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• Developed a scalable method to quantify 
economic benefits of forest fuels 
treatment

• Treatments lower wildfire risk and 
avoid costs of thousands of dollars per 
hectare

• Results support data-informed forest 
management and innovative financing 
strategies
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A B S T R A C T

As wildfires in the western United States grow in frequency and severity, forest fuels treatment has been 
increasingly recognized as essential for enhancing forest resilience and mitigating wildfire risks. However, the 
economic valuation of the treatment’s co-benefits remains underexplored, limiting integration into financial and 
policy decision making. Using highly forested land in California’s Sierra Nevada as study areas, this study 
provides a methodology to quantify the economic benefits of forest fuels treatment in mitigating wildfire-induced 
losses across multiple ecosystem services, including carbon storage, timber provisioning, erosion regulation, and 
air-quality regulation. Integrating historical data on forest disturbances, ecological variables, and market-based 
ecosystem service valuation models, we demonstrate that treatment can substantially reduce wildfire risk and 
deliver measurable, significant economic benefits at a landscape level. The magnitude of these benefits is site 
specific and sensitive to burn probability, treatment intensity, and the baseline value of affected ecosystem 
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services. This quantitative analysis provides a scalable approach to inform regional forest management strategies. 
It can also support innovative financing mechanisms such as public–private cost-sharing models, which can 
accelerate the pace and scale of forest fuels treatment efforts that enhance ecosystem sustainability and com
munity resilience in wildfire-vulnerable landscapes.

1. Introduction

Forests in the western United States provide critical ecosystem ser
vices, such as carbon sequestration, water quantity and quality regula
tion, timber provisioning, air-quality regulation, recreation and habitat 
provisioning, all of which are fundamental to mitigating climate change 
and supporting human well-being (Taye et al., 2021; Müller et al., 2020; 
Nyelele et al., 2023). Among these, the Sierra Nevada, as the largest 
contiguous forested region in California, covers 25 % of the state’s land 
area, supplies over 60 % of the state’s developed water, supports hy
dropower generation, and sustains local economies through timber in
dustries and recreation. However, decades of fire suppression and 
exclusion policies have homogenized forest structures, increasing their 
susceptibility to high-severity wildfires, drought, and pest outbreaks 
(Voelker et al., 2019). In recent years, wildfire frequency, extent, and 
severity have escalated dramatically, leading to severe ecological and 
economic consequences (Wasserman and Mueller, 2023; Burke et al., 
2021; Daum et al., 2024). High-severity wildfires not only cause loss of 
life, property, and infrastructure but also disrupt or destroy ecosystem 
services. They consume biomass, shift forests from carbon sinks to car
bon sources (Loehman, 2020; Liu et al., 2014), cause timber losses 
(Bousfield et al., 2023), and increase soil erosion through changes in 
vegetation and soil properties (East et al., 2021; Jumps et al., 2022). 
They degrade water quality by elevating sediment and contaminant 
loads for years post-fire (Rust et al., 2018), and disrupt recreation ser
vices by damaging landscapes, prompting park closures, and reducing 
tourism revenues (Duffield et al., 2013; Gellman et al., 2022). Smoke 
from these wildfires also degrades air quality, with severe implications 
for public health, such as increased respiratory and cardiovascular dis
eases (Wang et al., 2021; Schollaert et al., 2024).

Recognizing these growing threats and economic losses, efforts to 
restore forests through fuels treatment, such as mechanical thinning and 
prescribed burning, have been increasingly emphasized as effective 
strategies to mitigate wildfire risks and enhance forest resilience 
(Prichard et al., 2021; O’Donnell et al., 2018; Stephens et al., 2024; 
Weston et al., 2022). These treatments remove small trees and under
story, creating a more open and diverse forest dominated by fewer but 
larger fire-resistant trees, thereby reducing the risk of crown fires and 
tree-to-tree fire spread (Agee and Skinner, 2005). In recognition of these 
beneficial effects, federal and state agencies have increasingly priori
tized investments in forest fuels treatment (CalFire, 2018; Forest Climate 
Action Team, 2018; State of California and USDA, 2020). However, the 
high costs of forest fuels treatment—estimated at billions of dollars per 
year for the Sierra Nevada—far exceed available funding, resulting in an 
implementation pace and scale that are insufficient to meet the growing 
demands (Quesnel Seipp et al., 2023). A key challenge in raising funding 
for forest fuels treatment is the absence of a comprehensive methodol
ogy to economically quantify the ecosystem services losses associated 
with wildfire and the full range of benefits associated with treatment. 
Forest fuels treatment contributes to improved ecosystem services, 
including enhanced hydropower and water supply by reducing vegeta
tion water competition, as well as improved timber provisioning, air- 
quality regulation, erosion control and habitat and biodiversity 
through wildfire regulation (Guo et al., 2023; Stephens et al., 2021; 
Stephens et al., 2020). These improvements can also generate significant 
economic benefits, including increased power generation revenue, 
avoided health expenditures, reduced sediment removal and water 
treatment costs, and potentially higher tourism and recreation revenue 
in treated landscapes. While previous research has evaluated timber 

revenues and fire suppression savings using context-specific methodol
ogies (Sanderfoot et al., 2021; Rhoades et al., 2019; Otrachshenko and 
Nunes, 2022), the economic benefits of avoided costs resulting from 
wildfire regulation across multiple ecosystem services remain underex
plored. Recent frameworks for quantifying market and non-market 
benefits (Yao et al., 2019) and addressing funding challenges through 
stakeholder engagement (Quesnel Seipp et al., 2023) provide valuable 
conceptual foundations for a comprehensive analysis incorporating 
multi-benefits, yet detailed economic valuation analyses grounded in 
credible biophysical data and ecosystem modeling process to effectively 
inform investment decisions are still lacking at both regional planning 
and project implementation scales.

To address these critical gaps in areas with a wide range of forest and 
landscape conditions, this study integrates historical data on forest 
disturbances, ecological variables, and market-based valuation models 
to achieve three key objectives: (1) develop credible algorithms to 
quantify the economic loss associated with wildfire and the benefits of 
forest fuels treatment; (2) assess the scale and key drivers of treatment 
benefits in mitigating wildfire risk, and (3) evaluate how benefit ana
lyses can inform forest management strategies and financing mecha
nisms. To illustrate the approach, we apply it to two densely forested 
regions in the Sierra Nevada of California, representative of high fire- 
risk landscapes and diverse forest fuels treatment practices.

2. Methods

Our methods consist of three steps: first, analyzing the impacts of 
historical wildfires on ecosystem services and using data developed 
through ecological modeling to evaluate the potential effects of wildfires 
on the targeted landscapes; second, assessing how historical changes in 
vegetation cover and fuel load have influenced wildfire characteristics, 
including burn probability and predicted burn severity; and third, 
integrating ecosystem-service valuation to estimate the multiple bene
fits arising from forest fuels treatment applied for mitigating wildfire 
risk. In this study, four ecosystem services vulnerable to wildfire were 
included, namely carbon storage, timber provisioning, erosion regula
tion and air-quality regulation, as defined by the Millennium Ecosystem 
Assessment (Reid et al., 2005). All spatial datasets used in this study are 
summarized in Table 1 and Table S1. This includes detailed information 
on resolution, source, and temporal coverage for each variable.

2.1. Study area

The two areas analyzed in this study are in California’s Sierra Nevada 
and are areas that recently received forest fuels treatment. We refer to 
them as the North Yuba and French Meadows projects. These regions are 
characterized by dense mixed-conifer forests, with areas of 23.1 km2 and 
28.6 km2, respectively, and tree density estimated over 900 trees/ha. 
Due to increasing wildfire risks in recent years, these regions have been 
identified as priority sites for ongoing treatments. The average elevation 
is 2087 m for North Yuba and 1778 m for French Meadows, with mean 
slopes of 24 % and 19 %. The Parameter-elevation Regressions on In
dependent Slopes Model (PRISM) indicates 30-year (1991–2020) 
average annual precipitation of 1690 mm and 1739 mm for North Yuba 
and French Meadows respectively (Fig. 1).

2.2. Impacts of wildfires on ecosystem services

Burn severity and probability. We assessed the potential changes in 
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ecosystem services induced by wildfires under current conditions for the 
study areas. For each type of ecosystem service, these changes depend 
on the probability of wildfire occurrence at the site and the severity of 
the wildfire when it occurs. Burn severity, defined as “the degree to 
which a site has been altered or disrupted by fire,” is categorized into 
four levels: high, moderate, low, and unburned, based on criteria 
established by the Monitoring Trends in Burn Severity (MTBS) project 
(Finco et al., 2012).

Predicted flame length is widely recognized as a metric for wildfire 
severity. In previous analyses, thresholds have been established to 
convert predicted flame lengths from fire modeling into burn-severity 
levels (Salis et al., 2019; Elliot et al., 2016; Srivastava et al., 2018). 
For instance, flame lengths of 2.5 m and 1.2 m predicted by the Flam
Map, a fire-mapping and analysis system describing potential fire 
behavior (Finney, 2006), were used as thresholds for high and moderate 
burn severity, respectively (Elliot et al., 2016).

For this study, we used predicted flame length and burn probability 
simulated based on vegetation conditions at the end of 2019 and 2020, 
prior to large-scale forest fuels treatment in the study areas. The data 
were produced by the USDA Forest Service (USFS), Rocky Mountain 
Research Station, and Pyrologix LLC, using FlamMap for the predicted 
flame length and FSim, a large-fire simulation system for burn proba
bility (Finney et al., 2011)(Table 1). Inputs included local fuel, weather, 
topography, and past wildfire ignitions, with calibration runs aligning 
predictions to historical fire patterns (Vogler et al., 2021). The mean 
annual burn probability for French Meadows is about 50 % higher than 
for North Yuba (0.0148 versus 0.0096) and also has a much higher mean 
predicted flame length (4.5 vs 1.9 m). Few pixels in either area have 
annual burn probability as high as 0.020 or projected flame length as 
high as 10 m (details in Fig. S1). Instead of defining a fixed flame length 
threshold for burn severity, we employed a multinomial logistic 
regression model with polynomial terms to predict the probability dis
tribution of burn severity levels, using predicted flame length as a 
continuous predictor. Pixel-level burn severity frequencies from the 
2020 wildfires (MTBS data) were matched with predicted flame length 
from 2019 projections. Model accuracy was evaluated by comparing 
predicted and observed burn severity levels (Fig. S2).

Carbon storage. We assessed the impact of wildfires on carbon 
storage, defined in this study as aboveground live carbon storage, by 
analyzing changes across historical burn-severity levels. To achieve this, 
we used polygon and raster datasets from 2001 to 2020, including 
wildfire perimeters from the California Department of Forestry and Fire 
Protection (CAL FIRE), burn severity from MTBS, and carbon storage 
from Natural Climate Data Atlas (Goulden et al., 2022) (Table 1).

Wildfires were delineated into distinct shapefiles based on burn- 
severity levels—unburned, low, moderate, and high—by cropping the 
annual burn-severity raster to the wildfire extent and vectorizing the 
data. For each burn-severity polygon, the change in mean carbon storage 
was calculated as the difference between carbon storage one year before 
and one year after the wildfire. This analysis focuses on short-term, 
wildfire-year losses in live carbon only, as data limitations prevent ac
curate tracking of longer-term fluxes involving wildfire-induced dead 
biomass and decay. To evaluate the significance of these changes, we 
conducted a paired t-test. Further, linear regressions were used to 
examine the relationship between burn severity and changes in carbon 
storage. Post-fire carbon storage served as the dependent variable, while 
predictors included pre-fire carbon storage, burn-severity levels (high, 
moderate, and low) as dummy variables and potential interaction terms. 
We compared models with and without interactions between pre-fire 
carbon and burn severity, using criteria such as adjusted R2, Akaike 
Information Criterion (AIC), and Variance Inflation Factor (VIF) to select 
the preferred specification. The same approach was applied to all 
wildfire-related regressions. Confidence intervals were generated to 
quantify the uncertainty associated with the estimated impacts.

By analyzing the impacts of past wildfires on carbon storage and 
incorporating burn-probability and flame-length estimates for the study 
site, we evaluated the potential effects of future wildfires on carbon 
storage. All regression models were fitted at the polygon level (wildfire 
burn-severity polygons) to reduce pixel-scale noise. Subsequent assess
ments of other ecosystem services followed similar steps.

Timber provisioning. We estimated timber volume of the study areas 
using the Scribner 16-ft log rule, a widely accepted log-scaling method 
employed in California for both softwood and hardwood species. Given 
the variation in tree morphology across species, we used species-specific 
equations derived from a U.S. Forest Service technical guide (USFS, 
2014). Their equations take diameter at breast height (DBH) and stand 
height as the primary predictors, incorporating allometric relationships, 
taper functions, cubic form factors and log rules to estimate the wood 
volume and thus Scribner volume of timber. This ensures a standard 
estimation of wood volume and Scribner volume, aligned with estab
lished forestry practices (Table S2). Tree-species, DBH, stand-height, 
and tree-density data were obtained from the Landscape Ecology, 
Modeling, Mapping, and Analysis (LEMMA) dataset, using its most- 
recent data from 2017 for study area analysis (Table 1).

To assess the impact of wildfires on Scribner volume, we adopted an 
approach similar to our carbon-storage analysis. Leveraging time-series 
data on tree biomass from the Natural Climate Data Atlas, we conducted 
regression analyses to estimate the percentage loss of tree biomass 
resulting from past wildfire events. These estimates were then used to 
predict current tree biomass losses within the study areas under varying 
burn severities. Considering the potential for salvage logging, we 
approximated the percentage loss of tree biomass as equivalent to the 
percentage loss of wood volume, recognizing that not all wood volume is 
destroyed by wildfire. Finally, we converted the estimated losses into 
Scribner volume.

Erosion regulation. In this study we assessed the potential impact of 
wildfires on sediment delivery to downstream reservoirs. First, we 
estimated the potential soil loss following wildfires in the two study 
areas using the Revised Universal Soil Loss Equation (RUSLE) (K. 
Renard, 1997). The RUSLE model calculates average annual soil loss (A, 
tonnes/ha) as: 

A = R×K× LS×C×P (1) 

Table 1 
Summary of data inputs.

Data Unit Spatial 
resolution

Temporal 
resolution

Burn probability Unitless 30 m, statewide Annual, 
2019–2020

Predicted flame 
length m 30 m, statewide

Annual, 
2019–2020; 
Annual, 
1985–2020

Wildfire perimeters NA Shapefile, 
statewide

Annual, 
2001–2020

Burn severity Unitless (categorical 
index)

30 m, statewide Annual, 
2001–2020

Carbon stock 
(Aboveground live) kg/m2 30 m, statewide

Annual, 
2001–2021

Tree biomass 10 g/m2 30 m, statewide
Annual, 
2001–2021

Tree attributes (Tree 
species, DBH, Stand 
Height, Density)

species: NA, DBH: 
cm, Stand Height: m, 
Density: trees/ha

30 m, statewide
Current 
inventory 
(2017)

Precipitation mm
30 m 
(resampled), 
project scale

30-year 
average

K, LS
K (tonnes⋅ha⋅hr / 
ha⋅MJ⋅mm), LS 
(unitless)

30 m 
(resampled), 
project scale

Current 
condition

Vegetation type Categorical 
(LANDFIRE EVT)

30 m, project 
scale

2020

Vegetation cover loss 
(Tree, Shrub, Fuel) % 30 m, statewide

Annual, 
2001–2020
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where R is the annual rainfall-runoff erosivity factor (MJ⋅mm/ha⋅hr⋅yr), 
which quantifies the erosive power of rainfall. The R factor was calcu
lated using the equation provided by Renard and Freimund (1994), 
using annual mean precipitation from PRISM. K is the soil erodibility 
factor (tonnes⋅ha⋅hr/ha⋅MJ⋅mm), which represents the susceptibility of 
soil to erosion by runoff and raindrop impact. The LS factor (dimen
sionless) represents the combined effects of slope length and slope 
steepness on erosion. K and LS values were obtained from the California 
State Water Resources Control Board (Table 1). The P factor (dimen
sionless) was set to 1 as no specific conservation practices were imple
mented in the study areas.

The C factor (dimensionless) reflects the extent to which vegetation 
or ground cover reduces soil detachment and runoff by dissipating the 
impact of rainfall and stabilizing the soil. The use of the Normalized 
Difference Vegetation Index (NDVI) to quantify the C factor is well 
established, with advancement in capturing spatial and temporal vari
ations in vegetation cover compared to literature-derived values specific 
to particular conditions or locations (Woznicki et al., 2020). The func
tion calculating the C factor follows: 

C = exp ( − α×(NDVI/β − NDVI) ) (2) 

where α and β are dimensionless fitting parameters, with α = 2 and β 
= 1 adopted based on their reliable correlations reported in the litera
ture (Ayalew et al., 2020; van der Knijff et al., 2000). Annual mean NDVI 
was calculated in Google Earth Engine using Landsat data, excluding 
pixels with clouds, shadows, or snow, and averaging smoothed time 

series values (Roche et al., 2018). We generated statewide NDVI time 
series data (2000− 2020) and extracted pre- and post-fire values for each 
historical wildfire analyzed to evaluate the impacts of wildfire severity 
on NDVI through regression analysis. The regression model was further 
applied to predict potential post-fire NDVI in the study areas, where 
variations in NDVI and the corresponding C factor differentiated soil loss 
between pre- and post-wildfire conditions.

As the first analytical step in estimating sediment yield (tonnes/ 
ha⋅yr), we first delineated the downstream reservoir and its contributing 
catchment for each study area using the ‘wbt_watershed’ function from 
WhiteboxTools via the R package ‘whitebox’ (Lindsay, 2023). Then we 
calculated the sediment delivery ratio (SDR), which represents the 
proportion of eroded sediment that is transported from its source to a 
downstream reservoir or waterbody. To calculate SDR, we employed the 
empirical equation developed by Williams and Berndt (1972), which 
expresses SDR as: SDR = 0.627× SLP0.403, where SLP is the slope 
gradient. The SLP was calculated by dividing the elevation difference 
between the sediment source and the receiving reservoir and the 
shortest path to the reservoir boundary through channels. We calculated 
SDR at the pixel level, with total sediment delivery determined by 
spatially multiplying soil loss by the corresponding SDR.

Air-quality regulation. We estimated wildfire-induced PM2.5 emis
sions for the study areas using a modified implementation of the Wildfire 
Burn Severity and Emissions (WBSE) framework (Xu et al., 2022). This 
approach integrates wildfire burn severity, vegetation classification, and 
empirical emission factors to generate spatially explicit estimates of 

Fig. 1. Map of the study areas (a) North Yuba and (b) French Meadows in the Sierra Nevada of California. Subsequent maps maintain the same north arrow 
orientation and scale with this figure.
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wildfire emissions, expressed using: 

E = Avs × crvs × Fv × efv (3) 

where E is the mass of the total PM2.5 emission (kg), Avs and crvs refer to 
the area burned and fuel consumption rate of general vegetation class v 
under severity class s (low, moderate, and high severity). Vegetation 
classes within the study area were classified using the LANDFIRE 
Existing Vegetation Type product, grouped into five categories: grass, 
shrub, forest <1676 m (5500 ft., elevation), forest within 1676 m–2286 
m (5500–7500 ft) and forest >2286 m (7500 ft). Fv is the fuel loading (kg 
biomass/m2) for vegetation type v. crvs and Fv were estimated following 
Hurteau et al. (2014), with fuel loading and consumption values 
assigned to each severity class across five general vegetation categories, 
based on the First Order Fire Effects Model v5 (Reinhardt et al., 1997). 
efv is the emission factor for vegetation v. The emission estimates from 
this method were validated against existing inventories, including the 
California Air Resources Board and the Wildland Fire Emissions Infor
mation System (Xu et al., 2022). To address uncertainties in inputs (e.g., 
burn severity classification, fuel loading, and emission factors), we 
assigned a factor of 2 following Wiedinmyer et al. (2011), indicating that 
actual emissions could range between half and double our estimates.

2.3. Valuing the economic benefits of forest fuels treatment

The approach to quantifying the economic benefits of wildfire 
regulation through forest fuels treatment in this study builds upon the 
analytical framework established by Scott (2006) and Scott et al. (2013). 
This framework, widely cited in wildfire-risk assessments (e.g., Salis 
et al., 2016; Johnston et al., 2020; Bruni et al., 2024), quantifies wildfire 
risk through three key metrics: burn probability, burn severity, and the 
impacts of burn severity on ecosystem services. Forest fuels treatment 
can mitigate all three metrics, thereby reducing overall wildfire risk. The 
benefits of forest fuels treatment are defined as the difference in wildfire 
risk between treated and untreated scenarios, measured over the period 
during which this difference persists. Thus, we can derive the equation 
for the benefits of forest fuels treatment for a given landscape as follows: 

Benefit =
∑4

i=1

∑n

t=1

∑3

k=1

(Pt × Stk − P̂t × Ŝtk) × NVCikt

(1 + r)t (4) 

where i represents the ith ecosystem service, with four services consid
ered in total, t denotes the year after treatment, and n is the total number 
of years during which the treatment provides benefits, acknowledging 
that these benefits decline over time due to vegetation regrowth and fuel 
accumulation. Also, k refers to the burn severity. Pt represents the burn 
probability in year t, and Stk represents the burn severity in year t. P̂t and 
Ŝtk are the corresponding burn probability and severity post-treatment. 
NVCikt denotes the net value change of ecosystem service i at burn 
severity k in year t. The discount rate (r) is set at 3 %, with sensitivity 
analyses conducted to evaluate the impact of double versus half of this 
rate. The initial 3 % rate follows the U.S. Environmental Protection 
Agency Guideline (U.S. EPA, 2014), which recommends it for evaluating 
public policy benefits.

Impact of disturbance on wildfire. To examine the impact of forest 
fuels treatment on burn probability and predicted flame length of 
wildfire, we used historical forest disturbances, specifically changes in 
tree-canopy cover, shrub-canopy cover, and fuel, as proxies for treat
ment activities. This proxy approach reflects the reality that not all 
treatment records are spatially available at high resolution, but their 
biophysical impacts can be detected through disturbance patterns. With 
the available data, we performed regression analyses using burn prob
ability and predicted flame length (m) one-year post-disturbance as 
dependent variables. The predictors included the area of disturbances 
(m2), the extent of tree-canopy loss, shrub-canopy loss, and fuel loss (%), 
as well as pre-disturbance burn probability and predicted flame length. 

Wildfire polygons were used to clip forest-disturbance raster layers, and 
the mean value of each variable was calculated within each polygon. To 
ensure model robustness, we applied transformations (e.g., log and 
square-root) to burn probability and predicted flame length, and tested 
interaction terms among disturbance variables as well as between 
wildfire characteristics and disturbances. Model performance was 
evaluated using adjusted R2 and the AIC, with final model selection 
based on both goodness-of-fit and parsimony. The models were vali
dated using spatial cross-validation by dividing the data into 30 spatially 
distinct folds, with each fold split 7:3 into training and testing subsets, to 
evaluate performance while accounting for spatial autocorrelation.

To evaluate the impact of forest-disturbance extent on the time for 
burn probability and predicted flame length to return to pre-treatment 
values, we used 30 years of wildfire data (1986–2016) and extracted 
corresponding time series predicted flame-length data both pre- and 
post-disturbance, which allowed us to determine the time required for 
the mean predicted flame length within disturbance areas to return to 
pre-disturbance levels. Disturbance levels were categorized into 10 % 
increments, and mean recovery times were calculated for various com
binations of tree-canopy and shrub-disturbance levels.

Uncertainty analysis. The economic analysis of forest fuels treat
ment incorporates multiple sources of uncertainty, including the effects 
of treatment on wildfire, the impacts of wildfires on ecosystem services, 
and the valuation of those services. To address these cumulative un
certainties, a Monte Carlo simulation framework was implemented, 
integrating random sampling and variability in key parameters through 
a multi-step process. Prediction intervals for post-treatment wildfire 
characteristics (burn probability and predicted flame length), and the 
effects of wildfires on ecosystem services were derived using residual 
errors and coefficients from the respective models. Uncertainty in the 
economic valuation of ecosystem services was addressed by sampling 
prices from appropriate distributions. For each study area, 1000 random 
samples were generated by drawing parameters for wildfire prediction 
models, ecosystem service response models, and ecosystem service 
values, and the benefit of each ecosystem service category was calcu
lated. This process propagated uncertainty across the entire analysis 
chain, and final outputs were summarized using mean values and 95 % 
confidence intervals. Building on findings from Stephens et al. (2022), 
which identified 693 trees/ha as a threshold distinguishing high from 
moderate/low fire severity in the southern Sierra Nevada, we assumed 
this value as a benchmark for treatment planning. With pre-disturbance 
tree densities averaging 986 and 954 trees/ha in our study areas, we 
assumed a treatment scenario that reduces canopy cover and fuel load 
by 30 %, aligning with the reduction needed to reach the Stephens et al. 
threshold and the typical intensity of ongoing treatment projects.

Valuation of ecosystem services. The net value change of ecosystem 
services is determined by both the effects of wildfire on ecosystem ser
vices and the valuation of those services. For valuation, we applied local 
market price and unit value transfer method where the local studies are 
limited (Johnson et al., 2015). Carbon storage was valued using the 
social cost of carbon ($/ton), timber by local market prices ($/MBF), 
erosion regulation by sediment dredging costs ($/m3), and air-quality 
values with BenMAP-CE to quantify health-related benefits.

The social cost of carbon estimates the economic loss of one addi
tional ton of carbon dioxide emitted into the atmosphere (Tol, 2011; 
Nordhaus, 2017). We adopted the estimates from Rennert et al. (2022), 
who developed the Greenhouse Gas Impact Value Estimator to integrate 
climate science, socioeconomic modeling, and probabilistic analysis, 
with a mean of $185/ton ($44–$413 95 % percentile) for CO2 emitted in 
2020. Based on the associated Social Cost of Carbon Explorer Tool (Prest 
et al., 2022) derived from Rennert et al. (2022), we used projected social 
cost of carbon values of $226/ton ($54–$503, 95 % percentile) in 2030 
and $263/ton ($64–$593, 95 % percentile). Values for intermediate 
years were estimated using linear interpolation. To consider the uncer
tainty of the social cost of carbon, we applied a log-normal distribution 
to the social cost of carbon, which is right-skewed and bounded below by 
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zero. The distribution was fitted to the reported 5th, 50th, and 95th 
percentiles, and random samples were drawn during each Monte Carlo 
iteration. Local market timber prices were derived from the California 
Department of Tax and Fee Administration’s half-yearly timber-harvest 
reports (CDTFA, 2024). These reports detail region-specific prices, with 
the study areas located in Zone 7. Species-specific timber prices were as 
follows: Ponderosa Pine at $153/MBF (range: $100–$250), Hem/Fir at 
$183/MBF (range: $130–$250), and Miscellaneous Conifer at $73/MBF 
(range: $50–$130). Tree species in the two study areas were categorized 
into these price categories. Normal distributions were fitted to each 
timber category using reported mean and range of values (as 95 % 
percentiles), enabling uncertainty analysis via Monte Carlo simulation. 
We employed sediment removal cost models tailored for U.S. reservoirs, 
as outlined in the Anchor QEA report (QEA, 2020), to value erosion- 
regulation benefits. Mechanical dredging through water was identified 
as the most suitable method due to its effectiveness in handling coarse- 
grained sediment and woody debris commonly resulting from wildfire- 
induced erosion. The variable costs of sediment removal were accoun
ted for, with unit costs ranging from $55 to $179/m3 in 2020, with a 
normal distribution applied for uncertainty (mean and 95 % percen
tiles). For validation, a related study reported a cost of $100/m3, based 
on Denver Water’s dredging of Strontia Springs Reservoir following the 
Buffalo Creek and Hayman fires (Jones et al., 2017). We used a ratio of 
1.13 m3/ton to convert sediment mass to volume, based on Snyder et al. 
(2004) for Yuba River sediment properties.

The valuation of air-quality regulation was conducted using 
BenMAP-CE (version 1.5.8.17), an open-source software developed by 
the U.S. EPA. BenMAP-CE is widely recognized for estimating the eco
nomic health costs associated with wildfires (Sacks et al., 2018; Wang 
et al., 2021). The calculation follows the equation below: 

Valueair =
∑m

h=1
Y0h

(
1 − e− βhΔPM)×Pop×Chh (5) 

where h represents to the hth health outcome, and m is the total kinds of 
health outcomes we assessed. In this study we assessed two outcomes, 
namely hospital admission of all respiratory illnesses and hospital 
admission of all cardiovascular illnesses. Y0h

(
1 − e− βhΔPM)× Pop, known 

as the health-impact function, estimates the incidence of health 
outcome. βh is a parameter that estimates the incidence change of hth 
health impact of a unit change in ambient air pollution; Pop is the 
exposed population; Y0h is the baseline health incidence rate of hth 
health impact (Table S3). ΔPM is the expected change of air quality 
(PM2.5) from wildfire. PM2.5 emissions from wildfire were allocated 
based on established dispersion patterns: vertically decreasing expo
nentially to negligible levels at 2 km (Chen et al., 2022) and horizontally 
decreasing linearly within a 200-mile (322-km) radius (Moeltner et al., 
2013; Aguilera et al., 2021). Chh reflects the economic valuation of each 
health outcome case. Monte Carlo simulation was performed inside 
BenMAP-CE to account for uncertainties in health impacts and economic 
valuation (Tables S4).

Sensitivity analysis. To identify key drivers of the total economic 
benefits of forest fuels treatment, we conducted a sensitivity analysis on 
five critical parameters: burn probability, predicted flame length, 
treatment intensity (baseline 30 %), ecosystem service value, and dis
count rate (baseline 3 %). Each parameter was independently adjusted 
by a factor of two (halved and doubled) while keeping all other variables 
constant at their baseline values. The total economic benefits were 
recalculated as the sum of the net value changes across all assessed 
ecosystem services for each parameter adjustment, and the percentage 
changes relative to the baseline scenario were recorded.

3. Results

3.1. Impacts of wildfires on ecosystem services

Carbon storage. For low, moderate, and high burn-severity levels, 

paired t-tests revealed significant reductions carbon storage (kg/m2) one 
year after the wildfire compared to one year before, and a clear gradient 
with mean decrease of 1.75 kg/m2 (p < 0.001; 95 % CI: 1.63–1.87), 6.43 
kg/m2 (p < 0.001; 95 % CI: 6.11–6.75), and 12.32 kg/m2 (p < 0.001; 95 
% CI: 11.80–12.83), respectively.

We constructed a linear-regression model to evaluate the relation
ship between pre-fire carbon storage, burn severity, and post-fire carbon 
storage:

C_Post = β0 + β1 × C_Pre + β2 × (C_Pre×high) + β3 ×

(C_Pre×moderate) + β4 × low + ϵ.
Where C_Post and C_Pre are carbon storage after and prior to the 

wildfire, respectively. High, moderate, and low are dummy variables 
referring to the observed burn severity. ϵ is the residual error. The final 
specification was selected based on a comparison of alternative model 
forms using adjusted R2, AIC, and VIF as selection criteria (Table S5). 
The results of the model explained a substantial proportion of the 
variance in post-fire carbon storage (adj R2 = 0.9652, p < 0.001), which 
highlights its effectiveness in quantifying wildfire impacts on carbon 
storage and projecting potential future losses under varying burn 
severity scenarios (Table S5). The significant negative coefficients for 
the interaction terms with pre-fire carbon storage (β2 = − 0.42623 for 
high severity and β3 = − 0.31237 for moderate severity, p < 0.001) 
suggest that as pre-fire carbon storage increases, wildfire-induced car
bon loss is exacerbated under higher burn severities.

The results indicate that, in the event of a wildfire, the mean carbon 
storage in the North Yuba study area is projected to decline from 27.5 
kg/m2 to 20.6 kg/m2, representing a mean reduction of 6.9 kg/m2 (95 % 
CI: 2.3–11.6 kg/m2), equivalent to a 25 % loss (8 %–42 %). In the French 
Meadows study area, the corresponding values are 29.0 kg/m2 to 21.0 
kg/m2, a mean reduction of 8.0 kg/m2 (95 % CI: 3.4–12.7 kg/m2), or a 
28 % loss (12 %–44 %) (Fig. 2). Considering the burn probability, the 
annual expected carbon loss is estimated to be 0.07 kg/m2 (95 % CI: 
0.03–0.11 kg/m2) for North Yuba and 0.12 kg/m2 (95 % CI: 0.05–0.19 
kg/m2) for French Meadows (details in Fig. S3 a and b).

Timber provisioning. We estimated the timber volume for two re
gions, as shown in Fig. 3 (a, c). In North Yuba, the average timber vol
ume is 531 MBF/ha, and is 215 MBF/ha higher in the French Meadows, 
at 746 MBF/ha. Both areas are characterized by Sierra Nevada mixed- 
conifer forests, primarily composed of fir (Abies spp.), pine (Pinus 
spp.), and incense cedar (Calocedrus decurrens) (Fig. S4). Further, the 
average DBH, stand height, and density (trees with DBH > 2.5 cm) in 
French Meadows are 0.4 cm larger, 3.1 m taller, and 32 trees/ha lower, 
respectively, compared to North Yuba, indicating that trees in French 
Meadows tend to be larger on average. The histograms further reveal the 
distribution of volume across each landscape, showing a greater pro
portion of high-volume areas in French Meadows compared to North 
Yuba.

To assess the impact of wildfire on timber biomass, we modeled post- 
fire tree biomass as a function of pre-fire biomass, wildfire severity 
(high, moderate, low), and their interactions, with an adjusted R2 of 
0.967 (Table S5). Pre-fire biomass had an overall strong positive rela
tionship with post-fire biomass (β = 0.973,p < 0.001), but this effect 
was significantly altered by fire severity. High-severity fires significantly 
weakened the positive relationship between pre-fire and post-fire 
biomass (β = − 0.434,p < 0.001), indicating a substantial reduction in 
biomass. A similar but smaller effect was observed under moderate- 
severity fires (β = − 0.323,p < 0.001).

The predicted mean Scribner timber-volume losses due to wildfire 
are 133 MBF/ha (95 % CI: 39–228) for North Yuba (Fig. 3b), and 211 
MBF/ha (95 % CI: 94–334) for French Meadows (Fig. 3d), with sub
stantial losses distributed more broadly across the region, particularly in 
areas of higher initial timber volume. The histograms below each panel 
show the distribution of volume losses, with the majority of pixels 
experiencing losses below 200 MBF/ha in both regions. However, in 
French Meadows, a notable fraction of pixels exhibits losses exceeding 
400 MBF/ha, highlighting areas with significant timber impacts. When 
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incorporating annual burn probability, the mean annual volume loss is 
1.2 MBF/ha (95 % CI: 0.4–2.0) in North Yuba and 3.2 MBF/ha (95 % CI: 
1.4–4.9) in French Meadows (details in Fig. S3 c and d). These results 
underscore the greater susceptibility of French Meadows to wildfire- 
driven timber volume loss, likely due to its higher initial timber vol
ume and potentially more-severe fire behavior.

Erosion regulation. A regression analysis of the historical impacts of 
fire severity on NDVI (Table S5) indicates that wildfire-induced vege
tation loss leads to significant reductions in NDVI (Fig. S5 a and c). 
French Meadows has a higher projected mean reduction of 0.24 (95 % 
CI: 0.13–0.35, pre-fire NDVI: 0.62) compared to North Yuba’s mean 
reduction of 0.20 (95 % CI: 0.10–0.31, pre-fire NDVI: 0.57). Corre
spondingly, the C factor (eq. 2) shows mean increases of 0.24 (95 % CI: 
0.10–0.42) for French Meadows and 0.23 (95 % CI: 0.08–0.41) for North 
Yuba.

The estimated annual-soil-loss potential following wildfire exhibits 
significant spatial variation across the two study areas. The North Yuba 
region is projected to incur a mean annual soil loss of 4396 t per hectare 
per year (t/ha⋅yr) (95 % CI: 1587–7844), with values ranging from less 
than 1500 t/ha in low-risk zones to over 6000 t/ha in areas with steep 
slopes. Similarly, the French Meadows region is expected to experience a 
mean soil loss of 4761 t/ha⋅yr (95 % CI: 1964–8236) (Fig. 4 a and c), 
underscoring the high erosion susceptibility in wildfire-affected land
scapes, particularly in areas characterized by steep topography and high 
rainfall erosivity (Fig. S6).

Both study areas are located within watersheds supplying down
stream reservoirs. Specifically, North Yuba corresponds to the New 
Bullards Bar Reservoir, while French Meadows is associated with the 

French Meadows and Hell Hole Reservoirs (Fig. S7). The SDR, which 
quantifies the connectivity between eroded areas and downstream res
ervoirs, differs significantly between the two regions. French Meadows 
has a mean SDR of 0.231, indicating higher connectivity compared to 
North Yuba’s mean of 0.154. This difference is driven by French 
Meadows’ steeper slope gradients and closer proximity to the reservoir 
(Fig. S7). Accounting for SDR, sediment delivery to reservoirs is esti
mated at a mean of 909 t/ha⋅yr (95 % CI: 243–1207) for North Yuba and 
1293 t/ha⋅yr (95 % CI: 443–1863) for French Meadows (Fig. 4 b and d). 
Areas with SDR values exceeding 0.3 and significant soil loss contribute 
substantially to the total sediment delivery (Fig. S5 c and d). When ac
counting for the annual burn probability, the expected annual sediment 
delivery is estimated at 6.8 t/ha⋅yr (95 % CI: 2.5–12.2) for the North 
Yuba and 16.0 t/ha⋅yr (95 % CI: 6.6–27.8) for the French Meadows 
(details in Fig. S3 e and f).

Air-quality regulation. The spatial analysis of wildfire-induced 
PM2.5 emissions reveals distinct patterns and magnitudes between the 
North Yuba and French Meadows study areas. The results reveal that, if 
wildfires occur across the study areas, North Yuba’s mean PM2.5 emis
sions are estimated at 213 kg/ha, with an uncertainty range of 107–426 
kg/ha, resulting in a total emission of 488 t (244–976 t). French 
Meadows, by comparison, has a higher mean emission of 284 kg/ha, 
with a range of 142–426 kg/ha and a total emission of 807 t (403–1614 
t), indicating a potentially greater contribution to regional air pollution 
(Fig. 5). Incorporating burn probability, the annual expected PM2.5 
emissions are 2.11 kg/ha (1.06–4.22) for North Yuba and 4.21 kg/ha 
(2.1–8.42) for French Meadows, reflecting the latter’s higher fire risk on 
the PM2.5 emissions potential per hectare (details in Fig. S3 g and h).

Fig. 2. Maps and histograms (30-m gridded) of carbon (C live) and carbon loss (C loss) due to wildfire in North Yuba (a, b) and French Meadows (c, d). Red lines in 
histograms indicate mean values.
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3.2. Valuing the benefits of forest fuels treatment

The predictor variables for post-disturbance burn probability 
explained 82.8 % of its variance (adjusted R2 = 0.8277, p < 0.001; 
Table S6), with pre-disturbance burn probability, tree canopy change, 
and wildfire disturbance area as significant predictors. Tree canopy 
change demonstrated a significant mitigating effect, with a 1 % reduc
tion in tree canopy cover corresponding to a 2.3 % decrease in burn 
probability (p < 0.001). Additionally, the extent of the wildfire distur
bance area showed a significant negative effect on burn probability 
(coefficient = − 4.60 × 10− 10, p < 0.001). Pre-disturbance burn prob
ability showed a direct scaling relationship with post-disturbance burn- 
probability values (coefficient = 1.02, p < 0.001). For predicted flame 
length, the predictor variables accounted for 83.5 % of the variance 
(adjusted R2 = 0.83, p < 0.001). Unlike burn probability, changes in tree 
canopy, shrub canopy, and fuel disturbances all significantly influenced 
predicted flame length. Specifically, a 1 % increase in tree canopy 
disturbance resulted in approximately a 1.25 % reduction in predicted 
flame length (p < 0.001), while reductions in shrub canopy disturbance 
and fuel disturbance decreased predicted flame length by approximately 
0.72 % (p < 0.001) and 0.70 % (p < 0.001), respectively. Pre- 
disturbance predicted flame length is another significant predictor, 
with a coefficient = 0.90 (p < 0.001). The spatial cross-validation results 

showed consistent model performance for both models, with stable R2 

values across total data, training samples, and testing samples (Fig. S8). 
For the study areas, model predictions indicate that increasing treatment 
intensity from 10 % to 70 %, measured by the overall percentage 
reduction in tree canopy, shrub canopy, and fuel load, leads on average 
to a 20.4 % to 79.8 % reduction in overall burn probability and a 23.4 % 
to 84.5 % reduction in predicted flame length (Fig. 6a and b). Recovery 
time for predicted flame length increased with greater reductions in tree 
and shrub canopies. Minimal reductions (<10 %) showed recovery 
within 10 years, while higher reductions (>50 %) extended recovery up 
to 18 years (Fig. 6c).

Wildfires lead to substantial ecosystem service losses (Fig. 7a). Car
bon storage losses were estimated at $52,876/ha (95 % CI: $8562– 
$140,759) in North Yuba (23.1 km2) and $62,652/ha (95 % CI: 
$13,495–$165,367) in French Meadows (28.6 km2). Losses in timber 
provisioning were $22,270/ha (95 % CI: $5976–$41,556) in North Yuba 
and $36,733/ha (95 % CI: $13,969–$63,878) in French Meadows. 
Erosion regulation resulted in the highest economic losses, amounting to 
$82,075/ha (95 % CI: $42,515–$125,952) in North Yuba and $130,848/ 
ha (95 % CI: $72,809–$195,525) in French Meadows. Air quality 
regulation losses were also significant, reaching $14,433/ha (95 % CI: 
$4762–$33,150) in North Yuba and $28,647/ha (95 % CI: $9563– 
$74,204) in French Meadows. Aggregating across all ecosystem services, 

Fig. 3. Maps and histograms (30-m gridded) of timber volume and timber volume loss due to wildfire in North Yuba (a, b) and French Meadows (c, d). Red lines in 
histograms indicate mean values.
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total economic losses were $396.86 million (95 % CI: $142.92 million– 
$789.36 million) for the North Yuba region and $740.40 million (95 % 
CI: $314.13 million–$1.43 billion) for the French Meadows region.

Forest fuels treatment with a 30 % reduction in tree canopy, shrub 
canopy, and fuel load, can significantly mitigate wildfire-induced losses 
and provide measurable economic benefits (Fig. 7b). In the North Yuba 
region, this treatment intensity reduced burn probability by 49.6 % (95 
% CI: 15.1–84.1), and predicted flame length by 55.0 % (95 % CI: 
18.6–75.1) in the first year after treatment. The French Meadows region 
showed similar outcomes, with average reductions of 49.7 % in burn 
probability and 55.9 % in predicted flame length. The recovery time for 
these treatments was estimated at 13 years, during which wildfire risk is 
expected to gradually increase following an initial reduction in the first 
year. This recovery time also represents the period over which the 
benefits from the avoided cost of wildfire are expected to be realized. For 
carbon storage, the benefits of treatment over the recovery years were 
estimated at $2173/ha (95 % CI: $511–$4051) in North Yuba and 
$3702/ha (95 % CI: $1107–$6762) in French Meadows. Timber provi
sioning benefits were $838/ha (95 % CI: $248–$1527) in North Yuba 
and $2178/ha (95 % CI: $795–$3802) in French Meadows. Erosion 
regulation provided the largest avoided costs, with benefits of $2679/ha 
(95 % CI: -$231 to $5515) in North Yuba and $6379/ha (95 % CI: $108 

to $12,452) in French Meadows. However, it also showed the greatest 
uncertainty, primarily driven by variability in post-fire NDVI values and 
the associated uncertainty in the C factor. For air quality regulation, 
benefits reached $374/ha (95 % CI: $137–$968) in North Yuba and 
$777/ha (95 % CI: $288–$1811) in French Meadows. Aggregating 
across ecosystem services, the total benefits were $6069/ha (95 % CI: 
$667–$12,074/ha) for North Yuba, and $13,035/ha (95 % CI: $2297– 
$24,829/ha) for French Meadows. These differences reflect variations in 
wildfire risk and baseline ecosystem service values between the two 
study areas.

The sensitivity analysis revealed consistent patterns across both 
study areas (Fig. 8). Ecosystem service value was the most influential 
parameter, with doubling leading to a 100 % increase in total benefits 
and halving causing a 50 % decrease. Burn probability ranked second, 
with a doubling yielding 80–90 % higher benefits and halving reducing 
benefits by roughly 40 %. Treatment intensity also showed a strong ef
fect, where doubling increased benefits by 70 %, and halving resulted in 
a 50 % loss. In contrast, predicted flame length had a relatively minor 
influence: doubling increased benefits by only 15–20 %, while halving 
reduced them by 10 %. The discount rate exhibited the smallest effect, 
with halving producing just a 4 % gain and doubling resulting in a 2 % 
loss.

Fig. 4. Maps and histograms (30-m gridded) of soil loss and sediment delivery due to wildfire in North Yuba (a, b) and French Meadows (c, d). Soil loss (a, c) and 
sediment delivery (b, d) are shown in tonnes/ha, with red lines in histograms indicating mean values.
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Fig. 5. Wildfire-induced PM2.5 emissions (kg/ha, 30-m gridded) in North Yuba (a) and French Meadows (b). Red lines in histograms indicate mean values.

Fig. 6. (a) Burn probability by treatment intensity of the two project areas, 
with shaded area showing the 95 % CI; The intensity refers to the percentage of 
reduction applied to tree canopy, shrub canopy and fuel load (b) Predicted 
flame length by treatment intensity of the two project areas, with shaded area 
showing the 95 % CI; (c) Recovery years of wildfire characteristics by treatment 
intensity of tree and shrub canopy. Fig. 7. (a) Wildfire risk and (b) treatment benefits for each ecosystem service in 

North Yuba and French Meadows, with 95 % confidence intervals.
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4. Discussion

4.1. Drivers and variability in benefits

Based on the results of the sensitivity analysis, the notable influence 
of ecosystem service value highlights the economic sensitivity of forest 
fuels treatment activities, where market fluctuations can influence 
economic feasibility alongside ecological factors. Given this, rigorous 
local market assessments and context-specific valuation of ecosystem 
services are essential for accurate cost-benefit analyses. Similarly, the 
critical role of burn probability suggests that maximizing economic ef
ficiency requires prioritizing treatments in areas where wildfires are 
most likely to occur, rather than focusing solely on regions with the most 
severe fire behavior potential. Increasing treatment intensity also en
hances economic benefits, but sensitivity analysis reveals that the rela
tive loss from halving treatment intensity is 25 % greater than the gain 
from doubling it, indicating diminishing marginal returns to increased 
treatment intensity. This asymmetry also suggests that it may be more 
cost-effective to ensure a minimum intensity threshold across high-risk 
areas than to concentrate very high intensity in a limited set of sites. 
The relatively minor effects of predicted flame length and discount rate 
suggest that uncertainties in these factors are less critical to total benefit 
estimates, although they may still influence local-scale outcomes or 
long-term projections.

Comparing the two study areas, regional variability in benefits was 

observed. Under the same treatment intensity, French Meadows showed 
significantly higher per-hectare treatment benefits ($13,034/ha vs 
$6069/ha in North Yuba). The benefits of forest fuels treatment are site- 
specific, influenced not only by wildfire characteristics identified in the 
sensitivity analysis but also by the ecological characteristics of the 
treatment area and the attributes of affected nearby regions. For 
example, French Meadows has 15 t/ha more carbon storage and 215 
MBF/ha more timber stock than North Yuba. In the wildfire impact 
models, these higher baseline values, coupled with their interaction with 
fire severity, result in greater losses in areas with higher carbon or 
timber stocks under similar fire severity. Moreover, the soil loss risk in 
French Meadows is 1.08 times that of North Yuba, but downstream 
sediment deposition is 1.42 times that of North Yuba. This difference is 
largely due to the geographic position of the associated reservoir relative 
to the study area. This indicates that when placing treatments, we should 
not only consider factors influencing soil loss but also take into account 
the landscape’s SDR relative to downstream reservoirs, especially for 
areas with similar ecogeographic conditions, where SDR may be more 
decisive. Regarding air quality, PM2.5 emissions per hectare in French 
Meadows are 1.33 times those in North Yuba, while the resulting eco
nomic health losses are 1.98 times greater. This discrepancy suggests a 
more vulnerable population near French Meadows.

Forest fuels treatment also comes with associated costs. Beyond 
mechanical and labor costs, additional factors must be considered for 
achieving specific benefits. For instance, prescribed fire, a commonly 
used method, reaches a carbon benefits break-even point in our study 
area when its carbon loss is equivalent to 27 % of the carbon loss from a 
low-severity wildfire. Prescribed fire may also pose health risks to 
densely populated areas due to smoke emissions. The short-term health- 
related economic costs of these emissions were not quantified here and 
could partially offset the air-quality benefits gained from lowering the 
probability and severity of wildfires. Additionally, forest fuels treatment 
can potentially increase soil loss, due to soil disturbance and reduced 
ground cover. In areas where soil retention is critical, and when treat
ment intensity is high, erosion mitigation interventions can be employed 
to mitigate the risk of soil loss (USDA, 2006). Forest fuels treatment that 
prioritizes areas with high burn probability and significant ecosystem 
service values, while strategically adjusting treatment intensity to bal
ance economic benefits and environmental risks, can deliver greater 
benefits.

4.2. Implications of quantifying benefits

Wildfires result in tremendous economic losses, yet the pace and 
scale of forest fuels treatment to mitigate wildfire risks remain far below 
what is needed. This study quantifies the economic benefits of treatment 
across multiple ecosystem services and provides a scalable methodology 
to enable such quantification. Despite uncertainties, these benefits are 
potentially substantial and provide a range of advantages to diverse 
stakeholders. In our case studies, direct beneficiaries include residents of 
California and downwind areas (air quality), carbon-credit developers, 
wood-product companies, infrastructure owners such as counties, mu
nicipalities, and water agencies (erosion regulation), and the U.S. Forest 
Service as the land manager. These benefits also support state agencies 
such as the California Department of Forestry and Fire Protection, the 
Air Resources Board, and others in fulfilling their statutory re
sponsibilities in wildfire prevention, public health protection, habitat 
and biodiversity conservation, water security, and assistance to under
served communities. Sufficient monetized benefits can create opportu
nities to overcome financial and resource constraints in forest fuels 
treatment. For example, the framework proposed by Quesnel Seipp et al. 
(2023) facilitates public-private partnerships and cost-sharing mecha
nisms, enabling private capital to finance forest fuels treatment. Bene
ficiaries of forest fuels treatment provide phased payments to investors, 
offering competitive returns based on projected outcomes. This 
approach can expand funding for forest fuels treatment, accelerating and 

Fig. 8. Sensitivity analysis of applying multiplier factor to increase or decrease 
key variables for (a) North Yuba and (b) French Meadows. Bars show the 
resulting changes in mean total benefits reported in Fig. 7 and numbers indicate 
the magnitude of positive or negative change.
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scaling up treatment to enhance forest sustainability and resilience. The 
quantification of the multi-benefits can provide crucial support for such 
financing models.

4.3. Limitations

While the study identifies key economic benefits of forest fuels 
treatment in mitigating wildfire-induced losses to ecosystem services, 
three main limitations remain. First, the analysis spans multiple inter
connected processes, from treatment effects on wildfire behavior to 
ecosystem service responses and valuations, each introducing uncer
tainty due to data limitations, model assumptions, and real-world vari
ability. Future research should refine models in these stages 
incorporating higher-resolution data and improved calibration to reduce 
these uncertainties. Second, the analysis does not account for climate 
change, a critical driver of wildfire occurrence, severity, and extent. 
Rising temperatures, prolonged droughts, and vegetation shifts are ex
pected to exacerbate these characteristics, amplifying impacts on 
ecosystem services and potentially altering the cost-effectiveness of 
treatment. Integrating climate projections into wildfire models can 
provide a more comprehensive and long-term estimation of wildfire 
impacts and the benefits of forest fuels treatment. Third, while this study 
quantifies several key ecosystem services, it does not capture the full 
suite of potential benefits, especially the non-market benefits. These 
include recreation, biodiversity conservation and other cultural services. 
Quantifying these services typically requires alternative data sources 
and methods, such as visitor surveys, mobile phone mobility data, or 
regional tourism statistics for recreation, and species richness indices for 
biodiversity. The analytical framework developed here could be 
extended in future work to incorporate these additional services where 
credible datasets are available.

5. Conclusions

This study presents an integrative methodology to quantify the 
economic benefits of forest fuels treatment in mitigating wildfire- 
induced losses across multiple ecosystem services, including carbon 
storage, timber provisioning, erosion regulation, and air-quality regu
lation. By linking historical data on forest disturbances, ecological var
iables, and market-based valuation models, we demonstrate that 
treatments can substantially reduce wildfire risk to both ecological 
systems and public health, and deliver measurable, significant economic 
benefits, particularly in high-risk forested regions in California’s Sierra 
Nevada. When treatments are strategically implemented, individual 
ecosystem service benefits can range from several hundred to several 
thousand dollars per hectare, with total benefits exceeding $10,000/ha 
at a landscape level. The magnitude of these benefits is site specific and 
sensitive to burn probability, treatment intensity, and the baseline value 
of affected ecosystem services. This quantitative analysis provides a 
scalable approach to inform regional forest-management strategies and 
support innovative financing mechanisms such as public–private cost- 
sharing models, which can accelerate the pace and scale of forest fuels 
treatment efforts that enhance ecosystem sustainability and community 
resilience in wildfire-vulnerable landscapes.
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