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ABSTRACT

EVALUATING THE IMPACTS OF FUEL TREATMENTS ON BURN SEVERITY ACROSS

THE FRONT RANGE

Understanding how wildland fuel treatments interact with more frequent extreme wildfire
events is an increasingly pressing issue. Quantifying the effectiveness of fuel treatments is
difficult for many reasons including dynamics between treatment type, time since treatment,
weather, climate, the fuels present, and topography. This study investigated wildfires along the
Front Range from southern Wyoming to northern New Mexico to evaluate under what conditions
treatments reduce the ecological impacts of fire, as measured by remotely sensed burn severity.
We first evaluated methods and metrics to measure burn severity on the Front Range landscape.
We found the Parks et al. (2018) Google Earth Engine (GEE) method and the relativized burn
ratio (RBR) to have the highest correlation with field data. Additionally, the GEE method
provided the advantage of allowing us to include small wildfires, which have historically been
underrepresented in the data. We then determined (1) factors influencing the relationship
between treatments and burn severity, (2) how burn severity differed across forest and treatment
types, and (3) how extreme fire weather conditions influenced burn severity across treatment
types. Across the Front Range, lower elevation forest types burned at lower severities compared
to higher elevation forest types. Treatment effects varied across forest types but treatments
generally had lower burn severity in lower elevation forest types compared to spruce — fir and

lodgepole pine forests. Areas that previously experienced low to moderate severity wildfire had

i



the lowest burn severity outcomes across forest types and in extreme conditions. Intentional
surface fuels reduction treatments (i.e. prescribed fire, removal plus surface fuel reduction, and
removal plus fire) had a relatively minor impact across our study area. That said during non-
extreme conditions, treatments that included previous fire (prescribed burning or low to
moderate severity wildfire) had lower subsequent burn severities. Higher elevation forests
(spruce — fir and lodgepole pine) burned at high severity regardless of intentional treatment
effect. This better understanding of the outcomes of treatment efforts will help land managers
strategically utilize resources and employ adaptive management strategies that account for

changing wildfires.
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CHAPTER 1: INTRODUCTION

The compounding effects of fire suppression and climate change have left forested
ecosystems in western North America vulnerable to catastrophic wildfire (Abatzoglou &
Williams, 2016; Collins, 2014; Hagmann et al., 2021). To combat the wildfire crisis, there is a
pressing need to understand how land management activities that modify fuels influence post-fire
outcomes (Hessburg et al., 2021). Of the components driving fire behavior, fuel reduction has
been shown to be an effective strategy for mitigating wildfire severity (Davis et al., 2024; Kalies
& Yocom Kent, 2016; Stephens et al., 2012). However, implementing and assessing the effects of
fuels treatments is complex due to the dynamic interactions between treatments, fire behavior,
and landscape conditions (Vorster et al., 2024).

Previous studies on treatment effectiveness have found that treatments reducing canopy
fuels through thinning and surface fuels through burning are generally successful in moderating
subsequent burn severity (Davis et al., 2024; Kalies & Yocom Kent, 2016; Stephens et al., 2012).
Much of this research has focused on lower-elevation, dry conifer forests with historically
frequent, low severity fire regimes (Davis et al., 2024; Kalies & Yocom Kent, 2016). Less is
known about treatment effectiveness in higher elevation forests (Davis et al., 2024). The Front
Range of southern Wyoming to northern New Mexico contains a range of bioclimatic conditions
resulting in various forest types that are interacting with wildfire.

The overarching goal of this project was to evaluate treatment effects along the Front
Range to determine how treatments interact with wildfire on this landscape. To conduct this
analysis at a landscape scale, we relied on spatial data to represent factors influencing fire
behavior and fuel treatments. Given this approach, we needed to ensure our response variable,

burn severity, accurately captured the ecological impacts of wildfire in our study area. While
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remotely sensed burn severity metrics are widely used to assess fire effects over large spatial
extents (Parks et al., 2014), differences in processing methods and burn severity indices can
influence how fire impacts are interpreted (Cansler & McKenzie, 2012; Furniss et al., 2020;
Kurbanov et al., 2022; Soverel et al., 2010). Thus, before investigating treatment effects in
Chapter 3, we first determined the most appropriate method and index for quantifying burn
severity on the Front Range.

In Chapter 2, we evaluated different processing methods and burn severity indices to
identify the most suitable approach for this landscape. By first ensuring that our burn severity
metric was appropriate for our study area, we were able to address our main research questions
surrounding treatment effects. Chapter 3 examines how various factors, including fire weather,
climatic, topographic, and fuel conditions, interacted with intentional and wildfire treatments to
influence burn severity. We assess how treatments modify fire severity across different forest
types, the degree to which treatment effects vary under extreme fire weather, and the interactions
between treatments and fire behavior variables.

The results of this thesis provide insight into how treatments can mitigate the negative
ecological impacts of severe wildfire. By expanding our understanding of treatment effects on
the Front Range—a pyro-diverse landscape often overlooked in the literature—we aim to
provide more information for land managers. As wildfire activity intensifies, these findings

contribute to establishing more resilient, fire-adapted landscapes and communities.
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CHAPTER 2: ASSESSING BURN SEVERITY INDICES AND METHODS ON THE FRONT

RANGE

2.1. Introduction

After a wildfire, there is a need to understand ecosystem impacts particularly on
vegetation and soils. Burn severity influences key ecological traits and processes, including
landscape heterogeneity, soil erosion, nutrient cycling, wildlife habitat, and successional
trajectories (McKenzie et al., 2011). By quantifying burn severity, researchers can evaluate the
effects of wildfires on ecosystem health and recovery dynamics (Key & Benson, 2006; Keeley,
2009; McKenzie et al., 2011). Understanding burn severity also informs post-fire management
decisions, such as erosion control efforts, reforestation strategies, habitat restoration, and
implementation of future fuels treatments (Keeley, 2009; Long et al., 2014). Burn severity can be
measured through field-based assessments or remote sensing techniques; each method provides
advantages for capturing wildfire effects at different scales.

Multispectral-derived burn severity indices are widely used in wildfire research because
they can detect wildfire-induced changes over large spatial scales (Parks et al., 2014). The
alternative to remotely sensed burn severity data is collecting field-based measurements which is
time consuming and costly. The composite burn index (CBI) is a commonly-used field method
that measures the average burn conditions of a stand one year post fire (Key & Benson, 2006).
CBI measurements account for various aspects of burn severity, including surface fuel
consumption, soil char, vegetation mortality, and tree scorching, using a scale of 0 (no fire-
related change) to 3 (high fire-related change) (Key & Benson, 2006). Remotely sensed burn

severity is typically strongly correlated to these field-based CBI measurements (Holden et al.,



2009; Parks et al., 2014; Soverel et al., 2010) allowing researchers to validate remotely sensed
data.

In the U.S., wildfire research often relies on the Monitoring Trends in Burn Severity
(MTBS) program, which provides a database of burn severity metrics for all wildfires since 1984
larger than 400 hectares (Eidenshink et al., 2007). MTBS metrics are derived by manually
selecting one high quality, cloud-free pre-fire and one post-fire Landsat image. Publicly available
burn severity indices from MTBS include the normalized burn ratio (NBR), the delta normalized
burn ratio (ANBR), and the relativized delta normalized burn ratio (RdANBR)
(https://www.mtbs.gov/direct-download). In 2018, Parks et al. released a method to compute
Landsat-based fire severity metrics using Google Earth Engine (GEE). GEE is a cloud based
geospatial analysis platform that allows users to access and process satellite imagery and
geospatial datasets. The Parks et al., (2018) GEE method (hereafter, GEE method) uses a pre-fire
and post-fire mean composite of all pixels in a fire season window to derive burn severity
metrics. With minor modifications to the GEE script, users can derive NBR, dNBR, RANBR, and
relativized burn ratio (RBR) indices. Users can derive indices for any wildfire, including those
less than 400 hectares.

The burn severity metrics AINBR and RBR are widely used in wildfire research; many
studies pick one metric over the other because of better correlation with field data (e.g.
Fernandez-Guisuraga et al., 2023; Prichard et al., 2020) and/or accessibility of data (Finco et al.,
2012). dNBR is the difference of pre-fire NBR and post-fire NBR and was developed to detect
changes in vegetation and soil conditions following wildfire (Eq. (1); Key & Benson, 2006).
RBR was developed to improve upon the relativized delta normalized burn ratio (RANBR), by

addressing some of the issues in the RANBR equation (Eq. (2); Parks et al., 2014). Both metrics



have been criticized, and debate continues over whether relativized indices (e.g., RBR) offer a
meaningful improvement over absolute indices (e.g., ANBR) in quantifying burn severity
(Cansler & McKenzie, 2012; Furniss et al., 2020; Kurbanov et al., 2022; Soverel et al., 2010).
On the Front Range, there are minimal studies and consensus of the strength of using one metric

over the other.

dNBR = (NBRyre—fire — NBRyost—sire) X 1000 (1)

dNBR
RBR = (NBRpre_fire+1.001) (2)

Many studies have compared burn severity indices and methods; however, these studies
were conducted in regions with different biophysical settings and forest types compared to the
Front Range. For example, Fernandez-Guisuraga et al. (2023) found that RBR better fit CBI field
data in Mediterranean mature broadleaf and conifer forests, as well as shrublands, where fuel
continuity and vegetation structure differ from the montane forests of the Front Range. Parks et
al. (2014) found that RBR correlated more strongly with CBI data in coniferous and mixed
broadleaf-coniferous forests across the western U.S., where fire regimes and moisture
availability vary widely. Similarly, Prichard et al. (2020) found that RBR performed best in
mixed-conifer forests in north-central Washington State, including Engelmann spruce—subalpine
fir, lodgepole pine, moist mixed-conifer, ponderosa pine, and shrubland ecosystems, which differ
from the drier, lower-elevation forests of the Front Range. Because the Front Range possesses a
unique spread of fire regimes there is a need to determine an appropriate index for a landscape
level analysis of the ecological impacts of wildfire. In this study, we aimed to determine the most
appropriate method and burn severity metric for studying the ecological impacts of wildfire on

the Front Range.



2.2. Methods

We evaluated remotely sensed burn severity methods and metrics for wildfires that

occurred from southern Wyoming to northern New Mexico. Using a random selection process,

we identified ten wildfires larger than 400 hectares within our study area (Fig. 2.1).
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Fig. 2.1. Study area map including wildfires of interest (right), mapped relativized burn ratio
(RBR) burn severity, and composite burn index (CBI) points for the Cameron Peak and Calwood

fires (left).

For MTBS data, we downloaded individual fire INBR indices from the MTBS web

portal (Eidenshink et al., 2007). For GEE data, we created shapefiles of wildfire perimeters and

used a modified GEE script (Parks et al., 2018) to extract INBR and RBR indices. We did not

compare methods to derive RANBR because the metric was less prevalent in the literature. We



set fire season dates to the recommended period for forests in the southern Rockies (Day of Year:
152-258; Parks et al., 2019). Field-based CBI data was collected in the Cameron Peak and
Calwood fires for 10 m radius plots during the summer of 2021 (Fig. 2.1; Twaddell, 2023;
Vorster et al., 2024). The Cameron Peak data was collected to capture a range of vegetation
types, burn severities, and elevations (Vorster et al., 2024), while the Calwood data, collected at
lower elevations, focused on paired treated and untreated areas, representing a narrower range of
vegetation types and conditions (Twaddell, 2023).

To assess differences between MTBS and GEE derived values, we calculated the percent
pixel agreement across the subset of wildfires. Agreement was determined by computing the
percent difference between corresponding MTBS and GEE raster values, with pixels considered
in agreement if the percent difference was <20%. We then calculated the total percentage of
pixels within each wildfire perimeter that met this threshold. If <80% of pixels in a fire agreed,
we classified the difference between MTBS and GEE methods as meaningful.

We compared the distributions of all pixels within the Cameron Peak and Calwood fires
by constructing histograms for MTBS dNBR, GEE dNBR, and GEE RBR. To evaluate how well
remotely sensed indices correlated with field data, we extracted pixel values at CBI plot
coordinates using the extract function in the terra R package (Hijmans, 2024). We then
performed linear regressions to assess the relationship between field-measured CBI and remotely
sensed burn severity indices. All analyses were performed using R Statistical Software (v4.3.3; R
Core Team, 2024).

2.3. Results & Discussion
MTBS and GEE dNBR values were meaningfully different across all randomly selected

fires (Table 2.1). The highest percent pixel agreement occurred in the East Troublesome fire,
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although this was still low (21.4%). Across the ten fires, MTBS dNBR had consistently higher
maximum values (8/10 fires) and lower minimum values (10/10 fires) suggesting the MTBS
method captured more extreme burn severity values compared to the GEE method. Parks et al.
(2018) also concluded that the GEE mean composite method likely reduced pre- and post-fire
scene mismatches and image characteristic biases that could result in extreme values.

Table 2.1

Monitoring Trends in Burn Severity (MTBS) and Google Earth Engine (GEE) delta normalized
burn ratio (ANBR) value comparisons for ten randomly selected fires.

Pixel Minimum Value = Maximum Value
. Agreement
Fire Name (%) MTBS GEE MTBS GEE
East Troublesome 21.4 -969 -284 1181 1217
Hayman 20.4 -1186 -202 1327 1017
Cameron Peak 16.1 -1000 -562 1141 1185
Hayden Pass 14.6 -282 -118 1039 879
Calwood 11.1 -421 -231 1086 976
Pacheco 9.2 -858 -84 1605 1002
Borrego 8.6 -420 -40 991 949
Fourmile Canyon 7.1 -187 -109 947 930
Overland 6.1 -502 -237 1013 832
Big Elk 5.4 -425 -105 1106 933
Wetmore 2.4 -332 -151 867 784

We observed differences in the distributions of MTBS dNBR, GEE dNBR, and GEE
RBR values for the Cameron Peak and Calwood fires. The Cameron Peak MTBS dNBR
distribution (Fig. 2.2A) has a broader range (Range: -1000 — 1141), with a pronounced peak near
zero and more values in the negative range. In contrast, the GEE dNBR distribution (Fig. 2.2B)
has a narrower spread (Range: -282 — 1185) and a more even distribution of pixel values across
the range, with few values below zero. The GEE RBR distribution (Fig. 2.2C) has a similar range
to GEE dNBR (Range: -698 — 708) but shows a higher frequency of values in the moderate

severity range.
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Fig. 2.2. Histograms of all pixel values for burn severity metrics in the Cameron Peak and
Calwood fires. (A) Cameron Peak Monitoring Trends in Burn Severity (MTBS) delta normalized
burn ratio (ANBR), (B) Cameron Peak Google Earth Engine (GEE) dNBR, (C) Cameron Peak
GEE relativized burn ratio (RBR), (D) Calwood MTBS dNBR, (E) Calwood GEE dNBR, and

(F) Calwood GEE RBR.

The Calwood MTBS dNBR distribution (Fig. 2.2D) is slightly broader (Range: -421 —

1086), with a more even spread of pixel values across the range, whereas the GEE dNBR

distribution (Fig. 2.2E) has a narrower spread (Range: -231 — 976) and a more pronounced peak

near zero. In contrast, the GEE RBR distribution (Fig. 2.2F) is even narrower (Range: -199 —

594), with a higher frequency of values in the moderate severity range. Both fires exhibited

similar trends in pixel value distributions across the three burn severity metrics. The

concentration of GEE RBR values for both fires is likely because the RBR equation does not
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result in extremely high or low values when pre-fire NBR is near zero and the values are
relativized (Parks et al., 2014).

The low agreement percentages and difference in distribution shape and spread suggested
that MTBS and GEE dNBR indices may not be interchangeable and highlighted the need to
evaluate their performance with field data. We also decided to evaluate RBR because it
incorporates the ANBRoset, which accounts for differences in pre- and post-fire imagery caused
by variations in phenology or precipitation. Previous studies have recommended using metrics
that include the dNBRosrset when comparing across fires to address these differences (Miller &
Thode, 2007; Parks et al., 2014). However, we were unable to compare GEE-derived RBR to
MTBS because MTBS does not produce RBR as a data product.

The linear regression models evaluating the relationship between remotely sensed burn
severity indices and CBI revealed that the GEE method outperformed the MTBS method. For the
Cameron peak fire, MTBS dNBR had a moderate correlation with CBI (R? =0.55, RMSE =
0.65; Fig. 2.3A), while GEE dNBR had a stronger correlation with CBI (R? = 0.62, RMSE =
0.59; Fig. 2.3B). We observed GEE RBR had the strongest correlation with CBI (R? = 0.68,
RMSE = 0.54; Fig. 2.3C). Similarly, in the Calwood fire, MTBS dNBR showed the weakest
correlation with CBI (R?=0.37, RMSE = 0.54; Fig. 2.3D), while GEE dNBR improved on this
relationship (R? = 0.53, RMSE = 0.47; Fig. 2.3E). Again, GEE RBR had the highest correlation

with CBI (R2 = 0.56, RMSE = 0.45; Fig. 2.3F).
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Fig. 2.3. Scatter plots of composite burn index (CBI) versus remotely sensed burn severity
indices for the Cameron Peak (n = 169) and Calwood (n = 79) fires. (A) Cameron Peak
Monitoring Trends in Burn Severity (MTBS) delta normalized burn ratio (AINBR), (B) Cameron
Peak Google Earth Engine (GEE) dNBR, (C) Cameron Peak GEE relativized burn ratio (RBR),
(D) Calwood MTBS dNBR, (E) Calwood GEE dNBR, and (F) Calwood GEE RBR.

Overall, these results suggest that the GEE method, particularly RBR, may offer a more
accurate representation of burn severity compared to MTBS dNBR. Other studies have also
found RBR correlates more strongly with field-based CBI than other remotely sensed burn
severity metrics (Fernandez-Guisuraga et al., 2023; Parks et al., 2014; Prichard et al., 2020;
Vorster et al., 2024) and improves spatial accuracy in areas with low to moderate burn severity
(Furniss et al., 2020; Parks et al., 2014). Furniss et al. (2020) found that RANBR and RBR were

not consistently better than dNBR in a singular fire but supported that when applied to a spatial
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scale with greater variability in biophysical setting the relativized indices likely enhances
accuracy.

We adopted the fire season window from Parks et al. (2019) for our study area; however,
their study focused on states adjacent to, but not including, Colorado and New Mexico. While
there is likely some overlap, the large variety of fire regimes within our study area make it
uncertain whether this fire season window is the most appropriate. Future studies could refine
this approach by tailoring the fire season window to better reflect regional wildfire patterns when
creating image composites.

While the GEE method is relatively user-friendly it requires some proficiency in
understanding and modifying code. Users must upload a shapefile in the correct format, modify
fire season dates, and make other minor modifications to produce accurate indices. To make the
GEE method more accessible, especially for managers with limited capacity to build proficiency
in a new platform, the creation of a tutorial or a graphical user interface (GUI) would be
beneficial. Additionally, unlike the MTBS method, the GEE method does not have built in data
verification or validation, placing the responsibility on the user to understand the code and
ensure metrics are accurately produced.

2.4. Conclusion

Overall, we found that MTBS and GEE derived burn severity metrics differed
meaningfully across all ten fires we compared, with GEE derived RBR showing the strongest
correlation with field data. The GEE method offers greater flexibility, allowing users to generate
burn severity maps for fires smaller than 400 hectares, thereby enabling the inclusion of smaller
fires in burn severity analyses (Parks et al., 2018). This study provides further support for the

GEE compositing method and the use of the ANBRGofset in improving correlations with field-
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based burn severity measurements. While our results were consistent across the Cameron Peak
and Calwood fires, researchers should carefully consider the biophysical characteristics of their

study area and validate the most appropriate metric for their specific context.
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CHAPTER 3: EVALUATING THE IMPACTS OF FUEL TREATMENTS ON BURN

SEVERITY ACROSS THE FRONT RANGE

3.1. Introduction

Contemporary Western North American forested ecosystems have uncharacteristically
high fuel loads (Hagmann et al., 2021), warmer and drier climatic conditions that increase fuel
aridity (Abatzoglou & Williams, 2016), and increased probability of extreme fire weather
conditions (Collins, 2014). Many forests are experiencing shifts in historical fire regimes due to
fire suppression policies, land use changes, and/or changing climate (Collins et al., 2019;
Fernandez-Guisuraga & Fernandes, 2024; Moreira et al., 2020; Tolhurst & McCarthy, 2016;
Whitman et al., 2019). To address the wildfire crisis, there are increasing calls to implement
proactive management to mitigate the negative effects of recent wildfire events and better
prepare landscapes for future wildfires (Hessburg et al., 2021). Forest treatments, including those
aimed at restoration or fuels reduction, modify the composition, structure, and distribution of
vegetation on the landscape to achieve various management goals. Fuels reduction treatments
focus on decreasing the amount and continuity of fuels, whereas, restoration treatments, often
including fuel reduction, focus on shifting species composition and spatial patterns to better
reflect historical forest structure (Stephens et al., 2020). While objectives between reduction and
restoration treatments vary, they include reducing wildfire severity, mitigating infrastructure
loss, improving safety in suppression operations, and/or promoting resilient forests on fire
adapted landscapes (Davis et al., 2024).

Despite these common goals, details on how land managers should implement treatments

to promote the best post-wildfire outcomes for people and forests remains complicated,
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especially in heterogeneous landscapes. In western North America, the US Forest Service has
called for an increase in the pace and scale of wildland fuel treatments (USDA Forest Service,
2022), yet this is a resource intensive, complex task due to the strategic and operational obstacles
related to treatment implementation (North et al., 2012; Woolsey et al., 2024). These constraints
include lack of infrastructure, funding limitations, and management restrictions (Collins et al.,
2010). In addition to implementation challenges, treatments are often designed to mitigate fire
effects under specific conditions, such as 95% fire weather, yet many recent wildfires are
burning under conditions that exceed what the treatments were designed to handle (Vorster et al.,
2024). Furthermore, it is difficult to quantify treatment effectiveness because of dynamics
between treatment type, time since treatment, fire weather, climate, the fuels and vegetation
present, topography, fire dynamics, suppression actions, and landscape condition.

Although these challenges persist, there is gathering consensus that treatments that focus
on reducing canopy fuels through thinning and surface fuels through burning can minimize burn
severity under all but the most extreme fire weather conditions (Davis et al., 2024; Kalies &
Yocom Kent, 2016; Stephens et al., 2012). In general, studies have found fuel treatments that
reduce surface fuels through burning (e.g., past wildfires, prescribed burns and thinning, or clear-
cutting with prescribed understory or broadcast burns) are more effective at reducing burn
severity compared to treatments that only thin or thin and pile burn (Cansler et al., 2022;
Chamberlain et al., 2024; Fulé et al., 2012; Prichard et al., 2020; Stephens et al., 2012).
However, there are also many locations where high fuel loads prevent the use of burning without
thinning (Addington et al., 2020). The efficacy of the combination of thinning and prescribed
burning can be attributed to reducing surface and ladder fuels and intermediate sized trees,

reducing the risk of active crown fire (Agee & Skinner, 2005; Stephens et al., 2012).
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Management actions have been concentrated in lower elevation, dry forests with
historically low and mixed severity fire regimes (Davis et al., 2024; Kalies & Yocom Kent,
2016) but there is an increasing need to understand how fuel treatments impact forests at higher
elevations with historically mixed to high severity fire regimes. Common treatments in
ponderosa pine (Pinus ponderosa) and mixed-conifer forests include mechanical or hand
thinning, prescribed burning, pile burning, previous wildfire, and the combination of these
prescriptions (Addington et al., 2018). These are often implemented to reduce fuel loads and
decrease stand density and basal area to pre-European settlement densities. Treatments in
lodgepole pine (Pinus contorta) and spruce — fir (i.e. Picea engelmannii and Abies lasiocarpa)
forests are often implemented for other management goals and include clear cuts, patch cuts,
group selection, and previous wildfire (Hood et al., 2012). Most treatment effectiveness studies
have been conducted in forest types with low to mixed severity fire regimes (Davis et al., 2024).
It is unclear if treatments in subalpine forests that remove or rearrange fuel are effective at
reducing burn severity, especially since subalpine forests have fewer fire adapted trees, different
fuel structures, and different rates of fuel accumulation (Davis et al., 2024).

Fire weather can also impact the effect of a treatment, but knowledge gaps remain in
understanding to what degree and under what conditions treatments remain effective. Extreme
fire weather—characterized by high wind speeds, elevated temperatures, and low relative
humidity—often leads to rapid fire spreading, overwhelming suppression efforts, endangering
lives and property, and causing long-term ecological damage (Calkin et al., 2015; Duane et al.,
2021; Tedim et al., 2020). Under extreme conditions, studies have found thinning treatments to
be less effective compared to treatments that included burning, likely because thinning does not

consume surface fuels and covers a smaller area (Chamberlain et al., 2024; Lydersen et al., 2017;
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Prichard et al., 2020; Taylor et al., 2022). Studies have also found, treatments that include fire
and are sufficiently intense (i.e. reduce basal area and consume surface fuels) are still effective in
extreme conditions (Chamberlain et al., 2024; Taylor et al., 2022; Walker et al., 2018). With fires
more commonly burning under extreme conditions (Coop et al., 2022), additional research is
needed on the impacts of weather conditions on severity and treatment's ability to maintain
reductions in burn severity.

Recent wildfires along the Front Range of Colorado and northern New Mexico are
increasing in size and severity (Abatzoglou & Williams, 2016; Coop et al., 2022), yielding
negative ecological outcomes (Rodman et al., 2022). Some of these large-scale fires with days of
extreme fire spread burned through multiple forest types with different treatments, thus there is a
need to examine where treatments are being implemented, what kind of treatments are occurring,
and how those treatments interact with wildfire. A growing body of work has begun to address
treatment effectiveness at the treatment, local, and landscape levels (e.g., Davis et al., 2024;
Kalies & Yocom Kent, 2016; Martinson & Omi, 2013); however, studies investigating fire-
treatment interactions within the ecologically and pyro-diverse, fire prone Front Range landscape
are limited. That said, existing research in this region has found thinning with prescribed fire
(Omi & Martinson, 2002; Omi et al., 2006; Petrakis et al., 2018; Vorster et al., 2024), prescribed
fire (Arkle et al., 2012), and previous wildfire (Parks et al., 2014a; Petrakis et al., 2018) reduce
subsequent fire severity, providing insight into how treatments may perform under varying
wildfire conditions.

We investigated wildfires from southern Wyoming to northern New Mexico that burned
from 2002-2022 to evaluate under what fire weather, climatic, topographic, and fuel conditions

intentional and wildfire treatments reduce the ecological impacts of fire as measured by burn
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severity. Our research aimed to answer: (1) what factors influence how and when treatments
modify burn severity, (2) how do burn severity outcomes differ across forest and treatment types,
and (3) how do extreme fire conditions influence burn severity within treatment types?

3.2. Methods

3.2.1. Study area

In this study, we focused on wildfires with treatment interactions along the Front Range
of the southern Rocky Mountains from southern Wyoming to northern New Mexico (Fig. 3.1). In
2022, the USDA Forest Service (USFS) identified ten priority landscapes throughout the United
States that are experiencing an increased risk of severe fire, negative ecological outcomes, and
threats to community infrastructure and property (USDA Forest Service, 2022). The Colorado

Front Range and New Mexico Enchanted Circle were identified as two of these landscapes.
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Fig. 3.1. Map of Front Range study area showing wildfires with treatment interactions and
dominant forest types.
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The forested ecosystems of the Front Range span an elevational gradient of about 5,600
to 11,500 ft with variable bioclimatic and topographic conditions resulting in a range of forest
types (Peet et al., 1981). At lower elevations, ponderosa pine and mixed-conifer forests
historically experienced low and mixed severity, frequent fire regimes with a fire return interval
of 1 to 35 years (McKinney, 2019; Romme et al., 2003; Sherriff & Veblen, 2007). With
increasing elevation, mixed-conifer forests experienced longer fire return intervals (20 to > 100
years) and increased severity (i.e. Fulé et al., 2003; Hessburg et al., 2007; Tepley & Veblen,
2015). Spruce — fir and lodgepole pine forests are typically found above 8,000 ft and experienced
long fire return intervals and high severity stand replacing fire (Sherriff & Veblen, 2007; Veblen
et al., 2000). Spruce — fir experienced fire return intervals of a hundred to several hundred years
(e.g. Kipfmueller & Baker, 2000; Veblen et al., 1994; Howe & Baker, 2003; Sibold et al., 2006;
Veblen et al., 2000) and slow post-fire regeneration (~100 years) (Pelz, 2016). Whereas,
lodgepole pine experienced fire return intervals typically greater than a century (i.e. Veblen et al.,
1991; Whitlock et al., 2003) and quickly regenerated post fire (Tower, 1909; Clements, 1910).

Post-fire resilience in forests with high severity fire regimes was historically maintained
by landscape heterogeneity (e.g., non-forest and varying stand age) (Prichard et al., 2021)
whereas forests with frequent fire maintained lower surface fuel loading resulting in lower
severities (Addington et al., 2018). Because of the range of abiotic conditions on the landscape,
these forest types and associated fire regimes have established in a patchwork along the Front

Range.
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3.2.2. Data layers
3.2.2.1. Burn severity

For our burn severity response variable, we evaluated indices from the Monitoring Trends
in Burn Severity (MTBS) program (Eidenshink et al., 2007) and the composite Google Earth
Engine (GEE) method developed by Parks et al. (2018b). The Parks et al. (2018b) method was
better correlated to field based Composite Burn Index (CBI) measurements (Vorster et al., 2024)
and offered a flexible approach to deriving burn severity indices for fires less than 400 hectares,
allowing us to include small fires in our analysis. We used the Landsat-derived Relativized Burn
Ratio (RBR) because it has been shown to correlate more strongly with CBI compared to other
remotely sensed burn severity metrics (Parks et al., 2014b), while also improving spatial
accuracy in areas with low to moderate burn severity (Furniss et al., 2020; Parks et al., 2014b).
For each fire of interest, we derived RBR in GEE using a mean composite of pre- and post-fire
images using a modified script from Parks et al. (2018b). To derive the composite image
window, we set fire season dates to the recommended period for forests in the southern Rockies
(Day of Year: 152-258; Parks et al., 2019).
3.2.2.2. Treatment history

We utilized the common attributes layer from the Forest Service Activity Tracking
System (FACTS) database (USDA Forest Service, 2024) and previous wildfire extents from the
Colorado Forest Restoration Institute's (CFRI) interagency fire perimeter database (CFRI, 2023;
Fig. 3.2). Using FACTS and previous wildfire extents, we identified wildfires from 2002-2022
that burned through a previously treated area. This resulted in 72 wildfires ranging in size from
less than one hectare to 138,279 hectares. To account for potential forest change caused by

previous wildfires, we derived RBR in GEE (Parks et al., 2018b) then classified the RBR into
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binary categories, low to moderate (RBR < 298) and high severity (RBR > 298) (Parks et al.,

2018a).

Low-Moderate Severity Wildfire
High Severity Wildfire
Prescribed (Rx) Fire

Removal & Surface Redox

Fire & Removal

Hermits Peak/
Calf Canyon (2022)

Fig. 3.2. Wildfires demonstrating variability in treatment type and size in the study area. (A) The
Bobcat Powerline fire burned entirely within a previous wildfire extent resulting in two
treatments. (B) The Hermits Peak/Calf Canyon fire is the largest fire in the study area and
demonstrates how treatments are often concentrated in certain areas but can have a wider range
of treatment types.

We categorized the combined treatment data into five treatment types: low to moderate
severity wildfire, high severity wildfire, prescribed fire, removal and surface fuel reduction, and
fire and removal (Table 3.1; Fallon et al., 2024). Overlapping treatments were considered unique
treatments and all attributes were combined. Our final treatment variables included treatment

type, time since treatment, and treatment size (Table 3.2). Intentional fuels treatments are
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management actions designed to modify the amount and/or distribution of fuels, including

prescribed fire, removal and surface fuel reduction, and fire and removal treatments.

Table 3.1
Treatment type classifications for this study based on original Forest Service Activity Tracking
System (FACTS) treatment category and total area (hectares) of final treatment types.

Treatment Category Final Treatment Type Area (ha)

Wildfire Low to Moderate Severity 283,665
Wildfire

Wildfire High Severity Wildfire 32,563

Prescribed Fire Prescribed (Rx) Fire 6,839

Prescribed Fire & Rearrangement
Prescribed Fire & Surface Reduction
Prescribed Fire, Rearrangement, & Surface Reduction

Rearrangement & Removal Removal and/or Surface 28,916
Removal Fuel Reduction

Surface Reduction

Rearrangement & Surface Reduction

Rearrangement, Removal, & Surface Reduction

Removal & Surface Reduction

Low — Mod Wildfire & Removal Fire and Removal 1,376
Low — Mod Wildfire, Rearrangement, & Removal

Low — Mod Wildfire, Removal, & Surface Reduction

Low — Mod Wildfire, Rearrangement, Removal, &

Surface Reduction

Prescribed Fire & Removal

Prescribed Fire, Rearrangement, & Removal

Prescribed Fire, Removal, & Surface Reduction

Prescribed Fire, Rearrangement, Removal, & Surface
Reduction
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Table 3.2

List of predictor variables for the generalized linear mixed model (GLMM) model with variable

name, short description, and data source.

Variable

Description

Source

Treatment
Time Since Treatment

Treatment Type

Treatment Size
Topography
Elevation
Slope

Topographic Position
Index

Topographic Wetness
Index

Aspect

Terrain Roughness
Heat Load Index
(HLI)

Fuel

Canopy Cover
Forest Type

Fire Weather

Day-of-burning
Extreme Condition

Fire year minus year treatment was complete

(year)
Recategorized treatment data (see Table 3.1 for
categories)

Size of treatment polygon (m?). Calculated
using the expanse() function in the terra
package

Elevation (meters) from USGS digital
elevation model (DEM)

Slope angle of a pixel (degrees). Calculated
using the terrain() function in the ferra package
Difference between raster cell and
neighborhood elevation. Calculated using the
terrain() function in the ferra package

Moisture content of pixel based on topography.
Calculated using the wbt_wetness_index()
function in the whitebox package

Direction of slope face. Calculated using the
terrain() function in the ferra package
Elevation difference among cells. Calculated
using the terrain() function in the ferra package
Measure of solar radiation, accounts for how
slope steepness and aspect influence
temperature. Calculated using the hli() function
in the spatialEco package

NLCD vertically projected percent cover of the
live canopy layer for a specific area
Recategorized LANDFIRE Biophysical Setting
to treated forest types (see Table 3.3 for
categories)

Day fire burned a given pixel (Julian day)
Binary extreme (DOB area > 4,127 had'=1)
or not-extreme (DOB area < 4,127 ha d"'= 0)
condition
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CFRI, 2023; USDA Forest

Service, 2024

CFRI, 2023; USDA Forest

Service, 2024
Hijmans, 2024

U.S. Geological Survey,
2023

Hijmans, 2024
Hijmans, 2024

Lindsay, 2016; Wu &
Brown, 2022

Hijmans, 2024

Hijmans, 2024

Evans & Murphy, 2023

Housman et al., 2023

Rollins, 2009

Parks, 2014
Balik et al., 2024



Wind Speed Daily wind velocity (meters/second) at 10m Abatzoglou, 2013
from University of Idaho Gridded Surface
Meteorological Dataset (GRIDMET)

Max Temperature Daily maximum temperature (Kelvin) from Abatzoglou, 2013
GRIDMET

Min Relative Daily minimum relative humidity (%) from Abatzoglou, 2013
Humidity GRIDMET

Fire Weather VPD  Daily mean vapor pressure deficit from Abatzoglou, 2013
GRIDMET

Energy Release Daily modeled mean daily energy release Abatzoglou, 2013

Component component (NFDRS fire danger index) from
GRIDMET
Climate
Precipitation Anomaly 30 year average precipitation z-score minus Daly et al., 2008, 2015

fire-year average precipitation z-score
Temperature Anomaly 30 year average temperature z-score minus Daly et al., 2008, 2015
(Mean) fire-year average temperature z-score
VPD Minimum 30 year average VPD minimum z-score minus  Daly et al., 2008, 2015
Anomaly fire-year average VPD minimum z-score
VPD Maximum 30 year average VPD maximum z-score minus  Daly et al., 2008, 2015
Anomaly fire-year average VPD maximum z-score

3.2.2.3. Fuel

To determine potential forest type within fires and treatments, we used the LANDFIRE
Biophysical Settings potential vegetation cover dataset (Rollins, 2009). The biophysical setting
vegetation layer represents the pre Euro-American reference conditions and acted as a baseline
forest type for the range of fire dates (Rollins, 2009). We reclassified these forest types into six
categories including non-forest, ponderosa pine, mixed-conifer, aspen — mixed-conifer, lodgepole
pine, and spruce — fir (Table 3.3). Fires that contained more than 30% non-forest land were
removed from analysis. In addition, we used the National Land Cover Database (NLCD) Tree

Canopy Cover layer to account for the year prior to fire canopy cover (Table 3.2; Housman et al.,

2023).
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Table 3.3
Reclassified forest type categories including original Biophysical Settings (BPS) forest type and
treatment specific forest types.

BPS Forest Type Reclassified Forest Type

Southern Rocky Mountain Ponderosa Pine Savanna (North and South) Ponderosa Pine
Southern Rocky Mountain Ponderosa Pine Woodland (North and South)

Southern Rocky Mountain Dry-Mesic Montane Mixed Conifer Forest and Mixed-conifer
Woodland

Southern Rocky Mountain Mesic Montane Mixed Conifer Forest and

Woodland

Inter-Mountain Basins Aspen-Mixed Conifer Forest and Woodland (low Aspen — Mixed-conifer
and high)

Rocky Mountain Lodgepole Pine Forest Lodgepole Pine

Rocky Mountain Subalpine Dry-Mesic Spruce-Fir Forest and Woodland Spruce — Fir
Rocky Mountain Subalpine Mesic-Wet Spruce-Fir Forest and Woodland

3.2.2.4. Topography

Topographic variables were derived from a 1/3 arc-second DEM from the USGS 3DEP
program (Table 3.2; U.S. Geological Survey, 2023). Slope, aspect, topographic position index,
and terrain roughness were calculated using the terrain function in the terra R package (Hijmans,
2024). The topographic wetness index was calculated using the wbt_wetness_index function in
the whitebox R package (Lindsay, 2016; Wu & Brown, 2022) and heat load index (HLI) was
calculated using the hli function in the spatialEco R package (Evans & Murphy, 2023).
3.2.2.5. Climate

We created climate variables to quantify anomalies between the 30-year climate average
and year prior to fire average. For each climate variable, we calculated the 30-year mean and the
fire-year mean using PRISM data (4 km resolution; Daly et al., 2008, 2015) in GEE. We then
derived z-scores for each variable and computed the difference between the 30-year average and
the fire-year average. The climate anomaly variables included monthly total precipitation, mean
temperature, minimum vapor pressure deficit (min VPD), and maximum vapor pressure deficit

(max VPD) (Table 3.2).
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3.2.2.6. Fire weather

For fires greater than 400 hectares, we derived day-of-burning (DOB) maps following the
methods developed by Parks (2014). This method maps the most likely day of burning by
interpolating VIIRS and MODIS hotspot detections. Because of the resolution limitations of
MODIS and VIIRS data (1 km resolution), we used the recorded ignition date as the DOB for
smaller fires (< 400 hectares). To account for weather conditions on the DOB, we created mean
composites of weather variables based on the day the fire burned through a given area, using data
from GridMET (4 km resolution; Abatzoglou, 2013). The GridMET fire weather variables
included wind speed, maximum temperature, minimum relative humidity, mean vapor pressure
deficit (VPD), energy release component, and extreme condition (Table 3.2). We defined extreme
fire weather conditions based on the area burned during daily spread events, using the extreme
threshold for the northwestern forested mountains ecoregion: extreme (DOB area > 4,127 ha d™!)
and non-extreme (DOB area < 4,127 ha d'!) (Balik et al., 2024).
3.2.3. Statistical analysis
3.2.3.1. Control matching

We matched untreated points to treated areas based on forest type to ensure we made
meaningful comparisons between treatments and untreated areas, reducing bias due to
differences in biophysical setting and ecology. To create a forest area mask, we used the
LANDFIRE existing vegetation type layer (tree = 1, non-tree = 0) (Rollins, 2009) combined with
NLCD Tree Canopy Cover layer (>10% canopy cover = 1, <10% canopy cover = 0) (Housman
et al., 2023), classifying forested areas as 1 and non-forested areas as 0. Treatment areas were
reclassified into treated (1) and untreated (0). A 100-meter buffer was applied around the treated

areas to account for potential treatment shadow. For each treated area, we calculated the
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percentage of each forest type. Sampling intensity was determined by the size of the treated area;
areas <40 acres were assigned 4 sample points, while areas >40 acres were sampled at a rate of
2% of their total area. Sampling points within the treated area were stratified by forest type,
proportional to the percentage of each forest type. The same process was applied to the untreated
areas. We extracted each predictor variable at each point resulting in 8271 total points for the
final model (Table 3.4).

Table 3.4

Sample sizes of points stratified by treatment type and forest type. Summary of sampled points

by forest type, showing the number of treated points, total number of points (treated + untreated),
percentage of total points, and mean relativized burn ratio (RBR) of all points.

Ponderosa Aspen - Mix-  Lodgepole
Treatment Type Pine Mix-conifer conifer Pine Spruce - Fir
Untreated 1159 894 405 941 365
Low-Mod Wildfire 1170 783 138 26 26
High Wildfire 83 212 12 3 11
Rx Fire 58 52 24 28 0
Removal & Reduction 213 169 268 884 310
Fire & Removal 22 10 5 0 0
Treated Points 1546 1226 447 941 347
Total Points 2705 2120 852 1882 712
Percentage (%) 32.7 25.6 10.3 22.8 8.6
Mean RBR 139 192 240 346 347

3.2.3.2. Modeling

To achieve a model that was sufficiently complex yet interpretable while minimizing
overfitting, we first assessed multicollinearity among numeric predictor variables using
Spearman’s rank correlation. For each highly correlated pair (r>|0.7|), we retained the variable
with the strongest correlation to RBR values. Energy release component, minimum relative
humidity, max temperature, and slope were removed from the final model due to
multicollinearity. Next, we implemented a generalized linear mixed model (GLMM) with a Least
Absolute Shrinkage and Selection Operator (Lasso) penalty, using the glmmILasso package

(Groll, 2023). Lasso is a variable selection and regularization technique designed to reduce

34



model complexity and prevent overfitting by shrinking some coefficients to zero (Groll & Tutz,
2014; Schelldorfer et al., 2014). However, in our analysis, the GLMMLasso did not identify any
variables to exclude from the model.

We also considered using variable importance metrics from random forest models to
prioritize predictors but opted to retain all non-correlated variables without additional selection.
While random forest is an effective tool for capturing nonlinear relationships, variables that
perform well in a random forest model do not necessarily translate effectively to a linear
framework (Genuer et al., 2010; Gromping, 2009). Given our sample sizes (n >> p) and the
study's objectives, we determined that retaining all selected predictors was the most appropriate
approach.

We fit a GLMM with an identity link using RBR as our response variable (Ime4 R
package, Bates et al., 2015). Our fixed effects represented aspects of treatment history, fuel,
topography, fire weather, and climate. We set individual fire event as a random effect to account
for potential spatial autocorrelation between points in individual fires, and variability due to
specific pre-fire and burning conditions. We assessed significance at o = 0.05 throughout the
study. We defined ecological significance as estimate values greater than = 5 RBR.

Because the homogeneity of variance assumption was not met, we assessed differences in
RBR across treatment and forest types using a non-parametric Kruskal-Wallis test, a method for
comparing medians among multiple groups (Kruskal & Wallis, 1952). To account for multiple
comparisons, we conducted a post-hoc pairwise comparison using Dunn's test with a Bonferroni
adjustment (dunn.test R package, Dinno, 2014; Dunn, 1964). This allowed us to identify specific
group differences while controlling for Type I error. We replicated this analysis to assess RBR

differences across treatment types and extreme fire weather conditions. We considered looking at
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the pairwise comparison for extreme conditions by forest type but due to sample size limitations,
we were unable to compare extreme conditions across forest types. All analyses were performed
using R Statistical Software (v4.3.3; R Core Team, 2024).
3.3. Results
3.3.1. Factors influencing treatment effects on burn severity

We began our analysis by visualizing the distributions of select fuel and topographic
predictor variables for untreated and treated points (Fig. 3.3). The distribution of canopy cover
for both untreated and treated points followed similar bimodal patterns, though certain treatment
types showed stronger densities at lower canopy cover values (Fig. 3.3A). Specifically, high
severity wildfire, low-to-moderate severity wildfire, and removal & surface reduction treatments
had greater density around 10% canopy cover compared to untreated points. HLI had a left-
skewed distribution, with prescribed fire and low-moderate severity wildfire treatments
exhibiting slightly higher densities at greater HLI values (Fig. 3.3B). The distribution of
topographic wetness index was right-skewed, with substantial overlap between untreated and
treated points, indicating minimal differences in distributions (Fig. 3.3C). Terrain roughness also
displayed a right-skewed distribution, with prescribed fire and low-moderate severity wildfire

treatments showing slightly higher densities at lower terrain roughness values (Fig. 3.3D).
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Fig. 3.3. Density plots representing the distribution of fuel (canopy cover) and statistically
significant topographic predictor variables (Heat Load Index, Topographic Wetness Index, and
Terrain Roughness) for treated and untreated points. The bolded black lines highlight the
untreated distributions.

The GLMM showed that forest type, treatments with fire, extreme condition, HLI,
temperature anomaly, and VPD max anomaly were ecologically significant predictors of burn
severity (Table 3.5). In the model, spruce — fir, mixed-conifer, lodgepole pine, and aspen —
mixed-conifer forests all burned more severely on average compared to ponderosa pine, the
baseline forest type (Table 3.5). Specifically, lodgepole pine (Mean RBR = 346) and spruce — fir
(Mean RBR = 347) had the highest burn severities on average (Table 3.4). Mixed-conifer (Mean
RBR = 192) and aspen — mixed-conifer (Mean RBR = 240) had moderate burn severities on
average. Whereas ponderosa pine (Mean RBR = 139) had the lowest burn severity on average.
Compared to the untreated baseline, low to moderate severity wildfire (p < 0.001), prescribed
fire (p = 0.024), and fire and removal (p = 0.016) treatment types had significantly lower burn
severity estimates (Table 3.5). High severity wildfire and removal & surface reduction treatments

were not significantly different from the untreated baseline.
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Table 3.5

Generalized linear mixed model (GLMM) results for predicting burn severity with fixed and
random effects. The table shows estimates, standard errors, statistics, and p-values. Positive
estimates indicate higher burn severity, while negative estimates suggest lower severity. The
random effect included 72 individual fire events. Bolded variables are significant at o = 0.05 and
we considered them ecologically significant when estimates were greater than + 5 relativized
burn ratio (RBR). Italicized variables are statistically significant at a = 0.05, but we did not
consider them ecologically significant. Variables in regular text are not statistically significant.

Estimate  Std. Error  Statistic P
(Intercept)  110.71 26.05 4.25 <0.001
Canopy Cover 2.99 0.13 22.95 <0.001
Forest Type
Spruce — Fir 65.65 8.09 8.12 <0.001
Mixed-conifer  20.12 4.53 4.44 <0.001
Lodgepole 78.14 6.9 11.33 <0.001
Aspen — Mixed-conifer 23.88 6.67 3.58 <0.001
Treatment Type
Low — Moderate Wildfire -66.6 6.1 -10.92  <0.001
High Wildfire -0.22 9.51 -0.02 0.982
Prescribed (Rx) Fire = -29.17 12.94 -2.25 0.024
Removal & Surface Reduction -2.44 5.66 -0.43 0.666
Fire & Removal -57.45 23.78 -2.42 0.016
Time Since Treatment -1 0.42 -2.39 0.017
Treatment Size 0.00 0.00 0.97 0.332
Day-of-burning -0.11 0.07 -1.56 0.120
Extreme Condition 28.29 4.15 6.81 <0.001
Fire Weather VPD 0.65 4.42 0.15 0.884
Wind Speed -0.34 1.04 -0.33 0.741
Aspect 0.03 0.02 1.48 0.138
Heat Load Index (HLI) -64.25 14.99 -4.29 <0.001
Terrain Roughness -0.61 0.18 -3.26 0.001
Topographic Position Index 1.44 0.85 -1.70 0.089
Topographic Wetness Index -4.42 1.35 -3.28 0.001
Precipitation Anomaly -3.26 6.01 -0.54 0.587
Temperature Anomaly  -36.49 6.94 -5.26 <0.001
VPD Maximum Anomaly 45.03 10.54 4.27 <0.001

Observations 8271
AIC 104916.5

Canopy cover, time since treatment, treatment size, aspect, roughness, topographic
position index, topographic wetness index, and precipitation anomaly did not have ecologically
significant impacts on burn severity. Contrary to expectations, no fire weather variables, such as
day-of-burning, VPD, and wind speed, were significant predictors in the model. HLI had a

significant negative effect (p < 0.001), mean temperature anomaly had a significant negative
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effect (p < 0.001), and VPD max anomaly had a significant positive effect (p < 0.001) in the

model (Fig. 3.4).
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Fig. 3.4. Relationships of predicted burn severity (relativized burn ratio) and ecologically
important burn severity variables by forest type: heat load index (HLI; left), mean temperature
anomaly (center), and vapor pressure deficit max anomaly (right). Lines represent forest types.
Negative temperature anomaly is associated with higher than average fire year temperatures and
positive vpd max anomaly is associated with lower than average vpd max values.
3.3.2. Burn severity outcomes across forest and treatment types

The low to moderate severity wildfire treatments had significantly lower burn severities
compared to untreated areas across all forest types. There was a significant difference in RBR
between different treatment and forest type combinations (y*> = 2199, df =26, p < 0.001). A post-
hoc Dunn’s test indicated that in ponderosa pine forests compared to untreated points, low to
moderate severity wildfire (p < 0.001), and prescribed fire (p = 0.01) had significantly lower

mean burn severities; however, high severity wildfire had a significantly higher burn severity (p

<0.001) (Fig. 3.5A).

In mixed-conifer forests, fire & removal (p = 0.02), high severity wildfire (p < 0.001),
low to moderate severity wildfire (p < 0.001), and prescribed fire (p < 0.001) showed
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significantly lower burn severities compared to untreated (Fig. 3.5B). In aspen — mixed-conifer,
low to moderate severity wildfire (p < 0.001) and prescribed fire (p = 0.009) had significantly
lower burn severities compared to untreated (Fig. 3.5C). For lodgepole pine forests, low to
moderate severity wildfire (p = 0.006), removal & surface reduction (p < 0.001), and prescribed
fire (p = 0.01) had significantly lower burn severities compared to untreated (Fig. 3.5D). In
spruce — fir forests, high severity wildfire (p = 0.003) and low to moderate severity wildfire (p <

0.001) had significantly lower subsequent burn severities compared to untreated (Fig. 3.5E).
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Fig. 3.5. Burn severity differences across treatment types for (A) ponderosa pine, (B) mixed-
conifer, (C) aspen — mixed-conifer, (D) lodgepole pine, and (E) spruce — fir. Asterisks represent
treatments that were significantly different from the untreated group.
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3.3.3. Impact of extreme fire conditions on burn severity within treatment types

Low to moderate severity wildfire and fire & removal were the only treatments to have a
lower mean burn severity compared to untreated under both non-extreme and extreme
conditions. Areas that burned under extreme conditions were associated with higher burn
severities (estimate: 28.29 + 4.15, p < 0.001; Table 3.5). Our Kruskal-Wallis test revealed a
significant interaction between treatment type and extreme condition (> = 1682.6, df = 11, p-
value < 0.001) suggesting that burn severity (RBR) varies across combinations of treatment type
and extreme conditions. The non-extreme category had 4800 observations whereas the extreme

category had 3471 observations (Table 3.6).

Table 3.6
Sample sizes of points stratified by treatment type and extreme condition. Non-extreme had 4800
observations and extreme had 3471 observations.

Low-Mod High Removal & Fire &
Untreated Wildfire Wildfire Rx Fire Reduction Removal
Non-extreme 2129 1445 211 136 855 24
Extreme 1635 698 110 26 989 13

In non-extreme conditions, fire & removal (p < 0.001), low to moderate severity wildfire
(p <0.001), and prescribed fire (p < 0.001) had significantly lower burn severity compared to
untreated points (Fig. 3.6A). In extreme conditions, fire & removal (p = 0.04), high severity
wildfire (p < 0.001), and low to moderate severity wildfire (p < 0.001) had significantly lower
burn severities compared to untreated points. However, removal & surface fuel reduction had a

significantly higher burn severity compared to untreated points (p < 0.001; Fig. 3.6B).
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Fig. 3.6. Burn severity differences across treatment types for (A) non-extreme and (B) extreme
conditions. Asterisks represent treatments that were significantly different from the untreated
group.
3.4. Discussion

Throughout our study, we found intentional fuels treatments have a relatively minor
impact on burn severity; however, during non-extreme conditions, treatments with any kind of
fire, excluding high severity wildfire, resulted in lower subsequent burn severities. Low to
moderate severity wildfire treatments had the lowest mean burn severity outcomes compared to
untreated areas across all forest types and this was consistent in extreme and non-extreme
conditions. Our results suggest that allowing wildfires to burn under moderate conditions is the
most effective management strategy to reduce subsequent burn severity on the pyro-diverse
Front Range landscape. We found treatments without fire (removal and surface fuels reduction
treatments) have equivalent burn severity to untreated areas across all forest types except

lodgepole pine, where burn severity was reduced. Removal and surface fuels reduction

treatments even had higher subsequent burn severity during extreme fire conditions, reenforcing
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the need to address socio-political barriers that currently limit the use of burning as a treatment
strategy on this landscape.
3.4.1. Factors influencing treatment effects on burn severity

The relationship between HLI and burn severity highlighted the complexity between
solar exposure, fuel availability, and moisture. While the effect of HLI on burn severity may vary
by region, our results suggest that within our study area, this relationship was consistent across
forest types. HLI, a measure of solar radiation, was the only ecologically significant topographic
variable in our model. Our results suggest an inverse relationship, where increased solar
exposure and hotter, drier conditions are associated with decreased burn severity (Fig. 3.4). The
relationship between HLI and burn severity is mixed in the literature; some studies report higher
burn severity in areas with high HLI due to greater evapotranspiration and the drying of surface
fuels (Holden et al., 2009; Alexander et al., 2006). These studies evaluated burn severity without
specifically focusing on treated areas and were conducted in regions with ponderosa pine, mixed-
conifer, Douglas-fir, and hardwood forests. Areas with high HLI values are often water-limited
impacting vegetation growth, with slower regeneration rates (He et al., 2017) and increased
canopy gap formation after fire (Lorber et al., 2018). Whereas sites with low HLI values often
have greater biomass, tend to exhibit larger burned patches (Fang et al., 2015), and burn more
severely compared to drier sites with higher solar radiation (Arkle et al., 2012; Prichard et al.,
2020).

Of the weather and climate variables, we found temperature anomaly and VPD max
anomaly were ecologically significant predictors of burn severity. The negative relationship
between temperature anomaly and burn severity suggests that higher temperature anomalies,

indicating fire years that are cooler relative to the 30-year average, are associated with a decrease
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in burn severity (Fig. 3.4). Conversely, warmer fire years result in higher burn severities.
Increasing temperature relative to long term climate averages has been linked to increased area
burned at high severity (Parks & Abatzoglou, 2020).

The positive relationship between VPD max anomaly and burn severity was unexpected
indicating that higher max VPD anomalies, where fire years that are moister relative to the 30-
year average, are associated with an increase in burn severity (Fig. 3.4). Past studies have linked
high VPD values to increased fire activity and area burned at high severity (Mueller et al., 2020;
Seager et al., 2015; Williams et al., 2015). These studies evaluated annual area burned in forested
and non-forested ecosystems in southwestern states but did not focus on treated and untreated
areas or distinguish between forest types. There is also evidence that wet spring conditions can
allow for the accumulation of understory fuels that if followed by a hot, dry summer result in
larger fires (Jin et al., 2014; Wasserman & Mueller, 2023). Additionally, areas with increased
VPD can experience increased fire frequency and decreased vegetation productivity leading to
reduced biomass and lower burn severities (Wasserman & Mueller, 2023). Our study used mean
annual VPD values to create VPD max anomaly, which does not include potential changes in
VPD across seasons. McEvoy et al. (2019) found 90-day seasonal lag times tend to correlate
with decreased summer fuel moisture suggesting that an annual aggregate of anomalous VPD
might not capture a season lag relationship. Future studies could benefit from including
predictors that capture seasonal differences in VPD.

3.4.2. Treatment effects across forest types and in extreme conditions

Our findings indicate that, on average, all forest types burned at higher severities

compared to ponderosa pine (Table 3.5). This demonstrates that even though ponderosa pine

forests have experienced infilling and increases in forest density from a century of fire
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suppression, some legacy of their historical fire regimes of low severity fires are still occurring
on some of the landscape. Additionally, lower elevation forest types, such as ponderosa pine,
mixed-conifer, and aspen — mixed-conifer, exhibit lower burn severities on average compared to
higher elevation forests (Table 3.4). These patterns may reflect differences in fuel load, moisture
availability, and fire behavior across elevation gradients, highlighting the need for elevation and
forest type specific management strategies (Davis et al., 2024). Management strategies in high
elevation forest include increasing landscape heterogeneity through variable-density thinning,
creating forest openings, and favoring drought and fire adapted trees, while low elevation forests
are generally targeted for small diameter thinning and prescribed fire (Hessburg et al., 2019).

Time since treatment is thought to have an inverse relationship to burn severity, with
treatments becoming less effective over time (Dodge et al., 2019; Martinson & Omi, 2013). Our
model did not find time since treatment to be an ecologically important predictor of burn severity
(Table 3.5), however our approach limits the range of treatment ages considered and recent
treatments were more heavily represented in our models. The Front Range is a low productivity
system; thus, it is likely that treatments may be effective for longer than treatments that occur in
higher productivity systems (i.e. Sierra Nevada, Pacific Northwest, Black Hills; Hunter et al.,
2007). Ecosystem productivity is highly site dependent and in less productive areas, treatment
maintenance may only be required every 15 — 20 years (Hunter et al., 2007), and our dataset did
not capture older treatments. We limited treatment histories to include only treatments that
occurred within 20 years pre-fire due to more incomplete treatment records in the past and even
with this cut-off, older treatments are not completely represented in treatment databases.

Combined, these constraints limit our inference of treatment age.
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Low to moderate severity wildfire treatments had significantly lower subsequent burn
severities compared to untreated in all forest types (Fig. 3.5). In extreme conditions, previous
wildfire of both low to moderate and high severity was effective at reducing burn severity likely
because previous wildfires were larger and altered fuel loads compared to intentional treatments
(Fig. 3.6). Moreover, there is broad consensus that reburns tend to follow the burn severity
patterns of previous wildfires in frequent fire adapted forests (e.g. Grabinski et al., 2017; Harris
& Taylor, 2017; Holden et al., 2010; Lydersen et al., 2017; Stevens-Rumann et al., 2016; Taylor
et al., 2021). This trend was evident in the ponderosa pine forests, where previous wildfire
patterns contributed to lower burn severity outcomes (Fig. 3.5A). In contrast, in ponderosa pine,
high severity wildfire treatments exhibited higher subsequent burn severity compared to
untreated areas. High severity burns in ponderosa pine forests may be more likely to reburn at
high severity due to their biophysical settings and/or resulting vegetation changes (e.g. increased
course wood and shrub cover) (Grabinski et al., 2017; Harris & Taylor, 2017; Lydersen et al.,
2017; Parks et al., 2014a). However, vegetation changes from high severity reburns may reduce
the effectiveness of remotely sensed burn severity metrics, limiting their ability to assess wildfire
treatment effects, particularly in non-forest areas where accuracy declines (Morgan et al., 2014).
We observed high variability in burn severity outcomes within high severity wildfire treatment
observations in both ponderosa pine and mixed-conifer forests (Fig. 3.5).

Our study highlights the need for treatments that include fire, sufficiently reduce surface
fuels, and account for historical forest structure (i.e. increased heterogeneity). In non-extreme
conditions, treatments with prescribed fire and low to moderate severity wildfire, excluding high
severity wildfire, reduced burn severity (Fig. 3.6A). Previous studies have also concluded that

treatments with fire result in reduced burn severity compared to controls; this is thought to be
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because treatments that include fire remove surface fuels, reducing the likelihood of high
severity fire (Cansler et al., 2022; Davis et al., 2024; Kalies & Yocom Kent, 2016; Martinson &
Omi, 2013; Prichard & Kennedy, 2012; Prichard et al., 2020). However, the intensity of
prescribed fire can impact the effects of fuels treatments (Hunter et al., 2011; Kalies & Yocom
Kent, 2016). We observed that fire and removal treatments only reduced burn severity in mixed-
conifer forests; however, this sample size was small (Fig. 3.5B). Burn severity was similar
between fire and removal treatments and untreated areas in ponderosa pine and aspen-mixed
conifer forest types, and there was insufficient area of this treatment type in the other forest types
(Fig. 3.5). Overall, the sample sizes for fire and removal treatments were small, which may
explain the lack of significant effects in other forest types (Table 3.4). Prescribed fire had lower
subsequent burn severities in ponderosa pine, mixed-conifer, aspen — mixed-conifer, and
lodgepole pine forests; however, in lodgepole pine the mean was still above the high severity
threshold (Fig. 3.5).

Removal and surface reduction treatments resulted in higher subsequent burn severity
than untreated areas under extreme conditions (Fig. 3.6B) and only had significantly lower
subsequent burn severity in lodgepole pine (Fig. 3.5D). Again, in lodgepole pine, the lower
removal and surface reduction treatment mean was still high severity. In our study area, most
removal and surface reduction treatments were implemented in high-elevation forest types,
which historically burned at high severity (Table 3.4). Additionally, treatments that involve
thinning alone can be ineffective under extreme conditions (Chamberlain et al., 2024; Lydersen
et al., 2017; Prichard et al., 2020) and, when biomass is not removed, may contribute to higher
severity outcomes (Omi et al., 2006). Davis et al. (2024) found in some cases thinning-only

treatments led to increased burn severity compared to controls. This may be attributed to
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increased surface fuel loads following treatments, which elevate the likelihood of fire behavior
that can result in higher tree mortality (Fulé et al., 2012; Prichard et al., 2010; Stephens et al.,
2012).

In some cases, surface fuel reduction treatments may be the only management option,
particularly in areas with high fuel loads or near infrastructure. Despite limitations, removal and
surface fuels reduction treatments remain an important tool for enhancing forest resistance and
resilience to disturbances, including wildfire (Hood et al., 2016; Knapp et al., 2021). We
recommend that, when possible, managers leverage multiple treatment strategies to achieve
outcomes known to reduce burn severity (i.e. reduction of surface and ladder fuels through a
combination of thinning and burning) in frequent fire adapted forests.

We observed that intentional treatments had minimal impact on reducing subsequent burn
severity to low or moderate severities in lodgepole pine and spruce — fir forests. As larger
wildfire incidents occur, more mid and high elevation forests are affected and frequency in these
high elevation forests have increased in the last several decades compared to the previous 2,000
years (Higuera et al., 2021). In the Southern Rockies, higher elevation forests have experienced
an increase in burn area, with the area burned in late snow zones during the 2020 fire season
exceeding the total area burned over the previous 36 years (Kampf et al., 2022). Our results
indicate that intentional treatments are not consistently resulting in low to moderate burn severity
in these forest types. Reducing burn severity is not often a management objective for intentional
treatments in these forest types, as their fire regimes are climate limited. When fires do occur,
they typically burn under more extreme climatic conditions, making it difficult to moderate

subsequent burn severity. Previous wildfire reduced subsequent burn severity, suggesting that
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intentional treatments designed to better emulate wildfire may be a more effective management
strategy where the goal is to reduce burn severity.

Our study was limited to federal treatments, and many treatments in lodgepole pine and
spruce — fir forests have yet to experience wildfire or were conducted on non-federal land. As
additional wildfires occur in these forests, continued research will help determine whether
treatments are able to reduce large high severity wildfire. While treatments in ponderosa pine
and other low elevation, frequent fire adapted forests are well studied along the Front Range and
across western North America, mid to high elevation forests require further research to identify
how silvicultural approaches in these forest types interact with wildfire.

3.4.3. Limitations

In our study, we used the FACTS common attributes database, which does not
encompass all treatments that alter the amount and distribution of fuels across the landscape.
Since the FACTS database was not designed for analyzing treatment effects, we were unable to
account for all federal, state, or private fuels treatments. Additionally, the database does not
provide information on treatment intensity, or the amount of biomass removed. Current treatment
data is limited in its ability to estimate treatment intensity or capture structural differences
between treatments. Some studies have addressed this limitation by modeling potential
disturbances in Landsat time series to validate and estimate treatment intensity (Knight et al.,
2022). Yet utilizing multi-spectral imagery only measures canopy treatment intensity. Below
canopy and ladder fuel removal and subsequent biomass generation are poorly captured using
these remote sensing techniques. Future research would benefit from incorporating methods to

quantify treatment intensity, offering a more nuanced understanding of treatment effects.
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Categorizing treatments by the extent to which they modify fuels, rather than relying on broad
treatment categories, could enhance our ability to evaluate their impacts.

To make meaningful comparisons across treatments, we sampled untreated areas by
matching them to treated areas based on forest type. This approach aimed to control for
biophysical differences —for example, ponderosa pine forests typically establish at lower
elevation, drier sites, while spruce-fir forests are found at higher elevation, more mesic sites. By
ensuring that forest types were represented in both treated and untreated areas, we sought to
minimize these differences. However, because forest type was the only criterion used to select
untreated points, other factors influencing treatment effects may not have been fully accounted
for, such as weather conditions on the day-of-burning or topographic influences not captured by
forest type. Additionally, some treatment types had small sample sizes, which may limit our
ability to detect significant effects. As a result, the effects of certain treatments on burn severity
may be stronger or weaker than we are currently identifying. Similar studies identified treated
and untreated controls by either subsampling points and matching bioclimatic settings and fire
weather (Cansler et al., 2020) or selecting control units that represent similar site and burning
conditions as the treatments (Chamberlain et al., 2024). Despite the potential limitations of our
control matching, the distributions of fuel and topographic predictor variables were generally
similar between untreated and treated areas (Fig. 3.3).

Outside of our classification of extreme and not extreme conditions, we did not find fire
weather to be a significant predictor of burn severity in our study. This contrasts with previous
research, which identified fire weather as a key driver of high severity fire (Lydersen et al., 2017;
Prichard et al., 2020; Stevens-Rumann et al., 2016). However, under moderate weather

conditions, vegetation characteristics have been shown to have a stronger relationship with
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previous wildfire than fire weather (Grabinski et al., 2017; Harris & Taylor, 2017). Our findings
may be influenced by the limitations of GRIDMET data, which provides high temporal
resolution (daily images) but coarse spatial resolution (4 km). While daily gridded weather data
is useful for understanding broad-scale patterns, many treatments and some fires in our study
area were smaller than a single GRIDMET pixel. As a result, significant variability within
individual weather pixels likely obscured relationships at the fire or treatment level.

We defined extreme conditions based on fire spread, categorizing a day as extreme if it
exhibited significant fire growth. In our dataset, 42% of the sampled pixels met this definition,
and we had a sufficient sample size within each treatment category to evaluate the effects of
treatments under extreme weather conditions (Table 3.6). However, by defining extreme
conditions by fire spread, we may have missed instances of extreme fire behavior that did not
result in large spread events. This approach also excludes smaller fires with proportionally large
daily spread when using a hectare-based threshold for defining extreme conditions. Other studies
have defined extreme conditions as exceeding one (Coop et al., 2022) or two (Balik et al., 2024)
standard deviations above the mean daily area burned or have used fire weather indices that
capture known drivers of severe fires (Jolly et al., 2019; Rodman et al., 2023). Future research
could refine these thresholds by developing region-specific definitions of extreme condition that
account for smaller spread events and/or incorporate fire weather indices.

3.4.4. Recommendations

Previous low to moderate severity wildfire was the only treatment to have a lower mean
burn severity compared to untreated areas in both non-extreme and extreme conditions and
across all forest types. Utilizing managed wildfire under mild to moderate conditions away from

communities has been increasingly encouraged as a management tool to expand pace and scale
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and assist with treatment maintenance (North et al., 2012, North et al., 2024). Conditions are
considered moderate when weather and fuel moisture conditions are within a pre-determined
range that is likely to result in ecologically beneficial fire (North et al., 2024). Allowing wildfire
to burn under moderate conditions is likely to result in low to moderate severities and can modify
more fuel on the landscape than prescribed fire alone (Parks et al., 2018a; Prichard et al., 2021).
Previous wildfire of low to moderate severity can lower subsequent burn severity and serve as
barriers to spread for 10-20 years (Parks et al., 2014a; Rodman et al., 2023) and likely longer
along the Front Range. By implementing managed fire, more of the landscape can be treated
allowing managers to focus on the strategic placement of treatments in areas that protect people,
property, and resources.

Our results suggest that intentional treatments involving fire can reduce subsequent burn
severity in certain forest types and under specific wildfire conditions but are less effective under
extreme conditions. This highlights the need for more intensive treatments that better mimic the
effects of low to moderate severity wildfire. Prescribed fire, removal and surface fuels reduction,
and low to moderate severity wildfire have been shown to reduce surface fuels, but wildfire is
more efficient at reducing basal area and canopy bulk density (Hunter et al., 2011).

Treatments without fire were largely comparable to untreated areas in our study,
underscoring the importance of reducing surface fuels following thinning operations. However,
implementing treatments in high elevation forests with high severity, infrequent fire regimes
would be for management goals rather than ecological benefit. In landscapes dominated by high
elevation forests, strategies such as allowing wildfires to burn under moderate conditions,
implementing treatments that restore historic heterogeneity (i.e. varying successional stages and

incorporating non-forest patches) (Hessburg et al., 2019; Prichard et al., 2021), or focusing
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management efforts on mid-elevations to help prevent fire spread into high elevation forests
(Remy et al., 2024; Sibold et al., 2006) may be more effective but more research is needed.
3.5. Conclusions

Our results suggest low to moderate severity wildfire reduces burn severity most
consistently on the Front Range landscape. It is also the most common fuels modification in this
study, accounting for 30% of “treated” areas. While intentional treatments (i.e. prescribed fire,
removal and surface fuel reduction, and fire and removal) had less effect than previous wildfire,
they still reduced burn severity under certain conditions and in specific forest types. These
findings reinforce previous calls to invest in treatments that incorporate fire and mimic the
intensity of previous wildfire. Additionally, our results align with prior research on treatments
ability to moderate burn severity and underscore the need for further studies in high elevation
forests. Understanding where management actions and wildfires are occurring across forest types
will help refine future treatment strategies. As wildfires continue to increase in size and severity,
investing in treatments that minimize negative ecological outcomes and protect people, property,

and resources remains critical.
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CHAPTER 4: CONCLUSIONS

This study examined burn severity outcomes of wildfires interacting with treatments on
the Front Range landscape. To address data limitations and ensure our response variable
accurately captured the ecological impacts of wildfire, we first determined an appropriate
method and index for measuring burn severity. Using the results from Chapter 2, we investigated
how treatments influence burn severity across different fire behavior variables, forest types, and
extreme conditions.

Our findings broadly support previous research on treatment effectiveness, demonstrating
that intentional treatments involving fire are more effective at reducing burn severity under
certain conditions and in specific forest types, while removal and surface fuels reduction
treatments were largely comparable to untreated areas and even resulted in higher burn severity.
Additionally, our results reinforce that low to moderate severity previous wildfire consistently
leads to lower burn severity outcomes in our study fires. By focusing on treatment impacts across
multiple forest types, our study contributes to the understanding of wildfire treatment
interactions in mid to high elevation forests.

While there is strong consensus around effective treatment strategies in low elevation,
frequent fire adapted forests, our study provides evidence supporting the use of managed wildfire
across forest types. It also highlights the need for additional research evaluating treatment effects
on burn severity in higher elevation, infrequent fire adapted forest types. We found that allowing
managed wildfires to burn under moderate conditions is likely to reduce future fire severity
across the landscape. As conditions for extreme wildfires continue to align across forest types,

the use of effective treatments will be vital for mitigating loss.
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