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Abstract: Invasive plants are non-native species that can spread rapidly, leading to detrimental
economic, ecological, or environmental impact. In aquatic systems such as the Sacramento-San
Joaquin River Delta in California, USA, management agencies use manned aerial vehicles (MAV)
imaging spectroscopy missions to map and track annual changes in invasive aquatic plants. Advances
in unmanned aerial vehicles (UAV) and sensor miniaturization are enabling higher spatial resolution
species mapping, which is promising for early detection of invasions before they spread over larger
areas. This study compared maps made from UAV-based imaging spectroscopy with the manned
airborne imaging spectroscopy-derived maps that are currently produced for monitoring invasive
aquatic plants in the Sacramento-San Joaquin Delta. Concurrent imagery was collected using the
MAV mounted HyMap sensor and the UAV mounted Nano-Hyperspec at a wetland study site and
classification maps generated using random forest models were compared. Classification accuracies
were comparable between the Nano- and HyMap-derived maps, with the Nano-derived map having
a slightly higher overall accuracy. Additionally, the higher resolution of the Nano imagery allowed
detection of patches of water hyacinth present in the study site that the HyMap could not. However,
it would not be feasible to operate the Nano as a replacement to HyMap at scale despite its improved
detection capabilities due to the high costs associated with overcoming area coverage limitations.
Overall, UAV-based imaging spectroscopy provides comparable or improved capability, and we
suggest it could be used to supplement existing monitoring programs by focusing on target areas of
high ecologic or economic priority.

Keywords: imaging spectroscopy; invasive species; hyperspectral remote sensing; unmanned aircraft;
UAV; aquatic vegetation

1. Introduction

Invasive plants are a rapidly growing global concern due to their negative ecological
and economic impacts. The introduction of invasive plants often results in the extinction of
native plants and a reduction in biodiversity, either by outcompeting or hybridizing with
native species [1–3]. Under most scenarios, invasive plants arrive without their co-evolved
competitors or parasites allowing them to spread rapidly, replacing native plants without
assuming their ecological roles. Plant invasions have been shown to modify ecosystem
processes such as nutrient availability, nutrient cycling, soil chemistry, water tables, hydrol-
ogy, food waste, and habitats [4]. Management of these potentially detrimental impacts is
complicated by changes in climate [5] and intensified by increases in invasion frequency
due to globalization [6,7]. Human-mediated introductions of invasive plants are most
common and tend to be more rapid, increasing propagule pressure and exacerbating the
threat of the economic and environmental damages associated with invasive plants [8–10].

Over a decade and a half ago, global costs associated with the management of invasive
plants were estimated at $34.6 billion as a result of approximately 25,000 foreign plants,
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and costs are bound to be higher now as globalization has increased [2]. To mitigate the
economic and environmental damage, governmental cooperation and management on na-
tional and international levels are required. The United Nations Sustainable Development
Goal 15, Life on Land, includes a focus on invasion prevention, control, and eradication [11].
Other governmental bodies such as the European Environmental Agency (EEA) and the
United States National Invasive Species Council (NISC) are also working to improve global
management capabilities. The EEA has developed indicators summarizing invasion trends
and biodiversity threats and the NISC has been attempting to standardize data formats
and protocol [1]. Understanding invasion origins, pathways, and processes is a key step in
management and require geographic observations.

Imaging spectroscopy, or hyperspectral remote sensing, has become a favored tool
for invasive plant species mapping due to its synoptic viewpoint and its proven success in
providing sufficient spectral data to differentiate between species within complex commu-
nities such as wetlands [12–17]. The capability to detect plant traits and species using this
technology coupled with map creation is invaluable for monitoring and managing invasive
plants [18]. For this reason, airborne imaging spectroscopy campaigns have become a com-
mon practice because they offer the spectral information necessary to discriminate between
species sharing similar attributes [1] while having moderate to high spatial resolution
needed to detect species patches.

Improvements in the technology of unmanned aerial vehicles (UAV) and sensors now
offer the potential to fill critical gaps between field surveys and manned flights. Manned
flights provide a much larger geographic coverage, but the tradeoff is the loss of the ex-
tremely high spatial detail associated with field surveys. UAV sits between this range of
capability, providing imagery with a geographic footprint smaller than manned flights but
larger than the single points provided by field survey, and are capable of imaging difficult-
to-access areas such as wetlands. UAV also have high operational flexibility and low
costs relative to manned flights as well as the extensive field campaigns required for field
surveys [19,20]. This gives UAV the potential to support more frequent, small-footprint
acquisitions. The capability to launch on-demand enables better characterization of phe-
nological stages, differences in phenology between species, and allows sampling during
specific events such as floods or herbicide treatments. Multispectral cameras or simply
high-resolution RGB (red green blue) cameras are the most commonly used sensors on
UAV; however, newer pushbroom imaging spectrometers, such as the Headwall Nano-
Hyperspec, (Headwall Photonics, Bolton, MA, USA) with its light weight and high quantity
of spectral bands, offers tremendous potential for mapping species. Despite the historical
difficulty in achieving consistent spectral and radiometric quality from UAV-mountable line
scanners [21], studies have shown success in providing detailed community mapping in no-
toriously difficult regions such as wetlands [22] and grasslands [23]. However, the question
remains of how UAV imaging spectroscopy-generated maps compare with MAV imaging
spectroscopy maps, which are routinely used for the management of invasive species.

The objective of this study is to highlight the scientific, operational, and economic
feasibility of UAV imaging spectroscopy for invasive species monitoring in wetland envi-
ronments by comparing the mapping performance of an imaging spectrometer mounted
on an UAV to one mounted on a manned aerial vehicle (MAV) that is used routinely for
monitoring. The UAV-mounted sensors offer much higher spatial resolution than aircraft-
mounted imaging spectrometers but have lower spectral quality, and smaller spectral
range, and a smaller spatial footprint due to lens specifications and UAV flight restric-
tions. Manned airborne campaigns typically have high spectral resolution and range,
moderate spatial coverage, and low revisit time due to the complexity of flight planning
and costs. The Nano-Hyperspec imaging spectrometer was flown concurrently with the
HyMap imaging spectrometer during its annual mission to collect imagery for invasive
aquatic plant mapping. The data collected by UAV were used to build a random forest (RF)
model and create a thematic map. This was compared with a map created from the MAV
data as part of the University of California Davis’s aquatic weed-mapping program in the
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Sacramento-San Joaquin Delta in California, which follows a similar mapping approach
using random forest.

2. Materials and Methods
2.1. Study Site and Target Classes

The Sacramento-San Joaquin River Delta, the upstream component of the San Fran-
cisco Estuary is the largest tidal freshwater estuary in the western United States. It is a
heavily engineered system consisting of complex waterways, reclaimed islands support-
ing agriculture, and flooded islands that support lake-like and wetland environments.
It provides habitat for numerous species and has a disproportionately important role in
providing vital ecosystem services [24,25]. It also serves as the major water hub for wa-
ter in the state. The Delta is also one of the most invaded ecosystems in the world [26].
Invasive aquatic plants have been detrimental to water pumping [27], water quality [28,29],
commerce, recreation [30], and have impacted native species [4].

Efforts to map and monitor invasive aquatic plants in the Delta using airborne imaging
spectroscopy have been under development dating back to 2003, led by the Center for
Spatial Technologies and Remote Sensing (CSTARS) at UC Davis [12,15,16,31]. Imaging
spectroscopy data have been collected annually from 2003—2008 and from 2014—to the
present and aquatic invasive species mapping is considered near-operational.

A MAV-mounted imaging spectrometer was tasked by CSTARS to collect imagery
in April 2019 across the entire Delta. We used this opportunity to collect concurrent
UAV-based imaging spectroscopy to compare its mapping capabilities using the near-
operational MAV-derived maps as a benchmark. The UAV study area consisted of two
roughly 200 × 200 m areas near Miner Slough and the Sacramento Deepwater Shipping
Channel, as shown in Figure 1. This region was selected because it contained two inva-
sive aquatic macrophytes as well as other common species or classes found throughout
the Delta [32].
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Figure 1. Maps of the study region. (a) Map of the study area with HyMap flight lines from 2019; (b) Close-up of
Nano-Hyperspec acquisition area and ground reference points.

Two major floating invasive species of concern in the Delta are water hyacinth
(Eichohornia crassipes) and water primrose (Ludwigia spp.). Water hyacinth is a perennial,
mat-forming floating aquatic plant that has been a problematic species in the Delta for
decades [33]. Mats of water hyacinth can double biomass within 10 days [34], quickly
overtaking areas, decreasing water quality and quantity by decreasing dissolved oxygen
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content and increasing transpiration [31,35], and obstructing waterways for commerce and
recreation [36]. Water primrose is a problematic amphibious plant that can form floating
mats. Its amphibious capability in addition to fast growth rates has made it a threat to the
Delta, endangering native species and wetland restoration projects in the region, as well as
posing a threat to humans because primrose mats provide habitats for mosquitos trans-
mitting the West Nile virus [4]. As the primary focus of this investigation, they are the
only species-level classes included. Other land cover classes listed in Table 1 were chosen
to align with existing classes in HyMap-derived maps created by CSTARS in 2018 [32].
Field photos of the vegetation classes can be seen in Figure 2. The non-photosynthetic veg-
etation class was added to the Nano map post-classification using a normalized difference
vegetation index (NDVI) threshold because it was not identified as a separate class during
the ground reference survey.

Table 1. Classes of interests and descriptions for the unmanned aerial vehicle (UAV) and manned flights.

Map Class Description

Unclassified Unclassified land cover or area outside of analysis

Bare Ground Asphalt, gravel, levee riprap, and bare soil

Emergent Vegetation (EMR) Cat tail (Typha spp.), common reed (Phragmites australis), giant reed (Arundo donax), and tule (Schoenoplectus spp.)

Water Hyacinth Water Hyacinth (Eichhornia crassipes)

Water Primrose Water Primrose (Ludwigia spp.)

Riparian Shrubs and trees in the area including willow species (Salix spp.)

Submerged Aquatic Vegetation (SAV) Numerous species; dominant ones include: Brazillian waterweed (Egeria densa), coontail (Ceratophyllum demersum),
and watermilfoil (Myriophyllum spicatum) [37]

Water Water

Other Vegetation Species or cover not observed in the UAV study region including pennywort (Hydrocotyle spp.)
and mosquito fern (Azolla spp.)

Non-Photosynthetic Vegetation (NPV) Senescent or dead vegetation

Figure 2. Field photos of vegetation classes.

2.2. Imaging Spectroscopy Data

The Headwall Nano-Hyperspec is a small, 0.5 kg, pushbroom imaging spectrometer
that can be mounted on a UAV. It can be purchased as a turnkey package including a DJI
M600Pro UAV, DJI Ronin gimbal, calibration tarps, and software (Headwall Photonics,
Bolton, MA, USA). The DJI M600Pro is a six-rotor UAV system weighing 10 kg with a
1.133 m diagonal wheelbase. It has a maximum take-off weight of 15 kg and an approxi-
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mately 16-min flight time at that weight. The Nano records radiance in 270 bands of visible
and near-infrared light across 400 to 1000 nm. Additional sensor specifications can be
found in Table 2. By flying at an altitude of 115 m, the Nano-captured imagery with a 5.1 to
5.4 cm spatial resolution, varying slightly due to ground topography and wind conditions.
The imagery was collected between 12:30 and 13:15 PDT on 9 April, 2019. Solar radiation
was approximately 907 w/sq.m and windspeed was roughly 11.4 kph during the flights.
The UAV was flown over two regions and sixteen flight lines were collected, eight flying
into and eight flying away from the solar plane. The raw image cubes collected by the
Nano were converted to radiance using a dark calibration of the sensor conducted preflight,
then the imagery was orthorectified and converted to reflectance cubes using Headwall’s
SpectralView software (Headwall Photonics, Bolton, MA, USA) along with a reflectance
tarp, and ENVI 5.5 (L3 Harris Geospatial, Boulder, CO, USA).

Table 2. Sensor and Platform Specifications.

HyMap Nano-Hyperspec

Type whiskbroom pushbroom
Spectral Range 450–2480 nm 400–1000 nm

Number of bands 128 270
Spectral Resolution 15–18 nm 2.2 nm

Signal to Noise >500:1 >15:1 (1000 nm) < 140:1 (550 nm)
Spatial Resolution * 1.7 m 0.051 m

Swath Width (FOV◦) 61.3 15.85
Operational Altitude >458 m ** <122 m ***

Platform 1975 Rockwell International 500-S DJI-M600P

* Note: spatial resolution is not only dependent on the sensor but also the flight altitude. ** Typical lowest safe
altitude according to FAA. *** Maximum altitude for UAV without FAA approval.

The HyMap sensor, operated by HyVista is a whiskbroom sensor system consisting
of an Si detector array and three InSb array modules that provide contiguous spectral
sampling across the visible, near-infrared, and shortwave infrared regions. It has a 60◦

field of view (FOV) with an instantaneous field of view (IFOV) of 2.5 mr along-track and
2.0 mr across-track mounted on a gyro-stabilized platform and the detector array has
512 pixels [38]. From 9th to 12th of April 2019, HyVista flew HyMap over the Sacramento-
San Joaquin Delta. The data were collected with a ground resolution of 1.7 m with a 20%
overlap in flight lines. HyVista performed geo-correction and atmospheric correction using
proprietary HyCorr software, an ATREM-based model for correction to apparent surface
reflectance and delivered the data to CSTARS at UC Davis for further processing. CSTARS
currently uses a random forest machine learning algorithm for their near-operational
aquatic weed mapping. CSTARS provided the classified HyMap raster for use in this study.

2.3. Ground Reference Data

Plant species geolocations of the target classes in Table 1 were collected during the
week following the concurrent flight on 16–18 April for use in training for Nano thematic
classification. Using a 2017 HyMap classification map obtained from CSTARS, a stratified
random sampling scheme was used to create 200 points –10 points per class per flight box
to visit in the field and record [39]. This sampling design was chosen to maintain random
sampling as best as possible while still collecting a sufficient number of samples from
each class. Of the 200 ground reference points created, 84 were accessible via a Zodiac
Mk. II inflatable boat. At these points the target classes present were documented, photos
were taken, and additional information regarding patch sizes and the surrounding area
was recorded. A Trimble Geo7X RTK kit with a Zephyr-3 antenna was used to record
global navigation satellite system (GNSS) location. Because of the high spatial resolution
of the Nano-Hyperspec imagery, great effort was taken to maximize positional accuracy
of this survey, and corrected GNSS coordinates fell within a 10 cm range after conducting
a differential correction using GPS Pathfinder Office (Trimble, Sunnyvale, CA, USA).
Class imbalance or low quantities of reference data for classes has been shown to hinder
the performance of classifiers [40], thus points not accessible via watercraft were labeled
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using a photographic and spectral interpretation of the UAV collected imagery aided by
Google Earth Imagery and USDA National Agriculture Imagery Program (NAIP) aerial
imagery. There were very few water hyacinth ground reference points and many patches
were senescent during the April survey. To compensate for this, additional datapoints
were added for the water hyacinth class by creating vegetation patch polygons in the UAV
imagery. Then points were randomly sampled from those polygons to provide additional
12 reference points, totaling 179 ground reference points within the study region, as shown
in Figure 1B.

2.4. Classifier

RF models [41] are a popular choice for remote sensing for the classification of species
from various types of imagery [1] because they have been successfully used to produce
high accuracy classifications in complex environments [42–44]. Support vector machine
algorithms (SVM) [45] are another popular classification method that has been used success-
fully for mapping species as well [46,47] and there is evidence suggesting that improved
performance of RF or SVM over the other may be dependent on the target classes [48].
RF was selected as the classification method by CSTARS for monitoring invasive species
in the Delta after nearly a decade of research and development. Previous approaches
include statistical modeling, multiple endmember spectral mixture analysis, supervised
classification techniques such as spectral angle mapping, boosted regression trees, and bio-
physical models [4,12,16,49–51]. Based on this previous success, RF was also chosen as the
classification method for this study. The RF models used to classify the Nano data were
constructed and evaluated using the caret [52] and randomForest [53] packages in the R
programming language (R Foundation for Statistical Computing, Vienna, Australia).

Although RF often have improved classification accuracies over other methods,
they lack a direct quantification error [54]. However, it is important to quantify RF un-
certainty because poor model inputs can cause considerable errors in classification [55]
and random forests are sensitive to spatial autocorrelation [56]. To account for this, a boot-
strapping procedure of building multiple random forests for each model was used to
capture the range of accuracies of the RF, where the model run randomly selected a dif-
ferent sample of training and independent test data. After bootstrapping the RF models,
accuracies metrics for each model were examined, including overall accuracy, producer’s
accuracy, and user’s accuracy [57], as well as Cohen’s Kappa statistic [57]. Overall, accuracy
is a measure of the total number of correct class predictions relative to the total quantity of
predictions. Producer’s accuracy is a measure of how well a predicted class matches labeled
reference data, comparable to a true positive rate. User’s accuracy is a measure of how often
predictions are misclassified similar to the positive predictive value. Kappa is an adjusted
overall accuracy metric that incorporates a random chance that classification will match its
labeled reference data. Kappa was calculated for comparison purposes but otherwise is
not discussed in this study due to its similar functionality to overall accuracy [58,59].

RF Modeling

The RF model inputs included reflectance data, occurrence texture data, a forward
minimum noise fraction (MNF) transformation, 80 spectral indices (Table S1), and object-
based image segments. Occurrence textures metrics and forward MNF transformation
were calculated using ENVI 5.5. The 80 spectral indices included are associated with plant
biophysical properties. They were calculated using the R programming language, and the
formulae from the hsdar package [60]. Object-based image segments were calculated
using a Large-Scale Mean-Shift of the green, red, NIR bands in the segOptim package [61]
in R utilizing the Orfeo ToolBox [62]. Segmentation parameters were optimized using an
iterative procedure [63,64]. After rigorous testing, 1000 trees were selected to use in the
RF algorithm

Two small experiments were performed to determine the impact of training and test
data quantities and imagery acquisition direction on RF accuracy and uncertainty. Different
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proportions of labeled data for training and testing were examined in a bootstrapped
approach to evaluate the effects of training data quantity and quality on model performance.
Test data quantities were varied from 15–55% and training data quantities from 85–45% and
for each split, 1000 RF models were built based upon the random selection of training and
independent test data. To determine if flight direction had an effect on model performance,
training and test data were restricted based on flight direction: toward the solar plane,
away from the solar plane, or both. The best performing experimental parameters were
then used in the final model set. A flow diagram of the entire classification process is
shown in Figure 3.
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In addition to reducing the computational burden of so many variables, there is evi-
dence that reducing data dimensionality does not decrease RF performance [65]. Therefore,
variable importance based upon the mean decrease in accuracy and the mean decrease in
GINI was used to winnow the number of input variables from 1700 to the 500 used in the
final classification model.

2.5. Mapping

The ‘best’ performing model was selected from the bootstrapped sets and used to classify
the imagery. To improve spatial coherency of the Nano thematic map, post-classification
clumping using a 3 × 3 pixel window to eliminate isolated pixels in ENVI 5.5. NPV (non-
photosynthetic vegetation) was excluded from the classification originally because the goal was
to identify the class present in as much detail as possible regardless of health. To compare the
classification maps, all vegetation classes with an NDVI threshold of below 0.3 were reclassified
as NPV.
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Map Comparisons

The Nano and HyMap thematic maps were compared in three ways:

• Class Area
• Percentage of Nano pixels in agreement with HyMap pixels
• Upscaled Nano agreement with HyMap

The class area comparison neglects a positional component but highlights variation
which may be due to differences in minimum mapping unit, especially for rare classes.
The second method, percent pixel agreement, quantified the frequency of different classes
from the Nano map occurring within each HyMap pixel, and then compared the percentage
of Nano pixels that agree with each HyMap pixel as seen in Figure 4. The third comparison
upscaled the Nano map to the HyMap resolution in two ways: The nearest neighbor
resampling, and a mode resampling, which reclassified pixels in the Nano map based
upon the mode of the Nano pixels occurring within a HyMap pixel as shown in Figure 4.
Both were compared using a confusion matrix using the HyMap map as a reference.
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3. Results
3.1. Model Accuracies

The map-making model selected for classification of the Nano imagery had an overall
accuracy of 94.1%, performing better than the HyMap classification for 2019, which had an
overall accuracy of 85.7%. Overall accuracies and Kappa values for the Nano and HyMap
classification models can be seen in Table 3. For water hyacinth, the Nano classification
had a producer’s accuracy of 87.5%, and user’s accuracy of 100%, while in 2019 the HyMap
classification had a producer’s accuracy of 93.2% and a user’s accuracy of 89.9%. For water
primrose, the Nano classification had a producer’s accuracy of 100% and a user’s accuracy
of 50%, while the HyMap classification separated water primrose into two classes based
upon density, producer’s accuracies of 90.4% and 74.6%(high and low density, respectively)
and user’s accuracies of 94.9% and 94.4% (high and low density, respectively).

The selected classification model for the Nano data was from the upper quantile of
accuracies in the final bootstrapped model set. The final set was built using a training/test
split of 65/35% and was trained with flights in the toward solar plane direction applied to
imagery collected during fight away from the solar plane. The set had a median overall
accuracy of 82% as shown in Figure 5. Overall accuracy ranged from 75.3% to 95.3%
encompassing the overall accuracies of the HyMap classification in Table 3. Median species-
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specific producer’s accuracies were all over 75% with the exception of water primrose.
Median user’s accuracies showed a similar trend, with water primrose accuracy again
being the lowest.

Table 3. HyMap and Nano Classification Performance by Year.

Year Sensor Classification Model Overall Accuracy Kappa Coefficient

2019 Nano RFC 153 0.941 0.926
2019 HyMap CSTARS 0.857 0.830
2018 HyMap CSTARS 0.908 0.900

The training/test split for the selected Nano model was 65/35%. The decrease in CSTARS classification perfor-
mance in 2019 was due to a lower quantity of labeled reference data for some classes in 2019.
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3.2. Variable Reduction and Importance

Reducing the overall quantity of variables from 1702 to 500 had no effect on the median
overall accuracy of the bootstrapped model sets. There was, however, a significant change
in the distribution of accuracies based upon a Chi-squared (χ2) test for independence
(χ2 = 23.609, df = 1, p < 0.01) [66]. The bootstrapped model sets with 500 variables had a
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broader distribution of values. Species-specific accuracies trended accordingly, maintaining
a similar median accuracy after variable reduction but increasing in variance.

Spectral indices proved to be the most common variables with high importance
and a list of those used can be found in Figure 6. Several are narrow-band vegetation
indices related to chlorophyll concentrations and the red edge (Table S1), highlighting
the importance of hyperspectral data. The fifth component of the MNF transformation
(MNF_5) was the most important variable according to the model, and other important
variables were reflectance at 503 nm (RF_503), and mean texture occurrence metrics for
bands 50, 52, and 158 (Mean_50, Mean_52, and Mean_158).
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3.3. Maps

While a qualitative evaluation of the Nano map compared with the HyMap map
shows general agreement, the HyMap classification found no water hyacinth, one of the
focal invasive plant targets known to be present in the study area, while the Nano did
detect it. The higher spatial resolution of the Nano map is evident, and there is greater
detail in the spatial complexity of patches in Figure 7. For example, channels of water flow
scouring through the SAV (submerged aquatic vegetation) mats are evident, as are smaller
patches on the map. There is also an additional “speckle” in the Nano map. Some of this
may be resulting noise/class confusion between classes that have high spectral similarity,
such as the emergent class, which contained large amounts of senescent or just greening
reed and brushes. But the speckle may also be representative of the highly heterogeneous
nature of the environment.

3.3.1. Class Area Comparison

The Nano classification quantified much larger areas of the rare target classes water
hyacinth and primrose compared to the HyMap classification. Total class area comparison
showed 1589 m2 of water hyacinth within the study site while the HyMap map showed
no occurrences as shown in Table 4. The Nano classification found over 300% more water
primrose (1617 m2) than the HyMap classification. Additional comparison of class area
coverage showed that the classes with the best matchup between the Nano and the HyMap
are water, with a roughly 9% difference, and bare ground, with a roughly 8% difference.
Riparian shows the third-best agreement with a 15% difference in area coverage, and NPV
and SAV show a difference in total area coverage of 25% and 29% respectively. All other
classes differed by 30% or more in total area coverage.
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Table 4. Class area coverage for the HyMap, Nano, nearest neighbor (NN) resampled Nano, and moving window resampled
Nano maps.

Class HyMap Area (m2) Nano Area (m2) Nano NN Resampled Area (m2) Nano MW Resampled Area (m2)

Bare ground 858.3 930.4 956.6 1002.8
EMR 19,097.1 12,077.1 14,687 11,666.9

Water Hyacinth 0.00 1589.4 124.3 145
Water Primrose 349.7 1616.5 317.9 17.3

Riparian 14,952.9 12,583 11,456 13,146.6
SAV 6988 9023 8594.9 8869.4

Water 41,269.2 44,822.9 42,422.3 41,257.6
Other 679.2 0 0 0
NPV 13,577.2 16,989.3 20,883.1 21,177.9

Upscaling the Nano maps reduced quantities of the rare target classes of water hyacinth
and water primrose. The area of water hyacinth in the resampled Nano map decreased by
ten-fold, from 1589 m2 to below 150 m2 with both upscaling methods. Decreases were also
substantial for water primrose, from 1617 m2 to 318 m2 for the nearest neighbor resampled
area and only 17 m2 for the moving window resampled area.

3.3.2. Percent Pixel Agreement

The percent pixel agreement comparison showed a very high level of agreement
between more homogenous classes, such as water. Sparsely distributed classes like water
primrose had a lower agreement between them. Around the edges of clumps of a class,
there was a gradient decline in agreement shown in Figure 8.

When pixel percent agreement was averaged by class, water had the highest agreement
between the maps at 88.5%, and water primrose, one of the target classes had almost none,
with only 4.17% Additional mean agreement values are in Table 5.

3.3.3. Upscaled Nano Maps Compared to HyMap Comparisons

There was a 71–72% matchup (overall accuracy) between predicted upscaled Nano
maps and the predicted HyMap map. Both methods of upscaling the Nano map have a
general agreement with the HyMap map, with similar errors of omission and commission
across all classes, as seen in Table 6. Errors of omission are the ratio of pixels from each
class on the upscaled map that did not match the HyMap map to pixels of that class in the
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HyMap map, and errors of commission are the ratio of pixels of a class that did not match
the HyMap map to the pixels of that class in the upscaled map. Both methods of upscaling
eliminated any matchup of the rare, sparsely distributed water primrose class between
the maps.

Figure 8. Classified HyMap map, and frequency maps showing regions of Nano pixels within a HyMap pixel and their level
of agreement with the HyMap class. Note: water hyacinth was omitted because HyMap found none in the study region.

Table 5. Mean agreement and standard deviation between HyMap pixel and Nano pixels contained
within by class.

Class Mean Agreement Standard Deviation

Bare Ground 31.92% 3.15%
Emergent 30.82% 28.77%.

Water Hyacinth NA NA
Water Primrose 4.17% 6.63%

Riparian 62.62% 36.97%
SAV 47.64% 43.12%

Water 88.50% 28.67%
NPV 69.17% 32.71%

Table 6. Errors of omission and commission were calculated from the confusion matrix for the
upscaled Nano maps using HyMap as a reference. Note: Absent classes had no occurrences in one of
the maps.

Type Class Resampled Moving Window

Overall Error 29.18% 28.12%

Omission Error

Bare ground 63.97% 61.51%
EMR 58.95% 58.62%

Water Primrose 100.00% 100.00%
Riparian Shrub 32.56% 30.04%

SAV 50.79% 50.52%
Water 11.54% 11.13%
NPV 18.55% 15.96%

Commission Error

Bare ground 67.72% 67.72%
EMR 32.65% 32.65%

Water Primrose 100.00% 100.00%
Riparian Shrub 21.10% 21.10%

SAV 61.19% 61.19%
Water 11.34% 11.34%
NPV 46.38% 46.38%

4. Discussion
4.1. Model Accuracies and Comparison

The lower user’s accuracy for water primrose throughout the model set is likely the
result of low labeled data quantities and general class sparsity in the study area. From a
management standpoint, it is concerning that the user’s accuracy of water primrose from
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even one of the best performing models was so low; it implies that half of the sites identified
would not contain primrose. The consequence could be an increase in operational time
for treatment. However, the high producer’s accuracy means that if water primrose were
present in the area of concern it would be labeled properly and would not go untreated,
a critical piece of information for early intervention and spread control.

The high accuracies for detection of water hyacinth are encouraging, especially because
much of the small quantity of water hyacinth present in the study area was senescent at
the time of acquisition, which often makes it difficult to differentiate from other senescent
vegetation [51]. Mostly senescent water hyacinth also proved problematic for detection by
the HyMap model produced by CSTARS, in which reference data from 2018 was used in
the 2019 classification because there were too few labeled reference data for water hyacinth
in 2019 [42]. This decreased MAV classification performance from the prior year, as seen
in Table 3.

There was some confusion between primrose and riparian shrubs due to their simi-
larity in appearance. Within the study site, water primrose appeared mostly inland in the
study area and was not flowering at the time the imagery was acquired. However, given its
amphibious nature and recent reports of rapid encroachment into upland marsh [4], it may
also be the case that this was accurately mapped as a nascent invasion at this site, and the
error is associated with an error in the field data in these difficult to access sites.

It is important to note that the selected model accuracies are in the upper quantile of
the bootstrapped models, meaning it is unlikely that a repeat study would have a similar
result without bootstrapping random forest iterations; but the goal in selection was to create
the best map possible to fit the acquired data and the best candidate was selected. This also
illustrates the importance of quantifying uncertainty in this, and other machine learning
approaches. Low quantities of labeled data also were another probable cause impacting
performance for the Nano generated map; however, this is difficult to disentangle from
the impacts of not having information in the SWIR. The SWIR has been shown to be a
useful predictor for classifying vegetation, specifically for discriminating between SAV,
and floating or emergent vegetation [16,67]. This is due to the high absorption of water
within this range of the spectrum, and absorption by compounds like cellulose and lignin
that help differentiate different structural elements of the canopy [68], especially for floating
aquatic plants [15].

The results of the reduction in RF variables aligned with our expectations that data
reduction may impact accuracies in various ways but should not drastically reduce perfor-
mance. The reduction in data was considered a necessity due to the high computational
overhead associated with keeping all 1702 variables, a challenge common in the literature
of RF classification for remote sensing despite the use of high-performance computing
resources [69]. Data reduction has long been an objective of imaging spectroscopy studies
to reduce computational overhead and data redundancy [70–72] and studies have also
shown that data reduction can improve model performance if only the most important
variables are retained [73]. RF is relatively robust to redundant input variables [65], though
maybe not to correlated predictor variables, which may result in inflated accuracy re-
sults [74]. Furthermore, when high dimensional datasets like this one are combined with
small amounts of training data, issues such as misclassification due to imbalanced class
composition of the training data may be exacerbated [75]. While RF is robust to redundant
data, and computational burdens are lessened by the rapid advances and access to HPC
computing across the remote sensing community, data volumes continue to grow, especially
for extremely high spatial resolution, high spectral resolution UAV-applications. Thus,
eliminating redundant and unimportant variables seemed helpful. In this study, the high
quantity of spectral data associated with imaging spectroscopy appears useful, especially
in the NIR, with several bands in the 740–770 nm region being identified as important.
Conversely, this could be a result of the variables being correlated which would inflate
accuracy metrics. Common UAV mountable multispectral sensors have a single NIR band
located above 800nm which would miss much of this key information. It is also important
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to consider the effect of lower signal-to-noise ratios in the NIR region of the Nano spectra
likely had. Noise increased upon proximity to the largest detectable wavelength (1000 nm)
as expected from the sensor specifications (Table 2). The reduced spectral quality of the
Nano sensor in this region may have reduced its importance in the model.

4.2. Nano vs. HyMap Maps: How Do They Compare?

Qualitative assessment of the maps suggested that the Nano has the capability to
detect smaller patches of species as expected, which is important to locating invasive plants
for treatment. This is further supported by in-field experience in the study site and visual
assessment of species and quantities present in the area. For example, water hyacinth
patches mapped in the Nano imagery were small and mixed with emergent and non-
photosynthetic vegetation as shown in the field photo in Figure 9. Furthermore, the water
hyacinth in this region was not detected by the HyMap classification but was by the Nano
as seen in Figure 10. This highlights the ability of the higher resolution UAV technology to
obtain more detailed information, which may be helpful for the management of invasive
species in the region.

Figure 9. Field photo of water hyacinth in the UAV study region, showing its proximity to emergent
and NPV which make detection difficult.

The quantity of water hyacinth present in the Nano map and absent completely in
the HyMap map is significant considering its rapid growth rate [34]. Typically, direct area
comparisons are not helpful when assessing classification performance because errors
of omission and commission can cancel each other out, in which case having good area
matchups between classes may have little meaning [76]. However, in this situation, the area
comparison highlighted the usefulness of the Nano’s higher spatial resolution via the
detection of water hyacinth and the differences in areal coverage of classes give insight into
potentially improved detection capabilities.

Spatially aggregating the Nano data by upscaling using the nearest neighbor approach
and the moving window mode resulted in an increase in dominant class abundance and
a reduction in minor class abundances. This was unsurprising for the moving window
upscale as majority based aggregation typically shows these results [77]. Though not a
majority-based aggregation, nearest neighbor resampling chooses the closest point which
will have a bias toward dominant classes due to their abundance. The substantial reductions
in the class area after upscaling for both water hyacinth and water primrose further
illustrate the importance of minimum mapping unit considerations for rare classes, whether
they be clumped or dispersed.
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Figure 10. Close-up of the location with the most water hyacinth present. (a) HyMap map;
(b) Nano map, showing the improved spatial detail as well as some class confusion.

The percent pixel agreement shows high agreement in more homogenous areas of the
study site while showing lower pixel agreement in more heterogeneous areas, which may
hint at better fine-scale detection of sparse or distributed classes from the Nano. The very
low agreement of water primrose suggests that it is either being misclassified by the Nano
due to lack of reference data or because of the amphibious nature of water primrose, it is
spreading into the emergent vegetation making it more difficult to detect using the coarser
grain HyMap imagery.

4.3. Management Relevance and Operational Considerations

The capability of the higher spatial resolution UAV based sensors to detect rare classes,
such as water hyacinth in this study, is valuable for monitoring management interventions
such as early herbicide applications; however, the small footprint of UAV operations would
make this process difficult to implement broadly. Specific, targeted deployment at problem
areas identified from the previous growing season is likely the best implementation of this
process. In addition to the increased detail possible with the UAV, flexibility of deployment
could be a benefit. The 2019 HyMap flight over the Delta was conducted in early April,
slightly too soon to catch the greening of water hyacinth at a large scale. This is evidenced
by the lack of training data reported by CSTARS and their use of data from previous
years to map water hyacinth during 2019, likely resulting in their lower accuracies for that
year. Maps built using the UAV imagery had a similar accuracy range to that of those
created with HyMap during more successful years, but also provided a much higher spatial
resolution. As mentioned, the primary disadvantage of using UAV would be the cost and
logistics of putting large-scale UAV mapping into practice as approximated in Table 7.

The small spatial footprint of the Nano would require thousands of flights to cover
the entire Delta region covered by HyMap, even with multiple UAV units. Table 7 shows
estimates of time, data volume, and deployment cost to fly the entire Delta with HyMap
and the Nano. For this estimate, the high overlap used in this study to acquire imagery
from two directions was abandoned, effectively halving the time estimates, data volume,
and associated deployment costs. Even with this reduction, using the Nano to cover the
entire Delta would likely be cost-prohibitive. Time estimates include four hours of collection
time per day corresponding to solar windows, plus launch preparation time, downloading
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data, and travel amounting to roughly the other 4 working hours per day. Approximate
data volume estimates for HyMap consist of all storage required including intermediate
products, as does the Nano data volume. Approximate deployment cost includes initial
purchase cost for the Headwall Nano-Hyperspec turnkey package, assumes a team of
3 members, pilot, designated observer, and calibration technician to operate a portable
field spectrometer working eight hour days at $20 per hour, a rental vehicle for $60/day,
data storage priced at $0.02 per GB, and a 60% overhead. We estimate a UAV survey of the
entire Delta would take more than a year to complete with one team, negating much of the
advantages of using UAV. This also doesn’t account for the optimal phenological window
for target species, which is much narrower than a full year. Multiple teams with multiple
units may be able to complete a survey of the entire Delta in a shorter time frame but would
have additional costs associated with personnel operating on multiple teams and capital
expenditures on multiple pieces of equipment. An additional concern for large-scale usage
of the UAV for mapping would be data volume. To cover the entire Delta following the
protocols outlined here, roughly 2100 TB of storage space at an estimated cost of $42,238
would be necessary to collect and convert the data to orthorectified reflectance products,
not including the storage necessary to create remote sensing products or construct a map,
infrastructure many operational agencies invested in invasive species management do not
have. The small geographic footprint associated with the high spatial resolution capabilities
of UAV imaging spectrometers makes them difficult to implement as a detection method
over such a large area. For this reason, if UAV-mounted imaging spectrometers were to be
utilized in invasive species management applications, targeted flights in limited locations
of high concern or value are recommended.

Table 7. Nano and HyMap Operational Information and Cost Estimates.

Sensor Area Covered (hectares) Flight Time Estimate (h) Approximate Data Volume (GB) Approximate Deployment Costs

HyMap 74,123.42 16 700 $150,000
Nano—This Study 10.53 1 600 $62,780

Nano—Entire Delta 74,123.42 7040 2,111,880 $865,014

5. Conclusions

This study outlines a procedure for determining an optimal model and mapping
invasive plants in a wetland ecosystem using a Headwall Nano-Hyperspec, and shows
the higher spatial resolution provided by the Nano can improve detection of small patches
of invasive aquatic plants relative to a near-operational government-funded program.
The study demonstrated that a similar methodology applied to data acquired from a
UAV-mounted Nano-Hyperspec can result in similar accuracies to the maps made from
MAV-mounted imaging spectrometer data. The improved fine-scale detection from UAV
does come at a cost, the operational footprint. The small footprint makes coverage of
large regions with UAV highly impractical if not impossible, restricting UAV applications
to specific areas of concern. One additional advantage of UAV imaging spectroscopy
would be on-demand acquisitions. Additional acquisition dates could have been used to
Supplement the Information in this study and potentially improve classification accuracy
by capturing water hyacinth at a later phenological state when less of it was senescent.
This on-demand nature could be useful to management agencies, enabling monitoring
after herbicidal treatments and supporting eradication efforts.

In the future, this study may be used as a guide for invasive species mapping using
UAV-mounted imaging spectrometers. The capability to detect small patches as shown
here is highly useful for weed management applications, as well as mapping that requires
fine resolution. Improvement of the orthorectification procedure for the Nano through
automation would greatly simplify pre-processing, reduce post-processing labor and make
use of the Nano for mapping more practical. Though there are still hurdles to overcome,
technological advances will make this application more practical in the near future.
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