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Abstract

Foliar moisture content (FMC) plays a crucial role in arid, frequent-fire forests
by influencing fire behavior, tree survival, and serving as a proxy for tree health.
Management actions such as mechanical thinning, flammable fuels reduction,
and prescribed fires can act to mitigate wildfire risk and improve forest health by
reducing fuel connectivity, diversifying forest structure, and creating canopy gaps.
These management actions could be improved by the targeted removal of moisture
stressed and potentially more flammable trees during treatments. However, maps
of FMC are not widely available at the tree-level, with no existing products to map
FMC of western conifers at the stand-level (<0.25 m). This project focuses on the
scalability of laboratory-developed models predicting sapling FMC to develop and
assess tree-level FMC in natural forest conditions. Specifically, we tested whether
existing FMC models accurately predict individual tree FMC using uncrewed aerial
system (UAS) data. While laboratory-developed models did not translate well to
field sites, a field-developed model achieved a mean absolute error of 6.5% FMC
and 81% of predictions were within 10% FMC of the observed value. In ranking
the observed and predicted FMC values, the field model successfully classified
trees into FMC categories with up to 85.9% accuracy. This successful classifica-
tion demonstrates the utility of UAS-based FMC mapping to inform management
prescriptions. Integrating UAS-derived FMC monitoring into forest management
could enhance forest resilience and adaptive capacity.

Keywords Foliar moisture content - Forest management - Uncrewed aerial system -
Tree extraction - Machine learning

Introduction

Anthropogenic climate change is projected to increase the severity and intensity

of drought across the southwestern United States (Cook et al. 2015), impacting
conifer forests through compounding temperature increases and precipitation
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deficits (Cook et al. 2018), resulting in decreasing soil water storage (Liu et al.
2019; Bolinger et al. 2023). Between 2000 and 2019 CE, southwestern North
America experienced its second driest two decades since 800 CE, resulting in what
has been described as a regional mega-drought (Williams et al. 2020). This region
is projected to experience continued trends of increasing temperatures coupled
with variable precipitation (Bolinger et al. 2023). Temperature-driven decreases
in soil water availability and higher plant water demand contribute to plant-level
physiological stress that reduces resilience to current and future drought (Breshears
et al. 2005; Williams et al. 2022). Drought-induced resilience reductions in trees
increase their susceptibility to fire and insect attacks (Sparks et al. 2024). Lower
water availability affects trees by reducing foliar moisture content (FMC), nutrient
uptake, and sap flux, all of which contribute to a tree’s ability to withstand
disturbances (Kreuzwieser and Gessler 2010; Ryan 2011). FMC and soil moisture
content are also considered dominant drivers regulating the flammability of live
and dead vegetation, respectively (Jolly and Johnson 2018; Schwilk et al. 2025).
Drought stress is being compounded by stand density increases relative to
historical norms (Mast et al. 1998) due to a legacy of fire suppression over the last
century (Littell et al. 2016). Greater stand density increases forest water demands
and further stresses trees (Zhang et al. 2019). These compounding climate and
management-induced demands on moisture availability make forests increasingly
susceptible to drought-, fire-, and insect-induced mortality (Williams et al. 2013).

A major indicator of water availability in forests is FMC, which responds to veg-
etation health and is a surrogate for individual plant resilience to weather, climatic
oscillations, and disturbances (Keyes 2006; Zhang et al. 2019; Sparks et al. 2024).
FMC changes daily based on evapotranspiration and water loss, or through pre-
cipitation and water uptake (Groover 2017). Beyond indicating the relative water
content in plant material, FMC provides an estimate of fire risk and rate of spread
(Jolly & Hadlow 2012).

The interaction of drought and stand density stressors contribute to elevated levels
of tree mortality that can drive increases in fine, dead woody fuel accumulation
(Ruthrof et al. 2016). Furthermore, the temperature driven decreases in surface fuel
moisture elevate the likelihood of fire ignition, fire hazard, and extreme fire days
(Alexander and Cruz 2013; Flannigan et al. 2016). Reduced moisture in both surface
and canopy fuels increase the likelihood of fires transitioning from surface and ground
fires into ladder fuels and the overstory, resulting in crown fires. Alterations to the
drought, fire, and pest disturbance regimes, when coupled with persistent drought
in an era of climate change, may facilitate changes to forest successional pathways
that result in ecosystem conversion following disturbance-induced mortality (Batllori
et al. 2020; Coop et al. 2020). Thus, considerations of current climate and projected
climatic changes could help forest managers make informed decisions that reduce the
likelihood of system conversion and maintain forest resilience to disturbances.

Conventional measures of foliar moisture require the collection of foliage from
each plant and a comparison of the foliage’s dry and wet (fresh) weight (Jolly and
Hadlow 2012), providing a sample of data to represent an entire population. Similarly,
leaf hyperspectral measurements can be used to estimate foliar moisture content
of individual conifers (Zhou et al. 2021; Zhang et al. 2016). However, the need to
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sample individual plants and/or oven-dry specimens limits data extent and delays the
availability of foliar moisture observations after collection. As such, there is limited
capacity to collect rapid, spatially continuous measures of foliar moisture, particularly
across management scales (i.e., 10 s to 100 s hectares). Satellite-based remote
sensing can supplement field data collection to provide landscape-scale assessments
of ecosystem stress (Lentile et al. 2006). Landsat (30 m resolution) and Sentinel-2
(10-20 m resolution), for example, are multispectral satellites that are used to monitor
vegetation condition (Humagain et al. 2017; Hogland et al. 2019; Phiri et al. 2020).
Plant water status is commonly assessed using spectral indices like the Normalized
Difference Vegetation Index (NDVI; Rouse 1974), Normalized Difference Water
Index (NDWI; Gao 1996), or thermal imagery (Pierce et al. 1990). These datasets,
despite having high spatial resolution (> 10 m), average spectral data across multiple
species, vegetation strata, and substrates within a single pixel, smoothing plant and
species level variation (Lentile et al. 2006). Thus, forest managers cannot easily
leverage this moderate spatial resolution to inform management decisions about
which trees to retain or cut during thinning operations.

Uncrewed Aerial Systems (UAS) offer a potential solution to these limitations
as the temporal resolution can be controlled by users and the high spatial resolution
imagery can be finer than 3 cm (Perez-Rodriguez et al. 2020). Recent advances
in UAS tree-level mapping have successfully created near-census maps of tree
locations, heights, and diameters at breast height (DBHs) in dry, more open canopy
conifer forests (Swayze et al. 2021; Tinkham et al. 2022). As these techniques
become refined, UAS estimates of basal area and tree density achieve precisions of
5% to 10% (Tinkham and Woolsey 2024) and spatial patterns match field collected
data (Hanna et al. 2024). Additionally, several studies have attempted to use UAS
multispectral and thermal imagery to estimate FMC or similar vegetation moisture
and health metrics for agricultural and crop tree (i.e., cherry, olive, citrus, and
chestnut trees) applications with varying success (Ezenne et al. 2019; Blanco et al.
2020; Garza et al. 2020; Grulke et al. 2020; Padua et al. 2020; Marques et al. 2023).
In a northeastern United States forest, Fraser and Congalton (2021) were able to
classify trees as healthy, disturbed through either disease or pests, and degraded with
71% accuracy. In a European mixed-conifer forest, Abdollahnejad and Panagiotidis
(2020) used multispectral imagery and a support vector machine classifier to classify
leaf discoloration as an indicator of health with 84.7% accuracy. These studies show
promise for tree-health assessments from UAS multispectral remote sensing, but no
studies have examined the disturbance-adapted mixed-conifer forests of the Rocky
Mountains, which are especially at risk for future drought events.

Previous work on individual conifer tree FMC remote sensing used a laboratory
setting to develop a model to predict continuous FMC from the spectral bands
available on a consumer-grade multispectral UAS camera for both a short-needle and
long-needle conifer species (Lad et al. 2023). This effort used a spectroradiometer
in a temperature and humidity-controlled laboratory to examine western white pine
(Pinus monticola Douglas ex D. Don) and Douglas-fir (Pseudotsuga menziesii (Mirb.)
Franco) at various levels of drought stress to classify drought status and predict
FMC (Lad et al. 2023). Similar to studies monitoring crop FMC, Lad et al. (2023)
found that indices such as the NDVI and PRI (Photochemical Reflectance Index),
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along with the red edge spectral range (700-720 nm) were the strongest predictors
in modeling drought-stress in both short- and long-needle western conifers. Previous
studies have also found PRI to be sensitive to real-time changes in photochemical
efficiency (D’Odorico et al. 2021; Vicca et al. 2016), highlighting its utility for
assessing tree health changes. Further, Sparks et al. (2016) found that a pre- and post-
burning differenced NDVI quantified vegetation stress and burn severity with a high
correlation to photosynthetic activity (r>=0.73-0.85) following a laboratory burn.
These modeling approaches, while promising, need to be validated through testing in
mature forests of varying densities and drought conditions. Specifically, scaling these
models to mature trees may present challenges to accurate quantification of FMC
resulting from intra-tree variability or shadowing of lower branches.

Drought events, which decrease FMC, are and will continue to be a driving force
of forest health and disturbance risk and recovery, underscoring its importance as a
metric to describe forest conditions and to inform management actions. Although
no comprehensive methods have yet been validated to predict tree-level FMC in
forests, a preliminary assessment by Lad et al. (2023) found that a logistic regression
and multiple linear regression model using NDVI, PRI, and red edge spectra were
effective in identifying drought stress of saplings in a laboratory setting. Thus, the
objectives of this study are to build off this prior work to test these laboratory-based
models and compare their performance with field-based models in two mature mixed-
conifer forests in northern Colorado. Using the laboratory developed model by Lad
et al. (2023) we asked: Can laboratory-developed models of drought stress be used to
identify the gradient of drought stress in mixed-conifer forests or are field-developed
models necessary?

Methods
Study Area and Field Data Collection

To capture a gradient of FMC, this study was conducted at field sites with varying
management histories and topographic complexities. The Red Feather Lakes (RFL)
site is an untreated 6.0 hectare area of open mixed-conifer forest of ponderosa
pine (Pinus ponderosa Lawson & C. Lawson) and Douglas-fir occupying a hill
(slope=1-45%) with all aspects represented and featuring exposed rocky outcroppings
(Fig. 1). The Estes Park (EP) site is dominated by a northwesterly aspect on a 7-40%
slope covering 4.2 hectares and was hand thinned in 2012 to create an open mixed-
conifer stand of ponderosa pine and Douglas-fir. At both sites, a small number of
Engelmann spruce (Picea engelmannii Parry ex Engelm.) and limber pine (Pinus
flexilis E. James) are present.

We calculated mean annual temperature (T, °C) and mean annual precipitation
(P, mm) using mean monthly values from PRISM (Parameter elevation Regression
on Independent Slopes Model) 30-year normals (1991-2020) at 800 m resolution.
These annual means allowed us to characterize typical climatic site conditions. At
RFL and EP, mean annual temperatures were 5.6 °C and 7.9 °C while mean annual
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Fig. 1 UAS flight boundaries and derived true color imagery of the A) Red Feather Lakes (RFL) site and

B) Estes Park (EP) site with the ESRI Outdoor base map. The northern star on the inset map is the Red
Feather Lakes site and the southern star is the Estes Park site
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precipitation was 444.7 mm and 525.1 mm, respectively. The precipitation received
during the sampling year, 2023, was 503.7 mm at RFL and 564.3 mm at EP.

Prior to FMC monitoring, field survey trees were selected by randomly generat-
ing 50 points at each site, with the nearest dominant or codominant ponderosa pine
or Douglas-fir tree identified for sampling. Limiting the survey to dominant and
codominant trees was done to ensure reliable extraction from the UAS point cloud
to allow for drought model testing. The sample trees had their height, DBH, crown
base height (CBH), and species recorded, along with their location using an Emlid
Reach RS2 +real-time kinematic GPS (Emlid Tech Kft, Budapest, Hungary).

Each site was sampled two times, for a total of four collection dates (July 25, July
27, September 18, and October 16) and 199 tree foliar moisture samples (Table 1).
On each collection date, needle collection began at approximately 10:00 am and
continued until 12:00 pm when UAS flights were conducted (Fig. 2). Following
UAS flights, any remaining trees were sampled, with all moisture samples collected
within 2 h of the UAS acquisition. Needle collection for each tree involved using
loppers on an extending pole to clip bundles of needles in each cardinal direction
and at varying heights. A minimum of four bundles were clipped from each tree
and placed in a weighed and labeled plastic bag and stored in a cooler until they
could be processed in the laboratory that afternoon. Variations in tree height
and CBH meant that some samples could only be collected from the lower and
middle third of the crown of some individuals. Testing was done on a subsample
(n=50) of trees where FMC could be assessed in the lower, middle, and upper
third of individual crowns, with a paired t-test showing no significant differences
between FMC at different heights (p=0.12). Antecedent rainfall in the 48 h prior
to collection was calculated from PRISM data as 0.33 and 0.00 mm at RFL for the
first and second collection, respectively, and 0.73 and 1.16 mm at EP for the first
and second collection, respectively (Table 1).

In the lab, bundles were removed from their plastic bag, needles and cones were
stripped from the branch, and only the needles were added back to the bag. The
fresh needle weight for each tree was measured by subtracting the weight of the plas-
tic bag from the weight of the needles in the bag. All fresh weights were recorded
within six hours of field sample collection. Then, needles were transferred to paper
bags and dried in an oven at 105 degrees Celsius for at least 48 h, or until the dry
weight had stabilized (Matthews 2010). Sample drying is optimized at this tempera-
ture due to the reduced relative humidity relative of ovens at lower temperatures
(Matthews 2010). Once dry, the dry weight of each sample was measured by weigh-
ing the dried needles on a tared scale. All weights were recorded using an OHAUS
scale with a precision of 0.01 g (OHAUS Corporation, Parsippany, NJ, USA). The
FMC of each sample was calculated using Eq. 1 (Jolly and Hadlow 2012).

(FreshWeight — DryWeight) 1
X

FoliarMoistureContent = ;
DryWeight

00 )

UAS flights were conducted as close to 12:00 pm as possible to align with the
sun’s peak and reduce shadowing in the imagery. Acquisitions were conducted
using a DJI Matrice 210 V2 (DJI, Shenzhen, China) with a Micasense RedEdge-MX
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Fig.2 Workflow diagram outlining (top) Uncrewed Aerial System (UAS) collection and processing,
(middle) field tree foliar moisture content (FMC) processing, and (bottom) data alignment and modeling
of FMC

10-band Dual-Camera system attached (AgEagle Aerial Systems Inc., Wichita, KS,
USA) and lasted an average of 20 min at each site. All flights used a serpentine flight
pattern at 90 m above ground level and at a speed of 6 m s~! with 85% forward and
80% cross-track image overlap and nadir viewing angle. The Micasense system cap-
tured 10-band multispectral imagery (Supplemental A) at 6.3 cm resolution. Prior to
takeoff and immediately after landing, manual captures were taken of the Micasense
reflectance panels in full sunlight. These images allowed us to capture ~50% reflec-
tance and were used to correct inconsistencies in lighting during the flights. Ten
ground control points (GCPs) were used at each site to ensure spatial alignment of
the imagery with the field recorded tree locations. The GCPs were chosen based on
visibility from above, spacing across the sites, and had their locations recorded using
an Emlid Reach RS2 +real-time kinematic GPS. The GCPs had a reported average
horizontal and vertical root mean square error of 0.038 m and 0.077 m, respectively.

UAS Image Processing

For each of the four acquisitions, UAS images were processed in Agisoft Metashape
version 1.6.4 (Agisoft LLC., St. Petersburg, Russia) using the Structure from Motion
algorithm with Mild Depth Map Filtering and High-Quality generation parameters.
These settings were used to maximize individual tree extraction accuracy based
on the findings of Tinkham and Swayze (2021). The sun sensor and photos of the
reflectance panels were used to calibrate image spectral reflectance and correct for
lighting inconsistencies due to clouds and sun angle.
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The GCP locations were imported to Metashape and iteratively georeferenced
using a minimum of 10 photos per GCP, resulting in a median (standard deviation)
root mean square error of 7.3 (5.2) cm, 5.8 (3.5) cm, and 0.8 (0.5) cm for X, Y,
and Z locations, respectively across the four collections. Once GCPs were georefer-
enced, UAS photos were aligned to produce approximately 5—8 million tie points as
well as an orthomosaic and dense point cloud with information for the 10 spectral
bands attached. No tie points were removed for error reduction. The orthomosaics
had a final pixel resolution of 6.3 cm. Then, orthomosaics and point clouds were
exported as GeoTTFFs and LAS files, respectively, for each flight date in the North
American Datum 1983 UTM Zone 13 North (NAD83, UTM 13 N) projected coor-
dinate system with ellipsoidal heights referenced to the Geodetic Reference System
1980 (GRS80) ellipsoid. For each collection, values for each spectral band were nor-
malized to the reflectance scale by dividing each cell value for a given band by the
global maximum for that band (Micasense).

UAS Tree Extraction

To extract individual trees and tree crowns, point clouds and orthomosaics were pro-
cessed in RStudio version 4.3.2 (R Core Team 2023). Following the point cloud pro-
cessing steps from Tinkham and Woolsey (2024), point clouds were processed using
the cloud2trees package (Woolsey 2024) which integrates the lasR (Roussel 2024) and
lidR packages (Roussel et al. 2020; Roussel and Auty 2024). First, raw point clouds
were denoised which involved identifying isolated points and removing them, as well as
duplicate points, from the point cloud. Then, we classified ground points and generated
a digital terrain model (DTM) with 1.0 m resolution using Delaunay triangulation and
pit filling. Pit filling was used to correct artificial depressions in the DTM that result
from interpolation artifacts or misclassified points in areas with rocky outcroppings,
ensuring a realistic and continuous ground surface. The ground-classified points were
used to create a triangulated surface to height normalize the point cloud and generate a
canopy height model (CHM) at 0.10 m resolution. To locate individual trees, we used a
variable window function [Eq. 2] as proposed by Creasy et al. (2021) and the “locate_
trees” function from the lidR package to identify all tree tops that were at least 2 m tall.

VariableWindowRadius = 0.3 + CHMValue * 0.1 2)

Then, we delineated tree crowns using the marker-controlled watershed function
of the ForestTools package. Finally, we spatially joined the tree tops with the tree
crowns following the methods of Tinkham et al. (2022). The outputs of these steps
included a CHM and DTM raster, individual tree crown polygons, and tree location
points which included the extracted height.

The tree location points were spatially matched to field-collected tree locations
following the methods of Tinkham et al. (2022) for ponderosa pine. This spatial
matching process used a maximum search distance of 5 m and a maximum height error
of 4 m to identify the nearest UAS trees to a field tree using the sf package (Pebesma
2018). The UAS tree within the search distance with the smallest height error was then
assigned to the field tree as a match. This process iterated over each field tree until all
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Fig. 3 Random subset of extracted tree polygons showing A) true color imagery and B) their calculated
Normalized Difference Vegetation Index 2 (NDVI2) value on top of UAS-derived true color imagery of
the Red Feather Lakes (RFL) site. The within tree crown polygons pixels were used to calculate mean,
median, and every 10th-90th percentile values as potential predictors of tree foliar moisture content. The
true color image and derived NDVI2 are from the RFL site on July 25, 2022

field trees were matched with an UAS extracted tree. These matches were used with
the “st_intersects” function from the sf package to extract the corresponding individual
tree crown polygon. Then, using the individual tree crown polygons and 10-band
orthomosaics, we derived each pixel’s spectral values for each of the 10 bands within
each crown polygon using the “exact_extract” function of the exactextractr package
(Baston 2020); Fig. 3). Using the extracted normalized cell values for each tree, we
calculated NDVI2 (Eq. 3), PRI (Eq. 4), and Foliar Moisture Content Indicator (FMCI,
Eq. 5). Raster values within each tree crown polygon were further summarized as the
mean, median, 10th, 20th, 25th, 30th, 40th, 60th, 70th, 75th, 80th, and 90th percentile
band and index values. The summarized raster values were then tested as predictor
variables in the multiple linear regression model developed by Lad et al. (2023). We
also evaluated species as a potential predictor variable.

NIR — Red?2
NDVI[2 = ———M—
NIR + Red?2 &)
PRI = Green2 — Green @)
Green2 + Green
RedEdge3 — NIR
FMCT = ——2& )

RedEdge3 + NIR

Modeling and Data Analysis

After summarizing predictor variables by tree crown, we tested the laboratory devel-
oped Multiple Linear Regression Model (MLRM; Eq. 6) from Lad et al. (2023) which
used NDVI2, PRI, FMCI, and the RedEdge3 band as predictor variables of FMC.

FMC% = —226.61 + 138.64 X NDVI2 + 611.92 x RedEdge3 + 851.31 x FMCI + 1039.63 x PRI
(©6)
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We used the stats package in base R (R Core Team 2023) and tested the Lad et al.
(2023) model using each of the 12 crown summarization techniques (i.e., mean,
median, 10, 20, 25, 30, 40, 60, 70, 75, 80, 90 percentile) with the model’s four vari-
ables (NDVI2, PRI, FMCI, RedEdge3). These summarization approaches were tested
to maximize accuracy when scaling from laboratory to field tree sizes. We compared
the accuracy of the 12 versions of the MLRM in predicting observed FMC using
Pearson’s correlation, mean error (ME), and root mean square error (RMSE). Pear-
son’s correlation was used to evaluate the strength of the linear relationship between
predicted and observed FMC values, providing insight into how well the model cap-
tures overall variance in FMC. To assess systematic bias in model predictions, we per-
formed a paired t-test comparing the mean observed FMC to the mean model-pre-
dicted FMC. Additionally, we examined the model’s ability to rank trees by relative
drought stress using Spearman’s rank correlation. Unlike Pearson’s correlation, which
assumes a linear relationship, Spearman’s correlation assesses monotonic relation-
ships and is robust to non-linearity. This allowed us to determine how well the model
preserves the relative ordering of trees based on their FMC values.

To identify potential differences between the laboratory model and the optimal
prediction of FMC using field scale data, we also fit a series of new multiple linear
regression models using the UAS-derived tree-level spectral bands and indices,
along with species and Julian date to predict FMC. Variable selection for the field-
based MLRM was performed by fitting Random Forest models using the Random-
Forest R package (Breiman 2001; Liaw and Wiener 2002). Random Forest uses an
ensemble learning approach, constructing multiple decision trees and aggregates
their results to improve prediction accuracy and reduce overfitting. This approach
was chosen for its ability to handle high-dimensional predictor sets and accom-
modate potential relationships. Models were fit to each of the 12 sets of crown
summarization metrics (e.g., 10th, 20th, 30th percentile, etc.) to identify the set
of metrics best suited to predict FMC with ntrees =199, specifying the number of
decision trees, and mtry =6, the number of variables randomly sampled at each
split. The models included the tree-level summary metrics for the ten spectral
bands and nine spectral indices (19 variables). These spectral indices included
NDVI, NDVI2, PRI, FMCI, NDWI (Eq. 7), Green Normalized Difference Vegeta-
tion Index (GNDVI; Eq. 8), and Normalized Difference Red Edge (NDRE; Eq. 9).
The best Random Forest regression model was identified as the model with the
greatest variance explained (R?).

NDWI = Green — NIR (7)
Green + NIR
GNDVI = NIR — Green ®)
NIR + Green
NIR — RedEdgel
NDRE= ——— )
NIR + RedEdgel
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For the crown summarization techniques with the highest performing Random
Forest model, we tested variable correlation to remove any highly (i.e.,>70%) col-
linear variables. When two variables were highly correlated, we retained the vari-
able more strongly related to FMC. This reduced set of non-collinear predictors
was then used to construct a multiple linear regression model in R using the stats
package (R Core Team 2023). The model was reduced using a forward-backward
stepwise approach to minimize the Akaike Information Criterion (AIC) using the
olsrr R package (Hebbali 2020). This approach identified the most parsimonious
model while retaining key predictors of FMC. To avoid overfitting, model develop-
ment and evaluation were conducted using a 70/30 training and testing split, and
predictive stability was assessed using fivefold cross-validation. To quantify uncer-
tainty and assess model consistency, we estimated predictor coefficients and their
95% confidence intervals using bootstrapping with 1,000 repetitions (boot pack-
age; Davison and Hinkley 1997; Canty and Ripley 2022). To evaluate the practical
utility of the final model, we ranked the model-predicted and field-observed FMC
values from lowest to highest and categorized trees into two groups based on their
rank percentiles. Specifically, we assessed the model’s ability to correctly distin-
guish the most drought-stressed subset of trees by dividing the dataset at thresholds
of 10%, 20%, 30%, 40%, and 50% of the lowest FMC values. This analysis was
designed to simulate how a forest manager might use the model to prioritize trees
for targeted intervention, ensuring that the method effectively identifies the most
drought-stressed individuals.

Results
Sample Structure

Field collected FMC was approximately normally distributed when examined across
all sites and dates (Fig. 4). The observed FMC values ranged from 73 to 126%, with
an average of 98.4%. FMC across the four dates was bimodally distributed, but the
range of FMC values tended to narrow through time. Additionally, the FMC values
at EP were, on average, higher than at RFL, where rainfall is lower, and FMC values
were generally higher for Douglas-fir compared to ponderosa pine (Fig. 4).

Spectral reflectance of bands and indices were also compared across Julian dates
to examine the importance of the collection date (Fig. 5). Most spectral bands exhib-
ited low variation between Julian dates, except for the first data collection which
consistently had greater reflectance levels. Within a single collection date, bands in
the red and red edge portion of the spectrum featured greater variability and wider
interquartile ranges than bands with shorter wavelengths. The near-infrared indices
(NDVI2 and FMCI) exhibited lower mean values for the RFL collections (first and
last Julian date) compared to the EP collections, with there being much more con-
sistency in the PRI values between dates, but less within site variation.
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Existing Laboratory Model Performance

Comparing the MLRM predictions from the 12 crown summarization techniques,
using the Lad et al. (2023) equation, a paired t-test of the observed and predicted
values found significant differences between means using the 90th percentile
(p=0.01) and mean (p=0.03) techniques. Across the 12 summarized models,
the observed versus predicted correlation peaked using the mean summarization
technique. We observed lower correlation values with both lower percentile and
higher percentile summarization techniques of within canopy values (Table 2).
Conversely, the ME and RMSE decreased with the use of higher percentiles,
suggesting an increase in accuracy of the predicted values. However, the ME and
RMSE suggest that predictions from all 12 models were relatively imprecise.
Testing the ranking of the predicted FMC values from the mean and 90th percentile
models against the observed rankings using the Spearman’s rank correlation showed
that both models performed similarly (Fig. 6).

Field Model Performance

The random forest models identified that using the 10th percentile of pixel
spectral values within a tree crown explained the most variation (variance
explained=26.62%) in tree-level FMC with the smallest mean squared error
(MSE=86.46; Supplemental B). In our testing of summarization approaches,
species was a significant predictor of FMC in ten out of twelve of the random forest
models, highlighting its utility (Supplemental C). The final reduced multiple linear
regression model developed on the field data retained species and the within crown

Table2 Accuracy of each within crown summarization metric tested in applying the multiple linear
regression model from Lad et al. (2023)

Summarization Metric Pearson’s Correla- Mean Error Root Mean Square  p-value
tion Error
Mean 0.437 203.77 238.44 <0.05
Median 0.414 197.08 237.00 <0.05
10th Percentile 0.421 411.86 431.77 <0.05
20th Percentile 0.422 345.18 368.12 <0.05
25th Percentile 0.423 317.33 342.09 <0.05
30th Percentile 0.421 291.50 318.50 <0.05
40th Percentile 0.417 242.94 275.42 <0.05
60th Percentile 0.412 153.16 202.91 <0.05
70th Percentile 0.409 109.54 173.04 <0.05
75th Percentile 0.408 86.89 159.92 <0.05
80th Percentile 0.405 63.14 148.40 <0.05
90th Percentile 0.398 55.53 135.66 <0.05
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Table 3 Multiple linear regression model output table using the 10th percentile of summarized tree
crown spectral data

Coefficient  95% Confidence Interval ~ Standard Error  tvalue  p-value
Intercept 94.376 89.16—99.85 2.804 33.654 <0.0001
Douglas-fir 11.270 6.19—16.23 2.255 4.997 <0.0001
NDRE 31.421 22.75—40.00 3.858 8.145 <0.0001
FMCI 22.175 10.99—32.72 6.460 3.433 0.0007
Douglas-firNDRE ~ —21.839 —35.48——8.90 5.903 -3.699 0.0003

10th percentile values of NDRE and FMCI as predictors (Table 3), resulting in an
adjusted R? of 0.373 (p<0.0001) with a residual standard error of 8.45% FMC.
Predicted FMC increased as the index score increased for both NDVI2 and FMCI
(Fig. 7). However, species was significant with Douglas-fir increasing the intercept
by 11.3% FMC and decreasing the NRDE coefficient by about two-thirds compared
to the ponderosa pine predictions.

Evaluation of the observed and predicted FMC values shows that the multiple
linear regression model captured the general trend in FMC values and provides
an unbiased representation of the relationship (Fig. 8). Dissecting the predictions
showed that 46% were within 5% of the observed FMC value, with 81% within 10%
of the observed FMC value. Evaluation of the model residuals shows that the EP site
had a slight negative FMC prediction bias (—0.384), while RFL had a slight positive
prediction bias (0.380). Additionally, prediction biases transitioned from —1.10 for
the earliest Julian date to being 0.59 for the last Julian date.
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Comparing the ranking of the observed and predicted values as binary classes of
the lowest 50% of FMC and highest 50% of FMC achieved a classification accuracy
of 60.8% (p=0.002). Repeating this process to include splits identifying the 10%,
20%, 30%, 40%, and 50% most drought stressed trees resulted in an average accuracy
of 70.5%, with accuracy declining from 85.9% for the 10/90 split to 60.8% for the
50/50 split. However, predicted bins were only statistically significant (i.e., p<0.05)
when identifying the 50% most drought stressed trees.
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Discussion
Model Outcomes

When UAS derived values were applied to the prediction of FMC, the laboratory
developed MLRM achieved relatively low prediction accuracy, relative to the field-
based model (R=0.437 compared to R=0.62, respectively), suggesting the field-
based model better capture the relative gradient of tree FMC. However, the field-
based multiple linear regression model fit using the UAS data predicted FMC with
a mean absolute error of ~6.5%. Simultaneously, the mean absolute errors varied
between 7.6% and 5.2% FMC from the earliest to most recent Julian dates, which is
unsurprising as FMC can change rapidly in the field with greater fluctuations ear-
lier in the growing season and diurnal variability of FMC at its narrowest in late
summer for western US conifers (Philpot 1965). Matis et al. (2025) also found sea-
sonal moisture stress was most distinct in late summer and autumn. Additionally,
the movement of carbohydrates within plant tissue seasonally can also influence
how the same amount of moisture converts to FMC (Larcher 2003). These tempo-
ral fluctuations mean that a prediction of FMC at a single time point may not nec-
essarily represent the health of an individual tree. However, mid-day acquisitions
minimize within-tree relative FMC (Philpot 1965), while reducing shadowing in
imagery. FMC for Douglas-fir and ponderosa pine has been documented as between
100 and 130% in the summer with old foliage having values commonly under 100%
(Keyes 2006). Interestingly, our field observed average FMC across summer collec-
tion dates was 98%, with many trees below 90% FMC. The EP site had consistently
higher FMC values, potentially a consequence of this site being in a post-treatment
condition, while the RFL site has higher forest density and has not been treated or
disturbed in the last 100 years. However, work in other ponderosa pine forests has
not found an effect of treatment on foliar moisture content (Faiella and Bailey 2007).
Variation in prediction bias with both site and Julian date suggests that environmen-
tal covariates may play an important role in improving model fit, as abiotic factors
such as topography and hydrology influence tree physiology (Ewane et al. 2023).

The field developed MLRM successfully classified trees into higher versus lower
drought-stress categories with 70.5% accuracy. Our success in classifying the most
drought-stressed trees suggests that rank-based thresholding can maximize the
accuracy of a decision-support tool for identifying the gradient of drought-stress.
By converting continuous FMC predictions into binary classifications, we achieved
relatively high mean classification accuracy (70.5%), with the highest accuracy
(85.9%) occurring when identifying the most drought-stressed 10% of trees. How-
ever, accuracy declined as the classification included a larger proportion of the
drought-stressed trees. This trend suggests that a rank-based classification approach
could allow managers to effectively target trees most in need of intervention.

Our binary classification (stressed/not stressed) had lower accuracy than pre-
vious studies attempting to classify tree health status using UAS multispectral
imagery in orchards (healthy/unhealthy 97.5%; Jemaa et al. 2023), but similar to
the accuracy achieved by other efforts in mixed broadleaf-conifer forests (live/dead/
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beetle infested 84.7%; Abdollahnejad and Panagiotidis 2020) and in early bark bee-
tle detection (81% accuracy; Nisi et al. 2018). However, no studies to date have
identified the relative health of western US mixed-conifer forests at the scale of
individual trees. Previous efforts have connected hyperspectral and thermal imagery
with field observations of stomatal conductance (Zarco-Tejada et al. 2013), while
other assessments have used short-wave infrared data (1557-2082 nm) to classify
drought-stress induced changes (Matus et al. 2025). As UAS sensor technology and
efforts to integrate hyperspectral, short-wave infrared, or thermal imagery continue
to advance, model accuracy of FMC and other health metrics will likely continue
to improve.

The lack of high accuracy in the lab-developed MLRM (Lad et al. 2023)
could be the result of scaling and summarization mismatches. In the lab, pure
individual sapling spectral values were collected using three plant probe samples
across the crown, while in the field, tree spectral values were collected as pixels
across entire tree crowns, with values primarily reflecting the top 2D profile of the
crown. We tested summarization techniques to account for the mixture of foliage,
branch, and background substrate captured in the UAS pixels. However, the UAS
imagery also contended with greater spectral variability in mature crowns as, even
within extracted polygons, there are differences in crown shading/illumination.
Consequently, the laboratory saplings (Supplemental C) had a reduced spectral
distribution compared to the UAS imagery. Additionally, the young needles (i.e.,
less than two years old) on the laboratory saplings likely reflect more light (Rock
et al. 1994) compared to the older (i.e., up to five years old) needles assessed in the
field. The reduced spectral variability in the training data for the laboratory MLRM
likely contributed to the relatively poor model prediction using the UAS spectral
data, as the UAS spectra contained needles of varying age and status along with a
mixture of background material. Overall, UAS monitoring shows strong potential
for assessing individual tree moisture stress, but detectability of characteristics like
FMC is variable. Since FMC is determined by a multitude of environmental and
abiotic factors such as soil moisture, temperature and precipitation, topography,
biomass, and stand density, future studies may benefit from incorporating these
factors in their models (Park Williams et al. 2013; Faiella et al. 2007; Brown et al.
2022; Zhang et al. 2019). Additionally, future tree health assessments could benefit
by designing sampling to consider site-level abiotic variability, in addition to using
new sensors that include short-wave infrared and thermal spectra.

Management Implications

Forest FMC is an important indicator of forest resilience and the relative distribution
of FMC within a site can highlight areas for targeted management actions. At our
post-treatment site, Estes Park, mean FMC was 11% higher than at the untreated
Red Feather Lakes site, consistent with previous studies that found a significant
relationship between decreased stand density and increased moisture availability
(Simonin et al. 2007; Andrews et al. 2020; Young et al. 2023). This increase in
moisture availability also increases tree growth and decreases sensitivity to changes
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in climate (Finley and Zhang 2019). Thus, our models of site-specific relative FMC
could be applied to forest sites and provide managers with relative tree stress metrics
to inform targeted thinning and prescribed fire operations.

Informed management is important for maintaining and improving forest health,
particularly as drought stress reduces tree productivity and carbon and nitrogen
uptake (Joseph et al. 2021). Extreme drought can induce widespread mortality events,
particularly if the drought is prolonged (Allen et al. 2010). Climate stress is already
exceeding species’ physiological drought tolerance, resulting in tree mortality within
the drier parts of species’ ranges (Anderegg et al. 2019a, b), thus better understanding
tree stress when implementing treatments is critical. While the mortality of overstory
trees can initially decrease crown fire potential it can also increase surface fire inten-
sity (Stephens et al. 2018). Beyond fire dynamics, stand-level resilience to drought
is also shaped by physiological and structural diversity. Plant hydraulic diversity
has been shown to enhance forest resilience to drought (Anderegg et al. 2018), and
maintaining size class diversity may mitigate drought impacts, as higher soil moisture
availability can support understory plant water content and delay overstory canopy
stress (Brown et al. 2022). As climate change and associated drought stress and fire
risk continues to push the bounds of forest resilience, anticipating future climatic
pressures and adjusting accordingly will be increasingly important.

Tree-level relative FMC, combined with tree size and spatial arrangement data, can
guide thinning, prescribed fire, and restoration treatments to achieve increases in the
vertical and horizontal complexity of forests, while prioritizing the retention of the
site’s most resilient individuals (Churchill et al. 2013). These actions have been shown
to be most effective at reducing wildfire severity and effects when applied together
(Davis et al. 2024). This study’s FMC rankings could serve as a weighting factor to
identify trees for removal or retention during thinning operations. By identifying areas
with historically persistent openings, managers can potentially pinpoint locations
where infilling trees are likely drought-stressed due to soil moisture and nutrient
limitations (Bond and Keeley 2005) and prioritize thinning in those areas (Larson
and Churchill 2012). Additionally, these models could be used to evaluate sites
post-thinning to examine changes to moisture content of the remaining trees (North
et al. 2009). Connecting our model of tree-level FMC with ecologically informed
management, we can increase the information available for adaptive management
that balances forest resilience and fire risk reduction. By comparing pre- and post-
treatment FMC, it would be possible for managers to refine best practices for reducing
competition, increasing drought resilience, and improving stand health.

In fire-dependent forests, prescribed fire is a useful management tool for
reducing fuel availability and connectivity, potentially decreasing subsequent fire
behavior (Prichard et al. 2020). Prescribed fire planning relies heavily on weather
data which informs fuel conditions and predicted fire behavior (Ryan et al. 2013).
Integrating models of FMC into this planning process could provide data on live
fuel moisture, improving fire behavior predictions. Relative FMC can fluctuate
with weather (Keyes 2006) and provides valuable information about fuel moisture
levels and combustibility, which could guide ignition strategies, allowing managers
to adjust ignition line distance to control fireline intensity based on burn-specific
mortality objectives. Providing managers with near-real-time access to overstory
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fuel conditions could enhance data-driven fire planning decisions. Further, these
models could also be applied to assess the resilience of surviving trees after initial
fires and inform post-fire thinning and refugia management to increase resistance to
subsequent drought and wildfire.

The effectiveness of UAS-derived models to infer FMC has considerable implica-
tions for the assessment of fire ignition risk due to the relative flammability of live
vegetation. Specifically, the flammability of live vegetation within and adjacent to
critical infrastructure such as power lines, schools, and airports is a key monitoring
need that UAS data could be used to address. For example, flying UAS in remote
tracts of land along the path of power lines could enable rapid and predictive moni-
toring of live fuel flammability, fuel type, and fuel abundance in the power line right-
of-ways. Equally, providing enhanced information on the FMC and live/dead status
of trees adjacent to these power line right-of-ways could help land managers decide
where to conduct proactive vegetation reduction and removal actions to lower risks
associated with dead branches interacting with the power lines and producing burn-
ing debris that in turn may ignite the live vegetation on the ground. Recent efforts
applying the same UAS data collection and processing workflows have been able
to perform all point cloud and tree detection processing steps in 0.5 to 2.0 min ha™'
(Tinkham and Woolsey 2024). The use of these analysis strategies is becoming
increasingly scalable for management applications.

Limitations

While our UAS-derived model successfully identified the gradient of relative FMC
and demonstrated utility for forest management applications, several limitations
should be considered when applying these findings. This study was limited to
two sites; each representing different management histories and stand structures.
Expanding the number of sites and sampled trees could provide insight into the
transference of these models across broader forest conditions. Additionally, species
was an important predictor of FMC, meaning consideration of the forest tree species
will be important in efforts to apply our model. Some studies have successfully
classified tree species from UAS multispectral imagery achieving between 55.5% and
81.2% accuracies (Abdollahnegjad and Pangagiotidis 2020; Grybas and Congalton
2021), which may be applied using the same UAS data as those collected for FMC
prediction. However, these studies focus on mixed broadleaf and conifer forests,
respectively, highlighting a research gap for studies that conduct species classification
in mixed-conifer forests. Additionally, the CHM-based tree detection strategy applied
in this study is known to have reduced tree detection accuracy of suppressed trees and
in areas with canopy cover>60% (Creasy et al. 2021). However, most trees targeted
for retention in these lower montane drought-susceptible forests are overstory
individuals. Thus, these methods will likely be employe to target the larger and more
fire-resistant trees that these methods were developed to assess.

Temporal variability in FMC presents another challenge. FMC is highly dynamic
and can change significantly in response to short-term environmental conditions,
such as diurnal fluctuations, seasonal precipitation, and drought stress (Keyes 2006).
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At each site, greater FMC and spectral reflectance values were observed during the
later collection date. In northern Colorado, late summer (i.e., July—September) pre-
cipitation is delivered by the North American monsoon which provides crucial mois-
ture for forests and plays an important role during the end of the fire season (Nauslar
et al. 2019). This spectral variation is compounded by changing foliage, with older
overwintered needles likely decreasing NIR reflectance in the spring, while new nee-
dles will have increased NIR reflectance (Rautianinen et al. 2018). Seasonal changes
in needle spectra and within-tree variability in FMC are likely driven by tree bio-
chemical and structural changes (Keyes 2006; Rautiainen et al. 2018). This inverse
relationship between needle age and near-infrared (NIR) reflectance may smooth out
seasonal dynamics in mature trees with multi-age needles, but our understanding of
these spectral and temporal dynamics in semi-arid systems is still underdeveloped.
Overall, our data features variability in both observed FMC and spectral reflectance
across sites and collection dates that reflect the heterogenous condition of mature
forests. These seasonal and within-tree variations may complicate the application of
static models for FMC prediction and highlight the importance of testing the relative
persistence of how individual trees rank within a site’s moisture gradient through
time or targeting UAS monitoring of FMC for time periods known to have lower
FMC fluctuations (Philpot 1965).

The feasibility of integrating UAS-derived FMC models into operational forest
management also depends on logistical considerations, including the scale of data
collection, image processing time, accuracy assessments, and computing resources
required for model application. Currently, UAS-based efforts are constrained by
flight time and regulatory restrictions related to a pilot’s line-of-sight to the aircraft,
which may impact their effectiveness for characterizing large extents in rugged
terrain. Additionally, UAS surveys generate large datasets, requiring significant
processing time and technical expertise, which may limit their practical use in large-
scale forest assessments or rapid decision making. Despite these limitations, our
study demonstrates potential for UAS-derived models to inform targeted management
actions, particularly for identifying drought-stressed trees and monitoring treatment
effectiveness. However, operationalizing UAS strategies for moisture-stress mapping
will need to ensure reliable transference between sites as there are known limitations
in the ability of standard train/test split and cross validation approaches during
model fitting (Subedi 2023). Particularly in addressing spatial autocorrelation among
samples that may inflate estimates of model accuracy (Mayer 2018). Future efforts
could benefit from focusing on refining species classification methods, improving
FMC models across broader temporal and spatial scales, optimizing data processing
workflows, and integrating abiotic predictors (e.g., terrain and weather) to enhance the
operational feasibility of UAS-based forest health assessments.

Conclusions
Our analysis identified the most stressed trees at two sites in northern Colorado at

6% precision of foliar moisture content, representing a significant advancement in
the tools available for adaptive management in a semi-arid, forested environment.
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As aridity is expected to increase in the coming years, UAS monitoring of individual
tree drought stress could provide valuable insights to guide targeted treatments
aimed at enhancing forest resilience to future disturbances. Managers can integrate
these strategies with site-specific knowledge and maps of tree composition and
distribution to make fully informed decisions. This would allow managers to
prioritize areas for intervention and restoration while accounting for both overstory
relative FMC, as well as underlying soil conditions. Foliar moisture content is an
important indicator of tree stress and UAS-derived models, as used here, show
promising advancements in our understanding and mapping of trees at the forefront
of forest change.
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