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GLOSSARY 

 

crown fire – wildfire that ignites tree crowns, considered either passive crown fire that 

torches trees based on surface fire intensity or active crown fire that spreads 

through the canopy 

fire frequency – the number of fires in a specified area in a given time period 

fire intensity – the energy released in a fire, often refereeing to surface fireline intensity: 

the rate of energy released per unit length of the fireline 

fire regime – the mean and variance in various fire characteristics, including severity, 

size, season, intensity, frequency, and rotation 

fire rotation – mean time required for a defined area to burn within a larger study area 

fire season – the period of the year when wildfires occur 

fire severity – the loss of aboveground vegetation and soil organic matter due to fire, with 

a focus on tree mortality 

forest resiliency – the capacity of a forest to absorb change and disturbance and have 

structure and function persist 

stand-replacing fires – wildfires that kill most or all of the trees across entire stands 

  



 

 

xiii 

ABSTRACT 

Climate change threatens to change forested ecosystems and wildfire 

characteristics across the globe. For the Greater Yellowstone Ecosystem (GYE), under 

future warming temperatures, wildfire activity is expected to increase and the suitable 

habitat for many dominant tree species is expected to shrink. Previous studies predict 

large high severity fires to occur more frequently, potentially so frequent that forests are 

unable to grow old enough to produce seeds and self-regenerate. Studies of suitable 

climate spaces show that previously habitable areas may become too warm or dry to 

support common GYE trees.  

The first goal of this dissertation was to use vegetation images from satellites to 

detect recent changes in forest productivity in the GYE, and then determine the relative 

importance of recent climate and disturbance observations in explaining these changes. 

We found that areas with detected increases in plant growth, or “greening” trends, were 

associated with forested areas regenerating after wildfire. Detected decreases in plant 

growth, or “browning” trends, were associated with areas that had recently burned. 

Historically dry areas with recent increases in precipitation were associated with greening 

trends. Warming of 0-2°C was associated with greening trends, while greater increases in 

temperature (>2 °C) were correlated with browning trends. The key take-away is 

although forests in the GYE are usually considered temperature limited, changes in 

precipitation may be more important than previously thought.  

The second goal of this dissertation was to adapt a global vegetation computer 

model for regional applications to simulate forests and wildfire dynamics, ultimately to 

run simulations under future climate conditions to predict how forest extent and 

composition may change. Life history characteristics and climate limitations were 

aquired for the dominant GYE plant types to dictate their establishment, growth, 

competition, and mortality in the new model. Before running future simulations, it is 

required to evaluate how well the model represents current conditions. Adding new 

equations that calculate the initiation, spread, and effects of crown fires was required to 

reproduce recent vegetation abundance, distribution of plant types, and fire activity in the 

GYE. Methods, expected results, and implications of running future simulations are 

described in Chapter 4.



1 

 

CHAPTER ONE 

INTRODUCTION 

“The only constant is change.” 

– Heraclitus (c 535 BC - 475 BC) 

 

As affirmed by ancient Greek philosophers and contemporary ecologists, the natural 

world is always in a state of flux. Yet, with the dawn of the Anthropocene, humans began 

exerting influence over the direction and rate of change of ecological processes at a 

global scale (Ruddiman, 2013). Particularly, through the greenhouse effect of human 

fossil fuel emissions the Earth’s climate is changing at an unprecedented rate (IPCC, 

2013). The implications of global climate change on the composition, structure, and 

function of ecosystems is an area of active research. Simply, the dynamic equilibrium of 

ecosystems is threatened. 

 Forested ecosystems in the western U.S. are already changing due to climate 

change, especially due to effects on wildfire dynamics. The earlier onset of spring runoff 

due to warming spring temperatures is extending the fire season (Westerling, 2006). 

Increased summer temperatures are increasing fuel aridity, in turn increasing wildfire risk 

(Abatzoglou and Williams, 2016). The frequency of large wildfires is increasing in recent 

decades, contributing to increased total area burned in the western U.S. (Dennison et al., 

2014; Westerling, 2016). These changes in fire regimes threaten the ability of forests 

absorb these changes and maintain their composition, structure, and function (Stevens-

Rumann and Morgan, 2016; Turner et al., 2019). Furthermore, with changing climate 
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spaces, wildfire events could facilitate alternative succession trajectories: forested 

landscapes may shift post-fire to novel vegetation assemblages or become non-forested 

(Davis et al., 2019; Stevens-Rumann and Morgan, 2019; Westerling et al., 2011). 

 Simultaneously, warming temperatures are elongating the growing season 

(Wolkovich et al., 2012) and this is associated with detected increases in photosynthetic 

activity in the northern hemisphere (Nemani, 2003; Tucker et al., 2001; Wang et al., 

2011; Zhou et al., 2001). Plant growth in northern latitudes is considered primarily 

temperature limited, yet there is growing evidence suggesting that with warming 

temperatures vegetation growth is becoming limited by other climatic factors (Angert et 

al., 2005; D’Arrigo et al., 2008; Williams et al., 2011). Additionally, there is debate over 

whether increasing atmospheric carbon dioxide concentrations may cause a fertilization 

effect, increasing plant growth and water use efficiency on a large scale (Jacoby and 

D’Arrigo, 1997; Smith et al., 2016; Zhu et al., 2016). The potential counteractive effects 

of climate change led to the questions: a) To what degree has forest productivity changed 

regionally in recent decades and what are the influences of climate and disturbance in 

explaining these changes? and b) Will these trends continue under future climate change? 

 This dissertation is concerned with exploring recent and potential future changes 

in forest and wildfire dynamics resulting from interactions with climate change across the 

Greater Yellowstone Ecosystem (GYE). The GYE is a Protected Area Centered 

Ecosystem (PACE) (Hansen et al., 2011), centered around Yellowstone National Park, 

Grand Teton National Park, and the surrounding national forests (Hansen and Phillips, 

2016). Originally defined by the range of the grizzly bear (Ursus arctos) (Craighead, 
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1982), the GYE has become known as one of the last remaining large intact temperate 

forested ecosystems (Hansen and Phillips, 2016). However, the GYE faces threats from 

regional climate change (Hansen and Phillips, 2018), with annual temperatures already 

rising by 0.02°C yr-1 from 1928-2010 for the region (Chang and Hansen, 2015). The 

impacts on regional vegetation and fire dynamics are less known, and motivate the 

research in this dissertation.  

Field and satellite based observational datasets offer the potential to investigate 

recent changes in forest productivity in the GYE. Chapter 2 analyzes a satellite-derived 

vegetation index to detect changes in forest productivity in the GYE from 1989-2014 and 

uses statistical modeling to quantify the relative importance of disturbance and climate in 

explaining these changes. Towards exploring future forest, fire, and climate interactions 

for the regional, ecosystem simulation models offer the ability to run large scale, process-

based, simulation experiments. While a variety of modeling approaches have been 

applied to predicting changes to forests and wildfires in the GYE, there remains a need 

for an intermediate scale, process based modeling approach. 

The remainder of my dissertation focuses on the development and implementation 

of a process-based vegetation and fire ecosystem simulation model for the GYE, termed 

LPJ-GUESS-LMfire-CF. Chapter 3 details the adaption of the global dynamic vegetation 

model LPJ-GUESS (Smith et al., 2001) for regional application, including the 

incorporation of the fire model LMfire (Pfeiffer et al., 2013) and development of a crown 

fire module (CF). This model represents vegetation processes: establishment, growth, 

competition, and mortality, and fire processes: fire occurrence, spread, and effects. 
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Results of GYE simulations are compared to field and satellite-derived data of biomass, 

vegetation cover type, fire activity, and forest regeneration. The model’s performance is 

also compared to simulations with previous model configurations. Chapter 4 provides an 

overview of past work modeling vegetation dynamics for the GYE and greater Northern 

Rockies under future climate change scenarios. Chapter 4 then proposes methods for 

future simulations, presents expected results, and discusses the benefits and limitations of 

the newly developed regional model LPJ-GUESS-LMfire-CF.  

Finally, Chapter 5 discusses how this dissertation represents steps towards better 

understanding recent changes in vegetation in the GYE and development of a model to 

explore future dynamics. It concludes by describing future work including ecological 

questions to address and areas for model development. 
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ABSTRACT 

Productivity of northern latitude forests is an important driver of the terrestrial carbon 

cycle and is already responding to climate change. Studies of the satellite-derived 

Normalized Difference Vegetation Index (NDVI) for northern latitudes indicate recent 

changes in plant productivity. These detected greening and browning trends are often 

attributed to a lengthening of the growing season from warming temperatures. Yet, 

disturbance-recovery dynamics are strong drivers of productivity and can mask direct 

effects of climate change. Here, we analyze 1-km resolution NDVI data from 1989 to 

2014 for the northern latitude forests of the Greater Yellowstone Ecosystem for changes 

in plant productivity to address the following questions: 1) To what degree has greening 

taken place in the GYE over the past three decades? and 2) What is the relative 

importance of disturbance and climate in explaining NDVI trends? We found that the 

spatial extents of statistically significant productivity trends were limited to local 

greening and browning areas. Disturbance history, predominately fire disturbance, was a 

major driver of these detected NDVI trends. After accounting for fire, insect, and human 

caused disturbances, increasing productivity trends remained. Productivity of northern 

latitude forests is generally considered temperature limited, yet, we found that 

precipitation was a key driver of greening in the GYE. 

Key words: plant productivity; NDVI; climate change; disturbance; fire; Greater 

Yellowstone Ecosystem; northern latitude forests; boreal climate. 
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1. INTRODUCTION 

Increases in photosynthetic activity detected in northern latitudes are often attributed to a 

lengthening of the growing season from warming temperatures (Myneni and others 1997; 

Tucker and others 2001; Nemani and others 2003; Zhu and others 2013). Evidence 

suggests anthropogenic warming is also lengthening the fire season, especially in 

northern latitudes and resulting in increased forest fire area (Flannigan and others 2013; 

Abatzoglou and Williams 2016). Since wildland fire plays a major role in temperate and 

boreal forest dynamics, research on the recent changes in photosynthetic activity must 

consider disturbance recovery and potential changes in disturbance dynamics (Bond-

Lamberty and others 2007; Sulla-Menashe and others 2018). Understanding vegetation 

dynamics in northern latitudes can aid in anticipating vulnerability of forests to climate 

change and impacts on terrestrial carbon cycling (Pan and others 2011; Le Quéré and 

others 2017). The increased availability of satellite-derived observations of Normalized 

Difference Vegetation Index (NDVI), Leaf Area Index (LAI), and other vegetation 

indices has led to many recent global and regional studies of plant productivity (Zhu and 

others 2013, 2016; Potter 2015; Ju and Masek 2016; Rafique and others 2016; Sulla-

Menashe and others 2018). Yet, the spatial variability in changes in plant productivity 

and its drivers are not well understood (Wang and others 2011; Zhu and others 2016). 

 Plant growth in northern latitudes is considered primarily limited by temperature 

and the length of the growing season (Whittaker 1975; Churkina and Running 1998). 

Evidence of spring time warming in the northern hemisphere is well documented and 

associated with detected increases in photosynthetic activity, or vegetation “greening” 
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trends (Myneni and others 1997; Tucker and others 2001; Zhou 2001; Nemani and others 

2003; Wang and others 2011; Xu and others 2013). For the northern hemisphere, the 

growing season onset is estimated to be 1.1 to 3.3 days per decade earlier (Wolkovich 

and others 2012). However, changes in summer precipitation and increases in water 

vapor pressure deficit (VPD) were associated with decreases in photosynthetic activity, or 

vegetation “browning” trends (Nemani and others 2003; Angert and others 2005; Piao 

and others 2011; Zhu and others 2013). Vegetation responses are also dependent on the 

bioclimatic context. Warming can cause greening trends in ecosystems that are not water 

limited, while also causing lowered productivity in drier areas where plants experience 

increased water stress (Sulla-Menashe and others 2018). These findings and recent tree-

ring research support the idea that with warming temperatures, presumed temperature-

limited boreal vegetation dynamics are becoming limited by other climatic factors 

(Angert and others 2005; D’Arrigo and others 2008, 2009; Williams and others 2011).  

 In contrast to these direct climatic drivers, growing evidence suggests that 

detected changes in plant productivity can also be attributed to disturbance recovery, 

especially post-fire regeneration (Wang and others 2011; Ju and Masek 2016; Sulla-

Menashe and others 2018). Ju and Masek (2016) found that most of the greening and 

browning trends in areas of the eastern boreal forests of Alaska and Canada were related 

to the fire history. In a follow-up study, Sulla-Menashe and others (2018) determined that 

fire effects explained the magnitude and direction of NDVI changes, with results 

dependent on the stage of the disturbance-succession cycle: greening trends were 

detected in areas that were regenerating after older fires (prior to 1990), whereas recently 
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burned areas displayed browning trends (Sulla-Menashe and others 2018). Increases in 

the extent and severity of forest insect outbreaks, including mountain pine beetle 

(Dendroctonus ponderosae), are attributed to warming temperatures that expand suitable 

habitat and increase population growth for insects (Logan and others 2010; Coops and 

others 2012; Weed and others 2013). A severe mortality event following an outbreak can 

affect productivity for decades (Weed and others 2013). Extensive human caused 

disturbances, including logging, also affect productivity trends (Zhu and others 2016). As 

with fire, for insect and human caused disturbances, detections of browning or greening 

trends depend on the time since the event and the productivity of secondary vegetation 

(Hicke and others 2012; Zhu and others 2016). Herbaceous vegetation initially dominates 

after high mortality disturbance events until the newly established tree seedlings grow to 

dominate the canopy. Since NDVI measures the overall amount of light absorbed and 

reflected by vegetation it will indicate recovery of any vegetation cover after a 

disturbance, capturing the initial recovery of herbaceous vegetation with less sensitivity 

to later successional changes in forest structure (Franks and others 2013). Invasion by 

opportunistic exotic herbaceous species post-disturbance would also be detected as 

“early” recovery in NDVI. 

 Many studies evidence the rapid regeneration of forests post-disturbance in the 

U.S. Rocky Mountain forests of the Greater Yellowstone Ecosystem (GYE) (Turner and 

others 2004, 2016, Kashian and others 2005, 2013; Zhao and others 2016). Within the 

GYE, productivity and biomass increased rapidly following the large fires of 1988 

(Turner and others 2004, 2016). In a 300-year chronosequence Kashian and others (2013) 
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found that carbon accumulation recovered to 80% of pre-fire carbon storage in only 50 

years. Harvested areas in the region recovered even more quickly (50-90% forest spectral 

recovery) than burned areas (<40% forest spectral recovery) since the 1980’s (Zhao and 

others 2016). However, forest regeneration rates can vary widely, with postfire stem 

density varying from zero to 344,067 stems ha-1 24-years post-fire (Turner and others 

2004). After accounting for differences in density, Turner and others (2004) found above 

ground net primary productivity decreased with increasing elevation, primarily due to 

differences in climate. In a study of mountain pine beetles effects on forest productivity 

in the GYE, Romme and others (1986) found that productivity recovered to pre-outbreak 

levels in only 11-15 years, mostly due to increased growth in the understory. In Douglas-

fir dominated forests in the GYE, understory cover was 24% greater in areas affected by 

high mortality bark beetle events 4-5 years prior than compared to undisturbed sites due 

to greater forbe and grass cover (Griffin and Turner, 2012). 

 The detection of local greening and browning areas is dependent on the spatial 

resolution of satellite data used for the study. Regional studies of recent changes in plant 

productivity show that trends are heterogeneous across landscapes, with some local 

greening, browning, and areas without a detectable change (Stow and others 2007; Forkel 

and others 2013; Sulla-Menashe and others 2018). In a comparison of a Local Area 

Coverage (1-km resolution) to a Global Area Coverage (~8-km resolution) NDVI dataset, 

many greening locations were lost in the coarser resolution dataset (Stow and others 

2007). A study using 30-m resolution Landsat NDVI data also shows discrepancies in 

trend detection compared to 8-km AVHRR (Advanced very High Resolution 
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Radiometer) NDVI dataset (Ju and Masek 2016). In addition, gridded climate datasets, 

used as covariates to explain greening trends, are interpolated from weather station data 

that are only available at moderate spatial resolutions (800 m, 1 km or 4 km).   

 Here we investigate potential greening trends and their drivers in an analysis of 

recent NDVI trends in the Greater Yellowstone Ecosystem (GYE) of the U.S. northern 

Rocky Mountains, a large intact, fire-prone temperate forested ecosystem. Our analyses 

addressed the following questions: 1) To what degree has greening taken place in the 

GYE over the past three decades? and 2) What is the relative importance of disturbance 

and climate in explaining NDVI trends? To address these questions, we analyzed 25 

years (1989 to 2014) of vegetation greening (increasing NDVI) and browning (decreasing 

NDVI) within the GYE using 1-km AVHRR NDVI Composites and compared detected 

NDVI trends to meteorological data at the same resolution, while using Landsat 30-m 

resolution data to more precisely attribute disturbance histories (Eidenshink 1992, 2006; 

Goward and others 2015; Thornton and others 2017). 

STUDY AREA 

The Greater Yellowstone Ecosystem (GYE) is considered one of the most intact 

ecosystems in the contiguous U.S. and encompasses parts of four national forests and two 

national parks (Yellowstone and Grand Teton National Park) (Parmenter and others 

2003) (Figure 2.1). The climate of the GYE is highly influenced by the U.S. northern 

Rocky Mountain topography, with over 70% of the region at or above 1800 meters 

(calculated from elevation data: Lehner and others 2008). Although ecologically 

considered a predominately temperate biome (accordning to Olson and others (2001) 
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world map), three Köppen-Geiger climate classifications describe the majority of the 

GYE: boreal warm summer on the western side (36% of the GYE), boreal cool summer 

in the central more mountainous terrain (32%), and on the eastern side due to the rain 

shadow effect, arid cold steppe (28%) (calculated from Köppen-Geiger data: (Kottek and 

others 2006).  

 In western North America, cold winters and dry summers colimit vegetation 

productivity (Churkina and Running 1998; Nemani and others 2003). Within the GYE 

winters are long and harsh, with the growing season as short as two months in higher 

elevations and further limited by summer drying (Despain 1990). Fire also impacts 

vegetation patterns, especially in the GYE (Whitlock and others 2003). The historical 

range of variation of fire disturbance in the GYE is dependent on the vegetation type, 

climate, and elevation (Schoennagel and others 2004). Subalpine forests occupying 

boreal cool summer areas are characterized by infrequent (fire return intervals of 150-300 

years) high-severity fires (Romme and Despain 1989; Higuera and others 2010). 

Lodgepole pine (Pinus contorta) dominates much of the subalpine, with subalpine fir 

(Abies lasciocarpa) and Engelmann spruce (Picea engelmannii) as the late seral species, 

and whitebark pine (Pinus albicaulis) dominating at higher elevations. Mid-elevation 

mixed conifer forests consisting of predominately Douglas-fir (Pseudotsuga menziesii), 

with lodgepole pine, aspen (Populus tremuloides), and limber pine (Pinus flexilis), are 

characterized by a boreal warm summer climate and mixed-severity fire regimes, with 

infrequent high- and low-severity fires (Schoennagel and others 2004). Lower-elevation 

sagebrush steppe and shrublands are characterized by an arid cold climate with fire-return 
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intervals ranging from decades to centuries (Whisenant 1990; Bukowski and Baker 

2013).  

 Analysis of gridded climate datasets for the GYE indicate annual temperatures 

have already increased by 0.02°C yr-1 from 1928-2010 for the region (Chang and Hansen 

2015). Despite annual precipitation increasing 0.48 mm yr-1 (0.8%) for the same time 

period (Chang and Hansen 2015), stream discharge decreased, especially during summer 

months in the GYE (Leppi and others 2012). Leppi and others (2012) explain this 

paradox by suggesting air temperatures and evapotranspiration rates were stronger drivers 

of summer stream discharge than precipitation implying increased plant water stress via 

increases in VPD. Future climate change is expected to shift vegetation growth in 

northern latitude forests from being temperature to precipitation limited and drastically 

increase fire severity, fire occurrence, and area burned (Westerling and others 2011; 

Williams and others 2011). 

2. DATA AND METHODS 

For this study we identified the boundaries of GYE based on 10-digit hydrologic units as 

defined by the USGS Watershed Boundary Dataset (Figure 2.1). NDVI and covariate 

datasets were clipped to the GYE boundary and analyses carried out in the World 

Geodetic System (WGS 84) coordinate reference system. All analyses were carried out 

using the R statistical program version 3.4.3 (R Core Team 2017) or by using QGIS 

geoprocessing tools (QGIS Development Team).  

2.1 Satellite-derived Vegetation Index 

To track changes in vegetation productivity, we used remotely sensed NDVI data. NDVI 
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datasets derived from AVHRR sensors are the most widely used proxy for observing 

temporal and spatial changes in terrestrial plant productivity and its response to climate 

(Running 1990; Pettorelli and others 2005; Beck and others 2011). Satellite sensors 

measure solar radiation reflected by vegetation and NDVI is calculated from the red 

(RED, 0.58-0.68 μm) and near-infrared (NIR, 0.725-1.1 μm) reflected light channels 

(Tucker 1979; Running 1990; Myneni and others 1995) using the formula in Equation 1: 

NDVI =  (NIR – RED) / (NIR + RED)      (1) 

The chlorophyll in plants absorbs visible light including the red light spectrum and the 

mesophyll leaf tissue reflects near-infrared light in relation to plant water status (Myneni 

and others 1995). Thereby, generally the more dense the vegetation the greater the 

difference between near-infrared light reflected and visible light reflected, since the 

proportions of both the visible light absorbed and the near-infrared light reflected are 

greater. NDVI values range from -1 to +1; values near zero indicate sparse vegetation and 

values near +1 indicate dense vegetation (Tucker 1979; Running 1990). While single 

NDVI measures serve as “snapshots” of forest cover, analysis of changes in NDVI over 

time can indicate changes in productivity. 

 The U.S. Geological Survey’s (USGS) Earth Resources Observation and Science 

(EROS) Center used daily observations from Advanced Very High Resolution 

Radiometer (AVHRR) on National Oceanic and Atmospheric Administration (NOAA) 

satellites 11 (1989-94), 14 (1995-2000), 16 (2001-03), 17 (2004-09), 18 (2010-11), and 

19 (2012-14) to produce biweekly composites of maximum Normalized Difference 

Vegetation Index (NDVI) (Eidenshink 1992, 2006). Time variant calibration coefficients 
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for intra and inter-sensor prelaunch and/or postlaunch calibration were derived using a 

piecewise linear fit of observations over desert, ocean or cloud observations areas 

(Vermote and Kaufman 1995; Kaufmann and others 2000). The USGS created the 

maximum NDVI biweekly composites for the conterminous U.S. from 1989 to 2015 at 1-

km resolution (Eidenshink 1992, 2006). 

We used the USGS EROS NDVI biweekly composites (data available from the U.S. 

Geological Survey), because we were interested in investigating moderate spatial 

resolution (1 km) landscape heterogeneity. The benefit of using a higher resolution 

dataset is that localized areas of greening can be easily detected that may be missed in 

coarser datasets (Stow and others 2007). Each year of data were checked for missing, 

incomplete, or contaminated biweekly composites (from http://lpdaac.usgs.gov) (Figure 

2.2). Gaps were infilled by values from a fitted harmonic sinusoidal model (Verbesselt 

and others 2010). We created monthly maximums by weighting the biweekly NDVI 

composites by the number of days they covered within a particular calendar month. 

Monthly NDVI maximums were used to detect seasonal and annual trends to reduce the 

influence of incomplete or missing biweekly data. Maximum NDVI value compositing is 

a common pre-processing technique to “unmask the vegetation signal” by reducing cloud 

contamination, shadow effects, and water-vapor effects (Holben 1986; Myneni and others 

1995). Annual maximum and integrated NDVI were calculated from the monthly 

maximum NDVI values. Breakpoint analysis on the NDVI time series was completed for 

each pixel in the GYE to test for artifacts of satellite sensor changes using the 

‘breakpoints’ function in the ‘strucchange’ R package (Zeileis and others 2002, 2003; Bai 



 

 

21 

and Perron 2003); no systematic breaks were detected in the time series. NDVI saturates 

in high biomass areas, but this was not an issue in the region since values over the 

saturation point of 0.9 NDVI (Huete and others 2002) accounted for 0.015% of the 

dataset. 

2.2 Disturbance, Meteorological, and Land Cover Data 

Disturbance, meteorological, and land cover datasets were considered as potential 

covariates in both filtering the NDVI dataset for spatial analysis and statistical modeling 

of NDVI trends (Appendix D: Table D1 lists all variables considered). Only three 

different disturbance agents were considered: fire, insect, and human, because of a lack of 

comprehensive datasets for other disturbance types. Fire occurrence and severity came 

from the USGS Monitoring Trends in Burn Severity (MTBS) dataset, a Landsat based 

compilation of annual fire information from 1984 through 2015 for the United States 

(Eidenshink and others 2007). MTBS data has complete coverage of all public and 

private lands using consistent methodology (Dennison and Brewer 2014). We used the 

30-m resolution burn severity mosaic gridded spatial dataset, or rasters to identify burn 

areas in the GYE (MTBS Project (USDA Forest Service/U.S. Geological Survey)).  

 Data on insect disturbance came from the U.S. Forest Service’s Insect and 

Disease Aerial Detection Surveys (ADS), which provides a semi-quantitative assessment 

of annual bark beetle outbreak area boundaries from 1970-2014 for areas flown in the 

GYE. The USDA Forest Service Forest Health Protection Program and its partners, 

created and provided the ADS data maps from visual assessment from aircrafts. About 

80% of the GYE was flown as a part of the ADS. ADS polygons were combined from 



 

 

22 

USFS Regions 1, 2, and 4 and transformed into a 30-m resolution raster, re-projected, and 

masked to forested areas. 

 History of human-caused forest disturbance was derived from the North American 

Forest Dynamics (NAFD) products. We used the NAFD-NEX time-integrated map from 

Landsat images for the conterminous United States from 1986-2010 (Goward and others 

2015). At 30-m resolution, the map classifies pixels as water, non-forest, “undisturbed” 

forest, outside of study area, or “disturbance” with associated year. The Vegetation 

Change Tracker forest change analysis algorithm analyzes each Landsat images to create 

spectral indices and track the spectral trajectory for each pixel to produce a forest 

disturbance map (Huang and others 2010). Human caused forest disturbance was 

considered as the residual of NAFD data filtered by the MTBS fire data and the ADS 

bark beetle disturbance data. 

 To reconcile the spatial resolution differences between our disturbance data (30 

m) and other datasets (1 km), we performed a percent disturbance threshold sensitivity 

analysis (details in Appendix C), and 30% threshold was selected to resample the 30-m 

resolution disturbance data to 1 km using the ‘raster’ package in R (Hijmans 2015). Fire, 

bark beetle, and human disturbance 1-km resolution raster layers were then used to mask 

NDVI trends. For the empirical modeling, the three disturbance datasets were combined 

to create three explanatory variables: if disturbed, years since disturbance (since 2014), 

percent of 1-km pixel disturbed. The created combined disturbance dataset is shown in 

Appendix C: Figures C1 and C2. 

 For meteorological covariates, we used 1-km gridded monthly Daymet V3.0 
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temperature, precipitation, shortwave radiation, vapor pressure, and snow water 

equivalent datasets produced by Oak Ridge National Laboratory (Thornton and others 

2017). The more recent TopoWx v 1.2.0 (“Topography Weather”) 800-m gridded 

temperature dataset was also used to compare results with Daymet (Oyler and others 

2015). Monthly data were used to calculate mean annual, mean seasonal, delta annual, 

and delta seasonal variables using CDO functions (CDO 2015). Daily minimum (Tmin) 

and maximum temperature (Tmax) data were used to calculate annual aggregated growing 

degree days (AGDD) as: 

AGDD = ∑ 𝑚𝑎𝑥𝐷
𝑛=1  {(𝑇𝑚𝑎𝑥+ 𝑇𝑚𝑖𝑛

2
− 𝑇𝑏𝑎𝑠𝑒), 0}   (2) 

where base temperature (Tbase) equals 5 degrees Celsius and D is the number of days in 

the year. VPD was calculated using monthly mean/min temperature and vapor pressure 

data following the American Society of Civil Engineers standardized equations (Walter 

and others 2005). The re-analyzed Köppen-Geiger climate classifications which are based 

on vegetative types, precipitation, and air temperature to produce a world map with 31 

climate classes at 5-arc-minute resolution, were also considered as covariates (Kottek and 

others 2006). We did not account for increased carbon dioxide in this study and suggest 

this in an important driver of plant productivity to test using process-based modeling. 

 Land-cover type data layers were used to filter NDVI trends to limit spatial 

analysis to only natural vegetation. The National Land Cover Database 2001 (NLCD 

2001, 2011 Edition) categorizes land cover for the U.S. into 16 categories based on a 

decision-tree classification of 2001 Landsat satellite data (Homer and others 2007). The 

NLCD 2001 data were resampled from 30-m to 1-km resolution using the Resample 
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process with the Majority technique in ArcGIS 10.3.1 (ESRI 2016). For filtering NDVI 

trends, the data were then reclassified into two classes including “Natural Vegetation” 

and an “Other” using the ArcGIS Spatial Analysis tool (Appendix B: Table B1). 

2.3 NDVI Trend Analysis 

NDVI trend slope estimates were calculated using a linear least squares regression for 

each pixel within the GYE using Climate Data Operators (CDO 2015). Using annual 

aggregated time series has been shown to perform better than removing seasonal cycles 

in a time series to overcome the adverse effects of inter-annual variability in NDVI time 

series data on trend estimation performance and produces Tau values that range -1 to 1 

(Forkel and others 2013). Thereby, NDVI trend slope estimates were calculated from the 

annual maximum time series and also calculated using integrated NDVI (Appendix A). 

The two-sided Mann-Kendall test was used to evaluate the significance of monotonic 

trends in NDVI (Mann 1945). The Mann-Kendall trend test corrected for autocorrelation 

is commonly used for analyzing meteorological time series as an alternative to linear 

regression tests because Mann-Kendall does not require a normal distribution of the data 

and accounts for temporal autocorrelation (Hamed and Ramachandra Rao 1998; de Beurs 

and Henebry 2004, 2010). We conducted Mann-Kendall tests using the ‘gimms’ R 

package (Pinzon and Tucker 2014, 2016) and used a p <0.05 significance level threshold. 

 To isolate the influence of human land use and disturbance, individual pixel 

NDVI trends were summarized for the GYE before and after filtering out pixels that had 

land cover layers that were not natural vegetation (using NLCD data), burned since 1984 

(using MTBS data), areas affected by bark beetles (using ADS data), and logged stands 
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(using NAFD data) using functions from the ‘raster’ R package (Hijmans 2015). NDVI 

trends were compared across different vegetation types with pixels classified based on 

NLCD categories using an ANOVA with a post-hoc Tukey’s Honest Significant 

Difference method using the ‘stats’ R package (R Core Team 2017).  

2.4 Empirical Modeling 

Linear regression models were fit using a suite of environmental variables to explain 

maximum annual NDVI trend slopes. We created a training dataset from a random 

sample of pixels within the GYE comprising 50% of the total, resulting in a sample size 

of 61,162 pixels. The remaining 50% of the data were reserved to evaluate how 

effectively the selected model explains NDVI. We used linear regression to model 

maximum annual NDVI trend (hereafter NDVI trend) as a function of the meteorological, 

topographic, and disturbance history explanatory variables listed in Appendix D: Table 

D1. Each explanatory variable was standardized by subtracting their mean from each 

value and then dividing by their standard deviation. Due to the short growing season 

within the GYE and the susceptibility of volcanic soils to summer drying, summer abiotic 

factors heavily influence plant growth and were thereby the focus of presented analysis, 

with summer considered as the months of June, July, and August (JJA). To better 

represent disturbance, it was included as two continuous variables: percent of pixel 

disturbed (Perc Dist) and years since disturbance since 2014 (YSD), and one binary 

variable: if observed disturbance (>0%, If Dist) during the time period 1984-2014. Both 

continuous variables were included in the models paired with the if disturbed binary, so 

for example the years since disturbance component was only used to estimate the 
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response for pixels that were disturbed during the time period analyzed.  

 To check for linear and nonlinear multicollinearity issues amongst potential 

covariate variables, a matrix of calculated correlation estimates and scatterplots was 

plotted using the ‘pairs.panels’ function from the ‘psych’ R package (Revelle 2016). 

Covariates were then reduced to those that were less strongly correlated (<0.75 of the 

correlation coefficient) and after exploratory analyses of the different explanatory 

variables. All seasonal and annual meteorological variables were considered and the 

variable with the highest explanatory power was selected for use in the analysis (e.g. 

mean summer precipitation for precipitation). Individual linear regression models were 

fit, coefficient estimates plotted, and Sums of Squares F-tests calculated to test the 

importance of the different explanatory variables using the ‘stats’ R package (R Core 

Team 2017). In addition, models of combinations of explanatory variables were fit and 

compared to determine the model that explained the highest percentage of the variance in 

NDVI slope based on Adjusted R-squared values. A semivariogram was created from the 

residuals of the fitted selected model to check for remaining spatial autocorrelation. AIC 

values were compared for all of the possible model combinations using the variables in 

the selected model and to the mean-only model (using dredge() from “MuMIn” R 

package, (Bartoń 2016).  

3. RESULTS 

3.1 Greening and Browning in the GYE 

A mean greening trend of +0.0033 NDVI/year (p<0.05) was detected in annual maximum 

NDVI using the USGS EROS NDVI dataset from 1989 to 2014, for 26.5% of pixels 
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within the GYE (Table 2.1). A mean browning trend of -0.0035 NDVI/year (p<0.05) was 

detected in annual maximum NDVI for 6.2% of GYE pixels (Table 2.1). The variance in 

annual maximum NDVI was 0.015. Analysis of growing season integrated NDVI showed 

similar trends (Appendix A: Table A1). Annual maximum NDVI was used for further 

analysis since all values were observations, not fitted values. Removing pixels with land 

cover other than natural vegetation reduced the detected greening trend spatial extent by 

32%, to 17.9% of the GYE, and the detected browning spatial extent by 13%, to 5.4% of 

the GYE (Table 2.1). The highest concentration of pixels with statistically significant 

increasing trends in NDVI (greening trends) was in central GYE within Yellowstone 

National Park (Figure 2.3A) and to the west in the Caribou-Targhee National Forest. 

Decreasing trends in NDVI (browning trends) were detected sporadically on the eastern 

half of the GYE predominately within Shoshone National Forest, with a few localized 

areas in the southeast within Bridger-Teton National Forest and Shoshone National 

Forest (Figure 2.3A). 

 The response in NDVI within different vegetation types varied widely, with areas 

of greening and browning within in vegetation type (Figure 2.4). Comparison of the mean 

NDVI trends between vegetation types indicated unique responses for all categories 

except for mixed forest, which categorized only a few pixels in the GYE based on 

NLCD. The shrub/scrub, evergreen forest, and grassland/herbaceous land cover classes 

describe over 90% of the GYE. Evergreen forest had a mean greening response (+0.001 

SD 0.002), whereas shrub/scrub areas showed a weak mean greening response (+0.0002 

SD 0.002) and grassland/herbaceous areas showed a weak mean browning response (-
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0.0004 SD 0.002).      

3.2 Spatial Patterns of NDVI Trends and Disturbance 

Filtering the NDVI trends in the natural vegetation raster for areas that were disturbed 

removed 38% of the greening pixels and 33% of the browning pixels (Table 2.1). Of the 

disturbance variables considered, removing pixels within burned areas caused the largest 

reduction in both the detected greening annual trend in maximum NDVI (+0.0029 /year) 

and the fraction of pixels considered (reduced by 3.9% to 14.0% of the GYE) (Table 2.1). 

Removing human and insect disturbed areas reduced the fraction of greening pixels by 

another 1.5% and 1.4% respectively, without affecting the magnitude of the trend. 

Removing burned pixels reduced greening area extent by 65% within the National 

Park boundaries and removed the strong browning areas to the east within the National 

Forest (Figure 2.3B). Removing human disturbed areas reduced greening areas west of 

the parks and removing insect disturbed areas reduced browning areas to the east. After 

filtering out all disturbances most of the remaining of the greening area (75%) was within 

National Forest designations, with 30% within Caribou-Targhee National Forest (Figure 

2.3B). 

3.3 The Role of Disturbance and Climate in Explaining NDVI Trends 

Coefficient estimates for the separate models fits of climate, growing season length, and 

disturbance variables with NDVI trends aided in identifying key drivers of change in 

NDVI (Figure 2.5). The main effects of change in temperature and mean temperature for 

both mean annual (MA) and summer (JJA, for the months of summer: June, July, and 

August) variables showed negative relationships with NDVI trends, while their 
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interaction effect was positive (Figure 2.5). Aggregated growing degree days showed a 

negative relationship with NDVI trends. For the precipitation models, the main effects of 

change in precipitation and mean precipitation for both annual and summer variables 

showed positive relationships with NDVI trends, while their interaction effect was 

negative. VPD for both MA and JJA showed positive relationships with NDVI trends, 

while change in VPD and the interaction coefficients were negative. The disturbance 

model showed a positive relationship between disturbance terms and NDVI trends. The 

largest coefficient estimates were by change in summer precipitation (Delta JJA Precip) 

and disturbance (YSD : Perc Dist). Plotted density curves of covariate distributions for all 

GYE pixels and greening cells show associations with NDVI trends (Figure 2.6). The 

average greening pixel had a higher mean summer precipitation compared to all the GYE 

(Figure 2.6A). While most of the GYE had decreasing mean summer precipitation, 

greening pixels experience less drying (Figure 2.6B). Greening pixels were limited in 

their temperature range, with fewer pixels in the hotter temperature range compared to all 

of the GYE (Figure 2.6C). Greening pixels distribution also had a higher kurtosis in 

change in mean annual temperature (Figure 2.6D). 

The most parsimonious explanatory model explained 29% of the variation in NDVI 

slope (r2 = 0.29, F = 2505, P < 0.0001). Exploratory statistical analysis was performed on 

all the considered variables, but issues with independence required selecting between 

collinear variables such as summer precipitation and VPD or mean annual temperature 

and AGDD. The explanatory model included mean summer precipitation (JJA Precip), 

change in mean summer precipitation (Delta JJA Precip), mean annual temperature (MA 
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Temp), change in mean annual temperature (Delta MA Temp), years since disturbance 

(YSD), percent of pixel disturbed (Perc Dist), and if disturbance observed (If Dist) with 

several interactions. Table 2.2 provides units and data sources for these explanatory 

variables. The estimated coefficients and 95% CI for each explanatory variable in the 

model are shown in Figure 2.7. The second most parsimonious model dropped the 

interaction term between change in mean summer precipitation and delta mean summer 

precipitation and had a delta AIC of 652, providing support for including this interaction 

term (Table 2.3).  

Increases in summer precipitation had relatively the strongest positive relationship 

with NDVI slopes (Figure 2.7, +0.0006 (SE 9 x 10-6)). Mean summer precipitation also 

had a positive relationship (+0.00035 (SE 1 x 10-5)), meaning that wetter sites had a 

larger greening effect. The interaction between summer precipitation and change in 

precipitation had a negative relationship (JJA Precip * Delta JJA Precip, -0.00022 (SE 8 x 

10-6)). Areas in the GYE that were relatively dry had increased NDVI trends with 

increased summer precipitation compared to wetter areas (Figure 2.8B). Areas in the 

GYE that were relatively wet had increased NDVI trends with decreased summer 

precipitation while NDVI trends decreased for dry areas experiencing the same reduction 

in summer precipitation (Figure 2.8B).  

The second strongest positive relationship was between NDVI slopes and the 

disturbance three-way interaction (YSD * Perc Dist * If Dist, +0.00047 (SE 9 x 10-6)), 

with disturbed pixels associated with higher NDVI slopes or greening trends. Disturbed 

cells that had longer to recover (higher YSD) and were more disturbed (higher Perc Dist) 
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were associated with higher NDVI slopes (Figure 2.8A).  

Higher mean annual temperature and higher change in mean annual temperature had a 

negative association with NDVI slopes. The interaction between mean annual 

temperature and change in mean annual temperature had a positive relationship with 

NDVI slopes (Figure 2.8C, +0.00037 (SE 8 x 10-6)). Moderate warming (0-2 degrees 

Celsius) for all areas was associated with greening trends. Areas experiencing a greater 

increase in annual temperature (>2 degrees Celsius) had a browning response in NDVI. 

Cooler areas were more sensitive to changes in annual temperature than warmer areas of 

the GYE, with the coolest areas experiencing the most extreme increases in temperature 

and were associated with lower NDVI slopes than areas with less warming (Figure 2.8C). 

4. DISCUSSION 

4.1 Greening and Browning in the GYE 

Significant greening and browning trends were limited in their spatial extent to only 

17.9% and 5.4% of naturally vegetation areas in the GYE respectively, with the majority 

of pixels within the region not showing strong trends during the studied time period of 

1989-2014. The order of magnitude difference between the regional average NDVI trend 

(+0.0004 NDVI/year) and the greening/browning localized trends (+0.0033 NDVI/year, -

0.0035 NDVI/year respectively) highlights the importance of analyzing plant productivity 

at finer spatial resolutions that otherwise are aggregated in coarse scale analyses (e.g. 

(Zhu and others 2016). Spatial analysis of NDVI slopes at 1-km resolution also revealed 

the heterogeneity of plant productivity trends across the GYE. Strong greening trends 

tended to be in the more moist central and western regions of the GYE within Caribou-
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Targhee National Forest and Yellowstone National Park. Whereas strong browning 

trends tended to be in the more arid eastern regions of the GYE within Shoshone National 

Forest and Bridger-Teton National Forest. The fine-grained spatial pattern of productivity 

is consistent with previous research in Yellowstone National Park (Turner and others 

2004, 2016). 

 The average NDVI trend across the entire GYE (+0.0004 NDVI/year) is of the 

same sign and general magnitude of NDVI trends detected in boreal climate regions from 

global studies (+0.00038 NDVI/year) (Rafique and others 2016). The magnitude of the 

detected greening trends, or greening areas in the GYE (+0.0033 NDVI/year, p<0.05) 

was comparable to trends detected in forests of Canada and Alaska (+0.003 NDVI/year) 

(Ju and Masek 2016). For detected browning areas in the GYE, the mean trend of -0.0035 

NDVI/year, p<0.05 was also comparable to detected browning trend values in forests of 

Canada and Alaska (-0.002 to -0.004 NDVI/year) (Ju and Masek 2016). 

 Comparison of NDVI trends between different vegetation types based on NLCD 

categories indicated different responses by vegetation type, although the range in 

responses within each category varied widely. Evergreen forests showed a mean greening 

response, and comprised the areas of strongest detected greening trends in the GYE. In 

contrast, more of the browning areas were categorized as shrub/scrub or 

grassland/herbaceous. The broad NLCD categories limit inference can be made from this 

analysis. For example, “evergreen forests” includes the low, mid, and high elevation 

forests of the GYE that have unique vegetation compositions and potentially unique 

responses in NDVI. While comparison of NDVI responses at the species level is beyond 



 

 

33 

the scope of this paper it remains an important area of research for illuminating the 

underlying mechanism of changes in plant productivity. 

4.2 The Role of Disturbance in Explaining NDVI Trends 

Filtering the NDVI trends in the natural vegetation for areas that were disturbed removed 

38% of the greening pixels and 33% of the browning pixels, providing evidence for the 

importance of disturbance in explaining detected changes in plant productivity. Filtering 

for fire disturbance alone removed 22% of the areas with greening trends, with human 

disturbance removing 8% and bark beetle infestations removing 8% of the greening 

trends. Statistical modeling of disturbance effects on NDVI trends showed that disturbed 

pixels that had longer to recover (higher YSD) and were more disturbed (higher Perc 

Dist) were associated with higher NDVI slopes or greening trends. Recently disturbed 

pixels were associated with negative NDVI slopes or browning trends. These results are 

consistent with studies of rapid post-disturbance recovery in the GYE (Turner and others 

2004, 2016, Kashian and others 2005, 2013; Zhao and others 2016) and changes in 

productivity in northern latitude forests in Alaska and Canada (Ju and Masek 2016; Sulla-

Menashe and others 2018) and reinforce the need for considering landscape history in 

analysis of plant productivity trends. As previously mentioned, recovery of NDVI values 

post-disturbance are sensitive to herbaceous plant recovery, including potential 

opportunistic exotic species (e.g. Canada thistle (Cirsium arvense) and prickly lettuce 

(Lactuca serriola) (Turner and others 2008)). Thereby positive NDVI trends do not 

indicate whether or not the forest canopy has regenerated specifically nor indicate the 

composition of native vs. exotic species without further analysis. 
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4.3 The Role of Climate in Explaining NDVI Trends 

While statistical modeling supported the importance of disturbance in explaining 

greening and browning trends in the GYE, it also provided some evidence for the 

influence of meteorological variables on NDVI trends. Summer precipitation and annual 

temperature emerged as the meteorological factors with the strongest influence on NDVI 

trends. The importance of the interaction between mean summer (JJA) precipitation and 

change in JJA precipitation demonstrates the importance of the bioclimatic context of 

climate change. Increases in summer precipitation benefitted areas that were relatively 

dry. It follows that vegetation in the wetter areas were not water limited and thereby did 

not benefit from increased summer precipitation. The linear model fit instead suggests 

reductions in summer precipitation benefitted wetter areas, yet precipitation type (snow 

vs. rain) or non-linear effects not represented might explain this result. Previous studies 

suggest extension of the growing season length and water stress, represented here by 

AGDD and VPD respectively, drive plant productivity in the boreal climate region 

(Angert and others 2005; Boisvenue and Running 2006; D’Arrigo and others 2008; 

Williams and others 2011). While both AGDD and VPD showed statistically significant 

relationships with NDVI trends, temperature and precipitation explained more of the 

observed trends than these variables. 

 Increased temperatures in boreal climate regions can facilitate plant growth 

through an elongated growing season without precipitation limitation (Boisvenue and 

Running 2006) and this is supported by the location of detected greening trends primarily 

in forests in the boreal climate of western and central GYE. Indeed process-based model 
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simulations also indicate that warming temperatures will favor positive growth responses 

for lodgepole pine dominated forests in Yellowstone National Park (Smithwick and 

others 2009). Yet, the coolest areas in the GYE, the Absaroka Mountain Range and the 

Wind River Range, are also areas that experienced the greatest increase in mean annual 

temperatures, high-severity mortality due to mountain pine beetle (MacFarlane and others 

2013), and were associated with browning trends. Climate warming benefits mountain 

pine beetles by increasing overwinter survival leading to increased outbreak populations 

(Bentz and others 1991). MacFarlane and others (2013) used an alternative aerial survey 

method and found whitebark pine mortality caused by mountain pine beetle to be more 

widespread than as reported in the Aerial Detection Survey data. Thereby, these 

detections of browning trends may be interpreted as signals of mountain pine beetle 

mortality that were not captured in the Aerial Detection Survey data. 

 Recent studies suggest the decoupling of northern latitude forest growth and 

warming temperatures, with other factors such as fire disturbance, insect and disease 

outbreaks, and water stress driving detected trends in forest productivity (Goetz and 

others 2005). Our results provide further evidence of the important effects of disturbance 

on productivity trends and the importance of precipitation during the growing season for 

tree growth. This may suggest that the greening trends previously detected and attributed 

to warming temperatures and lengthening of the growing season are not spatially 

consistent across boreal climate zones, nor are these relationships expected to continue 

under future climate projections. Growing evidence already suggests that tree growth in 

northern latitudes is being limited by drought stress (Angert and others 2005; D’Arrigo 
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and others 2008, 2009; Williams and others 2011). For undisturbed forests during their 

study period, Sulla-Menashe and others (2018) found that the direct effects of climate 

change showed minimal influence on NDVI trends overall, but with varying effects based 

on local bioclimatic differences. Similarly, we show that the effects of precipitation and 

temperature changes on forest productivity are highly dependent on the local bioclimatic 

context, driving the sign and magnitude of detected NDVI trends. 

4.4 Further Considerations  

Global studies suggest that multiple factors drive productivity trends in northern latitudes 

(Nemani and others 2003; Zhu and others 2016). Beyond the climatic and disturbance 

factors explored in this paper, other possible mechanisms for detected increases in NDVI 

include a fertilization effect from increases in atmospheric carbon dioxide or nitrogen 

deposition. Increases in atmospheric carbon dioxide are expected to increase plant 

growth. Global ecosystem modeling simulations suggest carbon dioxide fertilization 

effects may explain more of the observed greening trends in satellite data than climate 

(Piao and others 2006; Zhu and others 2016). While accounting for carbon dioxide 

fertilization effects was outside the scope of this paper, it remains a potentially important 

driver of detected NDVI trends. Processed-based ecosystem modeling offers an 

opportunity for testing and quantifying the relative effects of carbon dioxide increases 

and climate change on plant productivity in the GYE. Increases in nitrogen deposition 

can also stimulate plant growth. Soils vary within the GYE from nutrient-pool rhyolitic 

soils of the Yellowstone Caldera to andesitic soils of higher-elevation forests that are 

higher in nutrients and water holding capacity (Despain 1990). The productivity of 
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lodgepole pine forests on rhyolitic soils is generally considered nitrogen limited (Fahey 

and others 1985), thereby increased nitrogen availability could act as a fertilizer. 

Furthermore, increased annual temperatures and precipitation could stimulate plant 

growth indirectly through increased soil temperature and moisture facilitating nutrient 

and water uptake (Reddell and others 1985). 

 Finally, it is worth noting that the inferences in this study are limited by the 

temporal extent and quality of the disturbance data. While the NDVI time series was 

from 1989-2014, the disturbance data did not represent even this discrete time frame. For 

example, extensive logging occurred in the Caribou-Targhee National Forest between 

1950-1990 (Parmenter and others 2003), with only logging starting in 1986 and beyond 

captured in the NAFD disturbance data. The inclusion of U.S. Forest Service forest stand 

maps could aid in controlling for disturbance more fully in analyses of changes in 

productivity (Tinker and others 2003). In fact, century-long time scales are required to 

understand the regrowth legacies of disturbances (Williams and others 2016), with carbon 

stocks and fluxes stabilizing after 100 years in subalpine Rocky Mountain forests 

(Bradford and others 2008).   

 Larger and more synchronous fires have occurred during hot and dry periods, 

suggesting climate is the dominant driver of fire behavior in the region (Balling and 

others 1992; Morgan and others 2008; Marlon and others 2012). Predicted climate 

induced changes in the fire return interval in the GYE could drastically alter forest 

regeneration, from forest extent, species composition, to age-class distribution (Romme 

and Turner 1991; Westerling and others 2011). Climate warming is also predicted to 
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increase mountain pine beetle outbreaks causing forest die-off (Logan and Powell 2001; 

Logan and others 2010). With disturbance playing such a significant role in forest 

dynamics in the GYE and other northern latitude temperate and boreal forests, further 

research is needed on the interactive effects of temperature, precipitation, and disturbance 

on forest productivity and how these relationships may change under future climate 

conditions.  
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TABLES AND FIGURES 

 

Figure 2.1. Map of the Greater Yellowstone Ecosystem (GYE) with the study area 

boundary, U.S. Geological Survey watershed boundaries, and administrative boundaries. 

 

 
Figure 2.2. Flowchart of NDVI data processing. 
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Table 2.1. Trends in Maximum Annual NDVI for All Pixels in the GYE, Pixels with 

NDVI Trends that are Statistically Significant Mann–Kendall Tau (p < 0.05), and 

Pixels with Natural Vegetation 
 

Data Mean trend NDVI 

change/decade 

Trend SD Portion of 

GYE (%) 

Entire GYE (114,106 1km2 pixels) 

All  0.0004 0.0037 0.0024 100 

Greening  0.0019 0.0193 0.0016 57.5 

Browning  -0.0017 -0.0173 0.0014 42.5 

Pixels with statistically significant trend (p<0.05) 

All +0.0017 +0.0170 0.0033 26.5 

Greening  0.0033 0.0329 0.0017 20.4 

Browning  -0.0035 -0.0354 0.0016 6.2 

Natural vegetation 

Greening  0.0033 0.0332 0.0017 17.9 

Browning  -0.0035 -0.0348 0.0016 5.4 

After fire disturbed areas removed 

Greening  0.0029 0.0293 0.0012 14.0 

Browning  -0.0033 -0.0331 0.0015 4.4 

After human disturbed areas removed 

Greening  0.0029 0.0285 0.0011 12.5 

Browning  -0.0033 -0.0332 0.0015 4.2 

After insect disturbed areas removed 

Greening  0.0029 0.0288 0.0012 11.1 

Browning  -0.0034 -0.0338 0.0015 3.6 
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Figure 2.3. A Trends in maximum annual NDVI for natural vegetation within the GYE 

from 1989 to 2014. B Trends in maximum annual NDVI after removing burned, bark 

beetle affected, and logged areas. Figure shows only pixels with NDVI trends that are 

statistically significant (Mann–Kendall Tau p < 0.05). 
 

 
 

Figure 2.4. Trends in maximum annual NDVI by vegetation type defined by NLCD 

categories. Letters represent results of Tukey’s honest significance difference comparison 

of mean NDVI trends between vegetation types. 
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Figure 2.5. Coefficient estimates of standardized explanatory variables on NDVI trends 

from separate model fits. Where JJA is the months of summer: June, July, August, VPD 

vapor pressure deficit, MA mean annual, AGDD annual growing degree days, Temp 

temperature, Precip precipitation, Dist disturbance, YSD years since disturbance, Perc 

Dist percent disturbance. 
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Figure 2.6. Density curves for meteorological covariates used to fit statistical model to 

explain NDVI trends: A mean annual summer (JJA) precipitation, B delta JJA 

precipitation, C mean annual (MA) temperature, and D delta MA temperature. Solid lines 

show densities for all GYE pixels and dashed lines show densities for greening pixels (p 

< 0.05) with vertical lines marking the respective mean values. 
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Table 2.2. Explanatory Variables for the Top Explanatory Model of NDVI Trends 
 

Predictor      Abbreviations Units 

Meteorological (annual mean)   

Summer Precipitation JJA Precip millimeters 

Delta Summer Precipitation Delta JJA Precip millimeters 

Annual Temperature MA Temp degrees Celsius 

Delta Annual Temperature Delta MA Temp degrees Celsius 

Disturbance history    

Percent Disturbed Perc Dist percent of 1km pixel 

disturbed 

 

Years Since Disturbance YSD years since disturbance 

If Disturbance Observed If Dist 0 (False) or 1 (True) 

 

 
Figure 2.7. Coefficient estimates of standardized explanatory variables on NDVI trends 

from the top explanatory model. Where JJA is the months of summer: June, July, August, 

VPD vapor pressure deficit, MA mean annual, AGDD annual growing degree days, 

Temp temperature, Precip precipitation, Dist disturbance, YSD years since disturbance, 

and Perc Dist percent disturbance. 
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Table 2.3. AIC Values for the Top Model Compared to the ‘‘Next Best’’ and Mean-

only Model. 
 

Model df Delta AIC 

Top Model 11 0 

Next Best 10 652 

Mean Only 2 19767 

 

 

 

 

Figure 2.8. Interaction effect plots on NDVI slopes between A years since disturbance 

(YSD) and percent disturbed (Perc Dist) (right), NDVI slope estimates for undisturbed 

pixels also shown (left), B mean annual  summer precipitation (JJA Precip) and delta 

mean annual summer precipitation (Delta JJA Precip), C mean annual temperature (MA 

Temp) and delta mean annual temperature (Delta MA Temp). 
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Chapter 2: Appendix A 

Analysis of growing season integrated NDVI trends 

 

Annual growing season integrated NDVI (hereafter INDVI) was calculated by summing 

monthly NDVI from start of season (SOS) to end of season (EOS) for each year. The 

SOS is when the NDVI surpasses an annual amplitude threshold and EOS is when it 

drops below the threshold (Piekielek 2012). Analysis was completed with annual 

amplitude threshold as 50% and 15%, which translated to May-Oct and April-Nov 

defined growing seasons respectively. Maps of INDVI trends filtered by MK Tau p<0.05 

for both methods showed results similar to those of annual maximum NDVI (Figure A1 

and A2). The fraction of pixels with statistically significant trends (p<0.05) for both 

INDVI methods and annual maximum NDVI were about 26% total. However the INDVI 

methods had a lower percentage of greening pixels and a higher percentage of browning 

pixels (p<0.05) than compared to annual maximum NDVI (Table A1). 
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Figure A1 

  

Figure A2 
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Table A1 

Max Annual 

Dataset 
Mean Trend 

NDVI 

change/decade 
Trend SD 

Fraction (%) 

of Statistically 

Significant 

Pixels (p<0.05) 

INDVI 50%Amp 

All pixels with 

significant trend 
0.0063 0.0632 0.0230 26.4 

Greening pixels 0.0218 0.2180 0.0122 16.6 

Browning pixels -0.0197 -0.1969 0.0097 9.8 

INDVI 15%Amp 

All pixels with 

significant trend 
0.0106 0.1061 0.0293 26.2 

Greening pixels 0.0286 0.2860 0.0168 17.2 

Browning pixels -0.0238 -0.2379 0.0129 9.0 

NDVI 

All pixels with 

significant trend 
0.0017 0.0170 0.0033 26.5 

Greening pixels 0.0033 0.0329 0.0017 20.4 

Browning pixels -0.0035 -0.0354 0.0016 6.2 
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Chapter 2: Appendix B 

Land Cover 

 

Table B1. Grouping of NLCD categories into “Natural Vegetation” and “Other” 
Natural Vegetation Other 

Deciduous Forest 

Evergreen Forest 

Mixed Forest 

Shrub/Scrub 

Grassland/Herbaceous 

Woody Wetlands 

Emergent Herbaceous  

Open Water 

Perennial Ice/ Snow 

Developed, Open Space 

Developed, Low Intensity 

Developed, Medium Intensity 

Developed, High Intensity 

Barren Land (Rock/Sand/Clay) 

Pasture/Hay 

Cultivated Crops 
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Chapter 2: Appendix C 

Disturbance Data 

 

Resampling disturbance data from 30-m to 1-km resolution was done with different 

thresholds for percentage of aggregated pixels disturbed (1, 20, 25, 30, 35, 40, 50, 75, and 

100%). The 30% disturbance threshold for aggregated cells (1 km) resulted in the total 

percent disturbance within the GYE most similar to the original higher resolution (30 m) 

disturbance data, with ~9% total area disturbed.  

Figure C1. Disturbance from Landsat NAFD, MTBS, and ADS databases 30 m 

resampled to 1 km at 30% disturbance threshold. 
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Chapter 2: Appendix D 

Statistical Modeling 

 

Table D1. Predictor Variables Considered for Statistical Modeling of NDVI Trends 

 

Predictor      Abbreviations Units or Categories Data source, Citation 

Topographic: 

Aspect class   Aspect_ClassN N, S, E, W  

Calculated from 

elevation using GDAL 

(GDAL Development 

Team 2015) 

Elevation  Elevation meters   
HydroSHEDS (Lehner 

and others 2008) 

Slope Slope percent   

Calculated from 

elevation using GDAL 

(GDAL Development 

Team 2015) 

Meteorological:  

For each climate variable mean annual (MA), winter (DJF), spring (MAM), summer 

(JJA), and fall (SON), change in mean annual and change in mean seasonal (delta_) 

were considered. TWx indicates TopoWx climate data were considered. 

Snow water 

equivalent 
swe millimeters 

Daymet V3.0 

(Thornton and others 

2017) 

Solar radiation total_srad W/m2 

Daymet V3.0 

(Thornton and others 

2017) 

Vapor pressure 

(humidity proxy) 
vp kPa 

Daymet V3.0 

(Thornton and others 

2017) 

Precipitation prcp millimeters 

Daymet V3.0 

(Thornton and others 

2017) 

Temperature 
tmean 

TWx_tmean 
degrees Celsius 

Daymet V3.0 

(Thornton and others 

2017), TopoWx v 

1.2.0 (Oyler and 

others 2014) 

Annual growing 

degree days 
TWx_agdd 

degree days above 

0.5 degrees Celsius 

TopoWx v 1.2.0 

(Oyler and others 

2014) 

Vapor pressure 

deficit 

vpd 

TWx_vpd 
kPa 

Daymet V3.0 

(Thornton and others 

2017), TopoWx v 
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1.2.0 (Oyler and 

others 2014) 

Köppen-Geiger 

climate 

classifications 

KGC 

• Arid, Steppe, Cold 

• Arid, Desert, Cold 

• Warm Temperate, 

fully humid, warm 

summer 

• Snow, fully humid, 

hot summer 

• Snow, fully humid, 

warm summer 

• Snow, fully humid, 

cool summer 

• Polar, Tundra 

Köppen-Geiger 

climate classifications 

(Kottek and others 

2006) 

Disturbance history: 

Fire YSF 
years since fire 

disturbance 

Monitoring Trends in 

Burn Severity 

(Eidenshink and 

others 2007) 

Logging YSL 
years since logging 

disturbance 

North American 

Forest Dynamics 

(Goward and others 

2015) 

Bark Beetle 

Infestation 
YSB 

years since beetle 

disturbance 

Arial Detection 

Surveys (Goward and 

others 2015) 

Years Since 

Disturbance 
YSD 

years since 

disturbance 

Combination of 3 

datasets above 

Percent Disturbed PercDist 

percent of 30 m 

pixels disturbed 

within 1 km pixel 

Combination of 3 

datasets above 

Land Cover Classification: 

Land Cover 

Classification 
Land Class 

Deciduous Forest 

Evergreen Forest 

Mixed Forest 

Shrub/Scrub 

Grassland/Herbaceo

us 

Woody Wetlands 

Emergent 
Herbaceous 

National Land Cover 

Database (NLCD 

2001, 2011 

Edition,(Homer and 

others 2007)) 
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CHAPTER THREE 

ADAPTING A DYNAMIC VEGETATION MODEL FOR REGIONAL BIOMASS, 

PLANT BIOGEOGRAPHY, AND FIRE MODELING IN THE WESTERN U.S.: 
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ABSTRACT 

The resiliency and function of North American forests are threatened by changes in 

climate and disturbance dynamics. Current efforts to model future vegetation and fire 

dynamics lack the mechanistic representation of ecological processes, the spatial 

resolution to capture landscape-level heterogeneity, or the ability to model regional 

spatial extents. To address these gaps, a dynamic vegetation model was adapted for 

regional applications to the western forests of the U.S. Here we present LPJ-GUESS-

LMfireCF, a dynamic vegetation model that includes the ecological processes of a 

dynamic global vegetation model with cohort-based forest demography (LPJ-GUESS) 

and a mechanistic fire module (LMfire), with a newly developed routine to simulate 

stand-replacing crown fires (CF). The LMfireCF fire module calculates surface fire and 

canopy characteristics to determine if critical conditions are met for crown fire initiation 

and spread, and if met, calculates crown fire effects. Adapting the model to regional 

applications  required parameterization of dominant regional plant functional types 

(PFTs) and additional model adjustments described in this paper. Simulations driven by 

historical climate data from 1980-2016 were run to compare the different fire modules: 

the original Glob-FIRM, LMfire, and LMfireCF, and global vs. regional PFTs. Model 

performance was evaluated by comparing simulation outputs to field and satellite-based 

estimates for landscape biomass distribution, dominant plant cover, fire activity, and 

forest regeneration. LPJ-GUESS-LMfireCF accurately represented vegetational zones 

with elevation and climate gradients in Yellowstone National Park (YNP). Total carbon 

in aboveground live vegetation within YNP simulated by LPJ-GUESS-LMfireCF with 
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the regional PFTs overestimated satellite-based estimates by 12% (44.8 TgC vs 39.9 TgC 

respectively). In comparison, an LPJ-GUESS simulation using the Glob-FIRM fire 

module and global PFTs resulted in total carbon in aboveground live vegetation of 281 

Tg C for YNP, six times the GlobBiomass estimates. Simulated area burned and fire 

severity approximated satellite-derived observations. Importantly, LPJ-GUESS-

LMfireCF simulated the large stand-replacing fires of 1988 in Yellowstone as emergent 

results without model initialization of vegetation cover or fire history. LPJ-GUESS-

LMfireCF simulated that 25% of the area of YNP burned in 1988, compared to 36% 

based on field and satellite-based estimates. Simulated postfire regrowth was more rapid 

than field-based estimations, with simulated mean biomass 24 years postfire (40.1 ±1.65 

Mg ha-1) 58% greater than field estimations (25.4 ±2.5 Mg ha-1), yet mature forests (>100 

years old without a major disturbance) were 24% less than field estimations (58.4±0.8 

compared to 76.6±3.5 Mg ha-1). In summary, LPJ-GUESS-LMfireCF effectively 

simulates regional crown fire dynamics and vegetation to more accurately model regional 

biomass, plant biogeography, and fire activity. 

1. INTRODUCTION 

Changes in regional climate and disturbance characteristics threaten the resiliency and 

function of forested ecosystems (Turner et al., 2019; Walker et al., 2019), increasing the 

need for regional modeling of forest and disturbance dynamics (U.S. DOE, 2018). Forest 

resiliency is defined as the capacity of a forest to absorb change and disturbance and have 

structure and function persist (Holling, 1973). With increases in fire season length, area 

burned, and frequency of large fires in the boreal and temperate forests of North America 
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(Dennison et al., 2014; Kasischke and Turetsky, 2006; Westerling, 2016, 2006), there is 

uncertainty about the resiliency of these forests and their carbon storage (Turner et al., 

2019; Walker et al., 2019). In particular, the extent of high-severity fires that kill most or 

all of the trees across entire stands, referred to here as stand-replacing fires, is increasing 

(Flannigan et al., 2009; Stephens et al., 2014). The ability to predict future forest 

resiliency is dependent on the development of process-based simulation models that can 

represent complex interactions between forest demography, disturbance, climatic factors, 

and increasing atmospheric carbon dioxide (U.S. DOE, 2018). Therefore, appropriately 

modeling plant geography, disturbance-driven biomass turnover, and forest regrowth 

under a changing climate is critical to predicting future changes to forests’ persistence 

and function at a regional scale. 

Current common approaches to regional forest modeling are empirical models, 

individual-based simulation models (IBSMs) that are extended to landscape applications, 

or Dynamic Global Vegetation Models (DGVMs) applied regionally. Empirical 

modeling, including correlation, regression, and principal component analyses can reveal 

important climatic and disturbance relationships affecting forest productivity (Emmett et 

al., 2019; Notaro et al., 2019; Potter, 2019). Yet empirical models are often constrained 

by the limited number of variables included by the modeler that may fail to capture 

complicated feedbacks between ecological processes. Also, since empirical models are 

based on correlative relationships between variables from field or remotely sensed data, 

they rely on statistical extrapolation to make inferences about conditions or areas not 

explicitly measured. IBSMs forest landscape models offer high-resolution (e.g. 2m to 
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30m spatial resolution) simulations of forest dynamics (Mladenoff, 2004; Seidl et al., 

2012). IBSMs simulation models trade their high-spatial resolution for limited spatial 

extent, making regional-scale simulations computationally impractical. 

In contrast, DGVMs were developed for understanding feedbacks between 

vegetation dynamics, biogeography, and biogeochemistry (Bachelet et al., 2001; 

Moorcroft et al., 2001; Sitch et al., 2003). DGVMs are process-based simulation models 

that represent vegetation dynamics including plant establishment, growth, competition, 

and mortality. The formulations within process-based models are often based on first 

principles and therefore do not depend on statistical extrapolation. They also incorporate 

physical processes (e.g. soil hydrology) and physiological processes (e.g. photosynthesis, 

respiration, and carbon allocation) important for representing ecological function. The 

benefit of adapting a DGVM to regional applications is the inclusion of these vegetation 

dynamics and ecological processes that interact to determine forest resiliency. 

 However, further development of fire dynamics and forest demography in 

DGVMs is needed to more accurately represent these interactions (Pugh et al., 2019a; 

U.S. DOE, 2018; Zhu et al., 2016). To capture the ecosystem responses and interactions 

between vegetation, climate, and disturbance, DGVMs must include comprehensive and 

realistic fire modules (Keane et al. 2015). The necessity of fire module development in 

DGVMs led to the formation of the Fire Model Intercomparison Project (FireMIP) and 

remains an area of active research (Hantson et al., 2016; Rabin et al., 2016). While there 

have been many advances, improvement is needed in the representation of forest fires 

that burn the crowns of trees or shrubs killing most or all of the overstory (Pugh et al., 
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2019a, 2019b), hereafter referred to as stand-replacing crown fires (Agee, 1996; Scott 

and Reinhardt, 2001). Currently, the prominent DGVMs rely upon surface fire models 

and empirical fire behavior models which do not include the transition of a surface fire 

into the canopy, limiting their ability to reproduce and predict stand-replacing crown fires 

(Chaste et al., 2018; Gavin et al., 2014; Hantson et al., 2016; Lehsten et al., 2016; Li et 

al., 2012; Rabin et al., 2016). 

 Advances are also needed in the modeling of forest demography within dynamic 

vegetation models. DGVMs typically simulate plant functional types (PFTs) representing 

multiple plant species grouped by their physical, phenological, and phylogenetic 

characteristics. Process-based simulation models are often initiated and constrained by 

field or remotely sensed data, prescribing the distribution of PFTs or forest productivity. 

For example, in Carnegie Ames Stanford Approach (CASA) ecosystem model 

simulations, land cover type was prescribed from satellite imagery, and Moderate 

Resolution Imaging Spectroradiometer Enhanced Vegetation Index and airborne remotely 

sensed coarse woody debris were used as inputs to estimate net primary productivity 

(Potter et al., 2011). While initializing and constraining process-based models with 

observational data can lead to more realistic simulation results, such approaches fail to 

demonstrate the emergent properties of the model and thereby reduce confidence in 

prognostic simulations. Calibrating model parameters for simulated PFTs and represented 

processes is a necessary step to improve model performance without relying on 

initialization of plant cover type. For example, improving the representation of high-

latitude vegetation in the DGVM Organizing Carbon and Hydrology in Dynamic 
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Ecosystems (ORCHIDEE) model required modification of photosynthesis parameters for 

each simulated PFT, adjustment of temperature limits to tree distributions, and revised 

tree mortality calculations (Zhu et al., 2015). These DGVM developments have not yet 

included crown fire simulations, nor have they been applied to all DGVMs. 

 The dynamic vegetation model LPJ-GUESS is well suited for regional application 

because it incorporates the physiological and biophysical processes of a DGVM while 

simulating cohorts of PFTs to represent forest demography. LPJ-GUESS was developed 

from the DGVM LPJ (Lund-Potsdam-Jena) (Sitch et al., 2003) which represented PFTs 

as average populations. The General Ecosystem Simulator (GUESS) version represents 

vegetation as age-based cohorts, allowing the representation of stand structure and mixed 

plant composition. Vegetation is simulated in independent patches for each grid cell with 

plant establishment, growth, and competition represented as mechanistic processes based 

on first principles and empirical relationships (for detailed model description see [Smith 

et al., 2001]). Previous regional applications of LPJ-GUESS explored vegetation 

dynamics and plant biogeography in forests of the Northeastern U.S. (Hickler et al., 

2004; Tang et al., 2012) and subregions across Europe (Hickler et al., 2012; Koca et al., 

2006; Morales et al., 2007; Smith et al., 2008, 2001). However, to adapt LPJ-GUESS for 

regional application to western U.S. forest biomes several modifications were needed. 

First, regional PFTs needed to be parameterized to represent the composition of western 

forests. Second, smaller model modifications included adjustments to carbon allocation 

and pedotransfer functions, and the inclusion of soil parent material data.  Most 
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importantly, the fire module was developed to simulate the stand-replacing crown fires 

characteristic of many western forests. 

The fire module Glob-FIRM commonly used within LPJ-GUESS represents fire 

occurrence, size, and effects using semi-empirical approaches for non-ignition limited 

ecosystems (Thonicke et al., 2001). Fire occurrence is determined daily by whether air 

temperature, fuel moisture content, and abundance of aboveground litter are above 

minimum thresholds. Fire size is represented as the fraction of a grid cell burned as a 

function of fire season length, based on an empirical relationship between length of fire 

season and area burned. While this approach is intuitive, the simplifications overlook 

potential feedbacks that could be represented by a more mechanistic approach. For 

example, fire occurrence does not consider the availability of an ignition source or fuel 

conditions that may be limiting in some ecosystems. Fire size does not consider any 

mechanisms for fire spread, thereby all fires for a season will be of the same size 

regardless of fuel availability and fuel moisture. Fire effects are represented as the 

fraction of biomass burnt by fire is based on a PFT-specific fire resistance parameter. All 

burned live and dead biomass is considered entirely combusted and added to the annual 

carbon flux to the atmosphere. This representation of fire effects ignores any varying 

resistance to fire based on age class and fails to distinguish partially burned (e.g. standing 

dead, woody debris) and combusted fuels (emitted to the atmosphere). 

To better represent fire occurrence, size, and effects in simulations, a mechanistic 

fire module, LMfire (Pfeiffer et al., 2013), was integrated into LPJ-GUESS. LMfire 

simulates fire occurrence, behavior, and impact from a more mechanistic perspective by 
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incorporating fire danger indices with fire spread modeling (Pfeiffer et al., 2013; 

Thonicke et al., 2010). Fire occurrence is based on calculated probabilities of natural 

ignitions and anthropogenic burning habits. Instead of having fire size based on an 

empirical relationship with fire season length as in Glob-FIRM, LMfire represents fire 

behavior by calculating a rate of spread based on weather and topography. It also allows 

multi-day burning and coalescence of fires, more realistically representing fire behavior. 

However, it must be noted that patches are simulated independently, so fire does not 

spread between patches or grid cells. Tree mortality is a function of crown scorch and 

cambial damage based on the current tree height and bark thickness for each PFT. 

Simulating stand-replacing crown fires necessitated new developments to the LMfire 

module, now termed LMfireCF, to represent crown fire (CF), resulting in the ecosystem 

model variant LPJ-GUESS-LMfireCF. LMfireCF assesses if critical conditions are met 

for crown fire initiation and spread. Crown fire initiation is dependent on surface fire 

intensity resulting in a scorch height that reaches the canopy base height. Crown fire 

spread depends on average canopy bulk density and canopy foliar moisture content 

meeting critical thresholds. 

The purpose of this paper is to introduce LPJ-GUESS-LMfireCF designed for 

regional application for western forests of the U.S. and to evaluate the model’s 

performance based on regional PFTs and the new fire module. Simulations were run to 

compare the different fire modules: Glob-FIRM, LMfire, and the newly developed 

LMfireCF. To compare the different potential PFTs, simulations were run with the global 

PFTs and the newly parameterized regional PFTs. LPJ-GUESS-LMfireCF performance 
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was evaluated for simulated 1) landscape biomass distribution, 2) dominant plant cover 

distributions, 3) fire activity, and 4) postfire forest regeneration by comparing simulated 

results to field and satellite-based metrics. Simulations of Yellowstone National Park 

(YNP) vegetation and wildfire dynamics are used here to demonstrate the utility of LPJ-

GUESS-LMfireCF for regional applications in U.S. western forests. YNP serves as a 

model forested landscape to study the interactions of vegetation, climate, and disturbance 

dynamics because large stand-replacing crown fires have played an important role in 

dictating vegetation patterns since the Holocene (Whitlock et al., 2003). The 1988 

Yellowstone fires burned about one third of the area of YNP, serving as a natural 

experiment and validation for fire models. 

2. MATERIALS AND METHODS 

2.1 Study Area 

Yellowstone National Park is located in the South Central Rockies in the USA, primarily 

within western Wyoming, with small portions extending north into Montana and west 

into Idaho (Figure 1). YNP extends 8,983 km2 with a mean elevation of ~2,400 m and an 

elevation range from 1,610 m to 3,462 m. Long, cold winters and cool summers 

characterize the climate of YNP (boreal cool summer under the Koppen-Geiger climate 

classifications, (Kottek et al., 2006)). The northern half of the park experiences warmer 

mean annual temperatures and lower annual precipitation relative to the southern half 

(Figure 2). Vegetation distribution patterns (Figure 3) correspond to elevation gradients 

and dominant soil type (Despain, 1990). Volcanic soils are the primary soils in YNP, 

with relatively nutrient-poor rhyolitic and andesitic soils (i.e. inceptisols) as the most 
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dominant (47%, (Rodman et al., 1996). Mollisols have a higher nutrient and organic 

matter content and cover 22.3% of the park. The remainder of YNP is covered by 

combined inceptisols and mollisols (6.4%), bedrock and some soil (8.6%) and thermal 

soil (2.3%). Areas with inceptisols in the park tend to be dominated by lodgepole pine 

(Pinus contorta) forests while areas with mollisols tend to be nonforested. At lower 

elevations, forests are comprised of Douglas-fir (Pseudotsuga menziesii), Rocky 

Mountain Juniper (Juniperus scopulorum), and aspen (Populus tremuloides), and 

nonforested areas are comprised of grasslands and sagebrush (Artemisia spp.) steppe. The 

subalpine areas are dominated by lodgepole pine, with occurrences of subalpine fir (Abies 

lasiocarpa) and Engelmann spruce (Picea engelmannii) in the understory or in the 

canopy in the absence of fire, and limber pine (Pinus flexilis) on calcium-rich soils. 

Higher elevation forested areas are often dominated by whitebark pine (Pinus albicaulis). 

Overall, lodgepole pine dominates more than 80% of the forested area within YNP. 

Wildfire often drives vegetation dynamics in YNP, with large high-severity fires 

that kill most of the trees and initiate secondary succession occurring in the subalpine 

forests every 150-300 years (Higuera et al., 2011; Romme, 1982). Fire severity is defined 

here by the loss of aboveground vegetation and soil organic matter (Keeley, 2009; Ryan 

and Noste, 1985), with a focus on tree mortality. Lower elevation Douglas-fir forests had 

low-severity fires with a historical frequency of every 25-60 years (Littell, 2002), with 

shorter 30 year mean fire frequency in shrub and grasslands (Barrett, 1994). Higher 

elevation whitebark pine forests had high to mixed severity fires with a mean fire return 

interval of over 350 years (Barrett, 1994).  
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The historic fires of 1988 burned about 36% percent of the park and left a 

landscape mosaic of unburned areas and burned areas with varying burn severity (Turner 

et al., 1994). A policy of complete fire suppression was in effect since the park was 

founded in 1872 up to 1972 (Romme and Despain, 1989). Yet efforts were not effective 

until about 1945 when modern fire-fighting technologies became available. This 

relatively short period of effective fire suppression is unlikely to have greatly influenced 

fire activity (Romme and Despain, 1989). The fires of the late twentieth century are 

considered comparable to fires in the early 1700s, except that the vast majority of the area 

burned in one year, 1988 (Romme and Despain, 1989). Large fire years are associated 

with extreme weather conditions characterized by hot and dry summers and strong winds 

(Bessie and Johnson, 1995; Renkin and Despain, 1992; Westerling et al., 2011). 

2.2 Model and simulation descriptions 

LPJ-GUESS v. 2.0 was used for simulations in this study; the physiological and 

biophysical processes are from LPJ (Sitch et al., 2003) and other model details are given 

by Smith et al. (2001), except for the model developments described in this paper. LPJ-

GUESS simulates dynamic vegetation in patches for each grid cell. Patches share 

environmental input values of the grid cell, termed replicate patches, but run 

independently to represent the variability of stochastic processes: establishment, 

background mortality, and fire. The exception is that patches are assumed to share a 

common propagule pool (i.e. spatial mass effect [Shmida and Ellner, 1984]). Initially, 

propagules are assumed to be available for a PFT if the climatic conditions are met in the 

grid cell. After colonization, establishment of new PFT saplings is dependent on the 
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reproductive output of all cohorts of that PFT in the previous year. The number of 

saplings established is drawn from a Poisson distribution, limited by the set maximum for 

that PFT (parameter ‘est_max’), to represent stochastic establishment. 

Soil hydrology is represented as a “bucket model” (Manabe, 1969) with a two-

layer soil profile (Haxeltine and Prentice, 1996). Water infiltrates the upper soil layer (0-

0.5m) through precipitation (minus interception) or melting snow pack. Soil water 

content is depleted by plant evapotranspiration, percolation below the lower soil layer 

(0.5-1.5m), surface evaporation, or if the upper soil layer is saturated, via surface runoff. 

The calculation of water holding capacity and other soil parameters was modified for this 

study to allow for the use of continuous soil texture data instead of being limited to nine 

soil texture classes. The pedotransfer functions follow Cosby et. al. (1984), with 

volumetric water holding capacity equal to the field capacity minus the water holding 

capacity at wilting point (Appendix D, Figure D2). 

For this study, Yellowstone National Park was simulated as a landscape of 14,431 

1km2 grid cells using LPJ-GUESS (Cartesian area). LPJ-GUESS simulations were run by 

repeatedly selecting a year randomly from detrended historical Daymet climate data 

(1980-2016) and static carbon dioxide concentrations (1860 value, 286.4 ppm) for 1,000 

years (called a “spin-up”), which is required for LPJ-GUESS to establish soil carbon 

pools and for simulated vegetation to reach theoretical equilibrium with average climate. 

Each grid cell was run with 10 replicate patches to represent differences in stand structure 

and PFT composition resulting from stochastic processes. Simulations were then run for 

157 years (1860-2016) with transient atmospheric carbon dioxide data for years 1860-
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2016, detrended climate data for years 1860-1989, and historical climate data for years 

1980-2016. Simulations were run to compare the different fire modules (Glob-FIRM, 

LMfire, and LMfireCF) and different PFTs (global PFTs and the new regional PFTs). 

PFTs are listed in Table 2 and described in the following section. 

2.3 Regional PFT parameterization 

To better represent forest demography and crown fire dynamics, we replaced the more 

general global tree PFTs that are typically used in LPJ-GUESS with species-specific 

parameterizations for the eight dominant tree species in YNP. Four species (Pinus 

contorta, Pseudotsuga menziesii, Populus tremuloides, and Juniperus scopulorum) were 

parameterized individually. Due to their physical and functional similarities and 

geographic range overlap (McCaughey and Schmidt, 2001, 1990), Pinus albicaulis and 

Pinus flexilis were represented as a single “high-elevation five-needle pine” species pair, 

while Picea engelmannii and Abies lasiocarpa were similarly represented as a single 

“cold-wet conifer”. In addition to these six species/species pairs (hereafter “species”), a 

shrub (Artemisia spp.), and two grass PFTs (“cool grass” with C3 photosynthetic pathway 

and “warm grass” with C4 photosynthetic pathway) were parameterized to represent non-

forest vegetation (Table 1).  

Values, sources, and citations for PFT parameters are included in Appendix A, 

Tables A1-A4. The bioclimatic limits for establishment and survival were based on two 

standard deviations below or above the mean values calculated from Daymet climate for 

the range of a PFT based on the USDA Forest Service’s Forest Inventory and Analysis 

(FIA) presence data (Gillespie, 1999). For PFTs that represent two species, the more 
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extreme bioclimatic values were used to represent a range inclusive to both species, 

unless otherwise noted in Appendix A, Table A1. Thereby, the bioclimatic limits for 

Engelmann spruce were used for the cold-wet conifer PFT (CW con) and the limits for 

whitebark pine were used for the high elevation pines PFT (Hi pines). Plant trait, fuel 

loading, and post-fire vegetation data were collected for this study spanning foothill to 

alpine vegetation zones across the GYE to parameterize the LPJ-GUESS and the LMfire 

model (Appendix B). Calibration of PFT parameter values included conducting a 

sensitivity analysis and comparing adjustments of groups of parameters (e.g. shade 

tolerance parameters) effect on species dominance. In a grid cell with inceptisol soils, 

lodgepole pine background and maximum establishment rates were increased. These 

parameter adjustments served as a proxy for lodgepole pine’s improved competition 

against other tree PFTs in nutrient-poor volcanic soils. 

The production of fire-adapted cones that open when exposed to high 

temperatures, known as serotinous cones, varies amongst  populations of lodgepole pines 

(Schoennagel et al., 2003). Serotiny was not included in LPJ-GUESS-LMfireCF, so all 

grid cells were assumed to have the same availability of propagules independent of their 

fire history, not including a critical restraint on lodgepole pine regeneration. The 

maximum number of possible saplings (PFT specific parameter ‘est_max’) for lodgepole 

pine was set to one tenth the mean stem density 24 years after fire (Turner et al., 2004). 

2.4 Carbon allocation modification 

A key model development was required for realistic representation of tree heights. 

Previously in LPJ-GUESS v. 2.0, the ratio of tree leaf area to sapwood area was based on 
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a PFT-specific constant, or size-independent allocation, retained from LPJ (Sitch et al., 

2003, see Eq. 1). For this study, tree heights were constrained by modifying the 

allometric relationship between the ratio of tree leaf area and sapwood cross-sectional 

area to include tree height as a covariate. A size-dependent leaf to sapwood area (latosa) 

ratio was implemented, decreasing the latosa parameter value for each PFT cohort (noted 

by subscripts PFT,cohort) by twenty units per meter increase in tree height (h) based on 

previous relationships used by McDowell and Zaehle (McDowell et al., 2002; Zaehle et 

al., 2006): 

𝑙𝑎𝑡𝑜𝑠𝑎𝑃𝐹𝑇,𝑐𝑜ℎ𝑜𝑟𝑡 = −20 ∗ ℎ𝑃𝐹𝑇,𝑐𝑜ℎ𝑜𝑟𝑡 + 𝑙𝑎𝑡𝑜𝑠𝑎𝑃𝐹𝑇     (2) 

where latosaPFT  is the maximum parameter value for a PFT. In turn, this adjusted latosa 

value was then used to constrain height ensuring that each unit of leaf area is supported 

by an appropriate amount of transport tissue, following the ‘pipe’ model (Shinozaki et al., 

1964a, 1964b). 

2.5 PFT crown length 

In LPJ-GUESS v. 2.0, crown lengths (tree height minus crown base height) were 

previously set equal to tree height for all PFTs, and in LMfire, crown length was 

calculated as 33% of the height for all trees, neither of which are representative of tree 

growth in GYE species. Instead, in LMfireCF crown length varies with height based on 

PFT-specific parameters. Linear and quadratic regression equations were fit to field 

measurements of height vs. crown length for GYE tree species (Appendix B). The linear 

slope (m) and intercept (b) values were then used to calculate variable crown length (cl) 

based on tree height (h) in LPJ-GUESS-LMfireCF for each PFT cohort (PFT,cohort): 
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𝑐𝑙𝑃𝐹𝑇,𝑐𝑜ℎ𝑜𝑟𝑡 = 𝑚𝑃𝐹𝑇 ∗ ℎ𝑃𝐹𝑇,𝑐𝑜ℎ𝑜𝑟𝑡 + 𝑏𝑃𝐹𝑇      (3) 

Crown base height (cbh), which is used in the LMfireCF module, was then calculated by 

subtracting the crown length from the tree height: 

𝑐𝑏ℎ𝑃𝐹𝑇,𝑐𝑜ℎ𝑜𝑟𝑡 = ℎ𝑃𝐹𝑇,𝑐𝑜ℎ𝑜𝑟𝑡 − 𝑐𝑙𝑃𝐹𝑇,𝑐𝑜ℎ𝑜𝑟𝑡     (4) 

2.6 LMfire fire module modifications 

Combustion of live biomass within a simulated patch is calculated for each PFT cohort 

and is proportional to the fraction of area burned, fraction of crown scorch, live carbon, 

and a combustion fraction constant by fuel size class. Combustion fraction constants for 

live biomass killed by fire were adjusted from 100% of 1 hour fuels and 5% of 10 hour 

fuels (Chaste et al., 2018; Pfeiffer et al., 2013) to 90%, 80%, 50%, and 0% for 1, 10, 100, 

and 1000 hour fuels respectively (Keane et al., 2011). The remaining live vegetation 

killed by fire is transferred to litter. Fractions of dead biomass combusted depend on fuel 

moisture content relative to its moisture of extinction by fuel size class. The moisture of 

extinction is the fraction of moisture content above which fuel stops burning. Moisture 

extinction values were adjusted from 0.404, 0.487, 0.525, 0.5440 for 1, 10, 100, and 1000 

hour fuels respectively (Pfeiffer et al., 2013) to 0.2 for all fuel size classes based on 

estimates that the moisture of extinction rarely exceeds 15-30% (Scott and Burgan, 

2005). 

Other parameter values for the LMfireCF fire module are shown in Appendix C, 

Table C1. Our model improvement included coding the fire routines to operate on age-

based PFT cohorts (as opposed to uniformly aged populations), enabling representation 

of mixed-aged stand dynamics. Tree height, diameter, and bark thickness are 
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distinguished for each age-based PFT cohort, so in LMfire fire effects can vary between 

canopy layers. 

2.7 Crown fire dynamics 

To determine if crown fires (CF) would occur in a patch, surface fire and canopy 

characteristics were calculated to determine if critical conditions were met for crown fire 

initiation (CFI) and crown fire spread (CFS): 

𝐶𝐹 =  {
 1, 𝑖𝑓 𝐶𝐹𝐼 = 1 𝑎𝑛𝑑 𝑖𝑓 𝐶𝐹𝑆 = 1            

 0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                            
         (5) 

Crown fire initiation requires a critical surface fire intensity for the start of crowning, 

such that the scorch height reaches the canopy base height (Van Wagner, 1993, 1977). 

Scorch height (SH) is calculated as, 

SH = 0.148 * I2/3     (6) 

where I is surface fire intensity (kW m-1) (Alexander, 1982; Van Wagner, 1973). The 

constant modifier was set at 0.148 as found by Van Wagner (1973) an increase from the 

0.094 assigned by Pfeiffer et al. (2013).  

Since LPJ-GUESS represents age-based cohorts of PFTs, canopy bulk density 

was calculated for each horizontal canopy layer that was 1m thick (rounding up) to 

determine canopy base height, canopy height, and average canopy bulk density. Canopy 

bulk density is the sum of leaf and 1-hour live fuel mass per unit volume of canopy, as 

this is considered the biomass that would burn quickly to sustain crown fire spread 

(Brown et al., 1991; Keane et al., 2005; Reinhardt et al., 1997; Scott and Reinhardt, 

2001). In the following equations, lowercase annotations are used for age-cohort crown 

variables and uppercase annotations are used for forest canopy variables. Assuming 
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crown bulk density (cbd) is uniform throughout the crown length (cl) for each PFT 

cohort, leaf biomass and 1-hour live fuel biomass (lf(class)) were averaged for each 

crown layer (l) from crown base height (cbh) to tree height (h): 

𝑐𝑏𝑑𝑙,𝑃𝐹𝑇 =  ∑
𝑙𝑒𝑎𝑓𝑏𝑖𝑜𝑚𝑎𝑠𝑠+ 𝑙𝑓(1) 

𝑐𝑙

ℎ
𝑙=𝑐𝑏ℎ       (7) 

Then crown bulk density was totaled across tree PFTs to get canopy bulk density (CBD) 

at each layer in the canopy: 

𝐶𝐵𝐷𝑙 =  ∑ 𝑐𝑏𝑑𝑙,𝑃𝐹𝑇
6
𝑃𝐹𝑇=1       (8) 

Canopy base height was determined as the layer height at which the summed canopy bulk 

density for all PFT cohorts was above the minimum threshold of 0.012 (kg m-3) 

(Reinhardt et al., 2006). Canopy height was determined as the height at which the 

summed canopy bulk density for all PFTs dropped below the minimum threshold 

(Reinhardt et al., 2006). The canopy base height was then used as the critical scorch 

height for crown fire initiation. Thereby, in following with Van Wagner’s theory (1977), 

when surface fire intensity reaches the critical value for scorch height to exceed canopy 

base height (CBH), crown fire is considered initiated in LMfireCF: 

𝐶𝐹𝐼 =  {
 1, 𝑆𝐻 > 𝐶𝐵𝐻 
 0, 𝑆𝐻 < 𝐶𝐵𝐻  

     (9) 

Two criteria defined critical conditions for crown fire spread: average canopy 

bulk density above a minimum threshold (0.10 kg m-3) (Reinhardt et al., 2006) and 

canopy foliar moisture content equal to or below a maximum threshold (80%). These 

thresholds were calibrated to yield active crown fire in LMfireCF while being consistent 

with values in the  literature. The average canopy bulk density (CBDavg) was calculated 

by averaging each layer (l) from canopy base height (CBH) to canopy height (CH),  
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𝐶𝐵𝐷𝑎𝑣𝑔 =
∑ 𝐶𝐵𝐷𝑙

𝐶𝐻
𝑙=𝐶𝐵𝐻

𝐶𝐻−𝐶𝐵𝐻
      (10) 

and the average canopy bulk density is assumed to be uniform throughout its depth 

(Keane et al., 1998). 

Canopy foliar moisture content was assumed to be within the range of 50-150% 

(Scott and Reinhardt, 2001; Van Wagner, 1977). The daily water stress (water scaler; 

ratio of effective water supply to demand) for each tree PFT was weighted by its foliar 

projective cover relative to total tree cover to calculate mean daily canopy foliar moisture 

content in LPJ-GUESS-LMfireCF. If both conditions are met; average canopy bulk 

density (CBDavg) and canopy foliar moisture (cfm) are above their respective thresholds, 

then crown fire will spread: 

𝐶𝐹𝑆 =  {
 1,   𝑖𝑓 𝐶𝐵𝐷𝑎𝑣𝑔 > 0.10 𝑎𝑛𝑑 𝑐𝑓𝑚 ≤ 0.80
 0,   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                 

        

(11) 

Equation (5) can then be written as: 

𝐶𝐹 =  {
 1, 𝑖𝑓   𝑆𝐻 > 𝐶𝐵𝐻 𝑎𝑛𝑑 𝑖𝑓 𝐶𝐵𝐷𝑎𝑣𝑔 > 0.10 𝑎𝑛𝑑 𝑐𝑓𝑚 ≤ 0.80           
 0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                                  

  (12) 

In LPJ-GUESS-LMfireCF if the critical conditions were met for both crown fire initiation 

and crown fire spread, then active crown fire is assumed to occur, killing 100% of trees in 

the patch (Scott and Reinhardt, 2001). If these conditions are not met, mortality can still 

occur due to crown kill for a given PFT cohort, proportional to the ratio of the tree height 

to the scorch height (Pfeiffer et al., 2013), which may be considered a representation of 

passive crown fire. Importantly, mortality due to crown kill operates on individual PFT 

cohorts in LPJ-GUESS-LMfireCF as opposed to the average individual (PFT population) 
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in a patch in LPJ-LMfire, allowing taller PFT cohorts to survive within a patch from 

passive crown fires. 

2.8 Driver data 

Daymet version 3 and TopoWx version 1.3.0 gridded daily climate data from 1980-2016 

were used as input for LPJ-GUESS-LMfireCF (Oyler et al., 2015; Thornton et al., 2017). 

Mean monthly instantaneous downward shortwave radiation for 24 hours was calculated 

from Daymet daily daylight average incident shortwave radiation. Total monthly 

precipitation was summed from Daymet daily precipitation, and the number of days in a 

month with precipitation summed to create monthly wet days. Mean monthly mean, 

minimum, and maximum air temperature was calculated from daily minimum and 

maximum air temperature for TopoWx1.3.0. The Modern-Era Retrospective analysis for 

Research and Applications, Version 2 (MERRA-2, (Gelaro et al., 2017)) monthly 

eastward wind speed of lowest model layer and northward wind speed of lowest model 

layer were used to calculate the horizontal wind speed vector using the Pythagorean 

Theorem, then resampled using R package ‘raster’ from ~50km to 1km-resolution 

(Hijmans, 2019). Mean monthly lightning strike values were calculated from World Wide 

Lightning Location Network data (Lay, 2004). Due to the increase in sensors through 

space and time, the mean monthly value across the GYE for 2010-2014 was used for all 

pixels. Annual global atmospheric carbon dioxide concentrations from 1860-2016 (Le 

Quéré et al., 2018) were used for all GYE pixels. The multilayer soil characteristic 

gridded data for the conterminous United States (CONUS-Soil) based on the USDA State 

Soil Geographic Database (Miller and White, 1998) was infilled with Harmonized World 
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Soil Database v. 1.2 for areas with missing data (Fischer et al., 2008) to provide 

continuous soil data for the region. Since LPJ-GUESS version 2.0 used in this study does 

not include soil nutrient limitations, a binary soil layer (Appendix D, Figure D1) 

indicating whether a grid cell had inceptisol soils or not was created from YNP soil type 

data (Rodman et al., 1996). Processing of model driver data was completed using Climate 

Data Operators (Schulzweida, 2019), NCO netCDF Operators (Zender, 2014), and R 

packages: raster (Hijmans, 2019), rgdal (Bivand et al., 2018), and ncdf4 (Pierce, 2017). 

2.9 Model evaluation datasets 

The performance of LPJ-GUESS-LMfireCF was evaluated in four areas: landscape 

biomass, dominant plant cover, fire activity, and forest regeneration. Estimates of carbon 

in aboveground live vegetation from the USDA Forest Service’s FIA field measurements 

(Gillespie, 1999) from 312 plots in YNP were used to benchmark simulated live 

aboveground carbon in vegetation. Estimates of aboveground live biomass for the year 

2010 from the European Space Agency’s GlobBiomass project (Santoro, 2018) were used 

to benchmark simulated live carbon in vegetation for all of YNP. GlobBiomass live 

aboveground biomass estimates were multiplied by 0.5 to approximate carbon in live 

vegetation, assuming carbon content of biomass is about 50% (Penman et al., 2003). It is 

important to note that GlobBiomass estimations of carbon in vegetation are only 

aboveground, while values simulated in LPJ-GUESS include belowground carbon in the 

roots, which could account for about 20-30% (Cairns et al., 1997; Litton et al., 2003; 

Santantonio et al., 1977). To account for this difference, simulated carbon in vegetation 

was multiplied by 0.8 to approximate carbon in aboveground live vegetation to compare 
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to GlobBiomass and FIA data. Simulated PFT distributions and cover were compared to 

the National Park Service’s Yellowstone 1999 Cover Type data, a geodatabase of habitat 

type and land cover layers created from aerial photography and field surveys (Despain, 

1990). Simulated fire area burned, fire severity, and fire frequency were compared to 

Monitoring Trends in Burned Severity (MTBS) data from 1984-2016 (“MTBS Data 

Access: Fire Level Geospatial Data,” 2017) and fire perimeter data acquired from the 

Yellowstone National Park Spatial Analysis Center (provided by Alex Zaideman). Field 

data of forest carbon storage and leaf area index in lodgepole pine dominated sites in 

YNP were used to evaluate simulated postfire recovery with sites that burned in the 1988 

Yellowstone fires sampled 11 and 24 years postfire to measure forest recovery (Turner et 

al., 2017, 2016, 2004) and for mature lodgepole pine forests (>100 years old) from a 300 

year chronosequence (Kashian et al., 2013, 2012).  

2.10 Statistical analysis 

Normalized mean square error (NMSE) was used to quantify the range of spatial 

correlation between simulated total live aboveground carbon and GlobBiomass estimates, 

because it is less sensitive to extreme values than using the standard deviation and it does 

not require uncertainty estimates which are unavailable for simulation results (Kelley et 

al., 2013). NMSE was calculated as: 

𝑁𝑀𝑆𝐸 =  ∑ (𝑦𝑖 −  𝑥𝑖)𝑖
2

/ ∑ (𝑦𝑖 − �̅�𝑖)
2

𝑖     (1) 

where, 𝑦𝑖 is the modelled value in grid cell i, 𝑥𝑖 is the corresponding value in the 

benchmarking dataset, and �̅�𝑖 is the mean value across all grid cells in the benchmarking 

dataset (Kelley et al., 2013). A NMSE value of zero indicates perfect agreement, values 
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>1 suggest the model’s performance is worse than the null model, and more generally 

smaller values denote better model performance. Welch two sample t-tests were used to 

compare biomass and LAI for regenerating and mature lodgepole pine forests between 

simulation results and field estimates (RStudio Team, 2016). The Welch’s test was used 

because it does not assume equal variance. To lessen the spatial autocorrelation in the 

simulated data, 300 points were randomly selected from the 14,000+ simulated and 

statistical tests were performed on this smaller sample (Dale and Fortin, 2002). 

3. RESULTS 

3.1 Landscape biomass 

Fire model development in combination with the newly parameterized regional PFTs 

greatly improved modeled live carbon in vegetation relative to LPJ-GUESS v. 2.0 (Figure 

4). Mean total live aboveground carbon is estimated to be 50.8 Mg C ha-1 from FIA plots 

(Table 3), with measurements limited to forested areas, and were higher than 

GlobBiomass estimates and LPJ-GUESS-LMfireCF simulation results. GlobBiomass, a 

spatially continuous dataset is our best reference for total YNP biomass estimates, with 

estimated mean live aboveground carbon in vegetation at 27.7 Mg C ha-1 with a total of 

39.9 Tg C for the entire YNP for the year 2010. Simulated carbon in vegetation using 

LPJ-GUESS-LMfireCF with regional PFTs for 2010 resulted in a mean live above and 

belowground carbon in vegetation of 31 Mg C ha-1 with a total of 44.8 Tg C for YNP, a 

12% overestimation compared to GlobBiomass benchmark data. In comparison, 

simulated carbon in vegetation using LPJ-GUESS with the Glob-FIRM fire module and 

global PFTs resulted in mean carbon in vegetation of 156 Mg C ha-1 with a total of 281 
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Tg C for YNP, 6 times the GlobBiomass estimated carbon in vegetation for YNP. The 

simulation using Glob-FIRM with the regional PFTs resulted in mean carbon in 

vegetation of 61.7 Mg C ha-1 with a total of 111 Tg C for YNP, almost double the 

GlobBiomass estimates. In summary, LPJ-GUESS-LMfireCF with regional PFTs showed 

a 592% improvement in simulated biomass estimates compared to LPJ-GUESS with 

global PFTs. 

Mapped distributions of LPJ-GUESS-LMfireCF simulated and GlobBiomass 

estimated carbon in vegetation are shown in Figure 5a-b. Estimates of carbon in 

vegetation in the areas dominated by lodgepole pine are comparable between simulated 

and GlobBiomass estimates. However, carbon in vegetation at higher elevation areas in 

YNP, simulated as dominated by cold-wet conifers (Figure 6), are overestimated 

compared to GlobBiomass (Figure 5c). The areas of underestimated biomass in the 

western and southern edges of YNP (Figure 5c) correspond with areas that were 

simulated as grass dominated (Figure 6), but where uncertainty (reported as standard 

error) was higher for GlobBiomass (Figure 5d). Normalized mean square error (NMSE 

values indicate that model performance was greatly improved by using the LMfireCF fire 

module and regional PFTs, but all simulation results performed worse than the null model 

(Table 3). 

3.2 Dominant plant cover 

For the new carbon allocation scheme, the size-dependent leaf area to sapwood area ratio 

resulted in more reasonable tree heights. Linear relationships between tree height and 

crown length showed a strong correlation for all conifers (R2 ranged from 0.51 to 0.97) 
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and a moderate correlation for the deciduous PFT (R2 = 0.34) (Appendix B). The linear 

regression equations better fit the data than the quadratic regression equations, so the 

linear slope and intercept values were used to calculate variable crown length based on 

height in LPJ-GUESS-LMfireCF by PFT. 

 To evaluate the ability of LPJ-GUESS-LMfireCF to simulate dominant plant 

foliar projective cover, the fraction of modeled area covered when under full leaf cover 

was mapped for each PFT across YNP. Simulated PFT foliar projective cover (Figure 6) 

corresponded well with mapped National Park Service’s (NPS) Yellowstone primary 

cover types from 1999 (Figure 3). The simulated distribution of lodgepole pine (PICO) 

matched well with the NPS distribution, with lodgepole pine dominating the largest area 

of Yellowstone. Simulated cold-wet conifer (Engelmann spruce and subalpine fir) 

occurrence in higher elevation regions of the park is accurate, but extensive areas are 

actually dominated by whitebark pine in the observational data. Douglas-fir, quaking 

aspen, and big sagebrush cover was highest at lower elevations. The nonforested areas in 

the northern region of the park (Lamar Valley, Figure 3) were simulated as grass 

dominated.  

 LPJ-GUESS-Glob-FIRM simulated PFT foliar projective cover (Appendix E, 

Figure E1) resulted in cold-wet conifer dominating the largest area of Yellowstone. In 

comparison to LPJ-GUESS-LMfireCF results, the range of area dominated by other PFTs 

were contracted in the LPJ-GUESS-Glob-FIRM simulation. Lodgepole pine, Douglas-fir, 

and C3 grasses had greatly reduced cover using the Glob-FIRM fire module. In the Glob-

FIRM simulation, cold-wet conifer dominated areas that LMfireCF simulated as 
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lodgepole pine or Douglas-fir dominant. Glob-FIRM simulated lodgepole pine dominated 

areas that LMfireCF simulated as C3 grasslands. 

3.3 Fire activity 

LPJ-GUESS-LMfireCF fire activity, evaluated on total area burned and burn severity, 

was greatly improved with our modifications. Total area burned from 1984-2016 from 

MTBS data shows that 1988 and 2016 were the largest fire years in the record (Figure 7). 

LPJ-GUESS-LMfireCF simulated 1988 as the largest fire year and 2016 as a large fire 

year, but also simulated notable area burned in 1994, 2000, 2003, 2008, and 2012. LPJ-

GUESS-LMfireCF simulated that 25% of the area of YNP burned in 1988. MTBS and 

Yellowstone National Park Spatial Analysis Center fire mapping show that about 36% of 

the area of YNP burned in the1988 Yellowstone Fires. 

In terms of fire severity, the predominant fire regime in YNP is characterized by 

stand-replacing crown fires. To compare the fire modules, a time series of live and dead 

combusted carbon and unconsumed carbon of fire-killed trees was plotted from 1984 to 

2016 (Figure 8). While Glob-FIRM simulated 1988 as a fire year, fire severity was low 

throughout the simulation period. In contrast, LMfireCF simulated 1988 as a high 

severity fire year, with affected carbon in vegetation proportional to area burned. 

Although LMFireCF showed a large spike in affected carbon in vegetation in 1988, 

~70% of the carbon remained in the system as litter. The discrepancy in fire severity 

between LMfireCF and Glob-FIRM is shown in Figure 9, with LMfireCF causing a 

~28% reduction in carbon in live vegetation (above and belowground) across YNP from 

the 1988 fires, compared to insignificant perturbations in carbon due to fire for Glob-
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FIRM throughout the simulation period (Figure 9b). Figures for simulated carbon in 

vegetation across YNP for the two fire modules have different scale bars.  

3.4 Forest regeneration 

Lodgepole pine stands regenerated quickly after the 1988 fires in YNP, both in field 

measurements and simulations (Table 3). From the simulated burned area in 1988, grid 

cells were subset that were previously dominated by lodgepole pine (>50% foliar 

projective cover), extensively burned (>80% fraction burned), and did not burn again on 

or before 24 years postfire. For these subset grid cells, LPJ-GUESS-LMfireCF (n=240) 

simulated mean live aboveground biomass (25.7±1.16 Mg ha-1) was seven times greater 

than field estimations 11 years postfire (3.38±0.65 Mg ha-1) and the range was twice the 

field estimate (Table 3). In postfire year 24, simulated mean live biomass (40.1±1.65 Mg 

ha-1) was 58% greater than field estimations (25.4±2.5 Mg ha-1), but with a similar range. 

Simulated leaf area index (LAI) was more than two times greater than field estimations, 

11 and 24 years postfire (Table 3). The time series of carbon in live vegetation (above 

and belowground) LPJ-GUESS-LMfireCF simulated across YNP (Figure 9a) shows a 

gradual recovery, with declines corresponding with fire activity. Comparing biomass for 

mature lodgepole pine forests, field-based estimates (76.6±3.5 Mg ha-1) were greater 

than simulation results for both model configurations (Table 4). Interestingly, the Welch 

two sample t-test indicated no evidence of a true difference in mean between simulated 

results and field estimates for LAI in mature forests (p>0.01), indicating potential model 

bias in carbon allocation to sapwood carbon pools over leaf carbon pools. 
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For a subset of grid cells, LPJ-GUESS-Glob-FIRM (n=152) simulated mean live 

biomass (54.3±1.8 Mg ha-1) was sixteen times greater than field estimations 11 years 

postfire, with almost four times the range (Table 3). In postfire year 24, LPJ-GUESS-

Glob-FIRM simulated biomass had declined, but the mean remained 94% greater than the 

field estimated. Based on observations biomass should continue to increase for about 90-

100 post fire (Kashian et al., 2013). LPJ-GUESS-Glob-FIRM simulated mean LAI was 

more than three times greater than field estimated 11 years postfire and because 

simulated LAI declined, was closer to field estimated 24 years postfire, but still 

overestimated. These subset grid cells burned in 1988 and did not reburn, so declines in 

biomass and LAI were due to other forms of mortality represented in the model (e.g. 

longevity, carbon limitation). The low severity fires simulated by LPJ-GUESS-Glob-

FIRM resulted in biomass fluctuations due to fire being minor perturbations (Figure 9b). 

4. DISCUSSION 

4.1 Landscape biomass 

Developments included in LPJ-GUESS-LMfireCF greatly improved model performance 

in simulating carbon in vegetation in YNP compared to LPJ-GUESS version 2.0 with the 

Glob-FIRM fire module (Figure 4). The parameterization of regional PFTs (blue dash-dot 

line) compared to global PFTs (purple dotted line) also improved model performance in 

simulating carbon. Total carbon in vegetation in YNP was overestimated by 12% by LPJ-

GUESS-LMfireCF (green dashed line) compared to GlobBiomass estimations (solid 

black line).  
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The main discrepancy in simulated carbon in vegetation compared to satellite-

derived estimates is the long-tailed distribution simulated by LPJ-GUESS-LMfireCF 

(Figure 4), which is due to the overestimation of carbon in vegetation at higher elevation 

areas in YNP (Figure 5c). In our simulations, these areas with over-estimated biomass 

corresponded with areas dominated by the cold-wet conifer PFT (Engelmann spruce and 

subalpine fir, Figure 6). Adjusting parameters for the cold-wet conifer PFT could reduce 

its dominance and carbon accumulation, improving modeled estimates of carbon in YNP. 

Yet, much of this area extent in YNP is occupied by whitebark pine in the NPS’s cover 

type data (Figure 3). However, whitebark pine communities have suffered extensive 

mortality in the Yellowstone region due to mountain pine beetle (Dendroctonus 

ponderosae) outbreaks and white pine blister rust (Cronartium ribicola) infections 

(Shanahan et al., 2016). Much of the higher elevation areas labeled as “non-vegetated” in 

the GlobBiomass dataset could be areas of whitebark pine die-off. Even if the high 

elevation pines PFT were simulated to occupy these areas, mortality due to bark beetle 

outbreaks and white pine blister rust would not be captured. Disturbance agents other 

than fire are not explicitly modeled in LPJ-GUESS v. 2.0, instead a generic patch 

disturbance can be enabled that randomly kills patches at a user defined time interval 

(e.g. 100 years). Further model development is needed for these pest and pathogen 

disturbance dynamics to be represented.  

Underestimated biomass in the western side and southwest corner of YNP 

correspond with areas simulated as dominated by the C3, cool grass PFT. The distribution 

of the cool grass PFT strongly matches climatological mean distributions of mean 
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temperature and annual precipitation. These areas are lodgepole pine dominated in the 

NPS’s Yellowstone cover type data, implying that the bioclimatic limits of the lodgepole 

pine PFT may need to be adjusted to allow more growth in these areas. 

4.2 Dominant plant cover 

Simulating regional PFTs was critical to approaching satellite-derived estimates of 

distribution of biomass in the landscape. Global PFTs were so generalized that one PFT 

type (boreal needleleaved evergreen, see Table 2) dominated the landscape. This implies 

that for regional scale resolution, DGVM simulations must include more PFTs to be 

representative of the vegetation dynamics. While lodgepole pine dominates YNP, there 

still remain important vegetation patterns with elevation that are not captured with only 

one productive PFT. The newly parameterized PFTs recreated distinct vegetation types 

with elevation. Lower-elevations were dominated by grass, sagebrush, and Douglas-fir, 

typical of the region. The subalpine was dominated predominately by lodgepole pine with 

some co-occurrence of Douglas-fir at lower elevations and Engelmann spruce and 

subalpine fir (CW con) at higher elevations. 

 The simulated dominance of lodgepole pine in YNP was greatly dependent on the 

fire module simulating high severity crown fires. Lodgepole pine is a relatively fast 

growing species and in the absence of fire, more shade tolerant and slower growing 

species will grow in the understory and then dominate the subalpine overstory (Romme, 

1982). However, on rhyolitic soils this transition of dominant species does not occur and 

lodgepole continues to dominate (Despain, 1983). In the case of YNP on non-rhyolitic 

soils, these more shade tolerant species or climax species are Engelmann spruce, 
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subalpine fir, and, at the higher elevations, whitebark pine (Romme, 1982) simulated as 

two PFTs: cold-wet conifer (CW con) and high-elevation pines (Hi pine). The co-

occurrence and dominance of the cold-wet conifer PFT in higher elevations is due to 

lower simulated fire activity and the absence of inceptisol soils, allowing them to 

outcompete lodgepole pine PFT. The fire module Glob-FIRM failed to capture high-

severity fires, so the cold-wet conifer PFT dominated a larger portion of YNP compared 

to the LMfireCF module. 

However, the dominance of whitebark pine in the highest regions of the park was 

missing in the distribution of the high-elevation pines PFT (whitebark and limber pine), 

regardless of the fire module applied. These two distinct pine species were combined into 

one PFT due to the lack of complete knowledge of their unique bioclimatic limits and 

other physiological characteristics (Weaver, 2001) needed for parametrization. The actual 

distributions of whitebark and limber pines sometimes overlap (Arno and Hoff, 1989; 

McCaughey and Schmidt, 1990), and in the field the species can only be distinguished by 

their female cones, and less reliably by their male cones (Weaver, 2001). The tendency of 

whitebark pine to grow at higher elevations than limber pine led to the adoption of an 

elevation threshold “rule of thumb” used for vegetation simulations (Clark et al., 2017). 

Even in paleoecological reconstructions of regional vegetation, whitebark and limber 

pine distributions are indistinguishable because their pollen cannot be discriminated 

(Iglesias et al., 2015). Current research into distinguishing bioclimatic limits between 

whitebark and limber pine are underway (Hansen et al., 2016) and could lead to separate 

parameterization in LPJ-GUESS-LMfireCF simulations. 
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The importance of representing different vegetation zones became more apparent 

when we consider applying LPJ-GUESS-LMfireCF to simulate potential changes under 

projected future climate scenarios. In YNP there is concern over the potential contraction 

of forested vegetation types and expansion of sagebrush steppe/grassland vegetation 

types, as climate becomes more or less favorable to different vegetation types (Hansen 

and Phillips, 2015; Piekielek et al., 2016; Westerling et al., 2011). Such a vegetation type 

conversion would drastically reduce the amount of terrestrial stored carbon in YNP 

(Kashian et al., 2006). The ability of LPJ-GUESS to simulate multiple PFTs with 

different age-based cohorts within each grid cell allows it to simulate successional 

dynamics and vegetation zones (Hickler et al., 2012, 2004). Furthermore, since 

vegetation zones were emergent, not prescribed through initialization, they demonstrate 

prognostic capabilities of LPJ-GUESS-LMfireCF. 

4.3 Fire activity 

The model development represented here focused on capturing two key aspects of fire 

activity that are relevant to regional and global-scale fire modeling: burned area and fire 

severity. LPJ-GUESS-LMfireCF simulated large areas burned in 1988, 1994, 2000, 2003, 

2008, 2012 and 2016. These were all years of notable fire activity in the larger Greater 

Yellowstone Ecosystem (Appendix F, Figure F1). These years correspond to years with 

low precipitation, indicating the sensitivity of the LMfireCF fire module to precipitation. 

Also, since LMfireCF does not simulate fire suppression, we expected to overestimate 

area burned. It may be that these simulated fire years could have become larger fire years 

in YNP in the absence of any fire suppression efforts or with increased lightning strikes.  
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The simulated area burned is the sum of area burned within each grid cell. In 

LMfireCF, the fraction burned of a grid cell is a function of fire rate of spread, slope, and 

wind speed (Pfeiffer et al., 2013). Fire rate of spread is dependent on the amount, density, 

and moisture of fuels, and wind speed. The representation of area burned as determined 

by modeled processes allows LMfireCF simulations to be responsive to changing 

conditions. In comparison, in Glob-FIRM the fraction burned of a grid cell is based on an 

empirical relationship with fire season length (Thonicke et al., 2001, see Figure 2). 

However, this exponential relationship between fire season length and burn area is not 

represented in the fire record for the Greater Yellowstone Ecosystem (Appendix F, F2). 

Furthermore, utilizing fixed empirical relationships does not allow for the model to 

predict fire behavior under novel conditions. A more mechanistic fire module, like 

LMfireCF, can be more flexible to novel conditions. 

However, LMfireCF has one important limitation; it does not model fire spread 

between grid cells and thereby cannot predict fire patterns or fire size. Since fire 

occurrence is emergent in LPJ-GUESS-LMfireCF as opposed to prescribed, there is no 

expectation that spatial patterns of fire would strongly correlate with observed fire 

patterns on the landscape (McKenzie et al. 2011). Moreover, it would be difficult to 

simulate the influence of past burned areas on restricting future fire spread. Under 

extreme weather conditions conducive to large fires, fire paths are most dictated by the 

current wind conditions (Bessie and Johnson, 1995). LMfireCF runs at a daily timestep 

so it does not capture the hourly fluctuations in weather conditions that drive the spread 

of large fires. Furthermore, as simulations in LPJ-GUESS are run as one grid cell at a 
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time in sequence, as opposed to all grid cells at the same timestep in parallel, the model 

framework inhibits simulating the spread of fire between grid cells. Without cell-to-cell 

fire spread it is not possible to realistically simulate observed fire scars or fire extents, 

and to include the spatial interactions of fire pattern on future fire activity. 

The greatest improvement to modeling fire behavior in YNP presented here was 

the simulation of high severity, stand-replacing crown fires from the development of 

crown fire dynamics in the LMfireCF fire module. In prior versions of LMfire, fire 

dynamics were based on the surface fire equations (Chaste et al., 2018; Pfeiffer et al., 

2013). LMfire is most often used within LPJ which does not represent forest stand 

structure because it simulates average individuals of a PFT population. LPJ-GUESS 

simulates age-based PFT cohorts, simulating forest stand structure, enabling the 

distinction between surface and crown fires when coupled with a fire module that 

simulates both. The original fire module in LPJ-GUESS v. 2.0, Glob-FIRM greatly 

underestimated fire severity in YNP simulations. While in theory it is possible to 

calibrate the parameters in these fire modules to simulate high severity fires in a given 

region, it diminishes the ability to also simulate mixed and low severity fires. Effectively, 

optimizing parameters in a surface fire module could compensate for the lack of crown 

fire dynamics, mimicking observations, i.e. equifinality (Tang and Zhuang, 2008), but 

would not be able to provide emergent results (Keane, 2019; Wilson and Botkin, 1990). 

By developing crown fire dynamics in LMfireCF, high severity fires were emergent 

based on complex interactions between vegetation, climate, and fire dynamics. LMfireCF 
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is a fire module that is applicable to various fire regimes; surface or crown-fire 

dominated, as opposed to being over-calibrated to fit one fire regime. 

Another important component of simulating fire severity is estimating carbon 

fluxes to the atmosphere due to fire. In Glob-FIRM live aboveground biomass that is 

killed by fire and dead vegetation that is burned, is considered entirely combusted and 

added to the flux to the atmosphere that year (Smith et al., 2001; Thonicke et al., 2001). 

Both of these assumptions are incorrect. Even in stand replacing crown-fires the fine live 

and dead fuels may be combusted (1 and 10 hour fuels), but only a portion of larger live 

and dead fuels (100 and 1,000 hour fuels) are combusted and instead remain in the 

ecosystem as deadwood. In LMfire and LMfireCF a fraction of live biomass killed is 

assumed to combust and the rest is transferred to litter (Chaste et al., 2018; Pfeiffer et al., 

2013). It follows that if Glob-FIRM is calibrated to simulate high-severity fires it would 

overestimate carbon fluxes to the atmosphere unless the module is altered. By LMfireCF 

partitioning live biomass killed by fire into combusted or added to litter it can estimate 

immediate (combustion) and delayed (decomposition or combustion in future fires) 

carbon fluxes to the atmosphere. Therefore, the distinction in LMfire of carbon that is 

combusted and carbon that is transferred to litter ensures that carbon fluxes and pools are 

more accurately simulated in LPJ-GUESS. 

4.4 Forest regeneration 

LPJ-GUESS-LMfireCF simulated more rapid lodgepole pine forest regeneration in YNP 

than estimated from field measurements. Further model developments could be 

implemented to improve results and these are described below. Post-fire lodgepople pine 
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forest regeneration as measured by stem density varied with pre-fire serotiny levels, fire 

severity, and fire patch size (Turner et al., 1997). Serotiny was missing in LPJ-GUESS-

LMfireCF, so all grid cells were assumed to have the same availability of propagules 

independent of their fire history, not including a critical restraint on lodgepole pine 

regeneration. More generally, PFT establishment was simulated as stochastic, with the 

number of saplings randomly drawn from a Poisson distribution constrained by a 

maximum number of possible saplings (PFT specific parameter ‘est_max’). Thereby 

variation in stem density between grid cells is based on bioclimatic limits to 

establishment and survival, and random probability. Yet, the est_max parameter value for 

lodgepole pine was set to one tenth the mean stem density 24 years after fire. Also, 

biomass was simulated as lower than field estimates for mature forests, implying growth 

curves need to be adjusted so growth rates are reduced for young cohorts. Growth rates 

are controlled by carbon assimilation, allocation, and allometry equations and associated 

parameters so these are the areas to focus further model development and calibration. 

4.5 Future implications 

Climate change is expected to alter the fire and vegetation dynamics in the YNP. A 3.5°C 

annual air temperature increase is predicted in the northern Rocky Mountain region by 

2100 (Piekielek et al., 2016), with more warming occurring in the winter. The climate 

conditions associated with large, high-severity fires are predicted to become common by 

mid to late century (Westerling et al., 2011). Warming and drying conditions that threaten 

seedling survival in conjunction with short-interval severe fires are projected to affect 

postfire subalpine forest regeneration (Hansen et al., 2018; Hansen and Turner, 2019; 
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Turner et al., 2019). Suitable climate space for the dominant alpine and subalpine tree 

species is projected to decline, with expansion of suitable climate space for arid shrub 

and grasslands (Hansen and Phillips, 2015). All of these conditions combine to threaten 

the resiliency of subalpine forests in YNP and weaken carbon sinks (Turner et al., 2019). 

Process-based models can help us address pressing questions about the impact of 

disturbance and climate interactions on forest regeneration and carbon storage in the 

future. Process-based forest simulation models FireBGCv2 (Clark et al., 2017; Keane et 

al., 2011) and iLand (Hansen and Turner, 2019; Turner et al., 2019) have been applied to 

the YNP to make inferences about future dynamics. While both models predict decline of 

lodgepole pine dominated forest on the landscape, FireBGC predicts that forest cover will 

persist as Douglas-fir increases on the landscape (Clark et al., 2017) and iLand shows that 

Douglas-fir could also fail to regenerate under future climate scenarios (Hansen et al., 

2018). The complexity and high-resolution of iLand and FireBGC limit the scale of 

simulations to individual stands up to watersheds. The advantage of LPJ-GUESS-

LMfireCF is that by simulating age-based cohorts the computational efficiency makes it 

possible to run simulations at regional up to global scales. The higher resolution forest 

simulation models appear to be better suited to address stand-level questions around 

mechanisms of regeneration failure. The strength of LPJ-GUESS-LMfireCF is that it can 

be applied to project regional level forest cover and carbon storage, while capturing 

landscape heterogeneity.  

At the global scale, projections of the terrestrial carbon sink rely on predictions of 

forest biogeography, disturbance turnover, and forest regrowth. First, predictions of 



 

 

102 

future vegetation cover rely on projections of human land use and land cover change 

(Arneth et al., 2017; Friedlingstein et al., 2019; Poulter et al., 2011), but also projections 

of future forest resiliency and species distributions (Walker et al., 2019; White et al., 

2000). The use of regional PFTs in DGVMs, as presented here can enhance the ability to 

model forest biogeography, simulating current vegetation zones along elevation and 

climate gradients. Using regional PFTs also improved simulated productivity, with 

biomass estimates drastically closer to benchmarking data than by using global PFTs. 

Secondly, even small changes in fire regimes could have a strong influence on the forest 

carbon sink (Pugh et al., 2019a). The influence of disturbance turnover on long-term 

carbon fluxes necessitates modeling of stand-replacing crown fire regimes (Pugh et al., 

2019a). LPJ-GUESS-LMfireCF demonstrates the potential for modeling crown fire 

dynamics in DGVMs and the fire module described here may serve as precedent for 

developments in other DGVMs. Finally, forest regrowth may be responsible for more 

than half of the terrestrial carbon sink (Pugh et al., 2019a). DGVMs need to represent 

forest structure and successional dynamics to best estimate forest regrowth. LPJ-GUESS 

has been demonstrated to simulate forest structure and successional dynamics in several 

regional studies (Hickler et al., 2012, 2004; Smith et al., 2001), but further development 

of LPJ-GUESS-LMfireCF is needed to approximate estimates of biomass regrowth rates 

in regions with stand-replacing crown fire regimes. 
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TABLES AND FIGURES 

 
 
Figure 1. Map of Yellowstone National Park (YNP) showing elevation (m) based on the 

STRM 90m digital elevation model with rivers and lakes displayed in blue. YNP is 

located in the northwest corner of the state of Wyoming in the U.S. 
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Figure 2. Climatological mean distributions during the study period 1980-2016 across 

Yellowstone National Park of a) mean annual temperature (degrees Celsius) using 

TopoWx v1.3.0 (Oyler et al., 2015) and b) mean annual precipitation (mm) using Daymet 

v 3 (Thornton et al., 2017). 

 

 

  
 

Figure 3. Map of primary vegetation type using the National Park Service’s Yellowstone 

1999 Cover Type dataset, provided by the NPS and based on color aerial photography 

and field surveys (reproduced with permission from Notaro et al. 2019 Remote Sensing). 
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Figure 4. Density curves for carbon in aboveground live vegetation (Mg C ha-1) within 

Yellowstone National Park for year 2010 from the European Space Agency’s 

GlobBiomass estimates (solid line) and simulated by LPJ-GUESS (dashed lines) with 

either the LMfireCF fire module with regional plant functional types (PFTs, green dashed 

line), the Glob-FIRM fire model with regional PFTs (blue dot-dashed line), or the Glob-

FIRM fire model with Global PFTs (purple dotted line). 
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Figure 5. Carbon in aboveground live vegetation (Mg C ha-1) within Yellowstone 

National Park for 2010 a) simulated by LPJ-GUESS-LMfireCF b) European Space 

Agency’s GlobBiomass estimates, and c) difference between simulated, GlobBiomass 

estimates, and d) GlobBiomass uncertainty as standard error. 
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Figure 6.  LPJ-GUESS-LMfireCF simulated foliar projective cover under full leaf cover 

as fraction of modeled area averaged from 1997-2016 for regional plant functional types. 

PICO = Pinus contorta, CW_con = Engelmann spruce (Picea engelmannii) and subalpine 

fir (Abies lasiocarpa), PSME = Douglas-fir (Pseudotsuga menziesii), Hi_pines = 

whitebark pine (Pinus albicaulis) and limber pine (Pinus flexilis), POTR = quaking aspen 

(Populus tremuloides), JUSC = Rocky Mountain juniper (Juniperus scopulorum), ARTR 

= big sagebrush (Artemisia tridentata), C3 = cool grass, and C4 = warm grass. 

PICO CW con PSME

Hi pines POTR JUSC

ARTR C3 C4

0.0 0.2 0.4 0.6 0.8 1.0

Foliar projective cover
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Figure 7. Time series of total area burned in square kilometers from 1984 to 2016 within 

Yellowstone National Park showing Monitoring Trends in Burned Severity (MTBS) 

observations (solid line) and simulated by LPJ-GUESS-LMfireCF (dashed line). 

 
Figure 8. Carbon (Tg C) from combustion of live and dead vegetation (red lines) and 

unconsumed carbon (Tg C) of trees killed by fire and transferred to litter (grey line) from 

1984 to 2016 within Yellowstone National Park simulated by LPJ-GUESS using Glob-

FIRM (dotted line) and LMfireCF (dashed line) fire modules, both using regional plant 

functional types. In LMfireCF combusted carbon that is emitted to the atmosphere, is 

distinguished from carbon in killed live vegetation that is transferred to litter. In Glob-

FIRM live vegetation killed by fire is emitted to the atmosphere. 
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Figure 9. Time series of carbon in live vegetation (black lines), combusted carbon (red 

lines), and carbon in killed live vegetation (grey line) in metric tons of carbon (Tg C) 

from 1984 to 2016 within Yellowstone National Park simulated by a) Glob-FIRM (dotted 

lines) fire modules and b) LPJ-GUESS using LMfireCF (dashed lines), both using 

regional plant functional types. In LMfireCF combusted carbon that is emitted to the 

atmosphere, is distinguished from carbon in killed live vegetation that is transferred to 

litter. In Glob-FIRM live vegetation killed by fire is emitted to the atmosphere. 
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Table 1. Regional plant functional types (PFTs) used for LPJ-GUESS-LMFireCF simulations with three descriptive model 

parameters. Species abbreviations are the first two letters of the genus followed by the first two letters of the specific epithet. 

PICO = Pinus contorta, CW con (cold-wet conifers) = Engelmann spruce (Picea engelmannii) and subalpine fir (Abies 

lasiocarpa), PSME = Douglas-fir (Pseudotsuga menziesii), Hi pines (high-elevation 5-needle pines) = whitebark pine (Pinus 

albicaulis) and limber pine (Pinus flexilis), POTR = quaking aspen (Populus tremuloides), JUSC = Rocky Mountain juniper 

(Juniperus scopulorum), ARTR = big sagebrush (Artemisia tridentata), C3 = cool grass (C3 photosynthetic pathway), and C4 = 

warm grass (C4 photosynthetic pathway). All species/PFTs use C3 biochemical pathway for photosynthesis, except C4 grass. The 

fraction of annual net primary production used for fruits, seed, and flowers (reprfrac) was set to 0.1 for all species/PFTs, except 

for ARTR which was set to 0.01. 

 
Description & 

Parameters 

Species/PFTs 

 PICO CW con PSME Hi pines POTR JUSC ARTR C3 C4 

Species represented Pinus 

contorta 

Picea 

engelmannii 
Abies lasiocarpa 

Pseudotsuga 

menziesii 

Pinus 

albicaulis 
Pinus flexilis 

Populus 

tremuloides 

Juniperus 

scopulorum 

Artemisia 

tridentata 

many many 

Growth form^ tree tree tree tree tree tree shrub grass grass 

Phenology evergreen evergreen evergreen evergreen summergreen (SG) evergreen semi-deciduous SG SG 

Shade tolerance 

class^^ 

intolerant tolerant intermediate intermediate intolerant intolerant intolerant NA NA 

^See Appendix A, Table A3. for parameters specific to growth form types. 

^^See Appendix A, Table A4. for parameters specific to shade tolerance classes. 
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Table 2. Global plant functional types (PFTs) used for LPJ-GUESS simulations with three descriptive model parameters (Smith et 

al., 2001). BNE = boreal needleleaved evergreen, BINE = boreal shade-intolerant needleaved evergreen, BNS = boreal 

needleleaved summergreen, TeBS = temperate broadleaved summergreen, IBS = shade-intolerant broadleaved summergreen, 

TeBE = temperate broadleaved evergreen, TrBE = tropical broadleaved evergreen, TrIBE = tropical shade-intolerant broadleaved 

evergreen, TrBR = tropical broadleaved raingreen, and C3 = cool grass (C3 photosynthetic pathway), and C4 = warm grass (C4 

photosynthetic pathway). Geographic ranges correspond with different optimum temperatures for photosynthesis. 

 
Description & 

Parameters 

PFT 

 BNE BINE BNS TeBS IBS TeBE TrBE TrIBE TrBR C3 C4 

Geographic range boreal boreal boreal temperate boreal temperate tropical tropical tropical NA NA 

Growth form tree tree tree tree tree tree tree tree shrub grass grass 

Phenology evergreen evergreen summergreen (SG) SG SG evergreen evergreen evergreen raingreen SG SG 

Shade tolerance class tolerant intolerant intolerant tolerant intolerant tolerant tolerant intolerant intolerant NA NA 
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Table 3. Total live aboveground carbon estimates from Forest Inventory and 

Analysis (FIA), satellite-derived GlobBiomass, and simulated by LPJ-GUESS with 

regional plant functional types using either LMfireCF or Glob-FIRM fire module for 

all elevation zones in Yellowstone National Park. The normalized mean square error 

was calculated to quantify the range of spatial correlation between simulated total 

live aboveground carbon and GlobBiomass estimates. 

  

Total live aboveground 

carbon 

All Elevation Zones 

(MgC ha-1) 

Total YNP 

(TgC) 

Mean Min-Max NMSE  % Difference 

FIA^ 50.8±2.04 0-201  NA  

GlobBiomass^^ 27.7±0.19 0-109 1 39.9  

LPJ-GUESS-LMfireCF+ 

(regional PFTs) 

31.0±0.18 0-120 1.95 44.8 12 

LPJ-GUESS-Glob-FIRM+ 

(regional PFTs) 
61.7±0.2 0-145 4.14 111 179 

LPJ-GUESS-Glob-FIRM 

(global PFTs) 
156±0.2 0-240 31.7 281 604 

Notes: Error measurement is standard error. 

^FIA measurements of 312 plots from 1999-2009. 

^^GlobBiomass estimates are from 2010. NMSE is reported for comparison with the mean model. 
+LPJ-GUESS YNP estimates are from simulated year 2010. 

 



 

Table 4. Lodgepole pine leaf are index (LAI) and biomass: estimations from field data (Kashian et al., 2013; Turner et al., 2016) 

and simulated by LPJ-GUESS with regional plant functional types using either the LMfireCF or Glob-FIRM fire module for 

postfire lodgepole pine stands regenerating 11 and 24 years after 1988 fires and for unburned mature forests (>100 years old) in 

Yellowstone National Park. 

 

Lodgepole pine  

LAI and biomass 

Postfire year 11 Postfire year 24 Mature Forests 

Mean Median Min-Max Mean Median Min-Max Mean Median Min-Max 

Total live aboveground 

biomass (Mg ha-1) 

         

   field estimations^ 3.38±0.65 1.07 0-31.4 25.4±2.5 22.4 0-85.9 76.6±3.5 73.5 13.2-124.7 

   LPJ-GUESS-LMfireCF 25.7 ±1.16 26.9 0-62.9 40.1 ±1.65 44.0 0-81.4 58.4±0.8  56.8 33.9-115 

   LPJ-GUESS-Glob-FIRM 54.3 ± 1.8 53.2 6.0-130 49.2 ± 1.89 47.1 3.32-148 66.6±1.3 62.9 30.4-239 

Leaf area index (LAI) 

(m2/m2) 

       

   field estimations^ 0.74±0.14 0.21 0-6.7 1.16±0.11 1.03 0-4.0 2.84±0.12 2.8 1.16-5.39 

   LPJ-GUESS-LMfireCF+ 2.03±0.07 2.13 0-4.42 2.65±0.86 2.97 0-4.74 3.13±0.03* 3.07 2.34-4.66 

   LPJ-GUESS-Glob-FIRM+ 2.31±0.06 2.31 0.19-4.06 2.05±0.06 2.08 0.04-4.05 3.1±0.03* 3.01 2.2-4.47 

 

Notes: Error measurement is standard error. 

^Postfire estimates are from Turner et al. 2016 for 71 plots measured in 1999 and 2012. Mature forest estimates are from Kashian et. al. 2013 for 48 

plots measured between 2004 and 2007. 

+Mature forest estimates are from simulation year 2016, randomly subset to N=300. 

*Welch two sample t-test p > 0.01, indicating no evidence of true difference in mean between simulated results and field estimates. 
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Chapter 3: Appendix A 

Plant functional type (PFT) parameters 

 

Table A1. Parameter values and data sources for regional tree and shrub plant functional types (PFTs) used for LPJ-GUESS-

LMFireCF simulations. Species abbreviations are the first two letters of the genus followed by the first two letters of the specific 

epithet. PICO = Pinus contorta, CW con = Engelmann spruce (Picea engelmannii) and subalpine fir (Abies lasiocarpa), PSME = 

Douglas-fir (Pseudotsuga menziesii), Hi pines = whitebark pine (Pinus albicaulis) and limber pine (Pinus flexilis), POTR = 

quaking aspen (Populus tremuloides), JUSC = Rocky Mountain juniper (Juniperus scopulorum), and ARTR = big sagebrush 

(Artemisia tridentata). 

 
Parameters Species/PFTs 

Description Symbol 

(units) 

PICO CW con PSME Hi pines Source POTR Source JUSC Source ARTR Source 

Bioclimatic limits to establishment            

Min. coldest month 
mean temperature 

Tc,min (°C) -12.66 -12.28 -12.09 -13.2 presence 
records1 

-10.81 presence 
records1 

-7.24+ presence 
records1 

-9.27 [1] 

Max. coldest month 
mean temperature 

Tc,max (°C) 2.94 0.98 8.95 2.04 presence 
records1 

6.12 presence 
records1 

8.10+ presence 
records1 

5.81 [1] 

Min. warmest month 

mean temperature 

Twmin (°C) 6.23 5.37 7.71 4.63 presence 

records1 

8.65 presence 

records1 

14.96+ presence 

records1 

8.5 [1] 

Min. growing degree 

day sum on 5°C base 

GDD5 (°C 

days) 

421 335^  564 341^^ presence 

records1 

692 presence 

records1 

1619+ presence 

records1 

104 [2] 

Minimum % 

available water in 

upper soil layer 

AWCmin (%) 0.6 0.6 0.6 0.6 Renwick 

unpublished 

0.6 Renwick 

unpublished 

0.3 [1] 0.1 [1] 

Bioclimatic limit to survival            

Min. coldest month 

temperature 

Tcs,min (°C) -19.86 -19.31 -19.28 -21.27 presence 

records1 

-18.02 presence 

records1 

-12.85+ presence 

records1 

-16.13 [1] 

Optimum temperatures for photosynthesis           

Min. temperature for 
photosynthesis 

pstempmin 
(°C) 

-4 -4 -4 -4 [3] ++ -4 [3] ++ -2 [3] ++ -4 [2] 

Low temperature for 

photosynthesis 

pstemplow 

(°C) 

10 10 10 10 [3] 10 [3] 15 [3] 8 [2] 

High temperature for 

photosynthesis 

pstemphigh 

(°C) 

25 25 25 25 [3] 25 [3] 25 [3] 25 [3] 

Max. temperature for 

photosynthesis 

pstempmax 

(°C) 

38 38 38 38 [3] ++ 38 [3] ++ 38 [3] ++ 40 [2] 

1
2
9
 



  

Allometry            

Crown length slope* CLs(m) 0.31 0.83 0.69 0.67 Appendix B 0.24 Appendix B 0.78 Appendix B 1.0 Appendix B 

Crown length 

intercept* 

CLi(m) 1.8 -0.3 0.03 0.67 Appendix B 1.9 Appendix B 0.66 Appendix B 0.0 Appendix B 

Bark thickness 

slope* 

BTs(cm) 0.01 0.02 0.05 0.01 Appendix B 0.03 Appendix B 0.03 Appendix B 0.031 Appendix B 

Bark thickness 

intercept* 

BTi(cm) 0.22 0.21 0.41 0.44 Appendix B 0.29 Appendix B 0.07 Appendix B 0.067 Appendix B 

Growth            

Specific leaf area sla  

(m2kgC-1) 

8.5 8.5 8.5 8.5 [4]|| 25 [5] 7.2 [6] 16 [2] 

Fraction of roots in 

upper soil layer 

rootdistup 

(%) 

0.6 0.6 0.6 0.6 [3] ++ 0.7 [7] 0.6 [3] ++ 0.7 [2] 

Fraction of roots in 

lower soil layer 

rootdistlow 

(%) 

0.4 0.4 0.4 0.4 [3] ++ 0.3 [7] 0.4 [3] ++ 0.3 [2] 

Carbon to nitrogen 
ratio in leaves 

c:nleaf 49 49 49 49 [4]|| 17 [6] 42 [5]@ 26 Renwick 
unpublished 

Carbon to nitrogen 

ratio in sapwood 

c:nsap 1030 1030 1030 1030 [4]|| 729 [4] 729 [4] 330 [3] 

Carbon to nitrogen 

ratio in fine roots 

c:nroot 82 82 82 82 [4]|| 42 [4] 42** 

[6] 

41 [8] 

Maximum age longevity 

(yrs) 

330 350 450 450 [4]# 120 [5] 350 [5]@ 150 [1], expert 

opinion 

Leaf longevity leaflong 

(yrs) 

2 2 2 2 [7] 0.5 [7] 2 [7] 1 [9] 

Leaf area to sapwood 
area ratio 

kla:sa 4000 4000 4000 4000 [10] 5000 [10] 2275 [11]& 1477 [2] 

Wood density dens  

(kgC m-3) 

190 190 190 190 [12]||| 175 [12] 250 [12] 332 [13] 

1The bioclimatic limits were based on two standard deviations below or above the mean values calculated from Daymet climate data [14] for the range of a PFT based on USDA FIA 

presence data (http://fia.fs.fed.us/). All parameters defining bioclimatic limits to establishment are based on the mean for the last 20 years.  
^higher value of the two species, value for Abies lasiocarpa 

^^average of values for the two species 

+Based on FIA presence data for Juniperus osteosperma 

++Not reported in [3] but included in LPJ-GUESS input file 
*New parameters added for development of LMFireCF, see Appendix B. 

**Average of values for Juniperus monosperma, J. osteosperma, and J. scopulorum. 

||Values for Pinus contorta. 

@Values for Pinus monticola. 

&Mean value of two species of Juniperus and two species of Pinus. 
#Values for Pinus contorta and cold-wet conifers were from [4] and values for high-elevation pines and Douglas-fir were adjusted based on model performance. 

 

  

1
3
0
 

http://fia.fs.fed.us/
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Table A2. Parameters and characteristics for grass plant functional types (PFTs) used 

for LPJ-GUESS-LMFireCF simulations. C3 = cool grass, C3 biochemical pathway, 

and C4 = warm grass, C4 biochemical pathway. 

 
Parameters Species/PFTs 

Description Symbol 

(units) 

C3 Source C4 Source 

Bioclimatic limits to establishment     

Min. growing degree day sum 

on 5 deg C base 

GDD5 (°C 

days) 

77 [2] 0 [2] 

Minimum % available water 

in upper soil layer 

AWCmin (%) 0.01 [10] 0.01 [10] 

Optimum temperatures for photosynthesis     

Min. temperature for 

photosynthesis 

pstempmin 

(°C) 

-5 [3] ++ 6 [3] ++ 

Low temperature for 
photosynthesis 

pstemplow 
(°C) 

10 [3] 20 [3] ++ 

High temperature for 

photosynthesis 

pstemphigh 

(°C) 

30 [3] ++ 45 [3] ++ 

Max. temperature for 

photosynthesis 

pstempmax 

(°C) 

45 [3] 55 [3] ++ 

Growth     

Specific leaf area sla (m2kgC-

1) 

30 [2]~ 30 [2] 

Fraction of roots in upper soil 

layer 

rootdistup 

(%) 

0.9 [7] 0.9 [7] 

Fraction of roots in lower soil 

layer 

rootdistlow 

(%) 

0.1 [7] 0.1 [7] 

Carbon to nitrogen ratio in 

leaves 

c:nleaf 29 [3] 29 [3] 

Carbon to nitrogen ratio in 
fine roots 

c:nroot 29 [3] 29 [3] 

Leaf longevity leaflong 

(yrs) 

1 [15] 1 [15] 

++Not reported in [3] but included in LPJ-GUESS input file. 
~Reported as “original” values. 
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Table A3. Growth form parameters for species/plant functional types used for LPJ-

GUESS-LMFireCF simulations. 

 
Parameters Growth form type   

Description Symbol (units) Tree Source Shrub Source Grass Source 

Maximum crown area crownarea (m2) 40 [10] 3 [16]* –  

Constant in allometry equations: 

determines relationship of stem 

diameter and crown area 

kallom1 150 [10] 100 [17]^^* –  

Constant in allometry equations kallom2 40 [3] 18 [17]^^* –  

Constant in allometry equations kallom3 0.67 [3] ++ 1 [17]^^* –  

Max. number of days with full 

leaf cover 

phenmax (days) 210 @ 139 [2] 50 [2] 

Percentage of full leaf cover 

maintained through winter for 

semi-deciduous 

phenwinter _  0.2 [2] _  

Background establishment rate 

constant 

kestbg 0.05 ** 0.1 [3] ++ –  

*Equivalent to not using parameter. 
**Adjusted based on model performance. 

^^*Values were optimized from unpublished data associated with [17]. 

++Not reported in [3] but included in LPJ-GUESS input file. 

@Applies to summergreen phenology and previously was internal constant in LPJ-GUESS. 

 

Table A4. Shade tolerance parameters by class for species/plant functional types 

used for LPJ-GUESS-LMFireCF simulations. 

 
Parameters Shade tolerance class 

Description Symbol (units) Intolerant Source Intermediate Source Tolerant Source 

Maximum establishment rate for 

seedlings 

estmax 

(saplings/year) 

0.2 [10] 0.1 [10] 0.05 [10] 

Minimum PAR/light at forest 

floor for establishment 

parffmin (Wm-2) 2500000 [10] 2000000 [10] 1500000 ** 

Recruitment shape parameter 

constant 
⍺r 8 ** 6 [10] 4 ** 

Growth efficiency parameter greffmin (kgCm-2yr-

1) 
0.1 ** 0.08 [10] 0.06 ** 

Sapwood to heartwood turnover 

rate 

turnoversap (%) 0.08 ** 0.065 ** 0.05 [10] 

**Adjusted based on model performance. 
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Chapter 3: Appendix B 

Field Data 

 

Field data collection 

In the summer of 2014 Kristen Emmett and Frances Mary Ambrose sampled burned and 

unburned sites across the Greater Yellowstone Ecosystem (GYE). Sites were selected to 

represent a gradient of elevation, vegetation type, and fire severity. Fire surveys were 

limited to fires that occurred in 2011 or after (data unpublished). Unburned sites were 

adjacent to burned sites. Site measurements included aspect, slope, elevation, GPS 

coordinates, and observed vegetation type. At each site 15m transect starting points were 

randomly selected at NE facing, SW facing, and flat slopes. Fuel load was measured 

along the transect following the USDA Forest Service protocol (Brown, 1974) (data 

unpublished). Living, unburned trees were identified to species and the following 

measurements were taken: diameter at breast height (DBH), bark thickness, crown base 

height, and tree height. Twenty-one unburned plots were surveyed, and 512 individual 

trees were measured. Diameter was measured at 1.4m above the ground on the uphill side 

of the tree. Tree height and crown base height were measured using a clinometer. Bark 

thickness was measured using a bark hammer and ruler. 

 

For the figures that follow, species abbreviations are the first two letters of the genus 

followed by the first two letters of the specific epithet. PICO = Pinus contorta, CW_con 

= cold-wet conifers; combined data for ABLA = Abies lasiocarpa and PIEN = Picea 

engelmannii, PSME = Pseudotsuga menziesii, hi_pines = high elevation long needled 

pines; combined data of PIAL = Pinus albicaulis and PIFL = Pinus flexilis, JUSC = 

Juniperus scopulorum, and POTR = Populus tremuloides. Results from linear regressions 

are shown in upper left corner of each plot. 
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 Figure B1. Tree height vs. crown length 

Species-specific parameters were added to LPJ-GUESS-LMfireCF to represent the 

relationship between tree height and crown length. Scatterplots of tree height vs. 

crown length for tree species in the Greater Yellowstone Ecosystem are shown 

below. The linear slope and intercept values were used to calculate variable crown 

length based on height. 
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 Figure B2. Diameter vs. bark thickness 

Mortality due to cambial damage is dependent on bark thickness in the LMfire fire 

module. Scatterplots of diameter vs. bark thickness for tree species in the Greater 

Yellowstone Ecosystem are shown below. The linear slope and intercept values were 

used to calculate variable bark thickness based on height. 
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 Chapter 3: Appendix C 

Fire module parameters 

 

Table C1. Fire model parameters used for LPJ-GUESS-LMFireCF simulations. 

 
Parameters Growth form types 

Description Symbol (units) Tree or 

Shrub 

Source Grass Source 

Ignition efficiency ieff 0.10 ** 0.5 [1] 

Fuel bulk density ⍴ (kgm-3) 15 [1] ^ 2 [1]^ 

Scorch height parameter F 0.148 [2] –  

**Adjusted based on model performance. 

^Averaged from USFS Fuel Models [3]. 
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 Chapter 3: Appendix D 

Soil Maps 

 

 
Figure D1: Map of inceptisol soils (green) across Yellowstone National Park created 

from “Soils of Yellowstone National Park” (Rodman et al., 1996). 

 
 

Figure D2. Map of water holding capacity (cm water / cm soil) across Yellowstone 

National Park as calculated in LPJ-GUESS from percent sand, silt, and clay soil data. 
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Chapter 3: Appendix E 

LPJ-GUESS-Glob-FIRM foliar projective cover 

 

 

 
 

Figure E1.  LPJ-GUESS-Glob-FIRM simulated foliar projective cover under full leaf 

cover as fraction of modeled area averaged from 1997-2016 for regional plant functional 

types. PICO = Pinus contorta, CW_con = Engelmann spruce (Picea engelmannii) and 

subalpine fir (Abies lasiocarpa), PSME = Douglas-fir (Pseudotsuga menziesii), Hi_pines 

= whitebark pine (Pinus albicaulis) and limber pine (Pinus flexilis), POTR = quaking 

aspen (Populus tremuloides), JUSC = Rocky Mountain juniper (Juniperus scopulorum), 

ARTR = big sagebrush (Artemisia tridentata), C3 = cool grass, and C4 = warm grass.  

PICO CW con PSME

Hi pines POTR JUSC

ARTR C3 C4

0.0 0.2 0.4 0.6 0.8 1.0

Foliar projective cover
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 Chapter 3: Appendix F 

Fire 

 
Figure F1. Time series of total area burned in square kilometers from 1984 to 2016 within 

the Greater Yellowstone Ecosystem based on Monitoring Trends in Burned Severity 

(MTBS) observations (“MTBS Data Access: Fire Level Geospatial Data,” 2017). 

 

 
Figure F2. Scatterplot of fire season length in days versus total area burned from 1984 to 

2016 for fires with the Greater Yellowstone Ecosystem using Monitoring Trends in 

Burned Severity (MTBS) observations. 
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 ABSTRACT 

Driven by complex interactions between changing climate space and disturbance 

regimes, the trajectory of forested ecosystems is uncertain. Yet resource management 

agencies are tasked with developing regional scale climate adaptation plans amongst this 

uncertainty. Process-based models can aid in defining the range of potential forest 

trajectories to inform adaptation planning. To better predict potential regional forest 

extent and composition across elevational gradients, a modeling framework is needed that 

can simulate species level responses to climate and wildfire, with intermediate 

complexity. The purpose of the paper was to provide a framework for applying such a 

model, LPJ-GUESS-LMfireCF, for simulations of the Greater Yellowstone Ecosystem 

(GYE) in the U.S. Northern Rockies under future climate scenarios. It explores three 

areas: 1) To what extent may forest communities contract and shrubland/grassland 

communities expand? 2) How may contemporary forest composition compare to forests 

under future climate scenarios? 3) How may changes in forest cover and composition 

change by elevation zone? Due to computational constraints and time limitations, 

completed simulations are pending. Instead, expected results of simulations are 

juxtaposed with results from previous modeling studies in the region. Ultimately, the 

proposed simulations lay groundwork to characterize the range of potential variation in 

forest extent and composition, and understanding the relative role of climate and fire as 

drivers of these changes. 

1. INTRODUCTION 

Climate change is expected to directly alter forest extent and composition through shifts 

in suitable habitat for plant species, and indirectly through feedbacks with increased fire 
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 activity in the U.S. Northern Rockies. The responses of vegetation at the regional scale 

remain in question despite application of several modeling approaches of future 

scenarios. A modeling framework is needed that can represent critical processes driving 

forest dynamics, namely forest demography and fire dynamics, while maintaining 

parsimony to run regional scale simulations. LPJ-GUESS-LMfireCF serves this need, by 

incorporating a forest demography approach (cohort-based) that is likely “the best 

compromise between process detail and parsimony” to capture forest dynamics at large 

spatial scales (McDowell et al., 2011). In addition, the newly evaluated mechanistic 

surface and crown fire model (LMfireCF) demonstrated substantial improvement in the 

ability to simulate fire effects (Emmett et al., 2020). The aims of this manuscript are to 

define the modeling niche for LPJ-GUESS-LMfireCF and to detail methods for future 

simulations, to address a pressing need for anticipating regional scale changes in 

vegetation. 

Forest extent and composition are expected to change with rapidly changing 

climate and shifts in disturbance regimes (Joyce et al., 2014). In the U.S. Northern Rocky 

Mountains, annual temperatures were estimated to have increased by 0.8°C (1.5°F) since 

1950’s, and global climate models predict ~2-5°C  (4-10°F) warming by the end of the 

century (Chang and Hansen, 2015; Gross et al., 2016). Warming temperatures and 

changes in precipitation patterns may shift suitable habitat for individual tree species in 

the region (Coops and Waring, 2011a; Halofsky et al., 2018; Hansen and Phillips, 2015; 

Piekielek et al., 2015). Beyond direct climate effects, shifts in disturbance regimes, 

especially increases in wildfire activity, may facilitate shifts in the species composition 

and extent of forests (Romme and Turner, 1991; Westerling et al., 2011). Area burned 
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 and the occurrence of large wildfires in the western U.S. increased in recent decades 

(Abatzoglou and Williams, 2016; Dennison et al., 2014; Westerling, 2016, 2006) and 

projected warming is expected to exacerbate this trend within the century (Abatzoglou et 

al., 2014; Abatzoglou and Williams, 2016). 

Our ability to anticipate changes to forested ecosystems impacts climate change 

adaptation planning for federal agencies tasked with protecting and managing forests 

(U.S. Department of Agriculture Forest Service, 2012; U.S. Department of Interior, 2009) 

and restoring fire-adapted ecosystems (National Strategic Committee, 2016). Models are 

important tools for understanding ecosystem processes, assessing future forest responses 

to climate and disturbance regimes, and informing resource decision-making (Keane, 

2019). There is a need for modeling approaches across the spatial scales at which 

management operates. For example, fine scale modeling is required to inform 

management operations at the forest stand level; coarse scale modeling may inform 

ecosystem level planning and coordination between agencies. The scope of regional scale 

responses of vegetation to climate and disturbance changes remains in question, despite 

previous studies. To better predict regional forest extent and composition across 

elevational gradients in the Greater Yellowstone Ecosystem (GYE) in particular 

necessitates a modeling framework that can simulate species level responses to climate 

and wildfire, with intermediate complexity. 

Efforts to predict forest extent and tree species distributions under future climate 

change scenarios in the U.S. Northern Rockies, and the GYE specifically, have taken 

several different modeling approaches, which can be classified broadly as either 

empirical or process-based (Table 1). Empirical models are based on statistical 
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 correlations formulated from observations. Process-based models represent the 

mechanisms behind observed responses based on first principles, though they typically 

incorporate empirical relationships also. Each approach represents trade-offs between 

precision, realism, and generality (Levins, 1966). Although the empirical-based models 

may be more precise than process-based models, they face several limitations. First, they 

assume fixed relationships between vegetation, climate, and if represented, disturbances. 

Second, they may not be well-suited for predictions outside of the conditions for which 

they were calibrated, sacrificing generality (Rastetter, 2017). Process-based models can 

allow for emergent, novel results at the system level (Rastetter, 2017), which is critical 

for simulating the scope of potential future vegetation responses in a changing climate. 

There is a wide range of process-based modeling approaches across a spectrum of 

generality and realism, which impacts spatial domain.  

Current models also represent trade-offs between complexity and spatial domain, 

or extent. The higher-resolution and the more processes that are included in the model, 

the smaller the spatial extent (Table 2). Species distribution models (SDMs) are 

applicable to large spatial scales, yet they sacrifice realism by reducing vegetation 

occurrence to abiotic variables, which may not be a reliable assumption for projecting 

species range shifts (Coops et al., 2016). While adding complexity may increase realism, 

it comes at a sacrifice to the area that can be represented due to computational limitations. 

While vegetation demographic models (VDMs) and dynamic global vegetation models 

(DGVMs) offer the ability to run at larger spatial scales than processed-based forest 

growth models (FGMs) or landscape fire succession models (LFSMs), they tend to 

reduce computational time by simplifying or leaving out finer scale processes that affect 



 152 

 species distribution, such as seed dispersal, soil-plant interactions, and multiple types of 

disturbances (Keane et al., 2013). To simulate regional scale forest extent and 

composition realistically, a modeling approach balances inclusion of appropriate 

processes with computational efficiency. Two critical areas for inclusion in process-based 

modeling at large spatial scales are the representation of forest demography and 

disturbance effects (McDowell et al., 2020; U.S. Department of Energy Office of 

Science, 2018). 

Forest demographic processes--recruitment, growth, and mortality--interact with 

environmental drivers and disturbance events to govern forest biomass and composition 

(McDowell et al., 2020). In turn, realistic modeling of forest extent and composition 

depends on representing forest demography (McDowell et al., 2020). Process-based 

models range in their level of complexity in representing forest demography. The most 

complex, individual-based models (IBLMs, LFSMs), represent processes on individual 

trees and simulate complex vertical and horizontal forest structure, yet applied for 

regional scale simulations become too computationally costly at present. On the opposite 

side of the spectrum, biogeochemical models (BGC) represent forests as a single 

photosynthetic layer, or “big-leaf,” homogenizing species and flattening out layers from 

canopy to forest floor. Similarly, first generation DGVMs simplify forests by calculating 

the area-averaged characteristics (e.g. height and leaf area) of each plant type population 

for each grid cell, assuming a homogeneous canopy and that processes affect the plant 

type population uniformly (Fisher et al., 2018). A subset of DGVMs are cohort-based 

vegetation demographic models. VDMs serve as an intermediate modeling approach 

between individual-based models and “big-leaf” models. They simulate plant 
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 demographic processes (recruitment, growth, and mortality) for plant cohorts (trees in the 

same age, size class, canopy position, and plant type) (Medvigy et al., 2009; Moorcroft et 

al., 2001; Sato et al., 2007; Smith et al., 2001; Weng et al., 2015). The cohort-based 

approach allows for multiple size classes of each plant type that co-exist within a grid 

cell, so succession and competitive exclusion can be represented (Moorcroft et al., 2001; 

Smith et al., 2001). This intermediate approach adds structural complexity while 

minimizing computational costs to enable regional to global scale applications (Fisher et 

al., 2018). 

In the fire-adapted Northern Rockies, modeling efforts need to include critical 

feedbacks, which include: dynamics between vegetation and fire; fuel conditions limiting 

fire occurrence, spread, and effects; and fire influences on vegetation mortality, 

composition, and structure (Keane et al., 2013). These vegetation and fire interactions 

should be included in models when applied to predict future landscape structure and 

composition (Keane et al., 2013; U.S. Department of Energy Office of Science, 2018). 

Modeling approaches that include vegetation-fire dynamics also fall on a spectrum of 

complexity. Of the vegetation models applied in the region, LFSMs have the most 

complex fire models, with the most complex ones at limited spatial extent simulating fire 

effects on individual trees and fire spread contagion amongst grid cells (Keane et al., 

2011). Large scale process-based models simplify: some leave out fire entirely (certain 

BGCs and DGVMs); others use empirical-based fire modeling approaches or simplistic 

surface fire models. 

There was a recognized need for a mechanistic fire modeling approach that 

represents both surface and crown fire dynamics, and that operates on multilayer, mixed 
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 composition forest stands (Fisher et al., 2018; Hantson et al., 2016). In response, a new 

LPJ (DGVM) variant was created, LPJ-GUESS-LMfireCF, that simulates fire 

occurrence, growth, and subsequent fire effects (e.g. tree mortality, fuel combustion) 

based on fuel abundance, moisture content, composition, structure, and daily climate 

conditions. LPJ-GUESS-LMfireCF was adapted from the vegetation demographic model 

LPJ-GUESS (Smith et al., 2001), which simulates plant establishment, growth, 

competition, and mortality. A process-based fire module was incorporated into LPJ-

GUESS by combining LMfire (Pfeiffer et al., 2013) and a new crown fire (CF) routine to 

simulate the high-severity wildfires characteristic of many western U.S. forests (Emmett 

et al. 2020 in review).  

Here we propose the use of LPJ-GUESS-LMfireCF, a cohort-based vegetation 

demographic model with a mechanistic fire module that includes size-structured fire 

effects for simulations of the GYE under future climate scenarios in order to examine the 

range of potential change in forest cover and composition. The benefits of this modeling 

approach are a) the inclusion of vegetation and fire interactions that influence plant 

biogeography (Bond et al., 2004; Campbell and Shinneman, 2017), in addition to climate 

limitations, b) the ability to simulate a large spatial extent and thereby a wider range of 

potential environmental conditions, and c) the representation of forest structure to better 

capture fire dynamics (Fisher et al., 2018), forest extent, and composition (McDowell et 

al., 2020). Methods are detailed to use LPJ-GUESS-LMfireCF to simulate potential forest 

trajectories under eight future climate scenarios to address the following questions: 1) To 

what extent may forest communities contract and shrubland/grassland communities 

expand? 2) How may contemporary forest composition compare to that of forests under 
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 future climate scenarios? 3) How may changes in forest cover and composition change by 

elevation zone? Due to computational and time limitations, completed simulations are 

pending. Instead, expected results of simulations are discussed, juxtaposed with results 

from previous modeling studies in the region (Table 2). 

LPJ-GUESS-LMfireCF represents one phase in development of a cohort-based 

vegetation demographic model. As such, there remain areas for further model 

development, which are described in the discussion along with recommendations for 

reducing model uncertainties. We conclude with management and conservation 

implications of these modeling efforts. 

2. STUDY SYSTEM AND METHODS 

2.1 Study System 

The GYE serves as a model ecosystem for exploring fire, climate, and vegetation 

dynamics due the wealth of recent studies of these interacting dynamics (Hansen and 

Phillips, 2015; Hansen and Turner, 2019; Nelson et al., 2016a; Piekielek et al., 2015; 

Turner et al., 2019; Zhao et al., 2016) and the GYE’s iconic status as a relatively well-

preserved and intact ecosystem (Hansen and Phillips, 2018, 2016). The Greater 

Yellowstone Ecosystem (GYE) is located in the U.S. primarily within the state of 

Wyoming (Figure 1). The GYE encompasses Yellowstone National Park and Grand 

Teton National Park, three national wildlife refuges, portions of five national forests, as 

well as state, private, and tribal lands. The GYE comprises an area of 185,250 km2 and 

has an elevational gradient from 822 to 4,210 m, with most of the area above 1800m.  

The climate of the GYE is characterized by long cold winters (avg. -7°C) and mild 

summers (June, July, August months avg. 14°C) (Figure 2, calculated from averaging 
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 1980-2009 Daymet climate data, (Thornton et al., 2017)), with the growing season 

limited to 2-3 months depending on elevation (Despain, 1990). Annual precipitation 

increases with elevation from 16 cm to 199 cm, with 80% of the GYE experiencing <80 

cm annually (Figure 2). The climate of the GYE is influenced by the circulation of 

several interacting air masses. The Continental polar air masses bring cool, dry air in the 

winter. The Continental tropical air masses brings dry, hot air in the summer. The 

Continental air masses exert stronger influence than the Maritime air masses in the GYE, 

resulting in lower annual precipitation and lower minimum temperatures compared to the 

more northern U.S. Rockies which are more influenced by the Maritime air masses 

(Kittel et al., 2002). 

Contemporary vegetation communities generally follow an elevational gradient 

across five elevation zones: sagebrush steppe and grasslands (<1900 m), lower treeline 

(up to 2,200 m), montane (up to 2,500 m), upper treeline (up to 2900 m), and alpine 

tundra (>2900 m) (Despain, 1990; Whitlock, 1993). Rocky Mountain juniper (Juniperus 

scopulorum) and limber pine (Pinus flexilis) occupy lower treeline. In areas with volcanic 

soils, montane forests are dominated by lodgepole pine (Pinus contorta). On other soil 

types, lodgepole pine mixes with Douglas-fir and quaking aspen (Populus tremuloides), 

and in upper treeline with subalpine fir (Abies lasiocarpa) and Engelmann spruce (Picea 

engelmannii). Whitebark pine, Engelmann spruce, and subalpine fir are important species 

at treeline. 

Historical fire regimes in the GYE vary with the vegetation, fuels, local climate 

and topography (Schoennagel et al., 2004). Upper treeline forests dominated by 

whitebark pine are characterized by infrequent (>350 years) mixed to high severity fires 
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 (Barrett, 1994). Lodgepole pine forests are characterized by infrequent (fire return 

interval of 150-300 years) high-severity fires (Higuera et al., 2011; Romme, 1982), 

resulting in high tree mortality. Once lodgepole pine forests reach canopy closure, surface 

fuels are relatively sparse until >150 years old when dead and downed woody fuels 

accumulate (Renkin and Despain, 1992). Low surface fuels rarely support surface fires, 

but there are sufficient fuels for crown fires which tend to occur under extreme drought 

conditions (Renkin and Despain, 1992; Turner et al., 2003). Montane, Douglas-fir forests 

are characterized by more frequent (fire return interval of 25-60 years) low-severity fires 

(Littell, 2002). Sagebrush shrublands and grasslands in northern GYE, pre-European 

settlement, are associated with a frequent fire interval (32-70 years) (Houston, 1973), 

while xeric sagebrush communities in southern GYE may have had fire rotations >200 

years (Bukowski and Baker, 2013). 

Paleoecological studies can provide valuable insights into what ecological 

changes we may expect under changing climate conditions. Paleorecords show that the 

historical vegetation patterns and fire regimes in the GYE were established in the past 

2,000 years (Millspaugh et al., 2000; Whitlock and Bartlein, 1993). Conifer forests 

established in the GYE after the last glacial retreat (~11,000 years before present (yr 

BP)), and since then species’ ranges and treeline have shifted in response to changes in 

climate on millennial time scales (Whitlock, 1993). There is evidence that current forest 

cover is more limited than at any time in the paleoecological record and with lower 

elevations experiencing shifts between forested and nonforested vegetation types 

(Iglesias et al., 2018). Around 4,000 yr BP, the region had temperatures 1 to 2°C warmer 

than present and variable changes in precipitation, analogous to moderate projected 
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 climate changes (Whitlock and Bartlein, 1993). Compared to current vegetation patterns, 

upper treeline increased in elevation due to warmer temperatures. In areas that got drier 

Douglas-fir and lodgepole pine moved up in elevation, while in wetter areas spruce-fir 

moved down in elevation (Iglesias et al., 2018; Whitlock, 1993). Pollen records also 

indicate that Douglas-fir and aspen were more abundant in the GYE region between 

9,500 and 5,000 years yr BP, presumably under a warmer and drier climate than today 

with more frequent fires (Whitlock, 1993). 

2.2 LPJ-GUESS-LMfireCF 

Simulations of the GYE were performed using LPJ-GUESS-LMfireCF, a dynamic 

vegetation model adapted to represent vegetation and fire dynamics of the GYE (Emmett 

et al., 2020 in review). This process-based model simulates vegetation establishment, 

growth, competition, and mortality of plant functional types (PFTs)-- plant classifications 

based on physiological, phenological, and life history characteristics. GYE vegetation 

was represented as nine PFTs: lodgepole pine (Pinus contorta), spruce-fir (Picea 

engelmannii and Abies lasiocarpa), Douglas-fir (Pseudotsuga menziesii), whitebark pine 

(Pinus albicaulis), aspen (Populus tremuloides), juniper (Juniperus scopulorum), 

sagebrush (Artemisia tridentata), multi-species cool grass (C3, for the photosynthetic 

pathway), and multi-species warm grass (C4). PFT model parameters including 

bioclimatic limits, growth, and allometry values are detailed in Appendix A. These PFTs 

were simulated as age-based cohorts.  

LPJ-GUESS simulates replicate patches for a grid cell to represent variation in 

vegetation dynamics due to stochastic establishment, disturbance, and mortality. 

Borrowing from the “forest-gap” models, the patch size is the gap in the forest one large 
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 tree would create when it died, aka the area of influence of one large tree on its neighbors 

(Botkin et al., 1972; Bugmann, 2001). Patches are replicates in that they share the same 

climate and soil conditions of the grid cell which they represent, and are considered close 

enough to share the same propagule pool (Smith et al., 2001). However patch vegetation 

does not interact in terms of competition for light or water (Smith et al., 2001). Output 

variables are averaged for the patches within a grid cell. 

In the first simulation year or after a patch destroying disturbance, a tree PFT 

establishes at its maximum rate, scaled by the number of woody PFTs that can establish, 

if the PFT-specific bioclimatic limits are met (i.e. establishment is not limited by seed 

availability). In subsequent years, establishment is a function of the propagule pool for 

the PFT: the amount of carbon allocated in the previous year to reproduction for all 

cohorts of that PFT in all patches (Smith et al., 2001). Parameters for reproductive carbon 

allocation were set equal for all tree PFTs, but could be varied to reflect variability in 

seed supply. If enabled, a PFT-specific background establishment rate allows new PFTs 

to establish if bioclimate conditions are met. Establishment rates are drawn from a 

random Poisson distribution influenced by the propagule pool, PFT-specific maximum 

and background establishment rates, and the potential productivity of the forest floor. 

A coupled photosynthesis and water module calculates plant carbon uptake 

limited by photosynthetically active radiation and evapotranspirational demand 

(Haxeltine and Prentice, 1996; Smith et al., 2001). Carbon uptake is also influenced by 

air temperature relative to temperature optimums and atmospheric carbon dioxide 

concentrations. LPJ-GUESS simulates light competition between PFT cohorts based on 

their crown structure and canopy position using the Lambert-Beer law for attenuation of 
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 light through the canopy (Prentice and Leemans, 1990). PFTs also compete for soil water, 

with uptake dependent on root distribution in the soil (Smith et al., 2001).  

Soil hydrology is represented in two layers, with water entering the upper layer 

(0-0.5m) through precipitation after canopy interception or from melting snow, and then 

percolating into the lower soil layer (0.5-1.5m) (Haxeltine and Prentice, 1996). In LPJ-

GUESS-LMfireCF the water holding capacity of the soil is calculated as a continuous 

variable from percent clay, sand, and slit (Cosby et al., 1984), as opposed to being based 

on a look up table for nine soil classes in prior model versions. Plant evapotranspirtation, 

surface evaporation, surface runoff, and percolation below the lower soil layer reduce soil 

water content. Soil hydrology is independent for each patch, with no horizontal water 

transfer between patches. Simulated drought effects include 1) if enabled, limiting 

establishment based on PFT-specific drought tolerance, 2) increasing carbon allocation to 

roots, at the expense of leaves and stems, and 3) reduced growth efficiency which can 

lead to mortality. LPJ-GUESS version 2.0 used within LPJ-GUESS-LMfireCF does not 

include soil nutrient limitations. For vegetation model equations and full description refer 

to Smith et al., 2001 with modifications described in Emmett et al, 2020 in review. 

Stochastic PFT mortality can result from stress, longevity, and disturbance in 

LPJ-GUESS. Increased risk of stress mortality results from growth efficiency dropping 

below the PFT-specific minimum, with cohort growth efficiency as the ratio of net 

primary productivity to leaf area index, averaged over five years. Severe shading by taller 

cohorts, drought, low temperatures, or shortened growing season can all cause lower 

growth efficiency. Also, as cohorts approach their PFT-specific maximum potential life 

span their risk of mortality increases. Mortality due to disturbance is possible in two 
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 ways. First, if enabled, the user can specify the average return time (years) of a generic 

patch destroying disturbance. This feature will not be enabled for the simulations in this 

paper. The second mode of disturbance is fire. 

LPJ-GUESS-LMfireCF combines the mechanistic fire module LMfire with a 

stand-replacing crown fire (CF) routine to model fire initiation, behavior, and effects. 

LMfre (Pfeiffer et al., 2013) is a modified version of SPITFIRE (SPread and InTensity of 

FIRE) (Thonicke et al., 2010) developed to be coupled with the DGVM LPJ (Sitch et al., 

2003). In LMfire, surface fire initiation is based on probabilities of natural ignitions, fuel 

moisture content relative to the mass weighted moisture of extinction for all fuels, fuel 

flammability, and random probability (Pfeiffer et al., 2013). (The moisture of extinction 

is the fraction of moisture content above which fire extinguishes.) Stochastic natural 

ignitions are based on monthly lighting strike rates input into the model (Pfeiffer et al., 

2013). Surface fire intensity and spread depends on available fuels, fuel moisture, 

weather, and topography (Pfeiffer et al., 2013). Fire rate of spread follows Rothermel’s 

equations (Rothermel, 1972).  

Fire effects include combustion of fractions of dead vegetation based on moisture 

content relative to its moisture of extinction by fuel size class (Pfeiffer et al., 2013). Fuel 

size classes are based on the timelag required for fuels to reach ~63% of the way to 

equilibrium moisture content with the surrounding air, since fine fuels have a higher 

surface-area-to-volume ratio they have a shorter timelag compared to large fuels (Burgan 

and Rothermel, 1984). The standard fuel size classes based on the diameter of live or 

dead woody fuels are <0.6cm 1-hour timelag, 0.6-2.5cm 10-hour timelag, 2.5-8.0cm 100-

hour timelag, and >8cm 1000-hour timelag (Baker, 2009). Since simulated vegetation is 
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 tracked as amorphous carbon pools (e.g. leaf, sapwood, heartwood), the fuel size classes 

are calculated as fractions of total live or dead carbon (4.725%, 7.5%, 21% and 66.775% 

for 1, 10, 100, and 1000 hr fuels respectively). Partitioning of carbon pools was based on 

original LMFire/SPITFIRE values (Pfeiffer et al., 2013; Thonicke et al., 2010), except it 

was necessary to increase 1 hour fuels from 4.5% (reducing 1000 hr fuels by 0.225%) for 

GYE simulations. Tree mortality depends on crown and cambial damage, with fractions 

of carbon killed by fire being combusted based on portion of crown scorch and 

combustion fraction constants by fuel size class and the rest being transferred to litter 

(Pfeiffer et al., 2013). By incorporating LMfire into LPJ-GUESS, fire effects operated on 

PFT-cohorts. Details and equations for LMfire can be found in Pfeiffer et al., 2013. 

In LMfireCF, crown fire is represented. Crown fire initiation is dependent on 

surface fire intensity sufficient for scorch height to reach the canopy base height (Emmett 

et al, 2020 in review). New PFT-specific parameters were added to calculate height-

dependent crown length for each PFT cohort. This addition was necessary to more 

accurately vary crown damage by PFT-cohort, calculate canopy base height, and 

calculate canopy bulk density, as previously crown length was set to tree height for each 

PFT cohort. Crown fire spread occurs if average canopy bulk density (Reinhardt et al., 

2006) and foliar moisture content meet critical thresholds (0.10 kg m-3 and <= 80% 

respectively). If crown fire initiation and spread conditions are met, then active crown 

fire is assumed causing 100% mortality to all PFT cohorts. If crown fire conditions are 

not met the LMfire routine continues and lower severity fires are possible. Details of the 

crown fire routine and other modifications to LMfire can be found in Emmett et al, 2020 

in review. 
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 2.3 Climate Change Scenarios 

For future simulations, two greenhouse gas concentration scenarios, or Representative 

Concentration Pathways (RCPs) RCP 4.5 and RCP 8.5 from the Intergovernmental Panel 

on Climate Change Fifth Assessment Report (IPCC, 2013) will be used to drive future 

simulations. The RCP 4.5 scenario is where atmospheric carbon dioxide (CO2) emissions 

level off at by mid-century and then stabilize by the end of the century, with CO2 

concentrations reaching 538 ppm. The RCP 8.5 scenario assumes CO2 emissions continue 

to increase rapidly through midcentury and CO2 concentrations reach 927 ppm by 2099. 

Climate projections (RCP 4.5 and RCP 8.5) from four general circulation model (GCM) 

experiments from the Coupled Model Intercomparison Project Phase 5 (CMIP5) were 

selected to represent the range of climate projections for the GYE, for a total of eight 

climate change scenarios. The GCMs selected for this study were 1) CanESM2, 2) 

CNRM-CM5, 3) CCSM4, and 4) HadGEM2-ES (Table 1), representing a spread around 

a 20 model ensemble mean in projected changes in seasonal temperature and 

precipitation (Figure 3)1. Plots of the selected climate scenarios show the divergence in 

the climate scenario projections in time (Figure 4) and space (Figure 5-6). 

The selected GCMs were ranked in the top third for least total relative error 

compared to weather observations for the Pacific Northwest USA out of a comparison of 

41 GCMs from CMIP5 (Rupp et al., 2013). CanESM2, CNRM-CM5, CCSM4 were 

 

1 Climate forcings in the MACAv1-METDATA shown in Figures 3-6 were drawn from a statistical 

downscaling of GCM data from the CMIP5 (Taylor et al., 2012) utilizing the Multivariate Adaptive 

Constructed Analogs (MACA, Abatzoglou and Brown, 2012) method with the METDATA (Abatzoglou, 

2013) observational dataset as training data. These are not the climate forcings proposed to be used for 

simulations, but the online visualization software allowed creation of Figures 3-6 without procurement of 

the full dataset. 
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 selected to support climate adaptation planning in the Northern Rocky Mountains (Gross 

et al., 2016), and HadGEM2-ES represents the driest scenarios and has also been used in 

regional SDM projections (Chang et al., 2014; Piekielek et al., 2015). 

Future climate projections were sourced from the NASA Earth Exchange (NEX) 

Downscaled Climate Projections at 30 arc-seconds (NEX-DCP30) (Thrasher et al., 2013). 

NEX-DCP30 was created by downscaling climate projections from CMIP5 GCMs 

(Taylor et al., 2012) for the conterminous United States. The Bias-Correction Spatial 

Disaggregation algorithm was used for downscaling, where historical climate records are 

compared with GCM outputs over the same time period. This information is used to 

correct future projections and to interpolate GCM outputs to the higher-resolution grid of 

the climate records. NEX-DCP30 downscaled using PRISM (Daly et al., 1994). NEX-

DCP30 data was downloaded for the latitude and longitude boundaries for the GYE from 

the THREDDS Data Server (https://dataserver.nccs.nasa.gov/thredds/catalog.html) for 

the historical period of 1950-2005 and future projections 2006-2099 of monthly average 

precipitation, maximum temperature, and minimum temperature for the three selected 

GCMs at RCP 4.5 and RCP 8.5. NEX-DCP30 data clipped using climate data operators 

(Schulzweida, 2019) and resampled with bilinear interpolation to 1-km resolution using 

the raster package (Hijmans, 2019) in RStudio (RStudio Team, 2016). 

2.4 Environmental Driver Data 

For historical simulations, Parameter-Elevation Regressions on Independent Slopes 

Model (PRISM) data at 30-arc-second (~800m) resolution (Daly et al., 1994; PRISM 

Climate Group, 2019) will be used for mean monthly minimum, maximum, and mean air 

temperature, and precipitation. PRISM data was clipped to the GYE extent using climate 

https://dataserver.nccs.nasa.gov/thredds/catalog.html
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 data operators (Schulzweida, 2019) and resampled with bilinear interpolation to 1-km 

resolution using the raster package (Hijmans, 2019) in RStudio (RStudio Team, 2016). 

Daymet daily daylight average incident shortwave radiation from 1980-2018 at 

1km resolution was used to calculate mean monthly instantaneous downward shortwave 

radiation for 24 hours to use in simulations (Thornton et al., 2017). Surface wind speed 

(m s-1) data from 1980-2020 Modern-Era Retrospective analysis for Research and 

Applications version 2 (MERRA-2, (Global Modeling and Assimilation Office (GMAO), 

2015)), was clipped using climate data operators (Schulzweida, 2019) and resampled 

with bilinear interpolation to 1-km resolution using the raster package (Hijmans, 2019) in 

RStudio (RStudio Team, 2016). Historic simulations will use these datasets to simulate 

years 1980-2018. For future simulations, a year of climate data will be randomly selected 

from 1980-2018 Daymet for solar radiation and from MERRA-2 1980-2020 for wind 

speed. 

All simulations will use global carbon dioxide concentration values from 1860-

2018, with future simulations using CO2 projections up to 2099. Global annual carbon 

dioxide concentration data was sourced from the RCP Database version 2.0.5, the same 

data used for CMIP5 modeling (Meinshausen et al., 2011). 

Throughout all simulations, as a simplification and due to lack of sufficient 

historical data and future projections, the same lightning strikes data will be used each 

year. Lightning strikes from 2010-2014 World Wide Lightning Location Network 

(WWLLN, Lay, 2004) were averaged for each month. These most recent years were 

subset from the WWLLN dataset since sensors increased over time. While strikes ranged 

from 0-9 per month across the GYE, without cell-to-cell ignition sources in the model 
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 some pixels would never burn if strikes were set to zero. The mean monthly strikes 

averaged across the GYE plus one was used for all pixels, ensuring that the probability 

was higher in summer months, but at least one strike was possible. Since fire ignition was 

still partly stochastic each strike was not an ignition. 

All simulations will use static multi-layer soil characteristic data from CONUS-

SOIL dataset that is based on the USDA State Soil Geographic Database (STATSGO) 

(Miller and White, 1998). CONUS-SOIL was specifically designed for ecosystem 

modeling and offers continuous coverage at 1km resolution (Miller and White, 1998). 

Fractions of sand, silt, and clay will be used to calculate soil properties including water 

holding capacity. 

2.5 Simulation Protocol 

The GYE is simulated as a landscape of 1km2 grid cells, with 10 replicate 1000m2 (0.1 

ha) patches per grid cell to simulate variation from stochastic establishment, disturbance, 

and mortality. The model will run from bare ground for 1,000 years randomly selecting a 

year of climate data from detrended 1980-2018 PRISM (PRISM Climate Group, 2019) 

mean monthly minimum, maximum, and mean air temperature, and precipitation, and 

Daymet (Thornton et al., 2017) solar radiation. During this “spin up” period, atmospheric 

carbon dioxide concentrations will be static, set to the estimated level in 1860 of 286 

ppm. The model will then run for another 120 years using historical global CO2 

concentrations from 1860-1979 (Meinshausen et al., 2011) and recycled climate as during 

spin up. The climate change scenarios will run with PRISM climate from 1980-2005 and 

projected CMIP5 climate from 2006-2099 for their respective GCM. To assess long-term 

changes to vegetation distributions, simulations will run for another 400 years assuming 
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 the climate at the end of the 21st century stabilized (‘abrupt stabilization scenario’ 

following Hickler et al. (2012), with CO2 set to the 2099 value and randomly selecting a 

year of climate data from late 21st century (2070-2099) projections for their respective 

RCP and GCM.  

For comparison to benchmarking data and the climate change scenarios, a 

historical simulation will run for the period 1980-2018 driven by PRISM gridded climate 

datasets and observed CO2 concentrations. It will then run for the 400 years abrupt 

stabilization period with CO2 set to the 2018 value of 407 ppm and randomly selecting a 

year of climate data from 1989-2018. Factorial simulation experiments will also be 

conducted to compare the impacts of fire, climate, and atmospheric conditions on 

vegetation changes. In the “all factors” scenario, fire will be on and climate and CO2 

concentrations will be transient. In the “no fire” scenario fire will be turned off, but 

climate and CO2 will be transient. In the “static climate” scenario climate will be recycled 

as in spin-up, fire will be on and CO2 will be transient. In the “static CO2” scenario CO2 

will be set to the 2018 level, fire will be on, and climate will be transient. 

2.6 Benchmarking Data 

To assess model performance for the GYE, model outputs will be compared to several 

field and satellite-derived datasets. USDA Forest Service’s Forest Inventory and Analysis 

(FIA) presence data (Gillespie, 1999) will be used to evaluate simulated tree PFT 

distributions in the GYE. LANDFIRE Existing Vegetation Type (EVT) 30m product will 

be aggregated to 1km resolution using the raster package (Hijmans, 2019) in R studio 

(RStudio Team, 2016) and used for evaluating simulated forest cover extent and 

composition (LANDFIRE, 2020a). LANDFIRE EVT is created by combining Landsat 
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 imagery, ground control plots, and biophysical gradient layers in predictive landscape 

models.  

Simulated area burned and burn severity will be compared to the Monitoring 

Trends in Burned Severity (MTBS) 30m burn severity mosaics from 1984-2018 (MTBS 

Data Access: Fire Level Geospatial Data, 2020), aggregated to 1km resolution using the 

raster package (Hijmans, 2019) in R studio (RStudio Team, 2016). Plot level 

measurements of fuel loading within the GYE (Emmett unpublished, Nelson et al., 

2016a, 2016b) will be used to evaluate simulated fuel loads, in addition to the 

LANDFIRE 13 Anderson Fire Behavior Fuel Models 30m product (LANDFIRE, 2020b) 

aggregated to 1km resolution. 

2.7 Model Outputs and Analyses 

In order to address our research questions, several vegetation model outputs will be 

synthesized and reported. All outputs are for each grid cell averaging across patches. 

Comparisons between variables will be for benchmarking data and historical climate 

simulation for year 2016, and climate change scenario simulations for years 2099 (near 

term) and 2499 (long term).  

First, to assess forest extent foliar projective cover (FPC), the fraction of modeled 

area covered when under full leaf cover, for each PFT was output at an annual timestep. 

A grid cell is considered forested if it has at least 25% combined FPC coverage across 

tree PFTs (Clark et al., 2017). Forest cover extent, as percentage of the landscape, will be 

reported for LANDFIRE EVT, historical climate simulation, and climate change scenario 

simulations. Forest cover will be mapped for the GYE and the historical climate 

simulation will be compared to the benchmarking map based on error rate, reporting 
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 omission and commission errors. Forest cover maps from the climate change scenarios 

will be compared to the historical simulation in terms of rates of conversion.  

Second, to assess forest composition, annual carbon in vegetation (Mg C ha-1) will 

be mapped for each PFT. Using the International Ecological Classification Standard: 

Terrestrial Ecological Classifications (NatureServe, 2018) each grid cell will be assigned 

an EVT. LANDFIRE EVT will be compared to simulated EVT using the normalized 

mean square error (NMSE). NMSE will be calculated as: 

𝑁𝑀𝑆𝐸 =  ∑ (𝑦𝑖 −  𝑥𝑖)𝑖
2

/ ∑ (𝑦𝑖 − �̅�𝑖)
2

𝑖      (1) 

where, 𝑦𝑖 is the modelled value in grid cell i, 𝑥𝑖 is the corresponding value in the 

benchmarking dataset, and �̅�𝑖 is the mean value across all grid cells in the benchmarking 

dataset (Kelley et al., 2013). Simulated tree species occurrence will be compared to FIA 

species presence/absence data with error rates reported similar to forest cover analysis. 

 Third, to address how forest cover and composition may change by elevation, 

these analyses will be completed for the GYE overall, but also by elevation zone. The 

grid cells will be subset based on their elevation into the five historical elevation zones: 

sagebrush steppe and grasslands (<1900 m), lower treeline (up to 2,200 m), montane (up 

to 2,500 m), upper treeline (up to 2900 m), and alpine tundra (>2900 m) (Despain, 1990; 

Whitlock, 1993). Conversion rates of forested/nonforested and EVT will be reported for 

each elevation zone and Welch two sample t-tests performed (RStudio Team, 2016), 

because this test does not assume equal variance. To lessen the spatial autocorrelation in 

the simulated data, points will be randomly selected from each elevation zone and 

statistical tests performed on this smaller sample (Dale and Fortin, 2002). 
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  Since fire-vegetation feedbacks are important drivers of species distributions in 

the GYE, the model’s performance in terms of annual area burned, fire severity classes, 

and fuel loads will also be assessed. This could provide insight into discrepancies in 

historical simulated EVT compared to LANDFIRE EVT, and also drivers of changes in 

future simulations. It is important to note that since grid cells do not interact there is no 

way to simulate fire size beyond the grid cell. Instead, burned fraction of the grid cell at 

the annual timestep (output variable) will be summed across all grid cells to get GYE 

annual area burned. Timeseries of MTBS and simulation GYE annual area burned will be 

compared using NMSE following Kelley et al. (2013). 

For fire severity, biomass burned from live (BBlive) and dead fuels (BBdead) is 

summed across fuel size classes by PFT on an annual timestep. Annual live biomass 

killed by fire (fkill) is also output by PFT, with some of this combusted (BBlive) and the 

remainder transferred to litter. Annual burn severity in each grid cell will be classified 

following the MTBS classifications of unburned to low, low, moderate, and high 

(Eidenshink et al., 2007). MTBS burn severity mosaics will be clipped to the GYE area 

extent, resampled to 1 km resolution, and increased greenness will be reclassified as 

unburned to low. The normalized mean error (NME) between the historical simulation 

and MTBS layers will be calculated for each year from 1984-2018, calculated as: 

𝑁𝑀𝐸 =  ∑ |𝑦𝑖 −  𝑥𝑖| / ∑ |𝑥𝑖 − �̅�𝑖|𝑖𝑖       (1) 

where, 𝑦𝑖 is the modelled value in grid cell i, 𝑥𝑖 is the corresponding value in the 

benchmarking dataset, and �̅�𝑖 is the mean value across all grid cells in the benchmarking 

dataset (Kelley et al., 2013). NME will be used as this is the standard metric for 

evaluating global fire model performance (Hantson et al., 2020). 
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  Simulated fuel load is output as live and dead biomass (kg m2) by fuel size class 

(1, 10, 100, 1000 hour) by PFT at an annual timestep. Simulation fuel load outputs will 

be used to categorized each grid cell according to the Anderson Fire Behavior Fuel 

Models (Anderson, 1982). Fuel loads will then be compared with the LANDFIRE 13 

Anderson Fire Behavior Fuel Models product for the GYE, calculating NME. 

3. DISCUSSION 

3.1 Vegetation Projections Under Changing Climate 

Due to computational constraints and time limitations, completed simulations are 

pending. Instead, results from previous modeling studies in the region are synthesized 

and expected results of the proposed simulations are shared, highlighting the new insights 

this approach may provide. 

3.1.1 Vegetation Projections by Empirical Models 

Within the U.S. Northern Rockies, multiple SDMs predicted substantial contraction in the 

area of suitable climate space for upper treeline conifers under a variety of climate 

change scenarios (Bartlein et al., 1997; Bell et al., 2014; Chang et al., 2014; Coops and 

Waring, 2011a; Gray and Hamann, 2013; Hansen and Phillips, 2015; Piekielek et al., 

2016; Rehfeldt et al., 2006; Schrag et al., 2008). There is general agreement amongst 

empirical modeling efforts that whitebark pine is especially vulnerable to future climate 

change, with suitable habitat expected to contract throughout the majority of its range 

(Bartlein et al., 1997; Chang et al., 2014; Hansen and Phillips, 2015; Miller et al., 2015; 

Schrag et al., 2008). Species distribution modeling of GYE tree species specifically, 

predicted contraction in the ranges of upper treeline (80-90%) and montane (60-85%) tree 

species, and expansion of sagebrush (40%) and juniper (55%) with all species moving up 
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 in elevation (Piekielek et al., 2016). Overall, GYE conifer forest types were predicted to 

contract by 56% in area (Hansen and Phillips, 2015), with shifts in suitable climate 

spaces moving up in latitude and elevation (Gray and Hamann, 2013; Hanberry and 

Fraser, 2019). 

 SDMs help frame the probability of occurrence of tree species and biome types 

under future climate conditions. Yet the probability of occurrence is not an appropriate 

surrogate for dominance (Schroeder et al., 2010), leaving in question how abundant and 

productive species will be under future conditions. The STRMs applied in the region 

suggest that increased disturbance probability may result in decreased lodgepole pine 

stand density (Schoennagel et al., 2003) and prevalence of late seral stage whitebark pine 

(Miller et al., 2015). Empirical approaches still rely on assumptions that the statistical 

relationships and probabilities upon which they are built will remain constant, 

necessitating the application of process-based models for novel scenarios.  

3.1.2 Vegetation Projections by Process-based Models 

Simulations with forest growth models suggest a reduction in the range of lodgepole pine, 

subalpine fir, Englemann spruce, and whitebark pine, under a suite of climate scenarios 

(Coops and Waring, 2011a, 2011b; Crookston et al., 2010). Similarly, LFSM and DGVM 

based simulations agree on the vulnerability of upper treeline vegetation types (Halofsky 

et al., 2018; Keane et al., 2018). All process-based modeling approaches with dynamic 

fire modules predicted increased vulnerability to fire under various climate scenarios 

(Buotte et al., 2019; Halofsky et al., 2020). Annual area burned increased (Clark et al., 

2017; Hansen et al., 2020; Sheehan et al., 2015) with reduction in fire rotation (Clark et 

al., 2017) or fire return intervals (Fagre et al., 2003; Sheehan et al., 2015).  
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 Interestingly, there was disagreement about the fate of Douglas-fir in the region, 

with some process-based models predicting expansion of suitable habitat (Clark et al., 

2017; Coops and Waring, 2011a) and others predicting reduction (Crookston et al., 2010; 

Keane et al., 2008). Post-fire regeneration of Douglas-fir may be resilient to changes in 

climate and fire regimes, unless fires deplete seed supply such that distance to seeds 

becomes limiting (Hansen et al., 2018). 

There were also contrasting results for projections of forest extent. Some process-

based models predict shifts in forest composition enabling persistence of forested areas 

under increased precipitation climate scenarios (Clark et al., 2017) or fire suppression 

scenarios (Halofsky et al., 2018; Keane et al., 2018). Shifts upward in elevation of both 

lower and upper treeline conifer forests may result in contraction of forested area overall 

(White et al., 2020). Sheehan et al. (2015) projected increases in conifer forests under all 

simulated climate scenarios, while Clark et al. 2017 projected declines under warming 

and drying scenarios. Increased mortality due to fire may reduce forest cover within the 

century (Buotte et al., 2019; Hansen et al., 2020). For lodgepole pine stands, recovery of 

forest carbon may be delayed after short-interval fires (Turner et al., 2019), but carbon 

stocks may be relatively resilient under future climate change if fire return intervals do 

not decrease drastically (Smithwick et al., 2009). Divergent results highlights the 

importance of multiple modeling approaches and testing multiple future scenarios. 

3.1.3 Expected Vegetation Projections by LPJ-GUESS-LMfireCF 

With initial increased warming and atmospheric carbon dioxide it is expected that GYE 

tree species will respond favorably in areas with adequate growing season precipitation. 

Montane species, Douglas-fir and lodgepole pine will likely begin to establish at higher 
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 elevations. The PFT bioclimatic parameter, Tw,min (°C), the minimum warmest month 

mean temperature for the year, limits leading edge establishment for temperate climate 

species like Douglas-fir and lodgepole pine. As warming temperatures make 

establishment at higher elevations possible Douglas-fir and lodgepole pine may encroach 

in grid cells previously occupied by spruce-fir and whitebark pine in the upper treeline 

elevation zone. Fire activity may help facilitate this transition by opening up the canopy 

so the required minimum forest-floor photosynthetically active radiation (parffmin (Wm-

2)) level for tree establishment is met for shade intolerant species. Since both Douglas-fir 

and lodgepole pine are shade intolerant, they are parameterized to have higher 

establishment rates and faster early growth rates, so will have a competitive advantage 

over spruce-fir for post-fire regeneration.  

As warming continues, cold-adapted treeline PFTs: spruce-fir and whitebark pine 

may stop establishing at their trailing edges. Two PFT bioclimatic parameters, Tc,min (°C), 

minimum 20-year coldest month mean temperature for establishment, and Tc,max (°C), 

maximum 20-year coldest month mean temperature for establishment, constrain 

establishment of cold-adapted species. As winter temperatures rise, elevations at the 

trailing edge in the ‘upper treeline’ elevation zone will no longer be suitable for 

establishment of spruce-fir and whitebark pine. 

For simulations using a GCM that predicts an increase in precipitation, under 

RCP 4.5, lower treeline and montane tree PFTs may have increased establishment at their 

trailing edges. Sagebrush and lower treeline elevation zones may see increased 

precipitation sufficient for available water content to reach above the minimum required 

for establishment (AWCmin) and to support growth efficiency above the minimum for 
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 survival (greffmin (kgCm-2yr-1)). The potential expansion of forest at both lower and upper 

treeline in the short term would result in greater forest extent than compared to 

observations or the historical simulation. 

For drying scenarios, forest extent will contract due to tree PFTs moving up in 

elevation with the lower elevation zones will become occupied by sagebrush and grasses. 

Besides the PFT-specific responses, growing season temperatures will rise outside of the 

optimum for photosynthesis at the trailing edge for the four predominant conifer PFTs: 

Douglas-fir, lodgepole pine, spruce-fir, and whitebark pine. Growth for these tree PFTs 

will slow and eventually fall below the minimum growth efficiency threshold increasing 

mortality risk. This mechanism will facilitate transition of forests to nonforested areas 

and also reduce total biomass in areas that remain forests. The increased productivity due 

to carbon dioxide fertilization effect and water use efficiency will likely be counteracted 

by the decrease in productivity due to temperature limitations on carbon fixation as 

represented in LPJ-GUESS. These expected vegetation changes will be more pronounced 

for the RCP 8.5 scenarios. 

Area annual burned is expected to increase under all climate change scenarios up 

to 2099. High-severity fires will occur more frequently as critical conditions for crown 

fire initiation and spread are met more often. With increased productivity in areas with 

sufficient precipitation, canopy fuel bulk density will regenerate quickly, enabling crown 

fire spread when fire weather conditions are met. However, in RCP 8.5 scenarios with 

projected decrease in precipitation, it is expected that fuels will becoming insufficient 

support crown fires, with high-severity fires starting to decrease by 2099. As described, 

forest productivity will begin to decline and forest cover will contract. Since the canopy 
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 bulk density threshold is static in LMfireCF, this critical condition for crown fire spread 

will not be met. It is likely that annual area burned will remain high, but with declines in 

fire severity as indicated by total carbon killed. 

3.1.4 New Perspectives and Attribution 

The proposed LPJ-GUESS-LMfireCF simulations will generate the first species-level 

projections of forest extent and composition, influenced by process-based forest and fire 

dynamics for the entire GYE. While many of the expected vegetation projections are in 

alignment with previous studies, LPJ-GUESS-LMfireCF simulations could provide new 

insights. These simulations will help define the range of potential changes in vegetation 

across the region, perhaps broadening the realm of possible outcomes. Moreover, they 

will contribute new findings into the contentious potential trajectories for forest extent, 

montane forest types, and Douglas-fir specifically. The factorial simulations will also 

enable the attribution of projected vegetation changes to specific drivers: climate, fire, 

and atmospheric carbon dioxide. Results could build understanding into the role and 

interactions of these drivers in vegetation dynamics. 

3.2 Sources of Uncertainty 

There are three main sources of uncertainty for these ecosystem modeling efforts: driver 

data, model parameters, and model processes. For the driver data, there are inherent 

uncertainties in the historical climate data used for the historical simulation and for 

downscaling of the GCM projections and in the GCM projections used for future 

simulations. PRISM data has greater prediction errors over topographically complex 

western United States than in the rest of the country, yet these areas showed the greatest 

improvement over climate grids of WorldClim or Daymet (Daly et al., 2008). Errors were 
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 greater for winter precipitation than summer, and minimum temperatures than maximum 

temperatures (Daly et al., 2008). The newest PRISM dataset adjusted for SNOTEL 

nonclimatic errors in reported temperature values (Oyler et al., 2015; PRISM Climate 

Group, 2019).  

Three main areas of uncertainty for GCM projections are 1) anthropogenic 

forcing, 2) internal variability of the climate system, and 3) climate sensitivity as 

represented in the model (Hawkins and Sutton, 2009). Uncertainty in anthropogenic 

forcing increases after mid-century, so is a less important source of uncertainty in the 

near-term. Applying GCM projections with different RCPs can help frame the realm of 

potential futures beyond mid-century. At the regional scale, internal variability and model 

uncertainty are the greater sources of uncertainty than at the global scale for temperature 

(Hawkins and Sutton, 2009). Uncertainty that arises from internal variability is more 

important for near-term projections and for precipitation than temperature. Model 

uncertainty of climate sensitivity is considered a significant source of uncertainty. Using 

multiple GCMs can represent a wider range of potential futures, yet even all available 

models do not represent all physical uncertainty (Mote et al., 2011). 

Model parameters are another important source of uncertainty in simulation 

results and include PFT parameters that define PFT establishment, growth, and mortality 

and parameters that scale mathematical equations in model processes (hereafter “process 

parameters”). Sensitivity analyses of LPJ-GUESS revealed that carbon pools and fluxes 

were highly sensitive to photosynthesis process parameters and PFT parameters (Pappas 

et al., 2013; Zaehle et al., 2005), and tree community structure was highly sensitive to 

PFT shade tolerance parameters (Wramneby et al., 2008). The photosynthesis process 
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 parameters were kept at their default values as these have been calibrated for global 

studies (Zaehle et al., 2005). Four PFT parameters inhibit the light response curve of 

photosynthetic CO2 assimilation rate calculated in the model: minimum temperature, low 

optimum temperature, high optimum temperature, and maximum temperature for 

photosynthesis. Due to the high sensitivity and dearth of observational measurements, 

these parameters were set to the same values for all montane and treeline GYE conifer 

PFTs: lodgepole pine, spruce-fir, Douglas-fir, and whitebark pine. Shade tolerance 

parameters were set to three classes: intolerant, intermediate, and tolerant. PFT values 

were varied proportionally and sourced from literature or calibrated.  

 With each added model process there is increased measurement error from each 

added process parameter, yet, leaving out important processes can cause systematic bias 

error (O’Neill, 1973). Deciding what processes to include requires balancing simplicity 

and biological realism (Pacala et al., 1996). Previous sensitivity analysis shows LPJ-

GUESS is highly sensitive to the process of photosynthesis and minorly sensitive to soil 

hydrology (Pappas et al., 2013). A proposed remedy was to reduce the dominance of 

photosynthesis as a driver of plant growth and add complexity to the process of carbon 

allocation, increasing the influence of direct temperature and water limitations on growth 

(Franklin et al., 2012; Pappas et al., 2013). Additionally, more mechanistic 

representations of plant-water interactions is an area of active model development for 

LPJ-GUESS, including adding lateral water fluxes between grid cells (Tang et al., 2013). 

Disturbance dynamics, mechanisms of establishment, and edaphic constraints 

emerge as important areas for increased biological realism in LPJ-GUESS-LMfireCF to 

better represent vegetation dynamics in the GYE. The recent developments that created 
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 LPJ-GUESS-LMfireCF focused primarily on improving the realism of fire dynamics. 

Fire processes remain sources of uncertainty, and it is therefore important to thoroughly 

benchmark the new fire module against field and satellite based observations. Processes 

controlling establishment and soil-plant interactions suffer from systematic bias error 

from lack of mechanization. Recommendations for future model development in these 

areas are described in the next section. 

3.3 Recommendations for Further Model Development 

Improvements are needed for the representation of demographic processes and soil-plant 

interactions, to reduce large sources of uncertainty and improve biological realism in 

vegetation demographic models (Fisher et al., 2010, 2018; U.S. Department of Energy 

Office of Science, 2018). Specific to LPJ-GUESS-LMfireCF simulations of the GYE, is 

the need to represent mechanisms limiting establishment: seed generation, seed dispersal, 

and seedling survival.  

While future climate may provide suitable habitat for some GYE tree species, 

recent findings emphasize the importance of seed supply to forest regeneration. Field 

studies of recent short-interval fires in YNP resulted in declines in first-year tree 

regeneration compared to longer-interval fires, correlating with decreased density of 

cones remaining on dead lodgepole pine trees post-fire (Turner et al., 2019). To 

realistically capture constraints in seed supply, algorithms calculating the PFT propagule 

pool would need to be modified, specifically to represent changes with fire severity or 

cone serotiny. Adding an algorithm that limited a PFT cohort from contributing to the 

propagule pool until it reached the age of sexual maturity could also help more 

realistically represent seed generation. 
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 Stand-level simulations for YNP showed distance from seed source had a large 

impact on regeneration, with higher regeneration failure rates when distance to seed 

source was 1km for both Douglas-fir and lodgepole pine forests (Hansen et al., 2018). 

LPJ-GUESS assumes patches are close enough to share PFT propagule pools. Yet, 

realistically seed dispersal distances may be only up to 80-200 m for spruce-fir and 244 

m for non-serotinous lodgepole pine and Douglas-fir (McCaughey et al., 1986). With 

increased fire severity and short fire return intervals, distance to seed source could 

become an important limitation to forest regeneration (Turner et al., 2019). Limiting the 

PFT propagule pool to the cohorts in each patch would be a first step in representing 

distance as a limiting factor. 

Finally, dynamic vegetation model parameters, as well as SDMs, are often based 

on presence/absence data of adult tree species. However, seedlings can survive in a 

narrower range of climatic conditions than adults (Davis et al., 2019a, 2019b; Hankin et 

al., 2019). Forest regeneration is foremost dependent on survival of seedlings, revealing a 

critical area of model development to address questions around forest resiliency under 

future climate and fire regimes (Davis et al., 2019; Hansen and Turner, 2019). The 

establishment routines could be modified to include bioclimatic PFT parameters specific 

to juvenile trees. The current bioclimatic limits based on adult PFTs could be moved to 

limits to growth and survival. Further field and lab based experiments would be required 

to define seedling bioclimatic limits for regional GYE trees. Adding new PFT parameters 

would increase model uncertainty due to measurement errors, but with the goal to reduce 

uncertainty due to systematic model bias. 
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 Another important consideration is the limited representation of edaphic 

constraints in LPJGUESS-LMfireCF on PTF establishment and growth. In LPJGUESS-

LMfireCF, soil texture (fractions of sand, silt, clay) affect soil water holding capacity, but 

neither rock volume nor nutrient content were represented. Including rock volume and 

volcanic soil types as new soil input layers were explored, but available data sources 

were found to be incomplete and inaccurate for both variables. Lodgepole pine dominates 

on rhyolitic soils considered to have poor nutrient availability and water holding capacity, 

but LPJGUESS-LMfireCF does not capture how other PFTs may be limited by edaphic 

constraints that favor lodgepole pine. GYE tree species distribution modeling (SDM) 

efforts found soil moisture and rock volume to be important predictors of a species 

presence (Piekielek et al., 2015). Edaphic constraints on tree species distributions in the 

GYE are also supported by paleoecological records (Whitlock, 1993). Yet, there remains 

uncertainty in how best to model these mechanisms. A greenhouse study comparing 

Douglas-fir and lodgepole pine seedling survival in rhyolite-derived to sedimentary-

derived soils found both species had higher establishment rates in the rhyolite-derived 

soil (Hansen and Turner, 2019). While further research is needed to understand the 

mechanism to soil nutrient limitations in the GYE, one recommendation is to try 

including nitrogen cycling and nitrogen limitations represented in other versions of LPJ-

GUESS (Smith et al., 2014). 

4. CONCLUSION 

Historical range and variability (HRV) of forest composition and structure are now 

commonly used to guide forest management planning (Keane et al., 2009; U.S. 

Department of Agriculture Forest Service, 2012). Historical conditions are quantified 
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 based on field measurements and historical records to serve as a reference for 

maintaining or restoring forests. HRV are assumed to characterize a resilient ecosystem 

(Swetnam et al., 1999). Yet drawing from paleoecological studies it can be inferred that 

under future climate change, forest composition and extent may change outside of the 

HRV, creating the urgency for defining the future ranges of variability (FRV).  

Cohort-based vegetation demographic modeling offers the opportunity to model 

the FRV in vegetation across large spatial and temporal scales, capturing the effects of 

non-linear relationships and bioclimatic heterogeneity on vegetation and fire responses. 

Fine scale modeling will still be required to inform management operations at the forest 

stand level, but the FRV provided by landscape and regional scale modeling can help 

inform ecosystem level planning and coordination between agencies (Keane et al., 2018). 

Specifically, model predictions can help identify species that are more or less vulnerable 

to climate change to aid in adaptation strategies (Halofsky et al., 2018; Hansen and 

Phillips, 2015). Forward thinking, simulation results could provide valuable insights into 

what species to target for assisted migration in reforestation efforts or to use as 

reforestation stock, based on influences of climate, species competition, and disturbance. 

While future simulations are pending, LPJ-GUESS-LMfireCF is poised to 

characterize the range of potential variation in forest extent and composition, and build 

understanding the relative role of climate and fire as drivers of these changes. This 

recently developed model captures forest structure and fire dynamics required to more 

realistically simulate forest dynamics. Through trade-offs with model complexity it can 

run species level, regional scale simulations. At best it can elucidate potential future 

vegetation trajectories, and at a minimum it can serve as an exploratory model. The 
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 benefit of exploratory models is not to be underestimated in their own right. Exploratory 

models allow us to explore the “assumptions, hypotheses, and uncertainties” inherent in 

the model and the input data (Pielke, 2003). Prior simulations have already supported the 

hypothesis that high-severity fires constrain landscape biomass and demonstrated the 

need for more continuous and accurate soil data inputs (Emmett et al., 2020). 

Undoubtably, the experiments detailed here will reveal further insights. 
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Figure 1. Map of the Greater Yellowstone Ecosystem (GYE) in the U.S. showing 

elevation (m) based on the STRM 90m digital elevation model with lakes displayed in 

blue and federally protected lands outlined. The GYE encompasses an area of 185,250 

km2 with an elevational gradient of 822 m to 4,210 m. 
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A)      B) 

 
        Precipitation (cm)          Temperature (°C) 

 

Figure 2. Maps of climatological gradients in the Greater Yellowstone Ecosystem a) 

mean annual precipitation (cm) and b) mean annual temperature (°C) using Daymet v. 3.0 

gridded climate data averaged between 1980-2009. 
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Figure 3. Scatterplot of MACAv1-METDATA future climate projections (2070-2099) 

relative to the historical years 1971-2000 for 20 General Circulation Models (GCMs) for 

two representative concentration pathways (RCP). Under RCP 4.5 atmospheric carbon 

dioxide concentrations level off by mid-century and under RCP 8.5 they continue to rise 

up to 2099. Projections used for this study are labeled by + symbols and the GCM name. 

Climate forcings in the MACAv1-METDATA were drawn from a statistical downscaling 

of GCM data from the Coupled Model Intercomparison Project 5 (CMIP5, Taylor et al. 

2012) utilizing the Multivariate Adaptive Constructed Analogs (MACA, Abatzoglou and 

Brown, 2012) method with the METDATA (Abatzoglou, 2013) observational dataset as 

training data. 

 

 



 

Figure 4. Timeseries of MACAv1-METDATA historical (1950-2006) and future climate projections (2006-2099), for winter 

(Dec-Jan-Feb) and summer (Jun-Jul-Aug) mean temperature °C and precipitation (mm) in the Greater Yellowstone Ecosystem. 

Under RCP 4.5 atmospheric carbon dioxide concentrations level off by mid-century and RCP 8.5 they continue to rise up to 2099. 

Climate forcings in the MACAv1-METDATA were drawn from a statistical downscaling of GCM data from the Coupled Model 

Intercomparison Project 5 (CMIP5, Taylor et al. 2012) utilizing the Multivariate Adaptive Constructed Analogs (MACA, 

Abatzoglou and Brown, 2012) method with the METDATA (Abatzoglou, 2013) observational dataset as training data. 
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Figure 5. Maps of change in mean annual precipitation (cm) MACAv1-METDATA future climate projections (2070-2099) 

relative to the historical years 1971-2000 in the Greater Yellowstone Ecosystem for 4 General Circulation Models (GCMs) for 

two representative concentration pathways (RCP), a) RCP 4.5 and b) RCP 8.5. Under RCP 4.5 atmospheric carbon dioxide 

concentrations level off by mid-century and RCP 8.5 they continue to rise up to 2099. Climate forcings in the MACAv1-

METDATA were drawn from a statistical downscaling of GCM data from the Coupled Model Intercomparison Project 5 

(CMIP5, Taylor et al. 2012) utilizing the Multivariate Adaptive Constructed Analogs (MACA, Abatzoglou and Brown, 2012) 

method with the METDATA (Abatzoglou, 2013) observational dataset as training data. 
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Figure 6. Maps of the Greater Yellowstone Ecosystem change in mean annual temperature (°C) MACAv1-METDATA future 

climate projections (2070-2099) relative to the historical years 1971-2000 in the Greater Yellowstone Ecosystem for 4 General 

Circulation Models (GCMs) for two representative concentration pathways (RCP), a) RCP 4.5 and b) RCP 8.5. Under RCP 4.5 

atmospheric carbon dioxide concentrations level off by mid-century and RCP 8.5 they continue to rise up to 2099. Climate 

forcings in the MACAv1-METDATA were drawn from a statistical downscaling of GCM data from the Coupled Model 

Intercomparison Project 5 (CMIP5, Taylor et al. 2012) utilizing the Multivariate Adaptive Constructed Analogs (MACA, 

Abatzoglou and Brown, 2012) method with the METDATA (Abatzoglou, 2013) observational dataset as training data. 
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Table 1. Definitions of modeling approaches applied in the Northern Rockies region to model potential changes in forest extent 

and/or composition under future climate change scenarios. In general, the modeling approach categories are not mutually 

exclusive, but serve to compare approaches. For example, process-based models typically also include empirical relationships, 

and several process-based models are individual-based. 

 
Modeling 

Approach (abv.) 

Empirical or 

Process-based 

Definition 

Species 

distribution 

models (SDM) 

Empirical Also known as bioclimatic envelope or environmental niche models, these models are based on empirical 

relationships between species presence or absence and abiotic variables. SDMs assume relationships between 

historical climate and current species distributions represent the species’ climate tolerances, and that these 

relationships will be maintained into the future (Anderson, 2013). 

State-and-

transition 

simulation 

models (STSM) 

Empirical Simulate deterministic (e.g. growth) and probabilistic (e.g. fire disturbance) transitions between different strata 

(vegetation communities) or state classes for cells (Daniel and Frid, 2011). Spatially explicit STSMs allow for 

contagion and feedbacks between cells. 

Forest growth 

models (FGM) 

Empirical or 

Process-based 

Simulate forest regeneration, growth, and mortality rates as affected by climate and site conditions, originally 

with a focus on growth and yield (Shifley et al., 2017). 

Biogeochemical 

models (BGC) 

Process-based Simulate landscape canopy as a single leaf layer or “big-leaf”. BGCs calculate forest carbon, water, and nitrogen 

cycling to simulate net primary productivity, allocating carbon to vegetation and soil pools (Cramer et al., 1999). 

Individual-based 

landscape model 

(IBLM) 

Process-based Spatially explicit simulations of individual trees that compete for resources. Tree establishment, growth, and 

mortality processes are simulated (Seidl et al., 2012). 

Landscape fire 

succession 

models (LFSM) 

Process-based Simulate dynamic interactions between fire, vegetation, and typically climate (Keane et al., 2004). LFSMs vary 

in their level of complexity and mechanization, but all simulate vegetation succession and fire ignition, spread, 

and effects (Keane et al., 2004). 

Vegetation 

demographic 

models (VDM) 

Process-based A subset of DGVMs, VDMs simulate vegetation establishment, growth, competition, and mortality processes 

(Bradshaw and Sykes, 2014). Forest demography is represented by simulating individuals or cohorts (trees in the 

same age, size class, canopy position, and plant type) in representative patches within a cell (Fisher et al., 2018). 

Dynamic global 

vegetation 
models (DGVM) 

Process-based DGVMs simulate carbon and water cycles with vegetation, tracking carbon allocation to vegetation and soil pools 

(Bradshaw and Sykes, 2014). First generation DGVMs calculate the area-averaged characteristics (e.g. height and 
leaf area) of each plant type population for each grid cell, assuming a homogenous canopy and with processes 

affecting the plant type population uniformly (Fisher et al., 2018). Processes such as seed dispersal or multiple 

types of disturbances are often not included to allow for larger spatial scale simulations (Keane et al., 2013). 
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Table 2. Comparison of empirical and process-based modeling approaches applied in the Northern Rockies region to model 

potential changes in forest extent and/or composition under future climate change scenarios*. Refer to Appendix A for search 

criteria of literature review. The modeling approach categories are not mutually exclusive, but serve to compare approaches. 

Potential vegetation types (PVTs) are stable or climate plant communities. Plant functional types (PFTs) are plant classifications 

based on physiological, phenological, and life history characteristics. Spatial domains are defined as stand (<1km2), landscape 

(<2,000km2), regional (>2,000km2), and global [1].  

 

Modeling 

Approach 
Resolution 

Spatial 

domains 

Vegetation 

units 

Forest 

structure 

Spatially 

explicit 

Processes (Transitions) represented 

Refs. 
Dynamic 

vegetation+ 
Succession Disturbance Competition 

Seed 

supply 

/dispersal 

Species 

distribution 

models 

~1-9km, 

snapshots 

Landscape 

to global 

Tree 

species or 

biomes 

No - - - - - - 
[2]–

[10] 

State-and-

transition 

simulation 

models 

~0.04-

0.6km, 

annual 

Landscape 

to regional 

Vegetation 

types 
No Yes (Yes) (Yes) 

(Fire, disease, 

insects, 

wind/weather) 

(Yes) (Both) 
[11]–

[13] 

Forest growth 

models 

≤ 1km, 

monthly to 

decadal 

Landscape 

to regional 

Tree 

species or 

individual 

trees 

No No - - - - - 
[14]–

[17] 

Biogeochemical 

models 

~1-4km, 

daily to 

monthly 

Landscape 

to global 

Single leaf 

layer 
No No - - 

Some include 

fire 
- - 

[18]–

[21] 

Individual-based 

landscape model 

2m-

0.01km, 

daily to 

annual 

Stand to 

landscape 

Individual 

trees 
Yes Yes Yes Yes Fire 

Light, 

water, 

nutrients 

Both 
[22]–

[25] 

Landscape fire 

succession 

models 

10m-1km, 

daily to 

annual 

Stand to 

landscape 

PVTs or 

Individual 

trees 

Yes 
Yes or 

No 
Yes Yes 

Fire, wind, 

harvest, insects, 

disease  

Light, 

water, space 
Both 

[26]–

[32] 

Vegetation 

demographic 

models 

1 km, daily 

to annual 

Landscape  

to global 

Cohorts, 

PFTs or 

species 

Yes No Yes Yes 

Fire, generic 

background 

disturbance 

Light, 

water, space 

Seed 

supply 

only 

[33], 

[34] 
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Dynamic global 

vegetation 

models 

1km – 

10km, 

daily to 

annual 

Landscape  

to global 

Population

s, PFTs or 

species 

No No Yes Yes Fire, harvest 
Light, 

water, space 
Neither 

[35]–

[40] 

*Classification and comparison of all the various models within each modeling approach classification is outside of the scope of this paper, please refer to 

previous comparative studies for species distribution models [7], forest growth models [41], biogeochemical models [42], individual-based models [43], 

landscape forest succession models [44]–[46], vegetation demographic models [47], and DGVMs [48]–[50]. 

+Vegetation establishment, growth, and mortality processes are represented, with vegetation state variables transient through time. 
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Table 3. General Circulation Models (GCM) selected for use in simulations. 

 

GCM Institute Country 

CanESM2 Canadian Centre for Climate Modelling and 

Analysis 

Canada 

CNRM-CM5 Centre National de Recherche Meteorologiques France 

CCSM4 National Center for Atmospheric Research United States 

HadGEM2-ES Met Office Hadley Centre Climate Programme United Kingdom 
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Chapter 4: Appendix A 

Literature Review Search Criteria 

 

A literature review was completed using Web of Science for all databases. Search terms 

are shown in the table below (642 results were returned). Other search criteria included 

that the publishing date was between 1975 and 2020, and the paper was written in 

English. Studies included in this paper had to be at least partially within the Northern 

Rockies region, model tree species that were naturally occurring within the GYE in this 

century, and model potential changes in forest extent and/or composition under climate 

change scenarios. 

 

Table A1. Search terms for literature review on Web of Science organized by 

category. Papers had to have at least one search term in each category e.g. 

Yellowstone, projected, forest, and extent, plus the term “model*” with the asterisk 

indicating any iteration of the word in the abstract (AB), keyword plus (KP), topic 

(TS), or title (TI). Place of occurrence included in the search in parentheses after 

each search category.  

 

Geographic area 

(AB) 

Climate scenarios 

(AB,KP,TS,TI) 

Plant subject 

(KP,TI) 

Ecological topic 

(AB) 

Northern Rockies climate change tree distribution 

Rocky Mountains climate scenarios forest vulnerability 

Yellowstone  vegetation extent 

Grand Teton   composition 

Montana   response 

Wyoming   resilience 

Pacific Northwest   dynamics 

   range 



  

 

Chapter 4: Appendix B 

Plant functional type (PFT) parameters 

 

Table B1. Parameter values and data sources for regional tree and shrub plant functional types (PFTs) used for LPJ-GUESS-

LMFireCF simulations. Dominant GYE vegetation was represented as nine PFTs: lodgepole pine (Pinus contorta), a spruce-fir 

(Picea engelmannii and Abies lasiocarpa), Douglas-fir (Pseudotsuga menziesii), whitebark pine (Pinus albicaulis), aspen (Populus 

tremuloides), juniper (Juniperus scopulorum), sagebrush (Artemisia tridentata), a multi-species cool grass (C3, for the 

photosynthetic pathway), and a multi-species warm grass (C4). 

 
Parameters Species/PFTs 

Description Symbol 

(units) 

Lodgepole 

pine 

Spruce-fir Douglas-fir Whitebark 

pine 

Source Aspen Source Juniper Source Sagebrush Source 

Bioclimatic limits to establishment            

Min. coldest month 
mean temperature 

Tc,min (°C) -12.66 -12.28 -12.09 -13.2 presence 
records1 

-10.69 presence 
records1 

-9.06 presence 
records1 

-9.27 (Renwick et 
al., 2018) 

Max. coldest month 
mean temperature 

Tc,max (°C) 2.94 0.98 8.95 -0.88 presence 
records1 

1.93 presence 
records1 

4.53 presence 
records1 

5.81 (Renwick et 
al., 2018) 

Min. warmest month 

mean temperature 

Twmin (°C) 6.23 5.37 7.71 4.63 presence 

records1 

8.65 presence 

records1 

11.53 presence 

records1 

8.5 (Renwick et 

al., 2018) 

Min. growing degree 

day sum on 5°C base 

GDD5 (°C 

days) 

421 335^  564 203 presence 

records1 

745 presence 

records1 

1231 presence 

records1 

104 (Renwick et 

al., 2019) 

Minimum % 

available water in 

upper soil layer 

AWCmin (%) 0.4 0.45 0.3 0.3  0.5  0.25  0.1 (Renwick et 

al., 2018) 

Bioclimatic limit to survival            

Min. coldest month 

temperature 

Tcs,min (°C) -19.86 -19.31 -19.28 -21.27 presence 

records1 

-16.3 presence 

records1 

-19.32 presence 

records1 

-16.13 (Renwick et 

al., 2018) 

Optimum temperatures for photosynthesis           

Min. temperature for 
photosynthesis 

pstempmin 
(°C) 

-4 -4 -4 -4 (Smith et 
al., 

2001) ++ 

-4 (Smith et 
al., 2001) 

++ 

-2 (Smith et 
al., 

2001) ++ 

-4 (Renwick et 
al., 2019) 

Low temperature for 

photosynthesis 

pstemplow 

(°C) 

10 10 10 10 (Smith et 

al., 

2001) 

10 (Smith et 

al., 2001) 

15 (Smith et 

al., 

2001) 

8 (Renwick et 

al., 2019) 

High temperature for 

photosynthesis 

pstemphigh 

(°C) 

25 25 25 25 (Smith et 

al., 

2001) 

25 (Smith et 

al., 2001) 

25 (Smith et 

al., 

2001) 

25 (Smith et al., 

2001) 

2
1
7

 

 



 

Max. temperature for 

photosynthesis 

pstempmax 

(°C) 

38 38 38 38 (Smith et 

al., 
2001) ++ 

38 (Smith et 

al., 2001) 

++ 

38 (Smith et 

al., 
2001) ++ 

40 (Renwick et 

al., 2019)  

Allometry            

Crown length slope CLs(m) 0.31 0.83 0.69 0.58 (Emmett 

and 

Poulter, 

2020) 

0.24 (Emmett 

and 

Poulter, 

2020) 

0.78 (Emmett 

and 

Poulter, 

2020) 

1.0 (Emmett and 

Poulter, 

2020) 

Crown length 

intercept 

CLi(m) 1.8 -0.3 0.03 1.2 (Emmett 

and 

Poulter, 

2020) 

1.9 (Emmett 

and 

Poulter, 

2020) 

0.66 (Emmett 

and 

Poulter, 

2020) 

0.0 (Emmett and 

Poulter, 

2020) 

Bark thickness slope BTs(cm) 0.01 0.02 0.05 0.01 (Emmett 
and 

Poulter, 

2020) 

0.03 (Emmett 
and 

Poulter, 

2020) 

0.03 (Emmett 
and 

Poulter, 

2020) 

0.031 (Emmett and 
Poulter, 

2020) 

Bark thickness 

intercept 

BTi(cm) 0.22 0.21 0.41 0.34 (Emmett 

and 
Poulter, 

2020) 

0.29 (Emmett 

and 
Poulter, 

2020) 

0.07 (Emmett 

and 
Poulter, 

2020) 

0.067 (Emmett and 

Poulter, 
2020) 

Growth            

Specific leaf area sla (m2kgC-1) 8.5 8.5 8.5 8.5 (Clark et 

al., 

2017)|| 

25 (Keane et 

al., 2011) 

7.2 (Laughli

n et al., 

2011) 

16 (Renwick et 

al., 2019) 

Fraction of roots in 
upper soil layer 

rootdistup (%) 0.6 0.6 0.6 0.6 (Smith et 
al., 

2001) ++ 

0.7 (Sitch et 
al., 2003) 

0.6 (Smith et 
al., 

2001) ++ 

0.7 (Renwick et 
al., 2019) 

Fraction of roots in 

lower soil layer 

rootdistlow 

(%) 

0.4 0.4 0.4 0.4 (Smith et 

al., 

2001) ++ 

0.3 (Sitch et 

al., 2003) 

0.4 (Smith et 

al., 

2001) ++ 

0.3 (Renwick et 

al., 2019) 

Carbon to nitrogen 

ratio in leaves 

c:nleaf 49 49 49 49 (Clark et 

al., 

2017)|| 

17 (Laughlin 

et al., 

2011) 

42 (Keane 

et al., 

2011)@ 

26 Renwick 

unpublished 

Carbon to nitrogen 
ratio in sapwood 

c:nsap 1030 1030 1030 1030 (Clark et 
al., 

2017)|| 

729 (Clark et 
al., 2017) 

729 (Clark et 
al., 

2017) 

330 (Smith et al., 
2001) 

Carbon to nitrogen 

ratio in fine roots 

c:nroot 82 82 82 82 (Clark et 

al., 

2017)|| 

42 (Clark et 

al., 2017) 

42** (Laughli

n et al., 

2011) 

41 (Cleary et 

al., 2010) 

Maximum age longevity 

(yrs) 

330 350 450 450 (Clark et 

al., 

2017)# 

120 (Keane et 

al., 2011) 

350 (Keane 

et al., 

2011)@ 

150 (Renwick et 

al., 2018), 

expert 

opinion 

2
1
8
 

 



 

 

1The bioclimatic limits were based on two standard deviations below or above the mean values calculated from Daymet climate data (Peter E. Thornton et al., 2017) for the range of a PFT 

based on USDA FIA presence data (http://fia.fs.fed.us/). All parameters defining bioclimatic limits to establishment are based on the mean for the last 20 years. 
^higher value of the two species, value for Abies lasiocarpa 

++Not reported in (Smith et al., 2001) but included in LPJ-GUESS input file 

**Average of values for Juniperus monosperma, J. osteosperma, and J. scopulorum. 

||Values for Pinus contorta. 

@Values for Pinus monticola. 
&Mean value of two species of Juniperus and two species of Pinus. 

#Values for Pinus contorta and cold-wet conifers were from (Clark et al., 2017) and values for high-elevation pines and Douglas-fir were adjusted based on model performance. 

 

Leaf longevity leaflong (yrs) 2 2 2 2 (Sitch et 

al., 
2003) 

0.5 (Sitch et 

al., 2003) 

2 (Sitch et 

al., 
2003) 

1 (Peek et al., 

2006) 

Leaf area to sapwood 

area ratio 

kla:sa 4000 4000 4000 4000 (Hickler 

et al., 

2012) 

5000 (Hickler 

et al., 

2012) 

2275 (Margoli

s et al., 

1995)& 

1477 (Renwick et 

al., 2019) 

Wood density dens  
(kgC m-3) 

190 190 190 190 (Zanne 
et al., 

2009)||| 

175 (Zanne et 
al., 2009) 

250 (Zanne 
et al., 

2009) 

332 (Perfors et 
al., 2003) 

2
1
9

 

 

http://fia.fs.fed.us/
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Table B2. Parameters and characteristics for grass plant functional types (PFTs) used 

for LPJ-GUESS-LMFireCF simulations. C3 = cool grass, C3 biochemical pathway, 

and C4 = warm grass, C4 biochemical pathway. 

 
Parameters Species/PFTs 

Description Symbol 

(units) 

Cool 

grass 

Source Warm 

grass 

Source 

Bioclimatic limits to establishment     

Min. growing degree day sum 
on 5 deg C base 

GDD5 (°C 
days) 

77 (Renwic
k et al., 

2019) 

0 (Renwic
k et al., 

2019) 

Minimum % available water 

in upper soil layer 

AWCmin (%) 0.01 (Hickler 

et al., 

2012) 

0.01 (Hickler 

et al., 

2012) 

Optimum temperatures for photosynthesis     

Min. temperature for 

photosynthesis 

pstempmin 

(°C) 

-5 (Smith 

et al., 

2001) ++ 

6 (Smith et 

al., 

2001) ++ 

Low temperature for 

photosynthesis 

pstemplow 

(°C) 

10 (Smith 

et al., 

2001) 

20 (Smith et 

al., 

2001) ++ 

High temperature for 
photosynthesis 

pstemphigh 
(°C) 

30 (Smith 
et al., 

2001) ++ 

45 (Smith et 
al., 

2001) ++ 

Max. temperature for 

photosynthesis 

pstempmax 

(°C) 

45 (Smith 

et al., 

2001) 

55 (Smith et 

al., 

2001) ++ 

Growth     

Specific leaf area sla (m2kgC-

1) 

30 (Renwic

k et al., 

2019)~ 

30 (Renwic

k et al., 

2019) 

Fraction of roots in upper soil 
layer 

rootdistup 
(%) 

0.9 (Sitch et 
al., 

2003) 

0.9 (Sitch et 
al., 

2003) 

Fraction of roots in lower soil 

layer 

rootdistlow 

(%) 

0.1 (Sitch et 

al., 

2003) 

0.1 (Sitch et 

al., 

2003) 

Carbon to nitrogen ratio in 

leaves 

c:nleaf 29 (Smith 

et al., 

2001) 

29 (Smith et 

al., 

2001) 

Carbon to nitrogen ratio in 

fine roots 

c:nroot 29 (Smith 

et al., 
2001) 

29 (Smith et 

al., 
2001) 

Leaf longevity leaflong 

(yrs) 

1 (Smith 

et al., 

2014) 

1 (Smith et 

al., 

2014) 

++Not reported in (Smith et al., 2001) but included in LPJ-GUESS input file. 
~Reported as “original” values. 
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Table B3. Growth form parameters for species/plant functional types used for LPJ-

GUESS-LMFireCF simulations. 

 
Parameters Growth form type   

Description Symbol (units) Tree Source Shrub Source Grass Source 

Maximum crown area crownarea (m2) 40 (Hickler et 
al., 2012) 

3 (Glenn et 
al., 2011)* 

–  

Constant in allometry 

equations: determines 

relationship of stem diameter 

and crown area 

kallom1 150 (Hickler et 

al., 2012) 

100 (Adler et 

al., 2005)^^* 

–  

Constant in allometry equations kallom2 40 (Smith et al., 

2001) 

18 (Adler et 

al., 2005)^^* 

–  

Constant in allometry equations kallom3 0.67 (Smith et al., 

2001) ++ 

1 (Adler et 

al., 2005)^^* 

–  

Max. number of days with full 
leaf cover 

phenmax (days) 210 @ 139 (Renwick 
et al., 

2019) 

50 (Renwick 
et al., 

2019) 

Percentage of full leaf cover 

maintained through winter for 

semi-deciduous 

phenwinter _  0.2 (Renwick 

et al., 

2019) 

_  

Background establishment rate 

constant 

kestbg 0.05 ** 0.1 (Smith et 

al., 2001) ++ 

–  

*Equivalent to not using parameter. 
**Adjusted based on model performance. 

^^*Values were optimized from unpublished data associated with (Adler et al., 2005). 

++Not reported in (Smith et al., 2001) but included in LPJ-GUESS input file. 

@Applies to summergreen phenology and previously was internal constant in LPJ-GUESS. 

 

Table B4. Shade tolerance parameters by class for species/plant functional types 

used for LPJ-GUESS-LMFireCF simulations. 

 
Parameters Shade tolerance class 

Description Symbol (units) Intolerant Source Intermediate Source Tolerant Source 

Maximum establishment rate 

for seedlings 

estmax 

(saplings/year) 

0.2 (Hickler 

et al., 

2012) 

0.1 (Hickler 

et al., 

2012) 

0.05 (Hickler 

et al., 

2012) 

Minimum PAR/light at forest 

floor for establishment 

parffmin (Wm-2) 2500000 (Hickler 

et al., 

2012) 

2000000 (Hickler 

et al., 

2012) 

1500000 ** 

Recruitment shape parameter 
constant 

⍺r 8 ** 6 (Hickler 
et al., 

2012) 

4 ** 

Growth efficiency parameter greffmin (kgCm-2yr-

1) 

0.1 ** 0.08 (Hickler 

et al., 

2012) 

0.06 ** 

Sapwood to heartwood turnover 

rate 

turnoversap (%) 0.08 ** 0.065 ** 0.05 (Hickler 

et al., 

2012) 

**Adjusted based on model performance. 
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CHAPTER 5 

 

CONCLUSION 

The research presented in this dissertation furthers our understanding of forest and 

wildfire responses to a changing climate. Particularly, it highlights the importance of 

bioclimatic context and changes in precipitation on forest productivity, composition, and 

extent, as well as fire activity in the Greater Yellowstone Ecosystem. In Chapter 2, after 

accounting for disturbance as a driver of greening and browning trends, the interaction 

between local mean summer precipitation and change in summer precipitation was found 

to influence forest productivity trends. Increased summer precipitation in relatively dry 

areas was associated with greening trends (increased productivity), while relatively wet 

areas did not benefit from increased precipitation. 

This dissertation also presents the first process-based ecosystem simulations of 

the entire Greater Yellowstone Ecosystem. Similar ecosystem models are either too 

complex and high-resolution that they cannot be run at the regional level, or they are too 

coarse in scale that important landscape heterogeneity is ignored. By integrating a 

mechanistic fire module into a dynamic vegetation model that accounts for species-level 

phenomena at 1km resolution, LPJ-GUESS-LMfire-CF strikes a balance between model 

efficiency and management-level detail. Adapting LPJ-GUESS for regional application 

involved parameterizing the dominant tree species and several model modifications 

detailed in Chapter 3. However, the most critical model development was the creation of 

a crown fire module to simulate the stand-replacing fires characteristic of the GYE. 
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 The ability of global dynamic vegetation models to simulate varied fire severity is 

limited, with most models relying on surface fire models and empirical relationships to 

simulate fire effects. The crown fire module evaluated in Chapter 3 greatly improved the 

representation of fire severity compared to previous model versions. Without simulating 

stand-replacing fires, the original fire model grossly overestimated total landscape 

biomass, failed to simulate important carbon fluxes, and overestimated shade tolerant 

plant types on the landscape. In contrast, LPJ-GUESS-LMfire-CF approximated 

landscape biomass, captured high severity fire events, and simulated plant types along 

elevational gradients compared to field and satellite-derived datasets. The crown fire 

module developed for this dissertation serves as an example for advancement of fire 

modeling within other dynamic vegetation models. LPJ-GUESS-LMfire-CF is also a tool 

available for further regional applications. 

 Areas for future research include analysis of simulations to quantify critical 

climatic thresholds, that if exceeded, could shift currently forested areas of the GYE 

beyond their ability to regenerate forests, as described in Chapter 4. It would also be 

interesting run simulations to determine under what conditions the fire regime could 

become fuel limited. Exploring the effects of the rate of climatic and disturbance regime 

changes on shifts in ecosystem states could also provide important insights into forest 

resiliency. Of course there is room for further model development to be able to better 

address questions around forest regeneration. Specifically, the inclusion of bioclimatic 

limits for seedling establishment base on field data of seedling survival would greatly 

improve the confidence in simulation results. Furthermore, the representation of nutrient 

availability, for example by incorporating the nitrogen cycling and nitrogen limitations 
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from later LPJ-GUESS versions (Smith et al., 2014), could also improve representation 

of forest regeneration and plant biogeography.  

In summary, the model developments presented here are a step forward into our 

ability to forecast future changes in forests and wildfire for the region. However, they are 

inherently limited and reveal the tenuous relationship between modeling and advancing 

ecological knowledge. Processed-based ecosystem simulation models are only as good at 

reproducing reality as modelers are at developing and calibrating them based on our best 

understanding of ecosystem processes and first principles. We may aspire for simulation 

models to offer insights into future conditions, potentially revealing novel ecosystem 

responses outside of our realm of imagination. Yet more realistically, future simulations 

reveal the limitations of our understanding of current processes and the extrapolation of 

our biases and assumptions. This is not to undermine the utility of modeling efforts. On 

the contrary, by elucidating knowledge gaps and assumptions, simulation modeling can 

help push the boundaries of ecological research. 

Finally, it must be acknowledged that amongst all the uncertainties for future 

global and regional climate change and the resulting ecological responses, human 

behavior is the largest area of uncertainty. The rate and magnitude of global climate 

change depend on human population growth, economic development trajectories, 

consumption of fossil fuels, and land use change (IPCC and Edenhofer, 2014). The range 

of 21st century climate policies result in a wide range of projected radiative forcing 

according to the Intergovernmental Panel on Climate Change (IPCC), highlighting the 

importance of political action in mitigating climate change. Our personal behaviors 

become insignificant without fundamental institutional and economic changes. So while 
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“change is the only constant”, we decide as a society what we value and this shapes the 

kind of change we make in the world. 
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