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Penguin colonies significantly influence the distribution and diversity of vegetation communities in Maritime
Antarctica, as they serve as vital sources of nutrients for both terrestrial and aquatic ecosystems. Remote sensing
techniques are becoming increasingly common for monitoring these vast Antarctic areas, especially with Un-
manned Aerial Vehicles (UAVs) imagery, which provides the highest spatial resolutions to date. In fact, the use of
hyperspectral (HS) sensors is crucial for accurately identifying and distinguishing between the main ground
characteristics and vegetation communities in an Antarctic penguin colony, making this study one of the first
UAV-based HS approaches to our knowledge. Consequently, this study provides a spectral library covering the
entire spectral range from 400 to 2500 nm for the five main vegetation communities found at Hannah Point
penguin colony (Livingston Island, Antarctica). Through this library, two valuable wavelength regions have been
identified for distinguishing these communities based on pigments composition, specifically in the green
(495-570 nm) and near-infrared (800-900 nm) ranges, that served as a reference for validating the results using
35 ground reference spectrometry data collected in 1667 wavelength bands within the 320-876 nm range. In
addition, the supervised classification approach known as the “Spectral Angle Mapper” has been employed to
monitor the coverage of each vegetation community based on the information provided by the aforementioned
spectral library. The observed ecological gradient, which reveals an increase in vegetation complexity away from
the high-nutrient content guano areas, highlights the influence of guano on the distribution of the main vege-
tation patterns across the entire penguin colony. The results of this study could serve as a reference point for
more sophisticated research involving the use of UAV-based HS or MS sensors in Antarctica, offering unique
opportunities to detect small variations in these remote ecosystems resulting from climate change.

1. Introduction

A penguin colony constitutes a unique and interconnected
ecosystem, mainly composed of guano, vascular plants, coastal algae,
lichens, and moss covers (Black, 2016; Huang et al., 2010; Rogers et al.,
2020). Guano has been suggested as an important source of bioactive
metals (e.g. Cu, Fe, Mn, Zn) to the ocean (Shatova et al., 2016,2017;
Sparaventi et al., 2021), recycling approximately 521 tonnes of Fe per
year and thus playing a key role in primary production within the
Southern Ocean ecosystem (Belyaev et al., 2023). In addition, guano
stains could act as inputs of nutrients in the terrestrial region of marine
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Antarctica, influencing the distribution and speciation of vegetation
communities (Roman et al., 2022; Tovar-Sanchez et al., 2021).
Antarctic vegetation communities have adapted to persist in such
extreme environments, with frigid temperatures, elevated UV radiation,
limited water availability, and physical isolation acting as main limiting
factors (Colesie et al., 2022). However, these communities are especially
susceptible to environmental disruptions, and new responses are ex-
pected due to the effects of global warming and exposure to direct
anthropogenic activities (Atkinson et al., 2019; Colesie et al., 2022).
Consequently, local and long-distance dispersal rates are supposed to
increase, along with local population size, ultimately reducing the
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primary environmental barriers to establishment and colonization, and
leading to an increase in biodiversity (Convey, 2011). As a result, the
distribution, biomass, and diversity of vegetation communities within
an Antarctic penguin colony can be regarded as a direct reflection of
their immediate environmental conditions (Convey et al., 2014; Green
et al., 2007). These factors may also indicate new trends in penguin
populations, as changes in penguin distribution patterns could quickly
and indirectly induce changes in vegetation distribution (Atkinson et al.,
2019).

Therefore, it is essential to conduct in-depth research to assess the
current status and vulnerability of these iconic ecosystems to potential
climate change impacts and how these changes may affect vegetation
distribution in the future. However, conventional monitoring techniques
are arduous and time-consuming, making it difficult not only to reach
the colonies due to logistic accessibility aspects but also to work on such
vast and sometimes abrupt coasts (Ancel et al., 2017; Brown, 2018;
LaRue et al., 2014). Advancements in satellite remote sensing have
enhanced monitoring techniques, enabling the detection of changes in
penguin abundance (e.g. Barber-Meyer et al., 2007; Lynch & Schwaller,
2014; Mustafa et al., 2017; Pfeifer et al., 2019), and local-scale
ecosystem monitoring research (e.g. Brown, 2018; Fretwell & Trathan,
2009,2020; Fretwell et al., 2015). Despite its larger coverage, data
acquisition with satellite remote sensing in maritime Antarctica is
challenging due to an almost permanent cloud cover conditions and its
coarse spatial resolution (Murray et al., 2010; Pfeifer et al., 2019).

To address the observational gap between accurate but laborious
field measurements and large-coverage satellite imagery at relatively
coarser spatial resolutions, Unmanned Aerial Vehicles (UAVs) have
emerged as a useful tool providing exciting opportunities for the Ant-
arctic ecosystem monitoring (Lucieer et al., 2014; Malenovsky et al.,
2017). In fact, UAVs provide a non-invasive, frequent, low-cost, and
time-efficient alternative to overcome the main limitations of conven-
tional monitoring techniques (Tovar-Sanchez et al., 2021). In the last
few years, several studies have used different sensors mounted on UAVs
for wildlife monitoring (e.g. Belyaev et al., 2023; Bird et al., 2020; Dunn
et al., 2021; Qiao et al., 2023; Wu et al., 2023), to describe vegetated
areas (e.g. Lucieer et al., 2014; Miranda et al., 2020; Turner et al., 2018),
or to delimit guano stains on penguin colonies by its unique distinctive
behaviour in the red and NIR bands (e.g. Firla et al., 2019; Roman et al.,
2022). The recent development of new hyperspectral (HS) sensors
adapted to UAV platforms (Cao et al., 2021) has enhanced the charac-
terization of such heterogeneous ecosystems, combining an unprece-
dented scale of spectral and spatial resolutions for better discrimination
in smaller and sparser areas within the Antarctic ecosystem.

The objective of this work is to assess the spectral separability be-
tween the main vegetation features, and the influence of penguin guano
on their distribution, through large-scale monitoring using high-
resolution UAV HS data, in a case study at Hannah Point penguin col-
ony on Livingston Island (Antarctica). Although previous work has
tested UAV-based methodology to monitor vegetation communities
(Lucieer et al., 2014; Malenovsky et al., 2017; Sotille et al., 2020), the
retrieval of more accurate information remains unexplored. The results
were validated with ground reference spectrometry data, and then
degraded to multispectral imagery for feature identification at a larger
coverage. Considering the significant challenge of obtaining this data in
such an extreme environment and the ecological role of a penguin col-
ony within the Antarctic ecosystem, this deep analysis sets the base for a
more precise interpretation of the changes faced by vegetation com-
munities under the current climate change scenario.

2. Material and methods
2.1. Study area

Hannah Point (62°39'S, 60°37'W) is a cramped peninsula located on
the southern coast of Livingston Island (South Shetland Islands,
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Antarctica) (Fig. 1). It presents a distinctive topography that separates
through a steep slope, a sequence of north-northwest cliffs, rising be-
tween 30 and 50 m above sea level, from an open beach area (Leppe
et al.,, 2007). In addition, it hosts a diversified fauna, including giant
petrels (Macronectes giganteus), skuas (Catharacta spp.), Weddell seals
(Leptonychotes weddellii), elephant seals (Mirounga leonina), and three
different penguin species nesting there: Gentoo (Pygoscelis papua),
Chinstrap (Pygoscelis antarcticus) and Macaroni penguins (Eudyptes
chrysolophus). For this reason, it is one of the frequently visited locations
for observing penguins in Antarctica (Barbosa et al., 2013), receiving
around 1095 visitors in 2021/22 (IAATO, 2015). The vegetation com-
munities in Hannah Point are characterized by an aggregation of
vascular plants mainly consisting of Deschampsia antarctica and Colo-
banthus quitensis (Shirihai, 2003), mosses, crustose lichens (e.g. Calo-
placa s. lat) that typically colonize free of ice rocky areas (Antarctic
Treaty Secretariat, 2023), the lichen-forming fungus Mastodia tessellata
(Fernandez-Marin et al., 2019; Garrido-Benavent et al., 2017a; Pérez-
Ortega et al., 2010), and the terrestrial algae Prasiola spp. forming dense
groups in nutrient-rich areas near the guano stains (Atala et al., 2019;
Duran et al., 2021; Garrido-Benavent et al., 2017b). In addition, the
intertidal shore is characterized by populations of chlorophyte algae (e.
g. Monostroma hariotii) forming a dense mat on the intertidal rocks, and
rhodophyte algae (e.g. Pyropia endiviifolia) attached to rocks in the up-
permost sea-shore line.

2.2. Data collection

To account for the logistical challenges of installing different sensors
in the same aircraft within such a dynamically changing meteorological
environment, and considering their payload capacity, which serves as
the primary limiting factor for carrying heavier sensors, two different
UAVs were employed to survey the entire penguin colony in this study.
The DJI Matrice 600 Pro (M600) hexacopter was equipped with a
pushbroom co-aligned VNIR-SWIR sensor (Headwall Photonics), which
captures 640 spatial pixel scan lines with 546 spectral bands in the
400-2500 nm range. The M600 integrates three built-in navigation
GPSs, alone with the APX-15 GNSS-inertial solution (Trimble Applanix)
included in the hyperspectral system to provide positioning and orien-
tation of the hyperspectral scanners, resulting in a final georeferencing
accuracy of £0.02 m vertically and +0.05 m horizontally. However, this
sensor has the disadvantage of providing VNIR and SWIR data as sepa-
rate files, requiring stacking in a pre-processing step to integrate the
complete VNIR-SWIR information.

The DJI Matrice 300 RTK (M300) quadcopter was equipped with a
MicaSense RedEdge-MX dual multispectral sensor (MS), which captures
spectral information with its 10 bands from the visible to near-infrared
(NIR) regions (Roman et al., 2022). This sensor incorporates a Down-
welling Light Sensor (DLS2) to estimate changes in light conditions and
solar angle during flight. In addition, the M300 was simultaneously
equipped with the DJI Zenmuse L1 sensor, which integrates a LiDAR
Livox module, a high-precision Inertial Measurement Unit (IMU), and a
20 MP optical RGB camera. This sensor was used to retrieve a high-
resolution Digital Surface Model (DSM) for HS flight planning and pre-
processing. For precise georeferencing accuracy, the M300 is equipped
with on-board RTK technology.

Flight operations on Hannah Point were conducted on 18 February
2022, between 12:00 and 14:00 local time and under predominantly
cloudy weather conditions. In order to perfom post processing kinematic
(PPK) georeferencing, a Reach RS2 + RTK GNSS antenna (EMLID) was
used as a base station, providing horizontal and vertical measurements
of 4 mm + 1 ppm and 8 mm + 1 ppm, respectively. Flight missions were
planned using UgCS desktop software (SPH engineering, Latvia, v.4.14),
with the LiDAR-based DSM used as a reference (GSD = 2.55 cm/px with
an RMSE of 20 cm, 41 cm, 28 cm (X, y, z-axis, respectively)). The HS
carried by the M600 provided an estimated ground sampling distance
(GSD) of 7.5 cm/px, with a 40% lateral overlap. The MS carried by the
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Fig. 1. (a) south shetland islands from the south pole. (b) Hannah Point penguin colony on Livingston Island. (c¢) RGB composite orthomosaic derived from UAV-
based multispectral imagery over the Hannah Point penguin colony using bands red 668 nm, green 560 nm, and blue 475 nm. (d) Overview of the locations of some
of the confirmed breeders and flora species at the Hannah Point penguin colony, using a 3D model derived from UAV imagery as a background map. The colored
points represent the main nesting sites recognized by the Antarctic Treaty Secretariat (2023). (For interpretation of the references to color in this figure legend, the

reader is referred to the web version of this article.)

M300 achieved an estimated GSD of 12.09 cm/px with 80% frontal and
lateral overlap, respectively. Both sensors were radiometrically cali-
brated before the surveys, using a calibrated tarp (3 x 3 m) for the HS
and a calibration panel for the MS.

Parallel to UAV flights, 35 ground spectra were measured using a
USB2000 spectrometer (Ocean Insight, Florida, USA), which collected
1667 wavelength bands within the 320-876 nm range. The instrument
was connected to a computer via a USB port, drawing its power directly
from the host computer, and managed using the OceanView spectros-
copy software (Ocean Insight, Florida, USA, v.20.0). Prior to the use of

the equipment, spectral calibration was performed in the laboratory
under controlled environmental conditions, by varying light intensities
for specific wavelengths. In the field, the measurement process began
with a white reference, using a white fluopolymer known as “spec-
tralon”, which possesses the highest diffuse reflectance of any known
material. This reference was collected at every single field measurement
to account for changes in ambient light intensity that could affect the
readings. Subsequently, a black reference was collected at each sampling
point by covering the instrument with a black container to correct for
equipment-related noise in the measurements. Finally, measurements
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were taken at each of the selected points of interest by holding the
spectrometer at 1 m with respect the ground point with the aid of a 90°
angle wooden stick, and setting manual integration times to control the
range of reflectance values recorded. The calibration process was crucial
in defining the peaks in the measurements, as in the ever-changing
environmental conditions of the Antarctic continent, factors like tem-
perature and cloud cover can affect the results obtained. These spectra
served as a reference spectral library to identify the primary distinctive
features of this penguin colony based on their spectral information. In
fact, the species identified on the ground were analyzed and validated in
the field.

2.3. Multispectral SfM photogrammetry

A Structure from Motion (SfM) photogrammetry process was
implemented to produce final reflectance, which range from 0 to 1
(dimensionless), for the multispectral flight. The software used for this
purpose was Agisoft Metashape v.1.8.4 (Agisoft LLC, St. Petersburg,
Russia). Upon importing all UAV captures, a sparse point cloud was
constructed through the “image alignment” step, employing the most
accurate setting parameters available. Subsequently, a “3D dense cloud”
was generated by using the aforementioned aligned captures. An inter-
polated Digital Surface Model (DSM) and a Digital Terrain Model (DTM)
were then derived from the “3D dense cloud”. Finally, the orthomosaic
was rendered using the DSM as a reference surface. The coordinate
system used for all photogrammetric process-derived products was
WGS84 / UTM zone 20S (EPSG: 32720).

2.4. Hyperspectral data processing

This section summarizes the entire processing workflow that was
followed to handle HS products (Fig. 2). The SpectralView (Headwall
Photonics, v.3.2.0) software was used for data preparation, which
involved processing the VNIR and SWIR data cubes separately. Finally,
the ENVI software (L3Harris Geospatial Solutions, Inc. Broomfield, CO,
USA, v.5.3.6) was employed for data exploration and spectral analysis
steps. To ensure consistency with the MS imagery, we used the same
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projected coordinate system (WGS84 / UTM zone 20S, EPSG: 32720) for
the HS data.

2.4.1. Data preparation
The VNIR and SWIR data cubes were processed using SpectralView
software, following a four-step processing workflow, which involved:

(1) Conversion of raw data to radiance. The dark spectrum reference,
which was collected on the ground by covering the sensor after
the UAV survey, was subtracted from the digital numbers (DNs),
and thus considered as sensor noise.

(2) Conversion of radiance to reflectance. Using the radiometric-
calibrated tarp reflectance measurement as a reference, this
processing step built the empirical line calibration equation that
best fits with the radiance captured by the sensor (Barreto et al.,
2019; Wang & Myint, 2015). This technique assumed that the
tarp reflectance measurement was uniform and did not change.

(3) Hypercubes orthorectification. Orthorectification was performed
to transform the central projection of each capture into an
orthogonal ground view, without considering distorting effects
related to tilt and terrain relief. This process results in hypercubes
that have a uniform scale, enabling precise distance and direction
measurements. This was performed by combining a precision
DSM with the data processed from the APX-15 and the antenna.
The POSPac UAV software (Trimble Applanix, v.8.9) used the
information provided by the antenna as inputs to create a
smoothed best-estimated trajectory (SBET), achieving a position
accuracy of less than 2 cm. The DSM used for orthorectification
was previously retrieved from LiDAR imagery.

(4) Hypercubes mosaicking and stacking. A single orthorectified
reflectance mosaic is generated for the VNIR and SWIR, respec-
tively. Both separate files are stacked together to compile the
entire spectral range of the sensor, after the removal of the water
vapour absorbance wavelengths (1350-1460 nm, 1790-1960
nm, and 2350-2500 nm) since they influence the electromagnetic
radiation reaching the Earth’s surface (Rajakumari et al., 2022).
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Fig. 2. Schematic representation of the hyperspectral processing steps followed in this study. Yellow boxes indicate data, while grey boxes indicate processes.
Numbers represent the order of the processing workflow. HS: hyperspectral; MS: multispectral; TVI: triangular vegetation index; PPI: pixel purity index; MNF:
minimum noise function; n-DV: n-dimensional visualizer; SAM: spectral angle mapper. (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.)
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2.4.2. Masking data and spectral indices

Due to the large size of the dataset, a small region of interest was
selected within the Hannah Point penguin colony, which included
different visually identifiable terrain features, such as various vegetation
communities, bare soil, guano, and rocks. To facilitate the endmember
extraction and the subsequent classification, vegetation was separated
from bare soil by using a mask based on various spectral indices. Among
the available indices within the ENVI software, the Normalized Differ-
ence Vegetation Index (NDVI) (Rouse et al. 1973) and the Triangular
Vegetation Index (TVI) (Broge & Leblanc, 2000) were selected due to
their better performance in distinguishing vegetation coverage from
terrain features in the region of interest. NDVI, which serves as a
greenness indicator (Jimenez et al., 2022), relies on NIR and red
wavelengths, centered at 860 nm and 649 nm, respectively. Through a
band ratio approach, NDVI aims to standardize the influence of varying
lighting conditions, surface slope, aspect, and other variables (Fretwell
et al., 2011). TVI also functions as a narrowband indicator of vegetation
greenness, that quantifies the radiant energy absorbed by leaf pigments
by measuring the relative difference between red reflectance centered at
670 nm and red edge reflectance centered at 750 nm, along with the
magnitude of reflectance in the green spectral range. TVI is computed as
the area defined by the green peak, the near-infrared shoulder, and the
lowest reflectance in the red region (Haboudane et al., 2004). The value
of NDVI ranges from —1 to 1, with a common range for vegetation be-
tween 0.2 and 0.8. The TVI takes values between 0 and 30, using as
threshold for vegetation those values above 3. In addition, a second
mask was generated from the original hypercube to mask the under-
saturated pixels.

2.4.3. Endmember extraction

To extract the pure spectral signature of each class (endmember)
needs to be extracted and used as input spectra for the classification of
HS data. To achieve this, the Minimum Noise Fraction (MNF), the Pixel
Purity Index (PPI), and the endmember extraction techniques were
carried out. The MNF reduce the dataset’s dimensionality by combining
information from all bands in such a way that the output principal
components are uncorrelated (Green et al., 1988; Luo et al., 2016).
Consequently, only the first nine MNF bands were considered for the
successive processing, discarding the bands containing just noise. The
PPI technique finds the most spectrally pure pixels by repeatedly using
n-dimensional scatterplots onto a 2D subspace to identify the least
mixed spectral signatures (Chang et al., 2006). The PPI output is
thresholded using the region of interest (ROI) tool, taking only the
purest pixels into account as inputs for the n-Dimensional Visualizer (n-
DV) scatter plot. The n-DV is an ENVI tool used to identify and cluster
the purest pixels distributed in the n-D space and finally segregate them
into their respective endmembers.

2.4.4. Classification and spectral analysis

The supervised classification method Spectral Angle Mapper (SAM)
was employed to identify pixels in the image spectra that match the
retrieved endmembers during the hyperspectral data processing step.
This algorithm calculates the angle between unknown and reference
spectra to detect analogous spectral behaviour based on an angle
threshold, in a space with dimensionality equal to the number of bands
(Kruse et al. 1993). According to Kruse et al. (1993), it can be expressed
using the following equation:

nb
1 2ialifi
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where t represents the spectrum for a pixel, r is the reference spectrum
for a pixel, a is the spectral angle between t and r (measured in radians or
degrees), and n is the number of bands (Rossiter et al., 2020). In this
study, SAM classifications of both HS and MS datasets were performed
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using the ENVI software, by setting the previously mentioned angle
threshold to 0.15 rad to reduce the variability between spectrally mixed
endmembers. In the case of HS imagery, unidentified extracted end-
members were used as reference spectra. Conversely, supervised clas-
sification with the MS imagery was carried out using identified
endmembers representing different vegetation communities and various
ground features, after resampling the spectral libraries to match the
wavelengths of the multispectral sensor.

Differences in absorption and reflection spectra between endmem-
bers can be negligible, making the classification process difficult.
Consequently, a spectral standardization method was applied to test the
influence of the spectral shape on the classification process. The Band-
max-min NOrmalization method (Eq. (2)) suggested by Cao et al. (2017)
was tested to minimize the variability in the reflectance amplitude,
giving more value to spectral shape as a classification driver. This
method was applied to compare and validate with ground spectra.
Ro - R(hundmin)

S( ) R(bandma,\‘) - R(b{mdmin)

(2)
Rs is the standardized spectra, R, is the original reflectance value,
Rbandmax i the band corresponding to the maximum reflectance value,
and Rpandmin is the band corresponding to the minimum reflectance
value.

2.4.5. Validation

An accuracy assessment was performed to validate the thematic
maps generated using a stratified random sampling design, following
Oloffson et al. (2014). As a result, an error matrix and statistical pa-
rameters such as the Cohen’s Kappa coefficient, the User Accuracy (U-
Acc), the Producer Accuracy (P-Acc), and the Overall Accuracy (OA)
were calculated (Congalton & Green, 2009). This approach involves
assessing the classification raster by comparing it with “real” maps using
a stratified random sampling method. The OA is calculated by dividing
the sum of the values along the main diagonal of the error matrix by the
total number of sampled units. An OA value exceeding 80% is indicative
of good and reliable results. The Cohen’s Kappa Index, on the other
hand, measures the difference between the observed agreement in the
error matrix and the chance agreement, which is based on the row and
column totals. This index can assume values ranging from —1 to +1,
with results closer to +1 indicating better performance. User accuracy
assesses the model’s capacity to minimize false negatives, whereas
producer accuracy evaluates the model’s capability to minimize false
positives.

All endmember spectra were compared to the ground spectra by
considering only the available wavelengths between 400 and 876 nm to
identify features based on their spectral characteristics. The Spectral
Analyst tool from ENVI was used to calculate the similarity of each
endmember with all the ground spectra. This tool combines the Spectral
Angle Mapper and Spectral Feature Fitting (SFF) algorithms to rank the
similarity of an unknown spectrum to a reference spectral library,
providing a ranked score indicating the closest spectral similarity. To
improve the precision of the analysis, it was focused on the wavelength
range containing the main absorption features of the endmembers. In
addition, the standardized endmember spectra were assessed as function
of standardized ground spectra using linear regression within the pro-
gramming language Python (Van Rossum & Drake, 1995). To assess the
level of correlation, various statistical methods were employed,
including the Root Mean Square Error (RMSE, Seegers et al., 2018, Eq.
3), the Pearson’s correlation test and the Student’s t-test. The Pearson’s
correlation test measures the linear relationship between two variables,
with values close to —1 or +1 indicating a strong linear association
between the two variables (Kirch, 2008, Eq. (4)). The Student’s t-test, on
the other hand, compares the means between two variables, determining
whether the difference between them is statistically significant. If a
significance level of p-values < 0.05 is assumed, then the result can be
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considered statistically significant (Mishra et al., 2019). where M; represents the ground measured spectra considered as refer-

ence value, O; represents the endmembers spectra, and n is the sample
size.
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Fig. 3. SAM thematic map generated with the HS data. The spectral profiles for vegetation (endmembers 1-5) and ground (endmembers 6-12) features are also
displayed along with solid lines indicating the average spectra, respectively. The water vapour absorbance regions (1350-1460 nm and 1790-1960 nm) were
excluded from the HS processing. The numbers in brackets indicate absorption peaks (minimum reflectance values).
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3. Results
3.1. Endmembers extraction and classification

Twelve endmembers were retrieved as a result of the HS processing,
using the VNIR bands to detect the vegetation taxa (five endmembers),
while the SWIR bands were employed to detect the ground features
(seven endmembers). In fact, SWIR bands have been widely documented
for mapping mineral absorption features (Black et al., 2016; Kereszturi
et al., 2018), as well as regulating differences among guano spectra
(Rees et al., 2017). The resulting SAM thematic map from the classifi-
cation process is displayed in Fig. 3, along with the entire spectral sig-
natures of the detected endmembers. The overall accuracy of the
classification was 92.37 %, while the Cohen’s Kappa coefficient was
0.73 (Supplementary Materials Table A).

The five endmembers associated with vegetation features (end-
members 1-5) show the typical spectral behaviour of photosynthetic
organisms, with a strong absorption peak in the red region (peak 2 at
669 nm) and a significant increase in reflectance from the red-edge re-
gion (700-750 nm), maintaining high values in the entire SWIR region
(1000-2350 nm). In addition, repeated absorption peaks between
vegetation endmembers were highlighted in the SWIR region (peak 3 at
943 nm, peak 4 at 1190 + 20 nm, peak 5 at 1523 nm, and peak 6 at 2025
nm).

On the contrary, the ground at Hannah Point is characterized by a
moist mixture of guano, fish-based and krill-based vomit, mud and
stagnant water in small pools. For this reason, it is challenging to
quantify spectral differences between the seven ground endmembers
(endmembers 6 to 12), with variable absorption peaks between them
presenting important quantitative differences (10 nm) in the SWIR
region (peak 1* at 480 nm, peak 2* at 740 nm, peak 3* at 1680 nm, and
peak 4* at 2100 nm).

3.2. Endmembers identification and validation

The Spectral Analyst tool and the field identifications (Supplemen-
tary Materials Fig. B) were used to match the corresponding endmem-
bers spectra with the collected spectral library from spectrometry (VNIR
region between 400 and 876 nm). Although a good correspondence was
not obtained in the Spectral Analyst for endmember 5, the SAM classi-
fication revealed its location on the coastline. Therefore, based on field
identification, it is believed that this endmember corresponds to the
species of red macroalga Pyropia endiviifolia. Much better correspon-
dence was obtained for the rest of the vegetation endmembers using the
Spectral Analyst. For example, the crustose lichen Caloplaca s. lat.,
which was evidently identifiable as endmember 3, was also validated
with field identification (Supplementary Materials Fig. B, PH24 and
PH25). Regarding the vascular plants and the terrestrial alga Prasiola
spp., the Spectral Analyst hindered their identification between end-
members 2 and 4, due to a greater spectral homogeneity. The spectral
similarity between the vascular plant species Deschampsia antarctica and
Collobanthus quitensis, as described in Chi et al. (2021), is also evident in
this study, and they have been considered together as tracheophytes. By
using both field identification (Supplementary Materials Fig. B, PH29 for
Collobanthus quitensis, PH30 for Deschampsia antarctica, and PH14 for
Prasiola spp.) and the endmembers’ location based on the SAM classi-
fication, it was possible to associate endmember 2 with tracheophytes
and endmember 4 with Prasiola spp.

Regarding the ground endmembers, the Spectral Analyst at both
analyzed regions of the electromagnetic spectrum and the field identi-
fication (Supplementary Materials Fig. B, PH1, PH2 and PH3) clearly
associate endmember 12 with a small water lagoon covered by green
algae inside a chinstrap penguin guano stain. Although the Spectral
Analyst results inconclusive for endmembers 6-12, field identification
allows the assumption that endmember 6 corresponds to beach sand,
endmembers 7, 9, 10, and 11 with different bare soil classes
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(Supplementary Materials Fig. B, PH31, PH32 and PH33), and end-
member 8 with the muddy guano (Supplementary Materials Fig. B, PH7
and PH10).

Accuracy metrics indicated that there was a satisfactory consistency
between the HS identified endmembers and the field spectrometry
(Fig. 4). The low RMSE values suggested that there were small differ-
ences between the compared spectra for all identified taxa, particularly
with Prasiola spp., and Caloplaca s. lat. This was further supported by the
Pearson’s correlation test, which showed values close to unity in most
cases, indicating an almost perfect positive correlation for all analyzed
vegetation classes. The p-values for all classes were also below the 0.05
significance level, indicating that there was a statistically significant
similarity between the compared spectra.

3.3. Hannah Point’s vegetation communities spectral library

Fig. 5 illustrates the resulting spectral library for the main identified
vegetation communities at Hannah Point penguin colony in the
400-2500 nm wavelength range derived from around 245 pure pixels
spectra retrieved with HS imagery.

In general, the spectral behaviour of vegetation communities shows
two small absorption features in the NIR region, less pronounced than
the absorption peaks found in the SWIR region. As shown in Fig. 5, green
vegetation presents a chlorophyll maximum absorption peak at 669 nm,
and is highly reflective in the green wavelength ranges. The orange
lichen Caloplaca s. lat. shows low reflectance values in the lower region
of the spectrum, but a higher reflective absorption peak at 669 nm
compared to green vegetation. On the other hand, the red alga Pyropia
endiviifolia shows low reflectance values in the blue-green region of the
spectrum, acquiring the characteristic dark red color. The small water
pool has been included in this vegetation analysis due to the presence of
a complex mixture of photosynthetic microorganisms that shows some
of the main vegetation spectral features such as the absorption peak at
669 nm or the two strong absorption peaks in the SWIR region (1520 nm
and 2050 nm, approximately), despite the influence of water that
generated a strong decay in the NIR region of the spectrum.

3.4. Resampling hyperspectral data for multispectral analysis

The spectral library obtained from the HS imagery was adjusted to
the MS sensor wavelengths through spectral resampling to enable its
application in characterizing the entire Hannah Point penguin colony.
Fig. 6 shows the SAM thematic map that resulted from the use of the HS-
identified endmembers on the MS data, which obtained an Overall Ac-
curacy of 89.54% and a Cohen’s Kappa coefficient of 0.66 (see Supple-
mentary Materials Table B). Although all vegetation classes were
classified correctly, frequent missclassifications occurred between Pra-
siola spp., tracheophytes, and chlorophytes, especially in wet intertidal
areas where their spectral behaviour is affected by humidity and
seawater. Tracheophytes predominate on an area of 0.54 ha, particu-
larly on the steep slope that characterizes the topography of Hannah
Point, while Prasiola spp. predominates on an area of 0.58 ha, as it is
more abundant relatively close to the guano stains. On the other hand,
the small patches of Caloplaca s. lat. detectable through the UAV-
equipped sensor cover an area of 25 m?, although it would not be
indicative of the total coverage of this lichen as it also extends on the
vertical rocks surface. Some visual patterns in the ground composition
appeared well-defined, particularly in the main nesting areas. Three
different bare soil classes were identified with the supervised classifi-
cation, probably corresponding to the different nature of the substrate.
However, the lack of ground reference spectra, alongside the joint effect
of the intense fauna activity and the topographic characteristics of
Hannah Point, can complicate not only the validation of these end-
members but also classification accuracy. In addition, the moist mixture
of mud, penguin waste, and soil makes it difficult to assign one specific
class to “muddy guano” as with hyperspectral imagery.
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Fig. 4. Validation of the identified endmembers using field spectrometry across the 400 nm to 875 nm wavelength range. A scatter plot with regression lines (a-d)
and the resulting accuracy metrics from this statistical validation (e-h) are also displayed in the figure for each identified endmember, respectively.

4. Discussion

The detection of guano acquires greater importance due to its
ecological role in the entire Antarctic ecosystem. Unlike other Antarctic
penguin colonies analyzed through remote sensing techniques, such as
Vapour Col (Roman et al., 2023) or Penguin Island (Zmarz et al., 2018),
where guano stains appear well-defined as pink or orange spots on the
substrate, surface runoff due to the characteristic slope of the terrain at
Hannah Point and the movement of fauna from sea to land and vice-
versa, causes the entire substrate to be constantly wet and mixed.
Consequently, endmember 8 could be identified as chinstrap penguin
guano, although it is heavily mixed with the soil. The only complete
spectral library of guano (VNIR + SWIR) published to date for chinstrap
penguins (Rees et al., 2017) was compared to endmember 8, revealing
some similar spectral features but with significant differences (Supple-
mentary Materials Fig. C). Lower reflectance values for endmember 8
are clearly associated to wetter conditions at Hannah Point penguin
colony. However, the main absorption features that determines the
differences between guano spectra in both cases are the same, particu-
larly peak 2 at 1200 nm and peak 3 at 1450 nm. Nonetheless, the ab-
sorption feature at 550 nm, which is responsible for the pink coloration
of chinstrap penguin guano due to a diet primarily consisting of krill
(Rees et al., 2017), is not observable in the spectral signature of end-
member 8. This is due to the mixing of other soil components that
exhibit lower reflectance values in this region of the spectrum.

Recent evidence has shown the existence of nutrient hotspots near
penguin colonies that promote plant growth (Bokhorst et al., 2021), and
determine the spatial zonation of vegetation in the terrestrial region of
Maritime Antarctica. Given the impacts of global climate change, pen-
guin breeding site movements can result in high colony losses, which
directly and indirectly affect vegetation communities. Therefore,
monitoring these communities is essential for understanding trends and
future environmental implications. The high nitrogen content, while
potentially toxic for some species, enables the establishment of partic-
ular bryophytes, lichens, and algae. In that sense, and regarding ant-
arctic ecosystems, species within the genus Caloplaca, Xanthoria, and
Mastodia among other lichens, and within the genus Prasiola among
terrestrial algae, typically dominate nitrogen-enriched areas (ornitho-
genic vegetation). This study provides valuable data in terms of both

spectral information and spatial distribution of some of the most
prominent terrestrial and intertidal photosynthetic organisms inhabiting
the proximities of a penguin colony. It also proves the characteristic
zonation described by Smykla et al. (2007), with small mats of Prasiola
spp. in the nutrient-rich areas near the main nesting points. Similarly,
the orange lichen Caloplaca s. lat. and the chlorophyte algae frequently
appear as small patches on vertical rocks distant from the nesting areas,
likely fertilized by seabirds perching on them. On the other hand, tra-
cheophytes are located in the steeper areas, that are not so heavily
disturbed by fauna activity, with Deschampsia antarctica being the most
dominant species with small mats of Collobanthus quitensis.

The information about the composition of the vegetation cover was
derived from their spectral behaviour. Green vegetation, with
chlorophyll-a and b as main photosynthetic pigments, and without other
pigment-dominated surface layer, can be easily recognized by the valley
around 680 nm caused by strong chlorophyll absorption in that region,
and by an increase in reflectance in the NIR around 800 nm, where they
no longer absorb. However, the rest of vegetation communities have
been clearly distinguished, as the main absorption/reflection features in
the visible range are associated with pigment composition. The red
macroalga Pyropia endiviifolia also contains chlorophyll a, but not
chlorophyll b, and relatively high values of some carotenoids such as
lutein (Garcia-Plazaola et al., 2022a). It has a maximum absorption band
in the range of 400-600 nm mainly due to the red phycoerythrins. In
addition, the absence of chlorophyll b and the presence of phycoery-
thrins typical of rhodophytes, gives them their characteristic dark red-
dish appearance, with low reflectance values in the blue-green region of
the spectrum (Douay et al., 2022). The orange lichen Caloplaca s. lat.
was easily distinguishable due to its high content of parietin on the
thallus surface (Solhaug & Gauslaa, 1996), an orange pigment with a
maximum absorption peak at around 480 nm, resulting in low spectral
reflectance in the blue region of the spectrum and high reflectance in the
orange and red regions, which partially masks the characteristic ab-
sorption valley at 680 nm. This is more evident in wet thalli, as already
observed for other Antarctic species of the same group containing
parietin, such as Xanthoria elegans (Milos et al., 2018). The greatest
difficulties arise when trying to differentiate amongst tracheophytes,
chlorophytes and Prasiola spp., as their chlorophylls and carotenoids
composition and proportion is very similar (Garcia-Plazaola et al.,



A. Roman et al.

07 A
Tracheophytes i
0.6
05
Q
2
S 04
[53
=
[7)
o 03
02 \/\\ .
01 \//\’
0.0
500 750 1000 1250 1500 1750 2000 2250
Wavelength(nm)
0.6
o Caloplaca s. lat.
04
8
[
©
g 03
2
Q
2 Y~
) \f’/\
01
0.0
500 750 1000 1250 1500 1750 2000 2250
Wavelength(nm)
0.45
040 A . R
Pyropia endiviifolia |
035
0.30
Q
Qo
5 025
st
L)
T 020
o
015
0.10
0.05
0.00-—

1500 1750 2000 2250

500

1000 1250

Wavelength(nm)

Reflectance

Reflectance

Reflectance

International Journal of Applied Earth Observation and Geoinformation 125 (2023) 103565

Prasiola spp.

0.25

0.20

V-

0.10

7Ny

500 1000 1250 1500 2000 2250

Wavelength(nm)

1750

Chlorophytes

1250 1500
Wavelength(nm)

500 750 1000 1750 2000

Small Water Pool

025

0.20

0.15

0.10

0.05

0.00

500 1000 1250 1500 1750 2000 2250

Wavelength(nm)

Fig. 5. Hannah Point vegetation spectral library. The spectral signatures of all pure pixels for each vegetation species are represented, with the average spectra
highlighted. The water vapour absorbance regions (1350-1460 nm and 1790-1960 nm) were excluded from the HS processing.

2022b; Fernandez-Marin et al., 2019; Saez et al., 2019). Chlorophyll-a
and b as predominant pigments leads to absorption peaks at the blue
(400-500 nm) and red (600-650 nm), resulting in low reflectance values
in those regions of the spectrum. However, generally higher reflectance
values and two absorption peaks at 1000 nm and 1250 nm, related to
water content and the physical structure of the tissues, allow Tracheo-
phytes to be separated from Prasiola spp.

This study represents the first attempt to use UAV-based HS data to
identify the main vegetation and ground features of Antarctic penguin
colonies. It was also degraded to MS data to facilitate feature identifi-
cation at a larger coverage. However, the poorer spectral resolution of
MS data led to more missclassification errors, particularly when it came
to green-leaved vegetation. In fact, some absorption features of vege-
tation communities rely on specific spectral wavelengths only accessible
by HS sensors, resulting in higher classification accuracies than the MS
sensors. However, to determine vegetation community coverage and
track them, the VNIR region is enough to identify them by their spectral
reflectance, making the MS sensor the most appropriate. On the other
hand, for geological studies where the intrinsic signal of SWIR has

greater potential for soil/rock type identification and characterization,
the HS is thus essential. We have identified UAV remote sensing as a
powerful tool for accurately monitoring changes in environmental
communities, and we provide advice for the next generation of UAV-
based hyperspectral and multispectral sensors.

5. Conclusions

We have demonstrated the potential of UAV-based HS technology to
identify and map the main terrestrial features of an Antarctic penguin
colony through the detection of small spectral differences in their
reflectance signatures. Around 245 pure pixels spectra across the Han-
nah Point penguin colony were collected to generate a precise spectral
library of the vegetation communities in the full spectral range between
400 and 2500 nm. Consequently, we identified two wavelength regions,
namely in the green (495-570 nm) and NIR (800-900 nm), for their
valuable contribution to vegetation discrimination based on pigments
composition. In addition, the moist mixture composed of penguin waste,
mud, and stagnant water, known as “muddy guano” in this study, was
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Fig. 6. (a) RGB composite (red 650 nm, green 560 nm, and blue 475 nm) of the Hannah Point MS orthomosaic. In addition, detailed captures are indicated by
numbers: (1) false colour composite (NIR 840 nm, red 650 nm, and green 560 nm) in the coastal fringe revealing vegetation communities in red colour; (2) the red
macroalga Pyropia endiviifolia; (3) the crustose lichen Caloplaca s. lat.; (4) muddy guano; (5) a water lagoon in the penguin nesting area; (6) the terrestrial alga
Prasiola spp.; and (7) the tracheophyte species Deschampsia antarctica. (b) SAM thematic map generated by applying the HS-identified endmembers to the MS data.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

also spectrally characterized and analyzed through comparison with
existing literature, revealing the appearance of the most commonly used
absorption feature at 1450 nm to differentiate penguin species based on
guano composition. One of the main goals of this study was the capacity
to downscale the spectral library to MS imagery by applying a super-
vised classification method with a high level of accuracy, providing new
proxies for vegetation communities that could avoid the ongoing efforts
to repeat all the HS processing steps in different penguin colonies across
Antarctica. We also proved the existence of an ecological gradient
structure in the zonation of vegetation communities chiefly dependent
on nutrient-rich guano inputs at penguin colonies, with a predominant
coverage of Prasiola spp. distributed in small patches around the main
nesting points.
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