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Abstract

Wildfires are becoming more frequent and destructive in California, and it is essential to quan-
tify their potential impacts on drinking water utilities. This study aims to measure the severity
of wildfires in each California water utility based on the exposure frequency and the extent of
area burned by wildfires in each service area. Our quantitative models show an association
between water utility characteristics and their vulnerability to wildfires. Findings indicate that
wildfire vulnerability is higher in government-owned utilities than private ones, utilities pri-
marily relying on surface water than groundwater, and utilities using local-sourced water than
purchased water. Also, we find a stronger association between wildfire vulnerability and large
utilities in terms of population served than small or medium ones. Regarding geography, we
find wildfire vulnerability is higher in southern and coastal California utilities than in Northern
and inland California. These results help water utilities and land managers identify vulnerable
locations and develop wildfire management and disaster preparedness strategies.

Keywords California - Urban water utilities - Wildfires severity

1 Introduction

Over the past several decades, climate change, extensive droughts, population growth,
urbanization, and land-use changes have raised wildfire risks and severity throughout
the western US. In recent years, California has experienced a substantial increase in the
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frequency and intensity of wildfires from ongoing drought conditions. According to the
California Department of Forestry and Fire Protection (2021), in 2018, California expe-
rienced the deadliest and most destructive wildfires—the Camp Fire' and the Mendocino
Complex fire. However, this trend continued in 2021; California has a new record for the
largest fire in the state’s history. At that time, the Dixie Fire, named for the road where it
started, had burned more than 963,309 acres in Northern California, taking hundreds of
buildings down with it and threatening nearly 14,000 structures.

Correspondingly, the risk of wildfire damage to humans and environmental and ecosys-
tem health is increasing. The impacts of wildfire on soil, wildlife, watersheds, air quality,
vegetation, and human health are well-documented (DeBano 2000; DeBano et al. 2003; Ice
et al. 2004; Neary et al. 2005; Kim et al. 2008; Seibert et al. 2010; Prior and Eriksen 2013;
Sham et al. 2013; Batelis and Nalbantis 2014; Liu et al. 2016; Bladon 2018; Hallema et al.
2018). However, studies on the risk of wildfires on water utilities remain limited. Wildfires
can impact water utilities” through several channels, including changes in water availabil-
ity, source water quality from ash build-up (both surface and groundwater sources), soil
erosion, and fire debris. Additionally, costs can be substantial for water utilities to treat
and disinfect water for drinking effectively, damages to infrastructure and pipelines, and
changes in taste, color, and smell of treated drinking water (Hohner et al. 2016; Robinne
et al. 2019, 2016; Mansilha et al. 2019).

Despite all the potential damages listed above and the frequency and intensity of the
wildfires in California, we have found a handful of recent studies documenting California
water utilities’ vulnerability to wildfires (Schulze and Fischer 2020; Robinne et al. 2019).
In this paper, we measure the severity of wildfires and derive the wildfire vulnerability for
each water utility service area. To accomplish this, we combine and use 30-year historical
records on California wildfires and water utility boundaries and characteristics (e.g., own-
ership, primary source, trade, geographic locations, and population size). Specifically, in
this paper, we: (i) calculate wildfire severity for each period and water utility by dividing
the total acres burned by wildfires by the frequency of the wildfires (i.e., the number of
events that occurred); (ii) assess the vulnerability of California water utilities to wildfires
by estimating the association between water utility characteristics and the degree of wild-
fire severity; and (iii) examine how this vulnerability changes over time and across utilities.

Our findings indicate that government-owned utilities are at a higher level of wildfire
risk than those owned privately. Similarly, we find higher wildfire risk in utilities that pri-
marily use surface water than groundwater, those relying on local sources than purchased
water, those located in Southern or coastal California than those in Northern or inland
California, and the large utilities than the small- or medium-sized utilities. Our findings
identify water utilities at a higher risk of wildfires and provide information to help develop
wildfire management and disaster preparedness strategies. These findings highlight the
need for higher caution and coordinated management by relevant agencies to utilities with
the following characteristics, which are more susceptible to wildfire risk.

! The CalFire reports the Camp Fire burned a total of 153,336 acres, destroyed nearly 18,804 structures and
occurred at least 85 civilian fatalities.

2 Water utilities means water-related entities that own and operate public drinking water systems and pro-
vide water to their customers. They also called public water agencies, public water systems, water systems,
and water agencies.
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Table 1 Description for the selected variables

Outcome Variables Description
Exposure frequency Total number of wildfires that occurred for the specific period (number counted)
Total area burned Summarized total land acres burned for the specific period (acres)
Severity Total land acres burned divided by the total number of events that occurred (1,000
acres)
(i.e., wildfire extent/wildfire exposure frequency
Log severity Taking the logarithm of the severity
Explanatory Variables Description
Ownership Local government-owned utility (1 =government, 0 =private)
Primary source Utility relying primarily on groundwater as a primary water source
(1 =groundwater, 0= surface water)
Trade Utility that is mainly dependent on purchased water (1 =purchased, 0=owned)
1st geographic location Utility located in Southern California (1 =SoCal, 0=NoCal)
2" geographic location Utility located in coastal California (1 =coastal, 0=inland)
Population size® Population size served by an utility

(i.e., 0=small-populated level, ] =medium-populated level, 2 =large-populated
level utility)

*A small-populated level is when utilities serve less than 3,300 people; a medium-populated level is when
utilities serve less than 100,000 people; and a large-populated level denotes when utilities serve more than
100,000 people

2 Data Description

Our study focuses on California’s 7,500 water utilities throughout the state. Our primary
study data is from California wildfires that occurred from 1991 to 2020 within the bound-
aries of water utility service areas. Our final dataset for the analysis combines (1) spa-
tial-temporal data on wildfires obtained from the California Fire and Resource Assessment
Program (FRAP) (2021) and the National Interagency Fire Center (2021); data on approx-
imately 7,500 water utility boundaries,® and characteristics acquired from the California
State Water Resources Control Board, the US Environmental Protection Agency, and Cali-
fornia Department of Water Resources. We used ArcGIS 10.6 and programming languages
to spatially merge these data to the water utility and generate outcome variables.

Our final pooled cross-sectional data contains information on wildfire-related factors used
as an outcome variable and on characteristics of water utilities used as explanatory variables
(Table 1). The wildfire-related factors that the FRAP provides include the date of wildfire and
its name, location, causes, acres burned, and the date of fire suppression. This data is an annual
digital record of fire perimeters in California generated by compiling fire perimeters and estab-
lishing an ongoing fire perimeter data capture process. Upon release publicly, the data is current
as of the last calendar year and is limited to fires already suppressed by the FRAP.

Using these factors, we measure the historical fire exposure for each water utility service
area based on the number and acres of historical wildfires in each utility service area and

3 The water utilities’ service area boundaries in California do not change much over time.
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Table 2 Descriptive statistics for the selected variables by period

Last 30-years Last 20-years Last 10-years Last 5-years
(1991-2020) (2001-2020) (2011-2020) (2016-2020)

Mean SD Mean SD Mean SD Mean SD

Wildfires
Exposure frequency 14 172 10 119 4 45 3 36
Total land acres burned (1,000) 468 6,580 444 6,320 173 3,510 164 3,470
Severity (1,000) 12 54 12 56 10 55 100 56

Water Utility Characteristics
Government (Yes=1, No=0) 0.35 0.48 0.35 0.48 0.36 1.21 0.32 1.16
Groundwater (Yes=1,No=0)  0.80 0.40 0.80 0.40 0.35 0.48 0.35 0.48

Purchased (Yes=1, No=0) 0.08 0.28 0.08 0.28 0.80 0.40 0.80 0.40
Southern CA (Yes=1, No=0) 0.23 0.42 0.23 0.42 0.08 0.28 0.08 0.28
Coastal (Yes=1, No=0) 0.40 0.49 0.40 0.49 0.23 0.42 0.23 0.42

Size-Medium (Yes=1,No=0) 0.13 0.34 0.13 0.34 0.40 0.49 0.40 0.49
Size-Large (Yes=2, No=0) 0.02 0.14 0.02 0.14 0.13 0.34 0.13 0.34

measure the wildfire severity. We expect that wildfire severity varies by each utility’s charac-
teristics, thereby assessing their vulnerability to wildfires.

The raw historical data of wildfires is available from 1878 to 2020. To examine different
effects by different periods according to one of our research questions, we created four sub-
sample datasets from the latest data point, which classify: the last 30-year period (1991-2020),
last 20-year period (2001-2020), last 10-year period (2011-2020), and last 5-year period
(2016-2020). We combine each of these fire-related datasets with data on 4,957 water utilities.
Along with each subsample, we use data on a set of water utility characteristics such as owner-
ship (local government versus private sector), the primary water source (groundwater versus
surface water), and water imports (purchased water versus local sources of water), geographic
location (Northern versus Southern California, and inland versus coastal California), and
population size served by utilities (small, medium, and large). More specifically, we defined
population size served by utilities as (1) a small-populated level when utilities serve less than
3,300 people, (2) a medium-populated level when utilities serve less than 100,000 people, and
(3) a large-populated level when utilities serve more than 100,000 people. Table 2 provides the
descriptive statistics for the selected variables by different periods. Note that each subsample
data composed of the same outcome variable and explanatory variable show missing values
on the FRAP survey or zero values because there were no wildfires.

3 Methodology

The wildfire survey has the nature of non-periodic outbreaks; accordingly, our data include
missing values (i.e., no survey implemented) and zero values (i.e., no wildfire occurred at
all). Since wildfire severity takes a positive censored distribution starting from zero, the
estimation without considering censoring brings bias to the estimated coefficients from
regression analysis using the Ordinary Least Squares (OLS) estimator. In a similar vein,
when analyzing the characteristics of water utilities that determine wildfire vulnerability,
the data contains two kinds of information: (1) whether wildfire occurs and (2) the severity
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of wildfire. The result may lead to a biased inference if OLS regression analysis is per-
formed on only the latter information. That is because it is not a random selection without
controlling the cases with no wildfire outbreaks.

Therefore, when the range of values taken by the outcome variable is limited and com-
plex information is embedded, an analysis model that considers these features must be
applied. Considering these, we applied a Tobit model* using one of the maximum likeli-
hood estimations (MLE) and a Heckman model using a two-step procedure’ for the anal-
ysis. Both models have the advantage of bias adjustment, but the Tobit model is based
on the assumption that the effects of explanatory variables on the occurrence of wildfire
and the magnitude of wildfire are identical. The Heckman model analyzes two separate
steps—whether wildfire occurs and the severity of wildfire. As mentioned in the data sec-
tion, using the same set of explanatory variables, we made separate estimates for wildfire
records from 1991 to 2020 by classifying them into four different periods (i.e., during a
5-year, 10-year, 20-year, and 30-year period) to compare how the wildfire severity varies
with the different periods.

3.1 Tobit Model

The standard method to correct a limited outcome variable is to estimate the Tobit model
by MLE. Given that our outcome variable, wildfire severity, cannot be negative, and that
it is a continuous variable over a specific period, we use the Tobit model censored at zero
to explain the heterogeneity of water utility characteristics affecting wildfire severity. We
take the log of the outcome variable not only for dealing with skewness and getting closer
to a normal distribution but also for linearizing the non-linear relationship between the out-
come and explanatory variable. Since wildfire at zero cannot have log transformation, the
natural logarithm was taken after adding one to all observations (MaCurdy and Pencavel
1986). By doing this, the value of one is converted to zero again when applying the log, so
it does not distort the meaning that no wildfire was observed or that no wildfire occurred in
the analysis.

This wildfire severity is dependent on the relevant influencing factors, and the Tobit
model shows the effect on the wildfire’s occurrence and the effect on its severity by these
factors are equal and estimates the wildfire severity as a single function as:

“=xf+e e ~N(0,o6°
yl I‘B i 1 ( ) (1)

i=12,....n

where the variables y; and y? are receptively observable wildfire severity and a latent wild-
fire severity (i.e., it is an unobservable and random variable whose realized value is hidden)

4 The use of this mechanism to explain that expenditure cannot be negative values in family expenditure
surveys was introduced by Tobin (1958). Since then, Amemiya (1985) classified this Tobit model into five
basic types according to the form of the likelihood function.

5 The Heckman (1976) two-step procedure was used in criminology to deal with selection effects, which
may cause biased inferences regarding a variety of different criminological outcomes. After that, Hackman
model using a two-step procedure was often called “Type-III Tobit, Heckman’s two-step Tobit, or Heckman’s
two-step selection model” among five classifications by Amemiya (1985), since this approach involves esti-
mation of a Probit model for selection, followed by the insertion of a correction factor—the IMR. According
to Vella (1998), the Heckman model of using a two-step procedure is more robust to distributional assump-
tions compared to using MLE introduced by Heckman (1974).
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at each utility i (i.e., n has a total of 4,957 water utilities6). The variable x; denotes utility
characteristics, such as ownership (local government versus private sector), a primary source
(groundwater versus surface water), trade (whether a utility relies on purchased water or its
own local sources), geographic location (Northern versus Southern California, and inland
versus coastal California), and population size served by utilities (small-populated, medium-
populated, and large-populated level). The variable ¢; is normally distributed error term hav-
ing a mean of 0 and a standard deviation of 62 to capture random influences on the relation-
ship between explanatory and outcome variables. The term f represents a parameter to be
estimated in Tobit that is censored from below the threshold value = (z = 0 in this analysis):

_ys > _ oy ifyr>0
yi_{T, otherwise.}{:yi_{o, ify;‘SO} @)

This Eq. (2) describes the probability that wildfire is greater than O, the conditional
expectation of the latent outcome variable y is given as:

E(y;ly; > 0, x;) =x:/‘ﬂ+‘75 3

where @ and @ denote the standard normal cumulative distribution function (CDF) on
x;ﬁ /o and the corresponding probability density function (PDF), respectively. Accord-
ingly, the parameters f and ¢ are derived by maximizing the following log-likelihood for
each water utility 7 of the one-limit Tobit model is (Greene 2003):

Zu(2e0) Zu(-o(2))]

Yis0 Yi=0

InL(B, ) = [

This maximum log-likelihood function when the threshold value z = 0 is the sum of
such log-likelihood for each utility obtained by taking the logarithm after combining
Egs. (2) and (3), and by maximizing it through the convergence process by repeatedly oper-
ating to get consistent estimates of § and c.

3.2 Hackman Model

An alternative method, Hackman’s two-step procedure model is expressed as:
1'step : 2} = w:.y + u;,
L, ifz>0
Zi_{O, lj‘zzkso} (5)
u; ~N@O,1) i=12,...,n

d ox !
2"step: yY = x.f + ¢,

_ v 1y >0
yi_{(), le;kSO} (6)

g ~N@O0,0) i=12,...,n

5 We only focus on water utilities with wildfires out of 7,500 utilities in California. Hence, we use subsamples
composed of 4,957 water utilities throughout California to analyze the impact of wildfires given each period.
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where the variable z; denotes an observable variable on whether a wildfire occurs and y a
latent variable on wildfire severity. The variables w; and x; mean on the explanatory vari-
ables of utility characteristics as stated in the Tobit model. The variables u; and ¢, are error
terms following a bivariate normal distribution with a mean of 0 and a standard deviation
of 1 and o. The correlation between the two error terms to be estimated denotes p (i.e.,
corr(u;, €; = p), and it implies that the error terms are not independent.

Since the variable y; can be observed when the variable z; has a positive value, when tar-
geting the cases of z = 1 from the Eq. (5), the conditional expectation of y? is yielded as
(Greene 2003):

E(yilz:.‘) =x;.ﬁ +E(£i|w;y +u; > 0)
=x;.ﬁ +E(6i|ui > —w;.y)

1—¢<—w;y>] @

=x:.ﬂ+p6

Wy) @xﬁ+ oA (— " )
o ) p 4

where @(-) and @(-) reactively denote CDF and PDF, and A,(-) = @(-)/®(-) is a selection
parameter called inverse Mills ratio (IMR) or selection hazard. This represents the instan-
taneous probability that each observation will be excluded from the sample conditional on
being at the hazard (Bushway et al. 2007).

Using Eq. (7) the estimation steps are as follows: In the 1% step, using a Probit regresswn
to model the sample selection process in Eq. (5), estimates 7 and calculates Iy (=w, y) In the
2" step, }»( w, g/) is added to a regression, based on Eq. (6) as a regressor along with the
other explanatory variables, x; by adjusting the standard error and ¢ value. This OLS is used to
provide the consistent parameter estimates of both § and in p. Thus, despite p # 0, estimating
wildfire severity with data considering only z = 1, a sample selection bias of po-ki(—w;y
occurs; resultantly, the effect of a specific explanatory variable on the outcome variable may
be underestimated or overestimated.

4 Results

4.1 Wildfire Severity and Water Utilities

Maps of calculated wildfire severity by the period in the water utilities’ service area bound-
aries in California are presented in Fig. 1. As indicated before, we define the wildfire sever-
ity in each water utility service area by dividing the total land acres burned (i.e., wildfire
extent) by the total number of events that occurred (i.e., wildfire exposure frequency). The
wildfire severity can have a neutralizing effect on “exposure frequency,” which can be used
to identify vulnerable locations and the degree of vulnerability to wildfires more effec-
tively. Otherwise, displaying raw counts rather than relative values, such as rates per unit
(here, acres burned per event), might cause a misleading emphasis on bigger geographic
areas. Thus, we decided that it is better to examine the utilities’ vulnerability to wildfires by
calculating the proportion of the phenomenon measured in severity. Each map illustrates
the severity of exposure to wildfire risk within and near the utility’s service area bounda-
ries through the severity that an area burned over a 5- to 30-year period. The severity of
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Fig. 1 Wildfire severity (wildfire extent/wildfire exposure frequency) maps by period

wildfires in the last 5 years has increased compared to the last 10, 20, and 30 years. This
results from a combination of high temperatures and drought due to the increasing influ-
ence of climate change (Bladon et al. 2014). These maps will assist the state’s water man-
agers, policymakers, and water utilities in determining the locations that need to implement
special management to mitigate wildfire risk.
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4.2 Overall Regression Results

Table 3 shows the estimates obtained from the OLS, Tobit, and Heckman models for the
association of water utility characteristics and wildfire severity. Statistical signs of all
explanatory variables except population size from the OLS model are consistent for the
three models, but their statistical coefficients and levels are different.

In summary, all coefficient estimates from the Tobit model, handling ordinary statisti-
cal problems in which the data is subject to censoring, are statistically significant and have
the expected signs at either the 10% or 1% level. All coefficients of each explanatory vari-
able from the OLS model have smaller absolute terms and are statistically less significant
(i.e., government-owned utility, 0.205 to large-populated level utility, 0.305) than those
of the Tobit model (i.e., government-owned utility, 1.225 to large-populated level utility,
1.638). Likewise, the Heckman model as a treatment for the sample selection bias also has
expected signs and is statistically more significant in the selection equation but less sig-
nificant in the case of the outcome equation than the OLS model. All coefficients from the
Heckman model have relatively greater absolute terms than the OLS model.

All coefficients of the selection equation determining whether or not there are wildfires in
the Heckman model are estimated to be smaller than those of the Tobit model at a high sig-
nificance level—government-owned utility, 0.329 (Tobit 1.225) to large-populated level util-
ity, 0.779 (Tobit 1.638). Yet, the outcome equation implying wildfire severity was instead the
opposite. All coefficients are estimated to be larger than those of the Tobit model. None were
statistically significant—government-owned utility, 2.192 (Tobit 1.225) to utility size, 3.620
(Tobit 1.638). This indicates that compared to the Tobit model, the Heckman model is valid
for estimating the effect of the explanatory variables determining the presence or absence of
a wildfire. However, it is not valid for estimating the explanatory variables’ impact for deter-
mining a wildfire’s severity. The following subsections explain the Tobit and Heckman model
results, respectively.

4.3 Estimated Results for Tobit Model

First, in reviewing the results from censored Tobit regression estimation in Table 3, the
coefficients for characteristics of a water utility such as ownership—Ilocal government ver-
sus privately owned utilities—reveal a comparison of the vulnerability of wildfires accord-
ing to ownership. This indicates that while holding other variables in the model constant,
water utilities that the government owns compared to those that are privately owned have a
greater wildfire severity. This result is statistically significant at the 1% level.

Second, our results show that utilities relying on groundwater as their primary source have
a statistically significantly lower rate of wildfire severity (i.e., less vulnerable to wildfires)
than those depending on surface water, all else equal. Degradation of water quality from
wildfire has the potential to have adverse effects on both surface and groundwater. However,
their impacts on surface water are more evident that those on groundwater (Mansilha et al.
2020). This is due to groundwater’s hydrogeographic position, which is hard to see and meas-
ure. Wildfires can produce significant water quality changes that may impact many of Cali-
fornia’s reservoirs and associated water infrastructure supplying community drinking water.
These impacts are created and accumulated due to pollutants after the wildfire, including
black ashes, debris, sediment, and chemicals used to fight the fire. Post-fire runoff provides a

@ Springer



J.Leeetal.

Table 3 Results of OLS model with Tobit and Heckman models

OLS Tobit Heckman

Variables Coefficient Coefficient ME Coefficient
Outcome equation
Government 0.205"" 1.225" 0.228"" 2.192
(Base: Private) (0.047) (0.207) (0.041) (1.765)
Groundwater -0.459™ 2,189 -0.480"" -4.132
(Base: Surface water) (0.071) (0.243) (0.065) (2.987)
Purchased -0.256" -1.529" -0.214™ -3.057
(Base: Owned) (0.105) (0.337) (0.037) (2.432)
Southern CA 0.394™ 2.106™" 0.447"" 3.866
(Base: Northern CA) (0.052) (0.196) (0.049) (2.970)
Coastal 0.266™" 1.109™ 0.201"" 2.124
(Base: Inland) (0.042) (0.189) (0.036) (1.298)
Size-Medium -0.065 0.635" 0.119 1.239
(Base: Small) (0.070) (0.255) (0.051) (1.731)
Size-Large 0.305 1.638" 0.362" 3.620
(Base: Small) (0.177) (0.419) (0.115) (3.482)
Selection equation

Government 0.329""
(Base: Private) (0.051)
Groundwater -0.576™"
(Base: Surface water) (0.063)
Purchased -0.449™"
(Base: Owned) (0.094)
Southern CA 0.570""
(Base: Northern CA) (0.053)
Coastal 0.243™
(Base: Inland) (0.047)
Size-Medium 0.324™"
(Base: Small) (0.069)
Size-Large 0.779"™"
(Base: Small) (0.156)
Observations 4,478 4,478 4,478
R2 0.054 - -
Pseudo R2 - 0.052 -
° - 18.439%** 9.633
p - - 1.000
A - - 9.633

i

The coefficient of IMR is reported as A; Robust standard errors in parentheses

“p<0.1; “p<0.05; “p<0.01
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route to carry these pollutants to surface water, which may lead to the substantial water qual-
ity of water available impacts. Loaded pollutants along the route can fill drainage channels,
reduce reservoir holding capacities, and add contaminants to the existing water infrastructure
(Moody et al. 2013; Abraham et al. 2017; Murphy et al. 2020).

Third, provided the other variables are held constant, we find utilities mainly dependent
on purchased water are less vulnerable to wildfires than utilities dependent on their local
sources. These results are statistically significant at the 1% level. Fourth, utilities in South-
ern California have a higher severity of wildfires relative to those in Northern California.
Predictably, the result is due to different weather conditions that result in less rain and hot
and dry weather in Southern California. Higher temperatures and drier conditions, such as
heatwaves, often exacerbate wildfires. Usually, in response to wildfires that threaten life,
property, and high-value resources, fire retardants are used to slow the spread of wildfires,
thus allowing time for firefighters to respond to the incident. However, it is difficult to
expect these retardants to prevent the spread of parched land due to high temperatures and
severe drought. Consequently, it is more likely that Southern California, with landscapes
that are largely semi-arid with Mediterranean ecosystems and significant chaparral shrub-
lands,’ is a more wildfire-prone environment than Northern California (Barro and Conard
1991; Syphard et al. 2018).

Fifth, utilities in coastal California have a higher severity of wildfires than those in
inland California. The more intense wildfire outbreaks in coastal California are due to cli-
mate trends that make it easy for wildfires to spark. That is because offshore, downslope
winds with low humidity blow from inland areas toward the coast. Burnt trees are like
charcoal, so the embers last for a long time, and the wind spreads sparks from those embers
into neighboring areas. The lower the humidity and the stronger the wind, the faster this
diffusion and the greater the distance the fire sparks will travel (Goss et al. 2020). Large-
scale wildfires in coastal California have increased by about 10% per decade since 1984
due to climate trends (Zhongming et al. 2020). These trends push existing fires into urban
communities. This phenomenon causes more damage when wildfires occur near densely
populated areas (e.g., Bay Area, Los Angeles, San Bernardino, and San Diego counties).

In terms of population size served by a utility, results show how much more (or less)
likely utilities serving a larger population are vulnerable to wildfires than utilities serving
a smaller population. The increase in population size causes an incremental increase in
wildfire severity from each utility. Specifically, the increase of population size (i.e., serving
less than 100,000 people) from a utility supporting a medium-population, and a utility sup-
porting a large population (i.e., serving more than 100,000 people) result in an incremen-
tally growing severity, compared to a utility supporting a small-population (i.e., serving
less than 3,300 people). Such results are all statistically significant at either the 5% or 1%
level. Utilities that provide services to a larger population are often large and government-
owned. These larger-population areas may also increase the number of wildfires caused by
inadvertent human actions.

Lastly, o value shows that it is reasonable to choose the Tobit model to handle the case
in which the severity of the wildfire is less than or equal to zero. The value was found to
be statistically significant at 18.439 (p <0.001), indicating that the Tobit model is a valid

7 Chaparral vegetation is widely distributed and dominant in a region of Mediterranean-type climate, which
has hot dry summers and mild wet winters because it has characteristics to be well adapted to extreme dry-
hot conditions and interannual precipitation variability (Molinari et al. 2018).
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method. The Tobit model indicates the effects of all explanatory variables on wildfire
severity and remains statistically significant.

The coefficients from the OLS model show the marginal effect in which average changes
of the outcome variable are given with explanatory variable changes. However, the coeffi-
cients from the Tobit model have average changes in the outcome variable and the prob-
ability that the changes will be observed. Thus, to get the marginal effect of an explanatory
variable on the observed outcome variable, it is necessary to multiply the coefficient by the
probability that the observed variable is greater than zero (Amore and Murtinu 2021). The
value of the marginal effect is also presented alongside the coefficient in Table 3.

4.4 Estimated Results of Hackman Model

We estimated two equations in Heckman’s two-step procedure, with the estimations from
the Probit model as a selection equation at the first step and the OLS model as an outcome
equation at the second step. The overall results of the Heckman model in Table 3 show no
difference in the direction of the effect explanatory variables have on the outcome variable
between the first Probit selection model and the second linear probability model.

The selection equation determines whether or not there are wildfires and its coefficients’
signs on all explanatory variables are consistent with those from Tobit’s outcomes, but they
are estimated smaller than the Tobit model and are more statistically significant. Thus, the
effects of heterogeneous characteristics of each water utility on the severity of wildfires
would be the same as what the Tobit model has. The outcome equation describes the effect
of the explanatory variables on the wildfire’s severity. The statistical signs from the coef-
ficients on all explanatory variables are still equivalent to the Tobit model, yet they were
not statistically significant. This means that water utilities’ characteristics have a significant
impact on whether a wildfire occurs, but not on its severity.

Notice that the coefficient of Lambda (},), denoting IMR, is insignificant with
t-value=1.40 (at p>0.1). This suggests for our analysis that selection bias is not a signifi-
cant issue. Given the meaning of A; as a self-selectivity correction factor, this result shows
that selection bias is not a significant issue for our analysis, indicating that the Tobit model
would give us a better explanation in the wildfire severity than the two-step Heckman
model. Furthermore, the Tobit model is a less-complicated statistical approach. For another
parameter p, when it is positive, this indicates the unobservable factors that cause a wild-
fire’s severity are positively correlated with one another; conversely, negative p indicates
the unobservable factors are negatively correlated. The error terms for p in Table 3 show the
unobserved factors that cause wildfire severity are positively correlated.

4.5 Estimated Results for Different Time Periods

Tobit model estimates for wildfire severity presented in Table 4 show changes in wild-
fire exposure over time. These variations reflect the base period vulnerability of water
utilities to wildfire. Since all estimates for each period have the same statistical signs,
the direction of the effects—either increase or decrease—from the characteristics of
water utility on the severity of the wildfires will be the same. These results are the same
as those described in the sections above. These results are the same in statistical signifi-
cance at either the 5% or 1% level, except for features about population size. However,
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Table 4 Estimated results of Tobit model for wildfire severity by period

Last 30-years
(1991-2020)

Last 20-years
(2001-2020)

Last 10-years
(2011-2020)

Last 5-years
(2016-2020)

Variables  Coefficient M.E Coefficient M.E Coefficient M.E Coefficient M.E

Govern- 1.225" 0.228"" 1.173" 0.195"" 1.280" 0.166™ 1.266™ 0.130"
ment

(Base: 0.207) 0.041)  (0.230) 0.041)  (0.268) 0.037)  (0.320) (0.035)
private)

Ground-  -2.189""  -0.480™" -2.302""  -0.455"" -2.0277"  -0.303"" 23207  -0.282"""
water

(Base: (0.243) 0.065)  (0.268) 0.065)  (0.317) 0.057)  (0.372) (0.055)
surface

water)

Purchased -1.529""  -0.214™" -1.434™"  -0.184™" -1327"  -0.134™ -1.545"  -0.122""
(Base: 0.337) 0.037)  (0.372) (0.038)  (0.434) 0.036)  (0.503) (0.032)
owned)

Southern ~ 2.106™ 04477 2,049 0.386™" 0.747" 0.097"  0.560 0.057
CA

(Base: (0.196) 0.049)  (0.219) (0.048)  (0.253) (0.035)  (0.309) (0.033)
Northern

CA)

Coastal 1.109"" 0.201"" 1.318™ 0.216™" 1.411™ 0.180" 1.989™ 0.206™
(Base: (0.189) 0.036)  (0.208) (0.036)  (0.240) 0.032)  (0.283) (0.032)
Inland)

Size- 0.635" 0.119°  0.742™ 0.126°  1.168" 0.161" 1.327"" 0.147™
Medium

(Base: (0.255) 0.051)  (0.283) 0.052)  (0.328) 0.052)  (0.392) (0.050)
Small)

Size-Large 1.638™"" 0.362""  1.886™" 0.384™ 2371 0.398™  3.167°" 0.469"
(Base: 0.419) 0.115)  (0.478) 0.124)  (0.548) 0.124)  (0.615) (0.131)
Small)

Observa- 4,478 4,478 4,478 4,478

tions

Pseudo R>  0.052 0.051 0.038 0.042

c 18.439™ 21.323" 24972 30.880""

Robust Standard errors in parentheses

“p<0.1; “p<0.05; “p<0.01

it can be seen that the degree of the effect differs according to the period, as the coef-
ficients are different by each period.

Although the point estimates of the effects vary according to the period, it is clear
that the overall effects are larger in a short period (the largest point estimates are from
the 5 years). The longer the period, the less fluctuation degree in severity estimated
despite the greater frequency of accumulated wildfires, implying that the area burned by
the wildfire is not that large. In other words, since the number of occurrences of small-
scale wildfires accounts for a large proportion, the increase in total area burned is not
large compared to a short period. This indicates that large-scale wildfires have mainly
occurred in a relatively short period (the last 5 years). A large body of research suggests
that burning areas have increased within the last 5 years, and the top 20 largest California
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Fig.2 Wildfire severity map for coastal and southern California

wildfires since 1932 mainly include the recent 5 years (Hoover and Hanson 2021; Keeley
and Syphard 2021; California Department of Forestry and Fire 2021). Figure 2 focuses
on the last wildfire severity in the last 5 years by geographic location in California. As
shown, southern and coastal California utilities are more vulnerable to wildfires than
those in northern or inland California.

5 Conclusions

Growing wildfire size and frequency in California concerns the water utilities and imposes
strains on water utilities regarding increased costs for the existing water infrastructures’
management and operations. Wildfires impact both post-wildfire water quality and water
infrastructure management and operation. Accordingly, identifying the water utilities at
a higher risk of wildfires is necessary to develop plans and strategies for effective water
management and operation. Our study contributes to the literature by measuring the vul-
nerability of each utility to wildfires based on the exposure frequency and the extent of
area burned by wildfires that occurred in each water utility service area. Our quantitative
models take into account the nature of the censoring and selection biases on wildfire data
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and show an association between water utility characteristics and the level of vulnerability
to wildfire risks.

To summarize, we find that wildfire vulnerability is higher in government-owned utili-
ties than in private ones, utilities primarily relying on surface water than groundwater, utili-
ties using local-sourced water than purchased water, utilities located in Southern California
than those in Northern California, utilities located in coastal California than those in inland
California, and utilities serving a larger population. These findings provide useful infor-
mation on water utilities that are likely to be more vulnerable to wildfires based on their
characteristics, which may require more caution in their management and operation. After
a wildfire, water utilities tend to experience increased infrastructural damages (e.g., water
treatment, replacement or repair of the broken water system, water storage or distribution
system) and operational challenges (e.g., emergency operation/response plans, disinfection,
and boil water orders). The introduction of funding mechanisms to support water utilities
with wildfire-vulnerable characteristics to respond fiscally and flexibly to wildfires. Such
mechanisms might include insurance, grants, subsidies, and other state and federal aid pro-
grams; resultantly, water agencies may be able to recover some of the costs of water man-
agement and operation post-disaster assistance through the mechanisms. Given that adap-
tion and mitigation of the risk of wildfire are inextricably linked to the provision of a safe
water supply, it is essential to constitute partnerships across the diverse forest- and water
entities at all levels: federal, state, local municipalities, communities, and nongovernment.
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