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024
0 Abstract
25
026 In California, electrical infrastructure has been implicated in about 40% of the
0 state’s most destructive wildfires. Existing models treat ignition sources in aggre-
_)l gate or focus on system-level failures, limiting their applicability to regional risk
028 assessment, where utility ignitions in particular are a major driver of destructive
029 events. This manuscript presents an integrated wildfire ignition modeling frame-
030 work that treats utility ignitions and non-utility ignitions (other human-related
031 and naturally caused ignitions) as parallel components with distinct spatial struc-
032 tures, coupled with temporal components that account for weather conditions.
033 Utility ignitions are modeled as an inhomogeneous Poisson point process on a lin-
034 ear network representing the electrical infrastructure, with intensity dependin
g y g
035 on infrastructure and vegetation covariates; non-utility ignitions are an inhomo-
036 geneous Poisson point process across the region, with intensity depending on
037 land cover and proximity to roads. Separability testing helps justify the assump-
035 tion of space and time independence. The results show that voltage and canopy
) . stand height are significant covariates for utility ignitions, whereas fuel type and
039 road proximity are significant for non-utility ignitions, with a road proximity
010 of 60 meters or less associated with a 3.28-fold increase in ignition rate. The
041 framework supports calibration to empirical ignition records and stochastic sim-
042 ulation of ignitions. By disaggregating ignition sources, stakeholders can better
043 understand wildfire risk and prepare targeted mitigation actions.
044
045 Keywords: power utility, wildfire ignitions, risk, regional analysis, network,
046 inhomogeneous Poisson point process, linear network
46
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1 Introduction

Wildfires represent a growing threat to communities in the wildland-urban interface
(WUI), driven by climate change, expanding development, and inadequate vegeta-
tion and infrastructure management. These compounding factors have significantly
increased the vulnerability of both natural ecosystems and human communities.

Wildfire ignitions can arise from various sources, generally divided into two broad
categories: human-caused and naturally caused. Human-caused ignitions include wild-
fires caused by direct or indirect anthropogenic sources, such as electrical power
infrastructure, vehicles, agricultural burning, fireworks, cigarettes, and arson, among
others (Ganteaume and Syphard 2018). Naturally caused ignitions are those with no
human involvement; their main sources include lightning, volcanism, gas emissions,
and meteor strikes (Ganteaume and Syphard 2018). Although both ignition categories
contribute to wildfire occurrence, the spatial patterns, environmental drivers, and
resulting impacts can differ between them.

In California, northern counties such as Sonoma, Lake, and Napa have experi-
enced large wildfires after 2000 (Li and Banerjee 2021). Ignition patterns are changing
throughout the state, with an increase in small human-caused fires occurring earlier in
the year and extending the duration of the fire season (Li and Banerjee 2021). Further-
more, utility-related ignitions have become an important driver of destructive wildfires.
A study by Mitchell (2013) found that power-line-caused fires are, on average, approx-
imately 10 times larger than other fires. In California, 40% of the 20 most destructive
wildfires in the state’s history were caused by electrical infrastructure failures (CAL
FIRE 2023). This includes the Camp Fire, which remains the deadliest wildfire in
California’s history. Similar concerns have emerged outside California, where power
utility-related ignitions have historically contributed to catastrophic wildfire events
in Chile, Australia, Mediterranean Europe, and Canada. During the 2023 Maui fires,
bare electrical wires and failed utility poles were identified as likely ignition sources
(PBS NewsHour 2023), while investigations into the Eaton Fire in Altadena have also
identified potential sparking from distribution lines (NPR 2025). Wildfires caused by
power utility infrastructure are often particularly destructive because they occur dur-
ing extreme wind events, which contribute to rapid fire spread (Vahedi et al. 2025). In
addition, studies have reported a notable increase in powerline failures associated with
wildfire ignitions over the past 70 years, driven in part by inadequate maintenance,
aging infrastructure, and continued grid expansion (Vahedi et al. 2025). For example,
Pacific Gas and Electric Company reported 468 ignitions associated with its transmis-
sion and distribution systems in 2022 alone (California Public Utilities Commission).
Existing power-utility ignition models such as Muhs et al. (2020) and Bayani et al.
(2022) quantify utility ignition probability but only at the system level, considering
wind speed and vegetation.

Furthermore, terrain, fuel conditions, and weather influence not only whether an
ignition occurs but also whether it develops into a large and destructive wildfire.
Previous studies have shown that fuel-dominated events are more strongly associated
with naturally caused ignitions, whereas wind-dominated events are more strongly
associated with human-caused ignitions (Keeley and Syphard 2019). Wind-dominated
fires, in particular, have been linked to power lines and can result in more destructive
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wildfires than those ignited by lightning (Keeley and Syphard 2019). These findings
suggest that utility-related ignitions require specific attention because they are shaped
by interactions among infrastructure exposure, local environmental conditions, and
extreme weather.

Existing wildfire ignition models provide useful approaches for estimating ignition
likelihood, but they often do not distinguish between ignition sources in ways that
support regional comparisons or infrastructure-specific risk assessments. For instance,
Costafreda-Aumedes et al. (2017) reviews human-caused ignition models designed to
predict wildfire ignitions over both short-term (daily) and long-term (annually or
longer). These models generally produce two types of outputs: binary ignition occur-
rence or the number of fires. Common methods for binary occurrence include logistic
regression and classification and regression trees (CART), whereas common meth-
ods for predicting the number of fires include Poisson regression and multiple linear
regression. Similarly, Arndt et al. (2013) uses logistic regression to identify significant
predictors of human-caused fire occurrence and to model ignition probability. These
approaches are useful for identifying broad drivers of human-caused ignitions, but they
generally treat human-caused ignitions as a single category rather than distinguishing
among specific anthropogenic sources, such as power utility infrastructure, and how
these sources affect regional ignition patterns.

Models of naturally caused ignitions, by contrast, often focus on lightning as
the dominant natural ignition source. For example, Read et al. (2018) developed a
lightning-caused wildfire ignition model that produces daily, spatially explicit fore-
casts using logistic regression and covariates such as maximum temperature, relative
humidity, precipitation, elevation, and vegetation type. The study identifies maximum
temperature, 3 p.m. relative humidity, precipitation, elevation, grassland, and other
variables as statistically significant and influential predictors of lightning-caused igni-
tion. Other variables, including 850 hPa dewpoint depression, drought factor, and
wind speed, are statistically significant but less influential for this ignition type. The
model output is a regional probability map of lightning ignition for a specific date at
a spatial resolution of 20 km (Read et al. 2018). Other studies have modeled natu-
rally caused wildfires using generalized linear models (GLMs) and generalized additive
models (GAMs), including the Montana case study presented in Jiménez-Ruano et al.
(2022). Although these studies provide important insights into lightning and natu-
rally caused ignitions and improve the predictability of such events, they generally do
not disaggregate ignition sources beyond the broad categories of human-caused and
naturally caused ignitions. This limits their ability to identify which specific ignition
sources contribute most to wildfire risk.

In general, spatio-temporal point process models have also been used to estimate
wildfire ignition intensity across space and time. For example, Poisson point process
models can predict ignition intensity using spatio-temporal formulations together with
weather and terrain characteristics (D’Angelo et al. 2025). However, this study paid
less attention to specific ignition mechanisms, including those attributed to power
utility infrastructure along power line networks. In general, this article assumes that
ignition events arise from an intensity function defined over a two-dimensional spatial
domain. This assumption is appropriate for ignition processes that can occur broadly



across the landscape, but it is less suitable for infrastructure-related ignitions, whose
spatial support is restricted to linear networks. For power utility ignitions in partic-
ular, the relevant point process should be defined along the power line network, with
ignition intensity varying as a function of line-segment attributes, surrounding terrain,
vegetation, and weather conditions. Furthermore, studies have used Gaussian Cox Pro-
cesses to model wildfire occurrences considering terrain and climate covariates (Gabriel
et al. 2017), (Koh et al. 2023). However, Gabriel et al. (2017) provides a space-yearly
resolution of wildfire occurrences, and Koh et al. (2023) considers only the percentage
of forested area as a spatial covariate, missing the type of land cover that can affect
the likelihood of wildfire occurrences. Other studies have applied spatial point pro-
cess approaches to wildfire ignitions in general and to lightning ignitions specifically,
but these studies primarily provide kernel-based estimates of ignition intensity and do
not incorporate weather or terrain covariates that may influence ignition likelihood
(Podur et al. 2003) (Turner 2009). Thus, although existing spatial ignition models
can characterize where ignitions are likely to occur, they provide limited insight into
how ignition risk varies by source type, especially for infrastructure-related ignitions
distributed along linear network systems.

Therefore, to address the gaps identified above, this article proposes a decoupled
spatial and temporal wildfire ignition model that can be applied across different igni-
tion mechanisms and used to identify which ignition sources pose the highest risk.
Wildfire ignitions are divided into two categories: utility and non-utility ignitions.
Non-utility ignitions encompass all types of ignitions not attributed to power-utilities,
which allows the risk from utility ignitions to be disaggregated. The spatial modeling
component uses a Poisson point process model with covariates describing vegetation,
infrastructure attributes, and proximity to major roads to estimate ignition likelihood.
For power utility-related ignitions, the model represents ignition occurrence along
linear infrastructure networks, whereas for non-utility ignition sources, it represents
ignition occurrence across the broader landscape. The temporal modeling component
uses a Negative Binomial model that estimates the daily ignition rate as a function
of maximum temperature and wind speed. To justify the separability assumption for
space and time, the article includes a likelihood ratio test. Given weather forecasts
or climate projections, the proposed framework can evaluate the impacts of changing
temperature and wind patterns on wildfire ignition rates. Together, these components
enable the simulation of wildfire ignitions in space and time.

The rest of this paper continues as follows: Section 2 provides the method-
ology; Section 3 describes the case study used to calibrate the ignition models;
Section 4 presents the results of the spatial and temporal analysis, including example
simulations; Section 5 provides the discussion and conclusions.

2 Methods

The methodology for predicting spatial ignitions across a region is based on inhomo-
geneous Poisson point process models. Depending on the wildfire ignition type, these
can occur across an area or along a network system like roads or power-utility infras-
tructure lines. The following parametric models estimate the expected rate of ignitions
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[A] across a network or area as a function of spatial parameters. To model wildfire
ignitions over time, a negative binomial regression estimates the daily ignition rate
using historical weather and ignition data.
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Fig. 1: Maps of historical wildfire ignitions are shown in Sonoma County.

2.1 Ignition prediction in a linear network

Wildfire ignitions that occur along linear networks, such as power utility systems, can
be modeled as an inhomogeneous Poisson point process on such networks. The model
form is

No(w) = exp (610 + 6] Zu(uw)) (1)

where A g(u) estimates the expected rate of ignitions per unit length as a function
of the spatial characteristics at location u, 8; is the intercept, 8, is the parameter
vector of the spatial covariates, and Z;(u) is the known spatial covariate vector at
location u. The subscript [ indicates that the quantity of interest corresponds to the
linear network, and bold symbols indicate vector quantities. The subscript 8 indicates
that the quantity is a parametric estimate.

To develop this model, first, a linear network must be generated to represent the
infrastructure of interest. This linear network G is the union of N line segments [;
such that G = Uf\;l l; and N < co. The line segments I; consist of [u;, v;] where w;
and v; are the endpoints of each line segment [; (Baddeley et al. 2021).

After the linear network is established, the point pattern x along the network
G can be generated. The point pattern is defined as x = {x1,...,2,}, where each
x; represents the location of a wildfire ignition on the network G. Modeling x as
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an inhomogeneous Poisson point process imposes two properties. First, for any sub-
network B C @G, the number of ignitions N(B) follows a Poisson distribution with
mean fB Ao(u) du, the integral of the intensity in equation 1 over B. Second, the
numbers of ignitions in disjoint sub-networks are independent (Baddeley et al. 2021).

The goal is to have a parametric model that predicts wildfire ignitions as a function
of spatial covariates, therefore, the log-linear function shown in equation 1 shows
how the intensity A;g(u) depends on the spatial function Z;(u) and its corresponding
parameter vector 6;, while 6; ¢ is the intercept. The covariate values Z;(u) must be
available along the network G as a callable function or a discretized image. Depending
on the spatial covariate of interest, the most appropriate type of object should be
selected to represent its value as closely as possible along the network. For example,
covariates such as voltage along the network are better represented by a function
object that maps each location along the network. On the other hand, covariates
such as canopy stand height, which are often recorded in raster file format, are better
represented as pixel image objects. The resolution of the covariates used is essential
to characterize the variables of interest along G.

This inhomogeneous Poisson point process with parametrically specified intensity
can be fitted to a point pattern by maximizing the log-likelihood, L;(0) shown in
equation 2 using the method of Berman and Turner (1992). The fitted inhomogeneous
Poisson point process must include dummy points that define locations of no ignitions.
The spacing of the dummy points must be specified to estimate the likelihood. Berman
and Turner’s method approximates the integral in equation 2 by a finite sum using
any quadrature rule, where u;, 7 = 1,...m are data points and dummy points in G and
w; > 0 are quadrature length weights adding to the total line length, |G|, as shown in
equation 3 (Baddeley et al. 2015).

log L;(0) = Zlog Ao(z;) — /GAM(U) du (2)
i=1

/ )\l’g(u) du ~ Z )\l’g(uj‘)’wj (3)
G j=1

Since the list of points u;, j = 1, .., m includes all data points x;,% = 1, ...n, then the
log-likelihood equation yield to the sum over quadrature points where A; ; = A;g(u;)
and [; is 1 if u; is a data point and 0 if u; is a dummy point, resulting in Berman and
Turner likelihood estimation shown in equation 4, where y; = I;/w,, allowing it to be
maximized using standard software for fitting a generalized linear model (Baddeley
et al. 2015).

m
log Li(0) = Y (y;log i j — A jw;) (4)
j=1
This fitted model can be used to quantify the expected number of ignitions at any
location along the network G when the relevant covariates are present, and to simulate
realizations of potential wildfire ignitions.
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2.2 Ignition prediction across space

Wildfire ignitions across a region of interest can be modeled using an inhomogeneous
Poisson point process in two-dimensional space. The form is

Aw,o(s) = exp (Ow,o + OIZM(S)) (5)

where A, ¢(s) estimates the expected number of ignitions per unit area as a function
of the spatial covariate vector Z, measured at s. In this model, 6, represents the
intercept and 6, is the parameter vector of the spatial covariates. For this model, it
is important to define the region of interest as Q C R2, the point pattern x, where
each x; represents the location of a wildfire ignition in space, and the spacing of the
dummy points representing no ignition locations. In this model, covariates Z,,(s) must
be callable at every location, s in region €2, and represented as a dataframe, images, a
function, windows, tessellations, or single numbers (Baddeley et al. 2015). This model
can also be fitted by maximizing the log-likelihood following Berman and Turner’s
method, but integrating over the region {2 rather than the network G. The subscript
w indicates that the quantity of interest corresponds to the region of interest €.

2.3 Temporal ignition prediction model

The temporal ignition prediction model estimates the number of ignitions, ¥;, occur-
ring in the time interval ¢;, given the weather covariate vector W (t). To obtain y;, we
partition the time period covering the set of ignitions {x;} into n; time intervals (e.g.,
days), where ¢; indicates one such interval, so that [x| = Y, y;. We model y; using
a Negative Binomial parameterized by the mean rate of occurrences per time inter-
val, A (t), and the dispersion parameter, «, such that the variance of the number of
ignitions per time interval is A, g(t) + (A ¢()). The proposed methodology selects
a Negative Binomial model because the variability in daily ignitions is expected to
exceed the average number of ignitions per day. The weather covariates considered are
drawn from historical weather datasets for the time period corresponding to the his-
torical ignition data. Matching the weather covariates of interest to the day on which
each historical ignition occurred, while also recording these covariates for days with
no ignition, yields a complete dataset.

The expected rate of ignitions per day, A;g(t), uses the following form similar to
equations 1 and 5:

Aro(t) = exp (97)0 + HIWT (t)) (6)

where A, (t) estimates the expected rate of ignitions per day, as a function of the
weather covariate vector W, (t) at time ¢, the corresponding parameter vector 6., and
the intercept 0, ¢.

The parameters a, 0, and 8, are estimated by means of Maximum Likelihood
estimation as per equation 7, where fy (y;) is the Negative Binomial probability mass
function.
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where, T'(+) is the Gamma function.

Since the temporal model is decoupled from the spatial model, this can be applied
to any ignition source considered, where A; ;¢ is used for wildfire ignitions modeled
along a linear network and A, ¢ for wildfire ignitions modeled across space.

Furthermore, this fitted model can be used to simulate ignition days, including the
expected number of ignitions and weather covariates. This can be done using the latest
available daily weather dataset or a future daily weather forecast, with the necessary
weather covariates to predict the expected number of ignitions for each day in the new
dataset. Lastly, once the wildfire ignition days are simulated with the corresponding
number of ignitions, these can be paired with the spatially simulated ignitions to
complete the wildfire ignition model in space and time.

(7)

2.4 Coupling space and time models

After the space and time models are fitted using the methodology described, using
the independence assumption, the resultant rate of ignition in space per day takes the
form of equation 8,

)\%9(8)
ZSGQ /\Wﬂ(s)
where the spatial density is normalized over the region or network and, following the
independence assumption, is multiplied by the expected number of daily ignitions. In
this equation, A, ¢(s) represents the spatial intensity of wildfire ignition as a function
of the corresponding spatial covariates, and A;g(t) is the temporal intensity as a
function of weather covariates at time ¢. Using this equation, the expected number of
ignitions per day at any location in the region can be computed using the appropriate
spatial and weather covariates. Following this, we randomly sample ignitions in space
and assign these to the sampled ignitions per day.

A(s, t) = X Aro(t) (8)

2.5 Spatial/temporal separability assessment

To evaluate the suitability of a decoupled model, we compare nested Poisson point-
process models using likelihood-ratio tests. The ignition data for each ignition source
is partitioned temporally in two ways: first, into two half-year periods, and second,
into four calendar quarters. Then, the point patterns for each temporal period are
jointly fitted as replicated point patterns.

For each ignition source, we create a separable model with a period-specific inter-
cept and the corresponding spatial covariate effects, which are constrained to be
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constant across periods. Hence, the model allows the overall ignition intensity to vary
among temporal periods while assuming that the relative effects of the spatial covari-
ates remain unchanged. In this case, p = 1,..., P represents the temporal period,
where P = 2 for the half-year analysis and P = 4 for the quarterly analysis. The
period-specific intercept is represented by ¢,, with the first period serving as the
reference category. Under this parameterization, coefficients for subsequent periods
represent differences in baseline log-intensity relative to the first period, holding the
spatial covariates constant. Equation 9 represents the general separable model for
wildfire ignitions.

m

Asep,0(8,p) = exp (ep + Z HiZwyi(s)> (9)

i=1

On the other hand, the alternative model allows the effects of the spatial covariates

to vary among temporal periods by including period x covariate interactions. Equation

10 represents the alternative model for wildfire ignitions. The interaction parameter

0 is zero for the reference period; for subsequent periods, it represents changes in the
corresponding spatial covariate effect relative to the reference period.

m
)\alt,G(Sap) = exp <€p + Z(ew,i + 5w,p,i)Zw,i(s)> (10)
i=1

In this case, the null hypothesis (Hp) is that all period x covariate interaction
coefficients are zero, implying that spatial covariate effects are invariant across tem-
poral periods. The alternative hypothesis (H,4) is that at least one spatial covariate
effect differs among periods. Therefore, the likelihood-ratio test is performed by com-
paring the separable and alternative models. For the Poisson point-process models,
the likelihood-ratio statistic is calculated as

D =2[{(May) — €(Msep)] ,

and compared with a chi-squared distribution with degrees of freedom equal to the
difference in the number of estimated parameters between the two models. The sep-
arable and alternative models equations are the same for wildfire ignitions along a
linear network and across space.

3 Case study

This section describes the steps for calibrating the proposed model using Sonoma
County as an example. Calibrating this wildfire ignition model requires five types of
data. First, regional boundaries must be defined through either polygon shapefiles or
coordinates that establish the spatial window for the spatial Poisson point process
model. Second, linear network data from utility companies or public datasets (e.g.,
roads, power lines) are needed as shapefiles with line geometry to generate a linear
network. Third, historical ignition records from nationally available datasets or utility-
reported incidents with geospatial coordinates and occurrence dates are important for
enabling both spatial and temporal modeling. Fourth, spatial covariates describing



the road proximity, fuel type, canopy height, and canopy coverage at the best possible
resolution from remote sensing sources are essential for spatially characterizing the
prediction model. Lastly, meteorological data from a local weather station spanning
the same temporal period as the wildfire ignition dataset are required to develop the
decoupled temporal model.

3.1 Region data

Sonoma County was used as the study region to calibrate this model, as it is vulnerable
to wildfire hazards and has experienced multiple catastrophic wildfires. The region
boundary was obtained from the Sonoma County GIS website (County of Sonoma GIS
Central 2025).

3.2 Infrastructure data

Sonoma County has experienced multiple wildfire events attributed to power-utility
infrastructure; therefore, the linear network selected for the study is PG&E’s electrical
infrastructure system, the operating utility company in Sonoma County. The infras-
tructure data was obtained from the Integrated Capacity Analysis and Distributed
Resource Planning data for PG&E (Pacific Gas and Electric Company 2026a).

3.3 Ignition data

A total of 309 power-utility wildfire ignitions were reported by PG&E in Sonoma
County from 2015 to 2024; however, only 307 were used as the historical wildfire points
across the network because two of the ignitions occurred at the same location. These
wildfire ignitions were reported by PG&E to the California Public Utilities Commission
and obtained from their website (Pacific Gas and Electric Company 2026b).

A total of 2721 non-utility wildfire ignitions in Sonoma County were obtained from
the sixth version of the Fire Program Analysis Fire-Occurrence Database from the
US Department of Agriculture and processed through the Interactive Visualization
Portal for FPA-FOD Attributes Dataset (Short 2022), (Boise State University). The
positional precision of these records varies by reporting agency, and the database
standard requires only that a fire be located to a nominal area of one square mile.
This dataset excludes any wildfire ignitions attributed to power-utility infrastructure.
These historical ignition datasets are shown in Figure 1.

3.4 Spatial covariates

Wildfire ignitions result from triggers influenced by the spatial and environmental
components. For example, when power lines are close to trees and wind speeds are high,
the probability of a wildfire igniting increases as the interaction between the power
lines and the flammable vegetation around them becomes inevitable. The following
spatial covariates were tested to quantify the predictive power of spatial parameters
in wildfire ignitions: power-line voltage, fuel type, canopy stand height, canopy base
height, canopy bulk density, canopy cover, and distance to the closest road. The power-
line voltage was obtained from PG&E’s infrastructure data, the terrain covariates

10



were included in the Sonoma County landscape file available on the Sonoma County
GIS website (Sonoma County Vegetation Mapping and LiDAR Program 2019), and
the road distance was calculated using the road Tiger Files by Census (U.S. Census
Bureau, Geography Division 2020) and the Sonoma GIS website to retain federally
eligible network and significant rural network (County of Sonoma n.d.) and filter
major roads. The power-line voltage values correspond to each power line, the spatial
covariates provided by the Sonoma County GIS website are in raster files with a pixel
resolution of 5 meters, and the road distance consists of a raster file with a pixel
resolution of 10 meters that depicts the distance to the closest major road.

Transmission Lines
—60kV
— 115 kV
230 KV
Distribution Lines
—4.16kV
—12kv
—21kv
County Boundary
Sonoma
County
Canopy Stand Height [ff]
0-5(m)

County Boundary
Sonoma
S County

s 160-Timber-
understory
s 180-Timber-
ltter
-0 15(m] Historical non-ulty ignitions
- 16 - 27 [m] Historical
« non-utity
28-90 [m] ignitions

(a) The spatial distribution of power lines
and canopy stand height is shown in Sonoma
County.
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Fig. 2: The spatial distributions of canopy stand height, power lines, fuel types, and
non-utility ignitions are shown in Sonoma County.

The spatial covariates describing terrain characteristics were compared to assess
correlations among these variables. Since the fuel type was a categorical covariate, the
correlation ratio n? was used to capture how the fuel types explain the other covariates.
On the other hand, the correlation coefficient was used to understand the relationship
among the other numerical covariates.

Figure 3 shows how the spatial covariates relate; values from 5,000,000 random
pixels are plotted, rather than the larger comprehensive raster file. Covariates such
as canopy stand height and canopy base height are highly correlated as they provide
similar metrics at the same location. Canopy stand height and canopy cover are highly
correlated as well, indicating that these variables should not be used together. Figure
4a and 4b show the spatial distribution of wildfire ignitions and the major roads con-
sidered to compute the road proximity. Here, we observe that the road network system
follows the power-line network system closely; therefore, it will not be considered in
the utility ignition model, whereas for non-utility ignitions, proximity to the roads can
affect the chances of an ignition. Lastly, Figure 5 shows how the fuel type total area

11



relates to the number of non-utility ignitions per fuel type to better understand how
the fitted intensity should behave with respect to this categorical covariate.
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Fig. 3: The scatter plot matrix shows the spatial covariates that were tested.

3.5 Weather covariates

The NOAA (National Oceanic and Atmospheric Administration) station at the Santa
Rosa Airport served as the weather condition data source to calibrate the prediction of
ignition days. The weather covariates obtained from the NOAA Climate Data website
(Menne et al. 2012) were the daily maximum temperature and the fastest 5-second
wind speed, similar to other studies (D’Angelo et al. 2025). This single station was
used to characterize the weather covariates on the day of ignition.
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provide no evidence against the inhomogeneous Poisson point process assumption,
as the functions remained within their simulation envelopes across the full distance
range. Although the K-function was generally above the simulated mean and the
pair-correlation function shows some clustering at very short distances, both patterns
remained within the variation expected under the fitted model. The results of this
assessment are shown in Appendix C.

For wildfire ignitions occurring along power-line infrastructure voltage, canopy
stand height, canopy base height, fuel type, canopy bulk density, and canopy cover
were the spatial covariates tested. In Figure 3, the correlations among the terrain
characteristics were checked to avoid collinearity problems. Since voltage is a property
of the infrastructure independent of vegetation, and not a terrain characteristic, it
was not included in this plot. This plot shows how the terrain characteristics relate to
each other. All of these covariates were tested individually, and only voltage, canopy
stand height, and canopy bulk density were statistically significant. Therefore, canopy
base height, fuel type, and canopy cover were omitted. The null model and model
combinations of voltage plus canopy stand height, voltage plus canopy bulk density,
canopy bulk density plus canopy stand height, and voltage plus canopy bulk density
plus canopy stand height were tested, and the AIC score was used to find the best
model. The AIC scores and log-likelihood values shown in Table A1 demonstrate that
the voltage and canopy stand height model was the best model. Lastly, the distance
to the closest road was not considered for this type of ignition since the road network
overlaps with the power-line infrastructure in many regions. Hence, canopy stand
height and voltage were selected to characterize ignition rates across the power-line
infrastructure. The canopy stand height represents the full height of trees, which can
be obtained by LiDAR or other remote sensing methods, and voltage is characteristic
of the power lines. By choosing these two standard covariates, the model could be
more adaptable to different regions in the future.

Using the identified spatial covariates, an inhomogeneous point process model
(equation 1) was fitted to the power-utility network of Sonoma County. The dummy
point spacing was set to approximately 610 meters because the fitted coefficients con-
verged at this value. All covariates used are statistically significant, as shown in Table
1. Equation 11 shows the fitted functional form of the expected number of power-utility
ignitions per meter representative of 10 years of utility ignition data.

Ao(u) = exp (—10.1287 — 0.0068V (u) + 0.0271H (u)) (11)

Table 1: The calibrated power-utility wildfire ignition model is pre-
sented for Sonoma County.

Covariate Estimate  Standard Error  Z-value  P-value
(Intercept) -10.1287 0.0774  -130.82 < 0.001
V: Voltage [kV] -0.0068 0.0021 -3.26 0.001
H: Canopy stand height [m] 0.0271 0.0078 3.47 < 0.001
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The results from the Poisson point process analysis shown in Table 1 demonstrate
that the rate of power-utility ignitions in the network is a function of voltage and
canopy stand height. These covariates are statistically significant, as shown by Z-
tests with p-values < 0.001. Table 1 shows the relationship that each covariate has
with the rate of ignitions along the power-utility network. First, as canopy stand
height increases, the ignition rate also increases. This relationship can be attributed
to interactions between overhead power lines and surrounding trees, which can lead
to ignitions during extreme winds. Furthermore, as voltage increases, the ignition
rate decreases, suggesting an association between lower-voltage distribution lines and
higher observed ignition rates. These lower-voltage lines are also more commonly
located in areas closer to where people live.

The result of this fitted model is an intensity function A; g(u) that estimates the rate
of ignition per meter at any location u in the power network as a function of voltage
and canopy stand height, where V' (u) is the voltage at location u in kilovolts and H (u)
is the canopy stand height at location u in units of meters. Figure 6 shows the intensity
map of power-utility ignitions along the infrastructure as the expected number of
ignitions per kilometer. This map utilizes equation 11, but the resultant intensity is
multiplied by 1000 to obtain the expected number of ignitions per kilometer. Here
we can see that most distribution lines have higher ignition rates, between 0.045 and
0.074 ignitions per kilometer, whereas transmission lines have lower ignition rates,
between 0.01 and 0.017 ignitions per kilometer. The highest rate of ignitions seems to
be concentrated in distribution lines in the central-west portion of the county, where
lower voltage and high canopy stand height coincide, as shown in Figure 2a.

__ #ofignitions
km

0.123

0.074
0.045

0.028
0.017

0.010

Fig. 6: The map shows the intensity of power-utility wildfire ignitions in Sonoma
County.
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Figure 7 shows some examples of how the fitted model from equation 11 compares
with binned data from particular voltages and canopy stand heights. As canopy stand
height increases, the ignition rate also increases. As the voltage increases, the ignition
rate decreases.

Ignition rate [per km]

0 10 20 30 40 50
Canopy stand height [m]

Empirical binned ignition rate (V = 12 kV) A Empirical binned ignition rate (V = 230 kV)
Poisson model at V = 12 kV —-—- Poisson model at V = 230 kV
0 Empirical binned ignition rate (V =60 kV) e Baseline rate = 0.038
----- Poisson model at V = 60 kV

Fig. 7: The fitted Poisson point process function is compared with raw data intensities
by voltage group across canopy stand heights.

Lastly, Figure 8 shows the lurking plots for the covariates analyzed. This plot
shows, for every covariate value Z on the x-axis, the cumulative residual discrepancy
between the observed and model-predicted number of points across all locations where
the covariate value Z is less than or equal to z (Baddeley et al. 2015). Positive residuals
indicate an under-prediction of ignitions, whereas negative residuals indicate an over-
prediction. The solid line is the cumulative residual of the fitted model, while the
dashed line is the theoretical cumulative residual. These figures show that for most
covariate values, the residuals lie within the 5% significance bands.

4.2 Non-utility ignitions across space

An inhomogeneous Poisson point process across space was computed for non-utility
ignitions as a function of fuel type and road proximity. The inhomogeneous K-function
and pair correlation function provide no evidence against the fitted inhomogeneous
Poisson point process model for non-utility ignitions, although the pair-correlation
function indicates some short-range clustering. The excess is concentrated at the small-
est separations and largely disappears at larger separation distances. The results of
this assessment are shown in Appendix C.

For non-utility wildfire ignitions, canopy stand height, canopy base height, canopy
cover, canopy bulk density, and fuel type were tested individually. Voltage was not
tested since power-utility ignitions are excluded. In this case, fuel type, canopy stand
height, canopy bulk density, and canopy cover were statistically significant on their
own, whereas canopy base height was not. However, fuel type and canopy cover have a
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Fig. 8: The residual plots show trends across the covariates with the grey area rep-
resenting the 5% significance bands.

high correlation ratio 72, as shown in Figure 3. Therefore, the model combinations of
fuel type plus canopy stand height and fuel type plus canopy bulk density were tested.
The AIC scores for both model combinations were very similar, as shown in Table
A2; however, when considering the fuel type and the canopy stand height, the canopy
stand height was no longer statistically significant. This may be due to the moderate
correlation ratio 7% shown in Figure 3. The AIC scores of the model using fuel type
alone and fuel type plus canopy bulk density were very similar as well; however, canopy
bulk density is not always available across regions. Therefore, for practical reasons
and due to similar AIC scores among models, fuel type was the only terrain covariate
selected.

Furthermore, to improve the model performance, a range of road distance thresh-
olds were tested as spatial covariates, given that Figure 4b shows the concentration
of ignitions near major roads. Exploratory analysis indicated that road adjacency had
a binary effect on ignitions, rather than a continuous effect as a function of distance
to a road. Hence, road distance thresholds ranging from 2000 meters to 15 meters
were tested. The AIC and log-likelihood scores were used to select the most predictive
model using the fuel type and the road distance threshold. Table A2 in Appendix A
reports results from the full sweep, and shows that adding road proximity improves
on the fuel-only model at every threshold tested, with AIC declining monotonically
from 2000 m to a minimum at 60 m before rising again at shorter distances. The inte-
rior optimum indicates that the effect is not an artifact of the positional precision of
the ignition coordinates: if those coordinates were effectively snapped onto the road
geometry, the narrowest bands would fit best, whereas here the fit degrades below 60
m. A band of a few tens of meters is instead consistent with roadside ignition sources
operating at vehicle scale, such as sparks, hot exhaust components, and discarded
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cigarettes, rather than with a diffuse accessibility effect, which would have favored the
broader thresholds.

Therefore, the selected model uses a distance threshold of 60 meters. This covariate
was statistically significant on its own, and its correlation ratio with fuel type was
only 0.108. This covariate is a binary indicator with a 60-meter threshold to classify
ignitions close enough to roads. These models were also compared with a homogeneous
Poisson point process model, which yielded a higher AIC score.

The inhomogeneous Poisson point process fitted for these wildfire ignitions also
used a dummy point spacing of 610 meters. The results of the fitted model are shown
in Table 2, where most of the fuel categories and distance to road are statistically
significant. The functional form of this model is shown in equation 12. It shows that the
fuel type of grass and distance to a major road greater than 60 meters is the baseline
of this wildfire ignition intensity which equals to exp(—14.69) while the intensity of
the other fuel types is relative to the intensity of the grass fuel as exp(—14.69 4 6, r)
meaning the coefficients 6, p are the difference in effect between level ¢ and the first
level in log scale. In the case that the location s is within 60 meters of the road 6, r
is also considered. Equation 12 has intensity units of expected number of ignitions per
square meter representative of 23 years of the ignition data.

Aw,0(s) = exp (—14.69 + 0, p F'(s) + 0., rR(s)) (12)

Table 2: The calibrated non-utility wildfire ignition model is presented for
Sonoma County.

Covariate Estimate Standard Error  Z-value  P-value
(Intercept, baseline fuel: 100-Grass) -14.69 0.046 -318.35 < 0.001
Fuel: 140-Shrub -0.77 0.154 -4.97 < 0.001
Fuel: 90-Non-burnable -0.70 0.117 -5.96 < 0.001
Fuel: 120-Grass-Shrub -0.25 0.103 -2.40 0.017
Fuel: 160-Timber-understory -0.30 0.066 -4.53 < 0.001
Fuel: 180-Timber-litter -0.18 0.101 -1.75 0.08
Fuel: 91-Urban 1.58 0.056 28.08 < 0.001
Road distance less than 60 meters 1.19 0.046 25.79 < 0.001

The result of this fitted model is a rate of ignition per square meter at any location
s as a function of the categorical fuel type 0, r and road distance threshold of 60
meters 6, r. All of the considered covariates are statistically significant relative to
the baseline, except for the timber-litter fuel type, as shown by the Z-test and its
corresponding p-values. Since the baseline of this model is a grass fuel type and a
distance from a road greater than 60 meters, the influence of other covariate types
can be interpreted with respect to the baseline. For example, with regard to shrub
fuel types (exp(—0.77) = 0.46), the rate of wildfire ignitions in this type of fuel and
occurring at a distance from a road greater than 60 meters is 0.46 times the rate
in grass fuel types and with distances greater than 60 meters. On the other hand,
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locations that are 60 meters or less from the nearest road have a 3.28-fold increase in
the ignition rate (exp(1.19) = 3.28).

Figure 9 shows the intensity map of non-utility ignitions in units of ignitions per
square kilometer as per equation 12 multiplied by 10002, demonstrating the regions
in the county that are more prone to experiencing a wildfire ignition. This map rep-
resents the ignition intensity representative of 23 years of data. This Figure shows
how ignition rates increase in areas near roads and urban fuel sources, as these drive
higher intensities. Lastly, the fitted function can be used to predict future ignitions as
a function of fuel type and distance to the nearest road.

# of ignitions
A= RO

t km?

Fig. 9: The map shows the intensity of non-utility wildfire ignitions in Sonoma County.

To understand how the rate of ignitions in space relates to the different fuel types,
Figure 5 shows the estimated area per fuel type along with the number of ignitions per
category. This Figure shows that wildfire ignitions in urban fuel types are higher than
in other fuel types, given the high number of ignitions and the smaller total area in
Sonoma County. Also, Figure 2b shows the spatial distribution of the fuel categories
and the number of wildfire ignitions across each category, showing that urban regions
have higher occurrences, although they represent a smaller area of the entire county,
and other fuel types like grass, which have larger areas, also contain a higher number
of ignitions. Figure 10 shows the locations where the distance to the nearest road
is less than 60 meters in red, and the locations of the non-utility ignitions in black,
indicating the correspondence of ignitions with road locations. The resolution of the
red area is 10 meters.

To assess the performance of the fitted inhomogeneous Poisson point process, the
residual measure of the fitted model was computed and plotted to visualize the dis-
crepancy between the fitted intensity and the raw data. Figure 11 shows the smoothed
residuals across the region. The raw residuals are calculated using equation 13 where
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Fig. 10: The road distance threshold and non-utility ignitions is shown in Sonoma
County.

zj is equal to 1 for observed data points and 0 for dummy points, w; is the quadrature
weight, which approximates the pixel area around the point (if a pixel gets multiple
points, the pixel area is divided among them), and J; is the fitted conditional intensity.
The smoothed version of this residual applies a kernel to the raw residuals obtain-
ing equation 14, where A\(u) is the nonparametric estimate of the intensity and Af(u)
is the smoothed version of the parametric estimate of the intensity as per equation
15 where e(u) is the edge correction defined in equation16 (Baddeley et al. 2015). In
order to smooth the kernel x, an optimized bandwidth for this ignition pattern was
generated using likelihood cross-validation, which selects the bandwidth that best pre-
dicts point occurrence using leave-one-out intensity estimates, as shown in equation
17 (RDocumentation 2020).

(13)
s(u) = AMu) — A (u) (14)
M(u) = ﬁ /Q o — v) Az (v) do )

LOV (o) :Zlogﬂ_i(mi)f /Q AMu) du
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Fig. 11: The residual map shows non-utility wildfire ignitions in units of the expected
number of ignitions per square kilometer.

4

2

Figure 11 demonstrates how the model predicts wildfire ignitions across Sonoma
County using the optimized smoothing sigma of 974 meters. Positive residuals indicate
areas where the fitted model underpredicts wildfire ignitions, while negative residuals
indicate areas where the model overpredicts ignitions. Overall, the model performs
well across the region. Given the average spatial intensity is 0.66 ignitions per square
kilometer, the bright yellow areas show an underprediction difference of 0.34 to 4.34
ignitions per square kilometer, and the dark blue areas show an overprediction dif-
ference of 0.34 to 1.34 ignitions per square kilometer. The spots with overprediction
indicate regions where there is little observed ignition. However, the fuel in this region
is an urban fuel type, and there is also a concentration of roads; therefore, ignition
intensity is high, and an overprediction effect is observed. On the other hand, the area
of underprediction appears to have fuel types such as timber understory and lower
road proximity, which confirms the lower intensity in these areas. Lastly, the under-
prediction hotspot near the center of the county corresponds to regions with mixed
grass and non-burnable fuels and is close to urban fuel types, which lead to a lower
ignition rate than observed in this region.

4.3 Ignitions across time

A Negative Binomial model was computed as a function of maximum temperature and
wind speed to represent ignitions across time. Following the methodology described
in Section 2.3, the first step in calibrating this ignition model over time is to collect
historical weather data for the period covered by the ignition datasets. For example,
for power-utility ignitions, weather data was collected from 2015 to 2024, whereas for
non-utility ignitions, weather data was collected from 1998 to 2020, corresponding to
each ignition dataset. Using daily weather data from the NOAA station at Santa Rosa
Airport, the selected weather conditions were the recorded maximum temperature and
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the maximum 5-second wind speed, given that they are statistically significant and
that other studies use similar weather covariates in temporal models. These weather
covariates were tracked for ignition and non-ignition days. For example, Figure 12
shows how the maximum temperature and maximum wind speed have varied over
10 years and how these weather covariates differ on days with power-utility-related
ignitions compared to days without such ignitions. Similarly, Figure 13 shows the same
covariates but for non-utility ignitions, which range from 1998 to 2020.
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Fig. 12: The distribution of weather covariates is shown for power-utility ignitions in
Sonoma County.

The scatter plots of maximum temperature in figures 12 and 13 show that the
density of ignition days increases with temperature. Regarding the maximum wind
speed, we observe clustering in the middle of the year, towards the summer months,
where ignition density is higher than on non-ignition days. These patterns and the
methodology described earlier allowed us to describe the rate of ignition days as a
function of maximum temperature and maximum wind speed.

After combining the ignition and daily weather datasets, count regression models
were tested to predict the rate of daily ignitions as a function of temperature and wind.
The variance of the number of ignitions per day in both ignition source datasets slightly
exceeded the mean (UZT = 0.1088, p;» = 0.0841, UZ,J = 0.5229, por = 0.3302),
indicating mild overdispersion. This overdispersion indicated that a Negative Binomial
model would perform better than a traditional Poisson regression, since it accounts
for it by including an extra term, «, in the variance. The Negative Binomial and the
Poisson model’s AIC score were compared and the Negative Binomial was selected for
ignition sources. The results from the Negative Binomial model are shown in Tables
3 and 4 with their respective fitted equations, where \; - (t) is the estimated rate
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Fig. 13: The distribution of weather covariates is shown for non-utility ignitions in
Sonoma County.

of power-utility ignitions per day and A, rg(t) is the estimated rate of non-utility
ignitions per day.

Airo(t) = exp (—6.0879 + 0.0807T'(t) + 0.0483W S(t)) 18)

Table 3: The calibrated power-utility wildfire ignition days model is presented
for Sonoma County.

Covariate Estimate Standard Error  Z-value  P-value
(Intercept) -6.0879 0.342 -17.798 < 0.001
T: Maximum Temperature [C] 0.0807 0.009 8.880 < 0.001
W S: Maximum Wind Speed [km/hr] 0.0483 0.005 8.982 < 0.001
« 1.6136 0.431 3.742 < 0.001

Aor0(t) = exp (—4.5090 4 0.10927'(t) + 0.0231W 5(t)) (19)

To assess the performance of the fitted models, these were used to predict the num-
ber of ignitions per temperature and wind speed quintiles. The predicted number of
ignitions and the observed number of ignitions per quintile were compared as shown in
Figures 14a and 14b. For the more extreme conditions, represented by quintile 5 with
a temperature range of 28 to 46 degrees Celsius, the number of predicted power-utility
ignitions exceeds the observed number, whereas the model slightly underpredicts the
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Table 4: The calibrated non-utility wildfire ignition days model is presented
for Sonoma County.

Covariate Estimate  Standard Error  Z-value  P-value
(Intercept) -4.5090 0.122 -37.021 < 0.001
T: Maximum Temperature [C] 0.1092 0.003 31.790 < 0.001
W S: Maximum Wind Speed [km/hr] 0.0231 0.002 9.742 < 0.001
o 0.7094 0.066 10.779 < 0.001

number of ignitions with extreme wind speeds of 35 to 88 kilometers per hour. On
the other hand, the model slightly overpredicts for both extreme weather covariates
for non-utility ignitions. Appendix B presents a complementary check, comparing pre-
dicted and observed ignition rates by decile and as continuous functions of maximum
temperature and wind speed. Finally, using the latest available data or daily weather
forecasts, the expected number of ignitions per day can be computed using maximum
temperature and wind speed as predictors using this fitted model.
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(a) Predicted and observed power-utility ignitions are shown across quintiles of maximum

temperature and wind speed.
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Fig. 14: The predicted number of ignitions from the Negative Binomial model is com-
pared with the observed number of ignitions across quintiles of maximum temperature

and wind speed.
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4.4 Spatial/temporal separability assessment

To evaluate the suitability of a decoupled model, we compare nested Poisson point-
process models using the likelihood-ratio tests of Section 2.5. Tables 5 through 8
summarize the likelihood-ratio test results.

Table 5: The analysis of deviance summarizes the
power-utility ignition model divided by year halves.

Model Npar Df Deviance Pr(> x?)
X ~ period+V +H 4 - - -
X ~ period * (V 4+ H) 6 2 0.205 0.9026

Table 6: The analysis of deviance summarizes the
power-utility ignition model divided by quarters.

Model Npar Df Deviance Pr(> x?)
X ~ period +V + H 6 - - -
X ~ period * (V + H) 12 6 9.3131 0.1567

Table 7: The analysis of deviance summarizes the
non-utility ignition model divided by year halves.

Model Npar Df Deviance Pr(> x?)
Q ~ period+F+ R 9 - - -
Q ~ period * (F + R) 16 7 10.288 0.1728

The likelihood-ratio tests did not provide evidence of period-dependent spatial
covariate effects for three of the four model comparisons. For power-utility ignitions,
the interaction model did not improve model fit when the data were divided into
half-year periods (D=0.205, df=2, p=0.9026) or quarters (D=9.313, df=6, p=0.157)
as shown in Tables 5 and 6. Similarly, for non-utility ignitions divided into half-year
periods, the separable model was not rejected (D=10.288, df=7, p=0.173) as shown in
Table 7. However, when non-utility ignitions were divided into quarters, the period X
covariate interactions improved the model (D=41.063, df=21, p=0.0055) as shown in
Table 8. This result provides evidence that at least one spatial covariate effect varies
seasonally for non-utility ignitions at the quarterly temporal resolution. The observed
covariates that varied substantially by period were the fuel types of urban, shrub, and
timber-litter. In this case, the urban fuel type coefficient had higher ignition rates in
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Table 8: The analysis of deviance summarizes the
non-utility ignition model divided by quarters.

Model Npar Df Deviance Pr(> x?)

Q ~ period + F + R 11 - - —
Q ~ period * (F + R) 32 21 41.063 0.005508

quarters 1 and 4 than during other quarters. Overall, the results were consistent with
period-invariant spatial covariate effects in three of the four analyses, but indicated
a departure from separability for non-utility ignitions at the finer quarterly temporal
resolution.

Lastly, the separability from kernstadapt R package was not completed because it
addresses a different statistical question from the covariate-based models considered
here (Gonzélez and Moraga 2022). This test asks whether the spatial pattern is con-
stant in time, which is dominated by the absolute rate of events, whereas our temporal
model accounts for that. This test also does not incorporate the spatial covariates used
in the ignition models or directly test whether their estimated effects vary among tem-
poral periods. Therefore, we conducted a likelihood-ratio test for both ignition sources
to support this assumption.

4.5 Simulated ignitions

Having a calibrated wildfire ignition model for Sonoma County across its power util-
ity network, county area, and time, allows for modeling wildfire ignition locations
and ignition days. The spatial models described in Section 4.1 and 4.2 can be used
to simulate the spatial location of future ignitions, whereas the Negative Binomial
model described in Section 4.3 can be used to sample the ignition days with the corre-
sponding number of ignitions, maximum temperature, and maximum wind speed for
power-utility and non-utility wildfire ignitions. Using the latest year available daily
weather dataset collected at the Santa Rosa Airport station (2024), we can simulate
ignition days. Figure 15 compares the observed ignition days and simulated ignition
days for power-utility and non-utility ignitions. Using the 2024 weather dataset results
in ignition days with maximum temperatures and wind speed close to the observed
dataset, producing realistic ignitions under the calibrated conditions.

To illustrate how the framework can be used to evaluate ignition rates under
altered weather conditions, we conducted a sensitivity analysis in which the 2024
weather dataset was perturbed to represent hotter and windier conditions than those
observed. Each day’s maximum temperature was increased by a uniform random num-
ber between 0 and 4, and each day’s maximum wind speed was increased by a uniform
random number between 0 and 9. These perturbation ranges are illustrative rather
than calibrated to any specific climate projection; the analysis is intended to demon-
strate how the fitted temporal model responds to shifted weather distributions, not to
forecast future ignition rates. If downscaled climate projections were available for the
study region, those inputs could be substituted directly. Using the perturbed weather
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Fig. 15: Ignition-day simulations are shown using the 2024 weather dataset.

dataset and the fitted Negative Binomial model, ignition days and their associated
number of ignitions were simulated. Figure 16 shows the results.

Figure 16 shows how the sampled ignition days, with their corresponding maximum
temperatures and wind speeds, compare with the historical dataset of power-utility
and non-utility ignitions. In general, ignition days throughout the year are well repre-
sented in the simulations, with most ignitions occurring in the summer and fall. With
the random increase in temperature and wind speed, these figures show how the num-
ber of ignition days shifts towards more extreme weather covariates that tend to lead
to more catastrophic events. For both ignition sources, the maximum wind speed on
ignition days shifts toward windier days, which also corresponds to a higher number
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Fig. 16: Ignition day simulations are shown with a modified weather dataset.

of ignitions. On the other hand, a similar trend is observed for maximum tempera-
ture, which, in combination with wind speed, will result in an overall increase in the
number of ignitions as these weather covariates change over time.

After modeling the spatial location and ignition days of both ignition sources con-
sidered, they were coupled by randomly assigning spatial location to the number of
ignitions per simulated ignition days while keeping the corresponding weather condi-
tions of maximum wind speed and temperature. This way, the wildfire ignition model
provides complete spatial coordinates and weather conditions as initial inputs to wild-
fire spread models. Given that the catalog duration of the utility spatial model differs
from the non-utility spatial model, the spatial ignition simulations obtained from these
models correspond to their respective catalog durations. For example, Figure 17 shows
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examples of two different sets of simulated power utility ignitions along the power util-
ity network of Sonoma County corresponding to ten years of wildfire ignitions. This
Figure shows that ignitions along power lines concentrate in areas where the ignition
rate A shown in Figure 6 is higher. Comparing the simulated ignitions with Figure
1, we can observe that the regions where fewer ignitions occurred tend to have fewer
simulated ignitions, and regions with dense distribution-line clusters, where historical
occurrences were more numerous, also show more simulated ignitions. On the other
hand, Figure 18 also shows two simulated examples of non-utility ignition sets across
Sonoma County, corresponding to 23 years of wildfire ignitions, with higher ignition
rates in regions where Figure 9 shows higher intensity.
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Fig. 17: The spatial distribution of simulated power-utility ignitions is shown for
Sonoma County.

Lastly, we analyze the weather covariates observed for both ignition sources to
better understand what drives each. Figure 19 shows how simulated power-utility
ignitions are driven by high-wind conditions, whereas non-utility ignitions are driven
more by high-temperature days. These indicators and maps of potential future ignition
locations can help community leaders better assess their wildfire risk and implement
informed mitigation actions.
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5 Discussion and conclusions

This manuscript proposed an integrated wildfire ignition model that accounts for dif-
ferences in the spatial patterns of utility-caused and non-utility ignitions. The spatial
and temporal models are developed separately, assuming that the rates of ignition in
space and time are independent.

The spatial patterns of ignitions were examined across different temporal intervals
to assess whether the spatial rate of ignitions is affected by the time of year. Models of
spatial patterns of ignition occurrences are coupled with temporal rates of occurrence.
The mathematical forms of the models are described, and empirical data from Sonoma
County, California, are used to calibrate the models and to produce stochastic simu-
lations of ignitions in time and space. In Sonoma County, the utility ignitions occur
only along power lines, and depend on power-line voltage and canopy stand height;
non-utility ignitions throughout the county depend on the fuel type of the landscape
and proximity to roads. For temporal ignition models, maximum temperature and
wind determine the ignition intensity for the two sources considered.

The separability assumption underlying this decoupling was tested using
likelihood-ratio tests comparing models with and without period-specific spatial
covariate effects. For power-utility ignitions, the assumption was not rejected at either
half-year or quarterly resolution; for non-utility ignitions, it was not rejected at half-
year resolution but was rejected at quarterly resolution (p = 0.0055). The relative
influence of fuel type and road proximity on where non-utility ignitions occur there-
fore varies seasonally. The decoupled model reproduces the seasonal variation in the
number of non-utility ignitions, but holds their spatial distribution fixed across the
year, so simulations at quarterly or finer resolutions will understate seasonal shifts
in non-utility ignition geography. Utility ignitions showed no evidence of comparable
seasonal variation, which is consistent with a process governed by a fixed physical net-
work rather than by seasonally varying human activity, although the smaller number
of utility ignitions means that detecting variations is more difficult.

The proposed models show that power-utility ignitions are more strongly influ-
enced by wind speed than non-utility ignitions, consistent with Keeley and Syphard
(2019). The selected spatial and weather covariates, and their estimated significance,
are broadly consistent with those of D’Angelo et al. (2025). This article differs in
modeling utility ignitions on the power-line network itself, so that their spatial sup-
port is the linear system on which they occur. It also differs in decoupling the spatial
and temporal components, which keeps the framework tractable and straightforward
to recalibrate in a new region. Other studies, such as Muhs et al. (2020) and Bayani
et al. (2022), calculate utility ignition probability at the system level using covariates
relevant at the regional scale, including wind speed and vegetation.

The proposed models have some limitations. The model relies heavily on region-
specific data, and without it, it would not be possible to predict ignition likelihood. In
the future, this model will be calibrated in other regions of California to demonstrate
its applicability across different areas and to account for other ignition sources. By
applying this model across different regions in California, it will become more general-
izable and applicable to multiple regions with less reliance on local data. Furthermore,
the weather data used to calibrate the temporal models were collected only at one
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station. In the future, if more stations are available in the same region, they should
be used to better represent weather conditions on ignition and non-ignition days near
the ignition location.

The proposed methodology is general and can be applied to different sources of
ignition, provided data are available to simulate ignitions along a linear corridor or
in space. These spatial models can produce intensity maps that help communities
better understand wildfire ignition risk at the regional scale. The fitted weather model
indicates that weather covariates, such as temperature and wind speed, can increase
the intensity of wildfire ignition on a given day, enabling communities to better prepare
during wildfire season. We also demonstrated how these decoupled models can be
connected to enable stochastic simulations of wildfires that communities can use to
assess their risk from different wildfire ignition sources and to prepare for potential
scenarios associated with this hazard. Furthermore, the outputs of these models can
be used to simulate wildfire ignitions across linear networks and regions, as shown in
Section 4.5, serving as input parameters for wildfire spread simulations in regional risk
assessments.

Data and code availability. The spatial Poisson point process models were devel-
oped using the R package spatstat (Baddeley et al. 2015) while the temporal models
were developed using Statsmodel in Python. Code implementing the analysis described
above is available at https://github.com/gcalana/Wildfire-ignition-modeling upon
publication.
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w57 Appendix A Model comparison summary

1658

1659 Tables A1, A2, A3 show the resultant AIC scores for all the spatial models considered
1660 and mentioned in section 4.1 and 4.2 as well as the temporal models mentioned in 4.3.
1661

1662

Table A1l: The AIC and log-likelihood values for the power-utility
ignition spatial models.

1663

1664
1665 Model and Covariates AIC  Loglikelihood
o Homogeneous 6866.809 -3432.404
1666 Voltage 6851.13 -3423.56
1667 Canopy stand height 6857.21 -3426.61
1668 Canopy base height 6867.16 -3431.58
1669 Fuel type 6870.28 -3428.14
Canopy bulk density 6864.33 -3430.17
1670 Canopy cover 6865.67 -3430.84
1671 Voltage + canopy stand height 6842.97 -3418.484
1672 Voltage + canopy bulk density 6849.90 -3421.95
1673 Voltage + canopy stand height + bulk density 6843.36 -3417.678
Lo Canopy stand height 4+ canopy bulk density 6856.83 -3425.412
1675
1676
1677
1678
1679 Table A2: The AIC and log-likelihood values
1680 for the non-utility ignition spatial models. ‘RDxx’
1681 indicates road distance threshold as a predictor
1682 variable, with “xx’ indicating the threshold dis-
1683 tance in meters.
1684 Model and Covariates AIC  Loglikelihood
1685 Homogeneous 82877.1 -41437.55
L6586 Canopy stand height 82588.2 -41292.1
Canopy base height 82842.2 -41419.1
1687 Canopy cover 82411.7 -41203.8
1688 Canopy bulk density 82808.4 -41402.2
1689 Fuel 79785.9 -39886.0
: Fuel 4 canopy stand height  79785.8 -39884.88
1690 Fuel + canopy bulk density — 79774.4 -39879.19
1691 Fuel + RD2000 79473.3 -39728.63
1692 Fuel + RD1000 79347.8 -39665.88
1693 Fuel + RD500 79312.2 -39648.09
Fuel + RD250 79296.9 -39640.44
1694 Fuel + RD125 79216.3 -39600.12
1695 Fuel + RD60 79168.3 -39576.15
1696 Fuel + RD30 79223.1 -39603.53
Fuel + RD15 79252.1 -39618.03
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Table A3: The AIC and log-likelihood values for
the temporal models tested for power-utility and non-

utility ignitions.

Model AIC  Loglikelihood
Power-utility, Poisson log-linear 2037.1 -1015.5
Power-utility, Negative binomial 2007.5 -999.7
Non-utility, Poisson log-linear 11333.2 -5663.6
Non-utility, Negative binomial 11097.8 -5544.9

Appendix B Negative binomial fitting check

The fitted Negative binomial model was further assessed by comparing it with the
observed data. Here, the rate of ignition per day was plotted as a function of maximum
temperature and wind speed. As shown in figures Bla and B1b, the estimated rate of
ignitions closely aligns with the observed rate of ignitions for both ignition sources.
The ignition rate trend from maximum temperature and wind speed is also shown in
this figure, where the negative binomial can closely capture the increase in the rate
as these weather covariates increase. The middle and right plots indicate the model’s
average prediction for all days in each temperature/wind speed bin, showing close

predictions for both covariates.
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