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Abstract 

A Methodology to Examine the Strengths and Limitations of using FIA Plot Data and LiDAR-

based Structural Metrics for Continuous Mapping in the Sierra Nevada Ecoregion 

 

Noah Krakoff 

 

Chair of the Supervisory Committee: 

Van R Kane 

Environmental and Forest Sciences 

 

Model-based estimation with airborne LiDAR and the US Forest Service’s Forest Inventory 

and Analysis (FIA) program is a common way to estimate above-ground carbon (AGC), 

basal area (BA), and wood volume (WV) in forested areas.  This study investigates how well 

the FIA plots capture forested areas within the Sierra Nevada ecoregion and what 

structures and conditions they fail to capture for effective model-based estimation of AGC, 

BA, and WV. Random Forest models were used to model these metrics and had a high 

coefficient of determination (0.79, 0.70, and 0.79 respectively). However, due to strict FIA 

confidentiality requirements of the true plot locations, the results of this study use the 

publicly available FIA plot locations, which are guaranteed to be within 1 mile (1.6 km) of 

the true locations. Results from this study therefore demonstrate the methods, types of 

results and analysis that could be performed when the true, confidential plot locations are 



 

available.  Random Forest models with the public location had relatively low coefficients of 

determination (0.37, 0.34, and 0.36, respectively). The poor performance our models is 

likely due to the misalignment between remote sensing and plot locations. Using Meyer 

and Pebesma’s (2021) concept of area of applicability, the area to which a model can be 

reliably applied without risking overextrapolation, we determined the effectiveness of the 

FIA sampling scheme for representing structures across the ecoregion for modeling 

purposes. Based on an evaluation of area of applicability, FIA plots captured 96% of 

ecoregion for each forest metric, respectively. We found that we tall forests across a range 

of canopy covers are not well modeled by the FIA plots.  These include very tall, very dense 

forests with dominant tree height greater than 45m and canopy cover percent more than 

50% as well as forests with tall trees greater than 30 m where canopy cover is low. Forests 

that have recently experienced disturbance are also underrepresented.   Model-based 

estimation of AGC, BA, and WV with FIA plots and LiDAR is effective across much of the 

ecoregion, but there are some systematic under sampled forest types, structures and 

conditions where our models may be biased. Overall, this study highlights the importance 

of quantifying the area in which a sample can be effectively applied for model-based 

estimation.  Without proper quantification of where a map may be biased, researchers, 

forest managers, and policy makers may unknowingly use maps over areas where they 

may not be appropriate.  Results of this study are preliminary and pending the use of the 

true FIA coordinates. Regardless, this study provides a valuable demonstration of a 

workflow to characterize how well a sampling scheme represents an area of interest.  
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Key study limitation 
Because of a key limitation, this study should be considered a demonstration of methods 

to answer our research questions of interests, and all findings should be considered with 

this in mind.  A requirement of using the Forest Inventory and Analysis (FIA) plots is that 

their true locations are not publicly available and can only be accessed by trained USFS 

personnel (LaPoint, 2005). Each FIA plot has a public fuzzed location guaranteed to be 

within one mile (1.6 km) of the true location (LaPoint, 2005). This study was conducted in 

close collaboration with Dr. Hans-Erik Andersen with the Pacific Northwest Research 

Station, who we relied on to implement the workflows for the analysis for the true 

locations, disruptions in the agency prevented any access to any spatial information.   Due 

to the lack of direct access to the true FIA locations, the results of this study use the public 

fuzzed locations.  For more information on how we expect the findings to vary with the true 

locations, see section 4.6. Our plan is to adapt these methods to the true coordinates 

when we have access to them. 
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1 Introduction  
Forest ecosystems are highly dynamic over space and time. Long-term monitoring is 

key for determining the magnitude, direction, and pace of these changes (Lovett et al., 

2007). Forest inventories, a key monitoring tool, provide field-based measurements of tree 

density, diameter and height measurements, from which maps of forest metrics such as 

above-ground carbon (kg), wood volume (m3), and basal area (m2) can be generated. These 

maps can help managers and policy makers prioritize their efforts to suit a range of 

applications, including forest restoration strategies, informing sustainable resource 

management, carbon accounting and monitoring, and wildlife habitat restoration (Zielinski 

et al., 2006; Lovett et al., 2007; Pan et al., 2011; North, 2012).  

With recent widespread structural and compositional changes from drought and 

wildfires, the Sierra Nevada ecoregion exemplifies the importance of forest inventories for 

monitoring rapidly changing forest conditions. Fire exclusion throughout much of the 20th 

century enabled the growth of true fir (ex. White fir [Abies concolor]) and other fire-

vulnerable tree species and allowed for forest expansion and densification (Collins, Everett 

and Stephens, 2011a; Lydersen et al., 2013; Van Wagtendonk et al., 2018). Recent 

droughts have increased vegetation stress and led to widespread tree mortality across the 

ecoregion with an estimated 48.9% mortality of mature trees on the Eldorado, Stanislaus, 

Sierra and Sequoia National Forests following drought years in 2014 - 2017 (Fettig et al., 

2019). Dense, fire-excluded forests and accumulated canopy and surface fuels have 

predisposed forested landscapes to large, high severity patches of fire, especially under a 

more extreme drought and fire environment due to climatic warming (Miller et al., 2009; 
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Mallek et al., 2013; van Mantgem et al., 2013). Proactive treatments including forest 

thinning and prescribed burning have been shown to effectively mitigate fire severity and 

tree mortality associated with recent wildfires and drought (Pollet and Omi, 2002; Fulé et 

al., 2012; Restaino et al., 2019). Fuel reduction and forest restoration treatments require 

large investments of time and resources making it difficult to apply them across the entire 

ecoregion and they are not always appropriate for all forest types (Kolden, 2019; Prichard 

et al., 2021). With spatially explicit forest inventories, forest managers can map and 

quantify the health of forests and prioritize treatments accordingly (Krofcheck et al., 2019).  

Access to high-quality mapping products is therefore fundamental for the long-term 

adaptive management strategies to maintain and restore resilient forest conditions. 

The USFS’s Forest Inventory and Analysis (FIA) program offers one of the largest 

continuously monitored plot networks in the world (Tinkham et al., 2018). A range of forest 

metrics are measured on these plots at 5-year intervals to allow for consistent inventory 

and monitoring (Forest Inventory and Analysis | CAL FIRE, 2026).  Forest inventory 

estimates that are solely based on FIA field plot data are referred to as design-based.  

Design-based inference produces unbiased estimators of forest metrics because it 

assumes population totals are fixed. Uncertainty is a result of only randomness of the 

sampling design.   These estimates have low uncertainty at resolutions where sufficient 

sample plots exist to estimate  averages within each pixel (Lister et al., 2020a).  At smaller 

spatial scales, field plots can be too sparse to effectively support estimation, because the 

sample size within each pixel is too small to get a reliable estimation of averages. 
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Advances in remote sensing have allowed for more accurate and spatially explicit 

forest inventories at smaller spatial scales through model-based estimation, which 

predicts metrics of interest using field datasets as training data. Model based estimations 

are unbiased under the assumption that the model is applicable across the entire study 

area.  As airborne LiDAR (light detection and ranging) scanning datasets have become 

more ubiquitous, model-based estimation of forest structural metrics using LiDAR data 

have become increasingly common. Specifically, airborne LiDAR scanning (ALS) can 

capture 3-dimensional (3D) forest structures at a high resolutions up to 30 m across large 

spatial scales, which forest inventories can leverage for better estimation of forest metrics 

such as above ground carbon, basal area, and wood volume (Lefsky et al., 1999; Kane et 

al., 2010; van Leeuwen and Nieuwenhuis, 2010). LiDAR-based forest inventories often 

follow a two-step inventory framework developed by Næsset, (2002). The first step is 

creating a model between ALS data and field plot measurements, and the second step is 

applying that model to the rest of the area of interest. This process enables the creation of 

high-resolution and spatially explicit maps of forest inventories. 

Many forest inventory studies have been conducted using the two-step framework with 

ALS in the US. FIA plots have been shown to be effective for model development (Sheridan 

et al., 2015; McRoberts et al., 2018; Lister et al., 2020a; Andersen et al., 2021; Johnson et 

al., 2022). Many studies have been conducted to evaluate the most accurate modeling 

approaches. Random Forest, linear regression, and support vector machine have all been 

found to be effective models, although there is no clear best model in every application 

(Johnson et al., 2022; Tian et al., 2023; Lamahewage et al., 2025; Ullah et al., 2025). 
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Auxiliary data, including climatic, topographic and satellite data, have also been found to 

improve modeling in some studies (Lister et al., 2020a; Ullah et al., 2025). 

One major consideration in conducting model-based estimation is the specific 

sampling scheme of the dataset, including where and how field data are collected. For 

example, the FIA sample scheme overlays a network of hexagons across the continental 

U.S. and plot locations are selected within each hexagon at random with plots being 

measured on a 5-year rolling basis (Bechtold and Patterson, 2005). An optimal sampling 

scheme is one which adequately represents the range of variability across the study area.  

A poor sampling scheme, with inadequate capture of the range of variability, will create 

biased model predictions when the model is forced to extrapolate outside the range of its 

samples (Hawbaker et al., 2009; Maltamo et al., 2011; Tomppo et al., 2014; Melville, Stone 

and Turner, 2015; Queinnec et al., 2022; Goodbody et al., 2023).  For model-based 

estimation, estimates would be no longer be unbiased with poor sampling schemes 

because the assumption that the model is applicable everywhere is no longer ture. For this 

assumption to hold, sample plots are ideally stratified by forest type, structure, and 

condition to capture the full range of variability within forests. Some studies have 

leveraged the high spatial coverage of LiDAR to optimize plot location selection (Hawbaker 

et al., 2009; Melville, Stone and Turner, 2015; Queinnec et al., 2022).  However, because 

FIA plots are already fixed, there is no way to optimize them for spatial coverage of an area 

of interest.  Although the FIA plot network is extensive, the FIA sampling scheme is not 

stratified by forest type, structure or condition and thus does not necessarily represent an 

optimal sampling scheme for our area of interest. 
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Although the FIA sampling scheme is based on a systematic grid and not stratified by 

forest type, it is still one of the most comprehensive field-based datasets in the US 

(Tinkham et al., 2018).  The spatial and temporal consistency of the FIA plots mean they are 

the best choice for large-scale modeling and mapping (Lister et al., 2020a). However, little 

research has been conducted to understand how well the FIA sampling scheme 

extrapolates to landscape-scale modeling and mapping.  Specifically, no research has 

been conducted to determine how lack of stratification by forest structure, type and 

condition affects how well models can be extrapolated across a larger area. 

In this study, we adapted a methodology to quantify the areas that the FIA plots fail to 

capture. Meyer and Pebesma (2021) proposed a method to determine the area in which a 

model can be applied without extrapolating based on the range of variability in the sample 

data. They define the area in which a model can be reliably applied as the area of 

applicability (AOA). Each pixel in a map is assigned a dissimilarity index (DI) based on its 

difference from the sample data. The AOA is calculated by thresholding this DI.  AOA has 

been used in a variety of ecological models (Khanal et al., 2023) but has only been used 

once previously for LiDAR-based forest inventory models (Johnson et al., 2022). we are not 

aware of any other LiDAR based forest inventory studies that assess whether their field 

plots accurately represent the entire area of interest. 

Given the complex variety of structure and composition throughout the Sierra Nevada 

ecoregion, it is likely that the FIA’s sampling design does not capture the full range of 

structure and composition. With an area of over 50,000 km2, this ecoregion is large with 

steep elevational and precipitation gradients and rugged terrain (McNab and Avers, 1994). 
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The large and varied biogeography of the region creates a variety of climates and 

biophysical settings, supporting a diversity of forest types and a high complexity of forest 

structures and species composition (Sleeter, Wilson, and Acevedo, 2012). 

In this study, we demonstrate how the AOA can characterize how well the range of 

forest structures in the FIA network captures the full range of structures present in Sierra 

Nevada forests. To do so, we created a forest inventory of the Sierra Nevada using the two-

step inventory framework based on LiDAR and FIA plot datasets. In the first step, we 

created a random forest model to predict above-ground carbon (AGC), basal area (BA), 

and wood volume (WV) using continuous LiDAR data. For the second step, we applied this 

model to the entire Sierra Nevada ecoregion to create 30-m resolution maps of AGC, BA, 

and WV as well as maps of the DI and AOA for each metric. we used these maps to 

determine the strengths and weaknesses of the FIA sampling scheme for modeling my field 

metrics of interest using LiDAR. This study was guided by three related objectives to: 1) 

determine the effectiveness of the FIA sampling scheme for representing the structure 

captured from LiDAR for the entire ecoregion and within common forest types, 2) 

Investigate the types of structures not well sampled by the FIA data, and 3) determine how 

well our model capture the structure of recently disturbed areas. 

2 Methods 

2.1 Study Area 
The Sierra Nevada ecoregion encompasses a 53,413 km2 area of California (Figure 1). 

The region has a mostly Mediterranean climate with warm, dry summers and cool, moist 
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winters (Van Wagtendonk et al., 2018). Greater precipitation falls in the northern region 

while the southern region is generally drier (Van Wagtendonk et al., 2018). The region is 

also characterized by steep elevational gradients, from 150 m in the foothills to 4,421 m at 

Mt. Whitney. The elevation changes are especially pronounced in the southern region 

resulting in more precipitation as snow compared to the northern regions (Van 

Wagtendonk et al., 2018). The Sierra Nevada range creates a rain shadow effect that 

creates very dry conditions on their east slope.  All these factors combine to create a 

climatically and topographically diverse region. 

The climatic and topographic variability are strong drivers of forest composition 

throughout the region (Van Wagtendonk et al., 2018). The lower western foothills slopes of 

the Sierra Nevada are primarily comprised of oak woodlands and chaparral shrublands. 

Figure 1: Study Area a) Location of the Sierra Nevada Ecoregion within California, b) Public location of the FIA 
plots after filtering c) Map of Forest Categories withing the ecoregion 

a) b) c) 
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Higher in elevation, the lower montane forests are dominated by yellow pine, mixed conifer 

(YPMC) forests. YPMC forests are primarily composed of ponderosa pine (Pinus 

ponderosa), Jeffrey Pine (P. jeffreyi), white fir (Abies concolor), incense cedar (Calocedrus 

decurrens) and California black oak (Quercus kelloggii) (Van Wagtendonk et al., 2018). In 

the northern, wetter regions, Douglas-fir (Pseudotsuga menziessi) is common within YPMC 

forests. Above YPMC forests, upper montane forests are mostly composed of white and 

red fir (Abies magnifica). High elevation subalpine forests consist of lodgepole pine (Pinus 

contorta) and several species of white pine including foxtail pine (P. balfouriana), limber 

pine (P. flexilis) and whitebark pine (P. albicaulis). On the high elevation eastern slopes, the 

drier climate creates woodlands of pinyon pine (P. monophylla) and western juniper 

(Juniperus occidentalis). Across elevational gradients, broadleaf deciduous trees are 

common in riparian areas and including aspen (Populus tremuloides), willow (Salix spp.), 

cottonwood (Populus spp.), and alders (Alnus spp.). 

For this analysis, I used the Classification and Assessment with Landsat of Visible 

Ecological Groupings (CalVeg) as a source layer of forest types across the ecoregion 

(USDA Forest Service, 2019). Using the Society of American Foresters (SAF) forest codes, 

forest types were grouped into six main categories: woodland, YPMC, red fir, subalpine, 

eastern subalpine and other (Figure 1c, Eyre, F. H., 1980). These forest categories roughly 

correspond with elevation and precipitation throughout the region (Appendix 8.3-N). 

2.2 LiDAR Data 
The USGS 3D Elevation Program (3DEP) program has collected high quality ALS 

acquisitions over the entire Sierra Nevada ecoregion (3D Elevation Program | U.S. 
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Geological Survey, 2025). Fourteen of these acquisitions were collected over a similar time 

in 2022 except for Yosemite National Park, where ALS was collected in 2019. All ALS 

acquisitions are designated as quality level 1 with ≥ 8 pulses per square meter, and a 

vertical RMSE less than 10 cm. A LiDAR processing tool called Lapis was used to create 30-

m grids of LiDAR metrics (Table 1, Kane, 2025). These metrics were selected because they 

represent three major forest stand attributes important to management of tree height, 

canopy cover and tree height variation (Lefsky et al., 2005; North, 2012). We selected 

multiple height metrics because studies have found different heights are better predictors 

of different forest metrics (White et al., 2013; Queinnec et al., 2022).  Metrics were 

calculated with the assumption that points above 2 m were a part of the forest canopy 

(Næsset, 2002).  

Table 1: Definition of LiDAR-based metrics in this study 

LiDAR Metrics Definition 
p95 The 95th percentile height of points >2 m (m). 
p50 The 50th percentile height of points >2 m (m). 
p25 The 25th percentile height of points >2 m (m). 
CV Coefficient of variation of point height 
CC Canopy cover as measured by Percent of points above 2 m 

  

2.3 Disturbance Data 
Maps of past disturbances were generated using the landscape change monitoring 

system (LCMS) (Sean P. Healey and Zhiqiang Yang, 2023). LCMS provides yearly maps of 

forest loss across the continental United States at a 30 m resolution.  Each forested pixel is 

classified into 4 groups: fast loss, slow loss, stable, and gain. For this study, we defined 

disturbance as pixels that were classified as fast loss. One potential limitation of the LCMS 
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dataset is that it focuses on composite images from June 1st to September 1st of each year 

to determine disturbance, meaning that disturbance events that happen late in the year 

are often attributed to next year’s change. One example that will be relevant in this study is 

it detects much of the over 100,000 ha of the 2013 Rim Fire in the Sierra Nevada as 

occurring in 2014. 

2.4 FIA data  
The Forest Inventory and Analysis (FIA) program surveys a network of field plots across 

the United States (Bechtold and Patterson, 2005).  A hexagonal grid was overlaid across 

the continental US. Within each hexagon, which has an area of approximately 6,000 acres 

(2,428 ha), a point was chosen at random to be the center of a field plot.  This type of 

sample is called a systematic unaligned sample. The selection process was not stratified 

by forest composition, structure, or condition. In the Sierra Nevada ecoregion, plots are 

measured on a 5-year rolling basis. 

FIA plots consist of four subplots with a 24 ft (7.32 m) radius, one in the center and 

three surrounding the central plot (Appendix 8.1-A). Within each subplot, every tree with a 

diameter at breast height (DBH) greater than 5 in (12.7 cm) is measured. Each subplot 

contains a 6.8 ft (2.07 m) radius microplot where saplings (1 in ≤ DBH < 5 in) and seedlings 

are measured. Exact plot layout is detailed in Appendix 8.1-A. In California, each subplot 

also has a macroplot with radius 58.9 ft (17.9 m) in which trees greater with DBH greater 

than 24 in are measured; However, we did not include it the macroplot in this study.  We 

extracted field measurements of above-ground carbon (AGC), basal area (BA), and wood 

volume (WV) per hectare for each plot as well as the dominant forest category.  
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To obtain the LiDAR metrics over FIA plots, the point cloud over the subplots of each 

plot was extracted from the LiDAR data (Appendix 8.1-A). Combining the point clouds over 

each subplot into one point cloud has been shown to be best for model development 

(Sheridan et al., 2015). Each point cloud was processed using the R LiDR package to 

produce LiDAR metrics for each plot (Table 1, Roussel et al., 2026). Notably, because this 

study uses public FIA locations, the LiDAR metrics produced are not aligned exactly to the 

FIA measurements. 

We removed some FIA plots from the dataset to prevent biased model estimation.  

Nonforested plots were removed as our primary interest was in forested metrics. We 

removed any plots where disturbance (as measured with LCMS) occurred between field 

measurement and LiDAR measurement and plots that had significant noise in their LiDAR 

metrics.  Any plots with <250 points above 2m, where p95 >70m or where sd > 40 m were 

removed due unstable and unrealistic measurements. After this plot filtering, the final 

dataset contained 1,260 total plots total for modeling (Figure 1b). 
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2.5 Random Forest Modeling 

To create a map of forest metrics across the entire ecoregion, we used a two-step 

inventory framework (Figure 2). In the first step, we trained a random forest model to 

predict forest inventory plot metrics based on LiDAR metrics. Random forests is a common 

machine learning method that has been used effectively in the modeling of forest metrics 

Figure 2: Flowchart of the two-step forest inventory framework. Green boxes are inputs. Blue boxes are outputs. The red 
dotted box is step 1, the training step. The orange dotted box is step 2, the prediction step. 
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using ALS data (Cutler et al., 2007; Ullah et al., 2025). Random Forest regression was 

chosen for this study because it simplified computation (see section 2.6). Before training 

our model, we reduced our predictor variables to avoid Spearman correlations above 0.6 

to allow for interpretation of variable importance plots and to reduce collinearity 

(Nicodemus et al., 2010; Gregorutti, Michel and Saint-Pierre, 2017).  To do this, we 

removed all predictors with correlations above 0.6 and then added them back, one by one, 

by selected the variable that had the highest correlation to all other removed variables until 

no more could be added while keeping correlations below 0.6.  To fit our random forest 

model, we used the R Ranger and caret package with ten-fold cross validation to optimize 

the number of predictor variables at each split and the minimum number of observations 

at each terminal node (Meyer et al., 2026; Wright, Wager and Probst, 2026). The second 

step of the two-step framework is to apply the model across the Sierra Nevada ecoregion 

using the processed 30-m LiDAR metrics. Any pixels that were not forested as indicated by 

our CALVEG layer were masked out of the geospatial dataset.  

2.6 Computing DI and AOA 
To create maps of the dissimilarity index (DI) and area of applicability (AOA), I followed 

the methodology described in Meyer and Pebesma, (2021), which was developed 

specifically for random forest regression. We assigned each pixel a DI, calculated by the 

Euclidean distance to the nearest sample point in statistical space, weighted by variable 

importance extracted from our random forest models.  This value was normalized by 

dividing by average pairwise sample distance (Equation 1). A DI greater than one means the 

new pixel is further from its nearest sample point than the average distance of all the 
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sample points. When a pixel’s DI was larger than a certain threshold, we classified it as 

outside the AOA. The threshold was determined by the 10-fold cross-validation step of the 

random forest model. DIs were calculated for each point outside the fold, and the 

threshold was set as 1.5 times the interquartile range of this distribution, a standard 

statistical rule for detecting outliers. 

Equation 1:  Calculation of Dissimilarity Index 

Xj,k ≔ Normalized ALS metric, k, for sample FIA plot 𝑗 

Pk ≔ Normalized ALS metric, k,  for a pixel, P 

D̅ ≔  average pairwise euclidian distance of ALS metrics for sample plots  

𝑤𝑘 ≔ weight of ALS metric, k, as determined by the model 

Dissimilarity(P) =
1

D
  min
j=1,…,n

√∑ 𝑤𝑘(Xj,k − Pk)
2

K

k=1

 

2.7 Objective 1: Representation by Forest Type 
To quantify the effectiveness of the FIA sampling scheme for representing the structure 

captured from LiDAR for the entire ecoregion and within each forest type, we investigated 

the size and location of the AOA. First, we calculated the percentage of pixels that fell 

outside the AOA for each forest metric. We then calculated the percentage of pixels that 

fell outside the AOA by forest type and forest metric. These data can be compared without 

a statistical test because they are population-based metrics. 
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2.8 Objective 2: Underrepresented Structures 
To determine the types of structures not well sampled by the FIA dataset, we 

investigated the percentage of area outside the AOA for the structures found across the 

Sierra Nevada ecoregion. We focused on two main structures measured from lidar, 95th 

percentile canopy height (p95) and canopy cover (CC), as they are highly relevant forest 

management metrics and the most relevant metrics in our model (Hessburg et al., 2020; 

Moran, Kane and Seielstad, 2020). We then split each metric into bins. The bins for p95 

were stratified by 1m increments from 0-1m to 69-70 m. Canopy cover was incremented as 

integer percentiles (e.g., 0-1% to 99-100%). These bins were large enough to have many 

sample pixels with each structures from the ecoregion within each bin but small enough 

for us to investigate nuances in structure.  For every combination of bins for p95 and 

canopy cover, we calculated the percentage of pixels in those bins that are outside the 

AOA. 

2.9 Objective 3: Underrepresented Disturbance  
To determine how well the FIA plots capture the structure of recently disturbed areas, I 

evaluated how disturbance history effects the DI of each pixel. Using LCMS for disturbance 

detection, I calculated the average DI for all pixels that did not experience disturbance 

within the years 2012 to 2022. I then classified each pixel by year of most recent 

disturbance for the sampled decade and calculated the average DI by year.  I repeated this 

process to calculate the percentage of pixels outside the AOA by disturbance year. 
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3 Results 

3.1 Modeling Results 
Lidar-based height metrics (p95, p50, and p25) correlation were beyond our 0.6 

threshold for inclusion in our model (Figure 3a).  All other metrics we considered were not 

as highly correlated and could be included in our model without risking overfitting (Figure 

3a).  The variable selection step selected 95th percentile height (p95), canopy cover (CC) 

and coefficient of variation (CV) for use in our model. 

Our collaborator was able to assess the random forest regression models for AGC, BA, 

and WV using the true coordinates which had an R2 of 0.79, 0.70, and 0.79 respectively. 

However, given the restrictions to accessing the true FIA plot coordinates, we were unable 

to complete the analysis of the AOA using the actual plot locations. The following results 

use the public locations and will serve as a demonstration of methods.  Overall, RF models 

using the public locations had much lower coefficients of determination (R2  = 0.37, 0.34, 

and 0.36 respectively). From the variable importance rankings of the random forest models 

Figure 3: Model Results a) Spearman correlation matrix for the LiDAR metrics across the Sierra Nevada Ecoregion. b) Variable 
importance plots for Above ground carbon (AGC), basal area (BA) and Wood Volume (WV) as calculated with the public data 

a) b) 
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with the public coordinates, 95th percentile height (p95) is most important for all three 

metrics (Figure 3b). In decreasing variable importance, the model then ranks percent 

canopy cover (CC), and coefficient of variation (CV) (Figure 3b).  CC has some importance 

but much less compared to p95. CV is not relevant to any metric. 

3.2 Objective 1: Representation by Forest Type 
Although the FIA plots sample the overall ecoregion, they do not completely represent 

the entire area. Area of applicability (AOA) is high for all metrics with 96% of the region 

within the AOA for AGC, BA and WV (Figure 4a). These percentages reflect the DI threshold 

calculated as 0.064, 0.073 and 0.059 respectively. The areas outside the AOA are 

concentrated in a small number of forest types. Despite having the most samples, yellow 

pine mixed conifer (YPMC) forests have the highest percentage of pixels outside the AOA 

with 5.2%, 5.3%, and 5.5% for AGC, BA and WV respectively (Figure 4b,c). Red fir forests 
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have the fewest samples of the forest categories but also have a large percentage of the 

region outside the AOA with 3.8%, 4.0% and 4.1% (Figure 4b). Oak woodland and the other 

category have around 2% and 1.2% of the region outside the AOA for each metric (Figure 

4b). Subalpine and eastern subalpine have a low  (<0.3%) percentage of the region outside 

the AOA (Figure 4b). Although each forest category has a markedly different number of 

samples, the number of samples does not appear to affect the AOA percentage (Figure 4c). 

We found that for forest type the AOA does not appear to differ significantly for AGC, BA, 

and WV. 

a) 

b) c) 

Figure 4: Representation of the Sierra Nevada Ecoregion a) Histogram of Dissimilarity Index (DI) for each forest metric, 
Aboveground carbon (AGC), Basal Area (BA) and Wood Volume (WV). The green line represents the threshold for being 
outside the AOA. b) The percentage of pixels outside the AOA by forest type for each forest metric. c) The number of FIA 
samples we used for modeling for each forest type. Figures are produced from the public FIA locations 
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3.3 Objective 2: Underrepresented Structures 
Pixels outside the AOA are more common with specific values of LiDAR metrics. 95th 

percentile height (p95) has the largest influence on whether a pixel falls outside the AOA. 

As p95 increases, the percentage of area outside the AOA increases exponentially for AGC, 

BA and WV (Figure 5a, Appendix 8.3-A). As a result, when p95 heights are under 30m, less 

than 1% of pixels are outside the AOA and conversely when p95 heights are greater than 55 

m, over 95% of pixels are outside the AOA;  However, only about 0.15% of the total pixels 

have p95 greater than 55m and less than 0.01% have p95 greater than 60m (Figure 5b).  

When p95 is between 30 m and 55 m, canopy cover percent (CC) influences 

whether that pixel falls within the AOA (Figure 5a). Specifically, when p95 is greater than 30 

m and less than 40 m, pixels fall outside the AOA when canopy cover percent is less than 

25% (Figure 5a).  When p95 is between 40m to 45 m, pixels that fall outside the AOA can 

have CC percent up to 50% (Figure 5a). Between 45 m and 55 m, pixels that fall outside the 

AOA have CC percent less than 50% or greater than 85%. When p95 is below 30 m or above 

55 m, canopy cover has very little effect on the AOA. For all the forest metrics we 

predicted, the structures that AOA represents are similar (Appendix 8.3-B). 
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The distribution of FIA plots across p95 and CC percent is similar to the distribution of 

pixels for the entire Sierra Nevada ecoregion (Figure 5b).  However, we found two major 

structures that appear frequently in the ecoregion and do not have a similar FIA plot to 

represent them and therefore fall consistently outside the AOA (Figure 5c). The first 

Figure 5: Underrepresented Structures a) A plot of the percent of pixels that falls outside the AOA for different combinations of 95th 
percentile height and Canopy Cover percent.  Orange circles are the 95th percentile height and canopy cover measurements of FIA 
plots used in our model. b) A 2D density plot of the frequency of pixels with each combination of Canopy Cover percent and 95th 
percentile height for all pixels across the Sierra Nevada. FIA plots are plotted in orange c) A 2D density plot of the frequency of 
pixels outside the AOA. FIA plots used for modeling are plotted as orange circles d) A 2D density plot of the frequency of pixels 
outside the AOA and had recent disturbance. FIA plots used for modeling are plotted as orange circles and FIA plots that had to be 
removed due to disturbance between field measurement and LiDAR measurement are plotted as pink x’s. All plots were created 
using the above ground carbon’s AOA and the public FIA data 

a) 

b) 

c) 

d) 



22 

common structure has p95 greater than 30 m and CC less than 50% (Figure 5c). As an 

example, we found two forest locations with this structure listed in example 2 and 4 of 

Figure 7.  Pixels with this structure account for more than 40% pixels that are outside the 

AOA. The second structure is characterized by p95 > 45m and CC >50% (Figure 5c). Over 

15% of pixels outside the AOA have this structure.  Three forests of this structure are listed 

in examples 1,3 and 5 of Figure 7. 

3.4 Objective 3: Underrepresented Disturbance 
Disturbance history has a significant effect on the AOA. Pixels that have experienced 

disturbance from the year 2012 to 2022 had an average DI of 0.039 and a percent of the 

region outside the AOA of 9.2%. Pixels without disturbance had a much lower average DI of 

0.026 and lower area outside the AOA at 1.97%. The percentage of pixels outside the AOA 

from the most recent disturbance years (2021 and 2022) is 10.8% and 12.2%, respectively, 

which are much higher than most other disturbance years (Figure 6c). These years 

correlate with a high number of FIA plots removed from the modeling process due to recent 

disturbance (Figure 6a). For most years this correlation between number of sample plots 

removed and area outside the AOA is strong (Figure 6a). However, 2014 (mostly 

representing recently disturbed pixels in the 2013 Rim fire) has the largest percent of pixels 

outside the AOA with 11.7% which is an exception to this pattern (Figure 6c). 
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Recently disturbed pixels that are outside the AOA share a common set of forest 

structural attributes, including a 95th percentile height (p95) greater than 30 m and canopy 

cover percent less than 50%. These characteristics account for more than 60% of the 

pixels that both fall outside the AOA and have experienced recent disturbance (Figure 5d).  

When we removed FIA plots due to disturbance between field measurement and LiDAR 

measurement, we removed 63 plots that had this common structure (Figure 5d). 

a) 

b) 

c) 

Figure 6: Underrepresented Disturbance a) The number of plots removed due to disturbance occurring at that plot between 
field measurement and LiDAR measurement. The x-axis is the year that the disturbance occurred at that plot as measured by 
LCMS. b) Distribution of the Dissimilarity Index (DI) for above ground carbon (AGC) for pixels which experienced recent 
disturbance. Pixels are grouped by the year they most recently experienced disturbance as measured by LCMS. If there was no 
disturbance in the listed 10 years that pixel was classified as no recent disturbance. (NRD) c) Proportion of pixels outside the 
AOA for pixels grouped by the year they most recently experienced disturbance. Figures are produced on the AOA of above 
ground carbon and from the public FIA locations. 
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4 Discussion 
Given that we used the public fuzzed locations of the FIA plots for our analysis, this 

study should be considered a demonstration of methods to answer our research questions 

of interest, and all findings should be considered in this context.  We do not know if this 

AOA analysis would yield similar results using the actual plot locations; However, the AOA 

method offers a promising approach to analyze sample representation and has not been 

applied to the FIA plots and LiDAR-based forest inventories to this extent. We 

demonstrated with this study that the AOA is be a useful methodology, and this discussion 

is an example of implications that can be drawn with this method.  

In this study, we mapped aboveground carbon (AGC), basal area (BA), and wood 

volume (WV) using LiDAR and FIA plots with the two-step inventory method across the 

Sierra Nevada ecoregion. Our central goal was to evaluate where our model could be 

effectively applied without risking extrapolation based on the underlying FIA sample data. 

We were successfully able to utilize the Area of Applicability (AOA) method described in 

Meyer and Pebesma (2021) to determine which pixels in our maps could be reliably 

predicted. We also investigated common structures that were outside the AOA, which 

include structures not well modeled by the FIA data and LiDAR in which prediction of AGC, 

WV, and BA may be biased. 

Although most of the structure of the Sierra Nevada ecoregion is well represented by 

the FIA plots for modeling purposes, there are some forest types, structures and 

conditions that are under sampled. YPMC and red fir forests have the highest proportion of 
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area not well represented of all the forest types. Structurally, models trained with the FIA 

plots poorly model areas with high 95th percentile height across a range of canopy covers. 

We also found disturbances, such as fire, insects, and drought, are difficult to model with 

LiDAR and the FIA data.  The more recent the disturbance occurred, the less likely our 

model can reliably predict forest metrics. The FIA sample is best at modeling montane 

forests that have low dominant tree height, moderate canopy cover, and are not recently 

disturbed. In more structurally complex forest stands (like stands with taller trees), we find 

the FIA plots are not as representative. 

4.1 Model Performance 

Performance of our random forest regression model on the true FIA plot locations 

corresponds with other FIA and LiDAR-based modeling studies (Tompalski et al., 2019; 

Johnson et al., 2022; Queinnec et al., 2022; Adhikari, Montes and Peduzzi, 2023). 

Unsurprisingly, the performance of our model on public locations is substantially lower 

than models based on actual plot locations because the exact location the FIA metrics 

were measured differ from the location where LIDAR metrics were measured. Even so, our 

models had some predictive power and provided variable importance which aligned with 

other LiDAR-based forest inventories allowing us to evaluate the effectiveness of our 

sample.  

Using models based on publicly available plot locations, we found that LiDAR-based 

height metrics were the most important variables for predicting our metrics and that 

canopy cover, while still important, has less effect than height metrics. Our findings of the 



26 

importance of height in predicting AGC, BA, and WV are consistent with other studies and 

in line with what we would expect because larger trees have more disproportionally more 

AGC, BA, and WV (Lutz et al., 2018a; Mildrexler et al., 2020; Queinnec et al., 2022; Adhikari, 

Montes and Peduzzi, 2023). Although greater canopy cover is often associated with higher 

AGC, BA, and WV, this relationship can be overshadowed by tree height (Mildrexler et al., 

2020). We also evaluated variability in tree height, represented by the coefficient of 

variation (CV) and found that it did not contribute to stronger models (Hudak et al., 2020; 

Queinnec et al., 2022). CV describes relative variability of height, but the specific metrics 

chosen for our study (AGC, BA, and WV) are more strongly correlated to actual height 

distributions (Lutz et al., 2012, 2018b; Mildrexler et al., 2020).  

4.2 Objective 1: Representation by Forest Type 

YPMC and red fir forests exhibiting the largest percent of their area outside the AOA is 

consistent with structures that fall outside the AOA. Structurally, one of the major 

characteristics of a forest being outside the AOA is when 95th percentile height is greater 

than 30 m (Figure 5a).  Similarly, areas with recent disturbance are also outside the AOA 

(Figure 6). YPMC and red fir are both highly productive forest types that are more 

consistently above 30m. These forest types also have been most impacted by recent 

disturbances, including fire, insects, and drought-induced tree mortality (Van Wagtendonk 

et al., 2018; Fricker et al., 2019; Williams et al., 2023). The structures and conditions that 

are outside the AOA are most found in these forest types, therefore their proportion of area 

outside the AOA is higher. 
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It is somewhat surprising that the subalpine, oak woodland, eastern subalpine, and 

other forest types have such low percentage of area outside the AOA. These forests 

categories have a much smaller FIA sample size than the YPMC (Figure 4a). It appears that 

FIA sample size does not necessarily affect the percentage area outside the AOA for each 

forest category. YPMC and red fir forests have more vertical structural variation than other 

forest categories, which appears to drive lack of representation more than sample size 

(Van Wagtendonk et al., 2018; Fricker et al., 2019; Huesca et al., 2019). Conversely, forest 

categories with comparatively lower horizontal structural variation (e.g., subalpine, 

woodland, eastern subalpine, and other) have a lower percentage of area outside the AOA 

(Van Wagtendonk et al., 2018; Huesca et al., 2019). 

4.3 Objective 2: Underrepresented Structures 

It appears that the FIA sampling scheme is highly effective at modeling the most 

common structures in the ecoregion with high model coefficients of determination (>0.7).  

In the Sierra Nevada ecoregion, the most common forest stands are characterized by 

moderately sized trees (trees under 30m) with a moderately dense canopy (35 – 80% 

canopy cover) (Dolanc et al., 2014; Stephens et al., 2015).  Forested stands with these 

structures fall within the AOA, meaning our models extrapolate predictions less in those 

forests (Figure 5a). Our findings make sense given that studies have shown that common, 

simple forest structures have less associated prediction error (Woods, Lim and Treitz, 

2008; van Ewijk et al., 2019). Likely, the lower prediction error is a result of the high 

proportion of these simple forest structures found on the landscape and are sampled m. 
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These forest structures are common throughout the Sierra Nevada are often associated 

with industrial forest management and fire suppression (Collins, Everett and Stephens, 

2011b; Dolanc et al., 2014; Easterday, McIntyre and Kelly, 2018).   

Forests with very tall trees (>45 m) and high canopy cover (>50%) are more likely to fall 

outside of the AOA (Figure 5a). Tall, dense structure is atypical (~1.5% by area) to the 

ecoregion but can occur in the northern part of the region where wetter conditions 

contribute to high forest productivity (Van Wagtendonk et al., 2018). For example, we found 

that old growth sequoia stands and unburned tall dense YPMC stands have this structure 

and fall outside the AOA (Figure 7.1 and 7.5). Forests with large trees are highly important 

to forest managers and policy makers because large trees  generally represent old forests 

with highly valued structure and ecosystem function (Lutz et al., 2012, 2018b; Hessburg et 

al., 2020). This mapping limitation has consequences for mapping very tall trees and 

therefore to adaptive forest management strategies. For example, when large trees exist in 

dense forests, they are more vulnerable to fire and drought driven mortality (Miller et al., 

2009; Mallek et al., 2013; Fettig et al., 2019).  Proactive management through thinning and 

prescribed burning are critical to maintaining the health and resilience of these trees 

(Pollet and Omi, 2002).  Thus, providing unbiased forest metric estimates for these stands 

is of critical importance for management and policy. 
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Our modeling also does not adequately represent areas with large dominant trees and 

low canopy cover.  This structure type often falls outside the AOA when dominant tree 

height is > 30m and canopy cover is < 50% (Figure 5c).  Forests with this  structure can be 

found in healthy YPMC forests where fire has been reintroduced such as in Teakettle 

Figure 7: Example forests that fall outside the AOA.  a) The Location within the Sierra Nevada ecoregion where these examples are 
found. b) Density plot of pixels outside the AOA by 95th percentile Height and Canopy Cover with examples plotted. This is the same 
density plot found in Figure 5c. c) Table of examples with a description, 95th percentile Height, Canopy Cover Percent, and NAIP 
Imagery. 

a) 

c) 

b) 
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Experimental forest (Figure 7.3) or forests with large residual snags from high severity fire 

(Figure 7.2 and 7.4, Van Wagtendonk et al., 2018).  Notably, since 2022 many of these 

examples have already changed signi ficantly including the Teakettle experimental forest 

which burned at high severity in 2025.   Because these forest structures are important for 

future resilience and wildlife habitat, they would benefit from unbiased mapping (Lutz et 

al., 2012). 

My evaluation of AOA highlights how model-based estimation with FIA measurements 

may underrepresent large trees for the mapping and monitoring of AGC, BA, and WV.  

Policy makers, forest managers, and scientists are interested in assessing the total 

amount of these forest metrics at landscape scales the size of watersheds, counties, and 

ecoregions (Gillespie, 1999; Lovett et al., 2007; Pan et al., 2011). One of the major goals of 

FIA program is to effectively map and monitor these totals (Forest Inventory and Analysis 

Strategic Plan | US Forest Service Research and Development, 2023). However, our model 

is biased in forest stands with large trees and dense canopies because they are rare forest 

conditions that can be extremely variable. Despite being rare, these forests contain a 

disproportionate amount of forest AGC, BA, and WV compared to smaller, less dense 

forests (Lutz et al., 2012; Stephenson et al., 2014; Mildrexler et al., 2020). To estimate 

forest metric totals, forests with large trees, and dense canopies need to be predicted 

accurately to avoid biasing these totals significantly compared to their prevalence on the 

landscape. 

Because the FIA plots use a regular sampling technique, common structures will be 

sampled more than rare structures.  We see this behavior when the distribution of 
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structures sampled by FIA plots matches the distribution of structure seen on the 

landscape (Figure 5b). For example, the proportion of FIA plots with canopy cover greater 

than 80% and 95th percentile height greater than 50m matches the proportion of that 

structure seen on the landscape.  As a result, extreme structures are sampled at an 

appropriate frequency relative to their appearance on the landscape. However, our 

findings suggest that these extreme structures require more samples than the systematic 

FIA sampling scheme supports.  A sampling scheme stratified by structure would provide 

more samples at these extreme structures and reduce the dependence of AOA on forest 

structure.  

4.4 Objective 3: Underrepresented Disturbance 

When using the FIA samples, the two-step LiDAR based inventory method does not 

effectively model forest stands that recently experienced disturbance. Because the 

sampling scheme of the FIA plots measures plots on a 5-year rolling basis, many plots had 

to be removed from the dataset due to disturbance (Forest Inventory and Analysis | CAL 

FIRE, 2026). Plots that had significant change between when forest metrics were measured 

to when LiDAR metrics were taken could not be used to train our model as they would add 

bias due to this temporal mismatch. However, in avoiding this bias, we systematically 

removed plots with recent disturbance; (Figure 5d).  The reduced total number of FIA plots, 

combined with the complex and unique structure associated with recently disturbed 

areas, creates a high proportion of pixels outside the AOA (Kane et al., 2019). 
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The high proportion of pixels outside the AOA are particularly pronounced for more 

recently disturbed areas disturbed in 2020 and 2021 (Figure 6c). Multiple, 

uncharacteristically large fires occurred in these years including the 2020 creek fire, 2021 

dixie Fire and 2021 caldor fire and since the LiDAR was acquired in 2022, temporal 

mismatching was very common for plots within these fire footprints (Keeley and Syphard, 

2021; Taylor, Harris and Skinner, 2022). As time since disturbance increases, the number 

of plots requiring removal due to temporal mismatch decreases.   

Interestingly, areas disturbed in 2014 appear to be an outlier because they are not well 

represented by the data despite not having many plots removed that year (Figure 6c). Our 

hypothesis is that this outlier is due to post-fire management differences for the 2013 Rim 

Fire which LCMS classifies as occurring in 2014 (see 2.3) (“Rim Fire, California - NASA 

Science,” 2013). Post-fire management was very different for large portions of the Rim Fire 

due to its occurrence in Yosemite National Park (United States: Agriculture Department: 

Forest Service et al., 2014). My hypothesis is that this created structure unlike what is seen 

in the rest of the Sierra Nevada ecoregion which would require more plots to effectively 

sample (Figure 7 ex 2).  

Our model’s failure to adequately predict over areas that recently experienced 

disturbance has major implications for forest mapping and monitoring. Postfire mapping is 

important to understand how fire changes the landscape at a variety of scales (Lentile et 

al., 2006; Chu and Guo, 2014; Garcia et al., 2017). Consistent post-fire monitoring has also 

become extremely important to understanding how different post-fire management 

strategies effect structure (Robichaud, Beyers and Neary, 2000; Chu and Guo, 2014). With 
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the FIA sampling scheme and our LiDAR based two-step inventory method, we found that 

areas experiencing recent disturbance have a higher percentage of area outside the AOA; 

Therefore, our maps may be unreliable at these locations and are not appropriate for post 

fire mapping and monitoring.  Because the Sierra Nevada ecoregion is experiencing 

increasingly more frequent disturbance at large scales, the area outside the AOA will likely 

increase over time (van Mantgem et al., 2013; Fettig et al., 2019; Williams et al., 2023). 

4.5 Study Implications 

The lack of stratification by forest type, structure, or condition by the FIA sampling 

scheme strongly influences maps produced through model-based estimation in specific 

forest types, structures and conditions. This is unsurprising as many studies have shown 

that different sampling methodologies will bias models in different contexts (Ståhl et al., 

2024; Kangas, Myllymäki and Packalen, 2025). Many large-scale modeling and mapping 

studies that use the FIA plots assume they are well representative of their area of study 

including Sheridan et al., 2015; Huang et al., 2018 and Riley, Grenfell and Finney (2016). In 

the Sierra Nevada ecoregion, we found that this assumption held for a large majority of the 

area, but that there were some notable exceptions. We expect that most maps 

constructed using model-based estimation will have similar areas with biased model 

performance. Our results compliment studies that show that selecting plots through 

stratification of structure produce better models (Hawbaker et al., 2009; Melville, Stone 

and Turner, 2015; Queinnec et al., 2022). 
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Despite the lack of stratification, FIA plots are still the most comprehensive dataset 

for large-scale modeling (Tinkham et al., 2018). The FIA sampling scheme has many 

benefits such as a robust sample size and continues spatial and temporal coverage and its 

sampling design is likely the most robust for a forest inventory where hundreds of 

attributes are estimated (Bechtold and Patterson, 2005). FIA plots will remain incredibly 

valuable as source datasets for large-scale mapping, but it is important to quantify where 

their models and maps may be misleading because of a lack of data, particularly within 

landscapes with high structural diversity, increased area burned by high severity fires and 

high impacted of drought, insects and pathogens. 

For managers who want use maps of AGC, WV and BA produced in this study to 

inform their management practices, they should be aware of the possibility that certain 

forest types, structures and conditions are not well mapped. If managers are primarily 

interested in forest metrics for forest stands with large trees across a range of canopy 

covers or in recently disturbed areas, they should be aware that these maps may not best 

suit their goals.  If managers wish to use maps produced in this study, first they can use the 

maps of AOA to determine if their study area is well represented. If they find that their study 

area has much of its pixels outside the AOA, other sources and methods may be better 

suited to provide their forest metric information.  

4.6 Limitations and Future Work 

Our most obvious limitation to our study was the lack of access to true FIA locations, 

which significantly weakened the predictive power of our random forest regression model. 
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The major way the AOA will be affected is through changes in how important our model 

ranks LiDAR metrics, thus changing their weighting for calculating the AOA. We are able to 

access variable importance plots from the true data because it provides no spatial 

information, however these cannot be used to calculate the AOA because the dissimilarity 

index threshold is not tuned to these values. Comparing the variable importance plots, we 

see true locations have a different variable importance, although these differences are not 

extreme (Appendix 8.2-B). One major difference between models based on true vs. 

publicly available locations is that canopy cover percent has a much higher variable 

importance in true location models. Although we were not allowed to analyze spatial 

datasets produced by true location models, our hypothesis is that there will still be forest 

types, structures and conditions that fall outside the AOA because of the FIA plot’s lack of 

stratification and that canopy cover percent will have more of an effect on which stands 

are within the AOA. We intend to apply this methodology to the true locations and answer 

the same questions we have done throughout this study. 

Another major limitation to our study was focusing on only LiDAR-based structural 

metrics for our modeling. Many forest inventories utilize climatic and topographic variables 

to enhance their predictive power and place-based applicability (Lister et al., 2020b; Ullah 

et al., 2025). We chose to leave these out of our analysis because we were primarily 

interested in how the FIA sampling scheme represented forest structure. Adding these 

variables would likely increase the percentage of area outside the AOA. It is extremely 

unlikely that pixels outside the AOA with our current model would be within the AOA in a 

model that included more variables because the distance to the nearest sample point can 
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only increase with more variables. However, it is unclear how well the FIA sampling 

scheme represents climatic and topographic variables. 

Finally, the calculation of the DI threshold that the AOA map relies on is another major 

limitation. We used the calculation specified in Meyer and Pebesma (2021); however, it is 

unclear how appropriate this threshold is for our application and how much bias a pixel 

has for when it’s outside the AOA. We did a preliminary analysis on the DI threshold by 

repeatedly withholding FIA plots of a similar structure from our model. We found that FIA 

plots with similar structure withheld from the model were sometimes still included in that 

model’s AOA indicating that this threshold may be slightly overestimated; however, no 

conclusive alternative was found. A smaller threshold would increase the percentage of 

area outside the AOA for all analysis, but trends in how the percentage of area outside the 

AOA changes in response to different forest types, structures and conditions would remain 

the same.  To conclusively determine a DI threshold, a future analysis needs to be done to 

determine how predictions at a pixel are affected when that pixel has a specific value of DI. 

A DI threshold can then be a practical decision based on how much bias those who utilize 

the maps find acceptable.  In doing so, a pixel outside the AOA will have a more concrete 

interpretation (we will know the exact bias associated with it) than currently described in 

this study. 

5 Conclusion 
Forest inventories are a common resource for managers and policy makers to inform 

their decision making. The FIA dataset is a great resource for training models to map 



37 

aboveground carbon, basal area, and wood volume using LiDAR-based structure metrics. 

My study explored the limits of where a model trained using LiDAR and FIA plots can be 

applied in the Sierra Nevada. Specifically, this preliminary analysis found that YPMC and 

red fir forests are not as well modeled as other forest categories by the LiDAR and the FIA 

dataset.  Structurally, areas that our model was biased at had large dominant tree heights 

across a range of canopy covers.  We also found that combining the FIA data with LiDAR-

based two-step inventory modeling was inappropriate for mapping forests experiencing 

recent disturbance. It is important for future modelers to be aware that while FIA plots are 

a valuable resource, there are situations where using them for mapping is inappropriate. 

Some quantification of the domain that samples are appropriate for should be provided to 

managers and policy makers so they can best assess when and how to use these maps.  

When we have better access to the FIA plots’ true locations, we will apply this 

methodology to them to create more precise maps of the aboveground carbon, basal area, 

and wood volume with their respective area of applicability. 
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8 Appendix 

8.1 FIA Information 
 

a) 

b) 

Appendix 8.1-A: a) The FIA plot footprint. The plot consists of 4 subplots each subplot 
contains a microplot b) An example LiDAR point cloud from over a plot footprint.  LiDAR 
metrics were calculated over these plot footprints. This plot is based on the public 
locations. 
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8.2 Modeling Results 

8.2.1 Modeling Results: True Locations 

Metric R^2 RMSE Mtry Nodesize DI threshold 
AGC 0.79 6542 1 10 0.084 
BA 0.70 3.42 1 10 0.073 
WV 0.79 36.1 1 10 0.097 

Appendix 8.2-A: Table of hyperparameters and outputs found to be best our random forest mode with the True  
coordinates. 

 

 

Appendix 8.2-B: The Variable Importance plot for our random forest model with the true coordinates 
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Above Ground Carbon 
a) b) 

Appendix 8.2-C: a) Histogram of Residuals from our model for above ground carbon (AGC)  b) A residual plot 
for our random forest model of AGC. These figures use models trained on the true locations. 

 

Basal Area 
a) b) 

Appendix 8.2-D: a) A histogram of Residuals for Basal Area produced by our model. b) a residual plot produced for our BA 
model.  These figures use models trained on the true locations. 
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8.2.2 Modeling Results: Public Locations 

 

Metric R^2 RMSE Mtry Nodesize DI threshold 
AGC 0.36 11571 1 20 0.063 
BA 0.33 3.42 1 20 0.072 
WV 0.37 36.1 1 20 0.058 

Appendix 8.2-F: Table of hyperparameters and outputs found to be best our random forest mode with the public 
coordinates. 

Wood Volume a) b) 

Appendix 8.2-E: a) Histogram of Residuals from our model for wood volume (WV)  b) A residual plot for our random forest model of 
WV. These figures use models trained on the true locations. 
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Appendix 8.2-G: a) Histogram of Residuals from our model for above ground carbon (AGC)  b) A residual plot for our 
random forest model of AGC. These figures use models trained on the public locations. 

a) b) 
Above Ground Carbon 
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a) b) 
Basal Area 

Appendix 8.2-H: A histogram of Residuals for Basal Area produced by our model. b) a residual plot produced for 
our BA model.  These figures use models trained on the public locations. 
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Appendix 8.2-I: a) Histogram of Residuals from our model for wood volume (WV)  b) A residual plot for our random forest 
model of WV. These figures use models trained on the public locations. 

a) b) 
Wood Volume 
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8.3 AOA Results 

 

 

a) b) 

c) d) 

Appendix 8.2-A: a) The percentage of Pixels outside the AOA for above ground carbon (AGC), basal area (BA) and wood 
volume (WV) versus 95th percentile height. b) The distribution of 95th percentile heights across both the pixels and the 
samples. c) The percentage of Pixels outside the AOA for AGC, BA, and WV versus canopy cover percent.  The distribution 
of canopy cover percent across both the pixels and the samples. 
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Appendix 8.3-B: Distribution of AOA versus canopy cover and 95th percentile height for above ground carbon. b) Distribution 
of the AOA for basal area c) Distribution of the AOA for wood volume. 

a) b) 

c) 
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Appendix 8.3-C: A recreation of figure 6 but with the AOA for basal area. a) The number of plots removed due to 
disturbance occurring at that plot between field measurement and LiDAR measurement. The x-axis is the year 
that the disturbance occurred at that plot as measured by LCMS. b) Distribution of the Dissimilarity Index (DI) 
for above ground carbon (AGC) for pixels which experienced recent disturbance. Pixels are grouped by the year 
they most recently experienced disturbance as measured by LCMS. If there was no disturbance in the listed 10 
years that pixel was classified as no recent disturbance. (NRD) c) Proportion of pixels outside the AOA for 
pixels grouped by the year they most recently experienced disturbance. Figures are produced on the AOA of 
above ground carbon and from the public FIA locations. 

a) 

b) 

c) 
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Appendix 8.3-D: A recreation of figure 6 but with Basal Area. a) The number of plots removed due to disturbance occurring 
at that plot between field measurement and LiDAR measurement. The x-axis is the year that the disturbance occurred at 
that plot as measured by LCMS. b) Distribution of the Dissimilarity Index (DI) for above ground carbon (AGC) for pixels 
which experienced recent disturbance. Pixels are grouped by the year they most recently experienced disturbance as 
measured by LCMS. If there was no disturbance in the listed 10 years that pixel was classified as no recent disturbance. 
(NRD) c) Proportion of pixels outside the AOA for pixels grouped by the year they most recently experienced disturbance. 
Figures are produced on the AOA of above ground carbon and from the public FIA locations. 

a) 

b) 

c) 
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8.4 Study Area Maps 
 

8.4.1 Maps of Forest Metrics 

 

Appendix 8.4-A: Map of Above Ground Carbon (kg/Ha) produced by our models. 
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Appendix 8.4-C: Map of Wood Volume (m^3 / Ha) produced by our models 

Appendix 8.4-B: Map of Basal Area (m^2 / Ha) produced by our models 
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8.4.2 Maps of the AOA 

 

96% 

Appendix 8.4-D: Map of the AOA for above ground carbon. 96% of the region is within the 
AOA 
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97% 

Appendix 8.4-E: Map of the AOA for Basal Area. 96% of the region is within the AOA 
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                 Appendix 8.4-F: Map of the AOA for wood volume. 96% of the ecoregion is within the 
AOA 
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8.4.3 Maps of LiDAR Metrics 

 

 

Appendix 8.4-G: Map of 95th percentile Height produced by our LiDAR processing 
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Appendix 8.4-H: Map of 50th percentile height produced by our LiDAR processing 
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Appendix 8.4-I: Map of 25th Percentile Height from our LIDAR processing 
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Appendix 8.4-J: Map of Canopy Cover Proportion from our LiDAR procesing 
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Appendix 8.4-K: Map of Coefficient of Variation from our LiDAR Processing 
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8.4.4 Other study Area Maps 

Appendix 8.4-L: Full page map of FIA plots.  This figure is a larger version of figure 1b. These points 
are the public locations 



69 

 

 

 

 

 

 

 

Appendix 8.4-M: Map of the Forest Types across the ecoregion. This is a larger version figure 1c 
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Appendix 8.4-N: Mean Precipitation and Elevation Gradient across the ecoregion. These roughly align with forest types 
seen in figure 1c 
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