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Monitoring ecological characteristics of a tallgrass
prairie using an unmanned aerial vehicle
Ryan C. Blackburn1,2,3 , Nicholas A. Barber4 , Anna K. Farrell1, Robert Buscaglia5,
Holly P. Jones1,6

Site-specific conditions, climate, and management decisions all dictate the establishment and composition of desired plant com-
munities within grassland restorations. The uncertainty, complexity, and large size of grassland restorations necessitate mon-
itoring plant communities across spatial and temporal scales. Remote sensing with unmanned aerial vehicles (UAVs) may
provide a tool to monitor restored plant communities at various scales, but many potential applications are still unknown. In
a tallgrass prairie restoration located in Franklin Grove, IL, we used UAV-based multispectral imagery to assess the ability
of spectral indices to predict ecological characteristics (plant community, plant traits, soil properties) in the summer of 2017.
Using 19 sites, we calculated the moments of 26 vegetation indices and four spectral bands (green, red, red edge, near infrared).
Models based on each moment and a model with all moments were estimated using ridge regression with model training based
on a subset of 15 sites. Each tested for significant error reduction against a null model. We predicted mean graminoid cover,
mean dead aboveground biomass, mean dry mass, and mean soil K with significant reductions in cross-validated root mean
square error. Averaged coefficients determined from cross-validation of ridge regression models were used to develop a final
predictive model of the four successfully predicted ecological characteristics. Graminoid cover and soil potassiumwere success-
fully predicted in one of the sites while the other two were not successfully predicted in any site. This study provides a path
toward a new level of ease and precision in monitoring community dynamics of restored grasslands.
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Implications for Practice

• Unmanned aerial vehicle (UAV) imagery accurately pre-
dicted mean graminoid cover, mean dead aboveground
biomass, mean dry mass, and mean soil K. This provides
incentive to use ridge regression, a technique that allows
for the incorporation of a large set of spectral indices
and spectral diversity measures (i.e. standard deviation,
coefficient of variation, skewness, kurtosis).

• UAV-based monitoring programs could provide man-
agers with affordable quantitative information describing
plant community characteristics and soil properties, and
their relationships with restoration practices
(e.g. prescribed fires, seeding, herbicide application)
and/or climate across multiple spatial and temporal
scales.

Introduction

Grasslands are one of the most diverse and productive ecosys-
tems and cover roughly 40% of the earth’s terrestrial surface
(White et al. 2000). They also modulate ecosystem functioning
worldwide, as evidenced by their pivotal role in the global car-
bon cycle (Andrade et al. 2015). However, grassland

biodiversity and the services grasslands provide are also
severely threatened, which makes conserving and restoring
them a top priority (Henwood 1998; Andrade et al. 2015).
Grassland restoration practices aim to restore diversity and func-
tioning by improving degraded lands and reconverting historical
grasslands from other land uses, primarily agriculture, to create a
more heterogeneous landscape (Rowe 2010; Klopf et al. 2017).

The most common methods for restoration of tallgrass prai-
ries in North America include seeding, reinstating disturbance
regimes, hydrological restoration, and continued invasive spe-
cies removal (Rowe 2010). These techniques create spatial var-
iation dependent on when and how they are applied. For
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example, grazing and fire are both disturbances, but they have
differing impacts on biotic and abiotic aspects of the ecosystem
(Knapp et al. 1999; Anderson 2006) and can interact to have
synergistic effects (“pyric herbivory”) (Fuhlendorf et al. 2009).
Further, restored grasslands undergo succession, so plant com-
munities and functioning also can vary with time since restora-
tion (Weber 1999). Spatial variations in the presence or timing
of disturbances, time since restoration, and restoration tech-
niques create a heterogeneous system with different patterns of
variation at different spatial scales (e.g. one restoration vs. a
landscape of restored sites). Monitoring the trajectory of restora-
tions is already difficult with traditional on-ground methods and
commonly never occurs (González et al. 2013; Holl 2017). The
heterogeneity of grassland restorations increases the difficulty of
monitoring vegetation, soil, and other ecosystem properties
through the extrapolation of on-ground methods, especially
across large spatial scales (Ali et al. 2016).

Remote sensing data allow researchers and land managers to
address this issue of scale and heterogeneity, and restoration
studies and monitoring programs have begun using these data
more commonly within the last decade (Ali et al. 2016; Reif &
Theel 2017). Since the launch of the first Landsat satellite in
1972, remotely sensed data have been incorporated into plant
community monitoring to describe variation at large spatial
scales (Holmgren & Thuresson 1998; Xie et al. 2008). The
advancement of satellite and aerial sensor technology, and the
development of vegetation indices (e.g. Normalized Difference
Vegetation Index, NDVI), have provided information on plant
communities, plant traits, and soil properties over large scales.
These data have been incorporated into models to predict eco-
system metrics such as leaf area index, growth type, and total
canopy nitrogen (Holmgren & Thuresson 1998; Xie
et al. 2008; Ling et al. 2014; Reif & Theel 2017; Xu et al. 2018).

Recent trends in open source data have drastically lowered
the cost of certain satellite imagery such as Landsat (Kelly &
Di Tommaso 2015). Unfortunately, satellite and manned aerial
based imagery still lack the high spatial and temporal resolution
often necessary to describe the fine-grain heterogeneity present
in tallgrass prairie restorations. High-resolution (spatial and
temporal) multispectral satellite imagery, such as Worldview
(spatial resolution of 1.34 m2), does provide data that may help
overcome the obstacles of lower resolution imagery but may be
cost-prohibitive when repeated sampling is necessary to
describe spatiotemporal variability (Reif & Theel 2017).
Unmanned aerial vehicles (UAVs), on the other hand, provide
even greater spatial resolution (1–10 cm2) and can be flown on
demand, yielding temporal resolutions equivalent to flight times
(Anderson & Gaston 2013; Cordell et al. 2017). As a result,
there has been a growing movement to experiment with UAV-
acquired data in ecological studies.

The use of UAVs in environmental science and ecology has
rapidly expanded over the last decade (Reif & Theel 2017;
Nowak et al. 2019). Control of flight times, flight areas, and
which sensors (e.g. lidar, multispectral, hyperspectral) are
attached to the UAV provide users with an enormous range of
potential applications, from counting wildlife to mapping indi-
vidual plant populations. For example, Hodgson et al. (2018)

found that counting the number of seabirds within colonies
was more accurate when automated though UAV imagery than
with trained field technicians. Mishra et al. (2018) tested the
ability to identify individual tree species along a tree line eco-
tone in Nepal and found approximately 70% accuracy using
UAV imagery alone. Grassland applications have largely been
limited to quantifying the presence of a single species, landcover
and vegetation types, biomass, and disturbances such as pre-
scribed burns (Zweig et al. 2015; Cruzan et al. 2016; Lorah 2018;
Lussem et al. 2019; Melville et al. 2019). However, Lu and He
(2017) successfully mapped groupings of dominant species
within a grassland using a modified RGB camera to incorporate
a near infrared (NIR) band. These results show promise for the
ability of UAVs to provide detailed information through a
low-cost sensor (in comparison to costly hyperspectral or lidar
sensors). However, the accuracy and precision of this approach
is still uncertain in a highly heterogeneous habitat, such as
restored tallgrass prairie. If low-cost UAV systems can accu-
rately measure ecological characteristics, UAVs could mas-
sively expand the monitoring effort of tallgrass prairie
restoration and provide insight into the effects of restoration
practices through a much more timely and cost-effective
approach.

In this article, we evaluate the potential applications of UAV-
derived data within restored tallgrass prairies using an afford-
able sensor and UAV. We use penalized regression (Friedman
et al. 2010) to predict the mean and standard deviation of 33 eco-
logical characteristics across a chronosequence of prairie resto-
rations. These characteristics fall within three types of
ecological information (plant communities, plant traits, and soil
properties) of interest to restoration practitioners. If plant com-
munities, traits, and soil properties can be predicted using
remote sensing technology, this would be an important advance
in the ability to scale up from plot-scale measurements to large-
scale landscapes, long considered an important goal in ecology
(Underwood et al. 2005; Denny & Benedetti-Cecchi 2012).

Methods

Study Site

This study took place in summer 2017 at Nachusa Grasslands, a
1,400-ha preserve in Franklin Grove, IL, owned by The Nature
Conservancy. Total annual precipitation for 2017 measured
804 mm, compared to an annual mean of 947 mm. Nachusa
contains a mosaic of restored and remnant (never plowed but
managed) tallgrass prairie sites with varying disturbance
regimes. Along with these varying management activities, dif-
ferent plots of land at Nachusa have been restored since the
1980s, yielding a chronosequence of restoration ages (Fig. 1).
These attributes create a heterogeneous landscape with varying
plant community types and provide an ideal landscape to test
the predictive capabilities of UAV imagery in a heterogeneous
environment.

Managed disturbances allowed us to sample across a range of
conditions within restored tallgrass prairie communities at the
research site. Prescribed fires are applied frequently at Nachusa
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to maintain ecosystem functioning with return intervals ranging
from 1 to every 4 years. Bison were reintroduced to a large,
fenced portion of the preserve (600 ha) in 2014 to provide graz-
ing disturbance, with the goal of increasing plant diversity and
heterogeneity. Our study used 18 restored sites and one remnant
with seven sites in the bison unit and 12 sites outside of the bison
unit, representing 4–31 years since restoration (Fig. 1). Overall,
the sampling design represented the range of conditions within
the typical restored tallgrass prairies found at Nachusa
Grasslands.

Field Data

Plant Community Characteristics. Within each of the
19 sites, grids (60 × 60 m) were established with 25 points
spaced 15 m apart. The 25-point grid was originally designed

for studying small mammal communities. By randomly select-
ing 10 points per grid, we were still able to capture the variation
in plant communities present at each site. A quadrat (0.25 m2)
was placed at each point for a total of 190 sampled quadrats.
We identified vegetation and estimated cover to the species level
between 15 and 17 August, 2017. Cover was estimated between
0 to 100% based on the stem basal area coverage per quadrat.
Plants were identified using Williams (2010) and Wilhelm and
Rericha (2017) guidelines. Plant cover by functional groups
(i.e. C3 grasses, C4 graminoids, N-fixing forbs, non-N-fixing
forbs, all forbs), Shannon diversity, richness, and a percent gra-
minoid:forb ratio were calculated for each quadrat. The mean
and standard deviation for each plant community characteristic
were then determined based on all 10 quadrats for each site.
These values represent the plant community characteristics we
set forth to predict; standard deviations of site characteristics

Figure 1. Study design of restoration sites representing different variations in disturbance and restoration history indicating a heterogeneous landscape. Planting
boundaries are indicated by gray polygons while site boundaries are represented by polygons colored by a gradient of years since fire. The false color image was
taken by the UAV with the site boundary and plant community quadrat locations shown in yellow.
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were determined to assess the potential to predict differences in
community variation within sites. Descriptions of all ecological
characteristics can be found in Table S1.

We also collected biomass across the sampling grids from a
0.01 m2 quadrat adjacent to each plant community survey quad-
rat (n = 10 per site) between 14 and 18 August, 2017. All plants
within the smaller quadrat were clipped 2 cm above ground
level. Aboveground biomass was sorted into dead, graminoids,
and forbs prior to drying and weighing. A soil core (15 cm deep,
2 cm diameter) was collected from each aboveground biomass
quadrat. Soil was rinsed from roots, and they were dried and
weighed to determine belowground biomass. Mean and stan-
dard deviations of biomass were determined for each site and
used as ecological characteristic responses.

Plant Trait Characteristics. Functional trait data were col-
lected for the 10 most abundant species at each site between
17 and 28 July, 2017. A total of 10 individuals per species were
selected randomly across the same sampling grid as the plant
community data. When individuals of a species in the top
10 were unavailable, another common species was substituted
so the sampled species comprised greater than 60% of plant
cover. Leaf samples were chosen from mature individuals with
little sign of damage and were taken from the highest point. Leaf
samples were wrapped in moist paper towels, placed in a plastic
bag, and kept in a cooler of ice to avoid desiccation. Some traits
required immediate measurements and were analyzed within
4 hours (leaf toughness and fresh mass for leaf dry matter con-
tent). Other measurements (specific leaf area, leaf dry matter
content, and leaf C and N content) were measured after the sam-
ples were pressed and dried. Community weighted means and
standard deviations were calculated for each site using the R
package lefse (Swenson 2014).

Soil Property Characteristics. Soil properties were measured
across the same grid as all other measurements. Five locations
within each site were randomly selected and soil was collected
from the top 10 cm. Soil material was sent to Midwest Laborato-
ries in Omaha, NE, for analysis. Mean and standard deviations
for each soil property were calculated for each site.

UAV Data

Image Collection and Processing. UAV imagery covering
the 19 sites across Nachusa was acquired between 15 and 25
July, 2017 using a Parrot Sequoia plus multispectral sensor
(Parrot, SA, Paris, France). These dates overlapped with plant
trait data collections. However, plant community data were col-
lected after the drone acquisition followed by biomass. Tallgrass
prairie biomass generally peaks in early August (Owensby
et al. 1993), and we are assuming little plant growth occurred
between flight and biomass data collection. Flight times were
between 11:00 hours and 15:00 hours to maintain a relatively
consistent sun angle. The Parrot Sequoia plus is a lower-cost
multispectral sensor designed for agriculture and has a built-in

GPS with approximately 1–3 m locational accuracy. Spectral
information for this sensor is collected across four bands: green
(550 nm), red (660 nm), red-edge (735 nm), and NIR (790 nm).
This sensor was mounted on a Parrot Disco Pro AG fixed wing
UAV and flown at 122 m. Automated drone piloting software
(Pix 4D capture, Pix4D SA, Prilly, Switzerland) guided the
UAV to collect images across a designated flight path with a
minimum of 80% forward overlap and 75% side overlap. Ortho-
mosaics for each site were created and converted to surface
reflectance using Pix4D software. The resulting spatial resolu-
tion of each image was approximately 12.5 cm2.

Extraction of Spectral Indices. For all sites, each corner loca-
tion of the 60 × 60 m grid was recorded using a Garmin eTrex
20 with approximately 3 m locational accuracy (Garmin Inc.,
Olathe, Kansas, U.S.A.). We used these corner locations to cre-
ate boundary shapefiles for each site (Fig. 1). Shapefiles were
then visually assessed and confirmed to encompass each
60 × 60 m grid within the orthomosaics. Orthomosaics for each
site were then cropped using the boundary shapefiles. The
resulting orthomosaics were then assumed to represent the target
area of inference. Any addition or subtraction of pixels from the
study site during cropping were minimal. Additionally, these
added or missing pixels were a part of the larger restoration
(same time of establishment and subsequent management) and
assumed to represent the sample area (Fig. 1). Twenty-six spec-
tral indices were chosen based on relevant uses in the literature
(Table S2). For each index, a function was created in R (R Core
Team ;2019) that calculated the index for each pixel in the
image. For each spectral index and band, we calculated several
moments (mean, standard deviation, coefficient of variation,
skew, kurtosis) within each site (i.e. index moments were esti-
mated across the 60 × 60 m grid). This produced 150 indepen-
dent variables (130 from spectral indices and 20 from the
individual bands) determined from each of the 19 restoration
sites. Predictors were subset based on each moment creating a
total of six possible predictor sets per response: (1) mean subset,
(2) standard deviation subset, (3) coefficient of variation subset,
(4) skew subset, (5) kurtosis subset, and (6) full model (i.e. all
predictors). We also included restoration age as a predictor to
inform each model of known variations as a result of the chron-
osequence. Finally, a null model was created using only the
intercept for comparison.

Statistical Analysis

To begin our analysis, 15 out of the 19 restoration sites were
selected to represent the training data for model estimation.
These 15 sites were used to establish predictive models for the
mean or standard deviation of each of the restoration character-
istics introduced in Table S1. The remaining four restoration
sites not used during model estimation served as the testing data
to evaluate the predictive performance of each final model.
Twenty-four of the response variables were log transformed to
meet assumptions of normality, and predictions were back trans-
formed to validate models (Table S3). Penalized regression
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models were estimated using the 15 testing sites based on
L2-penalization of coefficient magnitude, also known as ridge
regression (Friedman et al. 2010). Estimation of ridge regression
models was performed using glmnet (Friedman et al. 2010).

Ridge regression applies a penalty to the coefficient magni-
tudes providing stabilized estimation of linear coefficients under
conditions of highly correlated predictors, which is expected
when multiple indices are calculated from the same pixel. The

effect of the penalty term is a shrinkage of the coefficient magni-
tude toward zero. Penalization also improves upon ordinary
least squares in that stable solutions exist for the estimation of
models with more predictors (p) than the collected sample size
(n). Regularization methods, such as this approach, are an ideal
case for this analysis because our sample size (n = 15) was much
smaller than our predictors (p = 151 for full models and p = 31
for subset models) (Tibshirani 1996; James et al. 2013), typical

Figure 2. Predicted ecological characteristics across a single UAV acquisition covering 55.8 ha. Multiple restorations fall within the single acquisition. Each
pixel (60 m × 60 m) was predicted with the averaged coefficients from the cross-validated ridge regression model.
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of restoration projects in which a limited number of manage-
ment units are monitored. Ridge regression was chosen specifi-
cally due to the high correlation between predictors that
commonly results from spectral indices (Fig. S1).

Ridge estimation requires the selection of a penalization
parameter (λ) for effective shrinking of coefficient magnitudes
and improved prediction. The magnitude of λ was established
prior to final model estimation using cross validation (Friedman
et al. 2010). Models were produced based on the seven distinct
predictor subsets for the mean or standard deviation of each of
the 33 ecological characteristics. Model estimation was validated
using 10 × 5-fold cross validation. This provided 50 models per
predictor set for each ecological characteristic of interest along
with an assessment of the test set root mean square error
(RMSE). RMSE provides ameasure of error based on normalized
sum of squared differences between the predicted and observed
responses. The square root is then taken to convert the error back
to the original unit of measure. The goal for effective predictive
modeling is to minimize the resulting test set RMSE based on
cross-validation. A model that produces a minimized test set
RMSE will also have strong predictive performance (James
et al. 2013). When the test set RMSE has been properly reduced,
the predictive model is achieving an error rate on par to the vari-
ation that may be observed within the ecological setting
(i.e. irreducible error). Final models were chosen based on signif-
icant reductions in RMSE in comparison to the null model using a
corrected t value for repeated k-fold cross validation (Bouckaert
& Frank 2004). To account formultiple comparisons, we adjusted
the p values using false discovery rate (Benjamini & Hoch-
berg 1995).Models were considered to have significantly reduced
the error against the null model with a p value less than 0.2. We
chose a larger threshold due to the loss of power from our small
sample size. This allowed us to find potential relationships that
would have been missed with a smaller threshold. If more than
one model was significantly improved in comparison to the null,
the model with the lowest mean RMSE (mRMSE) was chosen.
Responses without models that outperformed the null model were
left out of further analysis.

For the four characteristics in which models significantly
reduced the error against the null model, we chose to further val-
idate how well the ridge estimated models were performing by

predicting the ecological characteristics of the four excluded
sites. A final predictive model was then produced by averaging
the coefficients of the 50 cross-validation iterations. The final
models were used to predict the responses in the four sites
excluded from the model estimation process. Using the pre-
dicted and observed ecological characteristics, we determined
the magnitude of the deviations (absolute distance between pre-
diction and observed) between the predictive model and the
excluded site observed characteristics. We considered a predic-
tion of a single site’s characteristic to be acceptable if the devia-
tion was less than the test set mRMSE. To provide an example of
the use of such predictions, we used the same models for each of
the four characteristics to predict them across an UAV
acquisition.

Results

The results of cross-validation of ridge estimated linear models
based on UAV image-derived vegetation indices are summa-
rized for the mean and standard deviation of each ecological
characteristic in Tables S3 and S4. Because there are no effec-
tive standards yet for acceptable error rates for predicting these
characteristics, Table S3 and S4 represents novel testing error
rates for the prediction of ecological characteristics based on
UAV spectral indices.

Of the 66 responses evaluated in this work, four were found to
have significantly reduced test set RMSE in comparison to the
null model. Characteristics of two types (i.e. plant community
and soil) were found to be significantly improved in comparison
to the null including mean graminoid cover (p = 0.09), mean
dead aboveground biomass (p = 0.09), mean dry mass
(p = 0.08), and mean soil K (p = 0.14). These four characteristics
only describe mean values. No variables describing plant traits
or the standard deviation of the any characteristic were found
to have significantly reduced RMSE in comparison to the null
model. Additionally, three of the final models consisted of the
predictors from the skew subset while mean graminoid cover
consisted of the full model (Table 1). An example of the use of
these four models in use with an UAV aquisition can be seen
in Figure 2.

Table 1. Assessment of predictedmean ecological characteristics for each of the four excluded sites (CCWE,HPW, TCR,WH) duringmodel estimation and the
four characteristics for which models significantly reduced the error against the null model. The table gives the cross-validated test mean root mean square error
(mRMSE), which represents the irreducible error determined during model estimation. The final four columns give the absolute deviation between the predicted
characteristic and observed characteristic for each of the excluded sites. Predictions were assessed as having acceptable error if they fell within the mRMSE of the
observed characteristic. Each acceptable deviation is bolded. Penalty values used during the ridge modeling are included for reproducibility.

Response Model Penalty (λ) mRMSE CCWE HPW TCR WH

Plant community characteristics
Mean graminoid cover (%) Full 114.288 8.017 7.789 29.489 12.106 16.639
Mean dead aboveground biomass (g) Skew 3.667 0.970 4.250 0.836 3.886 8.451
Mean dry mass (g) Skew 2.549 0.038 0.176 0.169 0.161 0.190
Plant trait characteristics
— — — — — — — —

Soil property characteristics
Mean K (ppm) Skew 406.819 37.383 128.435 80.939 181.790 77.889
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Validation of the final model performance showed two
instances where the absolute deviation was within the test set
mRMSE. Magnitudes of model coefficients for all 50 iterations
are displayed in the supplemental materials (Figs. S2–S5). The
models predicting mean graminoid cover and mean dead above-
ground biomass both had one of four acceptable predictions.
Mean dry mass and mean soil K models were unable to predict
a site with a deviation below the test set mRMSE (Table 1).

Discussion

Our analysis has demonstrated the ability of a low-cost UAV
monitoring system to predict four important ecological charac-
teristics within a heterogeneous restored landscape, including
characteristics that describe plant communities and soil proper-
ties. Even with a limited sample size, use of UAV-derived mean,
standard deviation, skew, kurtosis, and coefficient of variation
spectral indices as predictors of ecological characteristics can
produce reliable models for managers to assess restorations at
the landscape scale. Overall, we found that mean graminoid
cover, mean dead aboveground biomass, mean dry mass, and
mean soil K could be predicted with UAV imagery. Despite hav-
ing few acceptable predictions for the left-out validation sites,
the significant relationships found for the four characteristics
should be further explored by reducing the limitations discussed
below. Although these findings suggest UAV imagery may be
unable to predict the wide array of characteristics we attempted
here, they provide evidence that UAVsmay be able to give man-
agers important information about plant community and soil
property characteristics.

The characteristics that could be successfully predicted with
drone-obtained imagery underscores the potential uses of multi-
spectral UAV imagery in heterogeneous grasslands. Most UAV
imagery has been limited to quantifying landcover types, single-
species cover, vegetation biomass, and disturbance regimes
(Zweig et al. 2015; Cruzan et al. 2016; Lorah 2018; Lussem
et al. 2019; Melville et al. 2019). Further, many studies use more
advanced, higher-cost sensors (e.g. hyperspectral) and height-
derived information (which requires on-ground measurements)
to classify the landscape, or do not yet take advantage of spectral
distributions through upscaling to predict characteristics of
interest (Cruzan et al. 2016; Lorah 2018; Lussem et al. 2019;
Pérez et al. 2019). Even studies using other types of remotely
sensed data (e.g. satellite or ground sensors) still rely on more
advanced sensors or the direct relationship of single indices to
response variables such as the relationship of NDVI to species
richness (Ling et al. 2014; Wang et al. 2016). Here, we success-
fully predicted characteristics that can provide a range of ecolog-
ical insights by calculating all potentially influential spectral
indices and the distribution of these indices over a given site.
Further, ridge regression is rarely used in the remote sensing lit-
erature, but has been used to investigate soil moisture, land tem-
perature, and plant traits (Fan et al. 2017; Kang et al. 2018;
Moreno-Martínez et al. 2018). Our approach provides a frame-
work for future studies to apply ridge regression to UAV imag-
ery, to build on this type of modeling for grassland metrics, and

to further refine the outcomes to better understand landscape-
scale variation in community and ecosystem properties.

While this study provides insight into site-level (60 × 60 m)
estimates, it is limited by both sample size and spatial scale.
Due to the collection methods for field data and lack of sub-
meter GPS, we were restricted to making site-level inferences
which confined our sample size to the number of study sites
for which we had collected field data. Nonetheless, this is a scale
relevant to management decisions, as multiple sites (one site
approximately 0.36 ha) often fit in an individual restoration
which are commonly several hectares in size. This would allow
managers to see variations of mean characteristics across a sin-
gle management unit. Additionally, our results suggest that an
increase in sample size may increase the accuracy of models
for metrics that were both well and poorly predicted by our
models. This is illustrated by the deviations of excluded sites
TCR and WH, which produced zero acceptable predictions.
Although we tried to evenly pair sites by restoration age, TCR
and WH are unique in that TCR is the only remnant in the study
and WH is the only restoration closely adjacent to savanna hab-
itats, with some level of woody encroachment. Because these
twowere randomly chosen to be left out of the training data, they
were not properly represented, and our models were unable to
make good predictions given the site conditions. In contrast,
CCWE and HPW contain site conditions well represented
throughout the model and had at least one acceptable prediction
given our condition of falling below the cross-validation
mRMSE. Unsurprisingly, this means that sites that generally
are more similar to those in the training set will be better pre-
dicted by resulting models. We thus hypothesize that model
accuracy would increase with a larger, more representative train-
ing model sample size (James et al. 2013).

By calculating statistical summaries based on several
moments (i.e. mean, standard deviation, coefficient of variation,
skew, kurtosis) of spectral indices across sites, we have created
more informative predictors but at a loss of spatial inference.
Coefficient magnitudes represent how influential each spectral
index statistic is on the given response. We found that the skew
subset generally outperformed the other model sets except when
modeling graminoid cover. Graminoid cover was largely driven
by indices’ standard deviations and means across the site. Wang
et al. 2016; 2018 used the coefficient of variation as a measure of
spectral diversity for a hyperspectral sensor and related this to
plant diversity on the fine scale (<10 cm). Spectral diversity
can be measured in a variety of ways and has been linked to var-
ious chemical and physical plant traits (Asner & Martin 2009;
Schweiger et al. 2018). Because of the high spatial resolution
of our UAV imagery (12.5 cm), our data capture the spectral
diversity of each vegetation index. Here, we captured spectral
diversity using a variety of moments. The influence of different
moments on successfully predicted responses varied
(i.e. skewness, standard deviation, mean) indicating that spectral
diversity should be explored in a variety of ways when predict-
ing plant or soil characteristics. Because this study is limited to
the 60 × 60 m sites, we are unsure of how well these moments
would work on a different scale. Future UAV studies should
investigate the use of calculated dispersion statistics at finer
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spatial scales such as averaging pixels within a vegetation quad-
rat when high-precision GPS is available.

Our findings suggest that UAV imagery produces data that
can model tallgrass prairie characteristics that are useful in resto-
ration monitoring at a landscape scale. Characteristics relating to
plant communities and soil properties can provide restoration
practitioners with insight into how these variables are impacted
by management decisions. For example, in tallgrass prairies,
bison reintroductions are being used to promote more heteroge-
neous and diverse restorations through increasing forb abun-
dance thought to be driven by a decrease in graminoid cover
(Biondini et al. 1999; Knapp et al. 1999; Eby et al. 2014).
UAV-derived models could allow practitioners to quantify the
“success” of bison reintroductions by monitoring changes in
graminoid cover. Further, soil potassium has been shown to cor-
relate with the distribution of C3 and C4 plant communities and
some forb genera (Barnes et al. 1983; Parker et al. 1993). With
regular monitoring using UAV-derived models, temporal trends
of potassium could be accurately estimated and paired with
other temporal trends of plant communities.

Bridging the gap between our study and the routine use of
UAV-based monitoring in grassland restoration management
is closer than it may seem. This research used a low-cost UAV
platform that is accessible to many restoration practitioners,
and the FAA has created a straightforward path to becoming a
UAV pilot through the small UAV rule (Wallace et al. 2017).
With additional research supporting this study, the modeling
of UAV imagery could be autonomous through a future web
platform much like those in agriculture today (Koptilina
2019). Cloud-based computations could produce mapped met-
rics in relation to plant communities, plant traits, and soil prop-
erties providing a cheaper landscape approach to restoration
monitoring and planning. The future of grassland restoration
will inevitably rely on advances in technology, and future
research must try to link these advances to restoration monitor-
ing and management.
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