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1. Abstract  
Whitebark pine (WBP; Pinus albicaulis) is an ecologically important species in North America. As a federally 
listed threatened species, an understanding of WBP habitat, distribution, and health is important for the 
natural resource managers of the National Park Service, United States Forest Service, Bureau of Land 
Management, Fish and Wildlife Service, and non-profit organizations such as the Whitebark Pine Ecosystem 
Foundation. Previous attempts to develop models of WBP habitat suitability and distribution lack confidence 
in their validity and integrity for these organizations. The updated models of habitat suitability and 
distribution developed by this study would provide managers with a capability to be employed in the 
conservation and future research direction for WBP. Thus, we developed a habitat suitability model of WBP 
at a high spatial resolution (Landsat 9 Operational Land Image-2, National Land Cover Database, NASA 
Shuttle Radar Topography Mission; 30 m pixels) using a generalized logistic regression with an area under the 
curve value of 0.754. We extracted spectral reflectance signatures from overlapped ground sample points and 
Sentinel-2 Multispectral Instrument. The spectral signature analysis indicates WBP is separable from other 
tree species. We also utilized a visual validation approach and random forest (RF) modeling to separate WBP 
from limber pine. Through visual validation the RF classifier successfully identified 8 out of 10 WBP trees 
gathered through ground truth points. Additionally, we achieved an overall accuracy of 91% in our confusion 
matrix for the distribution model using a dependent validation approach. The derived products from this 
study allow project partners to assess current suitable habitat and apparent health status in areas of identified 
WBP occurrence, providing data to aid future research regarding WBP health. 
 
Key Terms 
Whitebark Pine, Habitat Suitability, Rocky Mountains, Spectral Signatures, Landsat 9 Operational Land 
Imager (OLI-2), Sentinel-2 
 

2. Introduction 
2.1 Background  
Whitebark Pine (WBP; Pinus albicaulis) is a long-lived, (~1,200 years) keystone species found in the upper 
subalpine Rocky Mountain region (Burns & Honkala, 1990; Perkins et al., 1996; Keane et al., 2017). WBP was 
recently listed as a federally threatened species in 2023, with a 51% estimated reduction from its original range 
across the United States (Goeking & Izlar, 2018; U.S. Fish and Wildlife, 2022). WBP seeds provide food for 
Grizzly Bears (Ursus arctos horribilis), Red Squirrels (Sciurus vulgaris), and Clark’s Nutcracker (Nucifraga 
columbiana) and its branches provide shelter for wildlife (Tomback et al., 2014). WBP’s extensive root systems 
help maintain the integrity of steep mountain terrain, and its decline has increased soil erosion and decreased 
water quality (Tomback & Achuff, 2010; Keane et al., 2017). Previously protected by its high elevation, WBP 
is now experiencing decline due to a warming climate (Tomback et al., 2014; Buotte et al., 2016; Keane et al., 
2017). Eco-stressors such as mountain pine beetle (Dendroctonus ponderosae) outbreaks, blister rust fungal 
disease caused by Cronartium ribicola, and wildfires are responsible for high levels of WBP mortality in many 
areas across its range. These stressors disrupt nutrient flows and reduce reproductive capacity, ultimately 
exacerbating threats to already eco-stressed trees, destabilizing WBP populations (Tomback D. & Achuff, P, 
2010; Buotte et al., 2016).  
 
Synoptic remote sensing is an essential tool in monitoring and managing WBP populations due to its ability to 
observe remote high-elevation regions that are difficult to access. Kokaly et al. (2003) used spectral signature 
analysis with Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) data to identify vegetation types in 
Yellowstone National Park, providing spectral signature data for WBP identification. Later, Landenburger & 
Gessler (2008) employed boosted classification trees, and Landsat 7 Enhanced Thematic Mapper plus 
(Landsat 7 ETM+) data to map WBP in the Greater Yellowstone Ecosystem, providing a validated remote 
sensing method for mapping WBP stands. Additionally, the High Five Working Group Technical Team 
developed a conservation probability model using a likelihood of treatment success logical model to predict 
the success of conservation treatments and prioritize areas of intervention (Jenkins et al., 2022). Integrating 
aerial and satellite high-resolution remote sensing data with spatial models has enhanced the accuracy of WBP 



   
 

2 

 

mapping and resulting conservation efforts. For example, Airborne Laser Scanning (ALS) (i.e., Lidar 
altimetry) has been used to identify forest inventories, resulting in increased accuracy for the classification of 
forest tree species (Coops et al., 2023). Areas of WBP need to be mapped locally as well as regionally, 
especially for areas that are only generally mapped (e.g., coniferous forest). 
 

2.2 Project Partners & Objectives 
Our NASA DEVELOP project included partnerships with the National Parks Service, Yellowstone 
Inventory and Monitoring; USDA, US Forest Service (Region 1); Bureau of Land Management, (Salmon 
Idaho Field Office); US Fish and Wildlife Service, (Wyoming and Montana Field Offices); and the Whitebark 
Pine Ecosystem Foundation. Our partners are working to conserve WBP ecosystems and are advancing WBP 
sustainability interests through public engagement, health monitoring programs, restoration projects, and 
assisted migration efforts of genomic resilient trees (Palmer & Larson, 2014).  WBP habitat is between 1,300 
and 3,700 meters, and the remoteness of this habitat makes it difficult to easily access WBP stands in the field 
(U.S. Fish and Wildlife Service, 2022). Our main objective was to develop spatial models that accurately 
estimate the current extent, accessibility, and probable distribution of WBP within our study area using 
remote sensing data and Geographic Information System (GIS). We delivered updated models to our 
partners allowing them to accurately locate areas of WBP occurrence. 
 
2.3 Study Area 
The study area (Figure 1) encompasses 114,050 km², and spans parts of Idaho, Montana, and Wyoming. 
Focusing on the Middle Rockies and Idaho Batholith ecoregions (Omernik, J.M., 1987), landcover is 
dominated by montane forests and includes 10 management areas of U.S. Forest Service and two national 
parks. We selected the study period (2021 – 2024) based in part on satellite imagery and data availability. Our 
project used satellite imagery from Landsat 9 Operational Land Imager-2 (OLI-2; 2023 – Present) and 
Sentinel-2 Multi-Spectral Instrument (MSI; June 2024). These years are important for examining forests for 
disturbances like drought, wildfire, and biotic agents that have caused mortality (Buotte et al., 2016; Keane et 
al., 2016; Tomback D. & Achuff, P, 2010). By focusing on recent years, we also have greater confidence that 
the satellite imagery and ancillary geospatial data (e.g., occurrence records, disturbance history, etc.) are 
consistent.  
 

 
                      Basemap Credit: ESRI ArcGIS Pro MAXAR, Earthstar Geographics, and the GIS User Community   

Figure 1. Map depicting spatial extent of the study area. 
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3. Methodology 
3.1 Data Acquisition  
We used Landsat 9 OLI-2 and Sentinel-2 MSI data to identify the distribution of WBP in the study area 
(Table 1). We obtained Landsat 9 OLI-2 imagery using Earth Explorer hosted by the United States 
Geological Survey. We obtained Sentinel-2 MSI imagery using Google Earth Engine (Gorelick et al., 2017; 
GEE).  
 
Table 1 
Data Specifications for Satellite Data 

Data Product Data Source Spatial 
Resolution 

Temporal 
Resolution 

Acquisition 

Date 

Acquisition 
Method 

Landsat 9 
Operational Land 
Imager (OLI)-2  

USGS and NASA 
Earth Observing 

Systems 

30 m 8 days 06/01/2023 
- 

06/30/2024 

Earth Explorer 

Sentinel-2 MSI: 
Multispectral 

Instrument, Level-
2A 

European Space 
Agency 

10 m, 20 m, 
60 m 

5 days 06/01/2024 
- 

06/30/2024 

Google Earth 
Engine 

 
Ancillary data used as model inputs includes species occurrence records of WBP, represented by point data 
with latitude and longitude coordinates (Table 2). We collected these occurrence records from iNaturalist & 
Idaho Department of Fish and Game. We vetted data collected from iNaturalist to incorporate exclusively 
research-grade data, which indicates that more than one user examined the species visually and agreed the 
species to be correctly identified, instilling greater confidence in the data. Additionally, we collected elevation 
data from the NASA Shuttle Radar Topography Mission (SRTM) at a 30 m spatial resolution from which 
other topographic features of interest (i.e., slope, aspect, etc.) were derived. Spatial resolution of other 
predictor variables such as, National Landcover Database (NLCD) percent tree canopy, national land cover 
database, and Landsat 9 OLI-2 derived Normalized Difference Vegetation Index (NDVI) is also 30 m.  
 
Table 2  
Ancillary Data used as Model Inputs 

Parameter Data Source Acquisition Date Acquisition Method 

WBP observation points iNaturalist 2024 Downloaded from 
iNaturalist 

WBP observation points Idaho Fish and Game 
(IDFG) 

2024 Idaho Species Diversity 
Database 

Elevation NASA Shuttle Radar 
Topography Mission 

(SRTM) 

2024 Downloaded from 
OpenTopography  

Slope NASA Shuttle Radar 
Topography Mission 

(SRTM) 

2024 Google Earth Engine 
Catalog 
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Aspect NASA Shuttle Radar 
Topography Mission 

(SRTM) 

2024 Google Earth Engine 
Catalog 

NLCD Percent Tree Canopy 
Cover 

United States 
Geological Survey 

2021 Google Earth Engine 
Catalog 

National Landcover Database United States 
Geological Survey 

2021 Google Earth Engine 
Catalog 

Normalized Difference 
Vegetation Index 

NASA Landsat 9 
OLI level 2, 

collection 2, tier 1 

2023 Google Earth Engine 
Catalog 

Topographic Diversity NASA Shuttle Radar 
Topography Mission 

(SRTM) 

2024 Google Earth Engine 
Catalog 

 
Furthermore, we acquired tree coordinates for validation and spectral analysis through our own field survey. 
We selected potential locations of WBP based on elevation and habitat suitability near Bonneville Peak in 
Idaho. Conducted on 06-01-2024, the field survey involved a 2,600 feet elevation hike to reach the desired 
location where we found clusters of WBP and limber pine (LP; Pinus flexilis). Accurate identification was 
facilitated by a dichotomous key, examining characteristics such as needle clusters, basil growth patterns, 
branch dexterity, bark colorization, cone size and deformation; moreover, Chris Earle, Conifer and Wildlife 
Biologist collaborated on the identification using photographs of the ten WBP and two LP trees located, 
ensuring the accuracy and validity of our field surveyed trees. We employed ArcGIS Field Maps to record 
Global Navigation Satellite System (GNSS) coordinates through WGS 1984 Web Mercator (auxiliary sphere) 
for identified trees (e.g., WBP and LP). To ensure high accuracy, we utilized a Trimble R1 external GNSS 
receiver, achieving a horizontal positional accuracy of approximately < 1.0 meter while triangulating 
coordinates with other team members’ mobile devices to enhance precision to mitigate potential 
discrepancies in the coordinates collected for WBP and LP. The collected GNSS points and field notes were 
subsequently imported into ArcGIS Pro for further analysis, allowing our team to use the coordinates to 
extract spectral signatures for future analysis (Figure 2). 
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Figure 2. Ground collected points of whitebark pine collected by DEVELOP team (in green) and limber pine 
(in pink) from Bonneville Peak in Caribou-Targhee National Forest (Starred area) 

 
 
3.2 Data Processing 
3.2.1 Habitat Suitability Modeling  
1,083 Whitebark pine occurrence records were collected through citizen science iNaturalist observations and 
the Idaho Species Diversity Database maintained by Idaho Fish and Game. With occurrences in shapefile 
format, the two datasets were merged and clipped to the study area using ArcGIS Pro 3.2.2 geoprocessing 
tools. Additionally, environmental predictor variables for modeling whitebark pine habitat suitability were 
collected in raster format and clipped to the study area. Collected predictor variables primarily represent 
topographic and biophysical properties of suitable WBP sites such as elevation, landcover, NDVI from 
Landsat 9 OLI-2, and percent tree canopy cover (Table 2).  
 
Using the R 4.4.0 programming language, environmental predictors of WBP habitat suitability were uploaded, 
stacked, and projected to the study area coordinate system using the rast() and project() functions from the terra 
R package (Hijmans, 2022). Occurrence data was additionally loaded into the R environment through the 
st_read() function from the sf R package and spatially overlaid with the stacked raster dataset of predictors 
(Pebesma and Bivand, 2023). Habitat suitability models often include the use of presence occurrence and 
absence data. Without access to recorded species absences, randomized pseudo-absence generation was 
implemented using the st_sample() function with pseudo-absences being created at double the number of 
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presences within the study area boundaries. Using the extract() function from the terra package, values from 
each cell spatially overlapping with an occurrence point were extracted to create an R dataframe used for 
model training.  
 
3.2.2 Preliminary Accessibility Model 
The habitat suitability model output provides representations of where suitable WBP habitat may occur. An 
important aspect of monitoring WBP health is field data collection, which may be targeted by selecting pixels 
of high suitable habitat probability. Thus, to improve the field data collection logistics, we developed a model 
for identifying locations that depict habitat suitability and general distance from roads using ArcGIS Pro 
ModelBuilder (Figure 3). This model requires the input of the study area, the habitat suitability model, and 
any line shapefile representing access (e.g., trails, roads). The model creates a hexagonal grid of 1km2 
containing the minimum, maximum, and mean averages of the habitat suitability model. Next, a 5-km buffer 
is created around road or trail shapefiles and the hexagonal grid of habitat suitability is clipped to it. Through 
a series of spatial joins and using the near function, each grid cell is assigned a distance from the nearest road, 
the road name, and road quality attributes. The created map enables researchers and field campaigns to 
rapidly toggle grid cells and search for suitable habitats and information on the nearest roads and trails to 
access those areas for field data sampling. 
 

Figure 3. ArcGIS ModelBuilder flowchart for developing field site accessibility map. 
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3.2.3 Spectral Signatures & Distribution Model 
We used Sentinel-2 MSI satellite data from January 1, 2022, to December 31, 2022, to ensure complete 
coverage and capture seasonal variations for locations of interest in the study area. We initially calculated 
average spectral signatures of the ground collected WBP (Figure 2; 10 points) and LP (two points) to 
implement in our GEE-based preliminary WBP distribution model. Later we added Water (one polygon), 
Urban (three polygon), Grassland (five polygons), and Rocky outcrop (one polygon) to the model as 
additional training classes. We then extracted spectral signatures for all the variables across Sentinel-2 
wavebands. In GEE, the filtering process involves selecting images with less than 10% cloud cover, thereby 
reducing noise in the imagery. We also masked out cloud shadows, clouds low probability/unclassified, 
clouds medium probability, clouds high probability, cirrus, and snow/ice using the scene classification layer 
(SCL). Next, we selected vegetation indices, NDVI and Enhanced Vegetation Index (EVI) to assess 
vegetation health, assisting in differentiating between various vegetation types. NDVI is a widely used index 
that measures the difference between near-infrared (which vegetation strongly reflects) and red light (which 
vegetation absorbs) (Equation 1; Moreira et al., 2016; Wu et al., 2018; Huete et al., 2002). EVI, on the other 
hand, optimizes the vegetation signal with improved sensitivity in high biomass regions and improves 
vegetation monitoring through a de-coupling of the canopy background signal and a reduction in atmospheric 
influences (Equation 2; Moreira et al., 2016; Wu et al., 2018; Kriegler et al., 1969). Using NDVI and EVI 
implemented together improves sensitivity in both low and high-density vegetation areas, leveraging the 
strengths of both indices while compensating for their weaknesses, resulting in a more comprehensive and 
accurate detection of spectral signatures, enhancing our distribution model (Moreira et al., 2016; Wu et al., 
2018). 
 

 𝑁𝐷𝑉𝐼  =  
𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 + 𝑅𝑒𝑑
                                                                                                         (1) 

 

𝐸𝑉𝐼  =  𝐺 ⋅
𝑁𝐼𝑅 − 𝑅𝑒𝑑

𝑁𝐼𝑅 +𝐶1⋅𝑅𝑒𝑑 −𝐶2⋅𝐵 + 𝐿
                                                                 (2) 

 
Where G is a gain factor, L is the adjustment for canopy background, C values are atmospheric resistance 
coefficients, and B represents the values from the blue band. Our team utilized normalizedDifference() 
function to calculate the indices based on the specific bands in the sensor. For the EVI, our team used G = 
2.5, C1 = 6, C2 = 7.5, and L = 1. 
 
Later we incorporated topographic data by loading a Digital Elevation Model (DEM) to mask out regions 
above 1,828.8 m. This approach helped us account for terrain influences on vegetation and WBP distribution 
preferences while reducing noise and calculation fluctuations in our model. Then we applied a random forest 
(RF) model to classify the training variables. We chose the RF classifier for its effectiveness in handling large 
datasets and its ability to manage the complexities of spectral data (Breiman, 2001). The RF classification 
process uses spectral bands and vegetation indices to categorize each pixel from Sentinel-2 imagery within the 
area of interest (AOI) into a specific output class or category. The layers provide a visual representation of the 
distribution of various targeted vegetation types, based on supervised training data on the occurrence of such 
land cover types.  
 
3.3 Data Analysis  
3.3.1 Habitat Suitability Modeling 
A logistic regression model (equation 3) was fit using the glm() (Generalized Linear Model) function in R. 
The model employs a logit link function, which is designed to model a binary response (e.g., suitable vs. non-
suitable habitat) using several predictor variables, and is mathematically derived as: 
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(3) 
where logit(P(Y=1)) is the log odds of the probability of the response variable being 1 (e.g., presence). The 
model coefficients (β0 −β6) are estimates derived from maximum likelihood estimation, which finds the 
parameter values that maximize the probability of the observed data given the model.  
 
Model threshold optimization was identified through the optimal.thresholds() function, which was used to 
determine the optimal threshold value for binary classification and employs a MaxKappa methodology which 
aimed to maximize Cohens Kappa (Cohen, 1968), a statistic that measures agreement for categorical terms 
(e.g., presence vs. absence). Model accuracy metrics were developed using the presence.absence.accuracy() function 
which calculates commonly identified model accuracy metrics like sensitivity, specificity, the area under the 
curve and the true skill statistic. Additionally, model cross-validation was performed using the CVbinary() 
function, which performs cross-validation for a binary classification model and employed 5 folds. Lastly, 
model predictions were fit and spatially created using the predict() function using the logistic regression model 
shown above. 
 
 
3.3.2 Spectral Signatures & Distribution Model 
 We used a visual validation approach along with random forest modeling to explore the distribution and 
accuracy of classified WBP compared to other classes. We used NDVI and EVI from applicable Sentinel-2 
spectral bands to classify the variables. Then spectral signatures were combined with the indices’ scores to 
develop the training bands. Finally, we used a RandomForest() (Google Earth Engine, 2022) classifier to 
classify the variables. We also calculated a confusion matrix to understand the accuracy of the model. The 
confusion matrix compares our classifications and ground truth data, providing insights into the model’s 
performance. The confusion matrix calculates overall accuracy, user's accuracy, and producer’s accuracy 
which helps assess the performance of the model. 
 

4. Results & Discussion 
4.1 Habitat Suitability Modeling & Preliminary Accessibility Model 
A generalized linear model was used to develop a single probability raster data depicting suitable habitat of 
WBP across the study area (Figure 4). Suitability was assigned as a percentage to each pixel, ranging from 
0.01% to 97.67%, and varied considerably across the study area. Higher suitability was highly favored among 
higher elevations where rockier topography and steeper slopes existed. Visually, higher suitability was also 
biased towards the southern and western sections of the study area, most likely due to limitations in 
occurrence records located in the northern extents of the study area. In addition to the probability raster, the 
model produced specific metrics commonly used to define the performance of habitat suitability models. 
Model sensitivity and specificity were reported as 0.704 and 0.707, respectively. Sensitivity, also known as the 
true positive rate, measured how well the model identified positive cases (i.e., suitable habitat). Specificity, the 
true negative rate, described how well the model identified negative cases, or non-suitability. Another 
principal metric in determining the modeling predictive performance was the area under the curve (AUC). 
The model AUC was reported as 0.756 out of 1, performing higher than a random classifier (e.g., AUC of 
0.5). Lastly, the true skill statistic (equation 4) was reported as 0.411, suggesting that the model performed 
better than random chance:  
           
                                            Sensitivity + Specificity – 1 = 0.719 + 0.689 – 1 = 0.411                               (4) 
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                       Basemap Credit: ESRI ArcGIS Pro MAXAR, Earthstar Geographics, and the GIS User Community 

 
Figure 4. Habitat suitability model of WBP within the study area. The probability gradient is visualized in a 

color gradient of blue to red representing low to high suitability, respectively. 
 
Using ArcGIS bivariate symbology, we created a map to visualize the relationship between habitat suitability 
and proximity to access routes like trails and roads (Figure 5). This symbology approach allowed us to 
simultaneously display two variables: the habitat suitability scores and the distance from the nearest road or 
trail. By applying a color gradient, the map effectively highlights areas with high habitat suitability and varying 
levels of accessibility. This dual representation aids in quickly identifying optimal field sampling locations, 
where high suitability habitats are within manageable distances from access routes. The bivariate map 
enhances our understanding of the spatial distribution and accessibility of suitable WBP habitat, providing a 
valuable tool for planning and conducting field data collection. 
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Figure 5. Accessibility map with a bivariate symbology depicting mean habitat suitability probability and 
distance from nearest road per 1km hexagon. 

4.2 Spectral Signatures 

We extracted the spectral signatures of WBP and LP, which is the spectral reflectance across the Sentinel-2 
wavebands (Figure 6). We used an image collection from the most recent month (June 2024) for spectral 
analysis. The curve was fitted using the smoothing functions in GEE. Spectral variations and differences are 
important to develop spectral indices and distinguish between tree species. We found the average spectral 
reflectance of WBP is higher than LP in visible and shortwave infrared regions while lower in near infrared 
regions. The reflectance of WBP and LP span extends from 0.05 to 0.35 (Figure 6, Axis Y). Hence, the 
differences in these wavebands can be used to distinguish WBP and LP. 
 

 
Figure 6. Spectral signatures of WBP (in orange) and LP (in red). 
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4.3 Preliminary Distribution Model  
We tested our model in a selected area within our ground truth collection site. Our Confusion matrix derived 
through dependent validation, identified the overall accuracy of the model at 91% (Table C1) with WBP 
user’s accuracy of 80% and producer’s accuracy of 100%. Considering elevation and other environmental 
variables, our habitat suitability distribution model identified the ground-truth region as a high probability 
area. Through Visual Validation of our gathered WBP ground-truth points, we successfully identified 8 out of 
10 WBP samples (Figure 7). Additionally, visual validation from our model identified pixels where IDFG also 
identified WBP points (Figure A1). Furthermore, with the unknown accuracy of the GNSS coordinates of 
WBP from IDFG, a percentage accuracy cannot be attached to the visual accuracy of the occurrence. 
Consequently, the model identified clusters of WBP in unexplored or unreached areas of WBP occurrence, 
suggesting potential new areas to apply ground-truth data collection points for the future (Figure B1). 
 

Figure 7. Random forest derived validation of classified WBP (in red) and LP (in blue) with the ground truth 
points (WBP- green and LP- pink) from Bonneville Peak in Caribou-Targhee National Forest (starred area). 

This classification uses Sentinel-2 Imagery at a 10 m pixel resolution.  
 
4.4 Errors & Uncertainties  
Our team did not have enough accurate WBP sites to validate the distribution model through independent 
validation. We trained and tested our machine learning model to separate WBP from other classes only by 
using 10 WBP and 2 LP ground collected sites. The number of samples is not adequate to develop a robust 
and reproducible machine learning model. The more samples the better a machine learning model can “learn” 
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patterns within the data. Hence, less samples from a very specific site can lead to a biased or overfit model. 
For example, we found 8 out of 10 WBP points were correctly classified (80%). From a statistical point of 
view, that’s a good level of agreement. If the model is not tested with many additional field samples, it will be 
difficult to say if the model correctly estimates the accuracy or not. Also, collecting samples only from very 
similar areas (e.g. many samples from ~1600 m and less samples from ~3000 m) can bias the distribution of 
WBP. Such collection can also lead to periodicity problems of sample collection which can introduce bias in 
the estimation or distribution of the species. A general guideline is to have a specified confidence interval of 
50 samples per species to perform accuracy assessment for any classification study (Congalton, 1991; 
Brogaard, S., and Ólafsdóttir, R. 1997). Exploring the differences in the pattern of spectral signatures for co-
occurring similar tree species is another way to assess potential spectral separability between tree species 
(Rossi & Gholizadeh, 2023). In that case, a substantial number of additional samples may be needed to derive 
representative spectral signatures of targeted species and subsequently, reliable land cover classification 
models. 
 
The number and accuracy of occurrence records can also influence habitat suitability results. During model 
training, occurrence point data extracts information from overlapping variables and when these points are not 
accurately placed in space, they may extract information that is not associated with the habitat suitability of 
that given species. Additionally, while iNaturalist provides “research grade” citizen science data, there is 
potential for a species to be incorrectly identified visually by multiple individuals. Additional models, such as 
random forest or gradient boosting machines working with the generalized linear model, may provide more 
insights into WBP habitat suitability. Further incorporation of downscaled climate, soil, and topographic 
predictor variables and the addition of new occurrence records may improve the habitat suitability model’s 
predictive power. 
 
4.5 Feasibility & Partner Implementation  
Our WBP habitat suitability model, accessibility model, and preliminary distribution model are all applicable 
for our partners to use in the field. Leveraging our models will effectively and efficiently allow conservation 
efforts to identify the most accessible habitats where WBP is likely to exist. By overlaying the habitat 
suitability and distribution models, partners can efficiently locate potential hotspots or clusters of WBP while 
using the accessibility map to find the optimal locations to pursue research in the field. Enhancing these 
models with ground truth data collection will refine the preliminary distribution map, improving accuracy in 
WBP identification clusters or individual trees with high statistical accuracy. Collecting WBP ground truth 
data and incorporating a quality rating of trails will ensure accurate, up-to-date information on the 
accessibility of WBP or any other conservation endeavors moving forward. As our partners utilize our 
deliverables and update newly discovered WBP locations, a second term DEVELOP project can use the 
resulting data to build more robust and accurate models and maps moving forward; moreover, incorporating 
additional ecological stressors and identifiers will enhance conservation strategies in the future. The next term 
can also focus on WBP occurrence map based on spectral data which can be used to assess the transition 
between stress induced disturbance and post-disturbance recovery. 
 

5. Conclusions 
Our study sought to develop a habitat suitability, distribution, and accessibility model for WBP using remote 
sensing techniques and machine learning algorithms by integrating spectral data from Landsat-9 OLI-2 and 
Sentinel-2 MSI. Our habitat suitability model utilized a generalized logistic model predicting areas of suitable 
habitat across our study area. The logistic regression model incorporated topographic and biophysical 
variables and processed these variables using R programming language, creating a probability raster map 
indicating habitat suitability for WBP. This estimated WBP habitat probability map ranged from .01% to 
97.67%, highlighting higher suitability in higher elevations with rock topography, especially in the southern 
and western sections of our study area. Further, development of downscaled climate, soil, and topographic 
predictor variables along with the addition of new occurrence records will improve the habitat suitability 
model's predictive power. Additional models such as gradient boosting machine working with the generalized 
linear model may provide a means to improve WBP habitat suitability predictions.  
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We developed our distribution model using spectral signatures extracted from our ground truth data 
collection points of WBP, allocated from ArcGIS Field Maps, using Sentinel-2 imagery. Identifying the 
unique spectral reflectance patterns of WBP gave a distinguishing difference between a comparable conifer, 
the LP; furthermore, vegetation canopy greenness indices, such as NDVI and EVI, were utilized to assess 
vegetation health within predicted WBP occurrence sites. Additionally, we used the RF classifier with spectral 
signatures and other land cover types such as water, urban areas, grasslands, and rocky surfaces. We applied 
the RF classifier to the Sentinel-2 imagery filtered for minimal cloud cover; furthermore, integrating a DEM 
to account for terrain influences created less noise in the model. The RF classifier successfully identified 8 out 
of 10 WBP trees gathered through ground truth points. Our Confusion matrix derived through dependent 
validation, identified the overall accuracy of the model at 91% with WBP user’s accuracy of 80% and 
producer’s accuracy of 100%. Visual validation further supported the model's capability to correctly identify 
WBP clusters aligned with IDFG's already collected data points, showing a preliminary distribution model 
success. Consequently, our accessibility model enhances the practical applicability of our findings, ensuring 
that conservation efforts can focus on areas that are both ecologically significant and accessible while 
integrating our habitat suitability and distribution models.   
 
Finally, while our study provides a substantial advancement in WBP habitat mapping, ongoing efforts to 
collect more comprehensive ground truth data and refine spectral signatures are crucial for future work, 
which will create more resilient and accurate models moving forward. 
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Any opinions, findings, and conclusions or recommendations expressed in this material are those of the 
author(s) and do not necessarily reflect the views of the National Aeronautics and Space Administration. 
This material is based upon work supported by NASA through contract 80LARC23FA024. 
 
All NASA LP DAAC data products will be removed from EarthExplorer and M2M on August 30, 2024. 
Users are encouraged to visit the LP DAAC website to familiarize themselves with alternative search and 
download options. A list of available tools for each dataset are included under the “Access Data” button on 
each dataset’s DOI landing page, these landing pages can be found using the Search Data Catalog. Please see 
the news announcement to learn more: https://lpdaac.usgs.gov/news/removal-of-nasa-lp-daac-products-
from-usgs-earthexplorer-and-machine-api-on-august-30-2024/ please email lpdaac@usgs.gov with any 
questions. 
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7. Glossary 
Airborne Visible / Infrared Imaging Spectrometer (AVIRIS) - An optical sensor that delivers calibrated 
images of the upwelling spectral radiance in 224 contiguous spectral bands. The main objective of AVIRIS is 
to measure, identify, and monitor constituents of the Earth’s surface and atmosphere based on molecular 
absorption and particle signature  

Airborne Laser Scanning (ALS) - A remote sensing technique that uses a laser scanner attached to an 
aircraft to create 3 dimensional models of earth’s surface. Also commonly known as LiDAR (Light Detection 
and Ranging) 

Band - A wavelength range in the spectrum of reflected or radiated electromagnetic (EM) energy to which a 
remote sensor is sensitive. Sensors collect data from a band and store the data in a file or a portion of a file 
devoted to that range. These files ae also referred to as bands or spectral bands 

Earth observations - Satellites and sensors that collect information about the Earth’s physical, chemical, and 
biological systems over space and time 
 
Ecoregion - A major ecosystem defined by distinct geography and receiving uniform solar radiation and 
moisture  
 
EVI - Enhanced Vegetation Index. It optimizes the vegetation signal with improved sensitivity in high 
biomass regions and improves vegetation monitoring through a de-coupling of the canopy background signal 
and a reduction in atmospheric influences 
 
GEE - Google Earth Engine is a catalog of satellite imagery 
 
MSI - Multispectral Instrument. We used Sentinel-2 MSI imagery for spectral signature analysis 
 
NDVI - Normalized Difference Vegetation Index. It is a widely used index that measures the difference 
between near-infrared (which vegetation strongly reflects) and red light (which vegetation absorbs)  
 
OLI - Operational Land Imager. We used Landsat 9 OLI-2 imagery for developing study area and NDVI for 
habitat suitability model 
 
RF - Random Forest is a machine learning model which provides predictions based on decision trees 
 
Spectral Reflectance - Spectral reflectance is the ratio between the energy reflected by the surface and 
energy incident on the surface. It is measured as a function of the wavelengths 
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9. Appendix 
 

Appendix A.  

 
Figure A1. A visual validation of classified WBP (in red) with the IDFG data points of WBP (in green) from 

Lemhi Range in Spring Mountain. 
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Appendix B.  

 
Figure B1. Possible whitebark pine clusters in Caribou-Turgee National Forest 
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Appendix C.  
 

Table C1 
Confusion Matrix 

 WBP LP Others Row Total 

WBP 8 0 2 10 

LP 0 2 0 2 

Others 0 0 10 10 

Column Total 8 2 10 22 

 
Total sample = 22 
WBP sample = 10 
LP sample = 2 
Others = 10 

Overall accuracy (OA) = 
8+2+10

22
× 100 =                           =               91% 

WBP producer’s accuracy (PA) = 
8

8
× 100 =                               100% 

WBP user’s accuracy = 
8

10
× 100 =                                               80%  


