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Abstract

The structure and composition of plant communities in drylands are highly

variable across scales, from microsites to landscapes. Fine spatial resolution

field surveys of dryland plants are essential to unravel the impact of climate

change; however, traditional field data collection is challenging considering

sampling efforts and costs. Unoccupied aerial systems (UAS) can alleviate this

challenge by providing standardized measurements of plant community

attributes with high resolution. However, given widespread heterogeneity in

plant communities in drylands, and especially across environmental gradients,

the transferability of UAS imagery protocols is unclear. Plant functional

types (PFTs) are a classification scheme that aggregates the diversity of

plant structure and function. We mapped and modeled PFTs and fractional

photosynthetic cover using the same UAS imagery protocol across three

dryland communities, differentiated by a landscape-scale gradient of elevation

and precipitation. We compared the accuracy of the UAS products between

the three dryland sites. PFT classifications and modeled photosynthetic cover

had highest accuracies at higher elevations (2241 m) with denser vegetation.

The lowest site (1101 m), with more bare ground, had the least agreement

with the field data. Notably, shrub cover was well predicted across the

gradient of elevation and precipitation (�230–1100 mm/year). UAS surveys

captured the heterogeneity of plant cover across sites and presented options to

measure leaf-level composition and structure at landscape levels. Our results

demonstrate that some PFTs (i.e., shrubs) can readily be detected across sites

using the same UAS imagery protocols, while others (i.e., grasses) may require

site-specific flight protocols for best accuracy. As UAS are increasingly used to

monitor dryland vegetation, developing protocols that maximize information

and efficiency is a research and management priority.
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INTRODUCTION

Dryland ecosystems represent 41% of the global land sur-
face, and the global extent of drylands is expected to
increase by 7% over the next 60 years (Koutroulis, 2019).
Given the extensive land area cover of drylands, they
have a significant impact on the global carbon cycle
(Poulter et al., 2014). The composition of dryland plant
communities fundamentally impacts their role in the
global carbon cycle, because plants regulate photosyn-
thetic rates and soil processes, both of which are founda-
tional to net carbon exchange between ecosystems and
the atmosphere (Breulmann et al., 2012; Ning et al.,
2021). Dryland ecosystems are also being impacted by
climate change, as well as a myriad of other human
disturbances, leading to rapid changes in structure and
biogeochemical cycles in these ecosystems (Philip
et al., 2021; Renne et al., 2019). In light of their global
importance, long-term monitoring has played an essen-
tial role in identifying vegetation dynamics in drylands
with relevance for land management and restoration
(Shriver et al., 2019; Vivoni et al., 2021).

Unoccupied aerial systems (UAS) can support vegeta-
tion monitoring by measuring plant communities across
large spatial extents with high-resolution imagery. High
spatial resolution imagery (e.g., pixels <1 cm2) has par-
ticular utility in dryland ecosystems where key vegeta-
tion communities, such as soil biocrust and annual
grasses, vary at fine spatial grains (Beckstead et al., 2010;
Chen et al., 2020). Applications of UAS-derived aerial
imagery in dryland ecosystems include detection of rare
and threatened species (Rominger & Meyer, 2019), map-
ping vegetation functional groups (Wood et al., 2022),
quantifying impacts of grazing treatments (Polley
et al., 2022), and measuring habitat quality for wildlife
(Olsoy et al., 2018). UAS offer potential cost and effi-
ciency advantages over field-based or other remote
sensing-based approaches. UAS are easily deployable,
less expensive, and collect higher spatial resolution
imagery than other airborne platforms (Koh &
Wich, 2012). Integrating UAS imagery into vegetation
monitoring plans will advance ecological studies of
dryland ecosystems.

The potential for UAS imagery to supplement ongo-
ing field campaigns raises questions on how these novel
data can be compared across disparate sites and related
to historical field data. Exploration of UAS approaches is
required to understand the efficacy of generalizing flight

protocols and image analysis across the wide range of
environmental gradients within dryland landscapes. For
example, if a UAS application across elevation and pre-
cipitation gradients requires a unique analysis to charac-
terize each vegetation community, the efficiency of this
application is far less promising. The utility of UAS imag-
ery for understanding ecosystem change also raises the
question of how UAS-derived vegetation data can be
linked to ongoing and historic field data, such as vegeta-
tion monitoring plots (Gillan et al., 2020). In light of calls
to include UAS flights in data collection plans for net-
works of long-term monitoring sites (Kitzes et al., 2021;
Marvin et al., 2016), quantifying the interoperability of
UAS imagery is paramount.

In this study, we compare and contrast UAS-derived
metrics and field data from vegetation monitoring plots
across an elevational gradient in the Northern Great
Basin. Our study sites are located in the Reynold’s Creek
Critical Zone Observatory, a site with monitoring proto-
col broadly representative of long-term research net-
works, including the National Ecological Observatory
Network (Brantley et al., 2017). Our UAS-derived metrics
include dryland plant functional types (PFTs) and frac-
tional photosynthetic cover. PFTs are a classification
scheme that aggregates the diversity of plant structure
and function (Woodward & Cramer, 1996). Examples of
PFTs in drylands are grasses, forbs, shrubs, and in some
cases, trees. We also measured UAS-derived fractional
photosynthetic cover, which is the amount of “green”
canopy across a given landscape. We then evaluate corre-
lations between UAS-derived vegetation metrics and
field-based point-intercept sampling, a widely used
method for assessing plant species cover (Clark &
Seyfried, 2001). Furthermore, we assessed the efficacy of
our UAS imagery collection protocols for mapping PFTs
and fractional photosynthetic cover across three sites that
vary in elevation and species composition. We evaluated
the transferability of image protocols based on structure,
density, and spectral features of each site. We use the
term “transferability” to describe the ability to apply the
same UAS image protocols across an elevation and pre-
cipitation gradient. Our specific objectives were to:
(1) identify and map PFTs at each site; (2) map fractional
photosynthetic cover at each site; and then (3) compare
the accuracy of the PFT and fractional photosynthetic
map products between the sites along an elevation and
precipitation gradient to assess the transferability of our
protocols and methods.
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METHODS

Study sites

We conducted our research in the Reynolds Creek
Experimental Watershed (RCEW), Idaho, USA. The RCEW
encompasses an elevation and precipitation gradient
(1101–2241 m and �230–1100 mm/year, respectively),
representing the environmental heterogeneity that charac-
terizes the sagebrush steppe in the Northern Great Basin. In
2015, the USDA Agricultural Research Services (ARS)
began data collection to assess the characteristics and
long-term dynamics of sagebrush-steppe vegetation in the
RCEW. Plot design and methods for vegetation surveys
were based on guidance and procedures established by the
US Long-Term Agroecosystem Research (LTAR) network.
Key metrics of vegetation diversity are measured annually
by field crews, including species abundance, species cover,
photosynthetic cover, and dimensional measurements.

Data collection

Vegetation field data were collected to provide a reference
dataset to compare to the UAS image products. The data

were collected in 2019 at three study sites crossing the ele-
vation and precipitation gradient: Low, Middle, and High
(Figures 1 and 2). Each site is characterized by the domi-
nance of different sagebrush and other shrub species.
Wyoming big sage (Artemisia tridentata ssp. wyomingensis)
is the most common shrub species at the Low site, which
has an elevation of 1425 m. The Middle site has an eleva-
tion of 1680 m and is characterized by low sage (Artemisia
arbuscula) and codominant forbs, tailcup, and silvery
lupine (Lupinus caudatus and Lupinus argenteus). At the
High site, with an elevation of 2110 m, mountain big
sage (A. tridentata ssp. vaseyana) and Utah snowberry
(Symphoricarpos oreophilus utahensis) shrubs are codomi-
nant. Each site is 1 ha and contains 30 randomly distributed
1-m2 field plots. The point-intercept sampling method
(Clark & Seyfried, 2001) was used at each field plot to
collect data on plant species cover. A pin was lowered
100 times in each plot on a grid system; each time the
pin made physical contact with vegetation, that contact
was recorded to species level. For example, one pin drop
could make contact with several sagebrush leaves and
stems, forb and/or grass leaves and stems, and the basal
substrate. Each contact is recorded and coded as “green”
or “not green.” These data were used to estimate frac-
tional photosynthetic cover and to identify PFTs.

F I GURE 1 Elevation map of Reynolds Creek Experimental Watershed, with site location within Idaho. The study sites, along the

elevational gradient, are marked with colored circles: Low site (pink), Middle site (blue), and High site (green). Unoccupied aerial systems

true color imagery is shown from the Middle site with the plot footprint (black) and field plots (yellow) displayed.
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F I GURE 2 Photos of study sites. For reference, the plastic white frame is 1 m2. At the Low site (elevation: 1425 m), note the large
amount of bare ground with interspersed grasses and shrubs. The Middle site (elevation: 1680 m) is characterized by shrubs, forbs, and
grasses that are short and dense. At the High site (elevation 2110 m), the shrubs are tall and there is less bare ground because there are
many forbs and grasses that are dispersed rather than bunched. Below the photos, a matrix of nine images shows true color imagery,
classified imagery, and fractional photosynthetic cover imagery for each site at the same plot, respectively.
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Fractional photosynthetic cover was calculated by
taking the total number of “green” point intercepts or
hits and dividing it by the total number of hits in the
plot. For this study, “green” hits were indicated when
the sampling pin encountered photosynthetically active
material.

We used a MicaSense RedEdge 3 sensor mounted on
a DJI Matrice 600 Pro UAS platform to collect multispec-
tral imagery of each site. The drone was flown by a
Federal Aviation Administration (FAA) Part 107 certified
remote pilot from June 5 to July 9, 2019. To reduce
shadowing, all flights were completed within 2 h of solar
noon. The RedEdge is a broadband multispectral sensor:
blue (475 nm), green (560 nm), red (668 nm), red edge
(717 nm), and near-infrared (840 nm). The RedEdge sen-
sor was radiometrically calibrated using a reflectance
panel before and after each flight. We also flew a DJI
Phantom 4 with the stock red–green–blue (RGB) camera
over each site to collect imagery at a finer spatial resolu-
tion to assist with training and test data for classification
(Table 1). We used Universal Ground Control Software
(UgCS v 3.2.113 SPH Engineering, Latvia) for all mission
planning (Table 1). Thirteen ground control points
(GCPs) were placed evenly within each study site. The
location of all GCPs was recorded with a real time kine-
matic GPS. Each flight was concurrent with field data
collection. To aid in co-registration of imagery from the
two sensors, flights at a given site were conducted on
the same day using the same GCPs. All UAS data were
preprocessed in Agisoft Metashape (v 1.5.5.9097, Agisoft
LLC, St. Petersburg, Russia). For both sensors, all photos
were aligned, filtered, and exported as georeferenced
RGB and multispectral TIFFs (tag image file format)
(Table 1). The multispectral image products had resolu-
tions of 3.5 cm ground sampling distance (GSD), and

the RGB imagery had resolutions of 1 cm GSD. Within
each 1-m2 field plot, there were about 800 pixels in the
multispectral imagery.

Analysis

Mapping plant functional types

To map the PFTs, we utilized a mean shift segmentation
algorithm in ArcGIS Pro (v 2.7.3 ESRI, Redlands, CA,
USA) with the RGB imagery, which resulted in a polygon
layer over each site. We manually assigned corresponding
polygons into PFT categories. At all sites, PFT categories
included bare ground, grass, and shrubs. At the Middle
and High sites, PFT categories also included forbs and
trees; cover within these categories was minimal to non-
existent at the Low site. We then used the manually
assigned polygons, split into test and training datasets to
run a random forest classification, in ArcGIS Pro. The
classification was run only on the multispectral imagery
and the result was a classified image of PFTs for each site
(Figure 2).

Statistical analysis

All statistical analyses were conducted in R (v 3.5.2) and
RStudio (v 1.2.5001). Classification accuracy was assessed
by comparing classified polygons to polygons that had
been manually assigned PFTs. To compare the percent
cover from classified imagery to percent cover from
point-intercept field plots, we used Spearman’s rank sum
correlation tests. The correlation tests used in this study
are not to determine the “truth” of the imagery compared

TAB L E 1 Details of unoccupied aerial systems collection at each site and flight parameters used.

Sensor
GSD

(cm/pixel)
AGL
(m)

Reconstruction
error (cm)

Slidelap
(%)

Speed
(m/s) Date

Low site

MicaSense RedEdge 4.50 75 2.7 70 3 June 5, 2019

RGB Phantom 0.70 20 0.7 80 6 June 4, 2019

Middle site

MicaSense RedEdge 4.0 60 2.4 75 3 June 25, 2019

RGB Phantom 0.8 20 0.5 80 6 June 25, 2019

High site

MicaSense RedEdge 4.0 60 2.6 75 3 July 9, 2019

RGB Phantom 0.8 20 0.5 80 6 July 2, 2019

Note: Reconstruction error refers to the accuracy of point positioning in pixel units.
Abbreviations: AGL, above ground level; GSD, ground sampling distance; RGB, red–green–blue.
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with the field data but a comparison between methods
for quantifying PFT percent cover and fractional photo-
synthetic cover. Due to the difference in sampling density
between the UAS imagery and field data, we would not
expect these data to correlate precisely.

Mapping fractional photosynthetic cover

To map fractional photosynthetic cover, we calculated
multiple vegetation indices from the multispectral imag-
ery. We tested the predictive ability of the normalized dif-
ference vegetation index (NDVI), perhaps the most
commonly used vegetation index in remote sensing
(Table 2). We also tested the predictive ability of two indi-
ces designed to minimize the reflectance of bare soil,
common in dryland sites: optimized soil adjusted vegeta-
tion index (OSAVI) and modified soil adjusted vegetation
index (MSAVI) (for a full list of tested vegetation indices,
see Table 2).

To develop a metric for fractional photosynthetic
cover, the PFT polygons developed using the mean shift
algorithm were aggregated to “photosynthetic” or
“nonphotosynthetic” classes based on the high-resolution
RGB imagery. Dead shrubs and soil are examples of
nonphotosynthetic categories, while live shrubs, grasses,
and forbs were categorized as photosynthetic. For each
classified polygon, we extracted the mean vegetation
index values. We used log-loss to calculate the vegetation
index with the highest predictive accuracy for fractional
photosynthetic cover. Log-loss measures the uncertainty
of fitted probabilities, in this case, predicted fractional
photosynthetic cover, by comparing them to observed
data. For outcomes constrained between 0 and 1, log-loss
is a proper scoring rule that enables comparisons of
model performance on a continuous scale (Bickel, 2007).
Once we identified the top-performing vegetation index
for each site, we used a Bayesian logistic regression to
model the relationship between the vegetation index and

fractional photosynthetic cover. We chose to use a
Bayesian framework due to Bayesian models’ utility for
data assimilation and uncertainty propagation, including
fusing vegetation indices with other ecologically relevant
data sources (Caughlin et al., 2021). We extracted the
mean fractional photosynthetic cover for the field plots,
so each plot had a ratio of green cover based on the pixels
in the plot. We also calculated a ratio of green cover for
each plot from the point-intercept field data, based on
the total number of hits versus green hits. We then ran a
Pearson’s correlation test between the photosynthetic
cover ratios of the field plots and the imagery.

Comparing UAS imagery protocols

To evaluate the UAS image products among sites for
PFTs, we compared the overall classification accuracies
at each site and accuracies for individual classes,
using manually assigned polygons as validation data.
We evaluated the overall classification accuracy for each
site, as well as classification accuracies between sites to
gauge if there were differences within a class between
sites. We also considered the correlation tests between
the field data and the UAS data. To evaluate maps of frac-
tional photosynthetic cover, we used log-loss to compare
predictions of fractional photosynthetic cover between
vegetation indices at each site. Additionally, we consid-
ered correlation tests between the field data and UAS
maps of fractional photosynthetic cover.

RESULTS

Mapping plant functional types

We found strong correlations between UAS-derived PFT
percent cover and field data, with the exception of
the grass class, at the Middle and the High sites (Table 3).

TAB L E 2 Spectral vegetation indices and formulas used in this study.

Vegetation index Acronym Source Equation

Normalized difference vegetation index NDVI Rouse et al. (1974) (NIR [Near-infrared] � Red)/(NIR
+ Red)

Modified soil adjusted vegetation index MSAVI Qi et al. (1994) NIR + 0.5 � (0.5 � sqrt((2 � NIR + 1)
2 � 8 � (NIR � (2 � Red))))

Optimized soil adjusted vegetation index OSAVI Rondeaux et al. (1996) ((NIR � Red)/(NIR + Red + 0.16))�
(1 + 0.16)

Green normalized difference vegetation index GNDVI Gitelson and Merzlyak (1998) (NIR � Green)/(NIR + Green)

Normalized difference water index NDWI McFeeters (1996) (Green � NIR)/(Green + NIR)

Normalized ratio vegetation index NRVI Baret and Guyot (1991) (Red/NIR � 1)/(Red/NIR + 1)
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In contrast, correlations between UAS and field data
were weak at the Low site. Overall, we found UAS data
have, on average, 33% higher estimates of bare ground
than field measurements. Additionally, estimates for
grass cover from field data were 17% higher on average
than UAS data. Lastly, both field and image methods
agreed on low percent coverage for forbs (1%–10%), and
there was strong agreement between estimates of shrub
percent cover (27% field and 30% images).

The overall PFT classification accuracies from the
random forest of the multispectral data were similar for
the three sites: the Low site (70%), the Middle site (73%),
and the High site (78%). The highest PFT accuracies were
obtained for the shrub class at all sites. Misclassification
occurred mostly between ground and grass at all sites.

Mapping fractional photosynthetic cover

High accuracies of fractional photosynthetic cover were
derived from all indices (Table 4). The MSAVI-based
cover estimates had the highest predictive power,
although differences between MSAVI and other indices
were relatively small. Evaluating the MSAVI relative to
manually classified polygons, we were able to model frac-
tional photosynthetic cover with accuracies of 80%, 64%,
and 93% for the Low, Middle, and High sites, respec-
tively. In addition, slope estimates from logistic regres-
sion indicated that MSAVI values had a significant
positive relationship with fractional photosynthetic cover
at all sites: 8.1 at the Low site (95% CI: 7.7, 8.5); 3.2 at the
Middle site (95% CI: 3.0, 3.5); and 12.3 at the High site
(95% CI: 11.0, 13.6). When we applied the model relation-
ship with MSAVI to estimated surfaces of fractional pho-
tosynthetic cover and compared it with the field data, we
found significant, positive correlations between estimated
cover and field data at the Middle and High sites
(Figure 3a). We found no significant correlations between
the field data and estimated fractional photosynthetic
cover at the Low site.

We identified cover types where the models
performed with higher and lower uncertainty, based on
the spatially explicit maps of standard deviation and coef-
ficient of variation (Figure 4). The highest uncertainty
occurred for imagery pixels of mixed soil and grass and
pixels of bare soil. Pixels of dense shrub and grass had
the lowest uncertainty for all sites.

Lastly, we calculated the fractional photosynthetic
cover attributed to each PFT class at each site
(Figure 3b). We found that the distributions of fractional
photosynthetic cover values reflected the physiological
characteristics of PFTs across the elevation gradient. This

TAB L E 3 Summary of rho (r) and root mean square difference

(RMSD) values for each site and each correlation test for plant

functional types.

Statistic Shrubs Grass Ground Forbs

Low site

r 0.1 0.18 0.17

RMSD 0.32 0.32 0.4

Middle site

r 0.83* 0.3 0.7* 0.94*

RMSD 0.11 0.2 0.21 0.05

High site

r 0.58* 0.32 0.61* 0.39*

RMSD 0.25 0.21 0.39 0.13

Note: Forbs are not included for the Low site because they were too small to

be resolved in the red–green–blue or multispectral imagery. An asterisk (*)
indicates statistical significance.

TAB L E 4 Summary of predictive capacity of vegetation indices to predict fractional photosynthetic cover across sites.

Statistic NDVI GNDVI MSAVI OSAVI NDWI NRVI

Low site

Average accuracy 80 72 80 80 72 80

Log-loss metric 0.40 0.52 0.40 0.40 0.52 0.40

Middle site

Average accuracy 63 61 64 63 61 63

Log-loss metric 0.59 0.61 0.58 0.59 0.61 0.59

High site

Average accuracy 93 89 93 93 89 93

Log-loss metric 0.16 0.23 0.16 0.16 0.23 0.16

Note: Lower log-loss and higher average accuracy indicate better performance.
Abbreviations: GNDVI, green normalized difference vegetation index; MSAVI, modified soil adjusted vegetation index; NDVI, normalized difference vegetation
index; NDWI, normalized difference water index; NRVI, normalized ratio vegetation index; OSAVI, optimized soil adjusted vegetation index.
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finding demonstrates that from UAS imagery, we capture
the fine spatial scale heterogeneity of photosynthetic
cover that we observe in the field between and within the
sites.

Comparison of UAS imagery protocols
across sites

Using the same UAS imagery protocols across a gradi-
ent of sagebrush ecosystems, we were able to

successfully map PFTs and fractional photosynthetic
cover at all sites. However, the correlation with field
data varied between sites. The UAS image products
from the Middle and High sites were significantly posi-
tively correlated with the field data (Table 3). The Low
site showed no correlation between PFT fractional
cover derived from UAS imagery and field data. The
image products at the Low site had high accuracy as
stand-alone products, but they were not conducive to
tests or comparison with the point-intercept field data
collected at the Low site.

F I GURE 3 (a) Scatterplots of fractional photosynthetic cover for each site from field and remotely sensed data. UAS stands for

unoccupied aerial systems. Fifty percent and 95% confidence intervals are shown as blue ellipses. Rho (r) and root mean square differences

(RMSDs) calculated from UAS and field estimates of fractional photosynthetic cover. Asterisks (*) indicate statistically significant

correlations. (b) For each site, the bar plots represent the mean fractional photosynthetic values for randomly selected classified plant

functional types (n = 800 per site). At the Middle site, mean values for grass and ground are nearly the same, indicating high variability of

fractional photosynthetic cover in these classes. In contrast, forbs and trees have high mean values, indicating less variability in

photosynthetic cover for those classes. The spatial heterogeneity of sagebrush ecosystems is reflected in the variation of values between site

and plant functional types. In the High site, sage and snowberry are presented separately because they are spectrally distinct.
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When we mapped fractional photosynthetic cover, we
found that for all sites, MSAVI was the vegetation index
with the highest accuracy to model a relationship
between the multispectral imagery and fractional photo-
synthetic cover. Therefore, the same UAS flight and
image analysis protocols show good transferability across
the landscape gradient to map fractional photosynthetic
cover as stand-alone products.

DISCUSSION

We tested the assumption that the same UAS imagery
protocols are transferable across an elevational gradient
to map and model plant communities in the Northern
Great Basin. We found strong evidence for the transfer-
ability of UAS imagery protocols to map PFTs and

fractional photosynthetic cover. We found that correla-
tion between UAS imagery and field data varied by site.
Therefore, if agreement with field data is the goal, we
recommend testing other field data collection methods,
given the high accuracy of image products, threefold
increase in data density, and 100% plot coverage from
UAS imagery. These findings highlight the benefits and
potential for UAS monitoring and the areas where more
research is needed.

Our results emphasize the range of vegetation metrics
that can be derived from UAS flights, from discrete classes
to fractional cover. As representations of ecological com-
plexity, each potential vegetation metric has advantages
and disadvantages. Our work provides an example of the
capacity for UAS to provide spatially continuous maps of
PFTs. By reducing species diversity to generalizable classes,
PFTs can aid land management (Wainwright et al., 2019)

F I GURE 4 Example of the variability of the model to map fractional photosynthetic cover at 1-m2 scale (black box) at a Middle site

plot. Clockwise from the top left: true color, estimated photosynthetic cover, standard deviation of photosynthetic cover, and coefficient of

variation of photosynthetic cover. Darker pixels represent higher values. The highest values of variation are pixels over heterogeneous and

bare soil cover types.
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and facilitate dynamic models for the global carbon cycle
(Pandit et al., 2018). However, aggregating spectral informa-
tion into a small number of discrete PFTs risks
oversimplifying gradual changes between spatially varying
ecological communities (Hudon et al., 2021). In contrast,
continuous measurements of fractional photosynthetic
cover are well suited to represent gradual change. In this
study, we identified a vegetation index (MSAVI) that was
highly correlated with fractional photosynthetic cover
across disparate sites. Vegetation indices have proven indis-
pensable for analyses of coarser resolution imagery, includ-
ing images acquired from satellite platforms (Bannari
et al., 1995) and occupied aerial vehicles (Dahlin
et al., 2014). We propose that vegetation indices, such as
MSAVI, are well poised to aid spatial and temporal compar-
isons for UAS imagery. An overall advantage of multispec-
tral UAS imagery is the wealth of ecologically relevant data
products that can be derived from flights, including both
discrete and continuous vegetation metrics.

Mapping plant functional types

For the PFT classified imagery, we found the strongest
correlation with UAS and field data at the Middle site
and no correlation at the Low site. Despite the fine spa-
tial resolution imagery that we used to develop our train-
ing and test data, many of the forbs and grasses at our
sites were too small to classify or count confidently.
There was a high proportion of grass plants of less than
5-cm diameter in all the sites, and these plants are not
resolved because of the flight height limitation of the
multispectral imagery; flying lower than 45 m above
ground level will result in poor alignment of bands.
Thus, errors of omission occurred for grasses in UAS clas-
sifications relative to field-based classification. The struc-
tural properties of some of the grasses and forbs are such
that <1 cm/pixel could be required to resolve these plants
as features for classification. We would likely need to fly
at a lower altitude in the sites described here or with a
different sensor to resolve the smallest plant types like
grasses and forbs. The most appropriate scale remains
unclear, as a segmented feature at one scale can be
homogeneous but heterogeneous when viewed at a differ-
ent scale (Hossain & Chen, 2019). Detecting and differen-
tiating between soil, forbs, and grasses is a continual
challenge for remote sensing in drylands (Dashti
et al., 2019; Gillan et al., 2014). Classification results
would likely be different if we had UAS imagery through-
out the growing season, since multiple studies have
shown improvements in classification accuracy due to
unique phenology of plant species (Chen et al., 2017;
Dudley et al., 2015; Lu et al., 2017). Our results would

also likely be improved with the inclusion of structural
data, which can be acquired from UAS imagery via
structure-for-motion algorithms (Gillan et al., 2020). In
this study, we did not include structural data as comput-
ing the structure-for-motion point cloud can be computa-
tional and time intensive, which may be a limitation for
user groups who wish to apply these drone imagery pro-
tocols. Nevertheless, UAS-derived structural measure-
ments can accurately represent plant height and
aboveground biomass in dryland ecosystems (Cunliffe
et al., 2016; Howell et al., 2020) and would likely improve
classification accuracy of PFTs.

Sagebrush shrubs play a key role in ecosystem pro-
cesses in the high deserts of western North America and
we want to highlight the potential for mapping this spe-
cific plant type. The shrub class of PFT had the highest
user accuracy across all three sites: Low (74%), Middle
(67%), and High (62% for sagebrush and 80% for snow-
berry). Woody shrubs function as islands of fertility in
arid ecosystems, and as such, they promote soil carbon
storage and provide a niche for other native plants and
microbes (Ochoa-Hueso et al., 2018). PFT maps could be
used to monitor shrub cover and structure over time. Soil
samples associated with known shrub locations would
allow for the creation of an interpolated map of the
microbial community linked to PFTs that facilitate soil
stabilization, water movement and storage, and nitrogen
fixation (Kattenborn et al., 2019). From the structure of
the individual plant to the composition within a commu-
nity, shrubs provide insights into ecosystem productivity
in the Northern Great Basin.

Mapping fractional photosynthetic cover

The models to estimate fractional photosynthetic cover
performed best on pixels over homogeneous and continu-
ous ground cover, including dense shrubs and large forbs.
However, the most common ground cover in drylands is
heterogeneous, a mix of soil, plant litter, and small
grasses and forbs. This finding is similar to the results of
UAS-based measurements of fractional vegetation cover
in Tibetan grasslands where model performance was best
over more homogeneous areas (Chen et al., 2016). We
partially attribute the strong positive correlation between
field and UAS data at the Middle site to the inherent
structural properties of the plant community. The shrubs,
grasses, and forbs are all relatively short and dense at the
Middle site; the average height of grasses is 15 cm
(�13.8 cm) and the shrubs are 36 cm (�12.5 cm). In con-
trast to the other sites, the shrubs at the Middle site are
so short that few forbs and grasses grow beneath them—
there is little to no understory and less background noise
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from bare soil. As a result, the UAS and field methods
are well correlated because the sampling environments
are the most structurally homogeneous.

The model estimates of fractional photosynthetic cover
for each of our sites are 24% higher than the field data. This
result is likely due to the difference in sampling resolution
between the field and image data. Green vegetation is less
likely to be underestimated because of the high sampling
resolution and spectral data from the UAS imagery. For
example, soil biocrusts, a critically important feature in dry-
land ecosystems, are detectable in UAS imagery (Havrilla
et al., 2020), but may not be recorded in point frame field
plots. We also note that the UAS imagery covered the
entirety of the 1-ha sites, while the field plots covered 0.3%
of each site. We found that the UAS pixel density was three
times higher per square meter than the point frame field
measurement density. Compared with UAS data,
point-intercept data collection has low sampling density
and coverage. There is an overwhelming benefit to
increased spatial extent and sampling density because of
linkages between remotely sensed fractional photosynthetic
cover and ecosystem processes (Lehnert et al., 2015).

The fractional photosynthetic cover imagery could pro-
vide detailed spatial distribution data for future studies that
relate to phenology and energy fluxes in drylands. Similar
to sites in the National Ecological Observatory Network,
the location of our study sites in proximity to eddy covari-
ance flux towers is ideal for merging remotely sensed tem-
poral measurements of fractional photosynthetic cover with
GPP fluxes at the towers. Increased spatial extent and sam-
pling density are advantageous for studies that seek to link
remotely sensed fractional photosynthetic cover and ecosys-
tem processes (Lehnert et al., 2015). There is a need for fur-
ther investigation between flux tower measurements and
the utilization of vegetation indices to understand better the
mechanisms of the terrestrial carbon cycle (Xiao
et al., 2019), as the structural diversity and distribution of
plants play an important role in heat fluxes and carbon
exchange (Griebel et al., 2020). These methods could be
extended over time to track and analyze the impacts of
global change on plant communities in drylands or other
sparsely vegetated ecosystems.

Methods agreement between UAS data
products and point-intercept data

In this study, we compared UAS data products to
point-intercept data collected in 1-m2 field plots. While
correlations between field and remotely sensed data were
generally strong, discrepancies between methods, partic-
ularly at the Low site, indicate the need for field valida-
tion methods specifically aimed at ground-truthing UAS

imagery. Point-intercept methods are a classic and widely
used approach to quantifying vegetation density and
cover in the field (Clark & Seyfried, 2001), yet present
some disadvantages for comparison with spatially contin-
uous UAS data products. The resolution of our UAS
products was much finer than the point-intercept plots,
with around 800 pixels within a single field plot, intro-
ducing potential mismatches due to aggregation. Direct
observation of photosynthetic cover is also subject to
human bias, for example, decisions on whether a yellow
leaf counts as photosynthetic or not. In contrast,
sensor-based observations present continuous measure-
ments of greenness that can reduce bias (Fisk et al.,
2019). Despite these challenges, we believe comparisons
of UAS data products and traditional field methods are
still valuable, for example, to understand how contempo-
rary UAS imagery relates to historical data. For optimal
comparisons of on-the-ground data and UAS imagery,
field methods that record the precise location of different
plant species and cover types may be more valuable than
plot-based methods (Gillan et al., 2020). Trade-offs in
allocating effort toward different field methods warrant
further investigation as remotely sensed measurements
become integrated into networks of long-term monitor-
ing sites (Kitzes et al., 2021).

Comparing UAS imagery protocols

We used the same UAS flight and image analysis proto-
cols to create maps of PFTs and fractional photosyn-
thetic cover across an elevational and precipitation
gradient of sagebrush ecosystems. Despite the differ-
ences in sagebrush subspecies communities, we were
able to map and quantify commonly used ecological
metrics. We found that our protocols for mapping shrub
classes had the greatest transferability across an eleva-
tion gradient, which is broadly applicable given the inte-
gral presence of sagebrush in the Great Basin. When
planning UAS surveys, it is critical to define the desired
end products before the flights occur and answer ques-
tions such as follows: What is the smallest plant that
needs to be resolved in the imagery? Are additional spec-
tral data needed? As many replicated field sites transi-
tion to UAS use, consideration of the end goals and
transferability of UAS imagery protocols will maximize
per flight efficiency of data collection, processing, and
analysis. While sagebrush ecosystems are the focus of
this paper, our methods, analyses, and lessons learned
are widely applicable to ecosystems with fine-scale het-
erogeneity in vegetation structure, from arctic tundra
(Fraser et al., 2016) to lava flows undergoing primary
succession (Larrue et al., 2020).
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CONCLUSIONS

In this study of sagebrush ecosystems, we investigated
whether the same UAS imagery protocols were transfer-
able along an elevational and precipitation gradient. We
assessed the accuracy of classified PFT and estimated
fractional photosynthetic cover maps. The same UAS
imagery protocols were transferable across the landscape
gradient for the accuracy of the maps. In contrast, the
correlation between the field data and UAS imagery was
inconsistent between sites. For maps of PFTs, sites with
small forbs and grass and a high amount of bare ground
likely required pixel resolution of less than 1 cm to
achieve stronger agreement with field data. UAS imagery
can be used to model fractional photosynthetic cover at
fine spatial scale resolution, with coverage and sampling
density that greatly exceeds field data. This is a key
advantage in ecosystems where individual plant cover
varies at scales far below the applicability of satellite plat-
forms. Lastly, linking the PFT imagery with fractional
photosynthetic cover imagery allowed us to estimate the
variation of contributions of PFTs to fractional photosyn-
thetic cover at peak biomass. Altogether, our results
speak to the great promise of UAS for spatially extensive,
continuous measurements of fine-scale variation in eco-
system structure. The time is right to implement UAS as
a standard tool for monitoring.
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