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Abstract

Monitoring vegetation changes by enhancing spatial and temporal
resolution of satellite imagery
Juwon Kong
Interdisciplinary Program in Landscape Architecture
Graduate School
Seoul National University

Supervised by Professor Youngryel Ryu

Monitoring changes in terrestrial vegetation is essential to
understanding interactions between atmosphere and biosphere,
especially terrestrial ecosystem. To this end, satellite remote
sensing offer maps for examining land surface in different scales.
However, the detailed information was hindered under the clouds or
limited by the spatial resolution of satellite imagery. Moreover, the
impacts of spatial and temporal resolution in photosynthesis
monitoring were not fully revealed.

In this dissertation, [ aimed to enhance the spatial and temporal
resolution of satellite imagery towards daily gap—free vegetation
maps with high spatial resolution. In order to expand vegetation
change monitoring in time and space using high—resolution satellite
images, I 1) improved temporal resolution of satellite dataset through
image fusion using geostationary satellites, 2) improved spatial
resolution of satellite dataset using generative adversarial networks,
and 3) showed the use of high spatiotemporal resolution maps for

monitoring plant photosynthesis especially over heterogeneous



landscapes. With the advent of new techniques in satellite remote
sensing, current and past datasets can be fully utilized for monitoring
vegetation changes in the respect of spatial and temporal resolution.

In Chapter 2, I developed the integrated system that implemented
geostationary satellite products in the spatiotemporal image fusion
method for monitoring canopy photosynthesis. The integrated
system contains the series of process (i.e., cloud masking, nadir
bidirectional reflectance function adjustment, spatial registration,
spatiotemporal image fusion, spatial gap—filling, temporal—gap—
filling). I conducted the evaluation of the integrated system over
heterogeneous rice paddy landscape where the drastic land cover
changes were caused by cultivation management and deciduous
forest where consecutive changes occurred in time. The results
showed that the integrated system well predict /n sifu measurements
without data gaps (R* = 0.71, relative bias = 5.64% at rice paddy
site; R* = 0.79, relative bias = —13.8% at deciduous forest site). The
integrated system gradually improved the spatiotemporal resolution
of vegetation maps, reducing the underestimation of in situ
measurements, especially during peak growing season. Since the
integrated system generates daily canopy photosynthesis maps for
monitoring dynamics among regions of interest worldwide with high
spatial resolution. I anticipate future efforts to reveal the hindered
information by the limited spatial and temporal resolution of satellite
imagery.

Detailed spatial representations of terrestrial vegetation are
essential for precision agricultural applications and the monitoring of
land cover changes in heterogeneous landscapes. The advent of
satellite—based remote sensing has facilitated daily observations of

the Earth’ s surface with high spatial resolution. In particular, a data
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fusion product such as Planet Fusion has realized the delivery of daily,
gap—free surface reflectance data with 3—m pixel resolution through
full utilization of relatively recent (i.e., 2018 —) CubeSat constellation
data. However, the spatial resolution of past satellite sensors (i.e.,
30-60 m for Landsat) has restricted the detailed spatial analysis of
past changes in vegetation. In Chapter 3, to overcome the spatial
resolution constraint of Landsat data for long—term vegetation
monitoring, we propose a dual remote—sensing super—resolution
generative adversarial network (dual RSS—GAN) combining Planet
Fusion and Landsat 8 data to simulate spatially enhanced long—term
time—series of the normalized difference vegetation index (NDVI)
and near—infrared reflectance from vegetation (NIRv). We evaluated
the performance of the dual RSS—GAN against in situ tower—based
continuous measurements (up to 8 years) and remotely piloted aerial
system—based maps of cropland and deciduous forest in the Republic
of Korea. The dual RSS—GAN enhanced spatial representations in
Landsat 8 images and captured seasonal variation in vegetation
indices (R2 > 0.95, for the dual RSS—GAN maps vs. in situ data from
all sites). Overall, the dual RSS—GAN reduced Landsat 8 vegetation
index underestimations compared with in situ measurements; relative
bias values of NDVI ranged from -3.2% to 1.2% and -12.4% to —-3.7%
for the dual RSS—GAN and Landsat 8, respectively. This
improvement was caused by spatial enhancement through the dual
RSS—GAN, which captured fine—scale information from Planet
Fusion. This study presents a new approach for the restoration of
hidden sub—pixel spatial information in Landsat images.

Mapping canopy photosynthesis in both high spatial and temporal
resolution 1s essential for carbon cycle monitoring in heterogeneous
areas. However, well established satellites in sun—synchronous

11l ;\_‘E ) 1'|E
|

-
=]
1

L



orbits such as Sentinel—2, Landsat and MODIS can only provide
either high spatial or high temporal resolution but not both. Recently
established CubeSat satellite constellations have created an
opportunity to overcome this resolution trade—off. In particular,
Planet Fusion allows full utilization of the CubeSat data resolution and
coverage while maintaining high radiometric quality. In Chapter 4, I
used the Planet Fusion surface reflectance product to calculate daily,
3—m resolution, gap—free maps of the near—infrared radiation
reflected from vegetation (NIRvP). I then evaluated the performance
of these NIRvP maps for estimating canopy photosynthesis by
comparing with data from a flux tower network in Sacramento—San
Joaquin Delta, California, USA. Overall, NIRvP maps captured
temporal variations in canopy photosynthesis of individual sites,
despite changes in water extent in the wetlands and frequent mowing
in the crop fields. When combining data from all sites, however, I
found that robust agreement between NIRvP maps and canopy
photosynthesis could only be achieved when matching NIRvP maps
to the flux tower footprints. In this case of matched footprints, NIRvP
maps showed considerably better performance than n situ NIRvP in
estimating canopy photosynthesis both for daily sum and data around
the time of satellite overpass (RZ = 0.78 vs. 0.60, for maps vs. in Situ
for the satellite overpass time case). This difference in performance
was mostly due to the higher degree of consistency in slopes of
NIRvP—canopy photosynthesis relationships across the study sites
for flux tower footprint—matched maps. Our results show the
importance of matching satellite observations to the flux tower
footprint and demonstrate the potential of CubeSat constellation
imagery to monitor canopy photosynthesis remotely at high spatio—

temporal resolution.
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(CRK, September 18, 2020) the deciduous forest (GDK,
October 25, 2021) sites. BRISQUE, blind/referenceless image
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spatial quality evaluator; PSNR, peak signal—to—noise ratio;
SSIM, structural similarity index. Highest values are indicated
in bold font for SSIM and PSNR. Lowest values are indicated in
bold font for BRISQUE........ooovviioeiiiiieiee e 69

Chapter 4

Table 4.1 List of study sites. Latitude and longitude of the flux tower
(projection, WGS84) were adjusted from sub—meter spatial
resolution satellite images from Google Earth and confirmed
by field visits (Figure S1). The normalized difference
vegetation index (NDVI) sensor position indicates distances
(m) from the flux tower to the east and north, as well as

Table 4. 2 Footprint types used in this study (Figure 4.3) and
Abbreviations used to indicate data source, footprint type (i.e.,
NDVTIsensor, INHLS, 100m, ECrootprint) (Figure 4.2), and temporal
scale (i.e., satellite overpassing time and daily) for NIRv, NIRvP,
and PAR in this study. PF refers to Planet Fusion (Section 2.3);
MODIS refers to nadir bidirectional reflectance distribution
function adjusted reflectance product using MODIS data; HLS
refers to Harmonized Landsat and Sentinel (Section 2.3), BESS
refers to the satellite—based Breathing Earth System Simulator
which is a platform to compute fluxes in carbon, water, and
LS o US) o < U 103
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Chapter 1. Introduction

1. Background

High spatial and temporal resolution satellite imagery is in demand
for monitoring vegetation changes over heterogeneous landscape.
Although daily satellite imagery with high spatial resolution is not
available for historical data, previous studies showed some clues to

enhance the spatial and temporal resolution of satellite dataset.

1.1 Daily gap—free surface reflectance using geostationary satellite
products

In space—born observation, geostationary satellites can harmonize
an uneasy mix of terrestrial monitoring and clouds. While clouds
cause Inevitable data gaps in optical satellite products that monitor
terrestrial surfaces (Ju and Roy, 2008), geostationary satellites
detect clouds for continuous meteorological observation (Bessho et
al., 2016; Chung et al., 2020; McCorkel et al.,, 2020). In these
disparate purposes of satellites, an opportunity for gap—filled
satellite products can arise from continuous observation itself (Khan
et al., 2021; Xiao et al., 2021). Compared to snapshots from polar—
orbiting satellites, geostationary satellite products have the potential
to measure surface reflectance as the clouds flow with time
(Hashimoto et al., 2021; Miura et al., 2019; Yan et al., 2016a; Yeom
et al., 2018). These non—cloudy measurements from the
geostationary satellite products improved our understanding of land
surface seasonal dynamics (Hashimoto et al., 2021; Miura et al., 2019;
Tran et al., 2020) and phenology detection (Wheeler and Dietze,
2021). In heterogeneous areas, nonetheless, the spatial resolution of

geostationary products 1s not enough to monitor both phenological

2 21 O 1 =



and land cover changes in landscape scale (Atkinson and Curran,
1995; Roth et al., 2015; Turner et al., 1989; Woodcock and Strahler,
1987). Moreover, diurnal changes of sun—target—sensor geometry
affect the retrieval of the surface reflectance (Morton et al., 2014;
Proud et al., 2014; Yeom et al., 2020) when applied in vegetation
monitoring (Feng et al., 2002; Fensholt et al., 2010; Fensholt et al.,
2006; Seong et al., 2020). Although previous studies attempted to
solve each limitation (He et al., 2019; Lee et al., 2020; Wu et al.,
2015), it has not been an integrated implementation to generate daily
gap—filled surface reflectance products with high spatial resolution

using geostationary satellite products.

1.2 Monitoring past vegetation changes with high—spatial—

resolution

High—spatial—resolution monitoring of changes in terrestrial
vegetation is increasingly important for precision agricultural
applications and for the quantification of changes in land cover, among
other uses. In the context of concerns about increasing food demand
caused by population growth (Gebbers and Adamchuk, 2010),
precision agriculture reduces variations in temporal yield related to
yield stability and increases crop resilience to climate change (Yost
et al., 2017). Precision agriculture requires high—spatial—resolution
data for site—specific information, particularly over heterogeneous
landscapes (Duveiller and Defourny, 2010; Gebbers and Adamchuk,
2010; Sishodia et al., 2020). The monitoring of changes in land cover
1s essential for quantifying anthropogenic impacts on climate change

(Pielke Sr, 2005) because such changes have both biogeochemical



and biogeophysical effects on the global climate (Feddema et al.,
2005). High—spatial—resolution time—series data can be used to
detect changes in land cover with less uncertainty associated with

misclassification (Shendryk et al., 2019).

1.3 High spatiotemporal resolution vegetation photosynthesis maps

Being able to estimate terrestrial gross primary productivity (GPP)
accurately with remote sensing techniques is important for
monitoring climate change effects, vegetation responses to
environmental extremes and agricultural applications, among other
uses. Apart from the chosen approach to estimate GPP from remote
sensing variables, the spatial and temporal resolution of the data are
important. High spatial resolution satellite data are needed for
agricultural applications and monitoring of heterogeneous natural
ecosystems. For example, small—scale agricultural fields, which can
be fine scale heterogeneous ecosystems, require spatial GPP details
to distinguish boundaries between fields and to understand sub—field
variation in crop growth (Duveiller and Defourny, 2010; Houborg and
McCabe, 2016; Kimm et al., 2020). High temporal resolution is also
important within short periods during transition season or extreme

environmental events such as droughts.

2. Purpose of Research

In this dissertation, I aimed to enhance the spatial and temporal
resolution of satellite dataset in order to expand vegetation change
monitoring in time and space. For that, [ generated canopy
photosynthesis maps with high spatiotemporal resolution, extending

spatial resolution of past dataset towards long—term vegetation
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monitoring. With the high—resolution canopy photosynthesis maps, I
quantified the impact of spatial and temporal resolution of maps when
spatially upscaling in situ measurements.

In Chapter 2, I implemented geostationary satellite products in the
image fusion method towards daily gap—free surface reflectance
product in visible (i.e., red, green, and blue) and near—infrared (VNIR)
bands with high spatial resolution. For that, I integrated the series of
processes that include cloud masking, nadir BRDF adjustment, spatial
registration, spatiotemporal image fusion, spatial gap—filling, and
temporal gap—f{illing.

In Chapter 3, I present an approach for overcoming the spatial
resolution gap between past and new datasets to generate consistent
long—term terrestrial vegetation records. The dual generative
adversarial network (GAN) model uses original and downscaled new
datasets to train GAN models; it uses the output of one GAN as input
for another model. I designed the dual GAN to improve spatial
differences between past and new datasets in a sequential manner,
beginning with the generation of long—term vegetation index maps
with high spatial resolution.

In Chapter 4, I facilitated daily, 3 m canopy photosynthesis maps
from CubeSat NIRVP to link the satellite—based GPP to the tower
observations, considering different scenarios. In particular, I
attempted to answer the scientific questions about the impact of
matching daily flux tower footprints with high resolution canopy

photosynthesis maps.
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Chapter 2. Generating daily gap—filled BRDF adjusted
surface reflectance product at 10 m resolution using
geostationary satellite product for monitoring daily canopy

photosynthesis

1. Introduction

Utilizing the satellite products from different platforms can solve
the weakness of geostationary satellite products in the spatial details.
As Earth observations from single—satellite have constraints on
either spatial resolution or revisit frequency due to the trade—off
between pixel and swath width, researchers in environmental science
need to select the satellite products based on the purposes. Among
the widely used polar—orbiting satellites, for instance, the MODerate
resolution Imaging Spectroradiometer (MODIS) can provide daily
product with coarse spatial resolution on the global scale (Justice et
al., 2002) when Landsat 8 Operational Land Imager (OLI) can acquire
the 16—day product with relatively fine resolution over the same area
(Roy et al., 2014a). Thus, the coarse spatial resolution of
geostationary satellite products caused by the coninuous observation
limits sensing spatial changes of the Earth in landscape—scale, mainly
where spatial heterogeneity occurs within a pixel. One of the
solutions to overcome the spatiotemporal limitation is the fusion of
daily temporal resolution products (e.g., MODIS) with higher spatial
resolution products (e.g., Landsat 8 and Sentinel 2) (Pohl and Van
Genderen, 1998; Zhu et al., 2018). For example, the Flexible
Spatiotemporal DAta Fusion (FSDAF) (Zhu et al.,, 2016) improved
the performance of image fusion products by combining the ideas

from weighted function—based methods (Feng et al., 2006; Zhu et al.,
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2010), unmixing—based methods (Gevaert and Garcia—Haro, 2015;
Zhukov et al., 1999), and spatial interpolation. In addition, FSDAF
predicted the spatial and temporal variations of in situ dataset
measured from the hyper—spectrometer in a heterogeneous rice
paddy landscape (Kong et al., 2021). Furthermore, SFSDAF
enhanced FSDAF method by considering sub—pixel class fraction
change information (Li et al., 2020). Another solution could be
harmonizing the products from the different satellites into a single
dataset to complement the data gaps (Claverie et al., 2018; Frantz,
2019a). Particularly, the processes that include spatial co—
registration between the scenes (Gao et al., 2009; Scheffler et al.,
2017; Yan et al., 2016b), spectral adjustment of each band (Houborg
and McCabe, 2018a; Shang and Zhu, 2019; Wang et al., 2020a) enable
us to achieve seamless products. When facilitating the image fusion
of satellite products for enhancing the spatial resolution of
geostationary products, the rigorous pre—processing, which includes
atmospheric correction (Duffy et al., 2019; Lyapustin et al., 2011;
Vermote et al., 1997) and cloud masking (Qiu et al., 2019; Zhu and
Helmer, 2018), is an essential prerequisite (Choi et al., 2013;
Claverie et al., 2018).

Using diurnal changes of solar angles in continuous observations
can reduce the effect of sun—target—sensor geometry on daily
surface reflectance products. As sun—target—sensor geometry
influences the instantaneous surface reflectance that depends on the
land surface structure and optical properties, surface reflectance
products from geostationary satellites vary within a day (Fensholt et
al., 2010; He et al.,, 2019). When implementing a bidirectional

reflectance distribution function (BRDF) wusing the varied



observations from different solar angles within a day, the daily
surface reflectance at specific solar and viewing angles can be
retrieved (He et al., 2019; Lee et al.,, 2020; Proud et al., 2014;
Wheeler and Dietze, 2019; Yeom et al., 2020). On the other hand, the
BRDF adjusted daily surface reflectance products from polar—
orbiting satellite, which are the composite of daily snapshots over
several days (Schaaf et al., 2002; Wang et al., 2018b), has a limitation
on monitoring the land surface changes in that period (Fensholt et al.,
2010). In the results of the semiempirical BRDF model (e.g.,
RossThick LiSparse (RTLSR) model (Li and Strahler, 1986; Lucht et
al., 2000; Wanner et al., 1995) and Roujean model (Roujean et al.,
1992)), for example, the geostationary satellite products better—
captured terrestrial vegetation changes than polar—orbiting satellite

products (Feng et al., 2006; Fensholt et al., 2010; Proud et al., 2014).

Towards the gap—free product, the spatial and temporal gap—filling
processes is an integral part of the robustness of daily surface
reflectance product from geostationary products. Even if the
geostationary satellites continuously observe the Earth’ s surface,
clouds and shadows will affect the data gaps or quality of satellite
products, especially during the rainy season (Hashimoto et al., 2021).
Unlike homogeneous areas, where simple interpolation methods can
resolve missing—data problems, restoring the cloud—contaminated
pixels is problematic over heterogeneous areas (Pringle et al., 2009;
Weiss et al., 2014). As enhancing the spatial resolution of surface
reflectance product magnify both homogeneous and heterogeneous
areas (Zhu et al.,, 2010), the spatial gap—filling method should be
adequate to predict small or narrow objects (Chen et al., 2011b; Zhu

et al., 2012). For instance, the Neighborhood Similar Pixel



Interpolator (NSPI) (Chen et al., 2011b), which can fill the spatial
gaps In the images in heterogeneous regions, was improved to
Geostatistical NSPI (GNSPI) (Zhu et al., 2012) by embedding the
geostatistical theory. In aspect of time, regression methods can
temporally interpolate missing pixels using the pixels from different
times, particularly, when temporal gaps between the data were short,
surface reflectance tend to change linearly (Luo et al., 2018; Luo et
al., 2020). Moreover, Gaussian process regression (GPR) — which
uses the basis of multivariable normal distribution, nonparametric
approach, and joint and conditional probability — can predict the
nonlinear variation of land surfaces in time (Adeluyi et al., 2021; Yin
et al., 2019). Thus, spatially and temporally gap—filled geostationary
satellite products can give an insight into Earth surface processes,

which cannot be recognized from satellite products with data gaps.

In this paper, I implemented geostationary satellite products in the
image fusion method towards daily gap—free surface reflectance
product in visible (i.e., red, green, and blue) and near—infrared (VNIR)
bands with high spatial resolution. For that, I integrated the series of
processes that include cloud masking (i.e., Function of mask; Fmask),
nadir BRDF adjustment (i.e., RTLSR model), spatial registration (i.e.,
An Automated and Robust Open—Source Image Co—Registration
Software; AROSICS), spatiotemporal image fusion (i.e., SEFSDAF),
spatial gap—filling (i.e., NPSI), and temporal gap—filling (i.e., GPR). I
decided to utilize the advantages of both spatiotemporal image fusion
(i.e., SFSDAF) in large clouds and of gap—filling method (.e., NPSI)
in spatially small cloud patches (Shu et al., 2022) rather than
choosing between them. In the integrated process, I used surface

reflectance products from three polar—orbiting satellites (@.e.,



Sentinel 2, Landsat 8, and MODIS) and a geostationary satellite (i.e.,
Geo—KOMPSAT 2A; GK2A). The results are from heterogeneous
rice paddy landscape where the drastic land cover changes were
caused by cultivation management like irrigation and harvesting, and
deciduous forest where consecutive changes occurred in time. For
rigorous assessment, I evaluated the results in both space and time
using hyperspectral maps derived from unmanned aerial vehicle
(UAV) and in situ tower—based continuous spectral measurements.
Our key scientific question is how much the daily gap—free surface
reflectance products empower us to sense the changes of the Earth

in space and time.
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2. Methods

2.1 Study sites

To evaluate the performance of daily gap—free surface reflectance
product, I included cropland (rice) and forest sites (deciduous forest;
needleleaf forest) in Republic of Korea, which include flux towers
registered in the Korea Flux Network (Figure 2.1; Table 2.1). The
rice paddy site (Site ID: CRK) is predominantly covered by rice
(Oryza sativa L. ssp. Japonica) and flat with a mean canopy height of
less than 1m. (Dechant et al., 2020; Dechant et al., 2019; Huang et
al.,, 2018; Hwang et al., 2020; Yang et al., 2018). The deciduous
forest (Site ID: GDK) is covered by are Konara oak (Quercus spp.)
and hornbeam (Carpinus spp), which are the dominant overstory
species, in mountain with a mean canopy height of approximately 18
m (Cho et al., 2021; Ryu et al., 2008; Ryu et al., 2014). The climates
of sites are temperate monsoon climate and clouds are frequently

cover the study sites with high precipitation during June to August.
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Figure 2.1 (a) Map of the Korean peninsula (image source: Google Earth) indicating

the location of the study area. (b) Locations of study sites and flux towers over
cropland (CRK, red circle) and deciduous forest (GDK, yellow square). Further

details are provided in Table 2.1.

Table 2.1 List of study sites. Planet functional types are cropland (CRO) and

deciduous broadleaf forest (DBF). Spectroradiometer position indicates sensor

heights (m) from the ground.

Spectro
Canopy Latitude (" N)
Site name (Site ID)  Type radiometer
height (m) Longitude (° E)
position (m)
Cheorwon Rice 38.2013,
CRO 5 0.5
Paddy (CRK) m m 127.2507
Gwangreung 37.7487,
Deciduous Forest DBF 40 m 18 m 197 1489
(GDK) )
12



2.2 In situ measurements

To evaluate daily gap—free surface reflectance products, I
compared them with in situ surface reflectance data from tower—
based hyperspectral and multi—spectral spectroradiometers and
remotely piloted aviation system—based hyperspectral imager. From
tower—based hyperspectral spectroradiometer (Jaz, Ocean Optics,
Dunedin, FL, USA over rice paddy; Frame, Ocean Insight, Orlando,
FL, USA over deciduous forest), I continuously measured canopy
reflectance around each flux tower. Fiber optics with cosine
correctors (Ocean Insight, Orlando, FL, USA) were equipped in
hyperspectral spectroradiometers to measure bi—hemispheric
reflectance. Additionally, LED—based multi—spectral
spectroradiometer (Kim et al., 2019; Ryu et al., 2010; Ryu et al.,
2014) measured bi—hemispheric reflectance in deciduous forest
(GDK). As satellite products provide the bidirectional reflectance
factor, 1 used vegetation indices (e.g., Normalized Difference
Vegetation Index (NDVI), approximated near infrared (NIR)
reflectance from vegetation (NIRv)), which showed negligible impact
on difference reflectance quantities (Feng et al., 2002; Kong et al.,
2021) to evaluate daily gap—free products. Based on difference
between the sensor height from the ground and canopy height, I
approximate the area of 80 % upwelling irradiance of bi—
hemispherical measurements. The estimated diameters of
hyperspectral spectroradiometer footprints were 19.3 m (CRK) and
17.2 m (GDK). To measure the bidirectional reflectance factor over
the sites, I used hyperspectral imager (Nano—hyperspec, Analytik,
Swavesey, UK) on remotely piloted aviation systems (DJI—600 pro
and DJI-RONIN MX, Shenzhen, People’ s Republic of China).
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Hyperspectral imager scanned around 250 m by 250 m area centered
on the flux towers of CRK and GDK (Figure 2.2). Further details were

in original dataset paper (Choi et. al., in prep).

Iy (b) GDK ry

483 m
370 m

N
4 Oct 25, 2021}

N
4

Sep 18, 2020} }
562 m g 344 m

Figure 2.2 In situ hyperspectral images (projection, WGS84/UTM zone 52N; red-
green-black (RGB) true color; 5—cm resolution). (a) Cropland (CRK) and (b)
deciduous forest (GDK). Yellow symbols indicate flux tower locations. Black shading

on the CRK map indicates data excluded from the final analysis.

2.3 Satellite products

Satellite data from different platform and sensors were used to
generate daily gap—free surface reflectance products in VNIR bands
(Table 2.2).1 set the study period during 1 Jan 2020 to 31 Dec 2021.
Geostationary —Korea Multi—Purpose Satellite—2 (GK2A) Advanced
Meteorological Imager (AMI) scanned from East Asia to Australia
with 0.5 km to 2 km resolution every 2 to 10 minutes depending on
the region (Chung et al., 2020). I used GK2A AMI level 2 fixed
viewing BRDF—adjusted reflectance (FVBAR) product with 2 km
resolution, which is the daily normalized the reflectance that
considered attribute of geostationary satellite observation (Lee et al.,

2020; Yeom and Kim, 2013). GK2A FVBAR daily surface reflectance
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data were computed from BRDF model (i.e., Roujean model)
inversion using cloud—free pixels in 10—minute interval GK2A data
within five days before the day of interest. From Terra and Aqua
MODIS data, daily Nadir view BRDF—adjusted reflectance (NBAR)
product were retrieved (MCD43A4; Schaaf et al. (2002)) with 500
m resolution. The inputs for daily MODIS NBAR product were the
possible MODIS pixels within 16—day range in center of the day of
interest. When sufficient (more than seven) high quality (e.g., cloud—
free) observations were available for semiempirical BRDF model G.e.,
RTLSR model), a full BRDF inversion retrieval can be attempted. I
used only pixels from full BRDF inversion retrievals in MCD43A4
product (collection version 6) as an input for the integrated system.
Landsat 8 OLI (Roy et al., 2014a) provide 16—day product with 30
m resolution. I used level 2 (Surface reflectance) and angle
parameter from Landsat 8 collection 2 level 1 (Top—of—atmosphere;
TOA) to generate Landsat 8 NBAR data. Sentinel 2 A/B Multispectral
Instrument (MSI) (Drusch et al., 2012b) provide b—day product with
10 m resolution for VNIR bands (band 2, 3, 4, and 8). I generated
Sentinel 2 NBAR data using level 2 surface reflectance and angle

parameter from Sentinel 2 A/B level 1 TOA.
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Table 2.2 List of satellite data for generating daily gap—free surface reflectance
products. Satellite data were measured from Geostationary—Korea Multi—Purpose
Satellite—2 (GK2A) Advanced Meteorological Imager (AMI), Terra and Aqua
Moderate Resolution Imaging Spectroradiometer (MODIS), Landsat 8 Operational
Land Imager (OLI), and Sentinel 2 Multispectral Instrument (MSI). Spatial

resolutions are for visible (red, green, and blue) and near—infrared bands.

Satellite b Spatial Temporal Band number
ata
sensor resolution resolution for VNIR
Blue =1
Fixed viewing BRDF—
GK2A Green = 2
adjusted reflectance 2 km Daily
AMI Red = 3
(FVBAR)
NIR = 4
Nadir Bidirectional
Blue = 3
Reflectance
Green = 4
MODIS Distribution Function 500 m Daily
Red =1
(BRDF) —Adjusted
NIR = 2
Reflectance (NBAR)
Levell (Top—of— Blue = 2
Landsat atmosphere), Green = 3
30 m 16 days
8 OLI Level2 (Surface Red = 4
reflectance) NIR =5
Levell (Top—of— Blue = 2
Sentinel atmosphere), Green = 3
10 m 5 days
2 MSI Level2 (Surface Red = 4
reflectance) NIR = 8
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2.4 Integrated system

To implement the integrated system, I designed the process including

the preprocessing forcing data for image fusion methods (Figure 2.3).

The system has three steps: 1) Preprocessing the coarse spatial
resolution data (i.e., GK2A and MODIS), 2) Preprocessing the fine
spatial resolution data (Landsat 8 and Sentinel 2), and 3) Image

fusion and gap—filling process.

2.4.1 Step 1: Daily gap—free 480 m resolution data

I combined daily GK2A FVBAR and MODIS NBAR data into one
dataset to prepare daily gap—free 480 m resolution data. First, I
cropped the region of interest in GK2ZA FVBAR and MODIS NBAR
data that contains only complete pixels in rather than segmented
pixels on the boundary of the region of interest. Second, the
coordinates of GK2ZA FVBAR and MODIS NBAR were re—projected
to that of fine resolution data (e.g., WGS84 UTM 52N, ESPG:32652)
and resampled the pixel size of NBAR data into 480 m by using cubic
spline interpolation method in geospatial data abstraction library
(GDAL). For image fusion processing, the ratio of the pixel size of
coarse resolution to that of fine resolution should be integer. I set
480 m, which is the common multiple of pixel sizes of fine spatial
resolution data (i.e., 30 m for Landsat 8 and 10 m for Sentinel 2) near
the pixel size of MODIS data (i.e., 500 m), as the coarse spatial
resolution dataset. Third, missing pixels of daily MODIS NBAR (480
m) due to insufficient high—quality observations for BRDF inversion
retrievals were substituted by pixels of daily GK2A FVBAR (480 m)
as GKZ2A have enough observations for generating almost gap—free

daily FVBAR within five days before the day of interest. Last, I used
17
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Gaussian process regression (GPR) model (fitrgp; MATLAB; The
MathWorks, Inc., Natick, MA, USA) on time—series dataset at each
location to fill the remained gaps. Gaussian process (Rasmussen,
2004) is an example of random (stochastic) process that has random
variables following the linear combination of multivariable normal
distribution. When the nonlinear function that represent the dataset
in time is a probability model with error bar, GPR estimates the
normal distribution of that function with mean function and covariance
(=kernel) function. After optimizing the hyper—parameters that
controls functional covariance, I can use that posterior mean and
covariance to predict the values in gaps. To minimize the prediction
error, I selected the options of fitrgp function as follows: an exact
GPR method to make prediction, a squared exponential kernel
function, and the unconstrained nonlinear optimization for parameter
estimation (i.e, ‘fminuc’ in fitrgp function). When the number of
pixels were insufficient for GPR model, [ estimated missing values by
smoothing (i.e., robust quadratic regression method) nearby pixels
within the window whose sizes were computed by own heuristic basis

(smoothdata; MATLAB; The MathWorks, Inc., Natick, MA, USA).

2.4.2 Step 2: Landsat 8 and Sentinel 2 preprocessing

I prepared the cloud mask using automated cloud and cloud shadow
detection algorithm (i.e., Fmask 4.6,
https://github.com/GERSL/Fmask; (Qiu et al., 2019)) to filter out low
quality pixels in Landsat 8 and Sentinel 2 level 2 data. Fmask, which
1s a widely used physical—rule—based algorithm, derives the physical
characteristics of cloud (e.g., white, bright, cold, and high in elevation)

using different spectral bands and auxiliary data (i.e., Global Surface
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Water Occurrence data and Digital Elevation Model data). Then,
Fmask classifies pixels of Landsat 8 and Sentinel 2 into land and
water or distinguishes snow/ice from clouds. At the same time, I
generated Landsat 8 and Sentinel 2 NBAR data using RTLSR model
with kernel parameters written in Roy et al. (2016b) and Roy et al.
(2017) as official NBAR products are not available over the study
sites. The kernel parameters were derived from MODIS spectral
BRDF model parameters of MODIS bands that were spectrally
equivalent to Landsat 8 and Sentinel 2 bands. I extracted angle
parameters (i.e., VZA, SZA, RAA) of Landsat 8 and Sentinel 2 from
Landsat 8 level 1 data using Landsat 8 Angle Creation Tool and
metadata of Sentinel 2 level 1 data in MTL format, respectively.
Additionally, I conducted geospatial co—registration between Landsat
8 and Sentinel 2 NBAR to reduce the impact of misregistration on
multi—sensor temporal data analysis. The AROSICS (Scheffler et al.,

2017) co—registers the satellite data based on a moving window

analysis that estimate sub—pixel shift using the Fourier shift theorem.

As AROSICS automatically detects and corrects the misalignments
between the satellite datasets, its implementation is suitable for our
integrated system. Further details on AROSICS methodology can be
found in Scheffler et al. (2017). Finally, I cropped the Landsat &
NBAR and Sentinel 2 NBAR based on the region that daily gap—free

480 m resolution data covers.

2.4.3 Step 3: Image fusion and gap—filling process

I used image fusion algorithm (i.e., SFSDAF) to enhance the spatial
resolution and used spatial gap—filling methods (i.e., NSPI) to fill up

the missing pixels. SEFSDAF inherits the strengths of FSDAF that are
19
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the minimum requirement for input data and the prediction of abrupt
change over heterogeneous land surface (Zhu et al., 2016). Based on
FSDAF, SFSDAF were proposed to incorporate sub-—pixel class
fraction changes into spatiotemporal image fusion (STIF) process.
Therefore, SFSDAF products retain the information to derive
phenological changes and land cover class changes (Li et al., 2020).
I decided to use SFSDAF among the STIF methods to utilize the full
potential of multiple satellite dataset in the system. NSPI restores
the missing pixels using neighboring pixels in the same—class (Chen
et al., 2011b). With this simple assumption, NSPI effectively
interpolated the pixel values even in heterogeneous landscape areas.
Although I considered GNSPI as an alternative candidate (Zhu et al.,
2012), its implementation is more complicated including the high
computation cost compared to NSPI. Moreover, the performance of
NSPI is comparable with GNSPI in many situations, including
heterogeneous landscape. I fused daily gap—free NBAR with 480 m
resolution and Landsat 8 NBAR using SFSDAF to produce daily
NBAR with 30 m resolution (denoted as STIF 30 m). Then, I make
pairs of the STIF 30m data and Landsat 8 mask data at an equivalent
or nearest date. I implemented spatial gap—filling algorithm (.e.,
NSPI) with the pairs to fill the missing pixels by the cloud—
contaminated pixels in Landsat 8 data. Through the spatial gap—filling
process, | generated daily gap—free NBAR with 30 m resolution
(denoted as GF STIF 30 m). In the same way, [ proceeded SFSDAF
and NSPI using GF STIF 30 m and Sentinel 2 NBAR to obtain daily
gap—free NBAR with 10 m resolution (denoted as GF STIF 10 m).
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Figure 2.3 The flowchart of the integrated system

2.5 Canopy photosynthesis

[ used NIR radiation reflected from vegetation (NIRvVP) as a proxy
of canopy photosynthesis. From the approximated NIR reflectance
from vegetation (NIRv; Eq. [1]) that is the product of the normalized
difference vegetation index (NDVI) and NIR reflectance, NIRvP (Eq.
[2]) were derived using the amount of incoming photosynthetically
active radiation (PAR). Since NIRvP was proposed as a structural
proxy for GPP estimation, it had been widely adopted to estimate GPP
at hourly to daily timescales for plot to continental scale (Baldocchi
, 2020; Dechant et al., 2022; Dechant et al.,
2021; Kong et al., 2022; Liu et al., 2020).

et al. 2020; Jiang et al.,
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pNIR- pRed
pNIR+ pRed

NIRv = pNIR X NDVI
NIRvP = NIRv x PAR

NDVI =

Eq. (1)

Eq. (2)
Eq. (3)

where o NIR and p Red are reflectance in the NIR and red regions,

respectively.

=4 s

4.7 km X ‘4.7'Lkm

0.1

810.9 km x 10.45 kmES

Figure 2.4 Example NDVI and NIRv images produced by the integrated system (.e.,
STIF step2 GF) over CRK (red circle) and GDK (red square) sites on July 1, 2020.
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2.6 Evaluation

To evaluated the performance of GF STIF data, I compared GF
STIF—derived NIRVP to in situ measurements used several metrics.
I followed previous studies (Chen et al., 2015; Kong et al., 2021; Zhu
et al., 2018) that used the coefficient of determination (R*) of linear
regression models, relative bias (rbias; Eq. [4]), and the relative root

mean square error (rRMSE; Eq. [5]) to evaluate the image fusion

products.
bias = E(|[A - BI) Eq. (4)
rbias = —E(B)
/ Y Eq. (5)
rRMSE(A) = E((EB(B)A) )

where A is fusion NIRvP products, B is /n situ NIRvP, and E is the
mean operator.

I compared GF STIF NIRvP to GPP from the eddy covariance
systems. As the footprint of EC system is the source area of detected
trace gases by an EC system, I used for GF STIF pixel selection for
GPP estimation. The daily flux footprints were calculated with the
model from Kljun et al. (2015). When extracting GF STIF pixels
within the daily footprint of EC system, I weighted the pixel values
based on footprint contribution at satellite overpass time for each day
(1000hh — 1130hh). I split the weighting factors from 10 % to 80 %
in each 10 % interval (Eq. [6]).

NIRV(P)ECfootprint =
N NIRvi within CL1¢ o, 10 Eq
_ X =)+ '
Yie=1( N within CL1g o, 80) &
8 ZN ( NIRVk between CL(i+1)><10 % and CLinO % E)
i=14k=1% " N between CLj41)x10 9 and CLix10 % 80

where k is each pixel number in the total number (N) of pixels within
the footprint area, CLp 4 1s D % footprint contour line.
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3. Results and discussion

3.1 Comparison of STIF NDVI and NIRv with in situ NDVI and NIRv

STIF step?2 GF NDVI performed better than STIF stepl GF NDVI
in terms of tracking changes in /i situ NDVI (Figure 2.5). STIF step2
GF NDVI showed strong linear relationships with iz situ NDVI (R? =
0.76, rRMSE = 28.19 % at CRK; R* = 0.83, rRMSE = 14.68 % at

GDK), compared to STIF stepl GF NDVI (R? = 0.74, rRMSE = 33.06 %

at CRK; R*=0.75, rRMSE = 17.15 % at GDK). Although all STIF NDVI
results were negatively biased against mn situ NDVI, the
underestimations of STIF step2 GF NDVI (rbias = —7.24 % at CRK;
rbias = —10.07 % at GDK) were smaller than STIF step2 GF NDVI
(rbias = —14.29 % at CRK; rbias = —13.89 % at GDK), especially
growing season (Figure 2.5).

STIF stepZ2 GF NIRv did not performed better than STIF stepl GF
NIRv in terms of tracking changes in /n situ NDVI (Figure 2.5). STIF
stepl GF NIRv showed strong linear relationships with /7 situ NIRv
(R* = 0.703 at CRK; R* = 0.617 at GDK), compared to STIF step2
GF NIRv (R* = 0.701 at CRK; R” = 0.462 at GDK). However, STIF
step2 GF NIRv showed smaller rRMSE and rbias ('{RMSE = 48.71 %,
rbias = —7 % at CRK; rRMSE = 36.17 %, rbias = —21.26 % at GDK)
than STIF stepl GF NIRv (rRMSE = 60.13 %, rbias = —25.48 % at
CRK; rRMSE = 37.65 %, rbias = —29.57 % at GDK).

24 :I-' 'a.l.'\-'_]-:



1 05 . =
R?=0.74102 . R?=0.7035 .
p-value=0 e p-value=0 e

0.8 - slope = 0.5973 » 0.4 slope =0.4474 .
s rbias = -14.29 % P 2z rbias = -25.48 % e
=] rRMSE = 33.06 % ‘ol = rRMSE = 60.13 % -
Z  n=9 A Z  n=97 .7
'S '™
& 06 403 .
o Y
@ o
w04 » 0.2
w o

=

@ »

0.2 0.1

Xl o F
0 0.2 0.4 0.6 0.8 1 0 0.1 0.2 0.3 0.4 05

z in situ NDVI in situ NIRv

o o ,
R? = 0.76052 R?=0.70151 .
p-value =0 4 p-value =0 .7

0.8 ' slope =0.7555 et 0.4 slope =0.6328 -
s rbias = -7.24 % o R 2 rbias = -7 % e
o
g ’r:ZI\A;E =2819% »e s ) . nm_m;s =48.71% .. R
T8 - w Ln=
L 06 , & 0.3
o o
g & g
w04 . %02
w w
= =
« »
0.2 0.1
“' M e .’
L7 ‘!' L
0- 0” L] i i
0 0.2 0.4 0.6 0.8 1 0 0.1 0.2 0.3 0.4 05
in situ NDVI in situ NIRv
1 05 . vl
R? = 0.75439 R? = 0.61762 P
p-value =0 p-value =0 e
0.8 + slope = 0.882 0.4 - slope =0.5309 ’
s tbias = -13.89 % 2 rbias = -29.57 % .’
[=] = — = -
2 , nrklwai 17.15% = . nm!ai 37.65% .yt
TR (T
Y T
@ o
w04 %02
W P %
[~ =
» 7
0.2 0.1
0 0 -
0 0.2 0.4 0.6 0.8 1 0 0.1 0.2 0.3 0.4 05
n in situ NDVI in situ NIRv
17 - 05 . - : - >
w R?=0.83118 R? = 0.46283 I
p-value =0 p-value =0 .-~ 4
0.8 slope =1.1585 0.4 slope = 0.6503 . - .l
s tbias = -10.07 % 2 rbias = -21.26 % “ .t
a rRMSE = 14.68 % S rRMSE = 36.17 % . s%E
n=146 n =146 .
w w
w06 03
3 2 .
@ o
04 %02
w . =
[~ =
(%] 7]
0.2 0.1
,;- *
0 0 : -
0 0.2 0.4 0.6 0.8 1 0 0.1 0.2 0.3 0.4 05
in situ NDVI in situ NIRv

Figure 2.5 Comparison of measured in situ normalized vegetation difference index
(NDVI) and near—infrared radiation reflected from vegetation (NIRv) around the
satellite passing time with STIF step 1 GF and STIF step 2 GF data to calculate the
coefficient of determination (R?), the significance of the linear regression (p—value),
the slope of the linear regression (slope), relative root mean square error (rfRMSE),
and relative bias (rbias). Dashed black lines are 1:1 line (y = x) and n is the number
of samples used in the linear regression model.
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STIF results followed the seasonal variation of i/ situ NDVI and
NIRv (Figure 2.6). STIF step 1 GF NDVI and NIRv over CRK and
GDK underestimated the in stz NDVI and NIRv during the peak
growing season (Figure 2.6).

Since the NDVI and NIRv are used in the calculation of NIRvVP
(Dechant et al., 2022), the performance of NDVI and NIRv derived
from the integrated system (comprising STIF stepl GF and STIF
step2 GF) can assured the quality of NIRVP from the integrated
system for monitoring canopy photosynthesis. The improvement in
estimating in situ NDVI and NIRv were occurred when enhancing
spatial resolution. This result is consistent with the previous studies
that quantified the impact of land cover mixing within image pixels

(Kong et al., 2021).
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Figure 2.6 Seasonal variations of NDVI and NIRv derived from integrated system

(comprising STIF stepl GF and STIF step2 GF) and in situ measurements at
cropland site (CRK) and deciduous forest site (GDK).
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3.2 Comparison of STIF NIRvP with in situ NIRvP

NIRvVP derived from the integrated system show good performance
to estimate inn situ NIRvP (Figure 2.7). STIF stepl GF NIRvP showed
strong linear relationships with /7 sifu NIRvP (R? = 0.73, rRMSE =
45.56 % at CRK; R* = 0.84, rRMSE = 32.12 % at GDK), compared to
STIF stepl GF NIRvP (R* = 0.71, rRMSE = 51.90 % at CRK; R* =
0.79, rRMSE = 33.48 % at GDK). Compared to STIF stepl NIRvP
results, which were negatively biased against 7n sifu NIRvP (rbias =
—15.98 % at CRK; rbias = —13.89 % at GDK), the underestimations
of STIF step2 GF NIRvP (rbias = 5.64 % at CRK; rbias = —13.80 %

at GDK) were smaller (Figure 2.7).
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used in the linear regression model.

STIF results followed the seasonal variation of in situ NIRvP
(Figure 2.8). STIF step 1 GF NIRvP over CRK and GDK
underestimated the /n situ NDVI and NIRv during the peak growing
season, compared to STIF step 2 GF NIRvP (Figure2. 8).

Integrated system NIRvVP showed strong linear relationship with in
situ NIRvVP, compared to integrated system NDVI (NIRv) with in situ
NDVI (NIRv). Compared to STIF stepl GF, STIF step2 GF did not
underestimate /7 situ NIRvP during peak growing season. Thus, I can
utilize the integrated system NIRvP for estimating high
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spatiotemporal resolution canopy photosynthesis map (Baldocchi et

al., 2020; Dechant et al., 2022; Kong et al., 2022).
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Figure 2.8 Seasonal variations of NIRvP derived from integrated system (comprising

STIF stepl GF and STIF step2 GF) and in situ measurements at cropland site (CRK)

and deciduous forest site (GDK).

30 : H o T



4. Conclusion

Enhancement of the spatiotemporal resolution of satellite imagery
1s important for monitoring daily changes in vegetation, especially
heterogeneous landscape areas. In this study, I proposed the
integrated system that conduct the series of processes, including
cloud masking, nadir BRDF adjustment, spatial registration,
spatiotemporal image fusion, spatial and temporal gap—filling. I
demonstrated the performance of the integrated system with respect
to /n situ measurements over cropland and deciduous forest in 2020.
The proposed system enables us to monitor daily canopy
photosynthesis dynamics among regions of interest worldwide with
high spatial resolution. I added geostationary satellite images that
were not used in the existing image fusion method to lower the
uncertainty when increasing time resolution of image fusion products.
[ anticipate future efforts to use our system in various ecosystems
including tropical forest that have been hindered by the limited spatial
and temporal resolution of satellite imagery or conifer forest that

show small variations of vegetation index throughout a year.
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Chapter 3. Super—resolution of historic Landsat imagery
using a dual Generative Adversarial Network (GAN) model
with CubeSat constellation imagery for monitoring

vegetation changes

1. Introduction

Advances in remote sensing have improved the spatial resolution
of satellite observations of the Earth’ s surface. For > 40 years, the
Landsat mission has obtained spectral information regarding the
Earth’ s surface with 30-60—m resolution (Irons et al., 2012; Masek
et al., 2020; Roy et al., 2014b; Wulder et al., 2019). Since the launch
of the Sentinel 2 mission in 2015, multispectral imagery with 10—20
m resolution has become available for global—scale land monitoring
(Drusch et al., 2012a). CubeSat constellations (e.g., PlanetScope),
which comprise satellites with multiple cubic units (i.e., < 1.33 kg
unit ') (Puig—Suari et al., 2001), have enabled global satellite
datasets with 3—m resolution at a near—daily frequency (Roy et al.,
2021). For example, vegetation index maps derived from
PlanetScope data have demonstrated ability to robustly capture
spatial and temporal variations in canopy photosynthesis, crop yield,
and phenology (Houborg and McCabe, 2018b; Houborg and McCabe,
2018c; Johansen et al., 2022; Kong et al., 2021; Kong et al., 2022;
Ziliani et al., 2022). The recently released Planet Fusion dataset
(Planet Fusion Team, 2022), which overcomes cross—sensor
inconsistencies in the CubeSat constellation (Houborg and McCabe,
2018a) and cloud—induced data gaps, has shown promise in terms of
vegetation monitoring, even in heterogeneous areas (Johansen et al.,
2022; Kong et al., 2022; Ziliani et al., 2022).

Despite the emergence of new satellite datasets with high spatial
32



resolution (< 5 m), longer term historic satellite datasets remain
limited by relatively low resolution. Compared to the Planet Fusion
3—m-—resolution dataset, datasets with resolutions in the range of
tens of meters are often insufficient for effectively detecting
vegetation dynamcis in regions characterized by heterogeneous land
cover (Kong et al., 2022), and for supporting precision agriculture
(Stoy et al., 2022). Multiple approaches have been proposed to
enhance the spatial resolution of satellite images, such as image
fusion and interpolation—based (e.g., nearest—neighbor or bilinear)
methods (Rahmani et al., 2010). Although image fusion methods,
including pan—sharpening, were developed for spatial enhancement,
they require additional datasets with high spatial resolution for the
same time period (Zhu et al., 2018). In contrast, interpolation
methods can enhance the spatial resolution of a single image without
requiring additional datasets; however, the results are hindered by
noise amplification and blurred details. Interpolation methods also
magnify the noise of satellite datasets over heterogeneous
landscapes because high—spatial—resolution pixels are not always
linearly mixed into low—spatial—resolution pixels (Teillet et al.,
1997). Therefore, rather than fully exploiting the abundant details in
high—spatial—resolution satellite imagery, these datasets are often
downscaled to generate long—term datasets with a consistent spatial
resolution (Claverie et al., 2018; Griffiths et al., 2019).

Generative adversarial networks (GANs) have shown promise in
terms of increasing the spatial resolution of images, through a
process known as super-—resolution. Super—resolution is an ill—
posed inverse problem that may not have an ideal solution for the
estimation of perfect observations from imperfect datasets; thus,

multiple deep learning—based methods have been suggested to
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achieve single—image super—resolution (Dong et al., 2015; Kawulok
et al., 2021; Latte and Lejeune, 2020; Ledig et al., 2017; Wang et al.,
2021; Wang et al.,, 2018a). Among deep learning—based methods,
GAN-—based approaches enable robust restoration of images
containing blur, resizing, and noise artifacts (Wang et al., 2021).
Because the architecture of GAN-—-based methods uses both
unsupervised and supervised learning (Goodfellow et al., 2014), this
architecture can restore spatial representations in past datasets by
learning from the detailed spatial representations in new, high—
spatial—resolution satellite datasets. The first application of a GAN
to enhance image spatial resolution was the Super—Resolution GAN
(SRGAN; (Ledig et al., 2017), followed by Enhanced—SRGAN
(ESRGAN; (Wang et al., 2018a) and Real-ESRGAN (Wang et al.,
2021), all of which improved the ability of GAN—based approaches
to manage artifacts. Few studies have used GAN models for object
detection in 1-10—m—resolution satellite data (Beaulieu et al., 2018;
Ren et al., 2020; Salgueiro Romero et al., 2020; Wang et al., 2020d);
to our knowledge, no studies have used GAN models for long—term
vegetation monitoring.

Multiple factors have restricted the use of GAN—based super—
resolution methods for detailed vegetation monitoring with past
satellite datasets. Vegetation monitoring via super—resolution in
heterogeneous areas requires high perceptual quality to distinguish
vegetated areas from other land cover types, as well as low distortion
in terms of spectral information. However, the trade—off between
increasing perceptual quality and decreasing distortion limits the
performance of GAN models (Blau and Michaeli, 2018). Although
spectral information can be preserved by harmonizing image pairs

before GAN model training (Salgueiro Romero et al., 2020), the
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spatial resolution of Landsat datasets (e.g., Landsat 8 surface
reflectance product, 30 m) is 10—fold lower than the spatial
resolution of PlanetScope datasets (e.g., Planet Fusion product, 3 m).
This large spatial resolution discrepancy complicates accurate co—
registration of low— and high—spatial—resolution image pairs (Ren et
al., 2020), as well as the restoration of image spatial representation.
Differences among satellite sensors (Claverie et al., 2018; Scheffler
et al., 2017; Storey et al., 2016; Yan et al.,, 2016b), caused by
variations in sun—target—sensor geometry (Roy et al., 2017; Roy et
al., 2016b) and spectral sensitivity, can degrade the performance of
the GAN model in super—resolution (Beaulieu et al., 2018) Finally, a
robust GAN model requires large amounts of cloud—free low— and
high—spatial—resolution image pairs to learn surface changes at
different scales; however, it is challenging to pair images for the
same date because of clouds (Ju and Roy, 2008) and differences in
satellite revisit frequency.

High frequency and high spatial resolution satellite data from
CubeSat constellations meet the quality and quantity requirements
for image pairs needed to effectively train GAN models. Variations in
sun—target—sensor geometry in archived Landsat datasets can be
reduced by transforming these datasets to nadir—view bidirectional
reflectance distribution function (BRDF)—adjusted reflectance
(NBAR) products (Roy et al.,, 2016b). The Planet Fusion product
harmonizes near—daily CubeSat imagery against BRDF—corrected
Landsat 8 and Sentinel 2 data (Frantz, 2019b; Planet Fusion Team,
2022), which makes it suitable for the formation of image pairs with
Landsat datasets. In addition to the importance of cross—sensor
calibration for long—term observation (Wulder et al., 2021), the

Planet Fusion product delivers cloud—free surface reflectance values
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on a continuous daily basis, which enables straightforward pairing
with day—coincident Landsat images. Since the upscaling range
allowed by the super—resolution GAN model (i.e., a scale factor of
4) is smaller than the spatial resolution ratio between Landsat and
Planet Fusion (i.e., a scale factor of 10), multi—scaled approach is
needed (Lai et al., 2017). Because the downscaling process cannot
determine values outside of the observation range, downscaled
Planet Fusion products inherit the quality of the original Planet Fusion
dataset. Accordingly, high—quality image pairs may be constructed
between Landsat and Planet Fusion products in multi—scale. When
images within a pair have different scales, a sequential GAN model
that uses the outputs of a GAN as inputs for another model can be
applied (e.g., a boosting meta—algorithm in ensemble machine
learning).

In this study, we present an approach for overcoming the spatial
resolution gap between long—term (i.e., Landsat archive) and more
recent (i.e., Planet Fusion) imagery datasets to generate consistent,
high spatial resolution, long—term terrestrial vegetation records. A
series of GANs (referred to as “dual GAN" ) uses the original and
downscaled Planet Fusion data to train GAN models; it uses the
output of one GAN as input for another model. We designed the dual
GAN to reduce spatial differences between past and new datasets in
a sequential manner, beginning with the generation of long—term
vegetation index maps with high spatial resolution as follows. We
prepared Landsat 8 NBAR products to reduce the impacts of
directional effects among the different satellite products (.e.,
Landsat 8, Sentinel 2, and Planet Fusion). Then, we trained the
Remote Sensing Super—resolution dual-GAN (dual RSS—GAN) to

emulate Landsat 8 datasets with 10— and 3—m resolution, using a 2

36 .__:rx! _'-.;.'ZI_ -l_-ll =]



year record of satellite image pairs (i.e., Landsat & and Planet Fusion
from 2020 and 2021). Next, we used the dual RSS—GAN model to
simulate historic Landsat & vegetation index maps (2013-2019) with
10— and 3—m spatial resolution over cropland and deciduous forest
landscapes. Finally, we compared vegetation index maps from the
dual RSS—GAN models with in situ tower—based continuous
measurements (over a period of up to 8 years) and vegetation index
maps acquired using a remotely piloted aerial system (RPAS). These
evaluations serve to demonstrate the spatial and temporal robustness
of the outlined approach for enhancing the spatial resolution of long—

term vegetation observations.
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2. Methods

2.1 Real-ESRGAN model

To generate vegetation maps similar to real landscapes, I based
the dual RSS—GAN on the Real —-ESRGAN model (Wang et al.,
2021), which effectively restores detailed spatial representations
and suppresses artifacts in low—resolution images. Generally, a
GAN consists of two neural networks: the discriminator, which
classifies data into real and generator—derived artificial types, and
the generator, which creates artificial data that will mislead the
discriminator (i.e., leading to labeling as real data). Whereas the
generator is updated to reduce differences between model—
generated and actual data (i.e., loss), the discriminator is trained to
minimize instances of misclassification. Thus, the generator is both
unsupervised and constrained by binary supervised classification
loss (true vs. artificial data). Successive degradation processes
such as image blur, resizing, noise, and compression are repeated
twice as high—order degradation during Real —-ESRGAN model
training with low— and high—spatial—resolution image pairs. In the
last step of high—order degradation, the sinc filter kernel, which
eliminates high frequencies, is utilized to reduce ringing and
overshoot artifacts that often appear near sharp transitions, as
follows:

sinc kernel(i,j) = ZT[\/%Tizll(wc\/m) Eq. (1)

where (7, j) are the kernel coordinates; we is the cut—off frequency;
and J; is the first—order Bessel function of the first kind.

To train high—order degradation, the discriminator in Real—
ESRGAN was designed to have a U—Net structure with skip
connections that capture general context information among pixels
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and detailed localization for up—sampling (Ronneberger et al.,
2015). Because of the complicated degradation and structure of U—
Net, spectral normalization (Miyato et al., 2018) is performed to
stabilize the training dynamics of the discriminator. During the
training process, a discriminator with L1 loss [Eq. (2)] initializes
the generator; Real - ESRGAN is trained using a combination of L1
loss, perceptual loss [Eq. (3), also known as style loss], and GAN
loss [Eq. (D]:

L1 loss = Eq. (2)

z |Ytarget — Ypredicted

Perceptual loss = Eq. (3)
1 Wi wHij

mzx;l yor (i M)y — ¢i,j(G(-)G(ILR))X,y)2)

GAN loss = Eq. (4)

minmaxEjur_p, . nr) [logDgp (1HR)]

+ E[LR~pG([LR) [log(l — Dgp (GBG(ILR))]
where H;j, W; are the dimensions of the U—Net input feature map;
¢;; is the feature map for the /" convolution before the /"
maxpooling layer; Dis the discriminator; G is the generator; 6
represents weights and biases; E'is the expectation operator; 7% is
a high—resolution image; 7" is a low—resolution image; p is the
probability distribution; and D(x) is the probability for data x.

In this study, we used the generator and discriminator structure
of Real-ESRGAN (Wang et al., 2021) to train the dual RSS—GAN
models to generate vegetation index maps at different scales.
Because Real - ESRGAN is one of the state—of—art image super—
resolution models, the pre—trained generator and discriminator

were already trained to capture artifacts introduced by scale
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changes; therefore, we adapted the dual RSS—ESRGAN for satellite
images. The detailed dual RSS—GAN training process is described

in Section 2.7.

2.2 Study sites

We compared 30—, 10—, and 3—m-—resolution vegetation index
maps with 2 situ measurements at study sites with flux towers where
the variation of vegetation indices is large (e.g, cropland and
deciduous forest) within the Republic of Korea. Flux towers in rice
croplands and deciduous forests are part of the the Korea Flux
Network (Figure 3.1; Table 3.1). The deciduous forest site (GDK) is
in a mountainous area, where the dominant overstory species are
Konara oak (Quercus spp.) and hornbeam (Carpinus spp.), with a
mean canopy height of approximately 18 m, and the dominant
understory species are Korean spindletree (Fuonymus oxyphyllus)
and cornel (Cornus kousa) (Cho et al., 2021; Ryu et al., 2008; Ryu et
al., 2014). The rice paddy site (CRK) has flat terrain, and the
predominant species in the flux tower area is rice (Oryza sativa L.
ssp. japonica), with a mean canopy height of around 0.5 m at peak
growing season. (Dechant et al., 2020; Dechant et al., 2019; Huang
et al., 2018; Hwang et al., 2020; Kim et al., 2019; Yang et al., 2018).
Each site has a temperate monsoon climate, with frequent cloud cover
and high precipitation from June to August. The vegetations in
agricultural land is close to herbaceous with relatively short and
simple vegetation structure, compared to deciduous forest that has
tall tree with complex vegetation structures. On the other hand,
agricultural land is not spatially homogeneous because each field was
managed in different dates by the owners when deciduous forest

showed stable land cover changes.
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Figure 3.1 (a) Map of the Korean peninsula (image source: Google Earth) indicating
the location of the study area. (b) Locations of Planet Fusion tiles (red squares; 24
km X 24 km per tile) and flux towers over cropland (CRK, yellow circle) and

deciduous forest (GDK, yellow square). Further details are provided in Table 3.1.
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Table 3.1 Description of study sites. Spectroradiometer position indicates sensor
height (m). CRO, cropland; DBF, deciduous broadleaf forest. Spectroradiometer

position indicates the sensor heights (m) from the ground.

Spectro— Latitude
Land Canopy In situ
radiometer N
Site (ID) cover height measurements
position Longitude
Type (m) . period
(m) ¢ B)
Gwangreung
deciduous 37.7487,
DBF 22 18 2013-2020
forest 127.1489
(GDK)
Cheorwon
38.2013,
rice paddy CRO 5 0.5 2016-2021
127.2507
(CRK)

2.3 In situ measurements

To evaluate temporal variation in vegetation index maps with 30—,
10—, and 3—m resolution, we used in situ spectral reflectance
measured with Jaz hyperspectral radiometers (350-1000nm, 1.5 nm
resolution, Ocean Insight, Dunedin, FL, USA) and a light—emitting
diode (LED)—based near—surface remote—sensing system (Kim et
al., 2019). In the rice paddy, Jaz spectroradiometers with two fiber
optic probes and cosine correctors were installed 5 m above the
ground (Table 3.1). In the deciduous forest site, the LED—based
near—surface remote—sensing system, which automatically collects,
transfers and processes vegetation indices using blue, green, red, and
NIR LEDs with a quality comparable to the Jaz hyperspectral
radiometers (Kim et al., 2019), was installed 4 m above the canopy
(Ryu et al., 2014). Because all in situ spectral measurements were

bi—hemispheric reflectance measurements (Schaepman—Strub et al.,
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2006), we estimated 80% cumulative reflectance footprints
according to the sensor heights above the canopy (Liu et al., 2017b).
The estimated footprint diameters of the /n situ hyperspectral and
LED measurement footprints were approximately 19 m (CRK, rice)
and 17 m (GDK, deciduous forest), respectively. To match the
tower—based in situ collection time to the Landsat 8 satellite
overpass time (approximately 1015hh—1030hh), we used 7/n situ data
at 1030hh. We converted i situ hyperspectral data to Landsat [red
band: 640-670 nm, near—infrared (NIR) band: 850-880 nm] and
Sentinel 2 [red band: 650—680 nm, NIR band: 789-898 nm] broad—
band data using the spectral response functions of the Landsat 8
Operational Land Imager (OLI) and Sentinel 2 Multispectral
Instrument (MSI), respectively. The LED—based GDK data consist
of only 4 bands (peak sensitivity/full—width half maximum): blue
(440/65), green (525/80), red (646/56), and NIR (843/72) (Ryu et
al., 2014).

To evaluate spatial patterns in the vegetation index maps, we used
spectral reflectance maps (5—cm resolution) from a hyperspectral
imager (Nano—Hyperspec, visible and NIR model; Headwall
Photonics, Fitchburg, MA, USA) mounted on a remotely piloted aerial
system (RPAS; DJI-M600pro, DJI, Shenzheng, China). To create the
surface reflectance map, we calculated the ratio of outgoing radiance,
measured by a hyperspectral imager, to incoming irradiance,
measured by a tripod mounted hyper—spectrometer (350 nm—-2500
nm, 3nm resolution at 700nm, FieldSpec 4 Wide—ResField
Spectroradiometer; ASD, Boulder, CO, USA) at 10—s intervals. The
n situ surface reflectance data were then exposed to spectral
aggregation in accordance with the satellite spectral response

functions. In addition, generic BRDF normalization (Roy et al., 2017;
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Roy et al., 2016b), co—registration, spatial aggregation, and
orthorectification were applied to ensure consistency with Landsat 8
NBAR imagery. Further details concerning the RPAS—derived NBAR
processing will be included in a future publication. We used RPAS—
derived NBAR maps (5—cm resolution) of rice paddy and deciduous
forest sites within = 1 day of the Landsat 8 overpass dates (i.e.,

CRK, September 18, 2020) (Figure 3.2).

‘Bl (b) GDK f

483 m
370 m

N
4

Sep 18, 2020}

N
4
562 m N 344 m

Oct 25, 2021 {7

Figure 3.2 In situ hyperspectral images (projection, WGS84/UTM zone 52N; red-
green—black (RGB) true color; 5—cm resolution). (a) Cropland (CRK) and (b)
deciduous forest (GDK). Yellow symbols indicate flux tower locations. Black shading

on the CRK map indicates data excluded from the final analysis.

2.4 Vegetation index

Changes in vegetation over time were monitored using the
vegetation index map, which included the normalized difference
vegetation index (NDVI) (Rouse, 1974; Tucker, 1979) and the NIR
vegetation reflectance index (NIRv) (Badgley et al., 2017). NDVI
maps, which show the normalized difference between NIR and red

light [Eq. (5)], can be used to assess plant health in the target area
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because vegetation reflects NIR light while absorbing red light for
photosynthesis. The NDVI has frequently been used as a proxy for
the chlorophyll content and leaf area index in a target area
(Haboudane et al., 2004; Haboudane et al., 2008; Le Maire et al.,
2008; Myneni et al., 1995). Moreover, the NDVI can be derived from
long—term satellite remote —sensing observational records, including
datasets from Landsat multispectral sensors, Moderate Resolution
Imaging Spectroradiometer (MODIS), and Advanced Very High—
Resolution Radiometer (AVHRR). NIRv is the fraction of vegetation
NIR reflected within a mixed pixel, obtained through the
multiplication of NIR by NDVI [Eq. (6)] (Badgley et al., 2017). NIRv,
which exhibits robust performance in terms of capturing terrestrial
photosynthesis from the site—specific scale to the global scale
(Badgley et al., 2019), is calculated as the proportion of canopy—
intercepted visible light to the vegetation—reflected NIR (Sellers,
1987; Sellers et al., 1992):

NDVI = 2NIR—pRed Eq. (5)
pNIR+ pRed
NIRv = NDVI X pNIR Eq. (6)

where o NIR and p Red are reflectance in the NIR and red regions,

respectively.

2.5 Satellite data

For dual RSS—GAN training, I used the Landsat 8 OLI dataset (Roy
et al., 2014b), including Collection 2 Level 1 (Landsat 8 C2 LL1) and
Level 2 (Landsat 8 C2 L2) data. I applied the angle parameters from
Level 1 products and surface reflectance from Level 2 products to
the NBAR derivation method [i.e., the RossThick LiSparse (RTLSR)
model (Li and Strahler, 1986; Lucht et al., 2000; Wanner et al.,
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1995) 1, using the parameters of the MODIS BRDF model (Roy et al.,
2017; Roy et al., 2016b) (Figure 3). Although the effect of BRDF in
NDVI is not significant (Kong et al., 2021), however, a standardized
format is required to use multi—source satellite images Landsat 8
NBAR products have 30—m resolution and 16—day temporal
resolution (Table 3.2).

To confirm the quality of the Landsat 8 NBAR and Planet Fusion
land monitoring products, I also used the Sentinel 2 NBAR product to
evaluate the dual RSS—GAN training datasets. I downloaded the
Sentinel 2 A/B dataset, including Level 1 (Sentinel 2 L1C) and Level
2 (Sentinel 2 L2A) data from the Sentinel 2 mission (Drusch et al.,
2012a), in which Sentinel 2A and 2B carry MSI. Next, I generated
Sentinel 2 NBAR products (10—m resolution with 5—day temporal
resolution) (Table 3.2) in NBAR processing, which is equivalent to
Landsat 8 NBAR processing but uses different BRDF model
parameters (Figure 3) (Roy et al., 2017).

[ also used an automated cloud and cloud shadow detection method
(Fmask 4.6; (Qiu et al., 2019) to flag contaminated pixels in both the
Landsat 8 NBAR and Sentinel 2 NBAR datasets (Figure 3.3). I used
clear pixels in the Landsat 8 NBAR and Sentinel 2 data to generate
NDVI and NIRv vegetation index maps via the red and NIR bands.
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Table 3.2 List of satellite—derived datasets used in this study. Satellite data were
obtained from Landsat 8 Operational Land Imager (OLI), Sentinel 2 Multispectral
Instrument, and PlanetScope Dove measurements. Spatial resolution refers to pixel

size in the red and near—infrared (NIR) bands.

Satellite Spatial Temporal Band Data
sensor Pata resolution resolution numbers period
Level 1
(top—of— 2013-
Landsat 8 atmosphere), Red = 4 2021
30 m 16 days

OLI Level 2 NIR = 5 (8

(surface years)
reflectance)
Level 1
(top—of— 2019-
Sentinel 2 atmosphere), Red = 4 2021
10 m 5 days

MSI Level 2 NIR = 8 3

(surface years)
reflectance)

2020-
PlanetScope Planet Near— Red =3 2021

Doves Fusionx o Daily NIR = 4 2
years)

* PlanetScope Ortho Tile Product is the main satellite dataset for Planet

Fusion products.
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2.6 Planet Fusion

To train the dual RSS—GAN, I used Planet Fusion (Planet Fusion
Team, 2022) as a reference dataset. Planet Fusion incorporates
reliable—quality datasets from Sentinel—2, Landsat 8, MODIS, and
the Visible Infrared Imaging Radiometer Suite (VIIRS) for multi—
sensor inter—calibration, harmonization, fusion, and gap—filling of
PlanetScope data (Table 2) based on the CubeSat—enabled Spatio—
Temporal Enhancement Method (CESTEM) algorithm (Houborg and
McCabe, 2018a), which leverages the harmonized Sentinel 2 and
Landsat 8/9 bidirectional reflectance distribution function (BRDF) —
adjusted 30—m surface reflectance product generated from the
Framework  for  Operational Radiometric = Correction  for
Environmental Monitoring (FORCE) (Frantz, 2019b). Detailed
information concerning the harmonization method is provided
elsewhere (Houborg and McCabe (2018a). After rigorous detection
of clouds and cloud shadows in the PlanetScope data, Planet Fusion
fills gaps in the contaminated pixels by fusing Sentinel 2 and Landsat
8 data (Planet Fusion Team, 2022). Thus, the Planet Fusion product
contains daily, gap—filled, 3—m-—resolution, 4—band surface
reflectance (blue: 0.45-0.51 um; green: 0.53-0.59 um; red: 0.64-0.67
pm; NIR: 0.85-0.88 um) with gridded raster tiles (24 km X 24 km)
in UTM projection. In this study, six Planet Fusion product tiles from
2020 to 2021 including the CRK and GDK flux tower sites and nearby
areas (e.g., urban, mountain, and cropland) were used to generate

NDVTI and NIRv vegetation index maps (Figure 3.1).
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2.7 Dual RSS—GAN via fine—tuned Real —-ESRGAN

To generate high—spatial—resolution NDVI and NIRv vegetation
index maps derived from Landsat 8 datasets, we trained the dual
RSS—GAN using Planet Fusion and Landsat 8 NBAR products from
2020 to 2021 (Figure 3.3). We prepared image pairs for use in
training the dual RSS—GAN model by cropping Landsat 8 NBAR
products and cloud masks to overlay on Planet Fusion tiles. To
exclude pixels in Planet Fusion when corresponding pixels in Landsat
8 NBAR data were contaminated, we superimposed the cropped
Landsat 8 cloud masks on Planet Fusion tiles. To reduce
computational costs and effectively learn the Planet Fusion tile areas,
we sliced the image pair tiles (.e., Planet Fusion tiles and cropped
Landsat 8 NBAR) into sub—tiles using slicing windows with a moving
interval of one—half of the window size. The size of the slicing
window was sufficient to distinguish land surface features through
visual inspection by human eyes. By considering the computation
resource for training GAN model, the size of sub—tile of each image
pairs was determined as 360 X 360 and 120 X 120. When the ratio
of contaminated pixels to all pixels in a sub—tile was > 50%, we
excluded the sub—tile from the fine—tuning step. The finalized sub—
tiles comprised red, NIR, and NDVI bands (3 channels; false color),
which are the bands required for generating the NDVI and NIRv
vegetation index maps. To improve data format consistency between
the Real -ESRGAN and dual RSS—GAN, sub—tiles in the Geo—TIF
format were converted to 16—bit 3—channel Portable Network
Graphics (PNG) files. PNG is a lossless compression graphic file
format that supports transparency. Because a 16—bit PNG file
contains values ranging from O to 65535, surface reflectance values
(from O to 1, with intervals of 0.0001) in Geo—TIF images are
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sufficiently converted into pixel values in PNG files. Since Planet
Fusion resembles the radiometry of Sentinel 2 products, which is
closely resembles Landsat 8 products, we cross—calibrated Planet
Fusion sub—tiles against Landsat 8 sub—tiles using band—specific
histogram matching (Yang and Lo, 2000), which adjusts the mean and
standard deviation of a Gaussian distribution histogram via linear
transformation (Wang et al., 2020a), to ensure radiometric
consistency between PF and Landsat irrespective of the file
conversion (Salgueiro Romero et al., 2020). To avoid rescaling
errors, we regarded values > 96% of 16—bit value range @.e., >
62914) as outliers when reconverting PNG—format model outcomes
to Geo—TIF files. Since the spatial resolution ratio (i.e., scale factor)
between Landsat and Planet Fusion is 10, we used the multi—scale
two—step GAN approach as a mechanism to reduce the scale factor
from 10 to 4. The first GAN model in the dual RSS—GAN is
designated LP10; it generates Landsat 8 NBAR—like red, NIR, and
NDVI data with 10—m resolution using Landsat 8 NBAR 30—-m-—
resolution data. For LP10 training, Planet Fusion products on Landsat
8 overpass dates were resampled on a 10—m interval grid using the
nearest—neighbor method, which achieves better performance in
spectral-spatial remote—sensing rescaling, compared with bilinear,
bicubic, and sinc spatial interpolation methods (Belov and Denisova,
2019). The sub—tiles used for LP10 training were image pairs that
consisted of a resampled Planet Fusion (10 m) image with 360 X
360 pixels and a Landsat 8 NBAR (30 m) image with 120 X 120
pixels. Because we set the scale factor of the dual RSS—GAN to 4,
Landsat 8 NBAR (30 m) images with 120 X 120 pixels were
resampled on a 40—m grid with 90 X 90 pixels using nearest—

neighbor interpolation (Figure 4). The 15,033 generated image pairs,
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each representing an area of 3.6 km X 3.6 km, were used for LP10
training (batch size = 8; 42 epochs; 40,000 iterations). Because the
batch size was set to 8, the LP10 network weights were updated
using features from eight images (28.8 km X 28.8 km) in each
iteration. We trained the LP10 model on two NVIDIA A100 (80GB)
GPU computers for 10 hours.

The final GAN model in the dual RSS—GAN is designated LP3; it
generates Landsat 8 NBAR—like red, NIR, and NDVI data with 3—m
resolution using Landsat 8 NBAR—like 10—m resolution data from
LP10. For LP3 training, we prepared 3—m Planet Fusion tiles on
Landsat 8 overpass dates and used 10—m resolution Landsat 8
NBAR-like red, NIR, NDVI data generated by LP10. The sub—tiles
used for LP3 training were 3—m Planet Fusion image pairs with 360
X 360 pixels and 10—m Landsat 8 NBAR—like images with 108 X
108 pixels. To obtain a consistent scale factor for the LP10 data, we
resampled the 10—m Landsat 8 NBAR—like sub—tiles using a 12—m
grid with 90 X 90 pixels using nearest—neighbor interpolation
(Figure 4). LP3 was trained using 188,875 image pairs (each
representing an area of 1.08 km X 1.08 km) (batch size = 8; 22
epochs; 270,000 iterations). In each iteration, the LP3 network
weights were updated using features from eight images (8.64 km X
8.64 km area). We trained the LP3 model on two NVIDIA A100
(80GB) GPU computers for 74 hours.

We applied the dual (G.e., LP10 and LP3) RSS—GAN model to 30—
m and 10—m Landsat 8 NBAR-like data from 2013 to 2021,
respectively. After comparing calculated NDVI to the model—produce
NDVI (R*>0.98, Figure S1), we used NDVI and NIRv that were
calculated directly from the emulated red and NIR channels, rather

than the model—produced NDVI channel.
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Figure 3.3 Flowchart of the dual Remote Sensing Super—resolution dual—GAN

generative adversarial network (dual RSS—GAN) system, which comprises the LP10

and LP3 models.
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Mar 11, 2020 Mar11, 2020
Model-LP3

Mar11, 2020 Mar11, 2020

Figure 3.4 Example image pairs (spatial resolution; width X height X channel)

including 3—channel false color data [red, NIR, and normalized difference vegetation
index (NDVD] used to train the dual RSS—GAN model, which comprises the LP10
and LP3 models. Image pairs for March 11, 2020, were applied to LP10: (a)
resampled Landsat 8 image (40 m; 90 X 90 X 3) and (b) resampled Planet Fusion
image (10 m; 360 X 360 X 3) and to LP3: (c) resampled Landsat 8 image (12 m;
90 X 90 X 3) derived from LP10 and (d) Planet Fusion image (3 m; 360 X 360
X 3).
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2.8 Evaluation

To evaluate the performance of the dual RSS—GAN over time, I
evaluated NDVI and NIRv vegetation maps based on satellite products
and the dual RSS—GAN model results by comparison with tower—
based /n situ measurements during the training period (2020-2021)
and before the training period (2013-2019). I extracted pixels from
the Planet Fusion, Landsat 8 NBAR, and Sentinel 2 satellite products
and the dual RSS—GAN model within the estimated footprints of
tower—based in situ spectral measurements (Section 2.2). 1
aggregated the extracted pixels in accordance with the cosine law—
based upscaling method, which considers the view angle between the
sensor and the center of the pixel (Shuai et al., 2011; Shuai et al.,
2014) (Figure Al). Typical metrics including the coefficient of
determination (R?) of the linear regression model, root mean square
error (RMSE) [Eq. (7)], and relative bias (rbias) [Eq. (8)] were
used to evaluate the performances of the satellite products and dual

RSS—GAN over time.

RMSE = /E((A — B)?) Eq. (7)

E(|[B-A|D
- Eq. (8)

rbias =
where A represents the satellite product or model outcomes, B
represents /n situ measurements, and £'is the mean operator.

To evaluate the performance of the dual RSS—GAN in emulating
detailed spatial representations, I compared NDVI and NIRv
vegetation maps from the dual RSS—GAN model with RPAS—based
NDVI and NIRv maps. I matched the spatial resolution of the RPAS—
based maps (5 cm) to the spatial resolution of the dual RSS—GAN (3

m) using nearest—neighbor interpolation. I evaluated the distortion

and perceptual quality of vegetation index maps from the dual RSS—
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GAN using image quality assessment methods including the peak
signal—to—noise ratio (PSNR), structural similarity index (SSIM)
(Zhou et al., 2004), and blind/referenceless image spatial quality
evaluator (BRISQUE) (Mittal et al., 2012). Two reference—based
image assessment methods, PSNR and SSIM [Egs. (9) and (10),
respectively], were used to quantify information loss in terms of
image quality and the degree of structural information distortion,
respectively.

PSNR = 10 log,,( peakval?/MSE)

Eq. (9)
(= MSE = -%(A - B)?)
_ (2pnapp+C1)(2048+C7)
SSIM = (3 +1g+C1)(c5+05+C2) Eq. (10)

(v Cy = (kL)?,C; = (kqL)?)

where A represents the satellite product or model outcomes; B
represents /n situ measurements; £'is the mean operator; peakvalis
the peak value of the area; nis the number of observations; u is the
mean; o is the standard deviation; and constants k; and k2 are set to
0.01 and 0.03, respectively.

Because human vision is the best tool for assessing perceptual quality,
we used BRISQUE score (brisque; MATLAB; The MathWorks, Inc.,
Natick, MA, USA) as a secondary indicator to quantify perceptual
quality. A smaller BRISQUE score indicates better perceptual quality.
BRISQUE uses support vector regression model that trained on
images with distortion such as compression artifacts, blurring, and
noise. Prior to human visual inspection, we performed mean
subtraction and contrast normalization (MSCN) (Gaussian window
size: 10 X 10) (Mittal et al., 2012), which accentuates statistical
characteristics hidden in 1mages by eliminating unnecessary
repetitive parts of the data and retaining important parts.
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Table 3.3 Overview of evaluation protocol of the dual Remote Sensing Super—
resolution dual—GAN generative adversarial network (dual RSS—GAN).

Aspect in this Quality
. note
study index
R? Coefficient of determination
Temporal .
empora rRMSE Relative root mean square error
assessment
rbias Relative bias
PSNR Quantify ianrmation lgss in terms of
image quality
The degree of structural information
; SSIM . )
Spatial distortion
assessment
MSCN Eliminating unnecessary repetitive
parts of the data
BRISQUE Perceptual quality of image
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3. Results

This section reports on 1) the evaluation results of vegetation
index maps derived from Planet Fusion, and Sentinel 2 and Landsat
8 NBAR data with respect to tower—based in s/fu data during the dual
RSS—GAN training period, and 2) the performance of vegetation
index maps produced from the dual RSS—GAN model with respect to
tower—based in situ data, RPAS—based maps, and maps produced

from the original Landsat 8 NBAR data.

3.1 Comparison of NDVI and NIRv maps from Planet Fusion, Sentinel
2 NBAR, and Landsat 8 NBAR data with in sifu NDVI and NIRv

Planet Fusion NDVI and NIRv showed strong linear relationships
with tower—based in situ NDVI and NIRv during the training period
for the dual RSS—GAN model (2020-2021) (Figure 3.5). The linear
relationships based on Planet Fusion NDVI were stronger than the
linear relationships based on Landsat 8 NDVI (Planet Fusion on dates
with Landsat 8 availability: R? = 0.953; RMSE = 0.059; Landsat 8:
R* = 0.88; RMSE = 0.085) and Sentinel 2 NDVI (Planet Fusion on
dates with Sentinel 2 availability: R?® = 0.966; RMSE = 0.047;
Sentinel 2: R* = 0.943; RMSE = 0.057) (Figure 3.5). Similarly, Planet
Fusion NIRv showed better agreement with tower—based i1 situ NIRv
than did Landsat 8 NIRv (Planet Fusion on dates with Landsat
availability: R* = 0.936, RMSE = 0.037, rbias = —9.2%; Landsat 8:
R* = 0.908, RMSE = 0.033, rbias= —25.6%) or Sentinel 2 NIRv
(Planet Fusion on dates with Sentinel 2 availability: R? = 0.787,
RMSE = 0.058, rbias = —16.0%; Sentinel 2: R* = 0.795, RMSE =
0.049, rbias = —28.5%) (Figure 3.5). When comparing with all
available in situ NIRv, Planet Fusion NIRv showed strong linear

relationship (Planet Fusion with all available data: R? = 0.874, RMSE
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= 0.059) (Figure A3.2). Although Landsat 8 and Sentinel 2 NDVI and
NIRv tracked the seasonal variations recorded in the /n situ data, it
showed negative bias against /7 s/t NDVI or NIRv (Landsat 8 NDVI
rbias = —1.1%, Sentinel 2 NDVI rbias = —2.9%, Landsat 8 NIRv
rbias = —25.6%, Sentinel 2 NDVI rbias = —28.5%), especially

during peak growing season (Figure 3.5).

o8 o E-as



(a) NDVI

[ L8 (30 m) = S2 (10 m) EEEPF (3 m) In situ |
' Gpk g [ " CRK 55
05 =
® 2020 ‘ 2021 ' 2022 2020 ‘ 2021 2022
Years Years
1 - -
R? = 0.894 b R? = 0.934 y3x
RMSE = 0.079 [ RMSE = 0.062 s
w 0.8 rbias = 1.2% 5 rbias = -4% 57 on
i LIRS ¥
© 2 R o
ko] R*=0.948 R* = 0.961 Ve il g
o 0.6 | RMSE = 0.062 : RMSE = 0.05
= rbias =13.7% & rbias = 11.3%
m o . -"".-‘
® 0.4 2 oK
(7] YR Vil
0.2 N GDK (] . M GDK
® CRK * ® CRK
0 n=10 n= 42
0 0.5 10 0.5 1
In situ data In situ data
(b) NIRv [mmm L8 (30 m) EEWS2(10m) EEEPF (3m) In situ |
05 GDK ' CRK ' _
L) 'l ’ ..3 ! !
% 2020 2021 2022 2020 2021 2022
Years Years
0.6
R? = 0.87 R? = 0.757
0.5 RMSE = 0.038 RMSE = 0.053
) rbias = -16.4% rbias = -25.3%
S0.4{ R?Z=091 . R?=0.737 -
% RMSE = 0.043 . RMSE = 0.065 .
©0.3 rbias = 1% ' rbias = -12.2% -
20. e .
= | e .
Daal 0 &
g 02) .
....... ] B GDK M GDK
0-1 | ] > ® CRK ol > ® CRK
0 n=10 ¥ n= 42
0 0.2 0.4 0.6 0 0.2 0.4 0.6
In situ data In situ data

Figure 3.5 Evaluation of Planet Fusion (PF; dark blue), Sentinel 2 (S2; dark green),
and Landsat 8 (L8; dark red) (a) NDVI and (b) NIRv values with respect to in situ

measurements in deciduous forest (GDK; square) and cropland (CRK; circle). The

daily Planet Fusion data were only used on Landsat 8 and Sentinel 2 overpass dates

for the calculation of the coefficient of determination (R2), root mean square error

(RMSE), and relative bias (rbias). n is the number of samples used in the linear

regression model. NDVI and NIRv are unitless. The results of supplemental analyses

using all available datasets are shown in Figure A2.
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3.2 Comparison of dual RSS—SRGAN model results with Landsat 8
NDVI and NIRv

Compared to Landsat 8 NDVI and NIRv (30—m resolution), LP10
(10 m) and LP3 (3 m) produced NDVI and NIRv data with enhanced
spatial detail, as expected (Figures 3.6 and 3.7). For example, the
native resolution of Landsat 8 is too coarse (30 m) for distinguishing
individual crop fields over a spatially heterogeneous rice paddy area,
whereas rice paddy boundaries were more effectively resolved in
vegetation maps derived from LP10 and especially LP3 (Figure 3.7).
As expected, pixelized streams, roads, and ridges between rice
paddies in Landsat 8 imagery are better resolved in the vegetation
maps derived from LP10 and LP3 while maintaining consistent

histograms (Figures 3.6 and 3.7).
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Figure 3.6 Example NDVI and NIRv images produced by the dual RSS—GAN models
(LP10 and LP3) and Landsat 8 (L30) at the GDK site (yellow square) on May 9,
2018. Overall landscape (1530 m x 1530 m) and flux tower area subsetted (5610 m
x 510 m) images are shown. The bottom panel shows the corresponding NDVI and
NIRv histograms for L30, LP10, and LP3. NDVI and NIRv are unitless. The same

figure in gray scale is shown in Figure S3.2.
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Figure 3.7 Example NDVI and NIRv images produced by the dual RSS—GAN model
(LP10 and LP3) and Landsat 8 (IL30) images over the CRK site (yellow circle) on

May 9, 2018. Overall landscape (1530 m x 1530 m) and flux tower area subsetted

(510 m x 510 m) images are shown. The bottom panel shows the corresponding

NDVI and NIRv histograms for L30, LP10, and LP3. NDVI and NIRv are unitless.

The same figure in gray scale is shown in Figure S3.2.
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3.3 Comparison of dual RSS—GAN model results with respect to in
situ time—series NDVI and NIRv
The dual RSS—GAN model followed the seasonal variation of 1 situ
NDVI and NIRv, compared with Landsat 8 (Figure 3.8). However,
compared with the dual RSS—GAN model, the Landsat 8 NBAR-
derived NDVI and NIRv underestimated the 2 situ NDVI and NIRv

during the peak growing season (Figure 3.9).
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Figure 3.8 Seasonal variations of NDVI and NIRv derived from satellite bidirectional
reflectance distribution function (BRDF) —adjusted reflectance (NBAR) (Landsat 8,
L30), the dual RSS—GAN model (comprising the LP10 and LP3 models), and in situ
measurements at each site. GDK, deciduous forest (squares); CRK, cropland

(circles). NDVI and NIRv are unitless.
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Statistically, the LP10 and LP3 models performed better than
Landsat 8 in terms of tracking changes in the in situ NDVI and NIRv
from 2013 to 2019 (Figures 3.9 and 3.10). The linear relationships
between the in situ NDVI from all sites and model or satellite—based
NDVI were ranked as follows, in order of decreasing R2: LP10 > LP3
> Landsat 8 NBAR, with R2 (RMSE) values of 0.955 (0.057), 0.950
(0.060), and 0.946 (0.064), respectively. Similarly, for NIRv the
linear relationships were ranked as follows, in order of decreasing
R2: Landsat 8 NBAR > LP3 > LP10, with R2 (RMSE) values) of 0.916
(0.032), 0.915 (0.035), and 0.903 (0.035), respectively. Landsat 8
NDVI and NIRv data were more negatively biased with respect to the
in situdata from all sites (NDVI rbias = —4.9%, NIRv rbias = -16.3%)
compared to LP10 (NDVI rbias = —0.7%, NIRv rbias = —15.8%) and
LP3 (NDVI rbias = 0.6%, NIRv rbias = —10.0%). Similarly, at each
site, Landsat 8 NBAR vegetation indices (i.e., NDVI and NIRv) were
also negatively biased against in situ data (NDVI rbias = =3.7%, NIRv
rbias = —16.1% at deciduous forest site; NDVI rbias = —12.4%, NIRv
rbias = —=17.5% at cropland site) compared with LP10 (NDVI rbias =
—0.1%, NIRv rbias = —16.2% at deciduous forest site; NDVI rbias =
~4.7%, NIRv rbias = —12.7% at cropland site) and LP3 (NDVI rbias
= 1.2%, NIRv rbias = =9.7% at deciduous forest site; NDVI rbias =
—-3.2%, NIRv rbias = —11.5% at cropland site) (Figure 3.9). The dual
RSS—GAN based NDVI outperformed Landsat 8 NDVI for estimating
in situ NDVT (Figure 3.10). A similar tendency was reported for NIRv
with the dual RSS—GAN demonstrating comparable or stronger linear
relationships less biased with respect to in situ NIRv relative to the
Landsat 8 based retrievals (Figure 3.10). In general, the LP10 and
LP3 models were characterized by reduced biases with respect to

the in situ NDVI and NIRv data relative to Landsat 8 at CRK.
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Figure 3.9 Comparison of NDVI and NIRv derived from Landsat 8 NBAR (1.30), the
dual RSS—GAN model (LP10 and LP3) with in situ measurements for the GDK
(squares) and CRK (circles) sites. R2, coefficient of determination; RMSE, root
mean square error; rbias, relative bias. NDVI and NIRv are unitless. Detailed site

data are provided in Table A3.3.
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Figure 3.10 Statistical comparisons of Landsat 8 (L30) and dual RSS—GAN model

rbias (%)
&

(LP10 and LP3) based NDVI and NIRv against in situ measurements at the CRK
(circles) and GDK (squares) sites. R2, coefficient of determination; RMSE, root

mean square error; rbias, relative bias. Detailed site data are provided in Table A3.2.

3.4 Comparison of the dual RSS—GAN model with NDVI and NIRv
maps derived from RPAS

The dual RSS—GAN model (LP10 and LP3) results captured more of

the spatial variations in NDVI and NIRv evident from high resolution

(5 cm) RPAS—based resulting in improved field delineation (Figure

3.11). The rice paddy edges are better resolved in the dual RSS—
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GAN model results compared to the Landsat nearest—neighbor and
bilinear interpolation results (Figure 3.11). The nearest—neighbor
and bilinear interpolation results overemphasized noise and blurring
of details compared with the dual RSS—GAN model results (Figure
3.11). At the cropland (CRK) and deciduous forest (GDK) sites, the
comparative analysis results for NDVI and NIRv maps with respect
to the RPAS—based map showed that the 3 m resampled (i.e., bilinear,
nearest—neighbor) Landsat 8 data scored high values in distortion
assessment index (i.e., PSNR and SSIM). At the same time, the dual
RSS—GAN model results scored better than 3 m resampled Landsat
8 data in perceptual quality index (i.e., BRISQUE) (Table 3.4).

67 ;\_'! _-:I:_ 1-15 B
1 = )



CRK (Sep 18, 2020)

Figure 3.11 NDVI and NIRv maps derived from the remotely piloted aerial system
(RPAS), the dual RSS—GAN model (LP10 and LP3), and nearest—neighbor or
bilinear interpolation at the cropland (yellow circles) site on September 18, 2020,
and the deciduous forest (yellow squares) site on October 25, 2021. Redundant
information in the NDVI and NIRv maps was eliminated through mean subtraction
and contrast normalization (MSCN) (color map: jet, range: —0.05 to 0.1). NDVI and

NIRv are unitless.
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Table 3.4 Evaluation of image quality in NDVI and NIRv vegetation index maps
derived from the dual RSS—GAN model (LP10 and LP3) or via resampling (i.e.,
nearest—neighbor or bilinear interpolation) relative to the RPAS—based maps at the
cropland (CRK, September 18, 2020) the deciduous forest (GDK, October 25, 2021)
sites. BRISQUE, blind/referenceless image spatial quality evaluator; PSNR, peak
signal—to—noise ratio; SSIM, structural similarity index. Highest values are
indicated in bold font for SSIM and PSNR. Lowest values are indicated in bold font
for BRISQUE.

Vegetation Quality

Site LP10 LP3 NN BI
index Assessment
PSNR 16.27 16.05 16.83 16.90
NDVI
SSIM 0.6252 0.6275 0.6322 0.6441
BRISQUE 39.9110 45.7055 54.7800 51.0786
CRK
PSNR 20.45 20.19 23.22 23.17
NIRv
SSIM 0.7123 0.7146  0.7557  0.7590
BRISQUE 45.0739 44.0738 46.8685 45.8685
PSNR 26.36 26.36 26.58 26.76
NDVI
SSIM 0.7223 0.7282 0.7267 0.7328
. BRISQUE 36.2711 36.5865 50.3063 49.7062
DK
PSNR 18.49 18.52 19.00 19.00
NIRv
SSIM 0.4557 0.4639 0.4744 0.4701

BRISQUE  48.9077 50.0886 55.8437 51.2454
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4. Discussion

4.1 Monitoring changes in terrestrial vegetation using the dual RSS—
GAN model

The dual RSS—GAN model demonstrated the strengths of GAN—
based image restoration methods in vegetation monitoring. Despite
the coarse resolution (30 m) of the input dataset, the dual RSS—GAN
model was able to simulate high—resolution vegetation maps with
significantly improved delineation of individual crop fields (Figure
3.7). Compared with the nearest—neighbor and bilinear methods
(Belov and Denisova, 2019), the dual RSS—GAN model exhibited less
noise and reduced blurring of details over heterogeneous landscapes
(Figure 3.11). This perceptual quality of the dual RSS—GAN model
was confirmed by visual inspection. It follows that the dual RSS—GAN
was able to emulate Landsat 8-—like maps with 10— and 3—m
resolutions without significant degradation in terms of spectral
representations (Figures 3.6 and 3.7).

The dual RSS—GAN model reduced the uncertainty associated with
Landsat 8 images when capturing the seasonal variation of vegetation
indices. While the Landsat 8 NDVI and NIRv maps captured the
overall seasonal variations of the /n situ data (Figure 3.8), in situ
NDVI and NIRv were being underestimated during the growing
seasons (Figures 3.5 and 3.8). Because the dual RSS—GAN model
used Landsat 8 as an input dataset, it inherited the Landsat 8 based
underestimation of vegetation index values relative to the in—situ
data (Figure 3.8) albeit significantly reduced (Figures 3.9 and 3.10).
The improved accuracy of the vegetation index data generated by the
dual RSS—GAN during the growing season may be attributed to the

enhanced spatial resolution, which allowed pixels within the footprint
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of the 7n situ data (approximately 15-17 m in diameter) to be better
resolved (Kong et al., 2022). The dual RSS—GAN was trained using
Planet Fusion data, which did not underestimate vegetation indices
with respect to i situ data during the growing season (Figure 3.5);
thus, Planet Fusion data also played a role in reducing vegetation
index underestimation in super resolved Landsat 8 data. Unbiased
vegetation index estimates during the peak growing season are
critically important for greening/browning trend analyses (Hwang et
al., 2022) and for accurately detecting land cover changes (Pielke Sr,
2005; Turner et al., 2007).

The dual RSS—GAN model enhanced the perceptual quality of
Landsat 8 without the additional distortion. Compared to the dual
RSS—GAN model, the interpolation methods exhibited lower
distortion with respect to RPAS—based maps (Table 4). However,
the interpolation methods produced oversmoothed maps and
pixelization patterns (Figure 3.11). Because super—resolution relies
on a trade—off between perceptual and distortion quality (Blau and
Michaeli, 2018), improvements to the spatial details tend to come at
the expense of increased distortion. However, compared to the
performance of the dual RSS—GAN model in spatial enhancement, the
expense of distortion was not significant (Table 3.4). Coincidentally,
distortion is related to the signal bit rate, or the amount of information
per unit of time, based on the rate—distortion theory (Cover, 1999;
Shannon, 1959). As a consequence of the triple trade—off among
perception, distortion, and rate (Blau and Michaeli, 2019), the dual
RSS—GAN file conversion process, which converts red, NIR, and
NDVI values (range: O to 1, interval of 0.0001, which fit in 14 —bit
values) to 16—bit values (Section 2.7), may serve to reduce

additional distortion.
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The structure of the dual RSS—GAN facilitated 10—fold spatial
enhancement to Landsat 8 data. The large spatial resolution ratio
(10) between Landsat 8 (30 m) and Planet Fusion (3 m) makes it
difficult to super—resolve fine spatial details. Since super—resolution
in one step (i.e., from 30 m to 3 m) does not satisfy the recommended
upscaling factor in super—resolution (over 4), an incremental multi—
resolution approach for learning the detailed spatial image
representations have been suggested (Denton et al., 2015; Karnewar
and Wang, 2020; Lai et al., 2017) based on scale—space theory that
1s basis of a tool for analyzing structures at different scales
(Lindeberg, 1994). In the ensemble meta—algorithm in machine
learning, boosting is the sequential learning process that weights the
next algorithm to correct the prediction of the previous algorithm.
Because the dual RSS—GAN was designed to take advantage of
multi—scale learning and boosting, it can be considered as a multi—
resolution sequential GAN towards enhancing the spatial resolution
of Landsat data. Thus, the dual RSS—GAN restored the spatial
representation in Landsat data into both 10 m and 3 m resolution
(Figure 3.6 and 3.7) although some smoothed results appeared
(Figure 3.11).

4.2 CubeSat data in the dual RSS—GAN model
In this study, we confirmed that the Planet Fusion surface
reflectance product enabled by CubeSat constellation imagery is
suitable for training the dual RSS—GAN model to enhance the spatial
resolution of Landsat 8 vegetation indices for detailed (.e., 3 — 10
m) vegetation monitoring. The 3 m resolution Planet Fusion data
helped to effectively train the dual RSS—GAN to super—resolve
Landsat 8 based vegetation index maps (Figure 3.6 and 3.7). Because
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the downscaling process preserves the original image quality, unlike
the upscaling process (Bierkens et al., 2000), the Planet Fusion 3 m
product could be used for both LP10 and LP3 training purposes.
Indeed, the dual RSS—GAN model exhibited robust performance in
terms of generating both 10— and 3—m resolution products (Figures
3.6, 3.7, 3.10, and 3.11). Seasonal changes in vegetation indices
derived from Planet Fusion data also impacted the changes in
vegetation indices produced by the dual RSS—GAN model since the
dual RSS—GAN model was trained with respect to Planet Fusion
products (Figure 3.4), so vegetation maps from the dual RSS—GAN
model tracked in situ data with unbiased vegetation index estimates
(Figures 3.9 and 3.10). The Planet Fusion harmonization process
ensures radiometric consistency with Landsat 8 over time. Although
the band-—specific histogram—matching method preserves image
pairs in the dual RSS—GAN, the Planet Fusion harmonization solves
cross—sensor inconsistency issues in multi—generation CubeSat
constellation data over time (Houborg and McCabe, 2018a; Planet
Fusion Team, 2022). Thus, Planet Fusion—derived vegetation indices
were similar to Landsat 8-—derived vegetation indices, without
outliers (Figure 3.5) (Houborg and McCabe, 2018a; Planet Fusion
Team, 2022); the high level of interoperability eliminated the need
for additional calibration of the dual RSS—GAN model over time.
Finally, the Planet Fusion product, being a daily product leveraging
the global near—daily coverage of the PlanetScope constellation (Roy
et al., 2021), produced sufficient image pairs with Landsat 8 to train

the dual RSS—GAN model.

4.3 Perspectives and limitations

The dual RSS—GAN model could be used to generate high
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resolution (~3 m) canopy photosynthesis maps over the historical
Landsat archive. Numerous studies have demonstrated methods for
harmonizing multi—satellite data, including Landsat 5, Landsat 7,
Landsat 8, and Sentinel 2 products (Cao et al., 2022; Claverie et al.,
2018; Frantz, 2019b; Helder et al., 2018; Roy et al., 2016a). Thus,
the outlined approach could be applied to harmonized Landsat archive
data for detailed monitoring of decades—long variations in vegetation
over spatially heterogeneous areas, including gross primary
productivity (GPP) (Baldocchi et al., 2020; Dechant et al., 2022;
Kong et al., 2022), which can be estimated from multiplying NIRv and
photosynthetically active radiation (e.g., (Ryu et al., 2018)). Finally,
the outlined approach could be added as a module after image fusion
methods (Moreno—Martinez et al., 2020; Zhu et al., 2018) that can
use Landsat archived dataset to generate long—term daily GPP maps
with high spatial resolution. The matching of such maps to the
footprint of /n situ GPP measurements (Kong et al.,, 2022) would
facilitate the validation of remote—sensing—based GPP products over
spatially heterogeneous landscapes from past to present. For
example, gap—free satellite images around 7n situ GPP measurement
area (Walther et al., 2022) with the outlined approach can avoid the
biased GPP result that from coarse spatial resolution (Chen et al.,
2011a; Ran et al., 2016). Moreover, mapping of GPP at 3 m resolution
for multiple fields over a heterogeneous landscape would be useful
for precision agriculture applications (Duveiller and Defourny, 2010;
Gebbers and Adamchuk, 2010; Sishodia et al., 2020).

Gap—filling is required to fill missing values in the dual RSS—GAN
model and reconstruct a long—term continuous record. The high
spatial resolution maps derived from the dual RSS—GAN encountered
extended data gaps (Figure 3.8), since cloud—induced gaps are
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common in the original Landsat archive datasets (Ju and Roy, 2008).
Although the spatiotemporal image fusion methods (Moreno—
Martinez et al., 2020; Zhu et al., 2018) could supplement land surface
observations during the MODIS era (since 2000), the gap—filling
process is inevitable for the Landsat long—term record. For example,
some methods fill missing values in partially contaminated Landsat
images using pixel values from spectrally similar land cover classes
(Chen et al., 2011b; Luo et al., 2018; Yan and Roy, 2018; Yan and
Roy, 2020) while other methods fit models to time series data to
predict nonlinear land surface changes during cloud cover and
missing acquisition data (Adeluyi et al., 2021; Chen et al., 2021; Yin
et al., 2019). When the spatial resolution of maps is high, more pixels
and spatial details disappear compared to low—medium resolution
maps, even if there is a data gap in the same space, especially in
heterogeneous areas. Thus, we would encourage future studies to
develop high fidelity gap—filling methods for high resolution Landsat
maps, like object—based gap—filling methods for PlanetScope dataset
(Wang et al., 2022).

The dual RSS—GAN model is associated with a number of potential
uncertainties. First, the results generated by the RSS—GAN model
are non—deterministic, which means that it cannot reproduce exactly
the same results even with identical input data. This type of model
uncertainty originates from the stochastic basis of the GAN generator
and discriminator. Nevertheless, the dual RSS—GAN model produced
vegetation maps that exhibited robust performances with respect to
in situ measurements (Figures 3.9 and 3.10). Second, the number of
epochs used in this study (Section 2.7) does not represent a
universally generic value for the dual RSS—GAN; each researcher

should optimize it based on a localized training dataset. The lack of
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reproducibility may lead to small variations in the performance of the
dual RSS—GAN model. This variation could be reduced through a
very long training process but the long training process results in an
overfitted model that fails to predict observations because of training
dataset memorization (Yang and E, 2022). To avoid model overfitting,
you would need to reduce either variance or bias (not both) (Geman

et al., 1992). Moreover, a stable performance during the training

process does not necessarily ensure a stable performance in practice.

To achieve stable performance without overfitting, the number of
epochs should be optimized according to the practical situation (e.g.,
sample number and model structure) (Yazici et al., 2020). Third, the
performance of the dual RSS—GAN used in this study may degrade
in areas beyond Planet Fusion tiles. Even though drastic changes in
land—use and land cover occurs in 30 m scale (i.e., the size of Landsat
8 pixel), the dual RSS—GAN can convey that into results, land surface
changes in few meters scale could not be captured. Although the
Planet Fusion tiles used in the present study included various land
cover types (e.g., urban, mountain, forest, and cropland; Figure 3.1),
the GAN model is likely to converge the stochastic distribution of the
discriminator toward the stochastic distribution of the training
dataset (Yang and E, 2021; Yang and E, 2022). Ideally, the number
of Planet Fusion training tiles should match the scope of the research
area when training the dual RSS—GAN model to achieve optimal
performances.

Our results highlight the potential of the dual RSS—GAN model to
enhance the spatial resolution of past satellite datasets using high
resolution CubeSat—based imagery. By projecting past information
from present data, we generated a high spatial resolution 8—year
record of vegetation index maps using 2 years of Planet Fusion data
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for model training purposes. Previous studies have used high spatial
resolution maps from CubeSat datasets to monitor vegetation
phenology and leaf area index (Houborg and McCabe, 2018b;
Johansen et al.,, 2022; Kimm et al., 2020; Wang et al., 2020a),
suggesting potential applications of our dual RSS—GAN model results
in those fields during past Landsat periods. While the dual RSS—GAN
model demonstrated encouraging performance over cropland and
deciduous forest study regions additional evaluation is required
across a wider range of ecosystems including tropical forests and
arctic regions, where land cover has substantially changed in recent
decades (Achard et al., 2004; Houghton and Nassikas, 2017; Stow et
al., 2004; Wang et al., 2020b).
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5. Conclusion

Spatial resolution enhancement of historic satellite datasets is
essential for monitoring and resolving long—term changes in
vegetation within fine—grained/heterogeneous landscapes. In this
study, we proposed a dual RSS—GAN super—resolution model trained
using day-—coincident Planet Fusion and Landsat 8 products for
generating long—term spatially enhanced satellite data. The results
demonstrated a robust performance of the dual RSS—GAN model
against in situ measurements over cropland and deciduous forest
sites from 2013 to 2021. The dual RSS—GAN model retained the
strengths of GAN—based methods in terms of rescaling and reducing
the underestimation of vegetation indices evident in the original
Landsat 8 data. The proposed approach offers promise for the
adoption of dual RSS—GAN models in monitoring long—term
vegetation dynamics with high spatial resolution (i.e., 3 m). We
anticipate future efforts to further explore the use of GAN—based
methods for vegetation monitoring across a variety of ecosystems
that have experienced substantial changes in land cover in recent

decades.
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Appendices
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Figure A3.1 Differences in NDVI and NIRv according to aggregation method in
satellite product pixels within in situ measurement footprint. The x—axis indicates
the pixel value weight (Shuai et al., 2014); the y—axis indicates the mean pixel
values within the footprint.
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Figure A3.2 Evaluation of Planet Fusion (PF; dark blue), Sentinel 2 (S2; dark green),
and Landsat 8 (L8; dark red) NDVI and NIRv against all available in situ
measurements in deciduous forest (GDK; square), cropland (CRK; circle).
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Table A3.3 Evaluation of NDVI and NIRv results derived from Landsat 8 NBAR (L8),
LP10, and LP3 data, Landsat 8 NBAR data interpolated using the nearest—neighbor
method, and Landsat 8 NBAR data interpolated using the bilinear method. Model —
derived NDVI and NIRv results were compared with /n situ measurements. R?,
coefficient of determination; RMSE, root mean square error; rbias, relative bias; n,
number of samples.

NDVI
Site Data R? RMSE rbias (%) n
Overall L8 0.957 0.058 —-5.7 64
LP10 0.967 0.049 -1.5 64
LP3 0.963 0.052 -0.2 64
GDK L8 0.945 0.053 —4.9 46
LP10 0.948 0.048 —1.4 46
LP3 0.947 0.049 -0.1 46
CRK L8 0.901 0.044 -10.3 18
LP10 0.944 0.036 —-2.3 18
LP3 0.930 0.039 -0.8 18
NIRv
Site Data R? RMSE rbias (%) n
Overall L8 0.921 0.032 ~11.6 64
LP10 0.905 0.035 -11.1 64
LP3 0.915 0.035 —4.9 64
GDK L8 0.902 0.034 ~11.5 46
LP10 0.891 0.039 ~11.6 46
LP3 0.893 0.038 —4.8 46
CRK L8 0.921 0.015 -12.1 18
LP10 0.972 0.009 ~7.1 18
LP3 0.958 0.011 -5.8 18
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Figure S3.1 Comparison of calculated and produced vegetation indices (NDVI and
NIRv) of in the dual RSS—GAN model (LP10 and LP3) in deciduous forest (GDK;
square), cropland (CRK; circle). ‘Calculated’ 1is designated vegetation index that
calculated from emulated red and NIR band; ‘Produced’ is designated vegetation
index that calculated from the model—produced NDVI band and NIR band.
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Figure S3.2 Example NDVI and NIRv images produced by the dual RSS—GAN model
(LP10 and LP3) and Landsat 8 (1.30) images in gray scale over (b) the GDK site
(yellow square) and (b) the CRK site (yellow circle) on May 9, 2018. Overall
landscape (1530 m X 1530 m) and flux tower area subsetted (510 m X 510 m)
images are shown. The bottom panel shows the corresponding NDVI and NIRv
histograms for L30, LP10, and LP3. NDVI and NIRv are unitless.
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Figure S3.3 Seasonal variation of difference between vegetation indices (that is,
NDVI and NIRv) derived from the dual RSS—GAN model (Model—LP10, LP10;
Model—-LP3, LP3) and the satellite NBAR (Landsat 8, L30) at each site (GDK,
deciduous forest, square; CRK, cropland, circle). NDVI and NIRv are unitless.
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Chapter 4. Matching high resolution satellite data and flux
tower footprints improves their agreement in

photosynthesis estimates

1. Introduction

High spatio—temporal resolution of satellite imagery is not only
important to monitor vegetation, it is also crucial for the validation of
remote sensing—based GPP products with flux tower measurements
(Chen et al., 2011a; Ran et al., 2016). While the footprint of eddy
covariance flux towers covers a relatively large area (more than 1
km? for 80 % cumulative contribution of fluxes) (Chen et al., 2009;
Chen et al., 2012), its location, size and shape change continuously,
driven by surface roughness and meteorological factors such as wind
direction and speed (Kljun et al., 2015; Prabha et al., 2008; Schmid,
1997). Although footprint variations can affect the feasibility to
match flux tower GPP with satellite products in any type of
ecosystem due to spatial heterogeneity within the flux tower
footprint (Giannico et al., 2018), it is a key factor in heterogeneous
landscapes as contributions to the tower GPP can come from different
land cover types (Ran et al., 2016). Due to the limitations in the
spatial resolution of available satellite imagery, this aspect of flux
tower footprint shape, size and dynamics has mostly been
circumvented by selecting only flux tower sites within large patches
of relatively homogeneous ecosystems (Liang et al., 2019; Zhang et
al., 2020). Even in such cases of consistent land cover within the flux
tower footprint, however, the assumption of spatial homogeneity of
GPP within the flux tower footprint might not be justified. An
important aspect related to this is that even for tower—based, near—

surface sensing techniques, covering the entire flux tower footprint
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with tower—based optical sensors is virtually impossible even when
a bi—hemispheric viewing geometry is used (Gamon, 2015; Liu et al.,
2017a; Marcolla and Cescatti, 2018).

Remotely monitoring GPP at both high spatial and temporal
resolution has been challenging due to the trade—off between spatial
and temporal resolutions in observations from sun—synchronous
satellites. Most publicly available satellite—derived surface
reflectance products, therefore, have either coarse spatial resolution
(e.g., 250 m — 1 km) with high revisit frequency (e.g., one day for
Moderate Resolution Imaging Spectrometer; MODIS) (Justice et al.,
1998) or fine spatial resolution (e.g., 10 m -30 m) with revisit
frequency (e.g., up to 16 days for Sentinel 2 and Landsat 8) (Claverie
et al., 2018; Drusch et al., 2012b; Roy et al., 2014a), which can
effectively result in much lower temporal resolution in many areas
due to frequent cloud cover. While many image fusion techniques
have been developed (Zhu et al.,, 2018) and rather successfully
applied to partly overcome the trade—off between spatial and
temporal resolutions, these approaches still have important
limitations. For example, forcing data with a coarse spatial resolution
can result in bias against ground measurements, especially in
heterogeneous landscapes (Kong et al., 2021).

A recent solution to spatiotemporal trade—offs in satellite
observations have been satellite constellations, which consist of a
high number of, typically small satellites (.e., CubeSat;

(https://www.cubesat.org/)). CubseSat consists of multiple cubic

units (1 unit = 10 cm X 10 cm X 10 cm) but weights, less than
1.33kg unit~!. On the other hand, it introduces another challenge of
cross—calibration between a large number of sensors. The Cubesat—

enabled Spatio—Temporal Enhancement Method (CESTEM)

86 .__:rx! _'-.;.'ZI_ -l_-ll =]


https://www.cubesat.org/)

overcomes the challenges of low radiometric quality and cross-—
sensor inconsistency among CubeSat images by radiometric
normalization using satellite images from rigorously calibrated
sensors (Helder et al., 2020; Houborg and McCabe, 2018a). Indeed,
CESTEM outperformed other image fusion products in capturing
spatial and temporal variation in an i situ NDVI dataset for a
heterogeneous rice paddy landscape (Kong et al.,, 2021) and has
shown great potential for agricultural applications (Aragon et al.,
2018; Aragon et al., 2021; Houborg and McCabe, 2018b). Moreover,
Planet Fusion, which is based on CESTEM algorithm, conducts both
inter—sensor radiometric harmonization and gap—filling process to
deliver daily cloud—free 4—band (blue, green, red, and near infrared;
NIR)  surface reflectance data with 3 m  resolution
(PlanetFusionTeam, 2021).

Recently, NIR radiation reflected from vegetation has shown
promising results in terms of estimating GPP at the field scale of a
diverse range of vegetation types (Baldocchi et al., 2020; Dechant et
al., 2022; Dechant et al., 2020). NIR reflectance from vegetation is
approximated using the NIRv index as the product of the normalized
difference vegetation index (NDVI) and NIR reflectance (Badgley et
al., 2017). It accurately estimates monthly and annual GPP variations
over globally distributed flux tower sites (Badgley et al., 2019).
However, reflectance does not include information regarding the
amount of incoming photosynthetically active radiation (PAR), which
is a dominant factor driving daily GPP variation. Therefore, NIR
radiation reflected from vegetation (NIRvP), which is the product of
NIRv and PAR, has been proposed as a structural proxy for GPP
estimation (Dechant et al., 2022; Dechant et al., 2020; Wu et al.,

2020) and has been widely applied at hourly to daily timescales for
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site—level and larger scale of GPP estimation since then (Baldocchi
et al., 2020; Dechant et al., 2022; Dechant et al., 2020; Jiang et al.,
2021; Liu et al., 2020).

Baldocchi et al. (2020) found that NIRvVP from in situ spectral
sensors tracked diurnal to seasonal variations of tower—based GPP
well for individual sites, but that the slopes in the NIRvP-—-GPP
regressions varied considerably across sites and years. As the study
of Baldocchi et al. (2020) included spatially heterogeneous sites such
as wetlands with considerable variation in water extent and cropland
with frequent mowing, the variation in regression slopes could at
least partly be due to the footprint mismatch between spectral
sensors and eddy covariance systems on the flux towers. This aspect
i1s explored in detail in our study by generating daily, 3 m GPP maps
from CubeSat NIRvP and considering different scenarios to link the
satellite—based GPP to the tower observations. In particular, I
attempted to answer the following scientific questions:

(1) Does matching daily flux tower footprints with high
resolution (3 m) NIRvP improve correlation to GPP
compared to a larger fixed area around the tower and in
situ spectral measurements?

(i) How do the spatial and temporal resolution of satellite data
impact the relationship between NIRvP and GPP when

matching the flux tower footprint?
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2. Methods

2.1 Study sites

To evaluate Planet Fusion—based GPP estimates, I selected study
wetland and crop sites that had in situ measure measurements of
NIRvP in the Sacramento—San Joaquin River delta in California, USA
(Figure 4.1), which are registered in AmeriFlux and FLUXNET
(Baldocchi et al., 2001; Pastorello et al., 2020). The five study sites
included three restored wetlands (US—=Tw4, US—Myb, and US—Snf)
and two crop fields (US—Bil and US—Bi2 which are alfalfa and corn,
respectively), located on Sherman, Bouldin, and Twitchell Islands
(Table 4.1). Ideal conditions for eddy covariance measurements
include a homogenous and flat landscape and few disturbances, which
is physically impossible in the real world (Chu et al., 2021). For
example, the wetland sites had a complex mosaic of water and
vegetation. The alfalfa site underwent repeated -cuttings and
regrowth over an annual course. The corn site had a short growing
season, and was plowed and flooded for a period during the year
Moreover, the summer growing season is mostly cloud free, hence a
suitable venue for evaluating satellite products.US—Bil ([Rey-—
Sanchez et al., 2021b) (Alfalfa) is an alfalfa field (Medicago sativa
L., a C3 plant), which is harvested five to seven times per year and
periodically grazed with sheep (Rey—Sanchez et al., 2021¢); US—Bi2
(Rey—Sanchez et al., 2021a) (Corn) is a corn field (Zea mays L., a
C4 plant), which is harvested once per year and flooded in the winter.
Two of the wetlands were restored from other land uses over the
past decade. US—Myb (Matthes et al., 2021) (Palustrine wetland)
was restored from a livestock pasture in 2010 and US—Tw4

(Eichelmann et al., 2021) (Freshwater wetland) was restored from a
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cornfield in 2013; both sites have heterogeneous bathymetry
(Chamberlain et al., 2018). The dominant vegetation in US—Myb and
US—Tw4 is a mixture of tules (Schoenoplectus acutus, a C3 plant)
and cattails (7Zypha spp, a C3 plant) in shallow water (water table
depth < 40 cm) (Eichelmann et al., 2018; Valach et al., 2021). US—
Snf (Kusak et al., 2020) (Pasture) is a wetland, more specifically
peatland (Kasak et al., 2021) and is also used as a pasture to graze
cattle throughout the seasons. The peak growing season over pasture
site was around December to June. All study sites are registered with

the AmeriFlux Network with publicly available data (Hemes et al.,

2019).

1200km

Figure 4.1 Maps of the study sites. (a) A map of California. (Image source: Google
Earth) with the location of Sacramento—San Joaquin River delta area indicated by the
red square. (b) The Sacramento—San Joaquin River delta area with red points that
indicate study sites. Image source: red—green-blue (RGB) Planet Fusion surface
reflectance product for July 1, 2018 (resolution, 3 m; projection, WGS84/UTM zone
10N; area, 30.6 km X 14.2 km = 433 km?.
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Table 4.1 List of study sites. Latitude and longitude of the flux tower (projection,
WGS84) were adjusted from sub—meter spatial resolution satellite images from
Google Earth and confirmed by field visits (Figure S1). The normalized difference
vegetation index (NDVI) sensor position indicates distances (m) from the flux tower

to the east and north, as well as height.

Latitude,
Site name (Site )
Typical Longitude
ID) Type Study period
vegetation NDVI sensor
DOI for citation
position
Bouldin Alfalf Medicago 38.099161, —
ouldin Alfalfa 2018-01-01
(US—Bil) Crop sativa L. 121.499336
to
https://doi.org/10.17 (Alfalfa) (Hemes et 2.89, —2.78,
2018-12-31
190/AMF/1480317 al., 2019) 2.7
Bouldin C 38.109078, =
ouidin Lorn Zeamays  2018—01-01
(US—Bi2) Crop 121.535122
(Knox et al., to
https://doi.org/10.17 (Corn) —-2.03, —1.94,
2015) 2018—12-31
190/AMF/1419513 4.42
Twitchell Wetland Schoenoplect 38.102747, —
East End us acutus & 2018-01-01 121.641325
—Tw4 Wetland Typha spp. to
US-Tw4) -217, -1.73,
https://doi.org/10.17 (Hemes et 2018—-12-31 L7
190/AMF/1246151 al., 2020) '
Schoenoplect 38.049864, —
Mayb
ayberry us acutus &  2019-01-01  121.765006
US—Myb
( vb) Wetland Typha spp to
https://doi.org/10.17
(Eichelmann 2019-12-31 3.10, 2.3, 4
190/AMF/1246139
et al., 2018)
Sh B 38.040208, —
erman Bari « Unreported  2019—-07-19
(US-Snf) Wetland 121.727161
(Kasak et al., to
https://doi.org/10.17  (Pasture) —1.49, —2.49,
2021) 2019-12-31
190/AMF/1579718 2.75
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2.2 In situ measurements

To evaluate GPP estimates derived from CubeSat NIRvP maps, I
compared them with /i situ carbon flux measurements from eddy
covariance systems, surface reflectance measurements from NDVI
sensors, and quantum sensor PAR measurements.

The eddy covariance systems included open—path infrared gas
analyzers (LI=7500A for COs and H»0, LI-7700 for CHy4; LiCOR Inc.,
Lincoln, NE, USA), and three—dimensional sonic anemometers
(WindMaster Pro 1590, Gill Instruments Ltd, Lymington, Hampshire,
UK) that measure sonic temperature and three—dimensional wind
speeds at 20 Hz. High—frequency raw data processing and flux
computations were performed in accordance with the methods of
Pastorello et al. (2020). Briefly, standard processing procedures
included spike removal for 20—Hz raw data, coordinate rotations
within each 30—min block for anemometer tilt correction, block
averaging for 30—min fluxes of net ecosystem COz exchange (NEE),
air density corrections and site—specific friction velocity filtering.
Furthermore, I applied a neural network procedure (Moffat et al.,
2007) to fill the gaps in 30—min NEE time series and then partitioned
NEE into ecosystem assimilation and ecosystem respiration flux
densities using the nighttime approach (Reichstein et al., 2005). A
detailed description about flux data processing, gap—filling and
partitioning can be found in Eichelmann et al. (2018) and Knox et al.
(2015). The proportion of gap—filled GPP at each site during the
study period was 36.8 % (US—Bil; Alfalfa), 27.6 % (US—Bi2; Corn),
25.2 % (US—Tw4; Freshwater wetland), 27.0 % (US—Myb;
Palustrine wetland), and 25.3 % (US—Snf; Pasture).

In situ NIRv data were derived from NDVI sensors (Decagon SRS—

Ni, Pullman, WA, USA) that measured incident and reflected radiation
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in the red (630 nm; full=width, half—maximum, 50 nm) and NIR (800
nm; full—width, half—maximum, 40 nm) spectral bands. NDVI sensors
were mounted on booms extended from the flux tower (Table 1). 1
measured bi—hemispheric reflectance by using hemispherical view
for both upward and downward looking sensors to increase the area
of the footprint viewed by the NDVI sensors (Baldocchi et al., 2020).
Although the field of view of the NDVI sensors with bi—hemispheric
view include the tower structure, this is expected to be a small, and
temporally constant bias. In particular, the NDVI of the tower
structure elements is expected to be very low, effectively decreasing
the contribution to NIRv. Planet Fusion (Section 2.3) provides a
bidirectional reflectance factor that differs from bi—hemispheric
reflectance; therefore, 1 tested the impacts of the different
reflectance quantities on NIRv over two study sites using satellite—
derived bidirectional reflectance distribution function (BRDF)
parameters and the result demonstrated a negligible difference
(Figure Al). Moreover, radiometric calibration had been done for
each NDVI sensor before and after the growing season but slow drift
yvear after year in NDVI sensor over the site (US—Tw4)was not a
scope of uncertainty in this study as I only used single year data. At

2 s were

each tower, /n situ incoming PAR data (gzmol m~
measured by quantum sensors (PAR-Lite or PQS1, Kipp & Zonen,
Delft, Netherlands).

To align the time between continuous /n situ measurements and
Planet Fusion data that rely on morning to around noon overpass time
of satellites such as Sentinel 2 (around 1015hh - 1030hh) and
Landsat 8 (around 1015hh — 1030hh), and MODIS nadir BRDF—

adjusted reflectance (local solar noon), 1 averaged in situ

measurements (i.e., GPP, PAR, and NIRv, hereafter NIRvI?Sitt)
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between 1030hh. and 1230hh to align it to Planet Fusion data. For
daily GPP and in situ daily NIRvP (daily NIRvPI"Si®) T summed half—
hourly GPP and half—hourly in situ NIRvP over the whole day
(0000hh — 2400hh) to obtain daily sum values, respectively.

2.3 Planet Fusion NIRvP

NIRvP was calculated on the basis of Planet Fusion (PF) surface
reflectance data (PlanetFusionTeam, 2021). Planet Fusion
constitutes a comprehensive harmonization and fusion methodology
based on the CESTEM algorithm (Houborg and McCabe, 2018a;
Houborg and McCabe, 2018b). Planet Fusion performs multi—sensor
inter—-calibration, harmonization, enhancement, and fusion leveraging
rigorously calibrated and freely available datasets from Sentinel—2,
Landsat 8, Moderate Resolution Imaging Spectroradiometer (MODIS),
and Visible Infrared Imaging Radiometer Suite (VIIRS) in concert
with the higher spatial and temporal resolution CubeSat images from
the PlanetScope Constellations. Planet Fusion uses the Framework
for Operational Radiometric Correction for Environmental Monitoring
(FORCE) (Frantz, 2019a) to generate a 30 m harmonized Sentinel—
2 and Landsat 8 BRDF adjusted surface reflectance product to be
used as the calibration target during the CESTEM—based radiometric
harmonization step. In that harmonization step, a cubist rule—based
regression technique was used for constructing band-—specific
prediction models, which were trained by the FORCE-—-based
Sentinel—2 and Landsat 8 surface reflectance product (30 m) and
aggregated—PlanetScope data (30 m). Further details on the original
CESTEM methodology are in Houborg and McCabe (2018a).
Additional Planet Fusion features include 1) sub—pixel fine geometric

alignment of source imagery, 2) rigorous, temporally driven, cloud
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and cloud shadow detection to remove the cloud—related pixels, 3)
fusion of Sentinel—2 and Landsat 8 data to help fill gaps in
PlanetScope coverage, and 4) advanced gap—filling
(PlanetFusionTeam, 2021). Planet Fusion delivers daily, gap—filled,
4—band (0.45 — 0.51 pm, blue; 0.53 = 0.59 um, green; 0.64 — 0.67
um, red; 0.85 — 0.88 um, NIR) sensor agnostic surface reflectance
data characterized by enhanced radiometric stability and consistency
across space and time to support advanced analytics. Planet Fusion
product is generated with a 3 m pixel size as regularly gridded raster
tiles (24 by 24 km) in UTM projection. In this study, Planet Fusion
data were provided for the years 2018 and 2019 by utilizing
Harmonized Landsat and Sentinel (referred to as HLS from hereon)
(Claverie et al., 2018) as the calibration target, which is different
from the currently available Planet Fusion product that uses FORCE —
based Sentinel—2 and Landsat surface reflectance product.

To calculate instantaneous Planet Fusion —based NIRvVP, I used
NIRv maps from Planet Fusion data and PAR from tower—based
quantum sensors located at the sites. First, I calculated NDVI maps
using Planet Fusion red and NIR reflectance maps, according to Eq.
(1). Then, I multiplied them by NIR reflectance to generate NIRv
maps, according to Eq. (2). Finally, I applied Eq. (3) to estimate
NIRvVP for each site using averaged PAR data collected by in situ PAR
sensors around satellite overpass time. Although Planet Fusion
inherits overpass time of Sentinel 2 and Landsat 8 (around 1015hh —
1030hh) in theory, I assumed the time window between 1030hh and
1230hh when aligning it to in situ data. MODIS affects the daily
variation of Planet Fusion more than Sentinel 2 and Landsat.
Specifically, MCD43A4 products (Schaaf et al., 2002), which are
forcing data for Planet Fusion, use the data from both MODIS terra
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(overpass at 1030hh) and MODIS aqua (overpass at 1330hh).

__ pNIR- pRed
NDVI = ONIR® pRed Eq. (1)
NIRv = pNIR X NDVI Eq. (2)
NIRvP = NIRv X PAR Eq. (3)

where o NIR and p Red are reflectance in the NIR and red regions,
respectively.

To generate daily Planet Fusion NIRvP maps, I used both satellite—
derived daily summed PAR data and 7/n situ PAR data. As Planet
Fusion products are snapshots of daytime conditions around satellite
overpass time, rather than daily accumulated values, I temporally
upscaled Planet Fusion NIRvP around the satellite overpass time to
generate daily Planet Fusion NIRvP (daily NIRVPE(tootprine ). This
temporal upscaling process successfully upscaled GPP (Ryu et al.,
2012), using a simple cosine function computed from the solar zenith
angle, latitude, and longitude. For the application of Planet Fusion
NIRvP where in situ PAR were not available, I multiplied Planet
Fusion NIRv with daily summed PAR data (BESS daily PAR, 5 km;
daily PARBESS) (Ryu et al., 2018), which were retrieved from the
satellite—based Breathing Earth System Simulator (BESS) PAR
product (Ryu et al., 2011) (Figure 4.2). The BESS PAR product uses
MODIS Terra and Aqua data to upscale available instantaneous PAR
estimates into daily summed values by combining an atmospheric
radiative transfer model(i.e., Forest Light Environmental Simulator,
FLIES; Kobayashi and Iwabuchi (2008)) with an artificial neural
network. The daily PARBESSdata showed a strong linear relationship to
daily PAR™SI data with little bias (R = 0.97, relative bias = —0.8%)
(Figure A4.2).
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Figure 4.2 Maps of (a) NDVI, (b) NIR, (c) NIRv, and (d) BESS daily PAR (e) NIRvP

derived from the combined Planet Fusion surface reflectance product (3 m resolution)
and BESS daily PAR product (5 km resolution) on July 1, 2018 (projection,

WGS84/UTM zone 10N; area, 30.6 km X 14.2 km = 433 km?) . NDVI, NIR, and NIRv

are given in unitless; PAR and NIRvVP are given in unit of mol m~2 d"!. NIRvP maps

of different times during the year is (Figure S4.2).
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2.4 Flux footprint model

Flux footprints for each of the sites were calculated with the model
from Kormann and Meixner (2001). This model outperformed other
commonly—used flux footprint models according to a CO» gas release
experiment (Kumari et al., 2020; Rey—Sanchez et al., in prep). Flux
footprints were calculated for those half hours between 1030hh -
1230hh, and later aggregated at the daily level to produce 50, 60, 70,
and 80% footprint contours. An 80% footprint contour indicates that
80% of the sources/sinks contributing to the signal detected by the
eddy—covariance tower are located within the indicated area.
Multiple contours were calculated to obtain a visual inspection of the
exponential decay of the footprint past the 50 % contour line. The
80 % threshold selection is supported by Chu et al. (2021), who found
that footprint area beyond the 80% contour had a minimal influence
on the final calculations of footprint representativeness in a study of
monthly footprint—weight maps. To obtain highly accurate footprint
contours I calculated aerodynamic canopy height using the algorithm
of Pennypacker and Baldocchi (2016), which has been shown to track
detailed trends in the growth of wetland canopies at our study site
(Kasak et al., 2020) and in other sites (Chu et al., 2018). Roughness
length and displacement height were calculated as 0.1, and 0.66 of

canopy height, respectively.

2.5 Evaluation

[ evaluated the performance of the Planet Fusion —derived NIRvP
product for GPP estimation by comparing it with i situ
measurements from both NDVI sensor and eddy covariance system
data (Chu et al., 2021). For that, I compared satellite—derived NIRv

(and NIRvVP) data with /n s/fu measurements using several metrics.
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The coefficient of determination (R?) of the linear regression
between NIRv (P) and GPP, which equals the square of the Pearson
correlation coefficient, was used as the main metric to characterize
the strength of the linear relationship and thus the GPP estimation
performance of NIRv(P). The linear regression slope indicates the
variation in the relationship of NIRvVPF (or NIRvVPPF) to GPP for
different ecosystem types. Root mean square error (RMSE), bias,

and relative bias were calculated as follows:

RMSE = E((A — B)?) Eq. (4)

Bias = E(||B — Al|) Eq. (5)
rbias = —E(“B — All) Fa. ()
- E@®)

where A is the satellite product (i.e., MODIS, HLS, or Planet
Fusion), B is 77 situ NIRv, and E is the mean operator.

First, I directly evaluated Planet Fusion NIRv against NIRv
calculated from in situ sensors, which can be considered a direct
ground validation. I estimated the footprints of /n situ NDVI sensors
based on their heights and locations (Table 4.1). Because NDVI
sensors measure hemispherical irradiance, I approximate the 80%
footprint of in situ NIRv from the area of 80% of upwelling irradiance,
which can be estimated by considering the sensor height above the
ground (Table 4.1) (Liu et al.,, 2017a). The estimated diameters of
the NDVI sensor footprints (NDVIsensor) Were approximately 12 m
(US-Bil; Alflafa), 19 m (US-Bi2; Corn), 20 m (US—Tw4;
Freshwater wetland), 12 m (US—Snf; Pasture), and 13 m (US—Myb;
Palustrine wetland). I designated Harmonized Landsat/Sentinel (HLS)
pixels that included NDVIsensor as a footprint type to be considered in

the comparison of different approaches, inHLS. Thus, each inHLS
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footprint contained one (US—Myb; Palustrine wetland) or two HLS
pixels (US—-Bil, Alflafa; US—-Bi2, Corn; US—Tw4, Freshwater
wetland; or US—Snf, Pasture) (Figure 4.3 and A4.3).1 compared the
Planet Fusion NIRv product within the estimated footprint of the
NDVI sensors (NIRVESyisensor) and in situ NIRv measurements. |
extracted HLS pixels covering NDVI sensor footprints (Figure 4.3
and A4.3) and extracted Planet Fusion NIRv data within the inHLS
footprint (NIRviIk ) to quantify spatial variation in NIRv.

Second, I evaluated Planet Fusion NIRv (and NIRvP) for GPP
estimation by comparing it to GPP from the eddy covariance systems.
The flux footprint indicates the source area of trace gases detected
by an EC system and therefore can be used for pixel selection during
CubeSat GPP evaluation. In this study, I used cumulative eddy
covariance footprints up to 80% at satellite overpass time for each
day (1030hh — 1230hh) (ECiooiprint). When extracting Planet Fusion
pixels within the ECotprint, I weighted the pixel values based on
footprint contribution. I used an 80% accumulated footprint area for
the weighting. I split the weighting factors from 0—50%, 50—60%,
60—70% and 70—80% (Eq. (7)).

NIRV(P)Ecfootprint =

N NIRvy within CLggo, _ 50
_ X =)+
Yie=1( N within CLsg o 80)

NIRvy between CLgg o, and CL5q o, 60—50) +
N between CLgg o, and CLsg o 80 Eq. (7)

Zie=1(

ZN ( NIRvy between CL7¢ o, and CLgg o, , 70—60
k=1

) +

N between CL7¢ ¢, and CLg0 o, 80

ZN ( NIRvi between CLgg o, and CL7¢ o x 80—70)
k=1%" N petween CLgg ¢, and CLy7q o, 80

Where k is each pixel number in the total number (N) of pixels within
the footprint area, CLp % is D % footprint contour line.

I also chose a fixed 100 m by 100 m area centered on the flux
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towers (Figure 3; Table 2), which is greater than the footprint of in
situ NDVI sensor and partly covers the flux tower footprint, . Such
fixed footprints have been applied in previous studies because of the
use of coarse spatial resolution satellite products (Heinsch et al.,
2006; Kim et al., 2006; Verma et al., 2015). I extracted Planet Fusion
pixels from the fixed—area footprint (100 m x 100 m) centered on
the towers (NIRvi,,) and the estimated footprint area at satellite
overpass time for each day (NIRVEngootprint) . Then, I compared
NIRVEDyisensor: NIRVI§om, and NIRVEéeoorprine (and corresponding NIRVP)
with GPP estimates around satellite passing time to evaluate the GPP
estimation performance of each footprint type.

Additionally, I used annual accumulated footprint over Alfalfa (Bil),
Corn (Bi2), and Freshwater wetland (Tw4) (Figure A4.3) to evaluate
the impact of temporal resolution of Planet Fusion NIRvP on GPP
estimation. The comparison of Planet Fusion pixels within annual
accumulated footprints to GPP is in (Figure A4.9). I also resampled
Planet Fusion data to a 30 m resolution using the nearest—neighbor
interpolation method without antialiasing, which produced the results
closest to in situ measurements when resampling Planet Fusion—like
data from 3 to 30 m resolution (Kong et al., 2021). Next, I extracted
pixels within ECieoeprint to test the effect of spatial resolution on GPP
estimation performance by comparison with the original 3 m
resolution (Li et al., 2008). Finally, I compared daily NIRVPg(to0tprint
and NIRVEéfoorprine Multiplied by daily PARBESS against daily GPP. For
each footprint type, I extracted pixels only when their centers were
within the footprint (poly2mask; MATLAB; The MathWorks, Inc.,
Natick, MA, USA).
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[
Figure 4.3 Examples of footprints for the US—Myb (Palustrine wetland) flux tower

(white dot) between 1030hh to 1230hh (a) Daily eddy covariance (EC) footprints
from June 22, 2019, to June 24, 2019. (b) eddy covariance footprint on June 22,
2018 (orange), a fixed 100 m X 100 m footprint (green) around the eddy
covariance tower, and Harmonized Landsat/Sentinel (inHLS) pixels (cyan) including
the normalized difference vegetation index (NDVI) sensor footprint (yellow) (Table
2). Contour lines denote footprints within which 50 — 80% (10% interval) of the
cumulative flux originated. Image source: Planet Fusion RGB surface reflectance
product for June 22, 2019 (projection, WGS84/UTM zone 10N). Footprints for in

situ measurements at other sites are shown in (Figure A4.3 and A4.4).
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Table 4. 2 Footprint types used in this study (Figure 4.3) and Abbreviations used to
indicate data source, footprint type (i.e., NDVIsensor, inHLS, 100m, ECtootprint) (Figure
4.2), and temporal scale (i.e., satellite overpassing time and daily) for NIRv, NIRvP,
and PAR in this study. PF refers to Planet Fusion (Section 2.3); MODIS refers to
nadir bidirectional reflectance distribution function adjusted reflectance product
using MODIS data; HLS refers to Harmonized Landsat and Sentinel (Section 2.3),
BESS refers to the satellite—based Breathing Earth System Simulator which is a

platform to compute fluxes in carbon, water, and energy.

Footprint type Description

NDVIsensor Footprint of the normalized difference vegetation
index (NDVI) sensor. Diameter: 12 — 20 m
inHLS Harmonized Landsat/Sentinel (HLS) pixel

coverage that includes NDVIgensor Pixel size: 30 m

X 30 m
100 m A fixed 100 m X 100 m area centered on the flux
tower
ECtootprint Daily eddy covariance (EC) measurement footprint
Relevant aspect Abbreviation examples
Temporal scale NIRv (satellite overpassing time), daily NIRv (daily

time scale)

Data source NIRv ™ it NIRvPF, NIRvMODPIS NIRvHLS PARBESS pARim situ
Footprint type NIRVNpvisensors NIRVintLs, NIRVy gom, NIRVECfootprint
All combined NIRVECtootprint: NIRVEGom. daily NIRVPECrootprint

daily PARBESS

To evaluate the time series of NIRvP data against tower GPP data,
I used nonparametric singular spectrum analysis, which decomposes
and reconstructs time—series data to detect trends, remove long—
term trends, and emphasize short—term variation (Ghil et al., 2002;
Mahecha et al., 2007). A time series can be regarded as a collection
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of additive components (e.g., trends, regular oscillations, and noise
(Ghil et al., 2002)); therefore, I evaluated both trends (with low—
frequency, smooth components) and oscillations (with high—
frequency coherence). Singular spectrum analysis in this study
consisted of two stages: decomposition and reconstruction. During
the decomposition stage, I formed a time window with length L, which
is half of the study period (L = N/2, where N is the length of a flux
measurement with a unit of days), for each site and slid it along the
time series to construct the L X K (K = N-L + 1) Hankel matrix X.
Then, I applied singular value decomposition to X to extract the
eigenvalues and eigenvectors of XX'. The leading singular value
decomposition component (indicated by the largest eigenvalue)
typically corresponds to the time—series trend (Alexandrov, 2009);
therefore, I reconstructed the trend by inverting the projection from
the leading component to a time series with length N. Subsequently,
high—frequency (detrended) components were computed as the
difference between the original time series and the trend. I conducted
singular spectrum analysis using the R package Assa v1.0.2

(Golyandina et al., 2018).
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3. Results
This section reports the performance of Planet Fusion derived NIRv
and NIRvP across different footprint types against n situ NIRv,

NIRvVP, and GPP.

3.1 Comparison of Planet Fusion NIRv and NIRvP with in situ NIRv
and NIRvVP

Planet Fusion NIRv in the footprint of i/n situ NDVI sensor
(NIRVEEy1sensor) Showed better agreement with in situ NIRv (NIRv® Sitw)
(R? = 0.74) compared to MODIS—derived NIRv (NIRvMOPIS) (R* =
0.44) or HLS—derived NIRv (NIRvILS) (R* = 0.69) (Figure 4). Even
for daily gap—filled Planet Fusion data, linear relationships with
NIRvISitU were strong (R? > 0.82), with small RMSE values (< 0.1)
at sites US—Bi2 (Corn), US—Snf (Pasture), US—Tw4 (Freshwater
wetland), and US—Myb (Palustrine wetland) (Table A5). At US—Bil
(Alfalfa), the relationship between NIRVRSyisensor and NIRv®Si% had
the highest RMSE (0.12). At all sites except US—Bil (Alfalfa), the
performance of NIRVRSyisensor derived from gap—filled process in
comparison with NIRv"S®* was similar to the performance of
NIRVEE isensor derived from direct observation (Figure 4.5; Table
A4.5). For NIRVP, regression analysis of NIRVP{Eyisensor  and
NIRvP St at all sites showed strong linear relationships (R* = 0.83)
with positive bias. Regression analysis of NIRvPMOPISand  NIRvP it
showed strong linear relationships at all sites, but with varying slopes
(Figure 4.5). Thus, the overall performance of NIRvPMODPIS jp
comparison with NIRvP#si¢ (R? = 0.51) was worse than the overall
performance of NIRVPESyisensor (R® = 0.79) and NIRvPHLS (R* = 0.73)
PJ'H situ

against NIRv , which had more consistent slopes (Figure 4.5,

Table A4.5). Unlike the impacts of gap—filling on NIRv, gap—filled
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NIRVPEEyisensor Showed a stronger linear relationship with NIRvPsiw
(R* = 0.90 - 0.98) than did NIRvPHLS(R® = 0.64 - 0.96). Meanwhile,
gap—filled NIRVP{Eyisensor Showed a stronger linear relationship with
NIRvP™Simeasurements at all sites (R = 0.90 — 0.98) compared to
observed NIRVP S visensor (RZ = 0.88 — 0.98) (Figure 5; Table A5). In
each site and all sites pooled data, the proportion of observed Planet
Fusion out of gap—filled Planet Fusion was 49 - 56% when the
proportion of HLS out of that was 22 — 28% (Figure 4.4; Table A4.5).
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Figure 4.4 Comparison of measured in situ near—infrared radiation reflected from

vegetation (NIRv) and the product of NIRv and photosynthetically active radiation
(PAR) (NIRvP) around the satellite passing time with MODIS, HLS, observation—

derived and gap—filled Planet Fusion (PF) data. Dashed black lines are 1:1 line (y =

x). Red lines indicate linear regression model slopes for all sites. R? is the coefficient

of determination, p—value indicates the significance of the linear regression, rbias is

relative bias, and n is the number of samples used in the linear regression model.

NIRv is unitless and NIRvP is in unit of zmol m 2 s™!. Detailed analyses for each

site are shown in (Table A4.5).
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Figure 4.5 Comparison of measured in situ NIRv and NIRvP around the satellite
passing time at each site and all sites pooled (colored symbols) with MODIS, HLS,
and observation—derived and gap—filled Planet Fusion (PF) data. R? and the linear
regression slope are indicated for each site. Detailed site data are provided in (Table

A4.5).

3.2 Comparison of instantaneous Planet Fusion NIRv and NIRVP with
against tower GPP estimates

NIRvPPF (R? < 0.78) performed better than NIRvP"Sit% (R? = (.61)
in estimating GPP when combining the data from all sites (Figure 4.6).
The linear relationships between NIRvP and GPP for all site data
combined showed the following ranking (in order of decreasing R?):
Planet Fusion NIRVP in daily flux tower footprints (NIRVPg¢to0pring) >
Planet Fusion NIRvVP in a a fixed area footprint area around flux
tower (100 m X 100 m) (NIRvPRf,,) > Planet Fusion NIRvVP in the
footprint of in situ NDVI sensor (NIRVPYBvisensor) > 77 Situ NIRvP
( NIRvP™sit ) - with R* values of 0.78, 0.65, 0.61, and 0.61,

respectively. On the other hand, the linear relationships between
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NIRv and GPP were moderate (in order of decreasing R?):
NIRVEGtootprint > NIRVISE > NIRvEEm > NIRVRDyisensor- With R” values
of 0.62, 0.58, 0.46, and 0.43, respectively. Overall, the linear
relationships were stronger between NIRvPPFand GPP than between
NIRVPF and GPP (Figures 4.6 and 4.7).

PPF in estimating GPP at each site

The performance of NIRv
individually was only clearly improved for one (US—Myb, Palustrine
wetland) out of the five sites when the satellite footprint was matched
to the ECotrine (Figure 4.7, Table A4.6). For other sites the
performance of the NIRVPg(roorprine Was slightly better (US—BIl,
Alfalfa; and US—Snf, Pasture) or comparable (US—Bi2, Corn; and
US—Tw4, Freshwater wetland) than other footprint types.
NIRVPg(footprine Showed a strong linear relationship with iz situ GPP at
the wetland sites, especially US—Myb (Palustrine wetland). For all

PPF generally showed slightly stronger linear

footprint types, NIRv
relationships with GPP than with NIRVP™S#* except for US—Bi2
(Corn). I observed the largest improvement of NIRVPPF compared to
NIRvPm St for site US—Bil (Alfalfa), where the linear regression
between NIRVP™S#% and GPP had an R* value of 0.72, whereas the
linear regression of NIRvPPFwas > 0.78 for all footprint types (Table
A4.6). NIRVEGrootprine als0 had higher R” values compared to NIRvigom
(Figure 4.7; Table A4.6).

The slopes of linear regressions between NIRvPF and NIRvPPF and
GPP showed large differences for the NDVIsensor and 100 m footprints
but converged when Planet Fusion data was matched with the

footprint type of ECowprint (Figure 4.6). More specifically, the

variability in linear regression slopes of both NIRv and NIRvP with

GPP showed the following ranking (in order of decreasing variability):
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Planet Fusion NIRv (NIRvP) with different footprint types (ECiootprint
> 100m > NDVIsensor) > NIRvI?SU# (NIRvPSU)  (Figure 4.7). In the
cropland sites, the linear regression slopes of NIRv®S#% and
NIRvPmSitt ith GPP were larger at US—Bi2 (Corn, a C4 plant) than
at US—Bil (Alfalfa, a C3 plant). These trends were also observed in
both NIRvPF and NIRvPPF for all footprint types (Figure 4.6; Table
A4.6). The linear regression slopes of NIRv®Si#% gnd N[RvyPmsitu
with GPP were generally larger in wetland sites than in cropland sites.

While overall NIRvP showed better GPP estimation performance
than NIRv, there were notable differences between Planet Fusion and
in situ — based results as well as individual sites vs. pooled data
(Figures 4.6, 4.7, S4.3; Table A4.6). For the pooled data from all
sites, the difference in R? values between NIRvP and NIRv—based
GPP estimation showed a ranking in the following order: Planet
Fusion NIRv (NIRvP) with different footprint types(NDVIsensor—>
100m > ECrootprint) > NIRvISUU (NIRyP SitU) with R? differences of 0.18,
0.19, 0.16, and 0.02, respectively (Table A4.6). For individual sites,
in situ only showed clear improvement of NIRvP over NIRv for US—
Myb (Palustrine wetland), while for other sites the performances
were comparable (US—Snf; Pasture) or even slightly worse (US—
Bil, Alfalfa; US—Bi2, Corn; US—Tw4, Freshwater wetland) for
NIRvP (Table A4.6). For Planet Fusion—based results, larger
improvements of NIRvP over NIRv were observed, especially for
sites US—BIil (Alfalfa) and US—Myb (Palustrine wetland) (Figure

4.7). However, for some sites, and especially for the 100 m fixed

footprint type, NIRvP performed slightly worse than NIRv.
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Figure 4.6 Comparison of NIRv and NIRvP measured in situ and derived from gap—
filled Planet Fusion (PF) in different footprint types with GPP measured in all study
sites (colored circles) around satellite overpassing time. NIRV(NIRVP)REicensor s
NIRV(NIRVP)}(o , NIRV(NIRVP)E o ouprine denotes Planet Fusion —derived NIRv
(NIRVP) around the local satellite overpassing time for footprint domains (.e.,
NDVIsensor, 100m, and ECtootprint) . Red lines indicate linear regression model slopes
for all sites. R?is the coefficient of determination, p—value indicates the significance
of the linear regression, and n is the number of samples used in the linear regression
model. NIRv is unitless and NIRvP is unit of gmol m™2 s7!. Detailed site data are

provided in (Table A4.6).
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Figure 4.7 Comparison of NIRv and NIRvP measured in situ and derived from gap—
filled Planet Fusion (PF) with GPP measured at each site and all sites pooled
(colored symbols) around satellite passing time for all footprint types.
NIRV(NIRVP)Rvisensor» NIRV(NIRVP) 5o, NIRV(NIRVP)EE ootpringsateniite denotes Planet
Fusion—derived NIRv (NIRvP) around the local satellite overpassing time for
footprint domains (i.e., NDVIsensor, 100m, and ECtootprint). R? and linear regression

slopes are shown for each site. Detailed site data are provided in (Table A4.6).
Trends in NIRVPi(tootprine and GPP over time were similar (Figure
4.8). Among Planet Fusion NIRvP data derived from different
footprint types, NIRVPEPCFfootprmt showed generally good performance
in tracking the detrended GPP, especially over wetlands. For example,
at site US—Myb (Palustrine wetland), NIRVPg(foorprine Captured the
sharp drops in GPP around day of the year 160, 260 and 280, whereas
NIRVP{yisensor and NIRVPf, did not (Figure S4.3). NIRVPittootprint
showed stronger linear relationships with GPP, compared with
NIRvP St Notably, the R? values of the relationship between
detrended NIRVPé)gfootprint and detrended GPP were greater than the

R? values for NIRvP™SiU except for US—Bi2 (Corn).

112 3 1 =
-":rxﬁ-: -|I_'- 1__l| '.-'.!_

L



Trend (Bi1) Detrend (Bi1) Trend (Bi2) Detrend (Bi2)

A

1.00 1.00
0.75 0.75
& 0.50 & 0.50
0.25 025
0.00 0.00

NIRVP (T) NIRVP (D) NIRVP (T) NIRVP (D)

20

10

(umolmZs)

5

N

Trend (Tw4) Detrend (Tw4) Trend (Myb) Detrend (Myb)

= a0 1
»
a L o154 4
o E
& 3 104
g 104
365

0.75

e 0.50 & 0.50
0.25 .25
0.00

NIRVP (T NIRvVP (D) NIRVP (T) NIRvP (D)

(umol mZs ")

Trend (Snf) Detrend (Snf)
| MM I nimop o
5 |:| NIRVP {visensor

1.00
D NIRvP [ 100m
0.75
% 050 . NIRVP ECfootpnnt
o 0.

GPP

0.25

0.00

NIRVP (T) NIRVP (D)

Figure 4.8 The GPP trend (T) and detrended (D) GPP at each site. Linear
relationships of gap—filled Planet Fusion (PF) NIRvP and in situ NIRvP with T and
D around the satellite passing time are also shown. NIRVPYSyisensor» NIRVPYSom,
NIRVPg(tootprint denotes Planet Fusion —derived NIRvP around the local satellite
overpassing time in different footprint type (i.e., NDVIsensor, 100m, and ECsootprint) .

Detailed site data for the entire study period are shown in (Figure S4.3).
NIRvth’é:foorprint more accurately estimated GPP around satellite
overpassing time at the original spatial resolution (3 m), compared
with footprint matching at the aggregated 30 m resolution (Figure
4.9). The performances of NIRVPéJgfootprint in estimating GPP at

different spatial resolutions were similar for croplands but differed

113 , ,H ST ” {11 T

& o



for wetland sites. For example, in the wetland sites (i.e., US—Tw4,
Freshwater wetland; US—Myb, Palustrine wetland; and US—Snf,
Pasture), NIRVPg(roorprine (3 M) showed a slightly stronger linear
relationship (R? = 0.89, 0.92, and 0.88, respectively) with GPP than
did 30 m resampled NIRVPi(roorprine (R* = 0.83, 0.90, and 0.85,

respectively).

PF
NIRVP gctootprint

B3 m
B30 m

0.9~ ]
0.8 - i
3]
14
0.7 - 1
0.6 - 1
0.5

US-Bi1 US-Bi2 US-Tw4 US-Myb US-Snf All sites

Figure 4.9 Evaluation of Planet Fusion (PF) derived NIRvP within eddy covariance
(EC) footprint in different spatial resolution against GPP around satellite passing
time. NIRVPE(l::footprint denotes Planet Fusion —derived NIRvP in daily eddy covariance
footprints around the local satellite overpassing time. The linear relationships

against GPP are shown. The detailed numbers are in (Table A4.6).

3.3 Daily GPP estimation from Planet Fusion —derived NIRvP
The overall performance of daily NIRVPg¢rootprine (R* = 0.80; RMSE

= 2.08) in estimating daily GPP was considerably better than the
overall performance of daily NIRvP™ Sit4 (R? = 0.67; RMSE = 2.68)
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(Figure 4.10). The NIRVgCioorprine ¥ daily PARBESS product showed a
stronger linear relationship and smaller RMSE (R? = 0.79; RMSE =
2.15) with daily GPP than the NIRvI®Si% X dajly PARBESS product (R?
= 0.62; RMSE = 2.88). Compared with daily NIRVPgtootprint -
NIRVECootprint < daily PARBESS showed similarly good performance for
daily GPP estimation. The slopes (in parentheses) estimated by
linear regression between NIRvP and daily GPP were:
daily NIRVPE(tootprine. (0.67-0.98) > NIRVECroorprine X daily PARBESS
(0.69 - 1.01) > daily NIRvP™S#% (0.80 — 2.32) > NIRv®sin x
daily PARBESS (0.68 — 2.35) (Table A7). Additionally, NIRVgCtootprint
X daily PARBESS followed well the changes of GPP with time (Figure

4.11).
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Figure 4.10 Linear relationships between in situ—measured and Planet Fusion (PF) —
derived daily NIRvVP and daily GPP at all sites (colored circles).
daily NIRvPI"si'™ denotes the aggregated half—hourly in situ NIRVP;
NIRvPI"sitdenotes averaged in situ NIRvP around the local satellite overpassing time;
daily PARBESS means daily summed PAR data retrieved from the satellite—based
Breathing Earth System Simulator (BESS); daily NIRVP(roouprine  indicates
temporally upscaled NIRVE&ootprint. Red line indicates the linear regression model
slope of overall sites. R? is the coefficient of determination, p—value indicates the
significance of the linear regression, and n is the number of samples used in the
linear regression model. NIRvP is given in unit of mol m~2 d!. Detailed site data are

provided in (Table A4.7).
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4. Discussion

Overall, I found that matching Planet Fusion NIRvP to the flux tower
footprint considerably improved the agreement with flux tower—
based GPP across sites compared to using a fixed footprint (100 m,
a hectare area around tower; NDVIsensor, the footprint of /7 situ NDVI
sensor) even when compared to the in situ NIRvP observations
(Figure 4.6 and 4.7). The effects of matching the flux tower footprint
on the regression slope between NIRvP and GPP was largest for the
two wetland sites and a corn site (Figure 4.7). For daily GPP
estimation from Planet Fusion data, the different approaches showed
comparable performances (Figure 4.10). NIRvP considerably
outperformed NIRv for GPP estimation around satellite overpass time,
especially when pooling the data from all sites and using Planet
Fusion NIRvVP. A more detailed discussion on the different aspects is

presented in the subsections below.

4.1 Flux tower footprint matching and effects of spatial and temporal
resolution on GPP estimation
The high spatial resolution of Planet Fusion NIRvP (NIRvPPF) (3 m)
allowed us to match the footprints of in sifu NDVI sensors and eddy
covariance systems with Planet Fusion pixels, which led to

PPF and

considerable improvement in the agreement between NIRv
flux tower GPP compared to either a fixed footprint (100 m by 100m)
or the relatively small area covered by in situ NDVI sensors
(NDVIsensor footprint) (Figure 4.3, 4.6, and 4.7). In fact, the
performance of Planet Fusion NIRvP in daily flux tower footprints
(NIRvPé’gfootprint) was even better than that of i/n sifu sensors with bi—
hemispheric view, which did not fully cover the EC footprint (Figure
4.3). This is a remarkable finding as it implies that the uncertainties
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associated with satellite observations of NIRvP are smaller than the
impacts of the footprint mismatch between i s/fu optical sensors and
the flux tower footprint.

An important aspect of our study was to characterize how the
footprint mismatch affected the NIRvP—GPP relationships and to
identify the factors explaining such patterns. I found that the effects
of footprint mismatch had relatively small impacts on the NIRvP—GPP
correlation for individual sites but large impacts on the data combined
from all sites (Figure 4.6 and 4.7). This was due to inconsistent
NIRvP—GPP regression slopes when the flux tower footprint was not
matched (Figure 4.7). These results indicate that while the temporal
GPP dynamics are relatively consistent in different parts of the
ecosystems, the canopy structure factors such as leaf area index,
leaf angles and clumping to which NIRvVP is sensitive (Dechant et al.,
2022; Dechant et al., 2020) can vary considerably within the flux
tower footprints. Freshwater wetland (US—Tw4) and Palustrine
wetland (US—Myb) showed the highest sensitivity of regression
slopes to the choice of footprint schemes (Figure 4.6 and 4.10).
Although one might first suspect the impact of the water fraction or
the spatial patterns of the water (Matthes et al., 2014) rather than
vegetation canopy structure in the footprint of optical sensors to
explain the different slopes in wetland ecosystems, NIRvP is largely
insensitive to water background as both the NDVI factor and NIR
reflectance have low values for water (Chen et al., 2018; Weiss and
Crabtree, 2011). Therefore, the most likely explanation for the large
sensitivity of wetland sites to the footprint type is the spatial
heterogeneity in canopy structure. Apart from insufficient spatial
coverage (Gamon, 2015), observations from in situ spectral sensors

can also be particularly biased as they typically include the tower
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structure and its surroundings which are not representative of the
flux tower footprint as vegetation near the tower is cleared for the
safety of the tower structure. The high consistency between NIRvP
and GPP patterns at each site during the study period (Figure 4.11
and S4.3) is likely due to the strong impact of environmental drivers
such as PAR, temperature and humidity.

I found that the NIRvP—GPP relationships indeed improved by
footprint matching rather than other factors that could affect the
relationship. As NIRvP is only a proxy for GPP but not a direct
observation, the comparison of satellite NIRvP with ground GPP is
not a direct ground validation and might be affected by other
limitations of NIRvP to estimate GPP, in addition to other
uncertainties related to satellite vs. ground observations. Therefore,
I used two different ways to exclude such uncertainties as alternative
factors explaining our findings of improved NIRvP—GPP relationships
when matching Planet Fusion with flux tower footprints. First, I
compared entirely in situ—based NIRvP—GPP relationships with
relationships where the Planet Fusion area matched the footprint of
the in situ NDVI sensor. As these results showed rather similar
patterns in slope differences between sites (Figure 6 and 7), the main
factor for different slopes indeed seems to be the footprint size and
site location. Second, I also conducted a direct ground—validation
analysis for NIRv and NIRvP and found strong agreement between
Planet Fusion and in situ NIRv and NIRvP (Figure 4 and 5). This
further confirms that the Planet Fusion —based satellite products are
reliable and that the patterns in the results of NIRvP—GPP
relationships for different footprints are indeed due to the area
covered rather than other sources of uncertainty. Although I found

the footprint mismatch to be the dominant factor explaining NIRvP—
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GPP slope differences between sites, the photosynthetic pathway of
the vegetation also needs to be taken into account. Among the
cropland sites, the slope of Planet Fusion NIRvP against GPP in C4
plants (corn in US—Bi2) was generally higher than that in C3 plants
(alfalfa in US—Bil) (Figure 4.6). This higher slopes of C4 compared
to C3 plants is consistent with previous studies although I found a
smaller difference (Badgley et al., 2019; Baldocchi et al., 2020;
Dechant et al., 2022). I found that the gap—filling of Planet Fusion
data had the effect of increasing the spread in NIRvP—GPP
regression slopes (Figure 4.5). This effect, however, was small and
mostly due to a single site (US—Myb; Palustrine wetland) and also
cannot explain the differences between different footprint types as
the gap—filled data was used for all of them.

The high spatial resolution of Planet Fusion improved the
performance of NIRvP—based GPP estimation more compared to the
high temporal resolution. To quantify the effects of spatial and
temporal resolution of satellite imagery on the NIRvP—based GPP
estimation results, I conducted further analyses. First, I evaluated if
the footprint matching could still be effective at the coarser spatial
resolution of 30 m instead of 3 m. Although the performance of 30 m
data was still relatively robust, better performance (R? increase ~
0.06) was found for 3 m at some of the sites, especially at the wetland
and corn sites (Figure 4.9; Table A4.6), where the water surface
extent can change at scales below 30 m (Halabisky et al., 2016). In
the direct ground validation for NIRv and NIRvP, I found that the
coarse b00 m MODIS pixels had poor performance with large slope
differences between the sites (Figure 4 and 5) due to low proportion
of footprint area within a pixel (McCombs et al., 2019), while the

finer 30 m HLS and 3 m Planet Fusion pixels showed robust
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performance. Nevertheless, 1 found substantial land surface
heterogeneity even within the 30 m satellite pixels (Figure A4.8)
indicating the advantage of the Planet Fusion high—resolution
imagery which cannot be replaced by fusion products based on
MODIS—HLS without compromising the performance (Kong et al.,
2021). Second, I evaluated the impact of temporal resolution by
comparing the results for daily matching of the EC footprint with that
of matching the annual footprint (Figure A4.9). I found similar
performance in the two cases. Although there is daily variation in the
footprints at each site, the annual footprints are good representatives
of the area measured by the flux tower because of a strongly
dominant wind direction related to the typical meteorological
conditions in this area on an annual time scale (Figure A4.3; Figure
S4.8). These findings are, therefore, specific to the sites I used and
bigger differences between annual and daily footprint matching are
expected for other sites with more variable wind directions (Kim et
al., 2006).

The near—daily revisit frequency of CubeSats (Roy et al., 2021)
allowed us to track canopy dynamics in detail. For the study period
in each site, overall, CubeSats provided 49 — 56% of daily data when
gap—filled data is removed, which is a higher daily retrieval rate
compared to HLS (22 — 28%) (Figure 4.4; Table A4.5). The near—
daily Planet Fusion acquisition frequency enabled the detection of
surface changes like mowing events (Figure S4.3 and S4.4) (Kong et
al., 2021). Nonetheless, cloud—induced data gaps can still present a
significant obstacle for uninterrupted land surface monitoring. Over
the study sites, the Planet Fusion —based gap—filling process enabled
daily tracking of photosynthesis (Figure 4.5; Table A4.5). Even

though the data—gaps were not negligible throughout the study period
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(Figure A4.8), Planet Fusion data were in general successfully gap—
filled (Figure 4.4) in part due to relatively short temporal gaps (Kong
et al., 2021; Luo et al., 2018). While the gap—filling had considerable
impacts on NIRv, the performance of Planet Fusion NIRvP compared
to in situ NIRvP was robust even for gap—filled data (Figure 4.4 and
4.5). Daily gap—filled NIRnggfootprint responded to GPP drops caused
by drastic surface changes (e.g., mowing) (Figure 4.8; Figure S4.3)
which agrees with previous findings that Planet Fusion —based
evapotranspiration maps are able to capture evaporation fluxes on a
day—to—day basis (Aragon et al., 2021). Further improvements in
the capacity to track diurnal canopy dynamics may involve spatio—
temporal image fusion between CubeSat and geostationary satellites
that scan the same area in every 5—15 minutes (Khan et al., 2021)
or integration of ECOSTRESS data that measure thermal infrared
with 70 m resolution every 1—5 days (Fisher et al., 2020; Li et al.,
2021).

4.2 Roles of radiation component in GPP mapping
At the time of satellite overpass, I found NIRVPPF estimated GPP
better than NIRvFF when pooling data from all sites and also for most
sites individually (Figure 4.6, 4.7 and 4.8). When NIRv was first
proposed, it successfully explained the wvariation of GPP at the
monthly time scale (Badgley et al., 2017). As the variations of daily
NIRv and, above all, PAR values are mostly averaged out at monthly
time scales, NIRv alone can estimate monthly GPP with reasonable
performance. However, NIRv alone raises an issue for GPP
estimation at the time of satellite overpass and daily scales as PAR
plays an important role (Dechant et al., 2022; Dechant et al., 2020).
Although PAR variations are most important for estimating diurnal
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variations of GPP and NIRvP, PAR still plays an important role at the
time of satellite overpass due to considerable seasonal PAR
variations (Figure A4.2 and S4.3). In fact, when examining our
results closely, a stronger tendency towards non-—linear
relationships to GPP can be observed for NIRv compared to NIRvP
when considering sites individually (Figure 4.7). Somewhat similar
non—linear effects have also been reported before for statistical GPP
estimation from reflectance measured by the hyperspectral sensor
without including PAR information (Dechant et al., 2019). However,
another potential explanation for the non—linear effects at rather low
values could be the non—zero NIRv values for senescent or dead
vegetation outside of the main growing season when GPP is
essentially zero (Figure S4.3). As PAR is low during those times,
NIRvP has a somewhat dampened non—linearity compared to NIRv.
Assuming that background effects are indeed partly causing the non—
linearities, using soil—adjusted NIRv may further improve the results
(Jiang et al., 2021). Overall, the better performance of NIRVPg(tootprint
for estimating GPP (Figure 4.6; Table A4.6) is consistent with both
a mechanistic understanding of GPP drivers and the previous
literature on the matter.

While some aspects of the differences in performance of NIRv
compared to NIRvP for GPP estimation (Figure 4.6 and 4.7) might
appear counter—intuitive at first sight, a closer examination of the
results can explain those patterns. In particular, the difference
between NIRv and NIRvP for GPP estimation was considerably
smaller for in situ data than for Planet Fusion data and for the latter
it was considerably larger for pooled data from all sites than for
individual sites. Furthermore, the slope consistency and R? values

between sites showed similar relative sensitivities to footprints for
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NIRvFPF and for NIRvPPF although the R? values differed considerably
in absolute values. All these results can be understood by taking into

PF 3s the gap—filling led to

account the effects of gap—filling on NIRv
decrease in agreement with /7 situ NIRv (NIRv™*Sit) (Figure A4.8)
but this larger disagreement essentially disappeared for NIRvP
(Figure 4.4 and 4.5). This compensatory effect of PAR may also
suggest a critical control of PAR on regulating seasonal GPP
variations at the time of satellite overpass. It should be noted that the

PF was mostly

effect of gap—filling on the performance of NIRv
reflected in the correlation to GPP at individual sites rather than in
the slope consistency between sites (Figure 4.4 and 4.5).

Daily PAR maps enable NIRvFF maps to conduct spatial upscaling
of daily GPP estimation from point eddy covariance sites to landscape
scale. Currently, estimates of GPP at eddy covariance sites cover
only a small area of the terrestrial surface, with limited numbers of
sites that are strongly biased geographically (Ciais et al., 2014;
Schimel et al., 2015). I found that daily NIRVPg(gootprine: Which was
temporally upscaled from satellite overpassing time, was strongly
correlated to daily GPP (Figure 4.10) as GPP at a specific time of the
day with a cosine correction generally shows a strong linear
relationship with daily GPP (Ryu et al., 2012; Zhang et al., 2018). In
other words, the relationship between NIRVPg(roorprine and GPP
around the overpass time resulted in good performance of daily
NlRVngfootprint in estimating daily GPP (Figure 4.10). Furthermore,
NIRvVP includes information regarding canopy structure and the
amount of incoming radiation absorbed and scattered by vegetation

(Baldocchi et al., 2020; Dechant et al., 2022; Dechant et al., 2020).

Assuming that canopy structure changes are small within a day, the
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multiplication of daily PAR by Planet Fusion—derived NIRv will
robustly estimate daily GPP. Consequently, NIRVE&OOtprint X
daily PARBESS performed similarly to daily NIRVPECroorprine in €Stimating
daily GPP (Figure 4.10 and 4.11). Accordingly, Planet Fusion —
derived NIRv combined with daily PAR maps enables us to generate
daily GPP maps with a high degree of fidelity (Figure 4.10), which is
consistent with the finding of previous studies at different scales

(Jiang et al., 2021).

4.3 Limitations and perspectives

Our findings indicate that further tests of the slopes of the
relationships between NIRvP and GPP are required. The study period
for each site varied from 6 months to 1 year (Table 4.1), which may
be sufficient for testing seasonal variation; however, it is insufficient
for testing whether these slopes are stable over long periods. Several
studies have reported strong correlations between NIRvVP and GPP
(Baldocchi et al., 2020; Dechant et al., 2022; Dechant et al., 2020),
but the consistencies of their slopes over multiple years, which could
include severe stress such as drought, have not been evaluated. Our
study sites (cropland and wetlands) are well—known for low water
stress. While Baldocchi et al. (2020) reported a strong and rather
consistent relationship between NIRvP and GPP at an annual
grassland site when pooling data from twelve years, the stability of
slopes was not investigated. Also, the longer—term robustness of the
relationships between NIRvP and GPP could differ between
ecosystems. The accumulation of Planet Fusion data over longer
periods will allow us to capture interannual variation in canopy GPP

and test if the promising findings of Baldocchi et al. (2020) and
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Badgley et al. (2019) also hold at finer spatio—temporal scales across
ecosystems.

Limitations are expected in the performance of NIRvP to capture
shorter—term responses of GPP to vegetation stress as NIRvP is
entirely based on canopy structure and radiation information and does
not include physiological vegetation signals. In particular, NIRv
closely approximates the product of the fraction of absorbed PAR
(fPAR) times the fraction of photons that escape from the canopy
(fesc) (Zeng et al., 2019). Therefore, NIRvP well captures APAR,
the product of fPAR and PAR, which is a strong driver of GPP.
Although there is convincing evidence that fesc can capture seasonal
variations in light use efficiency (LUE) in crops in the absence of
strong environmental stress (Dechant et al., 2020; Liu et al., 2020),
fesc might not capture the faster physiological responses at the onset
of droughts as fesc is driven by canopy structure variables such as
leaf area index, clumping and leaf inclination (Badgley et al., 2017;
Qiao et al., 2019; Zeng et al., 2019), which typically respond more
slowly than leaf physiology. Therefore, remote sensing variables that
carry physiological signals related to LUE such as the photochemical
reflectance index (PRI) and physiological emission yield of sun—
induced chlorophyll fluorescence (@) should be considered to refine
NIRvP—based estimates of GPP in situations of strong environmental
stress (Dechant et al., 2022; Kimm et al., 2021; Wang et al., 2020c¢).
While SIF contains both the structural information of NIRvP and the
physiological information of @r, the variations of @r tend to be so
small that separating them from the structural component with the
help of NIRvP might be necessary to use this information for
improved GPP estimation (Dechant et al., 2022).

Uncertainties remain in the satellite products and in situ
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measurements. Because the radiometric accuracy of Planet Fusion
data is linked to that of HLS (in this study) (PlanetFusionTeam,
2021), the bias of HLS NIRv (NIRvHLS) against NIRvI®S{% might lead
to the bias of Planet Fusion NIRv in the footprint of in situ NDVI
sensor (NIRVESyisensor ) against NIRv®SE®  as  (Figure 4.4). In
addition, the absolute geolocation accuracy of the PlanetScope
CubeSat data is less than 10 m RMSE (PlanetFusionTeam, 2021).
Therefore, the discrepancy between NIRVESyisensor and NIRvisitw
over US—Bil (Alfalfa), which was similar to the range of Planet
Fusion NIRv in HLS pixel coverage that includes NDVIsensor
(NIRvEE; o) (Figure A4.8), could be partly explained by geolocation
uncertainties. Apart from the geolocation accuracy of the satellite
imagery, the location of in situ spectral sensors can also contribute
to biases in our results (Figure S4.1). Regarding the temporal
patterns, Planet Fusion data will be associated with larger
uncertainties during more extended gap periods (Figure A4.8; Figure
4.4). In those periods, NIRvP tracked GPP better than NIRv did,
which could be explained by the role of day—to—day variations of
PAR in predicting GPP. Moreover, the study sites are mostly cloud—
free during the growing season, which is an ideal case, other sites
might have broken clouds with shadows. In that case, the spatial
mismatch between satellite—derived PAR and NIRv might degrade
the performance of NIRvP—based GPP estimation as PAR with coarse
spatial resolution cannot provide the radiation information separately
between cloudy and cloud—free areas. In future works on cloudy
areas, PAR derived from geostationary satellites with a high spatial
resolution (Zhang et al., 2021) could be an option although the spatial
resolution 1s still much coarser than the Planet Fusion imagery.
Regarding in situ measurements, continuous eddy covariance
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measurements can be relatively free from outliers compared to
snapshot satellite imagery but sampling errors can also lead to
outliers (Figure 4.6, Figure S4.4) even after integrating samples at
20 Hz to 30—min data (Moffat et al., 2007; Richardson et al., 2006).
At a daily time scale, uncertainty (one standard deviation) in tower—
derived GPP is typically assumed to be 15-20% of the measurements
(Falge et al., 2002; Hagen et al., 2006; Richardson et al., 2006).
Moreover, the assumptions made during the partitioning of GPP from
NEE could induce wuncertainty (Reichstein et al., 2005).
Theoretically, both PAR and GPP should be zero in nighttime but
gap—filled GPP have both negative and positive values in the
nighttime due to an unideal temperature function of nighttime NEE.
Therefore, the daily (0000hh—2400hh) GPP values are larger than
daytime (0800hh—1800hh) GPP (Figure S4.9). Since I targeted to
estimate daily GPP, which is needed for annual accumulated GPP,
NIRvP-daily GPP relationship will be biased when I force nighttime
GPP to O or exclude nighttime GPP in daily GPP (Figure S4.9). In the
case of US—Snf (Pasture), the peak growing season over US—Snf
(Pasture) was around December to June but the data were used from
June to December in this study (Table 4.1). Hence, when vegetations
are less active, the presence of cattle in US—Snf (Pasture), which
can affect carbon dioxide fluxes (Baldocchi et al., 2012; Detto et al.,
2010), might influence the relationship between NIRvP and GPP.
Regarding footprint matching between Planet Fusion NIRvP and GPP,
[ weighted Planet Fusion pixels within the flux footprints based on
the contour lines rather than the spatially fully explicit footprint
contributions per pixel. Therefore, I also encourage future studies to
develop pixel—based footprint model for calculating the footprint

contribution per pixel.
129



Matching the footprint between Planet Fusion—derived NIRvP and
GPP measurements enables us to use the full potential of flux tower
data for spatial upscaling. Previous studies have already pointed out
the importance of the spatial heterogeneity within flux tower
footprints as the primary source of uncertainty in spatial upscaling
(Giannico et al., 2018; Ran et al., 2016) and the role of CubeSat data
in a robust spatial upscaling (Ryu et al., 2019). As Planet Fusion
NIRvP could be successfully matched to the flux tower footprint
(Figure 4.2; Appendix 4.2) despite frequent mowing and water extent
changes (Figure 4.7), it could, in principle, also be used as a new tool
for characterizing the heterogeneity of the eddy covariance footprints
of all FLUXNET sites. The important difference to previous
approaches relying on NDVI or other greenness indicators (e.g. Chen
et al. (2011a), Chen et al. (2012), Chu et al. (2021)) would be to use
NIRv as proxy for GPP, assuming sufficiently constant PAR in the
selected area. To characterize the spatial heterogeneity, one could
use semi—variogram (Kim et al.,, 2006), which is a suitable
geostatistical method for analyzing spatial patterns. Such an analysis
could well lead to unexpected results as sites that were previously
characterized as homogeneous landscapes (e.g., cropland) may show
considerable spatial heterogeneities (Figure A4.8). Apart from the
footprint characterization that might also be of general interest to the
eddy covariance community, Planet Fusion NIRvP will allow us to also
include sites with heterogeneous footprints and landcover for spatial
upscaling, which have not previously been feasible as the traditional
satellite products with coarser spatio— temporal resolution had to
rely on a selection of homogeneous sites to avoid biased results
(Chen et al., 2011a; Ran et al., 2016). Although the footprint matching

also improved temporal correlation of NIRvP against GPP for each
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site (Figure 4.8), it was not as much as the convergence of slopes
across the sites (Figure 4.7). NIRvP—based GPP estimation varied
within the sites depending on the vegetation types and canopy
structures but the slope of NIRvP—based daily GPP against in situ
GPP over the study period were similar (Figure 4.10) because
climate factors were the dominant drivers. Nevertheless, variations
of NIRvP—GPP regression slopes could appear in very dense forest,
ecosystems with high species diversity, and vertically heterogeneous
canopies (Ishii et al., 2004), which were not tested in this study. In
particular, evergreen needleleaf trees stay green during winter
although their photosynthesis is nearly nil, which can lead to
seasonally changing slopes between NIRVP and GPP (Kim et al.,
2021).

Our results highlight the potential of CubeSat—based imagery for
daily canopy GPP estimation. Previous studies have applied CubeSat
datasets to monitor phenology, leaf area index, NDVI, and
evapotranspiration (Aragon et al., 2018; Aragon et al., 2021; Houborg
and McCabe, 2018b; Hwang et al., 2020; Kimm et al., 2020). The
results of our study suggest that CubeSat imagery can be used to
obtain daily canopy photosynthesis data at fine spatial and temporal
resolution, thus overcoming limitations inherent in using only
observations from individual sun—synchronous satellites such as
MODIS and Landsat. Moreover, potential improvements of Planet
Fusion —derived NIRv for NIRvP mapping have already been
suggested (Jiang et al., 2021). In particular, Jiang et al. (2021) and
Zeng et al. (2019) suggested methods to account for the non—zero
NIRv values for bare soil or dead vegetation, which could lead to
improvements in GPP estimation especially outside the main growing

season. However, these approaches need additional information at
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each site and only can predict GPP after the current season unless
assumptions are made based on previous years'  data. Further
studies should evaluate the performance of Planet Fusion NIRvP for
an even broader range of ecosystem types in various geographical
locations and physiological stress conditions including drought and
flood. Incorporation of inexpensive spectral sensors into flux towers
that can monitor NIRv (Garrity et al., 2010; Kim et al., 2019; Ryu et
al., 2010) and using existing sensor networks to increase ground
observation of NIRv across the globe (Carrer et al., 2021) will be a
useful strategy for evaluating and improving CubeSat—based fine—

resolution GPP mapping.

192 A 21



5. Conclusion

In this study, I evaluated the performance of satellite—derived
NIRvVP as a proxy for GPP by comparing it with iz situ GPP from a
flux tower network over a heterogeneous landscape consisting of
mixed wetlands and croplands. I found that the best agreement
between flux tower GPP and NIRvP calculated from the Planet
Fusion—based product was achieved when matching the Planet
Fusion imagery to the tower flux footprints. In fact, the agreement of
Planet Fusion imagery matched to the flux tower footprint was even
considerably better than the agreement between in situ NIRvP and
tower GPP. The improvement for GPP estimation due to the flux
tower footprint matching was evidenced by the higher across—site
consistency in linear regression slopes between Planet Fusion NIRvP
and GPP compared to either fixed footprint Planet Fusion NIRvVP or i
situ NIRvP. This indicates a large impact of the mismatch between
flux tower footprint and the area covered by optical sensors due to
spatial heterogeneity within the temporally varying flux tower
footprint. I found the largest effects of such mismatches in wetland
sites that have a temporally varying fraction of vegetation in a given
area. The performance of Planet Fusion—based NIRvP was robust
across sites and times in the growing season both for GPP estimation
at the time of satellite overpass and for daily summed values.
Accordingly, Planet Fusion NIRvP serves as a viable metric for
creating daily, high spatial resolution GPP maps at the landscape
scale which could prove very useful for precision agriculture or the
monitoring of heterogeneous and dynamic natural ecosystems such
as wetlands. [ encourage future efforts to test the proposed approach
in a wide variety of ecosystems during water—limited or light

saturation periods. Overall, our results demonstrated significant
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advantages of the high spatio—temporal resolution Planet Fusion
products for daily canopy GPP estimation and for upscaling flux data
for model validation and parameterization. More generally, our
findings indicate the large potential of sensor data fusion for high
fidelity vegetation monitoring at unprecedented spatial and temporal

resolutions.
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Figure A4.1 Evaluation of view geometry effects on in situ near—infrared radiation
from vegetation (NIRv) from 2018 to 2019. Using MCD43A1l bidirectional
reflectance distribution function parameters, I converted in situ bi—hemispheric
reflectance into blue sky albedo at 1030hh (local time UTC—8) and compared it to
a nadir bidirectional reflectance distribution function—adjusted reflectance (NBAR)
product (MCD43A4).
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Figure A4.2 Evaluation of photosynthetically active radiation (PAR) data in this
study. (a) Seasonal variation in PAR throughout 2018 at three sites (US—Bil,
Alfalfa; US—Bi2, Corn; and US—Tw4, Freshwater wetland) and 2019 in two sites
(US—Myb, Palustrine wetland; and US—Snf, Pasture), including instantaneous in
situ PAR at satellite passing time (PARWGI.), i situ daily PAR (PAR{LE"), and
BESS daily PAR (PAREES?,). (b) The relationship between BESS daily PAR and in
situ daily PAR. Dashed black line is a 1:1 line (y = x). Red lines indicate the slopes
of the linear regression models for each site. R? is the coefficient of determination,
p—value indicates the significance of the linear regression, and n is the number of
samples used in the linear regression model. For the US—Snf site, the daily PAR
value was approximately 89% lower than the mean of the other sites throughout
2019; therefore, I applied a correction factor of 1.14 to all US—Snf PAR data.
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Figure A4.3 Examples of daily eddy covariance (EC) footprints at sites (a) US—Bil

(Alfalfa), (b) US—Bi2 (Corn), (c) US—Tw4 (Freshwater wetland), and (d) US—Snf
(Pasture) from (a—c) January 1-3, 2018 and from (d) December 29-31, 20109.
Additionally, annual cumulative footprints were denoted over (a) US—Bi2 from 2017
and (c) US—Tw4 from 2016. Contour lines delineate footprints within which (a—c)
50-90% and (d) 50-80% of the cumulative flux originated. Image source: red—green—
black (RGB) Planet Fusion product (projection, WGS84/UTM zone 10N) for (a—c)
January 1, 2018, and (d) December 29, 2019.
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Figure A4.4 Examples of footprints for flux towers (white dots) at sites (a) US—Bil
(Alfalfa), (b) US—Bi2 (Corn), (c) US—Tw4 (Freshwater wetland), and (d) US—Snf
(Pasture) for different footprint types including eddy covariance footprint on
January 1, 2018 (orange), a fixed 100 m X 100 m footprint (green) around the
eddy covariance tower, and Harmonized Landsat/Sentinel (inHLS) pixels (cyan)
including the normalized difference vegetation index (NDVI) sensor footprint
(yellow). Contour lines denote the footprints within which 50-90% (a—c) and 50—
80% (d) of the cumulative flux originated. Image source: RGB Planet Fusion surface
reflectance product (projection, WGS84/UTM zone 10N) for (a—c) January 1, 2018,
and (d) December 29, 2019.
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Table A4.5 Comparison of NIRv and NIRvP derived from MODIS HSL, and
observation—derived and gap—filled Planet Fusion (PF) data with in situ NIRv and
NIRvVP at each site. R?, coefficient of determination; RMSE, root mean square error;
rbias, relative bias; slope, slope of linear regression; n, number of samples.

SiteID R? RMSE Bias rbias slope R? RMSE  Bias rbia  slop n

(%) s e
(%)
MODIS
NIRv NIRvP
US—Bil O;‘ 0.09 0.05 33.0 0.38 0.82 95.80 46.26 17.7 0.73 365
—Ri 55
US—-Bi2 Oé9 0.03 0.01 5.5 0.99 0.04 4944 1.60 10 0.08 364
Us-— 0.9 0.14 0.13 368.6 2.14 221.4 196.6  322.
Twd i 0.94 9 4 6 2.83 313
Us-— 0.7 0.15 0.13 294.3 2.55 : 259.7 216.1  280. .
Myb 1 0.89 0 5 7 3.37 338
US—Snf 068 0.09 0.09 104.7 0.67 0.94 1274.6 1188.3 824  1.24 185
Overall 0.4 0.11 0.08 91.9 0.66 0.51 170.0 111.1 0.81 | 1565
77.8
4 7 7
HLS
NIR NIRvVP
US-Bil 067 0.09 0.08 37.6 1.01 0.85 1311'4 10;8 32.1  1.02 50
US-Bi2 09 - - -
5 0.04 0.02 13.1 0.76 0.96  68.35 3432 155 0.77 48
US- 0.8 o 182.6 176.3  216.
Twi 1 0.11 0.11 229.6 1.54 0.92 8 6 4 1.80 41
us— 0.5 0.02 0.01 18.5 0.91 0.64 35.22 16,50 16.1 0.95 42
Myb 2
US=Snf O:'_)7 0.07 0.06 63.1 1.02 0.91 1121'8 105'8 59.0 1.30 28
Overall O§6 0.07 0.05 41.2 0.94 0.73 115.9 6962 364  0.92 209
Observed Planet Fusion
NIRv NIRvP
US-Bil 057 0.09 0.08 39.2 1.04 0.88 1228 10;.0 33.3  1.04 177
US-Bi2 0.9 . - _ ) - - -
3 0.02 0.01 6.1 0.85 0.98  44.29 17.28 8.9 0.85 184
US- 0.8 o1 165.6  157.5  198.
Terd 3 0.10 0.10 212.7 1.71 0.94 s 0 1 1.94 176
us— 0.8 0.01 0.01 9.4 0.69 0.92 15.62 5.95 6.3 0.81 174
Myb 1
US=Snf 069 0.05 0.05 50.1 0.71 0.98 69.76 68.14 42,1 1.01 101
Overall 047 0.07 0.04 41.8 0.98 0.79 10;.7 63.31 361 0.96 812
Gap—filled Planet Fusion
NIRv NIRvVP
US-—Bil Of 0.12 0.10 59.5% 0.76 0.90 1271'8 103'4 39.7 1.03 365
US-Biz 0;) 002 000 -05% 084 | 098 3685 —9.12 5_9 0.85 | 364
Us— 0.8 . 143.8  128.2  210. . o
Twd 6 0.09 0.09 246.4% 1.74 0.94 5 6 4 2.14 313
Us- 0.8
0.01 0.01 18.9% 0.65 0.94 15.21 6.79 8.8 0.86 338
Myb 2
US=Snf 0%8 0.05 0.05 59.9% 0.65 0.97 66.06 63.24 440 1.07 185
5 [~ 5
Overall 096 0.08 0.05 55.7% 0.99 083 9211 5659 396 101 1565
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Table A4.6 Comparison of GPP in situ measurements at satellite passing time with
NIRv (NIRvP) derived from in situ measurements and Planet Fusion for different
footprint types. R?, coefficient of determination; slope, slope of linear regression; n,
number of samples.

. . chootprint
Site ID In situ  NDVlsensor 100m ECiootprint (30 m
resolution)
NIRv
Us— R® 0.76 0.56 0.57 0.60 0.61
5y Slope 105.33 87.26 99.58 96.45 98.22
n 365 365 365 359 298
Us— R? 0.89 0.87 0.85 0.84 0.84
g Slope 158.20  183.93 231.13  152.68 152.55
n 364 365 365 355 346
Us— R? 0.92 0.87 0.88 0.88 0.93
Toq  Slope 343.22 171.18 189.37  184.91 163.77
w n 313 365 365 354 66
Us— R” 0.69 0.59 0.57 0.81 0.77
vop  Slope 263.12  327.34 186.86  123.12 119.92
y n 338 365 365 360 274
Us— R? 0.82 0.80 0.87 0.77 0.63
o Slope 13870 195.73 197.28  163.16 157.66
n n 185 185 185 181 132
R? 0.58 0.43 0.46 0.62 0.64
Overall Slope 105.98 76.43 94.85 101.59 99.78
n 1565 1645 1645 1609 1116
NIRvP
Us— R” 0.71 0.78 0.79 0.80 0.81
5 Slope 0.0 0.05 0.05 0.05 0.05
! n 365 365 365 359 298
Us— R? 0.88 0.87 0.86 0.86 0.86
g Slope  0.09 0.10 0.12 0.08 0.08
! n 364 365 365 355 346
Us— R? 0.87 0.91 0.86 0.89 0.83
o4 Slove  0.18 0.08 0.08 0.08 0.06
w n 313 364 364 354 66
Us— R? 0.84 0.83 0.83 0.92 0.90
o, Slope  0.14 0.15 0.09 0.06 0.06
y n 338 365 365 360 274
Us— R? 0.83 0.85 0.85 0.88 0.85
o Slope  0.06 0.06 0.06 0.06 0.06
n 185 185 185 181 132
R? 0.61 0.61 0.65 0.78 0.78
Overall Slope 0.06 0.05 0.06 0.06 0.06
n 1565 1644 1644 1609 1116
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Table A4.7 Comparison of in situ daily GPP measurements with daily NIRvP and
NIRv X PARBESS for all sites.

daily
Site ID Daily NIRvP NIRv x PARG
NIRVP S NIRVPES ooine  In situ flj‘?lasrllslt':l
R? 0.80 0.82 0.79 0.80
.. Slope 0.80 0.67 0.68 0.69
US-Bil  pvsE 2.33 451 3.21 4.24
n 365 359 365 359
R? 0.86 0.83 0.85 0.82
.. Slope 1.17 0.98 1.02 1.01
US—Bi2 p\isE 2.62 2.80 2.63 2.83
n 365 355 364 355
R? 0.90 0.91 0.90 0.89
US—  Slope 2.32 0.94 2.35 1.00
Tw4  RMSE 4.03 1.51 4.15 1.48
n 341 354 313 354
R? 0.90 0.92 0.85 0.92
US—  Slope 1.87 0.74 1.96 0.81
Myb  RMSE 3.13 1.56 3.29 1.24
n 339 360 338 360
R? 0.83 0.85 0.83 0.84
Slope 0.86 0.67 0.78 0.70
US=5nf  LMSE 1.13 2.85 1.37 2.56
n 185 181 185 181
R? 0.67 0.80 0.62 0.79
Overall  SloPe 0.91 0.77 0.76 0.80
RMSE 2.68 2.08 2.88 2.15
n 1595 1609 1565 1609
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Figure A4.8 (a) Spatial variation in Planet Fusion (PF) NIRv in inHILS footprints,
which comprised two 30 m X 30 m boxes, and NDVIsensor footprints, which
comprised 13 black boxes (3 m X 3 m in size) at site US—Bil (Alfalfa). (b)
Seasonal variation in NIRv at site US—Bil, derived from Planet Fusion with
NDVlIsensor footprint (red line), Planet Fusion with inHLS footprint (blue line), and in
situ sensor (black dashed line), where black lines on top of the plot indicate gap—
filled data. Vertical lines indicate mean, maximum, and minimum values for
NIRViEvisensor and NIRVEE, ¢ data. (c) Differences between NIRVNEyisensor and
NIRv"sit (black line). Blue and red lines indicate differences between maximum and

F

minimum NIRvES; s and NIRVEEyisensor> Fespectively. NIRv is given in unitless.
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Figure A4.9 Comparison of NIRv and NIRvP measured derived from Planet Fusion
(PF) in the annual cumulated eddy covariance footprint (NIRV(NIRVP)EE, ) with
GPP measured in study sites (colored circles) around satellite overpassing time. Red
lines indicate linear regression model slopes for all sites. R? is the coefficient of
determination, p—value indicates the significance of the linear regression, and n is
the number of samples used in the linear regression model. I assumed that the shape
of the cumulative footprint over US—Bil (Alfalfa) is similar to that over the nearby
cropland site (.e., US—Bi2, Corn), and I considered the inter—annual variations of
cumulative footprints were small. The annual cumulative footprint over US—Tw4
(Freshwater wetland) (2016) and US—Bi2 (2017) were used (Figure A3). NIRv and

NIRVP are given in unitless and unit of gmol m™2s™!, respectively.
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Supplementary Materials

Figure S4.1 Location of fluxtower: registered in Ameriflux (Blue) and corrected

location in this study (Red) over the study sites (Image source: Google Earth).
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Figure S4.2 Maps of NIRvP derived from the combined Planet Fusion surface
reflectance product and BESS daily PAR product throughout 2018 (projection,
WGS84/UTM zone 10N; area, 30.6 km X 14.2 km = 433 km?). NIRvP is given in

unit of mol m™2d71,
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Figure S4.3 Seasonal variation of NIRvP from in situ and Planet Fusion (PF) in
different footprint types (left axis), that of GPP (right axis; green), and in situ PAR
(right axis; blue) around satellite passing time. NIRVP is given in unit of #mol m™2
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Figure S4.4 Seasonal variation of NIRv from in situ and Planet Fusion (PF) in
different footprint types (left axis), that of GPP (right axis; green), and in situ PAR
(right axis; blue) around satellite passing time. NIRv is given in unitless.
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Figure S4.5 The GPP trend (T) and detrended (D) GPP at each site. Linear

relationships of gap—filled Planet Fusion (PF) NIRv and in situ NIRv with T and D at

the satellite passing time are also shown. NIRVNfyisensor NIRVigom, NIRVEGtootprint

denotes Planet Fusion —derived NIRv around the local satellite overpassing time in

different footprint type (i.e., NDVIsensor, 100m, and ECtootprint) . Detailed site data for

the entire study period are shown in (Figure S4).
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Figure S4.6 Evaluation of Planet Fusion (PF) derived NIRv within eddy covariance
(EC) footprint in different spatial resolution against GPP around satellite passing
time. NIRVg(rootprine denotes Planet Fusion—derived NIRv in daily eddy covariance
footprints at the local satellite overpassing time. The linear relationships against

GPP are shown. The detailed numbers are in (Table A6).
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Figure S4.8 Examples of daily eddy covariance (EC) footprints at sites (a) US—Bil
(Alfalfa), (b) US—Bi2 (Corn), (c) US—Tw4 (Freshwater wetland), (d) US—Myb
(Palustrine wetland), and (e) US—Snf (Pasture) from July 1-10 (colored lines at
each date), 2018 (a—c) and 2019 (d—e). Contour lines delineate footprints within

which (a—c) 50-90% and (d) 50-80% of the cumulative flux originated. Image source:

red—green-black (RGB) Planet Fusion surface reflectance product (projection,

WGS84/UTM zone 10N) for (a—c) July 1, 2018, and (d—e) July 1, 20109.
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Chapter 5.  Conclusion
Enhancement of the spatiotemporal resolution of archived satellite
datasets is essential for monitoring long—term changes in vegetation
within heterogeneous landscapes. In Chapter 2, the proposed system
enables us to monitor daily canopy photosynthesis dynamics among
regions of interest worldwide with high spatial resolution. In Chapter
3, I proposed a dual RSS—GAN model using Planet Fusion and
Landsat 8 products for generating long—term, super—resolution
satellite data. The dual RSS—GAN model retained the strengths of
GAN—-based methods in terms of rescaling and improving the
underestimation of vegetation indices from Landsat 8. The proposed
approach offers a promising direction for the adoption of dual RSS—
GAN models in monitoring long—term vegetation dynamics among
regions of interest worldwide. In Chapter 4, I found that the best
agreement between flux tower GPP and NIRvP calculated from the
Planet Fusion was achieved when matching the Planet Fusion imagery
to the tower flux footprints. In fact, the agreement between Planet
Fusion NIRVP and tower GPP was even considerably better than the
agreement between n situ NIRvP and tower GPP. This indicates a
large impact of the mismatch between flux tower footprint and the
area covered by optical sensors due to spatial heterogeneity within
the temporally varying flux tower footprint. I found the largest effects
of such mismatches in wetland sites that have a temporally varying
fraction of vegetation in a given area. Accordingly, high spatial
resolution GPP maps at the landscape scale could prove very useful
for precision agriculture or the monitoring of heterogeneous and
dynamic natural ecosystems such as wetlands. Overall, our results
demonstrated significant advantages of the high spatiotemporal
resolution satellite imageries for daily canopy GPP estimation and for
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upscaling flux data for model validation and parameterization. More
generally, our findings indicate the large potential of sensor data
fusion for high fidelity vegetation monitoring at unprecedented spatial
and temporal resolutions. I encourage future efforts to test the
proposed approach in a wide variety of ecosystems across diverse

environmental conditions.
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