient, Mathew's correlation coefficient, and balanced accuracy) indicated that
XGBoost outperformed other models (Figure 5a). Therefore, we adopted the XGBoost model for the remaining
analyses. Literature has shown that the outcomes of XGBoost typically are accurate and generalizable (Tran
et al., 2024).

The model's performance with respect to different fire causes was unequal, which in large part reflected
distinctness of their associated attributes (Figure 5b). The rows in the confusion matrix are true labels—observed
fire causes in the test data—and the columns are causes predicted by the XGBoost model. The diagonal elements
represent correct classifications and off-diagonal elements represent misclassifications. The model most accu-
rately classified fires with natural causes (94% accuracy), and least accurately classified fires of “other causes”
(1% accuracy) (Figure 5b). The model generally classified fires caused by lightning, equipment and vehicle use,
debris and open burning, recreation and ceremony, and firearms more accurately than fires with other sources of
ignition (Figure 5b; Table S3 in Supporting Information S1).

The imbalance in the percentage of fires with different causes, from natural causes (32%) to “other causes” (<1%),
may impact model performance (Thabtah et al., 2020). Although tree-based models, including XGBoost, are
generally robust to class imbalances (Le et al., 2022), we tested whether including class weights may improve
model accuracy. XGBoost with class weights had an overall accuracy of nearly 70%, and similar class-specific
accuracies to those reported in Figure 5b; and including class weights did not improve performance. Therefore,
we attribute the low accuracy with which the model classified certain fire causes to similarity among attributes
associated with these causes, uncertainty in attributes, and the stochasticity of the fire ignition process. If our goal
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Figure 5. Machine learning classification of fire ignition sources. (a) Performance of seven models in classifying fire ignition
source in out-of-sample test data across the western United States. (b) Confusion matrix based on the XGBoost model.

(c) Attribute importance in the XGBoost classification model for the western United States. OA: overall accuracy, KC:
Kappa coefficient, MCC: Mathew's correlation coefficient, BA: balanced accuracy, GHM: global human modification index,
DOY: day of year, tmmn: minimum temperature, Pop_1 km: average population density within 1 km radius of the fire
ignition point, pr: precipitation amount at the date of fire ignition, EVC: existing vegetation cover, etr: daily reference
evapotranspiration, Mang_Name: management jurisdiction, GDP: gross domestic product, SDI: suppression difficulty
index, vpd: vapor pressure deficit, GAP_Sts: protection status, NDVI: normalized difference vegetation index.

only was to classify fires as naturally versus human caused, the model accuracy would increase to 93% (Figure
S7b in Supporting Information S1). Conversely, if our focus was to classify only human-caused fires, a more
difficult classification task (Rodrigues & De la Riva, 2014), the overall model accuracy would drop to 55%
(Figure S7a in Supporting Information S1).

SHAP-based analysis revealed that the global human modification index (GHM) was the greatest contributor to
the XGBoost model's overall classification, followed by elevation, discovery day of year, fire year, and minimum
daily temperature on the ignition date (Figures 5c and S8 in Supporting Information S1). GHM contributed the
most to classifying fires caused by lightning and misuse of fire by a minor. The latter is in part due to the
prevalence of natural ignitions in remote areas with low GHM values and the prevalence of ignitions from misuse
of fire by minors in areas with high GHM values. Day of year contributed to classification of fires ignited by
fireworks and debris and open burning due to the seasonality of these sources. For example, the number of fires
ignited by fireworks peaks on 4 July, US Independence Day. We believe that fire year functions as a proxy for
trends in the number of fires, which is driven by factors such as fire prevention efforts and population or de-
mographic dynamics (Chen & Jin, 2022). Figure S9 in Supporting Information S1 shows attribute importance for
each fire cause, acknowledging that the correlation between fire attributes (Figure S10 in Supporting Informa-
tion S1) may impact the attribute importance analysis.

The overall accuracy of XGBoost models trained for each state ranged from 60% (California) to 81% (Nevada)
(Table 1). Model performances are to a large extent governed by the percentage of naturally caused fires, which
are the easiest to classify. California had the lowest percentage of naturally caused fires, and Nevada had the
highest percentage (Figure 1 and Table 1). The global human modification index contributed the most to clas-
sification of fire cause in California, Colorado, and Wyoming. Elevation contributed the most to classification of
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Table 1

The Overall Accuracy of the XGBoost Model Across the Western United States and in Each State

West AZ CA

CcO ID MT NM NV OR uT WA WY

Overall accuracy (%) 70.15% 73.72% 60.04%

75.89% 80.19% 70.49% 78.66% 80.99% 72.81% 78.92% 62.39% 70.54%

Number of fires with a known cause (X1,000) 369.3 42.6 107.9

253 26.9 29.8 23.6 12.2 46.1 20.8 23.7 10.4

Note. AZ, Arizona; CA, California; CO, Colorado; ID, Idaho; MT, Montana; NM, New Mexico; NV, Nevada; OR, Oregon; UT, Utah; WA, Washington; WY,

Wyoming.

fire cause in Arizona, Nevada, Oregon, and Utah, annual precipitation to classification in Idaho, and discovery

day of year to classification in Montana, New Mexico, and Washington (Figure S11 in Supporting

Information S1).

3.5. Classifying Ignitions of Fires With a Missing or Unknown Cause

We used the trained XGBoost model to classify the ignition source of the 150,247 fires in the WUS for which the
cause was missing or unknown cause and the set of attributes was complete. The model uses the set of attributes of

each fire to assign a probability to each of the 12 causes. We first adopted the fire cause with the highest

probability as the deterministic cause. The causes assigned to the highest percentages of fires were equipment and
vehicle use (21%), natural (20%), arson and incendiarism (18%), and debris and open burning (15%) (Figure 6,
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Figure 6. Ignition sources attributed to fires in the western United States from
1992 to 2020 with a missing or unknown cause. Middle column: causes
attributed with highest probability. Right column: causes attributed with
second-highest probability to fires for which the probability of the first cause
was <90%.

middle column). Next, we adopted a more stringent selection criterion, in
which we also considered the cause with the second highest probability if the
model did not assign >90% probability to the first cause (Figure 6, right
column). Although the threshold is arbitrary, we are confident in the classi-
fication if a >90% probability is assigned to a cause. The model assigned
causes with >90% probability to roughly 22% of the 150,247 fires with a
missing or unknown cause.

Trends in the annual number of fires that were assigned to six classes were
statistically significant: arson and incendiarism (86/year), equipment and
vehicle use (68/year), debris and open burning (45/year), natural (28/year),
recreation and ceremony (15/year), and power generation, distribution, and
transmission (6/year) (Figure 7a). Next, we labeled the fires that were not
classified with a >90% probability as “indecisive.” The number of indecisive
fires increased at a statistically significant rate of 218/year. But even in this
case, the increase in the annual number of fires attributed to arson and
incendiarism (25/year), debris and open burning (10/year), and recreation and
ceremony (4/year) was statistically significant (Figure 7b).

Nearly 95% of all fires that were classified as arson and incendiarism-caused
occurred in California (55%) or Arizona (40%) (Figure 7c), and the number of
these fires increased over time (Figure 7d). Generally, a majority of fires with
missing or unknown causes occurred in California and Arizona, and therefore
they accounted for a disproportionately large percentage of fires in each class
(Figure 7c). A high percentage of classifications attributed to debris and open
burning occurred in Colorado and New Mexico, to firearms in Nevada and
Utah, to fireworks in Colorado and Montana, to natural causes and smoking in
Colorado, to other causes in Oregon and Nevada, to railroad operations and
maintenance in Montana and Wyoming, and to recreation and ceremony in
Colorado and Washington.

3.6. Classifying Ignitions of Fires With a Missing or Unknown Cause on
the Basis of Reporting Agency

We trained separate models for fires reported by federal and non-federal
agencies, as their reporting protocols and resources for investigating fire
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Figure 7. Trends in classified fires for which the cause originally was recorded as missing or unknown. (a) Trends in the
annual number of deterministically classified fire ignitions by cause in the western US from 1992 to 2020. (b) Similar to
(a) but fires for which the classification probability was <90% were indicated as indecisive. (c) Percentage of
deterministically classified fire causes in each state. (d) Trends in deterministically classified fire causes in each state.

causes differ markedly across space (e.g., different counties across the West), time (e.g., recording procedures in
1992 vs. those in 2020), and reporting agency (e.g., state fire marshal vs. U.S. Forest Service). Federal and non-
federal agencies reported roughly 37,300 and 113,200 fires with an unknown or missing cause, which accounted
for 13% and 48% of their reports, respectively. Separately trained XGBoost models achieved 77% and 57% overall
accuracy for test fires reported by federal and non-federal agencies, respectively (Table S4 in Supporting In-
formation S1). Confusion matrices indicated widely different performances between the two models (Figures
S12a and S12b in Supporting Information S1), and distinct attribute importances (Figures S12c¢ and S12d in
Supporting Information S1). The county/census tract in which the fire occurred (FIPS_Code), a proxy for
reporting agency, was the most informative attribute in the non-federal model, whereas elevation was the most
informative input to the federal model (Figures S12¢ and S12d in Supporting Information S1). In both models, a
large percentage of fires with an unknown or missing cause were attributed to equipment and vehicle use,
lightning, arson and incendiarism, and debris and open burning cause, with markedly higher percentage of fires
attributed to recreation and ceremony in the federal model and to smoking in the non-federal model (Figure S13 in
Supporting Information S1). In both models, the percentage of fires that were classified as caused by equipment
and debris burning and lightning increased from 1992 to 2020, but the percentage of fires attributed to arson and
incendiarism increased only in the non-federal model (Figure S14 in Supporting Information S1).

4. Discussion and Conclusion

Fire prevention is efficient and effective with strategies largely dependent on the source of ignition. For example,
public safety power shutoffs are increasingly implemented by electric utilities during dry, hot, and windy con-
ditions to prevent fires. As another example, installing fire pits in campgrounds reduces the chance of a recre-
ational fire escaping and initiating a wildfire. Although engineering-, education-, and enforcement-based fire
prevention strategies have been adopted across the United States (Hesseln, 2018), the increasing number of fires
with a missing or unknown cause hinders targeted fire prevention. In fact, the rate of increase in the number of
fires with a missing or unknown cause (384 fires/year—statistically significant) was greater than the rate of
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increase among other fire causes across the WUS from 1992 to 2020, and these fires accounted for ~50% of all
fires between 2018 and 2020. To address this, we leveraged the spatial and temporal patterns associated with
known fire causes to classify the causes of fires for which the cause was missing or unknown. These patterns were
captured through a comprehensive set of biological, physical, social, and management attributes. For example,
natural fires generally occurred at higher elevations with lower global human modification index, lower gross
domestic product (i.e., far from higher-income urban areas), and steeper slopes.

We developed a cohort of machine learning and deep learning models trained on historical fires with one of 12
known causes, and used this model to attribute an ignition source to the fires with a missing or unknown cause.
The ensemble-based XGBoost model, with an accuracy of >70% on out-of-sample test data over the WUS,
outperformed other models. The most influential attributes for classifying fire causes included the global human
modification index, elevation, discovery day of year, fire year, and minimum daily temperature on the ignition
date. The contribution of these attributes, however, varied among fire causes. For example, the global human
modification index was more relevant for fires caused by lightning and misuse of fire by a minor, elevation for
fires caused by lightning, and discovery day of year for fires caused by fireworks and debris and open burning.
Certain attributes, although contributing little to overall accuracy, played a significant role in classifying specific
fire causes. For example, precipitation on the day of ignition, while only the ninth-ranked contributor overall, was
vital for classifying lightning-started fires. The latter is consistent with the literature that identified dry lightning
(lightning that does not occur concurrent with precipitation) as the primary cause of natural fires (Herndon &
Whiteside, 2018). Additionally, land management jurisdiction contributed to classification of fires ignited by
firearms, which aligns with the large percentage of such fires that start on or near military installations (Lake &
Christianson, 2020). Protected area status (GAP status) contributed to classification of fires caused by recreation
and ceremony and debris and open burning through a negative feedback—that is, GAP status resulted in lower
probabilities assigned to recreation or debris burning causes (U.S. Geological Survey Gap Analysis
Project, 2018).

The contributions of weather and human population density were not as substantial as suggested by other studies
(Abatzoglou & Kolden, 2011; Littell et al., 2009). This is in large part due to the target of the analysis. Much work
has focused on determining presence or absence of fires, which is strongly affected by weather and human
presence. However, we concentrated on classifying the causes of fires, and therefore environmental conditions
were already conducive to an ignition. Also, in contrast to other studies (Narayanaraj & Wimberly, 2012), dis-
tance to road was not an important attribute in our model. The bias in reporting the location of fires that are
marked in close proximity to roads is known (Mostafa et al., 2024), and a majority of fires in our sample were near
roads.

Attributes that influence some causes of ignitions were not included in our analysis due to limited data avail-
ability. For example, information on the age and maintenance status of power distribution and transmission
systems is not readily available and was not included in the training data, and model accuracy for fires ignited by
power generation, distribution, and transmission was only 8%.

The greatest percentage of fires with missing or unknown causes were attributed to equipment and vehicle use
(21%), natural causes (20%), arson and incendiarism (18%), and debris and open burning (15%). An increasing
number of fires (86/year from 1992 to 2020) were attributed to arson and incendiarism by our model. We note that
intentionally ignited fires in the built environment accounted for an average $590M (2021 US dollar) building loss
from 2012 to 2021, with an increasing trend of $17 M/year (“Residential building fire dollar-loss causes (2013-
2022),” 2023). While we have not conducted any forensic analysis, our model indicated that a large and increasing
number of fires in the wildland areas with a missing or unknown cause were associated with biological, physical,
social, and management conditions that were most similar to the fires known to be caused by arson and incen-
diarism. We also note the reporting uncertainties in the FPA FOD data set, especially for small fire reported by
non-federal agencies.

We strived to develop explainable artificial intelligence models for classification of fire causes across the WUS.
We designed the forcings (inputs) of the models on the basis of our understanding of the physical conditions
associated with fire ignitions to ensure that our models only made predictions that reflected scientifically robust
relations (Lattimer et al., 2020). Not only was the relative contribution of individual attributes to classification of
fire causes consistent with our understanding of physical conditions, but our models resolved the complex in-
teractions among various drivers. While our model is mainly designed for diagnostic purposes, our findings can

POURMOHAMAD ET AL.

11 of 14

8508017 SUOWIWIOD dAIIERID 3|qeoldde au) Aq peuRA0b 818 SO VO ‘SN JO SBIN J0j AXRIq1T 8UIIUO AB]IA LD (SUONIPUOO-PUR-SWLBIALIOD A8 |IMA LRI 1 [BUl U0//:SHNY) SUORIPUOD pue Swie 1 8y} 88S *[5202/T0/20] Uo ARiqiTauliuo A8|IM ‘Afeidi 80IARS 158104 UOIN AQ Z8TS00-43202/620T OT/I0p/L0Y A8 | ARq 1 jpuluo'sqndnBe//sdny woly pepeolumoa ‘T ‘520z 'LLZv8282



ADVANCING EARTH
AND SPACE SCIENCES

Earth's Future 10.1029/2024EF005187

Acknowledgments

This research was supported by the Joint
Fire Science Program (Grants
L21AC10247 and L24AC00277). The

authors appreciate the contributions of Dr.

Jeffrey Prestemon and Dr. Erin Belval
from US Forest Service.

inform future fire prevention efforts. Improved understanding of fire causes and their drivers informs fire pre-
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