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In the last several decades, profound changes in wildfire activity influenced by climate change, 

exclusion of Indigenous stewardship, and changes in land management have had enormous impacts 

on forest ecosystems across much of western North America. Of particular interest to managers and 

ecologists are observed shifts in fire severity (i.e., the magnitude of ecological change caused by fire, 

typically measured by vegetation killed), which have important implications for carbon storage and 

sequestration, wildlife habitat, economic and cultural resources, and post-fire forest regeneration 

under a warming climate. To develop management strategies aimed at adapting forests to changing 

wildfire regimes under climate change, information about both the causes and consequences of 

shifting fire severity patterns is critical. In this dissertation, I used remote sensing datasets to evaluate 



 

drivers, trends, and spatial patterns of fire severity from the scale of individual burn patches to 

ecoregions that encompass hundreds of recent wildfires in California, Oregon, and Washington. In 

Chapter 1, I evaluated trends, spatial patterns, and cumulative impacts of fire severity across a range 

of unburned, low-moderate, and high severity burn patches to evaluate implications for post-fire 

management in recent California wildfires. I found that a small number of large fires 

disproportionately contributed to increases in high severity effects, but simultaneously presented an 

opportunity for managers to use areas burned with low and moderate severities as an initial 

“treatment” to be followed by additional post-fire fuel treatments. Chapter 2 of this dissertation 

examined the drivers of changing severity patterns, with a focus on understanding how existing 

management practices influence fire effects. I found that land ownership designation as a proxy for 

general management practices was a strong predictor of fire severity across the study area along with 

other ‘bottom-up’ controls such as pre-fire forest structure. Finally, in Chapter 3, I evaluated 

patterns and drivers of fire severity to inform adaptive management strategies within the Northwest 

Forest Plan, which directs the management of federal forests across nearly 10 million ha within the 

study area. I found that historically frequent-fire dry forest types – particularly mixed conifer forests, 

mixed evergreen forests, oak woodlands, and pine-oak woodlands – have faced the greatest impacts 

in terms of stand-replacing fire. Although fire weather was the most important predictor of fire 

severity at the regional scale, factors such as pre-fire forest cover and topography exerted strong 

local controls. Collectively, this dissertation work contributes to enhanced understanding of adaptive 

forest management strategies for both pre-fire and post-fire forest conditions in increasingly fire-

prone landscapes of western North America.  
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INTRODUCTION 

Globally, wildland fire is an important ecological process that shapes forest biodiversity (Pausas 

and Ribeiro, 2017), dynamically alters vegetation structure and composition (Bond et al., 2005), and 

regulates carbon and nutrient cycles (Pellegrini et al., 2018). Biota in fire-prone forests are adapted to 

the general frequency, extent, seasonality, and magnitude of fires (Bowman et al., 2009), but shifting 

fire regimes influenced by climate change, exclusion and criminalization of Indigenous burning 

practices, and changes in land management and land use have altered the role of wildfire in many 

regions (Hagmann et al., 2021; Hessburg et al., 2019; Jain et al., 2021; Senande-Rivera et al., 2022). 

In western North America, recent increases in annual area burned and extreme fire events have 

rapidly altered forest cover, posing enormous challenges to forest management to sustain ecological, 

cultural, and economic values at risk (Dennison et al., 2014; Keeley and Syphard, 2021; Reilly et al., 

2022; Stephens et al., 2022; Wang and Lewis, 2024; Welch, 2012).  

Of particular concern to both ecologists and land managers are observed shifts in fire severity – 

or the magnitude of ecological change caused by fire, typically measured by vegetation killed (Keeley, 

2009) – which have broad implications for the persistence of forests across the region. Fire severity 

is an important component of fire regimes that shapes a variety of forest characteristics, from forest 

structure (Kane et al., 2019) and wildlife habitat (Robinson et al., 2013) to carbon storage (North 

and Hurteau, 2011) and resilience to future wildfire and drought (Hessburg et al., 2019). Within an 

individual fire perimeter, a range of fire impacts to forest vegetation may be observed, from 

negligible impacts on understory fuels to contiguous high-severity areas with complete tree mortality 

(Agee, 1996; Sugihara et al., 2006).  
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Following a long absence of fire across western North America (Marlon et al., 2012), there has 

been an eight-fold increase in total forested area burned with high severity effects since the mid-

1980s (Parks and Abatzoglou, 2020), concomitant with increases in the size of individual high 

severity patches (Cansler and McKenzie, 2014; Reilly et al., 2017). Although high severity fire is a 

component of many historical fire regimes, uncharacteristically large patches of high severity beyond 

historical ranges of variability may alter patterns of post-fire tree regeneration, successional 

pathways, carbon dynamics, and other ecosystem functions (North and Hurteau, 2011; Steel et al., 

2022a; Stevens et al., 2017). Rising summer temperatures under climate change and severe drought 

conditions may further challenge forest regeneration in large high severity burn patches following 

extreme fire events (Coop et al., 2020; Stevens-Rumann et al., 2022). Areas burned with low and 

moderate severity effects – which can range from minimal understory fuel consumption to moderate 

levels of canopy mortality (Miller and Thode, 2007) – can reduce surface and ladder fuel loads 

(Stephens et al., 2009), shift forests from closed canopy to more open structural conditions 

(Chamberlain et al., 2023; Churchill et al., 2022), and mitigate the severity of subsequent fires (Taylor 

et al., 2022). At the lowest end of the fire severity spectrum, unburned and minimally burned areas 

following wildfire serve important functions such as wildlife habitat refugia (Meddens et al., 2018b), 

informational and material legacies (Krawchuk et al., 2020), and seed sources that facilitate tree 

regeneration in nearby high severity patches (Coop et al., 2019). The amount and spatial 

configuration of a full range of fire effects – more than total area burned – drive the post-fire 

environment and forest resilience to subsequent disturbance events (Coppoletta et al., 2016; 

McKenzie et al., 2011).  

Patterns of fire severity result from many interacting factors at multiple spatial and temporal 

scales. Fine-scale variations in topography, for example, influence site moisture, temperature, and 
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vegetation structure, in turn influencing wildland fire behavior and effects (Merschel et al., 2018). 

Likewise, long-term climate trends may influence fire severity directly by increasing overall fuel 

aridity or indirectly by affecting vegetation productivity (Parks et al., 2016). Severe weather such as 

dry wind events may result in extreme fire behavior and daily fire spread, exacerbating fire severity 

and overriding ‘bottom-up’ controls such as topographic setting (Lydersen et al., 2017). Forest 

management practices such as the use of fuel treatments (Cansler et al., 2022; Prichard and 

Kennedy, 2014), fire suppression and legacies of Indigenous fire exclusion (Collins et al., 2011), and 

intensive plantation forestry for timber production (Levine et al., 2022; Zald and Dunn, 2018) are 

additionally important influences on fire severity as factors that alter fuel structure and composition.  

Across western North America, climate adaptation strategies have become a major emphasis of 

contemporary forest and wildland fire management (Gaines et al., 2022; Hessburg et al., 2015, 2021; 

North et al., 2015b, 2021; Prichard et al., 2021). Previous studies have examined a range of place-

based strategies and their relative effectiveness at mitigating fire behavior and severity, including the 

use of prescribed and cultural burning (Cansler et al., 2022; Long et al., 2021), mechanized 

treatments (Brodie et al., 2024; Johnston et al., 2021), managed wildfire (Larson et al., 2013; North et 

al., 2021), and strategic firefighting operations (Calkin et al., 2014; Thompson et al., 2018). Amid 

rapid environmental change, however, developing appropriate wildfire and climate adaptation 

strategies requires integrating information on how fire severity is changing, as well as how existing 

management approaches have influenced wildfire outcomes. As such, implementing robust methods 

to evaluate comprehensive, up-to-date information about both the patterns and drivers of fire 

severity is key.   

In this dissertation, I evaluated multi-scaled drivers and spatial patterns of fire severity in 

hundreds of recent wildfires across forested landscapes in California, Oregon, and Washington. I 
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leveraged remote sensing datasets and geospatial analyses to investigate changing wildfire regimes 

from the burn patch to the ecoregional scale. A central question guided this dissertation: What are the 

adaptive management implications of recent fire severity trends in fire-prone forests? Through a landscape ecology 

lens, each chapter addresses a component of this question in temperate forest ecosystems: in 

Chapter 1, I analyze changing patterns in recent fire severity; Chapter 2 evaluates drivers of severity; 

and in Chapter 3, I examine what recent trends mean for adaptive management within the 

Northwest Forest Plan area. While previous studies have addressed elements of this central question, 

efforts have often been constrained to single fires or groups of fires within single ecoregions 

(Lydersen et al., 2014; Povak et al., 2020; Taylor et al., 2021; Zald and Dunn, 2018), or have focused 

on limited facets of fire severity such as stand-replacing patches or unburned areas (Meddens et al., 

2018a; Parks et al., 2018a; Singleton et al., 2021; Steel et al., 2018). This body of work evaluates 

spatial and temporal patterns, trends, and drivers of fire severity over a range of post-fire effects, 

four major ecoregions, several decades, thousands of fires, and millions of hectares burned. 

 In Chapter 1, I analyzed trends, spatial patterns, and cumulative impacts of fire severity across 

a full range of unburned, low-moderate, and high severity effects in recent California wildfires to 

evaluate implications for post-fire management. To date, existing studies on fire severity trends have 

overwhelmingly focused on spatial patterns of stand-replacing fire (Harvey et al., 2016; Parks and 

Abatzoglou, 2020; Singleton et al., 2021; Steel et al., 2022a; Stevens et al., 2017). While high severity 

trends undoubtedly have major implications for forest management, an emphasis on high severity 

alone may overshadow the beneficial ‘work’ of recent wildfires (sensu Churchill et al., 2022). Low and 

moderate severity fire effects, for example, can alter forest structure by reducing fine fuel loads and 

live tree densities, both of which are generally consistent with principles of ecological restoration 

associated with increased resilience to subsequent fire in frequent-fire forests (Hessburg et al., 2015; 
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Jeronimo et al., 2019; Kane et al., 2019). Despite recent increases in annual area burned, many 

frequent-fire forests across western North America are significantly departed from their historical 

conditions and remain in an overall fire deficit (Hagmann et al., 2021; Parks et al., 2015). As 

increases to the pace and scale of current forest treatments are needed to accomplish ecological 

restoration (Kolden, 2019; North et al., 2021), evaluating a full range of post-fire effects is critical to 

inform adaptive management of post-fire landscapes. 

Chapter 2 evaluates the drivers of changing severity patterns across northern California, 

Oregon, and Washington, with a focus on understanding how existing management practices 

influence fire effects. While previous studies have evaluated how fuels, topography, and weather 

work in concert to drive fire severity (Birch et al., 2015; Dillon et al., 2011; Estes et al., 2017; Kane et 

al., 2015), the influence of forest management practices on fire severity remains poorly understood. 

Fire-prone forests of western North America typically consist of different landowners, 

administrative units, and land use designations that may have different – and sometimes conflicting 

– management goals (Miller et al., 2022). Developing adaptive management strategies and cohesive 

plans to manage wildfire more holistically across jurisdictional boundaries requires not only 

understanding the management implications of fire severity trends, but also the influence of 

management as well.  

Finally, Chapter 3 of this dissertation builds on analyses within Chapters 1 and 2 and evaluates 

patterns and drivers of fire severity to inform adaptive management strategies within the Northwest 

Forest Plan, which guides the management of federal forests across nearly 10 million hectares in 

California, Oregon, and Washington states. While its adoption in 1994 marked a pivotal moment for 

forest conservation (Johnson et al., 2023), concerns around recent forest losses and fragmentation 

following wildfire have prompted a call for Plan revisions to incorporate climate change adaptations 



 

  6 

and promote wildfire resilience (US Forest Service, 2022). While this chapter focuses on a specific 

forest management plan, the findings of this study can inform reserve-driven forest conservation 

strategies more broadly. By quantifying the range of fire severity impacts and drivers across the study 

region, the combined findings from these three chapters can inform adaptive management of both 

pre-fire and post-fire forest conditions. 
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CHAPTER 1. THE OUTSIZED ROLE OF CALIFORNIA’S LARGEST 

WILDFIRES IN CHANGING FOREST BURN PATTERNS AND 

COARSENING ECOSYSTEM SCALE 

1.1 ABSTRACT 

Although recent large wildfires in California forests are well publicized in media and scientific 

literature, their cumulative effects on forest structure and implications for forest resilience remain 

poorly understood. In this study, we evaluated spatial patterns of burn severity for 18 exceptionally 

large fires and compared their cumulative impacts to the hundreds of smaller fires that have burned 

across California forests in recent decades. We used a burn severity atlas for over 1,800 fires that 

burned in predominantly conifer forests between 1985 and 2020 and calculated landscape metrics to 

evaluate spatiotemporal patterns of unburned refugia, low-moderate-severity, and high-severity post-

fire effects. Total annual area burned, mean annual fire size, and total annual core area burned at 

high severity all significantly increased across the study period. Exceptionally large fires (i.e., the top 

1% by size) were responsible for 58% and 42% of the cumulative area burned at high and low-

moderate severities, respectively, across the study period. With their larger patch sizes, our results 

suggest that exceptionally large fires coarsen the landscape pattern of California’s forests, reducing 

their fine-scale heterogeneity which supports much of their biodiversity as well as wildfire and 

climate resilience. Thus far, most modern post-fire management has focused on restoring forest 

cover and minimizing ecotype conversion in large, high-severity patches.  These large fires, however, 

have also provided extensive areas of low-moderate severity burns where managers could leverage 

the wildfire’s initial “treatment” with follow-up fuel reduction treatments to help restore finer-scale 

forest heterogeneity and fire resilience.  
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1.2 INTRODUCTION 

Under historical fire regimes, California’s northern and Sierra Nevada low- to mid-elevation 

forests typically experienced regular fires (< 25-year return interval) with a range of ecological effects 

(Safford and Stevens, 2017; Stephens et al., 2007). These typically frequent, low- to moderate-

intensity fires shaped complex, fine-grained patterns of burn severity patches and forest structure, 

which conferred greater resilience – or the ability to adapt, reorganize, and maintain basic ecosystem 

structure and function (Walker et al., 2004) – to disturbances such as subsequent wildfire and 

drought (Hessburg et al., 2019; Kane et al., 2019; Stephens et al., 2018). Following Euro-American 

colonization and over a century of fire exclusion, changes in land use patterns have led to profound 

shifts in forest structure and fire regimes throughout fire-prone forest ecosystems of western North 

America (Hagmann et al., 2021). Coupled with a changing climate and more frequent days of 

extreme fire weather, increased availability of fuels has led to a well-documented increase in total 

annual area burned across the western United States in the last four decades (Abatzoglou and 

Williams, 2016; Dennison et al., 2014; Holden et al., 2018; Jain et al., 2021; Safford et al., 2022; 

Westerling, 2016).  

While large wildfires are not unknown historically in California, the rate and scale of recent large 

fire events is novel (Keeley and Syphard, 2021; Safford et al., 2022). In the last several years, 

wildfires have rapidly increased in both size and occurrence across the state. Fourteen of the state’s 

top 20 largest recorded wildfires occurred in the last decade; nine of which occurred in the last two 

years (CAL FIRE, 2022). Many of these recent large fires have burned through fuel-laden forests 

under extremely dry, wind-driven conditions, resulting in major community impacts and property 

losses (Rosenthal et al., 2021), hazardous smoke impacts (Enayati Ahangar et al., 2022), and severe 

fire impacts to forests over large swaths of land (Safford et al., 2022; Stephens et al., 2022). 
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Compounded by the effects of severe drought, these fires have contributed to the erosion of mature 

conifer forest cover in areas such as the southern Sierra Nevada (Steel et al., 2022b). These 

exceptionally large fires are often at the center of public and scientific narratives about the impacts 

of wildfires on California forests, with a dominant focus on areas of forest that experience complete 

or near-complete tree mortality, termed “stand-replacing fire” (Levine et al., 2022; Miller et al., 2012; 

Stevens et al., 2017). Recent large fires across the state have been characterized by the 

unprecedented size of their stand-replacing area, falling far outside the historical range of variation in 

these forests (Steel et al., 2018; Stephens et al., 2022). The size and spatial patterns of these stand-

replacing patches have important implications for post-fire tree regeneration and successional 

pathways, carbon storage, and other ecosystem services and functions (North and Hurteau, 2011; 

Stevens et al., 2017). These trends are consistent with broader patterns identified across western 

North American forests, where studies from other regions have suggested increases to fire size and 

stand-replacing area (Cansler and McKenzie, 2014; Harvey et al., 2016; Reilly et al., 2017). 

While insights into patterns and trends of stand-replacing fire are critical to understand threats 

to forest resilience, emphasis on stand-replacing fire alone may overshadow more complex 

landscape patterns shaped by large fires. Although recent studies have found that public perceptions 

of wildfire are changing (Miller et al., 2020; Toman et al., 2014; Weill et al., 2020), popular media 

descriptions of unplanned large fires tend to rely on single narratives of the disaster and destruction 

caused by these events (Keane et al., 2008; McCaffrey et al., 2020). While these large wildfires often 

have catastrophic impacts on humans and undesirable impacts on ecosystems within large high-

severity patches, disentangling their more moderate effects is critical to inform land management 

strategies. Even with recent wildfire trends, many California forests remain in a fire deficit, and a 

vast increase to the pace and scale of current treatments is needed to restore forest resilience (North 
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et al., 2021). As fire activity is projected to increase under longer and drier fire seasons caused by a 

warming climate (Abatzoglou et al., 2021), understanding the full range of post-fire ecological effects 

can inform adaptive management of large, fire-impacted landscapes.  

Despite the attention it receives, total area burned is generally a poor predictor of post-fire 

forest conditions (Birch et al., 2014). Within an individual fire perimeter, a range of fire-caused 

ecological effects – hereafter, fire severity – may be present at different proportions and 

configurations across the landscape. At one end of the spectrum, the size and shape of stand-

replacing (high-severity) patches have important implications for the capacity of forests to 

regenerate following fire (Stevens et al., 2017; Stevens-Rumann and Morgan, 2019). At the other, 

unburned or minimally burned areas of forest serve as refuge for wildlife habitat (Robinson et al., 

2013), act as seed sources for regeneration in nearby stand-replacing patches (Coop et al., 2019; 

Schwilk and Keeley, 2006), and contribute to the overall forest structural heterogeneity across the 

post-fire landscape (Kolden et al., 2017; Meddens et al., 2018b). Between these two extremes, a wide 

range of low to moderate severity fire effects – from patchy consumption of forest floor fuels to up 

to 75 percent tree mortality – may be present. Low- to moderate-severity fire effects can shape 

forest structure by reducing tree density and fuel loads, bolstering forest resilience to future 

disturbances (Hessburg et al., 2015; Jeronimo et al., 2019; Kane et al., 2014, 2019; North et al., 2021, 

2022), biotic mortality agents (Hood et al., 2015), and drought (van Mantgem et al., 2021, 2016). 

More than total fire size, mosaics of these fire effects govern the post-fire forest environment and 

subsequent fire events (Coppoletta et al., 2016; McKenzie et al., 2011; Peterson, 2002). 

In this paper, we examine the landscape patterns of large wildfires across California forests. A 

central question guided this study: what is the cumulative impact of exceptionally large wildfires in terms of their 

area burned at different severities, and how does the impact of large fires differ from the hundreds of smaller fires that 
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have burned across California forests in recent decades? We address this question using a dataset of over 

1,800 fires that have burned across California forests between 1985 and 2020. We begin by 

providing a definition for exceptionally large fires within our dataset and contextualize their 

emergence over the last four decades in California forests. We evaluate their cumulative impacts 

using landscape metrics to calculate their area burned, interior (core) area burned, and mean patch 

sizes across the gradient of unburned, low-moderate, and high-severity effects. We compare these 

impacts to smaller fires and discuss the role of exceptionally large wildfires in reshaping California 

forests. We consider cumulative impacts in both spatial and temporal dimensions and focus the 

interpretation of our findings on potential impacts to forest resilience. Specifically, we analyze the 

impacts of exceptionally large wildfires through the following objectives: 

1. Analyze temporal trends in wildfire size and annual area burned across the study area. 

2. Compare spatial patterns of exceptionally large fires to other fires, in terms of cumulative 

area burned and spatial configurations by severity class. 

3. Assess temporal trends in high-severity fire effects and unburned refugia, and evaluate the 

role of exceptionally large wildfires in these trends.  
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1.3 METHODS 

1.3.1 Study Area 

We evaluated fires that burned predominantly in conifer forests of the Klamath, Cascades, and 

Sierra Nevada ecoregions in California between 1985 and 2020 (Figure 1.1). Combined, these 

regions contain over 7.3 million hectares of conifer forest and account for more than 70 percent of 

the state’s total conifer forest cover. Our study area is dominated by yellow pine and mixed-conifer 

forests with variable assemblages of ponderosa pine (Pinus ponderosa), Jeffrey pine (P. jeffreyi), sugar 

pine (P. lambertiana), Douglas-fir (Pseudotsuga menziesii var. menziesii), white fir (Abies concolor), incense 

cedar (Calocedrus decurrens), and black oak (Quercus kelloggii) at low- to mid-elevations. In higher 

elevations, our study area supports upper montane forests with diverse assemblages of red fir (Abies 

magnifica), western white pine (P. monticola), and lodgepole pine (P. contorta). Prior to Euro-American 

colonization, these forests, which comprise the majority of the area burned by wildfire, supported a 

predominately low- to moderate- severity fire regime through a combination of frequent natural 

ignitions and Indigenous burning (Anderson and Moratto, 1996; Meyer and North, 2019; Safford 

and Stevens, 2017). Over the last century, full suppression has been the primary management 

response across much of the region, with a smaller subset of areas (such as Yosemite National Park) 

permitting the use of managed wildfire to allow naturally-ignited fires to burn (Keeley et al., 2021; 

van Wagtendonk, 2007).  

1.3.2 Fire Perimeters and Severity Data 

We used a geospatial dataset of historical fire perimeters maintained by the California 

Department of Forest and Fire Protection (CAL FIRE) Fire and Resource Assessment Program 

(FRAP) to identify fires that burned between 1985 and 2020 within the study area. The FRAP 
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dataset represents a comprehensive catalog of wildfire history across multiple land ownerships and is 

considered the best-available data for California. To identify fires that burned predominantly in 

conifer forests, we selected full fire perimeters where the following criteria were met: 1) the centroid 

of the fire perimeter was located in the Klamath, Cascades, or Sierra Nevada ecoregions; and 2) the 

fire burned over at least 50 percent conifer forest according to the LANDFIRE Biophysical Settings 

potential vegetation dataset (Rollins and Frame, 2006). We retained perimeters only where the total 

fire area was at least 4 ha to ensure each burn severity image contained a sufficient number of pixels 

to calculate landscape metrics. A total of 1,809 fires met these criteria.  
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Figure 1.1. Map of the study region in California, USA showing locations of 1,809 fires that 
burned in predominantly conifer forests between 1985 and 2020 in the Klamath (yellow-green), 
Cascades (green), and Sierra Nevada (blue) EPA Level III ecoregions (Omernik and Gallant, 
1987). Spatial patterns of fires were analyzed by their size class: fires below the 95th percentile 
by size (light orange), fires between the 95th and 98th percentile by fire size (red orange), and 
exceptionally large 99th percentile fires by size (purple). The majority (87%) of area burned 
within our study area is concentrated in historically low-to-moderate, frequent fire regimes 
(LANDFIRE, 2020). Additional regime types in our study area are found primarily as dispersed 
pixels, mainly in riparian areas and on north-facing slopes. The graph at the bottom left shows 
the distribution of burned area across the study area and study period by LANDFIRE Fire 



 

  15 

Regime Groups: I-B: Percent replacement fire less than 66.7%, fire return interval 6-15 years 
(65% of the study area); I-C: Percent replacement fire less than 66.7%, fire return interval 16-35 
years (22% of the study area); III-A: Percent replacement fire less than 80%, fire return interval 
36-100 years (5% of the study area); IV-A: Percent replacement fire greater than 80%, fire 
return interval 36-100 years (4% of the study area); V-A: Any severity, fire return interval 201-
500 years (1% of the study area). The “Other” category captures a range of fire regime types but 
accounts for less than 1% of the study area. An additional 1% of the study area is classified as 
“Not Applicable” due to sparse or no vegetation cover. 

We obtained Landsat-derived (30-m resolution) burn severity images for each full fire perimeter 

(all pixels regardless of vegetation type) by implementing a methodology developed by Parks et al. 

(2019) within Google Earth Engine (GEE) (Gorelick et al., 2017). This method employs spectral 

indices (including Normalized Difference Vegetation Index, Mid-Infrared Bi-Spectral Index, and 

Relativized Burn Ratio), climatic variables, latitude, and a dataset of composite burn index (CBI) 

values (Key and Benson, 2006) from over 8,000 field sampling plots to produce predicted CBI 

values via Random Forest modeling (Breiman, 2001). We chose to use predicted CBI rather than 

other commonly used satellite-derived measures of burn severity (such as the Relativized delta 

Normalized Burn Ratio or Relativized Burn Ratio) because 1) it is a more meaningful metric of 

ecological change compared to unitless spectral indices, and 2) exploratory analysis showed that 

predicted CBI values had a closer relationship with field measurements of CBI (Picotte et al., 2019)  

than RBR or RdNBR. Field-based CBI measurements incorporate information about fire impacts to 

substrates, but the index is heavily weighted towards assessments of post-fire tree mortality and 

vegetation change (Miller and Thode, 2007). 

We classified our continuous CBI values into three categories of fire severity for each fire: 

unburned-very low severity (CBI values below 0.1), low-moderate severity (CBI values 0.1 - 2.25) 

and high severity (CBI values 2.25 and above) (Miller and Thode, 2007). Although the standardized 

CBI breaks distinguish between low and moderate severity, previous work has also found that 
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remotely sensed measurements of moderate severity capture a wide range of post-fire conditions and 

are relatively uncertain in their measurements of post-fire tree mortality and vegetation condition 

(Furniss et al., 2020). Because of this, we chose to combine low and moderate severity into a single 

class. We recognize that this single class captures a range of overstory mortality, and measurements 

of moderate severity in particular can be unclear in their ecological interpretations. However, we 

interpret our low-moderate severity class as the range of post-fire effects that reshape forests closer 

to resilient conditions (Collins et al., 2018; Jeronimo et al., 2019; Kane et al., 2019; Taylor et al., 

2022). 

1.3.3 Exceptionally Large Fires 

Definitions of large fires vary widely across studies and are named somewhat arbitrarily 

(Barbero et al., 2014; Gill and Allan, 2008; Linley et al., 2022; Tedim et al., 2018). Barbero et al. 

(2014) defined very large fires as greater than 5,000 ha; Keeley and Syphard (2021) described large fires 

as greater than 10,000 ha; Stavros et al. (2014) used a threshold of 50,000 acres (20,234 ha) to define 

very large wildfires; Stephens et al. (2014) defined mega-fires as those greater than 10,000 ha. Large fire 

definitions are highly context dependent: they may be relative to geographic regions, vegetation 

types, socio-economic impacts, or individual datasets. Rather than a predefined threshold of area 

burned, we adopted the 99th percentile of fire sizes in our dataset (27,460 ha) to describe exceptionally 

large fires (Table 1.1). We focus on this top 1 percent (n = 18 fires) when discussing the cumulative 

impacts of exceptionally large fires on California forests. Throughout this study, we often 

contextualize their impacts by contrasting to those of an adjacent fire size group: fires between the 

95th and 98th percentile by size, which equates to fires between 6,550 ha and 27,460 ha (n = 73 fires). 

Because of steep increases in area burned by large wildfires across California in recent years, we 

concluded that the fires in this adjacent group were not large enough to warrant the distinction of 
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exceptionally large; rather, they provide a transitional space with which to evaluate the continuum of 

fire effects across fire sizes.  

Table 1.1. Rank by size, fire name, year burned, ecoregion, total area burned, and area burned 
by severity class for each of the 18 exceptionally large wildfires (> 27,460 ha) in this study. 
Percentages in parentheses represent the percentage of area burned at that fire severity class as a 
function of the total area burned for that fire event. Table continues on next page. 

Exceptionally large wildfires in California: top 1% of forest fires by size (n = 18) 

Rank Fire Name Year Ecoregion 
Total Area 
Burned (ha) 

High Severity 
Area (ha) 

Low-Moderate 
Severity Area 
(ha) 

Unburned-Very 
Low Severity 
Area (ha) 

1. August 
Complex 

2020 Klamath 419,825 190,728 
(45%) 

222,713 (53%) 6,384 (2%) 

2. Creek 2020 Sierra 
Nevada 

154,672 66,077 (43%) 85,222 (55%) 3,374 (2%) 

3. Claremont-
Bear 

2020 Sierra 
Nevada 

129,136 80,692 (62%) 47,437 (37%) 1,007 (1%) 

4. Rim 2013 Sierra 
Nevada 

104,191 36,952 (36%) 62,677 (60%) 4,562 (4%)  

5. Carr 2018 Klamath 93,422 37,931 (41%) 53,550 (57%) 1,941 (2%) 

6. Castle 2020 Sierra 
Nevada 

70,089 30,270 (43%) 38,044 (54%) 1,775 (3%)  

7. Slater 2020 Klamath 64,324 38,176 (59%) 24,161 (38%) 1,987 (3%)  

8. Rough 2015 Sierra 
Nevada 

61,811 15,086 (24%) 40,875 (66%) 5,850 (10%) 

9. McNally 2002 Sierra 
Nevada 

60,934 17,750 (29%) 37,231 (61%) 5,953 (10%) 

10. Red Salmon 
Complex 

2020 Klamath 58,716 17,995 (31%) 39,920 (68%) 800 (1%) 

11. Frying Pan 2014 Klamath 54,323 17,667 (33%) 34,638 (64%) 2,018 (3%) 

12. Megram 1999 Klamath 50,935 9,247 (18%) 36,675 (72%) 5,014 (10%) 
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13. King 2014 Sierra 
Nevada 

39,947 20,854 (52%) 17,676 (44%) 1,417 (4%) 

14. Oak 2017 Klamath 37,390 12,101 (32%) 23,333 (63%) 1,956 (5%) 

15. Manter 2000 Sierra 
Nevada 

32,257 11,391 (35%) 15,943 (49%) 4,922 (15%) 

16. Chips 2012 Sierra 
Nevada 

31,122 9,385 (30%) 20,203 (65%) 1,534 (5%) 

17. River 
Complex 

2015 Klamath 27,874 5,014 (18%) 20,238 (73%) 2,622 (9%) 

18. King Titus 1987 Klamath 27,688 2,993 (11%) 22,462 (81%) 2,233 (8%) 

 

1.3.4 Landscape Metrics 

Patterns of fire severity have ecological implications at multiple scales. For example, at the 

individual patch scale, high-severity patch size and interior core area (the area within a patch that is 

at least a given distance from the patch edge) serve as a proxy for distance to live seed source and 

govern regeneration potential of trees (Collins et al., 2017b; Stevens et al., 2017). At broader regional 

scales, the area and configuration of patches belonging to different fire severity classes influences 

post-fire successional dynamics and overall forest structure heterogeneity (Hessburg et al., 2019, 

2016). We calculated five landscape metrics across three dimensions of spatial pattern to evaluate the 

cumulative impacts of exceptionally large fires: area burned by severity class, core area burned by 

severity class, and average patch size (Table 1.2). All metrics were calculated with the 

landscapemetrics package in R (Hesselbarth et al., 2019).  
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Table 1.2. Description and interpretation of landscape metrics calculated for 1,809 fires that 
burned between 1985 and 2020 in the Klamath, Cascades, or Sierra Nevada ecoregions of 
California. All metrics were calculated using the landscapemetrics package in R (Hesselbarth et 
al., 2019). Table adapted from Singleton et al. (2021). 

Metric Acronym Description Interpretation 
of low values 

Interpretation 
of high values 

Units Range 

Class Area 
(Total) 

CA Area burned: Total area 
belonging to severity 
class i. 

Less area 
burned 

More area 
burned 

Hectares CA ≥ 0 

Class Area 
(Proportional) 

PLAND Percentage of landscape of 
class: Measure of 
landscape composition. 
Percentage of total fire 
area belonging to 
severity class i. 

Less 
proportional 
area burned 

More 
proportional 
area burned 

Percentage 0 ≤ 
PLAND ≤ 
100 

Patch Area AREA_AM Area-weighted mean patch 
size: Measure of patch 
size for each class i  

Generally 
smaller patch 
sizes, with few 
or no large 
patches 

Generally larger 
patch sizes, or 
few large 
patches among 
many smaller 
patches 

Hectares AREA_AM 
≥ 0 

Patch Area AREA_MN Arithmetic mean patch 
size: Measure of patch 
size for each class i  

Many smaller 
patches, with 
few or no large 
patches 

Many larger 
patches, or few 
large patches 
among few small 
patches 

Hectares AREA_MN 
≥ 0 

Core Area 
(Total) 

TCA Total core area: Total 
core area of class i > 
120 m from patch edge. 
Only calculated for 
high-severity class. 

Less interior 
area burned 

More interior 
area burned 

Hectares TCA ≥ 0 

 

Patch level (two metrics) – We calculated area-weighted mean patch size (AREA_AM) and 

arithmetic mean patch size (AREA_MN) using the 8-neighbor rule for each severity class present 

within each fire. The former weights each patch by its proportional contribution to the total area of 

all patches while the latter gives equal weight to each patch (Li and Archer, 1997). Many of the 

largest fires in our analysis burned under a combination of wind-driven and fuel-laden conditions 

and may contain exceptionally large, continuous patches representing days of large fire spread. We 
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chose to calculate both area-weighted mean and arithmetic mean patch sizes to characterize the 

effect of these large patches. Specifically, in fires with many small patches and a few, exceptionally 

large patches (right-skewed distributions), we would expect the area-weighted mean patch size to be 

larger, and arithmetic mean patch size to be smaller. Fires with similar area-weighted and arithmetic 

mean patch sizes would indicate general homogeneity of patch sizes – either many small patches or 

few large patches across the fire, depending on the value.  

Class level (three metrics) – For each severity class within individual fires, we calculated the total 

area burned in hectares (class area, CA) and proportional area burned (PLAND). Class area was used 

to assess the cumulative impact of exceptionally large fires, and proportional area burned enables 

direct comparisons of patterns of fire severity across the broader population of fire sizes in our 

dataset.  

Lastly, we calculated total core area (TCA). Core area is the area of all patches in severity class i 

greater than a specified distance from each patch edge. We included core area specifically as a way to 

evaluate potential non-serotinous conifer tree regeneration failures in the high-severity class; as a 

result, we defined core area by a distance threshold of 120 m (four pixels) from the patch edge, or 

the distance at which wind-driven seed dispersal becomes very unlikely for most mixed-conifer trees 

within our study area (Clark et al., 1999). We did not evaluate core area of the unburned or low-

moderate severity class. 
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1.3.5 Impacts of Exceptionally Large Fires 

Temporal Trends in Area Burned 

We evaluated the role of exceptionally large fires in temporal trends of annual mean fire size 

and total annual area burned between 1985 and 2020 with a Theil-Sen (TS) slope estimator. TS slope 

estimators are a nonparametric technique to calculate the median overall slope across a time series 

from the pairwise slopes between each timestep. Previous work has established statistically 

significant increases in annual area burned across the study area in the last several decades (Parks 

and Abatzoglou, 2020; Steel et al., 2018). However, to date, there have been few studies that have 

evaluated the role of exceptionally large fires in recent wildfire trends. Following the critical value 

cutoff used in previous studies, we assessed the statistical significance of slopes using a p-value of 

0.10 (Dennison et al., 2014; Holden et al., 2018; Parks and Abatzoglou, 2020). All slopes were 

calculated using the “trend” package in R (Pohlert, 2019).  

Spatial Patterns of Exceptionally Large Fires 

We evaluated spatial patterns of exceptionally large fires by assessing both their cumulative area 

burned and their individual configurations by severity class. We calculated cumulative area burned by 

severity class across all fires to evaluate the role of exceptionally large wildfires in shaping California 

forests. Previous work examining fire severity in California forests has largely focused on overall 

trends, with a dominant focus on high-severity effects (Mallek et al., 2013; Miller et al., 2012; Steel et 

al., 2018; Stevens et al., 2017). While analyses of temporal trends are invaluable to understand 

shifting fire regimes, we calculated cumulative totals to evaluate the overall footprint of exceptionally 

large fires across the landscape. We present these totals for each severity class to assess the role of 

exceptionally large fires in both maintaining and degrading forest resilience. 
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We focused on two aspects of spatial configuration to evaluate patterns and impacts of 

individual exceptionally large fires: proportional area burned and patch size. We performed a 

principal component analysis (PCA) on the proportional area burned (PLAND) of unburned-very 

low, low-moderate, and high-severity effects present in each fire to understand their ranges of 

ecological effects. We used ordination plots to visualize patterns of burn severity proportions of 

exceptionally large fires and directly compare those to the hundreds of smaller fires across our 

dataset. To understand patch-level effects of exceptionally large fires, we compared area-weighted 

(AREA_AM) and arithmetic (AREA_MN) mean patch sizes between exceptionally large fires and 

smaller fires across each severity class. We did not conduct statistical tests of significance among the 

means or distributions of area-weighted and arithmetic mean patch sizes between fire size groups 

because our dataset 1) represented the population of fires across our study area and study period and 

2) contained substantial differences in sample size and variance between groups.  

Temporal Trends in High-Severity Fire Effects and Unburned Area 

We evaluated temporal trends in total annual core area burned in high-severity patches to 

understand the role of exceptionally large wildfires in threats to forest regeneration. We evaluated 

temporal trends in total area of unburned refugia within fire perimeters to evaluate potential 

implications for wildlife habitat, carbon storage, and seed sources left behind by exceptionally large 

fires. We used Theil-Sen regression to analyze the statistical significance of trend slopes.  
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1.4 RESULTS 

1.4.1 Temporal Trends in Area Burned 

The majority of exceptionally large fires in our dataset occurred in the last decade (14 of 18), 

with 2020 containing both the highest number and the largest fires. Between 1985 and 2020, there 

was a statistically significant increase in total annual area burned, with a trending (fitted) increase of 

3,258 ha burned annually per the Theil-Sen model (Table 1.3, Figure 1.2). This represents over an 

1100 percent increase in annual area burned over the 35-year study period. Trends in mean annual 

fire size were likewise statistically significant; according to the model, mean fire size increased from 

211 ha to 1,701 ha over the entire study period (47 ha annually), or an eight-fold increase from 1985 

to 2020.  

Table 1.3. Results of Theil-Sen slope estimator for mean annual fire size and total annual area 
burned between 1985 and 2020 across the study period. Slopes indicate the estimated annual 
increase (positive slopes) or decrease (negative slopes) in units of hectares burned. Asterisks 
indicate statistically significant trends. 

 Z statistic  Sen’s slope (ha) p-value 1985 fit 2020 fit 

Mean Annual Fire Size* 3.50 47.26 0.00046* 211 ha 1,701 ha 

Total Annual Area Burned* 3.39 3,257.88 0.00069* 10,146 ha 124,172 ha 
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Figure 1.2. Trends in mean annual fire size (blue line) and total annual area burned (red line) per 
Theil-Sen slope estimators. Each gray dot represents a single fire in the corresponding year. The 
dashed line represents the cutoff of 99th percentile of fires (exceptionally large fires) by size. Trends 
in mean annual fire size and total annual area burned are statistically significant. 
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1.4.2 Spatial Patterns of Exceptionally Large Fires 

Between 1985 and 2020, a total of 3,259,701 ha burned across the study area, of which 502,796 

ha (15.4 percent) burned more than once. Within the 18 exceptionally large fires, 299,864 ha (19.8 

percent) burned more than once. These 99th percentile fire sizes accounted for 47 percent of the 

total area burned across the study period (Table 1.4). The top 5 percent of fires accounted for 77 

percent of the total area burned in this study.   

Within all fire perimeters, 215,731 ha were unburned or burned at very low severity (Figure 1.3). 

It is important to note that our calculations do not explicitly account for overlaps in fire perimeters, 

and these numbers may capture fire refugia that persist over multiple fire events. Exceptionally large 

fires accounted for 26 percent of this unburned refugia total; fires below the 99th percentile 

accounted for 74 percent of area unburned or burned at very low severity.  

The majority (60.7 percent) of area burned across all fires between 1985 and 2020 burned at 

low-moderate severity, for a total of 1,979,773 ha (Figure 1.3). This is nearly double the area burned 

at high severity and over 9 times the area of unburned-very low severity. The 18 exceptionally large 

fires accounted for 42 percent (843,000 ha) of the total area burned with low-moderate severity 

effects; large fires between the 95th and 98th percentile by size accounted for 32 percent of this 

total. Smaller fires below the 95th percentile – 1,718 fires total – accounted for just 26 percent of the 

area burned at low-moderate severity. 

A total of 1,065,197 ha burned with high-severity effects across the study period (Figure 1.3). 

Exceptionally large fires accounted for the majority (58 percent) of this area with 620,307 ha burned; 

fires between the 95th and 98th percentiles accounted for 28 percent. The 1,718 smaller fires below 

the 95th percentile accounted for 148,653 ha – just 14 percent of the total high-severity area. 
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Table 1.4. Cumulative area burned in hectares by fire size group for 1,809 fires that burned 
across predominately conifer forests in California between 1985 and 2020. Percentages in 
parentheses are summed by columns and indicate the percentage of the total area burned in that 
severity class (CA) across all fire size groups. 

 n High (ha) Low-Moderate (ha) Unburned-Very Low 
(ha) Total Area (ha) 

99th percentile 18 620,307 (58%) 843,000 (42%) 55,349 (26%) 1,517,656 (47%) 

95 – 98th percentile 73 296,237 (28%) 628,593 (32%) 66,589 (31%) 991,419 (30%) 

Below 95th 
percentile 1,718 148,653 (14%) 508,180 (26%) 93,793 (43%) 750,626 (23%) 

All fires 1,809 1,065,197 (100%) 1,979,773 (100%) 215,731 (100%) 3,259,701 (100%) 

Percentage of total area 32.7% 60.7% 6.6% 100% 

 

 

Figure 1.3. Histogram of fires by size (left y-axis) for 1,809 fires that burned across conifer-
dominated forests in California between 1985 and 2020. Lines represent the cumulative area 
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burned (right y-axis) by severity class (CA), where the bottom blue line is unburned-very low 
severity, the middle red line is high severity, and the top green line is low-moderate severity. 
The dashed lines represent the 95th percentile and 99th percentile cutoffs of fires by size.   

Principal component analysis of proportional area burned by fire severity class (PLAND) 

differentiated fires primarily by proportional burned and unburned area (Figure 1.4). Fires with 

greater proportions of unburned area – entirely smaller fires – were associated with the first PC axis 

(61.5 percent of variation). Fires with greater proportions of low-moderate and high-severity area 

were associated with the second PC axis (38.5 percent of variation). All exceptionally large fires fell 

along the second axis, as they typically contained proportionately more high and low-moderate 

severity effects (Table 1.1). Of the 18 exceptionally large fires, 10 fires contained less than 5 percent 

area unburned refugia. Fifteen of 18 fires contained proportionally more low-moderate than high-

severity area; fourteen of these fires were composed of over half low-moderate severity.  
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Figure 1.4. Ordination of principal component analysis (PCA) of proportional area burned 
(PLAND) by fire severity class. Fire size groups are overlaid on the plot to show the range of 
spatial patterns of fire severity in exceptionally large fires (n = 18) and fires between the 95th 
and 98th percentiles by size. The threshold line of solid points at the top of the ordination 
represents smaller fires with proportionally greater area unburned. 

Area-weighted mean patch sizes (AREA_AM) varied widely between fire severity classes and 

fire size groups (Figure 1.5). Patch sizes generally increased with fire size but increases in low-

moderate and high-severity patches were much greater than unburned-very low patches. The average 

area-weighted patch size of unburned refugia in smaller fires was 3.9 ha; in exceptionally large fires, 

this increased to 44.9 ha. In the low-moderate severity class, smaller fires had average area-weighted 
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patch sizes of 12.9 ha – orders of magnitude smaller than the average patch size of 5,077 ha in 

exceptionally large fires. In the high-severity class, the contrasts were also pronounced – smaller fires 

had an average area-weighted patch size of just 1.3 ha, while exceptionally large fires had average 

patch sizes of 2,301 ha. 

 

Figure 1.5. Distributions of area-weighted mean patch size (AREA_AM, left) and arithmetic 
mean patch size (AREA_MN, right) by fire for unburned-very low, low-moderate, and high-
severity classes as a function of fire size. 

By contrast, arithmetic mean patch sizes were more comparable between smaller and 

exceptionally large fires across all severity classes, but overall, exceptionally large fires overall 

contained larger mean patch sizes. Mean arithmetic patch sizes of unburned refugia were 1.1 ha in 

smaller fires and 1.4 ha in exceptionally large fires. Smaller fires had an arithmetic mean low-

moderate-severity patch size of 3 ha; in exceptionally large fires, this mean size was 5.9 ha. In the 

high-severity class, mean high-severity patch size in smaller fires was 2.3 ha compared to 7.2 ha in 

exceptionally large fires. 
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1.4.3 Temporal Trends in High-Severity Fire Effects and Unburned Area 

Across all fires, there was a statistically significant positive trend in total annual interior core 

area (TCA) burned at high severity across the study period, with a nearly 35-fold increase in area 

according to the Theil-Sen fitted models (Figure 1.6, Table 1.5). Between 1985 and 2020, 378,521 ha 

of interior core high-severity area (i.e., greater than 120 m from the patch edge) burned. Of this, 

256,912 ha (68 percent) burned in exceptionally large fires.  

 

Figure 1.6. Trends in total annual interior core area of high severity (TCA, left panel) and total 
annual unburned refugia/very low severity (CA, right panel) between 1985 and 2020 across the 
study area. Trend lines represent Theil-Sen slope estimations of high-severity core area (left 
panel, red line) and total unburned area (right panel, blue line). Note that for the year 2020, total 
core area burned at high severity (left panel) extends beyond the y-axis limits; the total amount 
is noted at the top left of the plot. 
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Table 1.5. Results of Theil-Sen slope estimator for total annual high-severity core area (TCA) 
burned and total annual unburned area (CA) between 1985 and 2020 across the study area. 
Slopes indicate the estimated annual increase (positive slopes) or decrease (negative slopes) in 
units of hectares. Asterisks indicate statistically significant trends. 

 Z stat  Sen’s slope (ha) p-value 1985 fit 2020 fit 

High-severity core area 3.04 204.87 0.00239* 211 ha 7,375 ha 

All unburned-very low 
severity area 2.08 120.56 0.037* 2,448 ha  6,668 ha 

  

Model fits also indicated a statistically significant increase in unburned/very low severity area 

(CA) – from 2,448 ha to 6,668 ha – across the study period. In total, there were 215,731 ha of 

unburned-very low severity area across all fires in this study, with exceptionally large fires accounting 

for 55,348 ha, or 26 percent, of the total unburned-very low severity area.  

 

1.5 DISCUSSION 

This study examined the spatial patterns and cumulative impacts of exceptionally large fires on 

California forests and places those impacts within the spatial and temporal context of the hundreds 

of smaller fires that have burned across the state from 1985 to 2020. Consistent with previous 

studies (Parks and Abatzoglou, 2020; Steel et al., 2018; Stevens et al., 2017), we found increasing 

trends in mean annual fire size, annual area burned, and the interior core area of high-severity 

patches, of which the latter is associated with large-scale non-serotinous conifer tree regeneration 

failures, persistent vegetation type conversion, diminished wildlife habitat, and loss of carbon storage 

(North and Hurteau, 2011; Stephens et al., 2016; Stevens-Rumann and Morgan, 2019). Across the 

study period, we found that the top 5 percent of fires by size were responsible for the vast majority 

(74 percent) of area burned with low- to moderate-severity effects, which can reduce fuel loads and 
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tree densities, edging forests towards more resilient conditions (Hessburg et al., 2015; Jeronimo et 

al., 2019; Kane et al., 2019). Notably, we also found that exceptionally large fires contain much larger 

low-moderate and high-severity patches than smaller fires (Figure 1.7), indicating a ‘coarsening’ of 

the spatial grain size between contrasting severity classes. This coarsening may erode fine-scale 

patterns of forest structure historically reinforced by smaller fires and the ecological processes that 

rely on them.  

 

Figure 1.7. Impacts of one exceptionally large fire (Panel A, left) versus dozens of smaller fires 
(Panel B, right) on California forests. Panel A shows the 2020 Creek Fire in the Sierra Nevada, 
which contains some of the largest single patches of high and low-moderate severity (> 20,000 
ha) in this analysis. Panel B shows a mosaic of 80 small fires ranging from 4 ha to 3,470 ha that 
burned between 1985 and 2020 just south of Yosemite Valley in the Sierra Nevada. In both 
panels, dark blue represents unburned-very low severity, light green represents low-moderate 
severity, and dark red represents high severity. Both panels are at the same spatial scale and 
have the same areal extent.  

1.5.1 Temporal Trends in Area Burned 

We observed clear trends in increasing total annual area burned and mean annual fire size over 

the last four decades. Exceptionally large fires drove these trends – the majority of the top 1 percent 

of fires by size (14 of 18 fires) burned within the last decade, and the top 3 largest fires in our 
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analysis burned in 2020, the final year of the study period. Previous studies have linked broad trends 

in annual area burned to severe drought conditions and warmer temperatures, which are expected to 

intensify under a rapidly changing climate (Dennison et al., 2014; Holden et al., 2018; Westerling, 

2016).  If wildfires continue to burn dense, homogenized forests, annual area burned and mean fire 

size driven by rapid fire spread events are likely to continue increasing, and the exceptionally large 

fires included in this analysis may become more characteristic of future norms (Coop et al., 2022). 

Assessing the dynamics and drivers of these increases, including where reburned areas may 

exacerbate or mitigate subsequent fire severity, will be critical topics of future research as fire-on-fire 

interactions become more frequent. 

It is important to note that increases in total annual area burned and fire size alone are not 

intrinsically a cause for concern. It is widely recognized that over a century of fire exclusion, 

including suppression policies and curtailment of Indigenous burning, has led to a profound fire 

deficit across much of California’s forests (Hagmann et al., 2021; Hessburg et al., 2019; Mallek et al., 

2013; Marlon et al., 2012; Parks et al., 2015). In areas with low to moderate overstory tree mortality 

following fire, increases in annual area burned certainly address this deficit. However, the observed 

spatial patterns of severity – including historically unprecedented trends in high-severity core area 

and patch size configurations – within recent exceptionally large fires suggest that these fires 

represent an emerging fire regime distinct from historical norms.   

Specifically, we found that recent exceptionally large fires have higher mean burn severities than 

smaller fires, and contain large patches of all fire severities that leave behind markedly different 

patterns of forest structure than the fine-scale heterogeneity produced by historic fires (Collins and 

Roller, 2013; Fry et al., 2014; Perry et al., 2011). In areas of forest where these exceptionally large 

events were the first fire following an extended fire-free period – i.e., first-entry fires – these novel 
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spatial patterns of fire severity may be self-reinforcing in future fires without appropriate post-fire 

management. In our study area, spatial patterns of fire severity tend to follow the patterns of 

previous wildfires – that is, in mixed conifer forests, low severity in previous fires typically begets 

low severity in subsequent fires, and areas that previously burned at high severity may subsequently 

burn at high severity due to accumulations of snags, coarse woody debris, and regeneration of flashy 

fuels such as shrubs and grasses (Parks et al., 2014b; Prichard et al., 2017; Taylor et al., 2021, 2022). 

As areas within existing exceptionally large fires are reburned in subsequent wildfire, assessing 

whether these self-reinforcing patterns are present should be a focus of future work.  

1.5.2 Spatial Patterns of Exceptionally Large Fires 

We found that the largest fires (greater than the 95th and 99th percentiles by size) were distinct 

from the population of smaller fires in their proportions of area burned at different severities (Figure 

1.4). Unlike smaller fires, these largest fires contained relatively smaller proportions of unburned 

refugia and were dominated by area burned at low-moderate and high severity. The 18 exceptionally 

large fires, representing the top 1 percent of fires by size, were associated with greater proportions 

of high severity in particular, consistent with previous work that has found greater proportions of 

stand-replacing effects in large wildfires (Keane et al., 2008; Lydersen et al., 2014; Safford et al., 

2022; Stephens et al., 2022; Taylor et al., 2022). These patterns reflect the extreme conditions in 

which these large fires have typically burned – for example, wind-driven or plume-dominated events 

such as the 2020 Creek fire exhibit extreme fire behavior under hot and dry conditions that often 

result in widespread tree mortality (Stephens et al., 2022).  

Exceptionally large fires were responsible for the majority of high-severity fire effects across 

California forests (Table 1.5, Figure 1.6), and our assessment of mean patch sizes suggests that these 

effects are concentrated in large, contiguous patches (Figure 1.5). The top 1 percent of fires by size 
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accounted for 58 percent of the cumulative area burned at high severity between 1985 and 2020 for 

a total of 620,307 ha. We found that exceptionally large fires contained larger mean high-severity 

patches than smaller fires regardless of whether arithmetic or area-weighted calculations were used, 

producing a distinct spatial signature uncharacteristic of the fine-scale patch heterogeneity 

historically found in fires prior to widespread fire exclusion (Fry et al., 2014; Perry et al., 2011; 

Safford and Stevens, 2017). These larger mean patch sizes in exceptionally large fires reflect the 

influence of both overall larger high-severity patches (i.e., even the smallest high-severity patches in 

large fires tend to be larger than those of smaller fires) and the presence of a handful of extremely 

large patches in exceptionally large fire events (i.e., the 2020 August Complex and Creek fires, which 

each contained homogenous high-severity patches roughly 20,000 ha in area (Stephens et al., 2022)). 

These large contiguous patches inherently contain greater interior core area, which is associated with 

increased distance to live seed source and likelihood of tree regeneration failure leading to persistent 

vegetation type-conversion, loss of carbon storage, and diminished wildlife habitat (Earles et al., 

2014; Stevens et al., 2017).  

While their large stand-replacing patches and associated severe ecological consequences cannot 

be understated, we also found that exceptionally large wildfires were responsible for the majority of 

low- to moderate-severity fire effects. The largest 18 fires across the study period were responsible 

for 42 percent of the area burned with low to moderate severity effects across California forests, and 

the top 5 percent of fires by size were responsible for 74 percent. Smaller fires – though large in 

number – had a small cumulative impact by area. We found that exceptionally large fires contained 

large patches of low-moderate severity effects – often as large as their high-severity patches – 

suggesting that these fires leave behind contiguous areas of forest (see Figure 1.7) with markedly 

different post-fire trajectories and management needs than from high-severity patches. It is 
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important to note that our low-moderate severity category captures a broad range of fire effects, 

from consumption of predominantly understory vegetation with minimal effects on overstory trees 

to mortality of mid-sized trees resulting in significant reductions to live tree density (Collins et al., 

2018; Lydersen et al., 2016). There is likely to be more forest structural heterogeneity within the low-

moderate severity class than can be described by the categorization used in this study. Still, these 

effects mimic a range of treatments that cumulatively push forests closer to resilient conditions and 

positive ecological outcomes such as maintaining biodiversity and stabilizing carbon storage (Collins 

et al., 2017b, 2018; Stephens et al., 2020).  

Because smaller fires inherently contain less area for large patches, large fires would be expected 

to contain larger mean patch sizes. We therefore do not suggest that higher mean patch sizes in 

larger fires is unusual, but rather underscore the novel ecological impacts of their size and spatial 

patterns. For example, fine-scale mosaics of unburned, low-moderate, and high severity patches in 

smaller fires shape heterogeneous patterns of individual trees, tree clumps, and openings that can 

impede the spread of pathogens and insect outbreaks across a forest stand (Churchill et al., 2013; 

Fettig et al., 2007; Goheen and Hansen, 1993). Forest structural heterogeneity additionally provides 

a variety of habitat niches that enhance species richness, persistence, and opportunities for divergent 

adaptations of plant and animal species (Laszlo et al., 2018; Stein et al., 2014; Tews et al., 2004; 

Weisberg et al., 2014). Fires dominated by larger patches fundamentally shape forests at a much 

coarser scale, and though a range of post-fire ecological effects may still be present within the full 

fire perimeter, their configurations may fail to support the biodiversity and ecological processes that 

benefit from finer-scale mosaics (Figure 1.7) (North et al., 2009).  

Although our 18 largest fires share common characteristics such as large patch sizes, they are 

still distinct in their individual ecological signatures based on their proportions of burn severities 
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(Table 1.1, Figure 1.4) and warrant evaluation on a case-by-case basis. There are a number of reasons 

why a fire may become exceptionally large. For example, the 2013 Rim fire – the fourth largest fire 

in this study – partially burned under extreme conditions and 35 percent of the fire’s total area 

burned within a two-day period (Povak et al., 2020). By contrast, the 2020 August Complex fire, 

which is both the largest fire in this study and the largest fire on record for all of California, 

originated as 38 separate lightning-ignited fires that eventually coalesced over the course of several 

weeks (National Weather Service - Eureka Office, 2021). The second largest fire in this study, the 

2020 Creek fire, burned rapidly through severely drought-affected forests but experienced its 

greatest growth on days largely within the normal range of variation for weather at the time of 

burning (Stephens et al., 2022). Due to the broad spatial extent and temporal breadth of our study, 

our dataset captures a range of burning conditions and incident response scenarios that directly 

inform resulting patterns of fire severity. Regardless of their size, each exceptionally large wildfire 

shaped forests in distinct ways and warrant discrete post-fire management strategies.  

1.5.3 Temporal Trends in High-Severity Fire Effects and Unburned Area 

Across the 36-year study period, we observed sharp increases in the interior core area of high-

severity fire effects (Figure 1.6). The 18 exceptionally large wildfires within our study were 

responsible for a majority – 68 percent – of this total over the entire study period. This is somewhat 

expected, because large fires generally burned under more extreme fire weather conditions than 

small fires (Meyer, 2015; Singleton et al., 2021; Steel et al., 2018; Stevens et al., 2017). Extreme 

burning conditions that result in large, contiguous areas of overstory tree mortality are often the 

same conditions that escape initial fire suppression response and result in days of large fire spread 

(Coop et al., 2022). Cumulatively, smaller fires were responsible for only a minor portion of the total 
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core area of high-severity fire, in part due to their small size and more moderate weather conditions 

under which they typically burned.  

Though we observed relatively low proportions of unburned area in exceptionally large 

wildfires, our Theil-Sen slope analysis revealed statistically significant increases in total annual area of 

unburned refugia over the study period. This increase largely reflects coincident increases in total 

annual area burned, as large fires tended to have larger patches across all severity classes, including 

unburned islands. Although cumulative area of unburned refugia increased over the study period, it 

increased at about half the rate as increases to high-severity interior core area. These unburned 

islands – though they technically occupied more area in 2020 than they did in 1985 – are still 

overwhelmed by surrounding high-severity patches in exceptionally large fires (Figure 1.7). Our 

results suggest that although the extent of unburned refugia has increased over time, these patches 

may grow increasingly fragmented and isolated as annual area burned and fire sizes continue to 

increase. This is consistent with Steel et al. (2018), who found that patches of unburned refugia in 

California mixed-conifer fires that burned between 1984 and 2015 have become increasingly 

disaggregated.  

Although this study focused on fires within California conifer forests, the spatial and temporal 

patterns identified in our analyses are consistent with broader regional trends across western North 

American forests. Increasing high-severity patch sizes and increased homogenization of patch 

structures in large fires that burned between 1984 and 2008 were identified in the northern Cascade 

Range of Washington state (Cansler and McKenzie, 2014). Across warm and dry conifer forests in 

the broader Pacific Northwest, proportions of high-severity effects in fires that burned between 

1985 and 2010 were greater than historical ranges of variation, and nearly half of this high-severity 

area occurred in large patches greater than 100 ha (Reilly et al., 2017). In the northern Rocky 
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Mountains, trends in high-severity patch structures within fires that burned between 1984 and 2010 

suggested shifts towards larger, more homogenous patches with greater interior core area, though 

they were not statistically significant (Harvey et al., 2016). Given recent increases in annual area 

burned and mean fire severity (Parks and Abatzoglou, 2020) and a number of record-breaking large 

fires across western North American forests since the aforementioned studies were conducted, the 

ecological implications of our findings – presented here within the context of California forests – 

may be more broadly applicable to warm and dry, fire-suppressed conifer forests across the west.  

1.5.4 Management Implications 

Coarser-scale patterns of fire severity on the order of hundreds to thousands of hectares – like 

those of the exceptionally large wildfires in this study – are significantly departed from the natural 

range of variation of frequent fire regimes in our study area. Modern studies in US National Parks 

with restored fire regimes (Collins et al., 2007) and analysis of historical forest conditions prior to 

widespread fire exclusion (Safford and Stevens, 2017) suggest that California dry mixed-conifer 

forests frequently burned in complex mosaics of unburned, low-, moderate-, and high-severity 

patches typically no larger than a few hectares. These patch mosaics shaped patterns of highly 

heterogeneous forest structure that regulated the forest’s ability to maintain function following 

subsequent disturbances (Koontz et al., 2020). Small patches of previously burned areas served as 

‘fences’ to subsequent fire spread, and unburned areas or areas of forest that had not recently 

burned acted as ‘corridors’ of fire spread, reinforcing a shifting mosaic of forest structures and a 

regime of frequent, predominately low- to moderate-severity fire (Moritz et al., 2011). As larger fires 

produce coarser-grained patterns of severity, these patterns may become self-reinforcing, and the 

ecological memory of forests rooted in fine-scale self-regulation may begin to erode (Taylor et al., 

2021). 
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In frequent-fire ecosystems, historic fire regimes often set the scale and habitat variability that 

influences the evolution of ecological processes and endemic wildlife (Falk et al., 2011; Pausas and 

Parr, 2018).  Shifting landscape patterns induced by changes in patch sizes may have cascading 

effects on ecological processes that are associated with fine-scale structural heterogeneity. Forest 

structural diversity, for example, drives microclimates that regulate subcanopy temperatures, 

snowpack accumulation and ablation, and thermal refuges, in turn influencing water availability, soil 

nutrient cycling, plant species biodiversity, and habitat suitability for small terrestrial animals (Kemp 

et al., 2014; Milling et al., 2018; Tews et al., 2004; Varhola et al., 2010; Wolf et al., 2021). As patterns 

of structural heterogeneity coarsen, this patchwork of microclimates may erode, fragmenting wildlife 

habitat, threatening keystone species, and altering understory vegetation composition (Jones et al., 

2020; Steel et al., 2022a; Stephens et al., 2021). 

While exceptionally large fires often burned with low- to moderate-severity effects, the 

landscape pattern of burned areas represents a novel configuration for which there is no historical 

analog. Recent studies have underscored the importance of post-wildfire management responses to 

these novel landscapes, including post-burn thinning, fuel reduction, and variable-density tree 

planting (Meyer et al., 2021; North et al., 2019; Stevens et al., 2021). Post-fire patch sizes and 

configurations are also important considerations for adaptive management (Hessburg et al., 2019, 

2016). Introducing additional structural variation at finer spatial scales will be a critical component of 

adaptive management, not only within patches that burned at high severity but also within unburned 

islands and areas that burned at low and moderate severity that are outside the range of variation for 

historical patch sizes.  More pre- and post-burn fuel reduction, particularly with prescribed fires for 

its creation of ‘fence’ and ‘corridor’ heterogeneity, may be the most durable and effective means of 
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reducing the self-reinforcing pattern of large high-severity patches (Knapp et al., 2017; Taylor et al., 

2022).  

These large fires with their unprecedented patch sizes create new challenges and potential 

opportunities for managers. For the past three decades, much of the focus in the scientific literature 

and management discussion has been on increasing the pace and scale of treatments to reduce tree 

density and fuels left by a century of logging and fire exclusion. However, this study demonstrates 

that the rapidly increasing area and severity of recent wildfires overwhelms the area treated by 

management agencies (North et al., 2021).  While much of the current post-fire management focus 

has been on salvage logging and replanting in high-severity patches, these large fires have also left 

extensive forest swaths of low- to moderate-burn severities. In these areas, managers could leverage 

the wildfire’s ‘work’, and use thinning to remove remaining ladder fuels (Collins et al., 2018) and 

create or accentuate the spatial pattern of individual trees, clumps of trees, and openings (i.e., ICO, 

Churchill et al., 2013), that increases forest resilience to wildfire (Koontz et al., 2020; Ng et al., 

2020).  Seven to twelve years after the fire, when large fuels accumulate as snags fall over, prescribed 

fire could be applied to reduce surface fuels (Ritchie et al., 2013). With this additional fuel reduction 

‘hardening’ of the low-moderate severity patches, they could be used as anchors for wider use of 

managed wildfire or prescribed burns, implementing a pyrosilviculture approach to landscape 

management (North et al., 2021).  
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1.6 CONCLUSION 

Exceptionally large fires are complex and contain a range of both desirable and undesirable 

ecological effects on California forests. The largest fires in our analysis contained proportionally 

greater amounts of high-severity fire and contributed to significant increases in high-severity interior 

core area, but were also responsible for the vast majority of low-moderate severity effects that 

reshape and can help restore resilience to mixed-conifer forests (Collins et al., 2011). Configurations 

of very large high-severity and low-moderate-severity patches with little area of unburned refugia 

represent an emerging fire regime that may alter the fine-scale forest structural heterogeneity 

historically created by smaller fires. Because fires in our study area tend to follow the spatial patterns 

of previous fires (Parks et al., 2014b; Prichard et al., 2017; Taylor et al., 2022), future fire patterns 

may become self-reinforcing, further eroding fine-scale mosaics of forest structure heterogeneity. 

These post-fire landscapes may present novel challenges for forest managers as they leave behind 

large, contiguous areas of stand-replacing fire and yet also contain patches of low- and moderate-

severity effects that, with subsequent targeted fuels reduction, can move burned forests towards 

greater resilience to climate change and future fire events.   
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CHAPTER 2. LAND OWNERSHIP EXERTS STRONG CONTROLS ON 

FIRE SEVERITY IN CALIFORNIA, OREGON, AND WASHINGTON 

FORESTS 

2.1 ABSTRACT 

Understanding the influence of landowner forest management on fire severity is important to 

inform cohesive management strategies for ecological and community resilience. Although past 

research has evaluated general drivers of fire severity, less is known about how land ownership and 

associated forest management practices interact with biophysical factors to influence fire effects. In 

this study, we evaluated drivers of fire severity for large fires (> 500 ha) that burned from 2001 to 

2020 within four major forested ecoregions of California, Oregon, and Washington states. We used 

a hierarchical modeling framework to analyze fire severity as a function of fire growth and daily 

weather, topography, pre-fire forest structure, disturbance history, and land ownership to first 

examine drivers of fire severity at the individual fire level, then evaluate model coefficients across all 

fires to assess general drivers of fire severity across the full study system. Land ownership type was 

the most important predictor of fire severity across our full study area, and private industrial land 

ownership was associated with higher fire severity relative to other ownerships where industrial 

forests had likely reached greater canopy closure and had greater fuel continuity. Our results inform 

perceptions of risk in multi-owner landscapes and underscore the importance of cohesive 

management strategies that prioritize shared governance, long-term perspectives on forest 

management, and collaborations across individual landowners. 
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2.2 INTRODUCTION 

Climate change is accelerating landscape changes across western North America with increased 

fire activity and area burned (Abatzoglou and Williams, 2016). Recent wildfire trends are also 

associated with compounding factors such as changes in land use (Haas et al., 2013; Mell et al., 

2010), the consequences of past management and fire exclusion (Hagmann et al., 2021), and current 

forest management practices (Barros et al., 2021). The frequency, extent, and severity of wildfires 

across the region have increased in the last several decades (Cova et al., 2023; Dennison et al., 2014; 

Reilly et al., 2017; Steel et al., 2018), contributing to profound losses to communities (Paveglio et al., 

2016; Rosenthal et al., 2021), hazardous smoke impacts (Enayati Ahangar et al., 2022; Liu et al., 

2021), erosion of mature forest wildlife habitat (Ayars et al., 2023; Steel et al., 2022b), rapid 

conversion to non-forest vegetation (Coop et al., 2020), and steep reductions in forest carbon stores 

(Liang et al., 2017a). These trends are expected to intensify through the next century (Abatzoglou et 

al., 2021), underscoring a critical need to understand factors influencing fire severity to inform 

proactive management alternatives under a warming climate and changing fire regimes.  

Although past research has evaluated drivers of fire severity, less is known about how forest 

management practices interact with biophysical factors to influence fire effects. Previous research 

has evaluated the influence of ‘bottom-up’ factors such as fuels (Cansler et al., 2022; Lydersen et al., 

2017; Prichard and Kennedy, 2014) and landform on fire severity (Birch et al., 2015; Dillon et al., 

2011; Kane et al., 2015) and how these interact with ‘top-down’ factors such as weather (Birch et al., 

2015; Estes et al., 2017; Povak et al., 2020) to influence post-fire effects. While these studies have 

provided valuable insights on the ecological mechanisms influencing wildfire outcomes, it is critical 

to account for other known factors influencing fire severity to develop appropriate management 

strategies that bolster both ecological and social resilience in coupled human and natural systems 
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(Spies et al., 2014). Forest management practices such as industrial timber harvesting (Griffey et al., 

2021), fuel treatments (Stephens et al., 2012), and active fire suppression (Hagmann et al., 2021) 

impart strong influences on forest structure and composition, which in turn result in variable 

responses to wildfire within different biophysical contexts (Harris et al., 2021; Parks et al., 2018a; 

Povak et al., 2020; Prichard and Kennedy, 2014; Taylor et al., 2021).  

Because fire does not recognize administrative boundaries, understanding the influence of 

forest management practices on fire severity across multiple ownerships is particularly important to 

inform cohesive strategies for landscape and community resilience (Steelman and Nowell, 2019). 

The multiple landowners, administrative units, and land use designations within fire-prone forests of 

western North America often represent different – and sometimes conflicting – management 

objectives (Essen et al., 2023; Miller et al., 2022). Developing cross-jurisdictional plans and policies 

to more holistically manage for wildfire through activities such as thinning, prescribed burning, or 

fire suppression requires a quantitative evaluation of how management influences fire severity to 

inform perceptions of risk and collective action for risk reduction (Charnley et al., 2020). These 

evaluations are challenged, however, by the availability of standardized datasets that consistently 

catalog fuel treatments, harvests, and other management activities across both private and public 

lands (Knight et al., 2022b). In absence of comprehensive, multi-owner datasets, land ownership 

designations (i.e., US Forest Service, designated wilderness, private industrial timberland) can serve 

as a proxy for different management regimes and priorities (Barros et al., 2021; Griffey et al., 2021; 

Levine et al., 2022; Zald and Dunn, 2018) 

There is ongoing discourse in the media, policy arenas, and scientific literature about the 

influence of land ownership and associated forest management practices on fire severity and fire 

occurrence (Ayesh, 2020; Evans et al., 2022; Schwartz et al., 2020; Siegel et al., 2022; Starrs et al., 
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2018). Federally designated wilderness areas and reserves, for example, emphasize the preservation 

of natural resources (and in many areas, enhancing late successional and old-growth forest 

conditions), but in fire-prone landscapes, fire exclusion through loss of Indigenous burning practices 

and active wildfire suppression (van Wagtendonk, 2007) has resulted in fuel accumulations linked to 

increased fire probability and severe fire effects (North et al., 2015; Starrs et al., 2018). Management 

aimed at preserving static forest conditions within federal lands has been called into question as 

changing climatic and wildfire regimes rapidly reshape forest landscapes (Gaines et al., 2022; North 

et al., 2015b). Outside of designated wilderness areas, federal forest lands (i.e., US Forest Service and 

Bureau of Land Management) are managed for multiple objectives such as recreation, forest 

products, and wildlife habitat. Although forest thinning and prescribed burning occur within these 

federal lands, rates of prescribed burning and mechanized treatments are generally below the pace 

and scale needed to restore fire-resilient landscapes (Kolden, 2019; North et al., 2015a; Vaillant and 

Reinhardt, 2017), and continued fire exclusion within fire-prone forests has contributed to fuel 

accumulations and forest conditions associated with extreme fire behavior (Povak et al., 2020; 

Stephens et al., 2022).  

By contrast, private land managed for industrial timber production prioritizes the growth and 

yield of wood products, and typically relies on intensive plantation forestry practices and aggressive 

fire suppression to protect commercial assets (Binkley et al., 2005). On these lands, homogenous, 

even-aged stand structures and continuous canopy fuels associated with plantation forestry can 

contribute to extreme fire behavior and increased probability of high severity effects (Duane et al., 

2021; Levine et al., 2022; Zald and Dunn, 2018). Discussions on the role of landowner management 

practices in influencing fire severity have frequently centered on contrasting the intensive 

management practices of industrially managed forests with the more passive management 
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approaches of federal public lands (Ayesh, 2020; Levine et al., 2022; National Review, 2020; 

Schwartz et al., 2020).  

Previous efforts to evaluate drivers of fire severity within the context of land ownership have 

been limited in scope but offer important insights into how forest management can influence 

wildfire outcomes. In a study of multi-ownership landscapes in California, Levine et al. (2022) found 

that industrially managed forests had increased probability of high severity fire relative to federal 

lands. Similarly, intensive plantation forestry on private industrial forestland was associated with 

higher fire severity compared to adjacent federal lands within the 2013 Douglas fire complex in 

southwestern Oregon (Zald and Dunn, 2018). By contrast, intensively managed young plantations 

were associated with lower fire severity in the eastern Cascade mountains of Washington where 

fuels-reducing site preparations had occurred (Lyons-Tinsley and Peterson, 2012).  

To support climate adaptation strategies across a rapidly changing western North American 

forest landscape, a cross-regional study of fire severity drivers in multi-owner landscapes is needed. 

Evaluating the influence of known factors on fire severity across broad areas is challenged by the 

consistency, spatial scale, and correlation of explanatory datasets. Specifically, consistent input 

datasets are needed to develop a system-level understanding of fire severity across ownerships and 

regions. Further, regional-scale assessments of fire severity that rely on spatially coarse and 

autocorrelated input datasets with strong elevational or climatic gradients may result in models that 

mask important signals from smaller subsets of fires or bottom-up processes at more local scales 

(Dormann et al., 2007). By contrast, consistent models (i.e. models that use the same explanatory 

datasets) standardized and constructed for numerous individual fires across a broad study area can 

enable understanding of general drivers across the full study system (hereinafter, general system 
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behavior) while informing more regional management strategies by allowing direct evaluations and 

comparisons of drivers within individual fires or across groups of fire events.  

In this study, we evaluated drivers of fire severity for large fires (> 500 ha) that burned from 

2001 to 2020 within the major forested ecoregions of California, Oregon, and Washington states. 

We leveraged cloud-based processing of geospatial data on fire severity, fire progression and daily 

weather, topography, pre-fire forest structure, pre-fire disturbance history, and land ownership to 

first examine drivers of fire severity using consistent models at the individual fire level, then 

evaluated model coefficients across all fires to assess general system behavior. We examined three 

specific research questions: 1) Across the study region, what are the most prominent drivers of fire 

severity?; 2) Do drivers of fire severity differ between intensively managed systems (i.e., private 

industrial forest land) and federal public lands?; and 3) Is private industrial forest land associated 

with higher fire severity?  

 

2.3 METHODS 

2.3.1 Study Area 

We evaluated fires that burned within four major forested ecoregions of the western United 

States (Figure 2.1): forests along the western slopes of the Cascade mountains in Oregon and 

Washington and along the Pacific coast (Western Cascades and Coastal), forests of the Klamath 

Mountains and southern Cascades within northern California and southwestern Oregon (Klamath 

and Southern Cascades), forests east of the Cascade crest in Oregon and Washington (Eastern 

Cascades), and the Sierra Nevada of California. Forests across this biophysically diverse region vary 

in structure, composition, and dominant fire regime across gradients of climate, topography, and 
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management history (Hessburg et al., 2019), but are unified in that they are largely conifer 

dominated, are characterized by mosaics of land ownerships, and have faced recent increases in 

wildfire activity (Nelson et al., 2010; Parks and Abatzoglou, 2020; Reilly et al., 2022).  

 

 

Figure 2.1. Map of the study region in Washington, Oregon, and California, USA showing 
locations of fires analyzed as part of this study. Drivers of fire severity were analyzed for three 
groups of fires greater than 500 ha: (1) all study fires regardless of landowner designation (dark 
purple, pink, and orange, n = 384 fires); (2) fires containing private industrial land and any other 
landowner designation (dark purple and pink, n = 74 fires); and (3) fires containing private 
industrial and federal non-wilderness (i.e., public) lands (dark purple, n = 49 fires). Major 
forested zones include the Western Cascades and Coastal zone (light purple), the Eastern 
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Cascades (light red), the Klamath and Southern Cascades (green), and the Sierra Nevada (light 
blue). 

Fire was historically an important disturbance process across the entire study area, but its role 

varied both spatially and temporally across different forest types and ecoregions. In general, Western 

Cascades and Coastal zone moist forests such as those dominated by western hemlock (Tsuga 

heterophylla) and silver fir (Abies amabilis) are highly productive with high biomass accumulation. Large 

wildfires in this region were typically infrequent due to high fuel moisture and lack of ignitions; 

when large wildfires did occur under more extreme conditions (i.e. severe drought or wind events), 

high severity effects were common (Agee, 1996; Reilly et al., 2022; Weisberg and Swanson, 2003). 

Though this region is often characterized as an infrequent fire regime, mixed-severity fires 

intentionally applied through frequent Indigenous burning in this region were common (Johnston et 

al., 2023; Lorimer et al., 2009).  

Klamath and Southern Cascades, Eastern Cascades, and Sierra Nevada dry forest types 

dominated by mixed conifers, ponderosa pine (Pinus ponderosa), or Jeffrey pine (Pinus jeffreyi) were 

historically characterized by frequent fire activity (Hessburg et al., 2019; Safford and Stevens, 2017; 

Skinner et al., 2018; Skinner and Taylor, 2018). In these ecoregions, lightning ignitions and 

Indigenous stewardship maintained open forest structures that reinforced a low- to moderate-

severity regime resilient to subsequent fires and seasonal drought (Greenler et al., 2024; Knight et al., 

2022a). Although fire is the dominant process shaping forests across the entire study area, 

contemporary management practices by different landowners have imparted additional variability in 

forest structure (Griffey et al., 2021).  
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2.3.2 Data Sources 

We analyzed fire severity as a function of predictor variables representing pre-fire forest 

structure, disturbance history, fire progression and daily weather, topography, and land ownership 

(Figure 2.2, Table 2.1) in large fires (> 500 ha) that burned between 2001 and 2020 across the study 

area. In previous work, predictor variables, input datasets, and statistical modeling approaches used 

to quantify drivers of fire severity have varied widely (i.e., Birch et al., 2015; Harris and Taylor, 2017; 

Povak et al., 2020; Taylor et al., 2021), limiting cross-comparisons of results across individual 

studies. To assess system-level drivers of fire severity across this large, multi-ownership study area, 

we developed models using the same input predictor variables and statistical modeling approach for 

each fire in our study area (statistical modeling details provided below). To select predictor variables 

used for each fire, we initially gathered 29 datasets (Appendix A, Table 2.7) representing one of each 

category of our predictors (i.e., pre-fire forest structure, weather, etc.). We eliminated potential 

variables by assessing multicollinearity among predictors and evaluating accuracy assessments of 

predictors derived from modeling (where available from the original data source). Following the 

methods of Meigs et al. (2016), we then further refined our predictors by evaluating a subset of test 

models constructed for 15 sample fires representing the range of fire conditions in our dataset. Our 

final set of predictors balanced ecological interpretability (i.e., does at least one predictor describe a 

component of the fire behavior triangle of fuels, topography, and weather) with data consistency 

(i.e., is the dataset available for every fire) and model parsimony as identified by the Akaike 

Information Criterion (AIC) for the 15 sample fire models. 
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Figure 2.2. Sample input datasets used for statistical modeling before subsampling. Burn 
severity (RBR) is the response variable; all other variables are predictors. Example fire shown is 
the 2020 Archie Creek fire in southwest Oregon (53,255 ha). 

Table 2.1. Predictor datasets used for statistical modeling of burn severity (RBR). 

Predictor Source Resolution 

Canopy cover (%) (Ohmann and Gregory, 2002) 30 m 

Elevation (m) (Farr et al., 2007; Gorelick et al., 2017) 30 m 

Heat load index  (Evans and Murphy, 2021) 30 m 

Burning index / Weather (Abatzoglou, 2013) 4km, downscaled to 30 m 

Fire growth (ha) (Parks, 2014) 30 m 

Time since last disturbance (years) (Healey et al., 2018) 30 m 

Topographic Position Index (TPI)  (Evans and Murphy, 2021) 30 m, calculated at 990 m 
window 

Landowner California Department of Forest and Fire 
Protection; WA Department of Natural 
Resources; OR Department of Forestry 

30 m 
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We used geospatial datasets of historical fire perimeters maintained by the California 

Department of Forest and Fire Protection (CAL FIRE) Fire and Resource Assessment Program 

(FRAP), Washington Department of Natural Resources (WA-DNR), and the National Interagency 

Fire Center (NIFC) to identify large fires that burned at least partially within the four major forested 

ecoregions of the study area (n = 384). We quantified fire severity using the Relativized Burn Ratio 

(Parks et al., 2014a) derived from one year pre- and post-fire composite Landsat imagery (30 m 

resolution) following the methodology developed by Parks et al. (2018b) in Google Earth Engine 

(GEE). Because extremely low and extremely high RBR values may be induced by spectral 

reflectance errors, we omitted values below and above the 0.5 and 99.5 percentiles, respectively, 

prior to analysis. Continuous RBR values were used as our response variable for fire severity in our 

statistical models.  

We quantified forest structure for the year prior to each fire using 30-m maps of canopy cover 

(%) originally created for the Northwest Forest Plan Monitoring Program (Davis et al., 2015; 

Ohmann et al., 2012) and developed using the gradient nearest neighbor method (GNN), relating 

forest structure response variables derived from plot data from the U.S. Forest Service Forest 

Inventory and Analysis Program to various predictors such as climate, topography, and spectral 

imagery (Ohmann and Gregory, 2002). To further characterize pre-fire forest condition, we mapped 

time since the last pre-fire disturbance (in years) for each fire using a combination of data from the 

Landscape Change Monitoring System (LCMS, Healey et al., 2018) and GNN. We used the LCMS 

change attribution dataset to identify the year of any spectrally detected disturbance (including fire, 

harvest, insect/drought stress, and other) in 30-m Landsat-derived pixels that occurred between 

1985 and the year prior to each fire. For pixels where no disturbance after 1985 was detected, we 

used GNN-derived maps of forest stand age as a supplement.   
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Topographic conditions were represented using elevation (m), heat load index, and topographic 

position index (TPI) derived from a 30-m digital elevation model (Farr et al., 2007). Heat load index 

was calculated as a function of slope, aspect, and latitude following McCune and Keon (2002) using 

the ‘hli’ function in the spatialEco package in R (Evans and Murphy, 2021), where values near 0 

indicate the coolest pixels (such as those on northeastern slopes) and values near 1 indicate the 

hottest pixels (i.e., southwestern slopes). TPI was calculated as the difference between the elevation 

of a pixel and the mean surrounding elevation within a 990 m moving window using the ‘tpi’ 

function in the spatialEco package in R (Evans and Murphy, 2021). Low TPI values correspond to 

valley bottoms and topographically low features while higher values indicate upper slopes and ridges.   

Fire weather is an important driver of fire severity (Birch et al., 2015; Lydersen et al., 2017; Zald 

and Dunn, 2018), but acquiring temporally accurate weather variables requires knowing the exact 

date on which a pixel burned. We created 30-m maps of daily fire progression for each fire by 

interpolating MODIS fire detection points (NASA MCD14ML product) using the methodology 

developed by Parks (2014). Fire progression maps were used in two ways: first, to create a ‘fire 

growth’ predictor variable (defined as the total area (ha) of daily fire growth for a given pixel for the 

day on which that pixel burned), and second, to acquire gridded surface meteorological data from 

GRIDMET (Abatzoglou, 2013) and develop downscaled 30-m composite maps of daily weather 

corresponding to the appropriate day of fire spread. We used burning index (BI) as our final fire 

weather predictor variable (Bradshaw et al., 1984), as it incorporates information on rate of spread, 

windspeed, slope, and fuel moisture, and was frequently present in our most parsimonious models 

during preliminary model testing.  

Land ownership designations for each fire were derived from combined geospatial data 

representing fee lands and ownership boundaries from the California Protected Areas Database 
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(GreenInfo Network, 2022), CAL FIRE (CAL FIRE, 2019), WA-DNR (WA DNR, 2021), Oregon 

Department of Forestry (ODF, 2022), and the Protected Areas Database of the United States 

(USGS GAP Analysis Project, 2022). We grouped ownership types into four broad designations 

representing Federal Wilderness and Reserves, Federal Non-Wilderness, Private Industrial, and 

Other lands. ‘Other’ as an ownership category encompassed a variety of lands including private 

nonindustrial, state, and tribal entities that combined accounted for less than 15% of the area burned 

across the study area.    

2.3.3 Statistical Modeling and Analysis 

We used a hierarchical framework based on the approach of Meigs et al. (2016) to first quantify 

drivers of fire severity at the individual fire level (that is, one model for each fire), then evaluate 

standardized model coefficients across all fires to assess general system behavior. For each of our 

fire-level models, we used scaled Generalized Least Squares Estimators (GLSEs) with an 

exponential spherical correlation structure to account for spatial autocorrelation (Dormann et al., 

2007). GLSE techniques are similar to Ordinary Least Squares regression analyses but are more 

appropriate for data with unknown covariance matrices, suitable for fitting linear models on datasets 

that may exhibit heteroskedasticity (Kariya and Kurata, 2004), and are generally recommended for 

datasets that exhibit spatial autocorrelation (Beguería and Pueyo, 2009). To further minimize effects 

of spatial autocorrelation as well as any potential georeferencing errors between input datasets, we 

subsampled our data for each fire by overlaying a grid of points 270 m apart to extract mean 

response and predictor variables using a 3x3 30-m pixel window centered on each sample point 

(Kane et al., 2015). We sampled only points that fell within forested pixels as defined by a GNN 

forest mask. All models were constructed using the nlme package in R (Pinheiro et al., 2023). 
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2.3.4 Across the study region, what are the most prominent drivers of fire severity? 

To evaluate the most prominent drivers of fire severity across the study region, we used GLSEs 

to model RBR as a function of pre-fire forest structure, disturbance history, topography, fire 

progression, and fire weather for all study fires regardless of ownership (n = 384 models for n = 384 

fires). Input variables for each fire were scaled by converting samples to z-scores prior to analysis to 

enable direct comparisons of model results across the full set of 384 fires. We excluded ownership as 

a predictor variable in these models because not all fires contained the same number and type of 

ownership designations, which precluded inclusion to maintain consistency in predictor variables 

across all models. We then evaluated measures of central tendency (i.e., mean, standard deviation, 

and range) of standardized model coefficients across the entire study area and within our four 

ecoregional groups.  

2.3.5 Do drivers of fire severity differ between private industrial and federal public lands? 

We evaluated the influence of private industrial versus federal public land ownership 

designations on fire severity in two distinct ways: first, we tested for differences in the relative 

importance of biophysical predictor variables by land ownership designation for each fire; second, 

we evaluated the effect of each ownership type by including a binary ownership variable as a predictor 

in our models.  

To test for differences in fire severity drivers by land ownership designation, we first identified 

all study fires that contained both private industrial (intensively managed) and federal non-wilderness 

(public land) designations (n = 49 fires). We then stratified each fire into two separate GLSE 

models: a ‘private industrial’ model subset to only sample points on private industrial land within a 

given fire, and a ‘public land’ model subset to the federal non-wilderness sample points within that 

same fire for a total of 98 models (2 models per fire). We excluded federal wilderness and reserve 
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lands from our ‘public land’ models for two primary reasons: 1) federal wilderness lands within our 

fires tended to exist at higher elevations and in more remote settings than private industrial and 

federal non-wilderness land, precluding a fair comparison of drivers across ownership types; and 2) 

few fires contained all three (private industrial, federal non-wilderness, and federal wilderness) 

designations. We did not evaluate a model for the “Other” land ownership category. We tested for 

differences in mean effect size of each coefficient between land ownership designations using Mann-

Whitney-Wilcoxon tests.  

To evaluate the standardized effect of land ownership designation on fire severity, we 

constructed a single GLSE model for each fire containing both private industrial and federal non-

wilderness lands (n = 49 models for n = 49 fires). We constrained each model to samples only on 

private industrial and federal non-wilderness land designations within each fire. RBR was modeled as 

a function of pre-fire forest structure, disturbance history, topography, fire progression, fire weather, 

and a binary land ownership predictor describing either private industrial (1) or federal non-

wilderness (0) land.   

2.3.6 Is private industrial forest land associated with higher fire severity? 

Few studies have explicitly tested the effect of land ownership designation on fire severity; 

those that have found private industrial land to be associated with higher severity effects than other 

ownerships (Levine et al., 2022; Zald and Dunn, 2018). To evaluate if private industrial forestry is 

associated with higher fire severity across our study area, we first identified all fires containing 

private industrial land ownership (n = 74). All sample points outside of private industrial ownership 

(federal wilderness and reserve, federal non-wilderness, and other) were aggregated into a single 

‘other’ ownership category within each fire. We constructed a final set of models to calculate the 

fixed effect of our eight biophysical predictor variables (Figure 2.2) as well as a binary land 
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ownership category describing either private industrial (1) or other (0) lands. Finally, we predicted 

the mean RBR value in each fire by ownership type (private industrial versus other) in each of the 

four major ecoregions after accounting for the mean value of our eight other predictors in our 

models using the AICcmodavg package (Mazerolle, 2023).   

 

2.4 RESULTS 

2.4.1 Across the study region, what are the most prominent drivers of fire severity? 

Our analysis of large fires across the entire study area (Figure 2.1) indicates that fire severity (as 

measured by RBR) was generally highest in forests with greater pre-fire canopy cover and on steep 

gradient slopes and ridges (Figure 2.3, Table 2.2). Fire severity was reduced with increasing time 

since pre-fire disturbance such as insect and drought stress, harvest, or fire; it was higher on larger 

fire growth days and on days with extreme fire weather. On average, higher elevation forests were 

associated with greater fire severity, though our model results indicate a bimodal distribution of 

elevation coefficients with reduced severity at the highest elevations. Though our results suggest an 

average negligible effect of heat load on fire severity, coefficients were also bimodally distributed 

around zero.  
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Figure 2.3. Effect of pre-fire forest structure, topography, disturbance history, fire progression, 
and fire weather on fire severity (RBR) in all study fires (n = 384). Points are symbolized by 
forest zone (color), statistical significance of the coefficient (transparency), and fire size (point 
size). Violin plots display the distribution of statistically significant coefficients only. See Figure 
2.2, Table 2.1. Predictor datasets used for statistical modeling of burn severity (RBR). for full 
predictor information. ECa: Eastern Cascades; KlaSCa: Klamath and Southern Cascades; Sierra: 
Sierra Nevada; WCaCoa: Western Cascades and Coastal. TPI: Topographic position index. 
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Table 2.2. Mean standardized effect of 7 predictor variables on fire severity across the entire 
study area (n = 384 fires) and by dominant ecoregion: Western Cascades and Coastal fires 
(WCaCoa, n = 72), Eastern Cascades fires (ECa, n = 89), Klamath and Southern Cascades fires 
(KlaSCa, n = 112), and Sierra Nevada (n = 111). Means are calculated from the effect sizes of 
statistically significant (p < 0.05) model coefficients only; the number of statistically significant 
coefficients for a given predictor is listed in parentheses (i.e., out of 89 models run for 89 fires 
in the Eastern Cascades, canopy cover was a statistically significant predictor in 74 models with 
a mean standardized effect of 34.61). Positive mean coefficients indicate that as severity 
increases, the predictor also increases; negative coefficients indicate that severity decreases as 
the predictor increases. Larger coefficients (greater magnitude, positive or negative) indicate 
stronger influences on severity. 

 All fires  
(384 fires) 

  WCaCoa  
  (72 fires) 

ECa  
(89 fires) 

KlaSCa  
(112 fires) 

Sierra  
(111 fires) 

Canopy cover 23.18   (254)    25.91   (43) 34.61  (74) 12.89   (69) 19.44  (68) 

Elevation 19.66   (164)    25.98   (35) 32.64  (29) 21.32   (55) 4.36    (45) 
Heat load -0.40   (175)    2.03     (28) -9.52   (37) 1.73     (56) 2.38    (54) 
Weather 12.75   (50)    10.69   (14) 20.36  (10) 11.43   (12) 10.49  (14) 

Fire growth 8.78     (62)    13.34   (10) -0.58  (14) 12.57   (18) 9.64    (20) 
Time since disturbance -7.23   (177)    -3.66    (31) -2.38  (42) -13.71  (68) -3.73   (36) 

TPI 20.49  (243)    22.42   (53) 15.61  (43) 21.77   (81) 20.55  (66) 
 

Model results within each of our four ecoregions suggest similar importance of drivers as those 

of our entire study area, with some key differences (Table 2.2). Based on mean standardized effect 

values, fire severity in WCaCoa forests was generally higher with greater pre-fire canopy cover, at 

higher elevations, and along upper slopes and ridges. Fire severity in this region also increased under 

more severe fire weather, on greater fire growth days, and with increasing heat load, though the 

effects of the latter are less pronounced. Fire severity in WCaCoa forests increased following recent 

disturbance on average, but the effect was more marginal relative to other drivers. In ECa forests, 

model results suggest that increased fire severity was primarily driven by greater pre-fire canopy 

cover, higher elevation, and to a slightly lesser extent, severe fire weather. Fire severity in ECa 

forests generally increased along upper slopes and ridges with greater TPI values, but was generally 
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lower in areas of higher high load index values. The mean effect of fire growth and time since the 

most recent disturbance on fire severity were marginally negative. In the KlaSCa forests, fire severity 

was primarily driven by and positively associated with elevation and TPI. Fire severity in the KlaSCa 

increased to a lesser extent with greater fire growth, under more extreme fire weather, and with 

greater pre-fire canopy cover; fire severity also increased in areas that had been recently disturbed. In 

the Sierra, fire severity increased with greater pre-fire canopy cover and TPI. Fire weather and fire 

growth were the next most prominent drivers of fire severity.  Effects of elevation, heat load, and 

time since the most recent disturbance were less pronounced. 

2.4.2 Do drivers of fire severity differ between intensively managed systems and federal public 

lands? 

Drivers of fire severity on private industrial lands were similar to those on federal non-

wilderness land across the 49 fires containing both ownership designations (Table 2.3, Appendix A, 

Figure 2.8). Generally, pre-fire canopy cover was an important predictor of fire severity across both 

land ownership designations but had a much larger effect on private industrial lands than on federal 

non-wilderness lands (mean effect of 40.02 versus 23.45, respectively).  Fire severity also increased 

on large fire growth days, under extreme fire weather, and with greater TPI values on both land 

ownership designations with similar mean effect sizes. Although the mean effect of elevation on fire 

severity varied widely between private industrial land and federal non-wilderness land, the 

distribution of coefficients on both land ownership designations were quite broad, and the 

difference in means was not statistically significant. Fire severity generally increased in areas that had 

been recently disturbed on both ownership types, but the mean effect was greater on federal non-

wilderness land than private industrial land.  
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Table 2.3. Mean standardized effect of 7 predictor variables on fire severity across fires 
containing both private industrial and federal non-wilderness land (n = 49). Models were 
constructed and are presented by land ownership designation. Means are calculated from the 
effect sizes of statistically significant (p < 0.05) model coefficients only; number of statistically 
significant coefficients for a given predictor is listed in parentheses. Predictors listed with an 
asterisk (*) are statistically significantly different (p < 0.05) between Private Industrial and 
Federal Non-Wilderness land per Mann-Whitney-Wilcoxon tests. 

 Private  
Industrial (49 fires) 

Federal Non-Wilderness  
(49 fires) 

Canopy cover* 40.02   (39) 23.45   (32) 

Elevation -5.65   (16) 19.21   (20) 
Heat load -0.8     (15) 1.36     (17) 
Weather 15.95  (10) 18.82   (11) 
Fire growth 23.81  (12) 20.44   (13) 
Time since disturbance* -0.22   (13) -6.81    (25) 

TPI 23.44  (35) 25.31   (34) 
 

Of the 49 fires that contained both private industrial and federal non-wilderness designations, 

our models revealed that, on average, land ownership had a stronger effect on fire severity relative to 

all other predictors (Figure 2.4, Table 2.4). Pre-fire canopy cover was the second most important 

predictor in our models, and was statistically significant in 37 of 49 fires. Differences between the 

mean effect of canopy cover and the mean effect of land ownership were not statistically significant.  
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Figure 2.4. Effect of pre-fire forest structure, topography, disturbance history, fire progression, 
fire weather, and land ownership on fire severity (RBR) on private industrial and federal non-
wilderness land in fires containing both ownership types (n = 49). Landowner was incorporated 
as a binary categorical variable where private industrial land was coded as 1, and federal public 
lands were coded as 0. Points are symbolized by forest zone (color), statistical significance of 
the coefficient (transparency), and fire size (point size). Violin plots indicate the distribution of 
statistically significant coefficients only. See Figure 2.2, Table 2.1 for full predictor information. 
ECa: Eastern Cascades; KlaSCa: Klamath and Southern Cascades; Sierra: Sierra Nevada; 
WCaCoa: Western Cascades and Coastal. TPI: Topographic position index. 
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Table 2.4. Mean standardized effect of 8 predictor variables on fire severity across fires 
containing both private industrial and federal non-wilderness land (n = 49). Means are 
calculated from the effect sizes of statistically significant (p < 0.05) model coefficients only; 
number of statistically significant coefficients for a given predictor is listed in parentheses. 

 
Private Industrial and  
Federal Non-Wilderness 
(49 fires) 

Canopy cover 30.09   (37) 

Elevation 2.11     (23) 
Heat load -1.92   (25) 
Landowner 31.92   (16) 
Weather 11.57   (10) 
Fire growth 17.36   (12) 
Time since disturbance -2.28   (27) 

TPI 2.47    (40) 
 

2.4.3 Is private industrial forestry associated with higher fire severity? 

Across the study area, land ownership was generally the most important predictor of fire 

severity in 74 models containing private industrial land, but was closely followed by pre-fire canopy 

cover (Figure 2.5, Table 2.5). By region, land ownership was also the most important predictor of 

fire severity in Sierra and KlaSCa forests, though in the latter, differences between the effects of land 

ownership, canopy cover, fire growth, and TPI were not statistically significant. In WCaCoa forests, 

canopy cover was the most important predictor of fire severity, followed by land ownership. In ECa 

forests, elevation was the most important predictor of severity, followed by land ownership, but 

both predictors were only statistically significant in a single model for the ecoregion. After 

accounting for mean pre-fire forest structure, topography, fire weather, and disturbance history in 

each fire, predicted mean fire severity (as measured by RBR) was generally higher on private 

industrial land than other land ownership designations in KlaSCa, Sierra, and WCaCoa forests 
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(Figure 2.6, Table 2.6). Predicted mean fire severity was generally lower on private industrial lands in 

ECa forests (Figure 2.6, Table 2.6). 

 

Figure 2.5. Effect of pre-fire forest structure, topography, disturbance history, fire progression, 
fire weather, and land ownership on fire severity (RBR) in fires containing private industrial 
land ownership (n = 74). Landowner was incorporated as a binary categorical variable where 
private industrial land was coded as 1, and all other ownership types were coded as 0. Points are 
symbolized by forest zone (color), statistical significance of the coefficient (transparency), and 
fire size (point size). Violin plots indicate the distribution of statistically significant coefficients 
only. See Figure 2.2, Table 2.1 for full predictor information. ECa: Eastern Cascades; KlaSCa: 
Klamath and Southern Cascades; Sierra: Sierra Nevada; WCaCoa: Western Cascades and 
Coastal. TPI: Topographic position index. 
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Table 2.5. Mean standardized effect of 8 predictor variables on fire severity in fires containing 
private industrial ownership (n = 74 fires) across the entire study area and by dominant 
ecoregion: Western Cascades and Coastal fires (WCaCoa, n = 11), Eastern Cascades fires (ECa, 
n = 7), Klamath and Southern Cascades fires (KlaSCa, n = 36), and Sierra Nevada (n = 20). 
Means are calculated from the effect sizes of statistically significant (p < 0.05) model 
coefficients only; number of statistically significant coefficients for a given predictor is listed in 
parentheses. 

 All fires  
(74 fires) 

  WCaCoa  
  (11 fires) 

ECa  
(7 fires) 

KlaSCa  
(36 fires) 

Sierra  
(20 fires) 

Canopy cover 25.74   (55)   37.32    (9)  22.58   (7) 21.53    (24) 27.00   (15) 

Elevation 11.03   (31)   12.19   (5)  45.44   (1) 11.95    (16) 4.91    (9) 
Heat load -0.63   (42)   6.61     (6) -10.24   (5) -2.68    (20) 3.52    (11) 
Landowner 27.80  (26)   21.58   (4)  38.91   (1) 21.64   (14) 42.11  (7) 
Weather 11.20  (21)   11.02   (6)  16.72   (2) 8.95     (9) 13.79  (4) 
Fire growth 9.58    (20)   3.62     (6) -11.38   (2) 19.6     (8) 8.92    (4) 
Time since disturbance -5.35  (40)   -0.84   (10)  2.31     (4) -12.69  (18) 1.68    (8) 

TPI 20.71  (61)   20.68  (10)  11.81   (6) 19.67   (30) 26.36  (15) 
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Figure 2.6. Predicted mean fire severity (RBR) by landowner and dominant ecoregion after 
accounting for pre-fire forest structure, topography, fire weather, and disturbance history within 
each fire. Each dot represents predicted mean RBR value for a given fire. ECa: Eastern 
Cascades; KlaSCa: Klamath and Southern Cascades; Sierra: Sierra Nevada; WCaCoa: Western 
Cascades and Coastal. TPI: Topographic position index. 

Table 2.6. Predicted mean fire severity (RBR) by landowner and dominant ecoregion after 
accounting for pre-fire forest structure, topography, fire weather, and disturbance history within 
each fire.  

 WCaCoa  
(11 fires) 

ECa  
(7 fires) 

KlaSCa  
(36 fires) 

Sierra  
(20 fires) 

Private Industrial 187.48 197.28 199.25 224.18 
Other 181.72 205.84 187.04 199.39 
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2.5 DISCUSSION 

This study evaluated drivers of fire severity in the context of land ownership designation, forest 

canopy cover, topography, fire growth and weather, and past disturbances across four major 

forested ecoregions in California, Oregon, and Washington. We first examined drivers of fire 

severity at the individual fire level (one model per fire) using consistent, standardized, and directly 

comparable generalized least squares estimators that used the same set of predictors for each fire. 

We analyzed fire severity as a function of fire growth and daily weather, topography, pre-fire forest 

structure, disturbance history, and land ownership in each fire. We then evaluated model coefficients 

across all fires – focusing on the mean effect of each predictor – across our full study area as well as 

the four ecoregions within it: Western Cascades and Coastal, Eastern Cascades, Klamath and 

Southern Cascades, and Sierra Nevada forests. We used this hierarchical modeling framework to 

assess general drivers of fire severity across our study system (hereinafter, general system behavior).  

Across our study area, land ownership designation was generally the most important predictor 

of fire severity, but bottom-up controls associated with pre-fire forest structure and topography 

were also important, consistent with previous studies (Cansler et al., 2022; Harris and Taylor, 2017; 

Lydersen et al., 2017; Prichard and Kennedy, 2014; Zald and Dunn, 2018). In mixed-ownership 

fires, the relative importance of fire severity drivers between private industrial land and federal 

public lands was quite similar, though pre-fire canopy cover was generally a more important 

predictor of fire severity on private industrial than on public lands. After accounting for topography, 

fire growth and fire weather, pre-fire forest structure, and disturbance history in each fire, we found 

that private industrial land ownership was generally associated with higher fire severity than all other 

ownership designations in the Western Cascades and Coastal, Klamath and Southern Cascades, and 

Sierra Nevada ecoregions but was associated with lower fire severity in the Eastern Cascades. Our 
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results suggest that across our study area, ownership designation as a proxy for general management 

practices is a strong predictor of fire severity, but differences in biomass productivity, forest 

dynamics, and variations in other prominent drivers across ownerships interact with management 

activities to govern fire effects.  

2.5.3 Across the study region, what are the most prominent drivers of fire severity? 

When modeled at the individual fire level, bottom-up influences associated with pre-fire forest 

structure and topography were generally more important to fire severity than top-down controls of 

fire growth and fire weather. Weather exerts an important influence on fire severity and was a 

dominant control in numerous previous studies within our study area (Evers et al., 2022; Lydersen et 

al., 2017; Zald and Dunn, 2018). While our results indicate that fire severity was indeed generally 

higher under more extreme weather conditions, the effect of weather was not as pronounced as the 

effect of pre-fire canopy cover, elevation, and TPI. Bottom-up drivers may mitigate top-down 

influences on fire severity, even under extreme fire weather conditions (Lydersen et al., 2017; 

Prichard et al., 2020). However, it is generally recognized that extreme weather such as hot, dry 

conditions combined with extreme wind events can ‘override’ bottom-up controls of fuels and 

topography on resultant fire severity (Graham, 2003; Lydersen et al., 2014; Thompson and Spies, 

2010). Across our individual model results, fire weather was rarely more important than bottom-up 

controls in any ecoregion. While previous studies have shown that pre-fire forest structure, 

topography, and elevation are indeed important influences on fire severity (Birch et al., 2015; Dillon 

et al., 2011; Kane et al., 2015; Lydersen et al., 2017), the synoptic nature of fire weather combined 

with the spatial coarseness of available data confounds the interpretation of our results and may 

have resulted in its relatively lower effect size in our models. Particularly in ecoregions with climate-

limited large wildfires such as the Western Cascades and Coastal forests, extreme weather is 
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frequently attributed as a dominant driver of fire behavior in studies employing regional-scale 

models (Evers et al., 2022; Reilly et al., 2022). We recognize that while our results indicate that 

bottom-up controls generally have larger impacts on fire severity relative to weather across our study 

area, these relationships were revealed with models constructed at the individual fire level, and 

should not be interpreted as fire weather being unimportant.  

It is important to note that this study evaluates general system behavior and presents results 

through the lens of the relative importance of fire severity drivers across the study area – that is, the 

goal of our models is not to identify an ideal ‘recipe’ for predicting fire severity. Rather, our 

hierarchical modeling approach aims to elucidate mean responses and general relationships between 

consistent (and therefore directly comparable) predictor variables. Across the study area, we found 

that individual fires had their own unique ecological signatures, and efforts to cluster fires into 

groups based on the importance of their predictors were not successful. We recognize that the final 

chosen model for each fire could never be the most parsimonious model for every fire – this is 

evident by the wide range of predictors used across numerous previous analyses of fire severity. For 

example, average daily temperature was the most important weather variable driving fire severity in 

the 2002 Biscuit Fire (Thompson and Spies, 2009), while wind speed was the most important 

weather variable driving severity in the northern Carlton Complex fire of 2014 (Prichard et al., 

2020).  

2.5.4 Do drivers of fire severity differ between intensively managed systems and federal public 

lands? 

The relative importance of fire severity drivers was generally similar between intensively 

managed private industrial and federal public lands. In both ownerships, fire severity increased with 

greater pre-fire canopy cover, with higher topographic positions, and with more extreme weather 
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and on greater fire growth days. Across much of our study area, overall canopy cover on private 

industrial land was comparable to that of federal land (Appendix A, Figure 2.9, Table 2.8). Yet the 

mean effect of canopy cover – an important driver on both ownerships – was significantly greater 

on private industrial land than on federal public lands, and landowner designation was generally the 

most important predictor of fire severity in our pooled private industrial-versus-federal models. 

These results suggest that differences in underlying forest structure by landowner significantly 

influence fire severity.  

Multiple mechanisms may explain these differences. Private industrial forests in our study area 

were generally dominated by younger trees (Appendix A, Figure 2.10), which may be more 

susceptible to fire-induced tree mortality due to their thin bark and lower crown base heights (Dunn 

and Bailey, 2016; Stephens and Moghaddas, 2005). In sites where logging residues were not treated 

either through removal or broadcast burning, surface fuels may also be an important contributor to 

severe fire effects on plantations where fuels-reducing site preparations have not occurred and 

surface fire intensity is enough to initiate crown fire (Lyons-Tinsley and Peterson, 2012). Once fire 

has entered the canopy, homogenous, even-aged forest structure associated with high-yield timber 

production can enable rapid spread and severe fire effects due to dense canopy connectivity (Duane 

et al., 2021; Kim et al., 2016; Ritter et al., 2020). Recent studies have likewise suggested that dense 

horizontal connectivity of fuels can facilitate high surface-to-canopy vertical heat transfer, resulting 

in large tree consumption and mortality even where ladder fuel loading is relatively low (Ritter et al., 

2023).  

By contrast, forests on federal public lands in our study area tended to be older (Appendix A, 

Figure 2.10) in absence of recent disturbance (Appendix A, Figure 2.11), with likely greater 

variability in tree size and forest structure relative to intensively managed private lands (Griffey et al., 
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2021). Multi-layered canopies associated with these forests – particularly in fire-excluded, fire-prone 

systems with dense fuel accumulations – are certainly susceptible to high severity fire (Hessburg et 

al., 2015; Mallek et al., 2013; Parks et al., 2018a). However, pre-fire canopy cover on federal public 

lands may have been a less prominent driver of severity than on private lands due to relatively reduced 

canopy connectivity, greater variation in tree age classes, and overall greater structural complexity 

(Becerril Salas, 2021; Griffey et al., 2021). While pre-fire canopy cover was an important driver of 

severity on public lands, variables associated with weather and topography were similarly important 

(Table 2.3). On private industrial lands, canopy cover was significantly more important than other 

drivers. 

2.5.5 Is private industrial forestry associated with higher fire severity? 

Land ownership was, on average, the most influential predictor of fire severity when measured 

as a fixed effect in fires containing private industrial land across the study area. Observed fire 

severity on private industrial lands (as measured by RBR) was marginally higher than other land 

ownership designations across much of our study area (Figure 2.7). However, after accounting for 

pre-fire forest structure, fire weather, topography, and disturbance history in each fire, intensively 

managed private forests were associated with overall higher predicted fire severity in Klamath and 

Southern Cascade forests, Western Cascades and Coastal forests, and the Sierra Nevada, but was 

associated with lower predicted fire severity in the Eastern Cascades. Our results suggest that 

variations in other important drivers of fire severity across land ownership designations interact with 

general landowner activities (i.e., management regimes) to influence post-fire outcomes. 
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Figure 2.7. Distribution of fire severity (RBR) by major land ownership designation across 
ecoregions of the study area. 

Our use of land ownership as proxy for management enables broad inferences on likely forest 

conditions informed by previous studies (Becerril Salas, 2021; Chamberlain et al., 2023; Griffey et al., 

2021), but it is important to acknowledge that our study does not incorporate explicit measurements 

and metrics of surface, ladder, and canopy fuel biomass and structure, which greatly influence fire 

severity (Cansler et al., 2022; Kobziar et al., 2009; Prichard and Kennedy, 2014). However, observed 

differences in canopy cover and time since disturbance across landowner designations – combined 

with overall differences in biomass productivity – may explain variations in our results across 

ecoregions where explicit fuel information is not available.  
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For example, in the Western Cascades and Coastal ecoregion, private industrial forests 

associated with higher predicted fire severity had generally high canopy cover (Appendix A, Figure 

2.9) despite their relatively young stand ages after recent harvest across much of the ecoregion 

(Appendix A, Figure 2.10). Forests in this moist region are highly productive, and private industrial 

lands emphasizing timber yield may be particularly susceptible to high severity fire with their dense 

single-cohort fuel structures dominated by age classes younger than 60 years (Schillinger et al., 2003).  

While dense, shaded canopy cover can facilitate microclimates that maintain moist understory fuels 

(Agee and Skinner, 2005), decreased precipitation associated with seasonally dry summers and 

drought can overwhelm these effects, leading to a negligible effect of canopy shading on moderating 

fire behavior during periods of high fire danger (Bigelow and North, 2012; Estes et al., 2012). 

Federal forests of this ecoregion, by contrast, had similar levels of canopy cover but were overall 

much older, with likely greater heterogeneity in horizontal and vertical fuel structure due to natural 

regeneration processes and stand development (Donato et al., 2012; Franklin et al., 2002). Larger, 

mature trees within these older forests may additionally be important influences on fire severity with 

their relatively fire-resistant, thick bark and higher canopy base heights compared to younger, 

smaller trees (Peterson and Ryan, 1986). 

Likewise, private industrial lands associated with greater predicted fire severity in both the 

Klamath and Southern Cascades and Sierra Nevada ecoregions had generally high canopy cover 

(Appendix A, Figure 2.9). While these fire-prone forests are generally less productive than moist 

Western Cascades and Coastal forests, private industrial forests in these regions also tended to be 

relatively older prior to wildfire (Appendix A, Table 2.8), likely enabling enhanced canopy 

connectivity and fuel continuity associated with high severity fire effects (Ritter et al., 2023). 
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By contrast, private industrial land in the Eastern Cascades – associated with lower predicted 

fire severity relative to other landowner designations – was dominated by young forests but had 

generally lower canopy cover compared to all other landowner designations in the region (Figure 2.9, 

Table 2.8). Eastern Cascade forests are generally lower productivity relative to other ecoregions 

within our study area, and private industrial forests concentrated at lower to mid-elevations may be 

slower to accumulate biomass and reach canopy closure following harvest, likely resulting in lower 

resultant fire severity (Hungerford et al., 1991). This differs from likely conditions present on much 

of the federal lands throughout the ecoregion, where legacies of fire exclusion and greater 

disturbance-free intervals have resulted in profound departures in forest structure and accumulation 

of fuels associated with widespread tree mortality (Hagmann et al., 2021).  

Differences in site-preparation and management of post-harvest surface fuels on private 

industrial forest lands may additionally explain variations in predicted severity across ecoregions. For 

example, logging slash left behind after harvest can result in higher fire severity than adjacent forests 

that have higher pre-fire fuel loads but greater heterogeneity in fuel distribution (Lyons-Tinsley and 

Peterson, 2012; Stone et al., 2004). By contrast, site preparations such as soil scarification in 

frequent-fire young plantations can reduce subsequent fire severity years after the initial treatment 

occurred (Lezberg et al., 2008). Without explicit and consistent information on past management 

activities and fuel treatments, the exact mechanisms driving differences in predicted severity across 

ownership designations and ecoregions remains unclear.  

2.5.6 Limitations and Considerations 

Our study represents, to our knowledge, the most robust assessment of how landowner 

designation interacts with fuels, topography, and weather to influence fire severity. However, it is 

important to recognize key limitations of our study. Broad categories of landowner designation types 
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are helpful for describing general management regimes and landowner behavior (Barros et al., 2021), 

but landowners are not a monolith, and individual landowner actions may have discrete impacts on 

fire behavior and effects. Landowner designation alone cannot discern differences in management 

activities (i.e., site preparation, partial thinning, pile burning, broadcast burning, fuel treatments, 

etc.), which can influence resultant fire severity (Cansler et al., 2022; Kobziar et al., 2009; Lezberg et 

al., 2008; Lyons-Tinsley and Peterson, 2012; Prichard and Kennedy, 2014). Additionally, while we 

found that private industrial forest ownership was associated with higher fire severity relative to 

other ownerships across much of our study area, this should not be interpreted as a blanket criticism 

of management practices on all private industrial lands, nor an endorsement of all forest 

management practices in non-private industrial agencies. Particularly in fire-prone federal forests, 

legacies of fire exclusion and curtailment of Indigenous stewardship have resulted in forests 

profoundly departed from their historical conditions (Hagmann et al., 2021), and a vast increase in 

the pace and scale of fuel treatments is needed to restore forests to more resilient conditions (North 

et al., 2015a, 2021). Regardless of landowner designation, thinning combined with surface fuel 

reduction treatments are a long-recognized mean of reducing fire severity and moderating fire 

behavior at stand scales in fire-prone forests (Brodie et al., 2024; Davis et al., 2024; Lydersen et al., 

2017). 

There are additional limitations inherent to remote sensing-based analyses that apply to this 

study. While Landsat-derived methods are widely used and well-established for estimating fire 

severity and forest change, coarse-scale satellite imagery is most likely to detect forest conditions and 

fire-induced changes in the uppermost strata of vegetation when traditional NBR-derived severity 

indices are employed (Hoy et al., 2008; Zhu et al., 2006). In forests, this implies that remotely sensed 

measurements of fire severity most likely reflect fire effects on tree crowns, especially in denser 
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forests where subcanopy fuels and substrates may be obstructed. Additionally, our use of Landsat-

derived predictor datasets such as GNN and LCMS do not explicitly capture information on surface 

and ladder fuels, which strongly influence fire behavior and effects (Agee and Skinner, 2005). Lastly, 

our methods used to calculate satellite-derived fire severity rely on imagery collected one year post-

fire, following established methods applied consistently across our fires (Howe et al., 2022; Parks et 

al., 2018b). However, we recognize that post-fire tree mortality may temporally vary between 

immediate post-fire salvage and delayed mortality several years following fire, and new methods are 

emerging to quantify this (Filip et al., 2007; Reilly et al., 2023). 

2.5.7 Management Implications 

Understanding how land ownership influences fire severity is particularly important in today’s 

fire environment, where recent trends in increasing frequency and extent of wildfires (Cova et al., 

2023; Dennison et al., 2014; Parks and Abatzoglou, 2020) could reasonably increase the likelihood of 

fires burning over complex, multi-owner landscapes. This study demonstrates a strong influence of 

bottom-up controls such as pre-fire forest structure on fire severity, and provides evidence that 

private industrial land ownership is often associated with higher fire severity, consistent with 

previous studies in the southern Oregon Cascades of a single fire event (Zald and Dunn, 2018) and 

Sierra Nevada (Levine et al., 2022). These findings have important implications for fire governance 

strategies that aim to increase both social and ecological resilience across landscapes.  

Fire-prone landscapes of western North America often consist of multiple landowners with 

competing goals, practices, and policies (Miller et al., 2022). Despite increasingly large and severe 

wildfires that do not adhere to administrative boundaries, wildfire governance systems reinforce the 

behavior of individual landowners that prioritize short-term risk aversion at the expense of needed 

treatments to mitigate long-term fire risk (Fischer et al., 2016). For example, concerns about 
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property losses, public safety, and liability may result in an individual landowner being less likely to 

conduct needed prescribed burns or other fuel reduction treatments and instead rely on risk 

reduction activities of nearby landowners or agencies (Busby and Albers, 2010). Our results inform 

these perceptions on sources of risk in multi-owner landscapes and underscore the importance of 

landowner behavior in driving post-fire effects. Cohesive management strategies that involve 

collaborations across ownerships and prioritize long-term perspectives on forest and fire 

management are needed to improve social and ecological wildfire outcomes (Essen et al., 2023; 

Fischer et al., 2016; McCaffrey, 2004). More work is needed to develop and understand the impact 

of alternative management practices that meet owner-specific objectives while improving 

socioecological resilience at broader landscape scales.  

 

2.6 CONCLUSION 

Overall, landowner designation was the most important predictor of fire severity across our 

study area, and bottom-up controls including pre-fire canopy cover interacted with landowner 

management regimes to govern fire effects. Private industrial land ownership was associated with 

higher fire severity relative to other ownerships where industrial forests had reached greater canopy 

closure, but was associated with lower fire severity relative to other landowners where industrial 

forests had more open canopies and likely lower surface fuel accumulations and greater within-stand 

spatial heterogeneity. Our findings expand upon insightful but limited previous studies that found 

private industrial forestry to be associated with higher fire severity in the Klamath Mountains and 

Sierra Nevada (Levine et al., 2022; Zald and Dunn, 2018), and have important implications for forest 

management in multi-owner landscapes. Specifically, cohesive management strategies that prioritize 
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shared governance, long-term perspectives on forest management, and collaborations across 

landowners are needed to improve social and ecological wildfire outcomes.
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2.7 APPENDIX A: SUPPLEMENTARY MATERIAL 

Table 2.7. Predictor variables gathered and initially considered for models. Variable selection 
was completed through an iterative process based on predictor collinearity, accuracy 
assessments of predictors (where available), preliminary analysis of test models for a 
representative set of 15 fires, and ecological interpretability of predictors. TPI is topographic 
position index. Predictors with an asterisk (*) were retained in final models. Table continues on 
next page. 

Datasets considered for model selection 

Predictor Category Source Resolution 

TPI fine - 270 m Topography (Evans and Murphy, 2021) 30 m 

TPI moderate - 990 m* Topography (Evans and Murphy, 2021) 30 m 

TPI coarse - 2070 m Topography (Evans and Murphy, 2021) 30 m 

Slope Topography (Farr et al., 2007; Gorelick et al., 
2017) 

30 m 

Aspect Topography (Farr et al., 2007; Gorelick et al., 
2017) 

30 m 

Elevation* Topography (Farr et al., 2007; Gorelick et al., 
2017) 

30 m 

Heat load index* Topography (Evans and Murphy, 2021) 30 m 

Stand age of dominant trees Forest Structure (Ohmann and Gregory, 2002) 30 m 

Stand age of dominant trees - no 
remnant trees 

Forest Structure (Ohmann and Gregory, 2002) 30 m 

Proportional basal area of live 
conifers  

Forest Structure (Ohmann and Gregory, 2002) 30 m 

Component Ratio Method 
biomass of live trees 

Forest Structure (Ohmann and Gregory, 2002) 30 m 

Canopy cover* Forest Structure (Ohmann and Gregory, 2002) 30 m 

Canopy cover - conifers  Forest Structure (Ohmann and Gregory, 2002) 30 m 

Diameter diversity index Forest Structure (Ohmann and Gregory, 2002) 30 m 

Downed wood volume Forest Structure (Ohmann and Gregory, 2002) 30 m 

Old growth structural index Forest Structure (Ohmann and Gregory, 2002) 30 m 

Snag volume Forest Structure (Ohmann and Gregory, 2002) 30 m 
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Magnitude of most recent 
disturbance 

Forest Structure (Healey et al., 2018) 30 m 

Time since most recent 
disturbance* 

Forest Structure (Healey et al., 2018) 30 m 

Most recent disturbance type Forest Structure (Healey et al., 2018) 30 m 

Fire growth* Weather (Parks, 2014) 30 m 

Wind velocity Weather (Abatzoglou, 2013) 4km, downscaled 
to 30 m 

Vapor pressure deficit Weather (Abatzoglou, 2013) 4km, downscaled 
to 30 m 

Maximum temperature Weather (Abatzoglou, 2013) 4km, downscaled 
to 30 m 

Minimum relative humidity Weather (Abatzoglou, 2013) 4km, downscaled 
to 30 m 

100-hr fuel moisture Weather (Abatzoglou, 2013) 4km, downscaled 
to 30 m 

1000-hr fuel moisture Weather (Abatzoglou, 2013) 4km, downscaled 
to 30 m 

Energy resource component  Weather (Abatzoglou, 2013) 4km, downscaled 
to 30 m 

Burning index* Weather (Abatzoglou, 2013) 4km, downscaled 
to 30 m 
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Table 2.8. Median and standard deviation (in italicized parentheses) of predictors by ecoregion 
and dominant land ownership designation in our study area. Units for each predictor are given 
in parentheses except where units are index values (heat load index, weather - burning index, 
and TPI - topographic position index). Table continues on next page. 

WCaCoa 

   Fed Non-Wild Fed Wild & Res Other Priv Indus 

Canopy cover (%)  77.96 (16.84) 79.85 (16.67) 59.43 (20.27) 72.64 (28.61) 

Elevation (m)  795.11 (364.31) 1086.13 (440.26) 465.11 (418.78) 718.83 (232.57) 
Heat load  0.71 (0.17) 0.72 (0.19) 0.71 (0.15) 0.72 (0.17) 
Weather  62.00 (18.61) 52.58 (15.81) 59.93 (15.27) 60.27 (16.20) 
Fire Growth (ha)  16365.24 (14488.10) 1555.65  (10527.27) 6725.88  (16122.80) 22737.60 (12185.33) 
Time Since (years)  100.46 (88.22) 153.24 (94.51) 64.61 (52.65) 20.00 (53.24) 

TPI  0.54 (34.56) -0.08 (39.37) -0.70 (28.12) 1.17 (34.78) 
ECa 

   Fed Non-Wild Fed Wild & Res Other Priv Indus 

Canopy cover (%)  50.55 (20.96) 62.33 (20.12) 44.69 (23.90) 36.22 (15.10) 

Elevation (m)  1198.11 (301.36) 1546.43 (355.87) 1086.07  (320.58) 1175.86 (158.46) 

Heat load  0.67 (0.17) 0.68 (0.19) 0.66 (0.13) 0.70 (0.10) 

Weather  53.32 (12.35) 51.00 (10.58) 55.00 (11.90) 55.31 (11.45) 

Fire Growth (ha)  1358.37 (11939.61) 1117.80  (3091.59) 1617.30 (10790.42) 4951.98  (13583.93) 

Time Since (years)  84.08 (54.58) 104.80 (66.78) 80.37 (53.31) 38.33 (35.47) 

TPI  0.83 (32.80) -2.04 (35.62) -0.67 (25.01) -0.12 (14.98) 
KlaSCa 

   Fed Non-Wild Fed Wild & Res Other Priv Indus 

Canopy cover (%)  71.31 (18.94) 71.57 (20.04) 59.87 (20.57) 69.57 (19.60) 

Elevation (m)  997.97 (343.03) 1085.92 (416.49) 770.98 (334.40) 1026.30 (369.02) 

Heat load  0.75 (0.18) 0.74 (0.18) 0.72 (0.16) 0.74 (0.17) 

Weather  56.00 (12.64) 55.50 (12.71) 56.14 (10.38) 58.00 (10.27) 

Fire Growth (ha)  2972.34 (14345.45) 2094.48 (10495.96) 4962.42 (14053.59) 2517.57 (11106.67) 

Time Since (years)  27.00 (72.01) 18.00 (80.78) 19.00 (50.30) 29.00 (58.21) 

TPI  1.45 (37.80) 0.19 (40.60) -0.95 (30.94) 0.17 (35.91) 
Sierra 

   Fed Non-Wild Fed Wild & Res Other Priv Indus 

Canopy cover (%)  55.87 (19.44) 50.37 (19.46) 45.08 (19.31) 62.73 (19.94) 
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Elevation (m) 1579.03 (522.81) 2164.83 (367.94) 662.96 (510.21) 1449.94 (333.47) 

Heat load 0.78 (0.16) 0.80 (0.14) 0.77 (0.13) 0.77 (0.12) 

Weather 63.95 (14.95) 59.00 (12.35) 72.02 (26.02) 69.65 (22.32) 

Fire Growth (ha) 2499.48 (5762.25) 1041.12 (3171.66) 7795.53 (12182.23) 3187.98 (8932.63) 

Time Since (years) 66.73 (59.69) 22.00 (77.73) 69.66 (39.96) 39.39 (55.37) 

TPI -0.16 (34.48) -1.46 (31.78) -0.83 (27.11) 1.12 (25.45) 
 

 

 

Figure 2.8. Effect of pre-fire forest structure, topography, disturbance history, fire progression, 
and fire weather on fire severity (RBR) across fires containing both private industrial and federal 
non-wilderness land (n = 49). Models were constructed and are presented by land ownership 
designation. Points are symbolized by forest zone (color) and statistical significance of the 
coefficient (transparency). Violin plots indicate the distribution of statistically significant 
coefficients only. See Figure 2.2, Table 2.1 for predictor information. 
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Figure 2.9. Canopy cover by ecoregion and dominant land ownership designation in our study 
area. 
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Figure 2.10. Stand age by dominant land ownership designation. 
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Figure 2.11. Most recent disturbance type by land ownership designation and major ecoregion 
across the study area.  
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CHAPTER 3. IMPLICATIONS OF RECENT WILDFIRES FOR FOREST 

MANAGEMENT ON FEDERAL LANDS IN THE PACIFIC 

NORTHWEST, USA 

3.1 ABSTRACT 

Adoption of the Northwest Forest Plan in 1994 marked a pivotal moment in federal forest 

management in the Pacific Northwest, shifting focus away from intensive timber harvest toward 

ecosystem management that emphasized late-successional forest habitat across nearly 10 million ha 

in Washington, Oregon, and northern California. The primary strategy of the NWFP was the 

creation of a network of conservation reserves to maintain and restore old forest habitat across 

moist and dry forest zones, but effects of climate change and shifting wildfire regimes were not 

directly considered in the initial Plan. Thirty years after its adoption, concerns over recent forest loss 

and fragmentation by wildfires and a changing climate have prompted discussions of Plan revisions, 

but the ecological effects and drivers of recent fires in NWFP forests is not well understood. In this 

study, we evaluated over 2,200 fires that have burned in the NWFP area over the last four decades 

to inform conservation efforts and recommendations for Plan amendments. Using landscape 

metrics and statistical modeling, we quantified patterns and drivers of fire severity across different 

land use allocations and major forest zones within the NWFP. We found that annual area burned 

and mean high severity patch size increased across the entire study area, and historically frequent-fire 

forest types including dry mixed conifer forests, mixed evergreen forests, and pine-oak woodlands 

experienced the most severe wildfire effects. Although moist forest types were less affected by 

wildfire, we observed large-scale erosion of forest cover in late successional reserves. Weather was a 

prominent driver of fire severity across much of the study area, but bottom-up influences including 
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vegetation cover type, topography, and pre-fire forest structure exerted strong bottom-up controls 

outside of large high severity patches. Our results can inform NWFP revisions aimed at integrating 

adaptive management. Potential amendments to the NWFP could include adapting existing reserve 

design and management, expansion of wildland fire use in dry forests, increased pre- and post-fire 

forest restoration activities, and identification of monitoring ‘triggers’ that inform adaptive strategies 

for the conservation of old forests within the Plan area. 

 

3.2 INTRODUCTION 

Globally, forests are changing rapidly as wildfire seasons grow longer and more severe 

(Flannigan et al., 2013; Parks and Abatzoglou, 2020) and forests are further challenged by severe 

drought (Dai, 2013; Swain, 2015), widespread insect outbreaks (Raffa et al., 2008), expansion of the 

wildland urban interface (Radeloff et al., 2018), and resource extraction (Laurance et al., 2000). In 

response to accelerating threats to forests, dominant conservation strategies throughout much of the 

last century aimed to protect mature and old forest habitat through the designation of wilderness 

areas and reserves (Massip, 2020). While reserved areas play a vital role in combating forest losses to 

development and commercial exploitation (Talty et al., 2020), a warming climate and shifting 

disturbance regimes have continued to reshape forest landscapes (Seidl et al., 2017). As climate 

change is expected to amplify existing forest stressors in the coming decades (Abatzoglou et al., 

2021; Cook et al., 2018; Keenan, 2015), there is significant need to assess the role of static reserve 

systems in achieving forest conservation goals (Bengtsson et al., 2003; Hessburg et al., 2021; North 

et al., 2015b). To restore dynamic forest landscapes and adapt them to climate change, implementing 
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proactive and innovative management strategies is key (Prichard et al., 2021; Wildland Fire 

Mitigation and Management Commission, 2023). 

In the Pacific Northwest, the Northwest Forest Plan (hereafter, the NWFP or the Plan) 

specifies the management of federal forests across nearly 10 million ha in Washington, Oregon, and 

northern California. Implementation of the Plan in 1994 marked a pivotal moment following the 

‘timber wars’ – intense conflict between conservation groups and timber companies over the fate of 

remaining old growth forests – and decades of debate about the primary purpose of public land 

management in the region (Johnson et al., 2023; Winkel, 2014). Unprecedented in its geographic 

scale and complexity, the Plan represented the most ambitious forest management, conservation, 

and monitoring effort ever implemented for the US national forest system, and shifted focus away 

from intensive timber harvest toward ecosystem management that emphasized late-successional 

forest habitat for threatened and endangered species (Johnson et al., 2023; Thomas et al., 2006). A 

network of conservation reserves dispersed across both moist and fire-frequent dry forest zones was 

the primary strategy to maintain and restore forest habitat of species such as the northern spotted 

owl (Strix occidentalis caurina) and marbled murrelet (Brachyramphus marmoratum).  

 Across the NWFP, management guidelines and objectives for federal forests are determined by 

a set of land use allocations developed as part of the Plan. A range of management strategies are 

represented across allocations, ranging from Congressional Reserves (lands designated by US 

Congress, including wilderness areas and national parks where active forest management is 

restricted) to Matrix lands (non-reserved forests where the majority of silvicultural and harvest 

activities were expected to occur). Of particular importance to the Plan’s forest conservation strategy 

are forests allocated as Late Successional Reserves (LSRs), where management goals emphasize the 

protection and enhancement of late-successional and old-growth forest conditions to primarily 
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support wildlife habitat connectivity (Johnson et al., 2023). While potential impacts from natural 

disturbances such as wildfire were considered as part of the NWFP’s reserve design – particularly in 

the dry forest zone – the effects of climate change were not directly considered in the initial Plan 

(Gaines et al., 2022; Spies et al., 2019).  

Thirty years after its adoption, the Plan is now being reviewed for updates to address the effects 

of climate change and implement adaptation strategies to better sustain old forests and the cultural 

significance, economic and resource values, habitat, and carbon sequestration they provide (US 

Forest Service, 2023). Concerns surrounding forest loss, fragmentation, and mounting threats from 

climate change and recent wildfires prompted the federal government to issue a recent executive 

order aimed at conserving old and mature forests nationally (Exec. Order 14072, 2022). Following 

this, a Federal Advisory Committee was formed in 2023 to draft recommendations that will be used 

to inform Plan revisions to promote climate change adaptations and wildfire resilience (US Forest 

Service, 2022). 

 Wildfire is currently the driving agent of changing forest conditions across the diverse 

landscapes of the NWFP (Davis et al., 2022, 2015). Increasingly large and severe recent fires have 

rapidly reshaped fire-prone dry forests of the region, consistent with broader trends observed across 

western North America (Cansler and McKenzie, 2014; Cova et al., 2023; Harvey et al., 2016; Parks 

and Abatzoglou, 2020; Reilly et al., 2017; Steel et al., 2018). The unprecedented scale of large, stand-

replacing patches observed within these fires presents critical challenges to the regeneration and 

persistence of future forests, particularly in a warming climate (Coop et al., 2020; Davis et al., 2019). 

Moist forests within the region have likewise recently burned in large and severe fires, though these 

events are generally more consistent with historical fire regimes of the moist forest zone (Reilly et 

al., 2022). 
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It is critical that management efforts aimed at conserving forests – particularly old forests – 

account for the effects of these recent wildfires. This is pertinent across a range of post-fire effects, 

including areas where forest succession across large areas may have been reset by stand-replacing 

events, in areas where forests are maintained through more frequent wildfires with low and mixed 

severity ecological effects (Spies et al., 2006), and in patches of unburned fire refugia (Meddens et al., 

2018b). Analysis of trends and drivers (i.e., fuels, topography, and weather) of wildfire effects on 

forests can be used to inform future conservation and stewardship strategies that consider recent 

forest loss, prioritize stewardship of remaining forests, and anticipate post-fire effects in a future 

with more frequent fire (Abatzoglou et al., 2021; Dye et al., 2024). 

In this study, we evaluated recent wildfires within the NWFP to inform conservation efforts 

and recommendations for Plan amendments. We analyzed satellite burn severity images for over 

2,200 fires that have burned across the region over the last four decades, using landscape metrics 

and statistical modeling to quantify patterns and drivers of fire severity across different land use 

allocations and major forest zones. Our study was guided by three central research questions:  

1) What have been the ecological effects of recent wildfires on NWFP forests across land use 

allocations and forest zones?; 2) Within the NWFP area, what are the primary drivers (in terms of 

fire weather, fuels, and topography) of fire severity across land use allocations and forest zones?; and 

3) What are the management and policy implications of these trends?  
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3.3 METHODS 

3.3.1 Study Area 

We evaluated fires that burned at least partially within the administrative boundaries of the 

NWFP spanning forests in Washington, Oregon, and northern California (Figure 3.1). Forests 

across this region span diverse gradients of climate and topography, and include a broad range of 

forest types from coastal rainforests to historically frequent-fire dry mixed-conifer forests and pine-

oak woodlands (Hessburg et al., 2019). We evaluated fires across two broad physiographic regions as 

defined in the NWFP: a moist forest zone encompassing forests west of the Cascade Mountain crest 

and along the coast of northern California, and a dry forest zone comprised of the forests east of the 

Cascade Mountain crest and within the Klamath Mountain ecoregion of southwestern Oregon and 

interior northern California (Franklin and Johnson, 2012). 
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Figure 3.1. Map of the study area spanning the bounds of the Northwest Forest Plan (NWFP) 
across federal lands in Washington, Oregon, and northern California, USA. Map A (left): major 
physiographic forest zones and over 2,200 wildfires that have burned between 1985 to 2022 at 
least partially within the bounds of the NWFP. Map B (right): federal land use allocations 
designated within the NWFP. Total area burned by land use allocation and major forest zone 
(dry versus moist) is shown in the bottom left. The majority of area burned occurred in 
congressional reserves (CR), late successional reserves (LSR), and Matrix designations.  

 

The moist forest zone of the NWFP is largely characterized by high-biomass, highly productive 

conifer forests and rainforests dominated by western hemlock (Tsuga heterophylla), Douglas-fir 

(Pseudotsuga menziesii), western red cedar (Thuja plicata), and Sitka spruce (Picea sitchensis), with 

abundance of bigleaf maple (Acer macrophyllum), black cottonwood (Populus trichocarpa), and red alder 

(Alnus rubra) (Franklin and Dyrness, 1973). Along the coast in northern California, long-lived coastal 

redwoods (Sequioia sepervirens) are present. At higher elevations, cold forests are dominated by Pacific 
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silver fir (Abies amabilis), mountain hemlock (Tsuga mertensiana), and subalpine fir (Abies lasiocarpa). 

Although moist conifer, moist mixed conifer, and temperate rainforests comprise the majority of the 

area of this zone, drier mixed conifer forests, riparian hardwoods, and dry mixed evergreen forests 

are also present. The moist forest zone is broadly characterized by mild, wet winters and a 

pronounced summer dry season, where large fires were historically infrequent due to high fuel 

moisture (Agee, 1996; Weisberg and Swanson, 2003); when large fires did occur – often under 

extreme dry east wind events – high severity fire effects were common (Reilly et al., 2022). Though 

the region is often described as an infrequent fire regime, low- to moderate-severity fires applied 

through Indigenous burning were historically frequent (Lorimer et al., 2009). Along with lightning 

ignitions, Indigenous stewardship practices including fuel harvesting and cultural burning played an 

important role in the development of local- to landscape-scale patches of forest and non-forest 

vegetation such as meadows and grasslands (Charnley et al., 2008; Kimmerer and Lake, 2001; 

Lorimer et al., 2009).  

The dry forest zone of the NWFP is dominated by dry mixed conifer forests – particularly in 

the Klamath ecoregion – with areas of cold forests, mixed evergreen forests, and moist mixed 

conifer forests present across the region. Riparian forests, pine-oak woodlands, pine savannas, and 

oak woodlands are also present in the region, but are less abundant. In the southern Cascades, mixed 

conifer forests contain Jeffrey pine (Pinus jeffreyi), incense cedar (Calocedrus decurrens), sugar pine (Pinus 

lambertiana), and white fir (Abies concolor) (Skinner et al., 2018). From the central Cascades of Oregon 

to northern Washington state, dry zone mixed conifer forests are dominated by variable assemblages 

of fire-tolerant Douglas-fir, ponderosa pine (Pinus ponderosa), and western larch (Larix occidentalis), 

intermixed with aspen (Populus tremuloides) and grand fir (Abies grandis) (Franklin and Dyrness, 1973; 

Sorenson, 2012). At higher elevations, forests dominated by mountain hemlock are prevalent in the 



 

  95 

north, with red fir (Abies magnifica) common in the south. The dry forest zone is the more frequent-

fire region of the NWFP; historical fire regimes were broadly characterized by low- to moderate-

severity fire effects dominated by frequent (less than 35 year) return intervals and mixed-severity 

fires with fire return intervals less than 75 years (Agee, 1996; Hessburg et al., 2016; Perry et al., 

2011).  

The original NWFP recognized a potential need for different management strategies and 

reserve design between forest zones (Franklin and Johnson, 2012). In moist forest zone LSRs, 

wildfire impacts were generally not considered, but management activities such as forest thinning to 

accelerate old forest structural characteristics and promote ecological diversity in young (< 80 years) 

second-growth forests were permitted (USFS and BLM, 1994). In the dry forest zone, LSRs were 

designed as larger, more contiguous areas than in the moist forest zone to maintain a baseline level 

of wildlife habitat connectivity while anticipating potential wildfire effects that could erode forest 

cover (Johnson et al., 2023). The Plan additionally recognized that more active management, 

including forest thinning and prescribed burning, would be required to maintain ecological function 

in frequent-fire dry forest landscapes. While proactive management of dry forest zone LSRs was an 

intent of the initial Plan, rates of restoration treatments such as thinning and burning are generally 

below the levels needed to maintain resilience of dry forest landscapes, and implementing adaptive 

management strategies in these designations has proven challenging (Franklin and Johnson, 2012; 

Gaines et al., 2022). 

3.3.2 Fire Perimeters 

We compiled a dataset of historical fire perimeters from datasets maintained by the California 

Department of Forest and Fire Protection (CAL FIRE) Fire and Resource Assessment Program, the 

Washington Department of Natural Resources, and the National Interagency Fire Center. We 
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identified all recorded fires that burned between 1985 and 2022 within the administrative boundaries 

of the Plan, retaining all fires greater than 4 ha to minimize potential data entry errors and ensure 

each burn severity image contained a sufficient number of pixels to analyze spatial patterns of burn 

severity. Although the NWFP was adopted in 1994, we chose to evaluate severity for all possible 

fires in the modern Landsat satellite record – back to 1985 – to provide a more complete picture of 

how forests within the NWFP have fared following wildfire. A total of 2,254 fires met our criteria; 

352 fires burned prior to 1994 representing 7% of the total area burned across the study period.  

3.3.3 Patterns of Fire Severity 

We generated a Landsat-derived burn severity image for each of the 2,254 fires in our dataset 

using a methodology developed by Parks et. al (2019) in Google Earth Engine (Gorelick et al., 

2017). The workflow produces a 30-m resolution predicted Composite Burn Index (CBI) image for 

a given fire by combining the Relativized Burn Ratio (Parks et al., 2014a) – a spectral index used to 

measure burn severity developed from pre- and post-fire Landsat imagery – with climatic variables, 

latitude, and other spectral indices such as the Normalized Difference Vegetation Index and Mid-

Infrared Bi-Spectral Index in a Random Forest model (Breiman, 2001) calibrated by over 8,000 field 

sampling plots. For ecological interpretability, continuous predicted CBI values were classified into 

categories using established thresholds: unburned/very low severity - CBI values below 0.1; low 

severity - values 0.1 to 1.25; moderate severity - values 1.25 to 2.25; and high severity - values greater 

than 2.25 (Miller and Thode, 2007). Because CBI is a field-based sampling protocol developed to 

evaluate severity in forests (Key and Benson, 2006), all non-forested pixels were removed from our 

burn severity images using a forest/non-forest mask originally developed as part of the NWFP 

Monitoring Program (Ohmann et al., 2012). Additionally, because we were interested specifically in 

forests managed as part of the NWFP, we excluded non-federal lands from our analysis.  
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Patterns of fire severity have important implications for a variety of ecological processes, 

including potential post-fire successional dynamics, loss of forest cover and wildlife habitat, and 

possible regeneration failures following stand-replacing fire (Collins et al., 2017b; Stevens et al., 

2017; Stevens-Rumann and Morgan, 2019). To evaluate the ecological effects of recent wildfires on 

NWFP forests, we evaluated patterns of fire severity using four landscape metrics: total area burned 

by severity class, core area of high severity fire patches, mean patch size of contiguous areas of high 

severity and combined low and unburned (unburned-low) patches, and connectivity of unburned-

low patches (Table 3.1). Across the NWFP, we observed the majority of area burned within 

congressional reserves (CRs), LSRs, and matrix designations (Figure 3.1); because of this, we focused 

our analysis on these three land use allocations. All landscape metrics were calculated using the 

landscapemetrics package in R (Hesselbarth et al., 2019). 
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Table 3.1. Landscape metrics calculated for 2,254 fires to evaluate the ecological effects of 
recent wildfires on NWFP forests. All metrics were calculated by land use allocation and major 
forest zone (dry versus moist). Table adapted from Singleton et al. (2021) and Cova et al. 
(2023). 

Metric Description Interpretation of 
low values 

Interpretation of 
high values 

Units Range 

Class Area  Area burned: Total area 
belonging to severity 
class i. 

Less area burned More area burned Ha Class Area  ≥ 0 

Patch Size  Area-weighted mean patch 
size: Measure of mean 
patch size for class i. 
Only calculated for 
high-severity and 
combined low and 
unburned (unburned-
low) patches. 

Generally smaller 
patch sizes with 
few or no large 
patches 

Generally larger patch 
sizes or few large 
patches among many 
smaller patches 

Ha Patch Size  ≥ 0 

Core Area  Total core area: Total 
core area of class i > 
120 m from patch 
edge. Only calculated 
for high-severity class. 

Less interior area 
burned 

More interior area 
burned 

Ha Core Area  ≥ 0 

Connectivity  Aggregation Index:  The 
number of like 
adjacencies of patches 
for class i divided by 
the theoretical 
maximum possible 
number of like 
adjacencies for that 
class. Only calculated 
for unburned-low 
patches. 

Disaggregated 
patches with lower 
landscape-level 
connectivity.  

Aggregated patches 
with higher landscape-
level connectivity. 

None / 
Index 

100 ≥  
Connectivity ≥ 
0 
  

 

Class Area - We calculated total area burned by severity class (unburned/very low, low, 

moderate, and high severity) to assess the ecological effects of recent wildfires in forests of the 

NWFP. Fire severity was evaluated across the full study period by land use allocation (CR, LSR, and 

Matrix), forest zone (dry versus moist), and major forest type based on LANDFIRE Biophysical 

Settings potential vegetation types (Appendix B, Table 3.4, Rollins and Frame, 2006). We 

additionally evaluated trends in annual area burned by land use allocation and forest zone. Trends 
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were tested for statistical significance using Theil-Sen (T-S) slope estimators – a nonparametric 

technique to evaluate the median slope across a time series – via the ‘trend’ package in R (Pohlert, 

2019). Following previous studies, we evaluated the statistical significance of trends using a p-value 

of 0.10 (Cova et al., 2023; Dennison et al., 2014; Holden et al., 2018; Parks and Abatzoglou, 2020). 

Patch Size - We evaluated trends in area-weighted mean annual patch size by forest zone using 

an 8-cell neighborhood to define a patch. Area-weighted means weight each patch by their 

proportional contribution to the total area of all patches, and are generally preferred for ecological 

interpretations of mean patch size as they better reflect the largest patches present on the landscape 

(Li and Archer, 1997). Patch size trends were assessed for the high severity and unburned-low 

classes, and tested for statistical significance using T-S slope estimators. Because large patches often 

span designations, we did not evaluate patch size by land use allocation. We focused on high severity 

patches because they are associated with high (> 75%) tree mortality and can have strong effects on 

forest recovery and successional dynamics (Coop et al., 2020). We analyzed unburned-low patches 

(corresponding to areas that have likely experienced less than 25% overstory tree mortality, Miller 

and Thode, 2007) as they serve important functions as biological legacies (Johnstone et al., 2016; 

Meddens et al., 2018b), habitat refugia (Robinson et al., 2013), and are an important component of 

restoring fire-resilient structure and composition in dry forests (Becker and Lutz, 2016; Hood et al., 

2015). 

Core Area - The interior core area of high severity patches is often used as a proxy for 

understanding where forest regeneration may be threatened following wildfire due to distance from 

live seed sources at the patch edge (Collins et al., 2017a, 2017b; Stevens et al., 2017). We evaluated 

the core area of high severity patches by forest zone in CRs, LSRs, and matrix designations to 

understand how recent wildfires may influence post-fire successional dynamics. Because a single 



 

  100 

high severity patch may span multiple designations, this metric represents the amount of core area 

within a given land use allocation, and not necessarily the size of the entire patch core. We define 

core area as the interior of a high severity patch at least 120 m from the patch edge, where wind-

driven seed dispersal for non-serotinous and relatively heavy-seed species such as ponderosa pine 

becomes unlikely (Clark et al., 1999). Because seed dispersal distances vary widely and can exceed 

120 m for tree species with wind-borne seeds (Laughlin et al., 2023), we recognize our core area 

threshold as a conservative proxy for challenges to tree regeneration, particularly in moist forests. 

Connectivity - Late successional reserves of the NWFP were arranged to provide a network of 

late-successional habitat connectivity for focal wildlife species such as the Northern Spotted Owl 

(NSO) (Johnson et al., 2023). In the dry forest zone, LSRs were designated in larger areas than in the 

moist forest zone to preserve a baseline level of wildlife habitat connectivity while anticipating that 

fires may alter or erode forest cover within reserves. Information on the connectivity of unburned-

low patches can inform where habitat may have been retained following fire, and how it may have 

shifted over time. To evaluate post-fire patterns of potential habitat, we calculated an aggregation 

index for unburned-low patches of both dry and moist forest zone LSRs and tested for statistical 

significance of annual trends in aggregation using T-S slope estimators. The aggregation index is a 

unitless metric that measures the number of within-class patch adjacencies divided by the theoretical 

maximum possible number of adjacencies for that class (He et al., 2000; McGarigal and Marks, 

1995).  

3.3.4 Drivers of Fire Severity - Datasets 

We evaluated drivers of fire severity as a function of predictor variables representing fuels, 

topography, and weather by forest zone separately in CRs, LSRs, and matrix designations (Table 

3.2). Because many of our predictor variables included datasets derived from satellites with shorter 
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temporal time spans or coarser spatial resolutions than Landsat (i.e., daily fire progression maps used 

to acquire weather variables are derived from MODIS satellite data and are not available before 

2000), we constrained our models to the 407 large fires (> 500 ha) that burned between 2001 and 

2021. We used continuous fire severity values from the Relativized Burn Ratio (Parks et al., 2014a) 

as the response variable in our models.  
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Table 3.2. Predictor variables used to assess drivers of fire severity by forest zone (dry versus 
moist) and land use allocation (congressional reserves, late successional reserves, and matrix 
designations).  

Category Variable Source Resolution 

Topography 

Topographic position index 
(TPI) fine - 270 m 

(Evans and Murphy, 2021) 30 m 

TPI coarse - 2070 m (Evans and Murphy, 2021) 30 m 

Slope (Farr et al., 2007; Gorelick et al., 
2017) 

30 m 

Aspect (Farr et al., 2007; Gorelick et al., 
2017) 

30 m 

Elevation (Farr et al., 2007; Gorelick et al., 
2017) 

30 m 

Heat load index (Evans and Murphy, 2021) 30 m 

Forest structure 

Cover type (Rollins and Frame, 2006); see 
Appendix B, Table 3.4 for 
crosswalk 

30 m 

Stand age of dominant trees 
(Stand age) 

(Ohmann and Gregory, 2002) 30 m 

Component Ratio Method 
biomass of live trees (Biomass) 

(Ohmann and Gregory, 2002) 30 m 

Canopy cover (Ohmann and Gregory, 2002) 30 m 

Diameter diversity index (DDI) (Ohmann and Gregory, 2002) 30 m 

Old growth structural index 
(OGSI) 

(Ohmann and Gregory, 2002) 30 m 

Snag volume (Snag) (Ohmann and Gregory, 2002) 30 m 

Time since most recent 
disturbance (Time since) 

(Healey et al., 2018) 30 m 

Most recent disturbance type 
(Disturbance) 

(Healey et al., 2018) 30 m 

Weather 

Wind velocity (Wind) (Abatzoglou, 2013) 4km, downscaled to 30 m 

Vapor pressure deficit (VPD) (Abatzoglou, 2013) 4km, downscaled to 30 m 

Energy resource component 
(ERC) 

(Abatzoglou, 2013) 4km, downscaled to 30 m 
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Topographic datasets on elevation, slope, aspect, heat load index, and topographic position 

index (TPI) were generated for each fire derived from a 30-m digital elevation model (Farr et al., 

2007). Slope and aspect were calculated using the terra package in R (Hijmans et al., 2024). Heat load 

index was calculated using the spatialEco package in R (Evans and Murphy, 2021) and derived from 

slope, aspect, and latitude following McCune and Keon (2002), where values near 0 represent cooler 

and wetter pixels and values near 1 represent warmer and drier pixels. TPI was calculated as the 

difference between the elevation of a given pixel and the mean surrounding elevation within a 

moving window surrounding the pixel; we calculated two separate TPI variables using a fine- (270 

m) and coarse- (2070 m) scale moving window using the spatialEco package (Evans and Murphy, 

2021). 

We obtained variables on pre-fire canopy cover, biomass per hectare, stand age of dominant 

trees, snag volume, diameter diversity index, and old growth structural index (OGSI) developed as 

part of the NWFP Monitoring Program using the gradient nearest neighbor method which 

integrates Forest Inventory Analysis plots, spectral data, topographic data, and climate data 

(Ohmann et al., 2012; Ohmann and Gregory, 2002). We used a change attribution dataset developed 

by the Landscape Change Monitoring System (Healey et al., 2018) to map the most recent 

disturbance type prior to each fire (one of fire, harvest, insect/drought stress, other, or no detected 

disturbance) and years since the most recent disturbance. LCMS datasets are developed from 

spectral changes and are only available for the modern Landsat record; where no disturbance was 

detected since 1985, we used stand age from GNN to attribute years since the most recent 

disturbance. Finally, we incorporated a predictor variable for major forest type by grouping 

LANDFIRE Biophysical Settings potential vegetation types into broad categories of vegetation 

(Appendix B, Table 3.4, Rollins and Frame, 2006).  
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Information on daily fire weather was obtained by first producing MODIS-derived interpolated 

day-of-burn maps for each fire using a methodology developed by Parks (2014), then acquiring 

gridded surface meteorological data from GRIDMET (Abatzoglou, 2013) for the corresponding day 

and area burned. We used this workflow to produce downscaled 30-m maps of daily wind velocity, 

vapor pressure deficit (VPD), and energy resource component (ERC) for each fire. VPD is 

calculated as the difference between the amount of moisture in the atmosphere and the amount of 

maximum moisture it can hold and has strong effects on wildfire behavior (Abatzoglou and 

Williams, 2016), and ERC is a composite fuel moisture index and can be used to gauge fuel dryness.  

3.3.5 Drivers of Fire Severity – Statistical Modeling 

To minimize effects of short-distance spatial autocorrelation in our statistical models, we 

extracted mean response and predictor variables within a 3x3 pixel window on a grid of points 

spaced 270 m apart across the whole study area (Kane et al., 2015). We used tree-based Random 

Forest (RF) machine learning algorithms within the ranger package in R (Wright et al., 2023) to 

model relationships between our subsampled predictor datasets and RBR response variable. Separate 

RF models were constructed for each forest zone (dry versus moist) and land use allocation (CR, 

LSR, and matrix designations) for a total of six models. For each of the six models, we first 

evaluated predictor variable importance by running RF with all 18 predictor variables (Table 3.2) and 

calculating the percent increase in mean squared error (MSE) for each predictor variable present in 

the model. We then applied a variable selection for interpretation workflow implemented in the 

Variable Selection Using Random Forests (VSURF) package in R to refine our predictors (Genuer et 

al., 2015). A final set of RF models were run using only the selected predictors from the variable 

selection step and evaluated using out-of-bag error. We ran all RF models at each step using 1,000 

bootstrapped samples in which one-third of the predictor variables were randomly selected and 
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evaluated at each node split of the decision tree. We visualized relationships between individual 

predictor and response variables for each model using partial dependence plots. Lastly, we used 

Shapley additive explanation (SHAP) values to explore the local importance of our predictors at the 

individual pixel-level. SHAP values are based on cooperative game theory and, for each sample, 

quantify the impact of each predictor variable (positive or negative) on the response. To provide 

spatial nuance and contextualize our results, we created categorical maps of the most influential 

driver (greatest magnitude SHAP value, positive or negative) of severity at the pixel-level for a 

representative sample of fires. SHAP values were calculated using the treeShap package in R 

(Komisarczyk et al., 2024). 

 

3.4 RESULTS 

3.4.1 What have been the ecological effects of recent wildfires on NWFP forests across land use 

allocations and forest zones? 

Between 1985 and 2022, over 3.6 million hectares of forest burned within the NWFP area, with 

most of that (90%) occurring in CRs, LSRs, and Matrix land allocations (Table 3.3). Within each of 

these allocations, the dry forest zone accounted for 4-5 times the area burned than the moist forest 

zone, with the greatest difference observed in CRs. The greatest fire activity was observed in dry 

forest CRs and dry forest LSRs – 67.5% (1,015,009 ha) of all dry forest CR area and 59.4% (853,469 

ha) of dry forest LSR area burned over the study period. Over one-fifth (22%, 330,850 ha) of the 

total dry forest CR area – including burned and unburned area – experienced high severity fire 

effects, and 19% of the total dry forest LSR area (273,816 ha) experienced stand-replacing high 

severity fire. Of the moist forest zone land use allocations, the most area burned was in LSRs at 
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16.9% (241,083 ha). However, Matrix lands experienced the most severe proportional wildfire 

impacts in the moist first zone, with 5.4% of the total Matrix land area burning as high severity fire 

(60,197 ha). 
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Table 3.3. Area burned by severity class (in hectares) by land use allocation and major forest 
zone. Values in the “% total area burned” columns describe the proportion of area burned in 
each severity class as a function of total burned area - e.g., in dry forest zone Congressional 
Reserves, 27.5% of the total area burned was low severity effects. The next column (“% total 
CR area”) describes the proportion of area burned in each severity class as a function of the 
total available area (both burned and unburned) in that forest zone and allocation - e.g., in dry 
forest zone Congressional Reserves, 18.5% of the entire area within dry forest zone 
Congressional Reserves burned with low severity effects. Table continues on the next page. 

Congressional Reserves (CRs) 

 Dry forest zone Moist forest zone All CRs 

 Area 
burned 
(ha) 

% total 
area 
burned 

% total 
CR area 

Area 
burned 
(ha) 

% total 
area 
burned 

% total 
CR area 

Area 
burned 
(ha) 

% total 
area 
burned 

% total 
CR area 

Unburned/  
Very Low  89,369  8.8  5.9  23,696 11.7  1.4  113,065   9.3  3.5 

Low  278,636  27.5  18.5  46,771 23.2  2.8  325,407   26.7  10.2 

Moderate  316,154  31.1  21.0  52,467 26.0  3.1  368,621   30.3  11.5 

High  330,850  32.6  22.0  78,906 39.1  4.7  409,756   33.7  12.8 

Total Area   
Burned 1,015,009  -  67.5  201,839  -  11.9  1,216,848   -    38.1 

Total CR Area 1,503,937 1,689,768 3,193,705 

Late Successional Reserves (LSRs) 

 Dry forest zone Moist forest zone All LSRs 

 Area 
burned 
(ha) 

% total 
area 
burned 

% total 
LSR area 

Area 
burned 
(ha) 

% total 
area 
burned 

% total 
LSR 
area 

Area 
burned 
(ha) 

% total 
area 
burned 

% total 
LSR area 

Unburned/  
Very Low  64,179  7.5  4.5  40,317  16.7  2.8  104,496  9.5  3.6 

Low  240,742  28.2  16.7  80,670  33.5  5.6  321,412  29.4  11.2 

Moderate  274,732  32.2  19.1  64,508  26.8  4.5  339,240  31.0  11.8 

High  273,816  32.1  19.0  55,589  23.0  3.9  329,405  30.1  11.5 

Total Area   
Burned  853,469  -  59.4  241,083  -  16.9  1,094,552  -  38.2 

Total LSR 
Area 1,437,790 1,430,048 2,867,838 
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Matrix 

 Dry forest zone Moist forest zone All Matrix 

 Area 
burned 
(ha) 

% total 
area 
burned 

% total 
Matrix 
area 

Area 
burned 
(ha) 

% total 
area 
burned 

% total 
Matrix 
area 

Area 
burned 
(ha) 

% total 
area 
burned 

% total 
Matrix 
area 

Unburned/  
Very Low  47,140  6.4  3.0  31,836  17.6  2.9  78,977  8.6  3.0 

Low  169,894  23.2  11.0  45,520  25.1  4.1  215,415  23.6  8.1 

Moderate  248,895  34.0  16.1  43,771  24.1  3.9  292,666  32.0  11.0 

High  266,472  36.4  17.2  60,197  33.2  5.4  326,668  35.8  12.3 

Total Area   
Burned  732,401  -  47.4  181,325  -  16.3  913,726  -   34.4 

Total Matrix 
Area 1,545,594 1,110,071 2,655,665 

 

From 1985 to 2022, annual area burned increased in each forest zone and land use allocation, 

with the greatest area burning in the last decade (Figure 3.2). In dry forests, fire activity was 

observed across the entire study period, with only 1995 and 1997 containing no area burned in dry 

forest CRs and dry forest LSRs, respectively. Relative to the dry forest zone, little fire activity was 

observed in moist zone forests from 1985 to 2015, with a pronounced increase in annual area 

burned between 2015 and 2022. Temporal trends in annual area burned were statistically significant 

in each forest zone and land use allocation per T-S slope estimators.  
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Figure 3.2. Trends in annual area burned by severity class in dry forest zone (top row) and moist 
forest zone (bottom row) across land use allocations. CRs - Congressional Reserves, leftmost 
column; LSRs - Late Successional Reserves, middle column; Matrix - Matrix land designation, 
rightmost column. Z statistic and p-value printed on plots represent model outputs from Theil-
Sen slope estimators to assess statistically significant trends in annual area burned. Asterisks (*) 
represent plots with statistically significant trends. Statistical significance was assessed at p < 0.1 
following previous studies (Dennison et al., 2014; Holden et al., 2018; Parks and Abatzoglou, 
2020). 

Area burned in the moist forest zone was concentrated in moist mixed conifer, moist 

conifer/rainforest, and cold forest cover types (Figure 3.3, Appendix B, Table 3.4), but represented 

an overall small proportion of the total forested area relative to the dry forest zone. In moist forest 

zone LSRs, for example, moist mixed conifer forests dominated by Douglas-fir, western hemlock, 

and Pacific silver fir burned 132,564 ha but accounted for only 26% of the total moist mixed conifer 

area within the allocation. In moist forest zone CRs and Matrix lands, less than 20% of the total area 
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of moist conifer/rainforest and moist mixed conifer forest types burned over the study period, and 

less than 7% of this area burned with high severity effects. 
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Figure 3.3. Area burned by severity class within each forest type by dry (top row) and moist 
(bottom row) forest zones and land use allocations (CRs: Congressional Reserves, left column, 
LSRs: Late Successional Reserves, middle column; Matrix: Matrix land allocation, right column). 
The height of each bar represents the total area (both burned and unburned) of each forest 
type. Dark green represents the area within that forest type that has not burned at all; the 
remaining colors are symbolized by severity class. CascDryMixCon - dry mixed conifer forests 
within the Cascade mountain range; Cold - cold forests; Hrdwd - hardwood forests; 
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MoistMixCon - moist mixed conifer forests; nwCAMixCon - mixed conifer forests in 
northwestern California; nwCAMixEv - mixed evergreen forests in northwestern California; 
Oak - oak woodlands, Other - non-forest or other forest; Pine - pine forests and savannas; 
PineOak - pine-oak woodlands, Rain - temperate rainforests; Rprn - riparian forests. For a full 
breakdown of these forest type groups, see Appendix B, Table 3.4. 

Area burned was distributed over a wide variety of forest types in the dry forest zone (Figure 

3.3). Although dry forest CRs are dominated by cold forests and northwest California (nwCA) mixed 

conifer cover types, we observed large (> 40,000 ha) extents of area burned in the Cascades dry 

mixed conifer, nwCA mixed conifer, cold forest, nwCA mixed evergreen, and ‘other’ cover types 

(where ‘other’ was dominated by high elevation barren rock, shrubland, and grassland, Appendix B, 

Table 3.4). Dry forest LSRs contained large areas burned in cold forests, moist mixed conifer, 

Cascades dry mixed conifer, nwCA mixed evergreen, and nwCA mixed conifer cover types. In dry 

forest Matrix land, large area burned was observed in the Cascades mixed conifer, nwCA mixed 

evergreen, and nwCA mixed conifer forest types. The greatest extent of high severity area burned in 

each dry forest zone allocation was the nwCA mixed conifer cover type, which burned 146,701 ha in 

Matrix, 135,659 ha in CRs, and 134,068 ha in LSRs. 

We observed the greatest high severity impacts in pine-oak woodlands, oak woodlands, pine 

forests, nwCA mixed conifer, nwCA mixed evergreen, and Cascades dry mixed conifer forest types 

(Figure 3.3). Pine-oak woodlands in dry forest zone CRs experienced the greatest proportional 

impacts, where 61% of their total area within the allocation (both burned and unburned) burned at 

high severity. Over half (54%) of all oak woodlands within dry forest zone CRs burned with high 

severity effects, and 41% of nwCA mixed conifer extent in the allocation burned at high severity. In 

dry forest zone LSRs, oak woodlands had the greatest proportional impacts (32% of the total extent 

burned at high severity), followed by nwCA mixed conifer (26% burned at high severity) and 

Cascades dry mixed conifer (25% burned at high severity). In Matrix lands, 25% of all oak 
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woodlands burned with high severity effects, and 24% of nwCA mixed conifer and 22% of nwCA 

mixed evergreen burned at high severity.  

Mean high severity patch size increased over the study period in both dry and moist forest 

zones (Figure 3.4A). T-S model fits indicated a nearly 4-fold increase in dry forest zone mean high 

severity patch size (from 40.1 ha in 1985 to 154.1 ha in 2022), and a 6-fold increase in the moist 

forest zone (6.12 ha in 1985 to 39.79 ha in 2022). Both trends were statistically significant. In the 

moist forest zone, annual mean size of unburned-low severity patches (Figure 3.4B) significantly 

increased over the study period (from a predicted mean patch size of 5.3 ha in 1985 to 51.8 ha in 

2022 per T-S models). There was no discernible trend in annual mean size of unburned-low severity 

patches in the dry forest zone over the study period. In dry forest zone LSRs, unburned-low severity 

patches grew increasingly disaggregated over the study period and trends were statistically significant 

(Figure 3.4C). There were no significant trends in aggregation of unburned-low severity patches in 

moist forest zone LSRs. 
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Figure 3.4. Patch configurations in dry forest zone (left column) and moist forest zone (right 
column) fires. Panel A (top row): Annual mean high severity patch size (area-weighted), 
regardless of land use allocation; Panel B (middle row): Annual mean size (area-weighted) of 
unburned and low severity patches combined, regardless of land use allocation; Panel C 
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(bottom row): Annual mean aggregation index of unburned and low severity patches combined 
in LSRs only. High aggregation index values indicate patches that are more aggregated; low 
index values indicate patches that are more isolated. 

Across the study area, high severity interior core area was distributed in many small patches 

with relatively few large patches (Figure 3.5). Dry forest zone allocations overall contained both a 

greater number of patches and larger cumulative extent of high severity core area than moist forest 

zone allocations. Moist forest zones had generally wider patch size distributions (i.e., a relatively 

greater proportion of large patches) than dry forest zones. In all forest zones and allocations, a 

relatively small number of the largest patches accounted for the greatest cumulative area burned. 

 

Figure 3.5. Histogram of high severity core area patches (left axis) and cumulative area burned 
within high severity core area (red line, right axis) by dry forest zone (top row) and moist forest 
zone (bottom row) by allocation. CR - congressional reserve; LSR - late successional reserve; 
Matrix - matrix designation. Note that a single contiguous high severity patch can span multiple 
designations - therefore “patch size” here does not necessarily refer to whole patches (i.e., a 100 
ha patch present in LSR moist forests may actually be part of a larger 500 ha patch).  
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3.4.2 Within the NWFP area, what are the primary drivers (in terms of fire weather, fuels, and 

topography) of fire severity across land use allocations and forest zones? 

Our variable selection workflow retained between 6 and 9 predictors for each final RF model 

(Figure 3.6). Weather variables (wind, VPD, and ERC) were the most important predictors of fire 

severity (RBR) in all models except for the dry forest zone CR model, in which cover type, elevation, 

biomass, and canopy cover were more important than weather. Wind was associated with the 

greatest increase in model MSE across the study area (116% in the moist forest Matrix model). 

Elevation was the second most important variable driving severity in the dry forest CR model, and 

the most important predictor after weather variables in all other models. Cover type was an 

important predictor in the dry forest CR (increasing MSE by 29.9%), dry forest LSR (16.3%), moist 

forest CR (35%), and moist forest Matrix models (13.3%). Time since the last pre-fire disturbance, 

biomass, and canopy cover were also important predictors across the study area, but exact order of 

importance varied by model. Coarse-scale TPI was selected as a final variable only in moist forest 

zone models, increasing MSE by 13.4% in moist CR, 12.1% in moist LSR, and 12.9% in moist 

Matrix models. DDI was only selected in the final model for moist forest CRs, increasing MSE by 

17.6%. Aspect, fine scale TPI, most recent disturbance type, OGSI, heat load, and stand age were 

generally less important and were not selected in final models. RF models explained 55% of the 

variability in RBR across moist forest zone CRs, 44% in moist forest zone LSRs, 52% in moist 

forest zone Matrix, 39% in dry forest zone CRs, 43% in dry forest zone LSRs, and 50% in dry forest 

zone Matrix. 
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Figure 3.6. Variable importance plots for predictor variables from Random Forest (RF) models 
of RBR for dry forest (top row) and moist forest (bottom row) zones and allocations. Black 
circles denote variables retained in the variable selection process; gray circles denote variables 
removed from the final RF models during variable selection. ERC - energy resource 
component; VPD - vapor pressure deficit; Time since - time (years) since last pre-fire 
disturbance; DDI - diameter diversity index; TPI - topographic position index; OGSI - old 
growth structural index; MSE, Mean Squared Error. 

Partial dependence plots revealed relationships between continuous predictor variables and our 

fire severity (RBR) response variable (Figure 3.7-Figure 3.12). In all models, RBR increased as wind 

velocity and VPD increased. Relationships between RBR and ERC across the study area were more 

variable – particularly at the tail ends of the distribution of ERC values – but suggested a general 

increase in severity as ERC increased across much of the study area. In all models, RBR generally 
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increased with elevation, but tended to plateau or decrease above elevations around 2000 m (Figure 

3.7, Figure 3.10). RBR steadily increased with pre-fire canopy cover in moist and dry forest zone 

CRs; in moist forest LSRs, RBR increased as canopy cover increased between 0 and 20%, plateaued 

between 20 and 80%, then increased again between 80 and 100% cover (Figure 3.8). In all models 

containing pre-fire biomass as a predictor, RBR increased with biomass up to 250,000 kg/ha, where 

severity then plateaued or decreased as biomass increased. RBR increased in all models as time since 

disturbance increased for the first 25 years. In moist forest models, RBR then decreased between 25-

75 years following disturbance, then continually increased; in dry forest models, RBR continued to 

decrease with increasing time since disturbance after the first 25 years.  

Relationships between RBR and cover type, a categorical predictor variable, were also described 

by the partial dependence plots (Figure 3.7, Figure 3.9, Figure 3.10, Figure 3.11). In moist forest 

zone models where cover type was selected as a final predictor (Matrix and CR), cold forests, moist 

mixed conifer, and rainforest cover types were associated with the highest severity. The ‘other’ cover 

type (dominated by high elevation shrublands and grasslands) was associated with high severity in 

the moist Matrix model, and Cascades dry mixed conifer forests were associated with high severity 

in the moist CR model, though both cover types represented a small proportion of total land area in 

each designation. In dry forest zone models, Cascades dry mixed conifer, cold forests, moist mixed 

conifer, and rainforests were associated with the greatest RBR values. Hardwood forests were 

additionally associated with high severity, but comprised less than 0.1% of the total area burned. 

Northwest California (nwCA) mixed conifer, nwCA mixed evergreen, oak woodlands, pine forests, 

pine-oak woodlands, and the ‘other’ category were also associated with increased RBR, though not 

to the extent of the aforementioned cover types. 
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Figure 3.7. Partial dependence plots showing relationships between 9 predictor variables and 
fire severity (RBR) in the moist forest zone Congressional Reserve (CR) model.  
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Figure 3.8. Partial dependence plots showing relationships between 7 predictor variables and 
fire severity (RBR) in the moist forest zone Late Successional Reserve (LSR) model.  

 

Figure 3.9. Partial dependence plots showing relationships between 8 predictor variables and 
fire severity (RBR) in the moist forest zone Matrix model. 
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Figure 3.10. Partial dependence plots showing relationships between 8 predictor variables and 
fire severity (RBR) in the dry forest zone Congressional Reserve (CR) model. 

 

Figure 3.11. Partial dependence plots showing relationships between 7 predictor variables and 
fire severity (RBR) in the dry forest zone Late Successional Reserve (LSR) model. 
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Figure 3.12. Partial dependence plots showing relationships between 6 predictor variables and 
fire severity (RBR) in the dry forest zone Matrix model. 

Maps of SHAP values represent the pixel-level variability of local drivers of fire severity (Figure 

3.13). While we observed that many large, high severity patches across the study area were associated 

with top-down weather drivers, local importance maps also revealed a diversity of bottom-up 

variables driving severity. In the 2020 Big Hollow fire, for example, large patches of high severity in 

moist forest zone LSRs were primarily associated with wind in a topographically complex landscape 

in the western Cascades of Washington (Figure 3.13A). By contrast, in the 2003 Booth fire in the 

eastern Cascades of Oregon, high severity patches in dry forest zone CRs were driven largely by pre-

fire canopy cover and cover type on the leeward side of a large ridge (Figure 3.13B).  
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Figure 3.13. Fire severity (left panel) and locally dominant driver of severity at the pixel level 
(right panel) for three select fires according to SHAP values. 
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3.5 DISCUSSION 

In this study, we examined patterns and drivers of severity in wildfires that have burned 

between 1985 and 2022 within the NWFP area. We observed significantly greater fire activity and 

more severe ecological effects in the dry forest zone than moist forest zone (Figure 3.2, Table 3.3), 

with trends in annual area burned and high severity in the dry forest zone mirroring those of 

frequent-fire forests in western North America more broadly (Cova et al., 2023; Harvey et al., 2016; 

Parks and Abatzoglou, 2020; Reilly et al., 2022). While the moist forest zone experienced relatively 

little fire for the first 30 years of the study period (Figure 3.2), we observed significant shifts in 

recent wildfire activity and high severity patch sizes that may continue under future climate change 

(Abatzoglou et al., 2021; Cullen et al., 2023; Rupp et al., 2017). We found that across the study area, 

forest types with historically frequent fire regimes such as pine-oak woodlands, oak woodlands, and 

dry mixed conifer forests have experienced the greatest impacts from stand-replacing fire (Figure 

3.3), which have important implications for the adaptation of NWFP forests in a warmer climate. 

Finally, while weather variables were the most influential predictor of severity across much of the 

study area and exerted strong top-down controls, we observed evidence of bottom-up local controls 

such as pre-fire canopy cover, biomass, and cover type on severity across the study area.  

3.5.1 What have been the ecological effects of recent wildfires on NWFP forests across land use 

allocations and forest zones? 

The original NWFP recognized differences in historical disturbance regimes of dry and moist 

forests, and anticipated potential wildfire effects – especially in the dry forest zone – that could 

reduce forest cover and habitat associated with old and mature forest conditions (Franklin and 

Johnson, 2012). However, initial expected wildfire impacts were based on the area burned in 

preceding decades leading up to the Plan’s adoption in 1994 (Davis et al., 2016, 2011), and did not 
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explicitly account for how fire regimes may shift under a changing climate (Gaines et al., 2022). Past 

studies have connected trends in annual area burned with severe droughts and higher temperatures, 

both anticipated to intensify under continued climate change (Dennison et al., 2014; Westerling, 

2016). Given that across the NWFP area, fire activity has significantly increased over the last four 

decades (Figure 3.2) and will likely continue to increase (Abatzoglou et al., 2021), our results suggest 

that effects of recent wildfires may outpace Plan expectations, especially in the dry forest zone. 

Within the NWFP area, the dry forest zone experienced substantially greater fire activity and extent 

of high severity effects from wildfire than the moist forest zone (Table 3.3), with over four times 

both the total area burned and total high severity area across CRs, LSRs, and Matrix lands.  

Observed increases in mean high severity patch size (Figure 3.4A) may additionally challenge 

Plan expectations and existing reserves. Particularly in the dry forest zone, LSRs boundaries were 

delineated as contiguous areas designed to withstand large wildfire events over at least the first half 

century of the Plan, such that unburned portions could maintain a well-connected network of old 

forest conditions associated with northern spotted owl (NSO) habitat (Johnson et al., 2023). 

Increasingly large high severity patches – with single patches as large as 10,000 ha in some areas – 

may challenge this reserve design as multi-storied, closed-canopy forests that are highly valued for 

NSO habitat (Sovern et al., 2019) face rapid changes following stand-replacing fire and extensive 

tree mortality. Concomitant with increases in high severity patch size, forest patches that burned 

with low severity effects or were unburned following wildfire (unburned-low severity patches) grew 

increasingly disaggregated over the study period in the dry forest zone (Figure 3.4C). It is important 

to note that we did not evaluate the connectivity of unburned forest patches outside of known fire 

perimeters (i.e, all potential habitat). Likewise, unburned-low severity patches within fire perimeters 

may not always contain suitable old forest habitat because pre-fire forest conditions within LSRs are 
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variable. However, under current trends, our results suggest that as more forested area burns, old 

and mature forest habitat will likely erode due to the combined influences of large stand replacing 

patches and increased fragmentation of unburned areas.  

In the moist forest zone, large fire years were relatively rare in the first 30 years of the study 

period, but recent large wildfires have driven observed increases in annual burned area (Figure 3.2), 

mean high severity patch size (Figure 3.4A), and extent of high severity interior core area in CRs, 

LSRs, and Matrix designations (Figure 3.5). Although recent fires are largely consistent with 

historical fire regimes in the moist forest zone (Reilly et al., 2022), they have had important impacts 

to NWFP forests, particularly within LSRs. As a whole, only a small fraction (3.9%) of the total LSR 

network in the moist forest zone experienced stand replacing fire (Table 3.3). However, in some 

instances, the high severity effects that did occur affected large portions of entire LSR units. For 

example, in the Willamette and Mt. Hood National Forests of western Oregon, several large (>1,000 

ha) LSR units burned almost entirely at high severity (Figure 3.14A). Further south in the footprint 

of the 2020 Archie Creek fire in the Oregon western Cascades, we observed 24 individual small 

(approx. 40 ha) LSRs burned completely as stand-replacing fire (Figure 3.14B). These severe wildfire 

effects to entire reserves have important implications for future Plan considerations. Specifically, 

designations of LSRs in the original Plan were largely driven by where remaining mature and old 

growth forests still existed following an extended period of widespread timber harvests, informed by 

the Interagency Scientific Committee’s NSO conservation strategy (Thomas et al., 1990). Adapting 

the design and management of existing reserves may be necessary to meet Plan objectives amid 

substantial mature and old forest loss.  
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Figure 3.14. Extent of high severity fire effects on Late Successional Reserve (LSR) boundaries. 
Areas shown in dark green represent LSR designations. The left image of each panel shows the 
true extent of LSR designations, and the right image of each panel shows what that extent 
would look like if areas that have burned as high severity (stand-replacing) fire were removed. 
Panel A (top) shows an area near the Willamette and Mt. Hood National Forests in the Oregon 
western Cascades; Panel B (bottom) shows an area near the Umpqua National Forest in the 
Oregon western Cascades. 

Oak woodlands, pine forests, pine-oak woodlands, and dry mixed conifer forests consistently 

had the greatest high severity impacts across the NWFP (Figure 3.3). In some areas – such as pine-

oak woodlands in dry forest zone CRs – over half the total forest extent has been impacted by high 
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severity fire. In dry forest types historically characterized by frequent, low-intensity fire regimes, 

large extents of stand-replacing effects represent significant departures from historical baselines 

(Agee, 1996; Hessburg et al., 2019; Skinner et al., 2018). In these ecosystems, frequent fire 

maintained by active Indigenous stewardship and natural lightning ignitions reduced understory fuels 

and maintained relatively open canopies and dynamic, heterogenous forest structures that conferred 

resilience to wildfire and drought (Agee, 2003; Chamberlain et al., 2023; Hagmann et al., 2013; 

Hessburg et al., 2019; Taylor and Skinner, 2003). Dry forests with restored structural characteristics 

and large, fire-resistant trees are likely to persist under climate change (Liang et al., 2017b; Murphy et 

al., 2021), but continued fire suppression and loss of cultural burning leave them increasingly 

vulnerable to conversion to non-forest vegetation (Collins et al., 2011; Coop et al., 2020; Kreider et 

al., 2024). Active stewardship and ecological restoration treatments to reduce fuels and mitigate 

severe wildfire risk are important strategies for conserving remaining old and mature dry forest types 

within the NWFP area (Kalies and Yocom Kent, 2016; Prichard et al., 2021), especially in culturally 

important and relatively rare ecosystems such as oak woodlands. 

3.5.2 Within the NWFP area, what are the primary drivers (in terms of fire weather, fuels, and 

topography) of fire severity across land use allocations and forest zones? 

Fire weather was a dominant driver of severity across much of the study area, with the 

exception of dry forest zone CRs, in which bottom-up variables associated with forest type, fuels, 

and topography were more important (Figure 3.6). Synoptic top-down weather patterns exert strong 

controls on fire behavior, and previous studies have linked increases in vapor pressure deficit 

(Mueller et al., 2020), wind speed (Prichard et al., 2020), and ERC (Parks et al., 2018a) to large fire 

growth and severe fire effects. While our findings are consistent with known drivers of severity in 

other regional studies (i.e., Cansler et al., 2022; Evers et al., 2022), this study evaluated drivers 
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specifically in large fires, as 500 ha was the minimum fire size included in our models. Fires that burn 

under more moderate weather conditions are typically suppressed and remain small (Calkin et al., 

2015; Katuwal et al., 2016), reinforcing a ‘suppression bias’ (sensu Kreider et al., 2024) in which fires 

typically burning under the most extreme conditions are able to grow large. Because of this, our fires 

– and therefore our model results – likely reflect more extreme weather conditions. 

Despite this, bottom-up controls including vegetation cover type, elevation, pre-fire biomass, 

and pre-fire canopy cover all were more important drivers of fire severity than weather in dry forest 

zone CRs (Figure 3.6). Cascade dry mixed conifer, nwCA mixed conifer, and nwCA mixed 

evergreen forests experienced the most severe proportional fire impacts of the forest types present 

in dry forest zone CRs (Figure 3.3); total area burned in each forest type included 44%, 30%, and 

30% high severity effects, respectively. Of these highly impacted forest types, severity increased 

particularly in Cascade dry mixed conifer forests (Figure 3.10), where the effects of climate change 

combined with fire exclusion and forest densification (Hessburg et al., 2019) have led to recent large 

wildfires that have rapidly homogenized forest structure with large extents of stand replacing effects 

and uncharacteristically large high severity patches (Cansler and McKenzie, 2014; Churchill et al., 

2022). Although drivers of fire severity are partly related to broad gradients in climate and elevation 

(i.e., high-elevation cold forest types associated with stand-replacing fire regimes also burned at 

higher severity, Figure 3.10), dominance of bottom-up controls within dry forest zone CRs – where 

the use of prescribed and managed wildfires can be difficult to implement (Miller et al., 2020) – may 

reflect profound departures in the structure, function, and composition of dry forest types 

(Hagmann et al., 2021) exacerbated by the effects of climate change. 

Strong top-down controls on fire severity were observed across much of the study area, and 

wind in particular was often the most important driver within large, high severity patches (Figure 
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3.13A). However, we also observed strong bottom-up controls on severity (Figure 3.13B). Maps 

produced from SHAP values – representing the unique influence of each predictor variable on the 

response at the pixel-scale – demonstrated a range of dominant local drivers. Even within regions 

where weather variables were the most important drivers at the full model level, we observed 

variation in local dominance of predictors associated with pre-fire fuels, topography, and forest 

structure. For example, in the moist forest zone LSR model, outside of the largest, wind-driven high 

severity patch in the 2021 Devil’s Knob Complex fire (Figure 3.13C), time since disturbance, 

topography, and occasionally canopy cover were dominant drivers within smaller high severity 

patches along upper slopes and valley bottoms. As evidenced by studies on fuel treatment 

effectiveness, bottom-up controls can mitigate fire severity even under extreme weather conditions 

(Lydersen et al., 2017; Prichard et al., 2020). Reliance on global variable importance alone may mask 

signals from important – but underrepresented – fine-scale controls at local scales, and local 

variables may be important in small domains of a fire but have limited influence on global model 

results (Dormann et al., 2007; Prichard et al., 2020). Future work incorporating spatially explicit 

analyses of local drivers – while computationally intensive – may be important tools for fully 

understanding the strength of bottom-up controls to inform management strategies. 

3.5.3 Management and Policy Implications 

Adaptive management is the systematic and iterative process of planning and decision-making 

based on learned outcomes and monitoring that measure the effectiveness of existing management 

approaches (Holling, 1978). Investments in adaptive management within the NWFP supported a 

robust monitoring program (Davis et al., 2022, 2016, 2011), but enacting changes to management 

strategies with monitoring data has been difficult to implement in practice (Gaines et al., 2022; Spies 

et al., 2018c). To date, adaptive management has been challenging to fully administer due to funding, 
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a legacy of distrust in active management, and staffing (Bormann et al., 2007; Spies et al., 2019, 

2018b; Stankey et al., 2003). 

Following decades of widespread timber harvest across much of the area, the NWFP was 

successful in protecting remaining old and mature forests from the threat of logging on federal 

lands, particularly within LSRs (Spies et al., 2018c). However, climate change and shifts in wildfire 

activity since the Plan’s adoption have profoundly reshaped landscapes across the NWFP area and 

now threaten the future of old and mature forests (Table 3.3). While disturbances such as episodic 

drought, insect and pathogen outbreaks, and land development additionally threaten NWFP forests 

and will likely become increasingly severe under climate change (Halofsky et al., 2020), wildfire is 

currently the driving agent of forest change across the region (Davis et al., 2022, 2015). As fire 

frequency, extent, and severity is predicted to continue through at least the next half century 

(Abatzoglou et al., 2021; Dye et al., 2024; Parks et al., 2016), accounting for and anticipating the 

effects of wildfire will be critical to conserving forests under the NWFP.  

Rapid erosion of mature and old forest cover over substantial portions – or in some cases, the 

entirety – of LSRs (Figure 3.14) poses grave concerns for critical wildlife habitat connectivity, 

climate refugia, and remaining old and mature forests (Spies et al., 2019). Current Plan objectives to 

promote multi-layered, dense forest structures within LSRs are largely in line with the disturbance 

ecology and historical old-growth forest structures within much of the broader moist forest zone 

(Agee, 1996; Spies et al., 2018a), but adjustments to the existing design and management of reserves 

may still be required to meet Plan goals. For example, within moist forest zone LSRs where old 

forest habitat has been affected by substantial high severity fire effects, managers could implement 

variable density thinning in remaining second-growth stands to accelerate the development of old 

growth structural conditions (Halofsky et al., 2018; Spies et al., 2019). Carefully reasoned and site-
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specific fire suppression may be required to protect old and mature forests from large, high severity 

fire effects (Halofsky et al., 2018). Where entire LSR units have been impacted by stand-replacing 

fire, management strategies could alternatively focus on adapting reserve boundaries to emphasize 

existing mature and old forest habitat on surrounding Matrix lands (Halsey, 2024). Plan revisions 

that instead ensure greater protection of mature and old forest patches within Matrix designations 

could additionally promote old forest habitat, independent of LSR boundaries. Alternatively, 

following the recommendations of the National Cohesive Wildland Fire Management Strategy (DOI 

and USDA, 2014), an ‘all hands, all lands’ approach to old and mature forest conservation across 

land ownerships and could sustain old and mature forests in the region. 

In the dry forest zone, management strategies aimed at maximizing dense, multi-layered forest 

structures are generally inconsistent with maintaining ecological integrity in historically frequent-fire 

forests (Spies et al., 2019). In these systems, old forest conditions maintained by frequent-fire 

generally supported more open structures than what the current Plan emphasizes in LSRs, and 

consisted of large, old trees that served as anchors in a landscape of dynamically shifting burned and 

unburned areas (Hessburg et al., 2019, 2016). Ecological restoration in dry forest types – including 

the use of thinning, prescribed and cultural burning, and managed wildfire – can reduce fuel 

continuity, promote the retention of climate- and fire-resistant large trees, and restore historical fire 

regimes (Prichard et al., 2021). Restoration of fire- and climate-resilient forest structure and 

composition is especially relevant for forests that have already been profoundly impacted by high 

severity fire such as pine-oak woodlands and dry mixed conifer forests (Figure 3.3). Within reserves 

in the dry forest zone, adaptive management options could maintain existing LSR boundaries and 

implement proactive, continuous management to maintain ecological integrity and restore the role of 

frequent understory burning. As an alternative, retention and recruitment of large and old trees 
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could be prioritized independent of land use allocations to promote their persistence through 

proactive treatments across a broader landscape (Hessburg et al., 2015).  

Providing managers with the flexibility to manage wildfires under moderate weather conditions 

will be key to achieving landscape-scale restoration goals both within and outside the existing reserve 

network. Particularly in frequent-fire dry forests, the pace and scale of prescribed burning and 

mechanical treatments is below what is needed to restore forest landscapes across the broader west 

(North et al., 2021; Prichard et al., 2021). Despite profound high severity effects in NWFP dry zone 

forests (Figure 3.2, Table 3.3), recent fires have also done a substantial amount of ‘work’ to reshape 

forests at low and moderate severities. Low-to-moderate severity fire can have beneficial effects, 

shifting closed-canopy forests to more fire-resilient open structural conditions via understory fuel 

consumption and fire-induced thinning of mainly fire-intolerant small and medium-sized trees 

(Churchill et al., 2022; Lydersen et al., 2016). Allowing fires to burn under moderate weather 

conditions can maximize this work and accelerate achievement of restoration objectives (North et 

al., 2021), and has been adopted as an official management strategy in other dry forested regions 

including areas of the Sierra Nevada (Keeley et al., 2021). In fire-frequent areas that have already 

burned, allowing managers the flexibility to conduct post-fire fuel treatments such as removing 

remaining ladder fuels (Collins et al., 2018) and creating or accentuating tree spatial patterns 

associated with fire and climate resilience will be critical to maximize beneficial outcomes in 

subsequent fire events (Chamberlain et al., 2023; Churchill et al., 2013; Koontz et al., 2020; Stevens 

et al., 2021).   

Lastly, a key challenge for managers will be identifying adaptive management ‘triggers’, or 

predetermined commitments to initiate a shift in management strategy if monitoring data reveals 

particular undesirable ecological outcomes (Nie and Schultz, 2012). Required management 
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interventions can be difficult to recognize, especially as ecosystems experience “shifting baselines,” 

in which accepted norms for environmental conditions gradually change (Pauly, 1995; Soga and 

Gaston, 2018). Evaluating trends in the spatial configurations of fire severity to understand impacts 

to old and mature forest habitat can be valuable tools for these assessments. For example, potential 

management triggers could incorporate monitoring of high severity patch size, proportion of high 

severity effects, or erosion of forest cover above a particular threshold (i.e., high severity impacts to 

greater than a specified proportion of a given forest type over a monitoring period). Indicators used 

as management triggers could be informed by pre-fire forest conditions, historical ranges of 

variability, and specific management goals. Assessments of these post-fire patterns at a watershed 

level can be particularly valuable, as mid-scales are small enough to understand changing local 

conditions and identify restoration needs and priorities, yet are large enough to evaluate cumulative 

effects and scale-down broad-scale management directives (Hessburg et al., 2013).  

 

3.6 CONCLUSION 

Wildfire has had profound effects on forests across the NWFP area. Across dry and moist 

forest zones and LSR, CR, and matrix land allocations, annual area burned and mean high severity 

patch size has significantly increased. The dry forest zone – dominated by dry mixed conifer forests 

in the Klamath Mountains and eastern Cascades, mixed evergreen forests, and cold forests at high 

elevations – faced the greatest fire activity in terms of total area burned. Dry mixed conifer forests 

and relatively rare, culturally important dry forest types such as pine-oak forests and oak woodlands 

were most severely impacted in terms of proportion of total forest extent burned at high severity. 

While the moist forest zone had relatively small area burned compared to dry forests, recent fires 
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including the 2020 wildfires in western Oregon resulted in a large-scale erosion of forest cover, 

particularly in LSRs, with a substantial or complete loss of forest cover in smaller networks of 

reserves. Our results have important implications for NWFP revisions aimed at integrating adaptive 

management. We suggest that adapting the design and management of reserves, increased pre- and 

post-fire forest restoration activities, expansion of wildland fire use, and identification of adaptive 

management ‘triggers’ will be necessary to achieve Plan goals.   
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3.7 APPENDIX B: SUPPLEMENTARY MATERIAL 

Table 3.4. Crosswalk of major forest types used to evaluate patterns of severity based on 
LANDFIRE Biophysical Settings potential vegetation types (Rollins and Frame, 2006). Note 
that not all forest types within this table have necessarily burned in recent fires and may not be 
included in models. nwCA = northwest California. 

Major Forest Type LANDFIRE BPS Name Hectares 

 Cold forests and meadows 

North Pacific Mountain Hemlock Forest-Wet 295,234 

Mediterranean California Red Fir Forest 290,109 

North Pacific Mountain Hemlock Forest-Xeric 251,349 

Northern Rocky Mountain Subalpine Woodland and Parkland 97,939 

Rocky Mountain Subalpine Mesic-Wet Spruce-Fir Forest and 
Woodland 90,976 

Klamath-Siskiyou Upper Montane Serpentine Mixed Conifer 
Woodland 83,410 

North Pacific Maritime Mesic Subalpine Parkland 71,651 

Rocky Mountain Poor-Site Lodgepole Pine Forest 44,185 

Rocky Mountain Subalpine Dry-Mesic Spruce-Fir Forest and 
Woodland 18,718 

Northern California Mesic Subalpine Woodland 12,799 

Mediterranean California Subalpine Woodland 2,398 

Sierra Nevada Subalpine Lodgepole Pine Forest and Woodland 706 

 Cascade dry mixed conifer 

Northern Rocky Mountain Dry-Mesic Montane Mixed Conifer Forest 350,319 

North Pacific Dry Douglas-fir(-Madrone) Forest and Woodland 27,960 

Northern Rocky Mountain Foothill Conifer Wooded Steppe 630 

 Hardwood Rocky Mountain Aspen Forest and Woodland 224 

 Moist conifer forest /  
 rainforest 

North Pacific Mesic Western Hemlock-Silver Fir Forest 779,418 

North Pacific Maritime Mesic-Wet Douglas-fir-Western Hemlock 
Forest 778,483 

North Pacific Hypermaritime Western Red-cedar-Western Hemlock 
Forest 148,083 

North Pacific Hypermaritime Sitka Spruce Forest 83,408 
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 Moist mixed conifer 

North Pacific Maritime Dry-Mesic Douglas-fir-Western Hemlock 
Forest 854,593 
North Pacific Dry-Mesic Silver Fir-Western Hemlock-Douglas-fir 
Forest 509,861 

East Cascades Mesic Montane Mixed-Conifer Forest and Woodland 323,080 

 Non-forest / other 

Barren-Rock/Sand/Clay 217,800 

North Pacific Dry and Mesic Alpine Dwarf-Shrubland or Fell-field or 
Meadow 98,760 

California Montane Woodland and Chaparral 63,681 

North Pacific Alpine and Subalpine Dry Grassland 58,367 

Perennial Ice/Snow 57,017 

Northern and Central California Dry-Mesic Chaparral 35,510 

Open Water 34,691 

Northern California Coastal Scrub 17,601 

North Pacific Montane Shrubland 15,364 

California Mesic Chaparral 14,905 

Inter-Mountain Basins Big Sagebrush Steppe 13,998 

North Pacific Avalanche Chute Shrubland 13,000 

Columbia Plateau Steppe and Grassland 12,835 

North Pacific Montane Grassland 7,106 

North Pacific Swamp Systems 6,803 

North Pacific Sparsely Vegetated Systems 3,652 

Columbia Plateau Western Juniper Woodland and Savanna 3,048 

Inter-Mountain Basins Montane Sagebrush Steppe 2,515 

California Xeric Serpentine Chaparral 2,174 

Inter-Mountain Basins Curl-leaf Mountain Mahogany Woodland and 
Shrubland 2,093 

California Northern Coastal Grassland 1,484 

Inter-Mountain Basins Sparsely Vegetated Systems 1,197 

California Mesic Serpentine Grassland 947 

Rocky Mountain Alpine/Montane Sparsely Vegetated Systems 860 
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Inter-Mountain Basins Big Sagebrush Shrubland 725 

North Pacific Broadleaf Landslide Forest and Shrubland 637 

North Pacific Wooded Volcanic Flowage 530 

Mediterranean California Sparsely Vegetated Systems 357 

Pacific Coastal Marsh Systems 352 

Columbia Plateau Low Sagebrush Steppe 288 

Columbia Plateau Scabland Shrubland 241 

California Maritime Chaparral 154 

Mediterranean California Subalpine Meadow 110 

Northern Rocky Mountain Montane-Foothill Deciduous Shrubland 104 

Inter-Mountain Basins Greasewood Flat 38 

NoData 16 

Inter-Mountain Basins Semi-Desert Grassland 7 

Great Basin Pinyon-Juniper Woodland 6 

Great Basin Semi-Desert Chaparral 3 

Northern Rocky Mountain Lower Montane-Foothill-Valley Grassland 1 

nwCA mixed conifer 

Mediterranean California Mesic Mixed Conifer Forest and Woodland 876,457 

Mediterranean California Dry-Mesic Mixed Conifer Forest and 
Woodland 711,464 

Klamath-Siskiyou Lower Montane Serpentine Mixed Conifer 
Woodland 111,086 

California Coastal Redwood Forest 46,753 

Sierran-Intermontane Desert Western White Pine-White Fir Woodland 7,808 

California Coastal Closed-Cone Conifer Forest and Woodland 50 

 nwCA mixed evergreen 
Mediterranean California Mixed Evergreen Forest-Interior 545,205 

Mediterranean California Mixed Evergreen Forest-Coastal 88,624 

 Oak savannas, woodlands, and  
 forests 

Mediterranean California Mixed Oak Woodland 38,799 

North Pacific Oak Woodland 10,100 

Willamette Valley Upland Prairie and Savanna 5,338 

California Coastal Live Oak Woodland and Savanna 617 
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 Pine savannas, woodlands, and   
 forests 

Northern Rocky Mountain Ponderosa Pine Woodland and Savanna-
Mesic 56,715 

California Montane Jeffrey Pine(-Ponderosa Pine) Woodland 19,346 

Northern Rocky Mountain Ponderosa Pine Woodland and Savanna-
Xeric 4,963 

 Pine-oak woodlands 

Mediterranean California Lower Montane Black Oak-Conifer Forest 
and Woodland 91,104 

East Cascades Oak-Ponderosa Pine Forest and Woodland 27,161 

California Lower Montane Blue Oak-Foothill Pine Woodland and 
Savanna 23,315 

Klamath-Siskiyou Xeromorphic Serpentine Savanna and Chaparral 3,150 

 Riparian 

California Montane Riparian Systems 118,816 

North Pacific Lowland Riparian Forest and Shrubland 64,043 

North Pacific Montane Riparian Woodland and Shrubland-Wet 51,505 

North Pacific Montane Riparian Woodland and Shrubland-Dry 28,969 

Inter-Mountain Basins Montane Riparian Systems 10,415 

Rocky Mountain Montane Riparian Systems 186 
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CONCLUSION 

Fire severity – the magnitude of ecological change caused by fire, often measured as proportion 

of vegetation killed – is an important component of fire regimes that shapes forest structure, habitat, 

carbon storage, and forest resilience to climate and subsequent fire. In the last half century, climate 

change and changes in land use have resulted in significant shifts in fire severity across many regions 

of western North America, threatening the persistence of forests and the cultural, ecological, and 

economic values they provide. As such, developing adaptive management strategies aimed at 

increasing social and ecological resilience to wildfire requires evaluation of the causes and 

consequences of shifting fire effects, and a deeper understanding of both the management 

implications as well as management influences on recent severity trends. In this dissertation, I quantified 

changing spatial patterns, trends, and drivers of fire severity in hundreds of fires that have burned 

across California, Oregon, and Washington forests over the last several decades to inform adaptive 

management. The key findings from this dissertation are presented below.  

KEY FINDINGS 

In Chapter 1, I analyzed trends, spatial patterns, and cumulative impacts of fire severity in over 

1,800 wildfires to evaluate the role of large fires in shaping California forests. Observed increases in 

annual area burned over the last four decades have been met with steep trends in total annual core 

area burned at high severity, which may threaten post-fire tree regeneration and the persistence of 

forest cover under a warming climate (Coop et al., 2020). Recent large wildfires have had an outsized 

role in driving these trends – over the 36-year study period, the largest one percent of wildfires (n = 

18) were responsible for 58% of the total area burned at high severity. Large fires contained overall 

greater proportions of stand-replacing effects than smaller fires, and in some instances contained 
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single high severity patches as large as 20,000 hectares. These large patches may pose challenges to 

post-fire management to address the extensive tree mortality and risk of persistent ecotype 

conversion within them.   

While large fires had an outsized impact on high severity trends, they also accounted for a large 

proportion of the total area burned with low and moderate severity effects across the study area. 

Low and moderate severity fire can result in reduced understory fuel loads and thinning of fire-

intolerant trees, pushing closed canopy forests towards more open structural conditions associated 

with greater climate and wildfire resilience in dry forest types historically characterized by frequent 

fire (Kane et al., 2019). In California forests, 18 large wildfires accounted for 42% of the total area 

burned at low and moderate severity, which often burned in large patches over 1,000 hectares. In 

large low-to-moderate severity burn patches, managers could leverage the ‘work’ of these large 

wildfires (sensu Churchill et al., 2022) as an initial forest treatment to be followed by additional post-

fire treatments to remove remaining ladder fuels and create or accentuate heterogeneous spatial 

patterns of trees and forest openings.  

Chapter 2 of this dissertation evaluated drivers of fire severity to understand how existing forest 

management practices influenced fire effects in Sierra Nevada, northern California, Oregon, and 

Washington forests. I used a hierarchical modeling approach to first model severity at the individual 

fire level for hundreds of fires, then evaluated model results across the study area to assess general 

drivers of fire severity. Broad classes of land ownership and designation types – as a proxy for 

general management practices – had an important influence on fire severity and worked in concert 

with other bottom-up drivers to influence fire effects. Relative to other predictors describing pre-fire 

forest structure, topography, and fire weather, land ownership class was the strongest driver of 

severity at the scale of individual fire events, and moderated the importance of other drivers, even 
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within the same fire. Private industrial forest lands that had reached greater canopy closure and likely 

had greater fuel continuity prior to wildfire were typically associated with higher fire severity relative 

to other land ownership types. In multi-ownership landscapes – which characterize many forested 

areas across western North America – these results underscore the need for cohesive strategies that 

prioritize shared wildfire governance across administrative boundaries. 

Chapter 3 evaluated patterns and drivers of fire severity to inform adaptive management within 

the Northwest Forest Plan (NWFP), which specifies the management of federal forests across nearly 

10 million hectares in northern California, Oregon, and Washington. Forests across both moist and 

dry forest zones within the NWFP area have been shaped by over 2,200 wildfires between 1985 and 

2022, with increased trends in annual area burned and mean high severity patch size. Historically 

frequent-fire, dry forest types including mixed conifer forests, mixed evergreen forests, pine-oak 

woodlands, and oak woodlands have been most impacted by these trends – for example, in some 

areas, over half of the total extent of pine-oak woodlands have been affected by stand replacing fire.  

Management practices associated with continued fire suppression and departed forest conditions in 

frequent-fire forests were likewise associated with widespread areas of high severity fire effects. In 

the moist forest zone, total area burned was much lower compared to the dry forest zone, but recent 

wildfires – including the 2020 wildfires in western Oregon – contributed to the erosion of forest 

cover in large portions of late successional reserves.  

Weather was a prominent driver of fire severity at regional scales within the NWFP, but 

bottom-up variables associated with pre-fire forest structure, fuels, and topography exerted strong 

local controls. Large high severity patches across both moist and dry forest zones within the study 

area were often associated with top-down weather predictors such as wind velocity, but within 

smaller patches, variables such as topographic position, pre-fire canopy cover, and pre-fire biomass 
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often drove fire severity. These patterns were observed even within ecoregions where models 

indicated that weather variables were by far the most important drivers of fire severity; these results 

demonstrate that reliance on model variable importance alone to interpret drivers of fire severity can 

mask important signals at finer spatial scales or within smaller spatial domains. More broadly, the 

findings from this chapter suggest that across the area, adapting the design and management of 

existing reserves, increasing pre- and post-fire forest restoration activities, and implementing the use 

of managed wildfire will be necessary to achieve NWFP goals. 

BROADER IMPLICATIONS 

The observed trends, spatial patterns, and drivers of fire severity presented throughout this 

dissertation provide strong evidence that existing management approaches over much of the study 

area require revision to conserve forests under changing patterns of wildfire and accelerated climate 

change. In dry forest types that have been profoundly affected by stand-replacing fire, a key 

challenge for post-fire management will be addressing widespread tree mortality along with potential 

forest regeneration failures and ecotype conversions in large high severity patches. This will be 

especially critical under climate change, as future climate conditions may be untenable for restoring 

pre-fire forest structure and composition, and severe wildfire may catalyze sudden ecosystem 

changes (Coop et al., 2020; Stevens-Rumann et al., 2022).  

Concomitant with the challenges presented by changing patterns of stand-replacing fire, recent 

trends also present a management opportunity to leverage low-to-moderate severity fire effects as an 

initial forest ‘treatment’, especially as much of the broader study area remains in an overall fire 

deficit, and the current pace and scale of restoration treatments such as prescribed burning and 

mechanical thinning are generally below the levels needed to restore fire-prone forests across the 

broader region (Hagmann et al., 2021; Kolden, 2019; North et al., 2015). Adopting the use of 
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managed wildfire as an official policy and expanding its use under moderate weather conditions can 

maximize the ecological benefits of fire and serve as an important tool to support forest climate 

adaptation. Analyzing locally dominant drivers of severity at the pixel-scale – an emerging approach 

demonstrated in Chapter 3 – can provide important context about where bottom-up controls may 

mitigate fire severity outside of extreme, wind-driven burn days and inform where expanded 

managed wildfire use may be most effective. In dry forests, frequent managed wildfires can serve as 

a climate adaptation strategy to support the restoration of historically fire-resilient forest structure 

and composition (Chamberlain et al., 2023; Larson et al., 2013). In moist forests, managed wildfire 

under moderate conditions has been suggested as a tool to restore landscape diversity, heterogenous 

mosaics of forest cover, and early successional habitat, though the long-term climate adaptation 

benefits of managed wildfire are less clear than in dry forests (Halofsky et al., 2018).  

Finally, implementing cohesive, cross-jurisdictional management strategies that prioritize long-

term perspectives on forest management will be key to adapting forests to future conditions. A key 

novel finding of this dissertation is that management approaches tied to different land ownerships 

and land use allocations have strong influences on fire severity across a range of pre-fire 

environments, which has important implications for broad-scale forest management. Specifically, 

many fire-prone landscapes of the study region consist of multiple landowners with conflicting 

management objectives that prioritize short-term risk aversion (for example, fire suppression to 

protect property and commercial assets) over conducting forest restoration and fuel treatments that 

reduce long-term risk exposure to severe wildfire (Fischer et al., 2016). Because fires do not adhere 

to administrative boundaries, collaborations across ownerships and adaptive management of whole 

landscapes will be critical to improving wildfire outcomes. Under a more fire-prone future, analyzing 
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the changing spatial patterns and drivers of fire severity across these ownerships will be an 

important tool for prioritizing and developing cohesive post-fire management strategies.   

DIRECTIONS FOR FUTURE RESEARCH  

This dissertation advances several lines of research within the field of landscape fire ecology. 

However, several key knowledge gaps remain that should be addressed in future work. First, it 

remains unclear what long-term ecological outcomes will be in large, contiguous areas recently 

affected by stand-replacing fire. While empirical studies and simulation models can provide insights 

into what successional dynamics may occur in these areas, future research to monitor and evaluate 

post-fire trajectories in large high severity patches is warranted to provide a deeper understanding of 

stand-replacing fire effects under a warming climate. Likewise, the degree to which current fire 

severity mapping protocols capture post-fire delayed tree mortality remains poorly understood. 

Quantifying this uncertainty is an emerging area of research (Busby et al., 2024; Reilly et al., 2023). 

Additionally, while previous studies have associated low and moderate severity fire effects with 

creating and maintaining fire- and climate-resilient forest structures in frequent-fire forests 

(Chamberlain et al., 2023; Jeronimo et al., 2019; Kane et al., 2019), remotely sensed measurements of 

moderate severity can capture a range of post-fire changes, tree mortality, and vegetation conditions 

(Furniss et al., 2020). Similarly, measurements of fire severity can be sensitive to pre-fire canopy 

cover (Miller and Thode, 2007) and topographic setting (Harvey et al., 2019). Calibrating satellite-

derived measurements of fire severity with information on pre-fire forest conditions and field plots 

to refine fire severity measurements is a critical research need to improve our understanding of fire 

effects. This is a research area where I, along with several others in the scientific community, intend 

to focus my efforts.  
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Finally, as demonstrated in this dissertation, evaluating fire severity is a critical component to 

developing adaptive management strategies. Despite the wealth of information the research 

community now has on past fire events, new fires will always occur, and may burn under unique 

forest conditions, following unique disturbance interactions, or under novel future climates. As such, 

understanding spatial patterns, trends, and drivers of fire severity will remain an important research 

endeavor in a disturbance-prone future under climate change. 
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