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A B S T R A C T   

Sentinel-2 satellite data enables multispectral monitoring of the earth at a high temporal revisit rate. Combining 
this information with a network of optical ground measurements enables a more detailed and a more complete 
understanding of terrestrial ecosystems. However, independent optical ground measurements often lack con-
sistency, especially when comparing different sites in geographically remote locations. Using the very high 
temporal and spectral resolution offered by the automated field spectrometer systems FloX and RoX (Fluores-
cence Box and Reflectance Box, respectively, JB-Hyperspectral Devices GmbH, Duesseldorf, Germany), we 
investigated continuous time series ranging over three years and in ten different locations across Europe, Africa, 
America and Asia. The continuous records of ground-measured reflectance were first validated against Sentinel-2 
top of canopy (TOC) reflectance to evaluate the consistency of the in-situ network. Our results suggest a good 
agreement of ground-measured reflectance with Sentinel-2 TOC reflectance in vegetation and snow with R2 

around 0.79 in the 833 nm band and R2 up to 0.94 in the bands around 559 nm and 492 nm, demonstrating good 
consistency across the network. Spatial misalignment of Sentinel-2 pixel-sizes with respect to the different 
footprint sizes of the ten automated spectrometers on the ground, atmospheric uncertainties, sub-optimal in-
strument setup and spatial-temporal variable landscape heterogeneity were identified as the most relevant 
sources of uncertainties in the network. Comparing the Normalized Difference Vegetation Index (NDVI), 
Transformed Chlorophyll Absorption in Reflectance Index (TCARI) and Enhanced Vegetation Index (EVI) be-
tween ground and satellite revealed a decreasing agreement with increasing complexity of index formulation. 
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The best agreement between satellite and ground was exhibited by NDVI with R2 around 0.96 and relative error 
of 4.3% investigating vegetation and snow across all ten sites. Furthermore, we identified a seasonal pattern in 
residuals of NDVI between ground and satellite in an alpine ecosystem in northern Italy, which was associated 
with increased spatial heterogeneity due to the effects of diverse vegetation phenology and snowfall. In contrast, 
a random distribution of residuals was recognized in a rather uniform oak forest canopy in southern France. 
Clustering Sentinel-2 pixels with respect to their temporal patterns in NDVI identified similar areas seen as 
homogenous in the canopy of Torgnon, Italy, and Observatoire de Haute-Provence (OHP), France, each. The very 
high temporal resolution of NDVI measured on the ground confirmed overlap with matched homogenous areas, 
but must consider seasonal landscape heterogeneity. Using well-standardized and globally homogenous Sentinel- 
2 TOC reflectance enabled the assessment of uncertainties in ten field spectrometer sites around the world. The 
standardization of the automated field spectrometers, their data products and data annotation were essential 
prerequisites that enabled joint validation against Sentinel-2. Harmonizing optical ground measurements with 
respect to a satellite is promising for future research to ensure the valid intercomparison and transfer of data 
products across different sites in a network worldwide.   

1. Introduction 

Remote sensing of the earth's terrestrial surface from satellites pro-
vides a valuable source of information, often combined with insight 
from ground-based sensors across scales and domains (Bioucas-Dias 
et al., 2013). With the Copernicus program, the European Space Agency 
(ESA) has launched seven Sentinel satellite missions up to now. ESA's 
Sentinel-2 (S-2) program has two satellites in operation with the primary 
objective to retrieve high-resolution, multispectral images with a high 
temporal revisit rate (Drusch et al., 2012). The multispectral configu-
ration is suitable to examine land surface properties, especially for the 
investigation of coastal waters, land-cover and vegetation (Ariza et al., 
2018; Caballero et al., 2020; Hank et al., 2018; Ma et al., 2019; Oxoli 
et al., 2020; Vincini et al., 2016). Surface reflectance is provided at the 
bottom of the atmosphere using an atmospheric correction and auto-
mated data processing, which is further supported through cloud masks 
and cloud shadow masks (Baetens et al., 2019). Due to the high temporal 
resolution and good spectral coverage of the S-2 visible to near- infrared 
(VIS-NIR) spectral range, this satellite mission is especially suitable to 
compare with a network of identically specified, automated spectrom-
eter systems, installed in various locations for long periods of time 
(Wang et al., 2018). Extended time series not only reveal specific 
spectral signals from different types of land cover, but also provide 
unique temporal signatures, suitable for change detection of land use 
classes and inferring plant functional traits (Debella-Gilo and Gjertsen, 
2021; Ma et al., 2019). Both, advanced experimental and modelling 
analyses are of high value for predicting environmental phenomena, for 
example in estimating burned areas or eroded soil (Lense et al., 2023; 
Mohammad et al., 2023). Extended time series are particularly useful 
when temporal and spectral signatures are compared between ground 
and satellite (Nagai et al., 2020; Sefrin et al., 2021). Especially inter-
esting for the purpose of this study is the unprecedented investigation of 
the highly consolidated S-2 data for validating and harmonizing a 
worldwide network of standardized, automated field spectrometers. 

Autonomous field spectrometer systems have been increasingly used 
for the continuous long-term monitoring of vegetation, water, atmo-
sphere and snow (Campbell et al., 2019; Cogliati et al., 2015; Kokha-
novsky et al., 2021; Meroni et al., 2011; Naethe et al., 2020; Wagner 
et al., 2018). While the field spectrometer system FloX (Fluorescence 
Box) by JB Hyperspectral Devices, Düsseldorf, Germany, was designed 
primarily for the retrieval of sun-induced chlorophyll fluorescence, 
both, FloX and RoX (Reflectance Box) share the identical optical 
configuration in VIS-NIR and are suitable for the retrieval of hyper-
spectral reflectance and vegetation indices (VI) (Acebron et al., 2021; 
Burkart et al., 2015b; Dechant et al., 2022; Julitta et al., 2016; Krämer 
et al., 2021; Mohammed et al., 2019; Siegmann et al., 2021; Vargas 
et al., 2020). High temporal resolution in combination with the high 
hyperspectral resolution enable investigation of detailed temporal pat-
terns, both, in VI and reflectance with regards to a very defined field of 
view (FOV) in one location (Martini et al., 2022). Standardization of 

spectral ground measurements using automated point-spectrometers has 
been a longstanding challenge in the field of remote sensing (Cavender- 
Bares et al., 2020; Gamon, 2015; Milton et al., 2007). Standardized 
hardware as well as standardized calibration, data processing, data 
annotation and traceability including uncertainty budgets are necessary 
to transfer calibrated data in absolute physical unit across a network of 
instruments (Buman et al., 2022; Hueni et al., 2017; Porcar-Castell et al., 
2015). The automated spectrometers investigated in this study fulfilled 
those requirements and, therefore, could be considered a network. On 
the one hand, such a network allows to investigate spatial-temporal 
dynamics at a larger scale worldwide. However, verification of those 
ground measurements with respect to a globally aligned reference is 
indispensable for combining insights of great temporal and spectral 
details across the network and harmonizing data products on the other 
hand. 

Numerous networks and communities were established in the past 
with the aim to provide a standardized approach to spectral ground 
measurements, for the purpose of calibration and validation of satellite 
data, e.g. Aerosol Robotic Network - AERONET (Li et al., 2018) and 
Spectral Network - SpecNet (Gamon, 2015; Gamon et al., 2006), and to 
facilitate these optical measurements in the context of a network of 
carbon flux sites (FLUXNET)(Gamon et al., 2010) such as the Integrated 
Carbon Observation System (ICOS) (Etzold et al., 2022; Gielen et al., 
2017) and the National Science Foundation's National Ecological Ob-
servatory Network (NEON) (Ma et al., 2022; Metzger et al., 2019). 
Ground measurements of ecosystem parameters are important for the 
understanding, modelling and forecasting of natural phenomena 
broadly speaking, which globally interlink vegetation dynamics and 
primary production with the water cycle, carbon cycle and local micro- 
meteorology (Lama et al., 2021a, 2021b; Migliavacca et al., 2017; 
Norton et al., 2019; Pirone et al., 2023; Rossini et al., 2010). In the 
context of those existing networks are automated, temporally dense, 
hyperspectral ground measurements of down-welling and up-welling 
light interesting, because optical in-situ measurements oftentimes 
serve as proxies for local ecosystem status parameters and enable the 
fusion of multiple optical sensors across scales (Naethe et al., 2023; 
Pérez-Harguindeguy et al., 2013). 

Due to rapid changes in the atmosphere and low light conditions, 
ground-based spectroscopy measurements under cloudy conditions are 
challenging but valuable for enabling specific insights at the same time 
(Buman et al., 2022; Kanniah et al., 2012; Kaskaoutis et al., 2008). 
Optical satellite images are adversely affected by clouds so that cloud- 
covered areas are unusable and typically masked out, making impos-
sible to observe vegetation canopies under cloudy conditions with op-
tical satellites (Baetens et al., 2019; Petitjean and Weber, 2014). 
Shadows of clouds and large structures are an increasing issue with 
increasing spatial resolution of remote sensing images (Liu et al., 2017; 
Shahtahmassebi et al., 2013). While being especially challenging at 
lower levels, e.g. on drones and on the ground, effective shadow 
detection methods are essential for robust data filtering, as remote 
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sensing products such as reflectance or VI are substantially biased under 
shadows (Adler-Golden et al., 2002; Damm et al., 2015; Liu et al., 2017; 
Wemett et al., 2009). However, often studies investigate a limited area 
only where local cloud-shadow detection on the ground would be suf-
ficient. However, robust cloud detection and filtering are mandatory 
prerequisites for validating and harmonizing information of multiple 
optical sensors across scales and domains. 

This study used data from S-2 as a reference for validating a world-
wide network of standardized field spectrometers and for harmonizing 
their data products. For the first time, satellite TOC data was used to 
validate continuous time series of reflectance measured from automated 
field spectrometers at very high temporal resolution in 10 different lo-
cations around the world. We use the very high temporal resolution of 
ground-measured down-welling radiance to investigate suitable cloud- 
shadow detection. Reversing the common practice of cross-validating 
in-situ point-spectroscopy and airborne imaging spectroscopy, as pre-
sented in Hueni et al. (2017), 10 identically equipped field spectrometer 
sites were harmonized and challenges of temporal variability in spatial 
heterogeneity were unveiled. Considering that S-2 offers global 
coverage of highly standardized data products, this satellite data served 
as a stable reference for the independent validation of each site and 
investigation of site-specific uncertainties in continuous time series 
recorded by standardized field spectrometer systems over several years 
on the ground. 

2. Materials and methods 

We compared dense, hyperspectral time series recorded with FloX 
and RoX spectrometers in ten different locations in Africa, America, Asia 
and Europe with time series extracted from simultaneous S-2 overpasses. 
Combining ground measured and satellite measured data is challenging 
due to rapid changes in the atmosphere. Therefore, we applied cloud 
filtering based on both, S-2 cloud masks and on a novel approach using 
ground-based measurements of incoming light. Top of Canopy (TOC) 
Reflectance, Normalized Difference Vegetation Index (NDVI) (Tucker, 
1979), Enhanced Vegetation Index (EVI) (Liu and Huete, 1995) and the 

Transformed Chlorophyll Absorption in Reflectance Index (TCARI) 
(Haboudane et al., 2002) were compared under cloud-free conditions. 
TOC reflectance was used for absolute and quantitative comparison per 
spectral band, extracted from satellite and convolved from hyperspectral 
ground measurements. NDVI is very robust against diurnally variable 
amounts of solar radiation on the ground and is not sensitive for short- 
term variations in plant's physiological adaptation processes due to its 
band selection and formulation (Gamon et al., 1992, 2015), and was 
therefore considered ideal to compare ground and satellite data. EVI is a 
more complex modification of NDVI that minimizes effects of soil and 
atmosphere, which is still mostly stable throughout the diurnal cycle and 
was considered for that reason. TCARI was used as a more modern, very 
complex soil-adjusted chlorophyll index, which predicts canopy chlo-
rophyll content regardless of the background of changing land cover 
(Herrmann et al., 2010; Main et al., 2011). NDVI, EVI and TCARI were 
feasible to compute from the available S-2 bands in this study and were 
used to examine the effects of increasing complexity of VI affecting the 
agreement between ground and satellite data. Finally, the robust NDVI 
was used to investigate further temporal and spatial aspects affecting the 
direct validation of ground and satellite data. 

2.1. Instruments and sites 

A variety of different agricultural and natural vegetation canopies as 
well as snow were monitored with FloX and RoX field spectrometers in 
ten different sites across Europe, America, Asia and Africa (see Fig. 1). 
FloX and RoX share in common identical VIS-NIR spectrometers 
featuring 450 nm – 900 nm spectral range, 1.5 nm full width at half 
maximum (FWHM) spectral resolution and a hemiconical optical 
configuration with up-welling light recorded through bare fiber optics 
with 25◦ opening angle and down-welling light recorded through a 
cosine diffusor with a theoretical 180◦ opening angle (Chang et al., 
2021). Time series were recorded completely unattended with a very 
high temporal resolution up to one measurement per minute, depending 
on light conditions in the field (Cogliati et al., 2015). Further processing 
of the data enabled filtering based on standardized, system-internal 

Fig. 1. Selected field sites, equipped with FloX or RoX. Spread over Europe, America, Asia and Africa, covering different vegetation and non-vegetation targets. 
World Imagery (ESRI, 2021). 
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quality flags and quantitative parameters indicating goodness of each 
measurement, accounting for saturation, unstable measurements, 
automatic optimization and low solar angles. 

The ten field sites were set up similarly for the investigation of 
extended, temporally dense time series of TOC reflectance and VI. For 
this purpose, all spectrometers were set up on towers in such a way that 
down-welling light was monitored though the up-facing cosine optics 
without obstruction from nearby structures. The down-facing bare op-
tics were mounted in a southerly direction (in the southern hemisphere 
in a northerly direction) on an extended arm to minimize self-shading 
and ensure unobstructed nadir view onto the desired footprint. Details 
to the sites, spectrometers and installations are provided in Table 1. The 
shortest time series covers 6 months and the longest over 3 years of 
continuous data recording, for which representative parts were selected. 
An important criterion for the selection of data was the temporal 
agreement with available S-2 overpasses. Furthermore, ambient light 
conditions and instrumental quality criteria, as described in the 
following section were considered for the selection of ground measured 
data. 

2.2. Data processing, cloud detection and statistical analyses 

The data from S-2 and from the automated spectrometer network 
were pre-processed to enable their joint use for cloud detection and 
filtering (Fig. 2). Finally, only data pairs from ground and satellite 
filtered and validated as cloud-free using down-welling radiance fitting 
from the ground were used for further analyses. Each of the steps are 
described in detail below. 

2.2.1. Sentinel-2 preprocessing 
Satellite data were selected to match the exact position of the foot-

print recorded by the automated spectrometers based on the natively 
annotated GPS-coordinates. The level 2-A products from the Copernicus 
hub were downloaded and time series extracted for the single pixel at 
the positions of the spectrometer footprint, a 3 × 3 pixel matrix and a 
subset of ca. 200 pixels for each site around the instrument using Google 
Earth Engine (Gorelick et al., 2017). Atmospherically corrected TOC 
reflectance using the Sen2Cor algorithm included cubic spline resam-
pling (Li et al., 2018) was extracted at 10 m spatial resolution for those 
S-2 bands overlapping with the spectral range of the field spectrometers 
between 450 nm and 900 nm shown in Table 2. VIs were computed 
directly from the S-2 reflectance bands at 10 m spatial resolution in the 
same way as for ground measurements according to Table 3. 

2.2.2. FloX and RoX preprocessing 
Raw data from the field spectrometer systems were processed to 

retrieve calibrated radiance and surface reflectance using the packages 
FieldSpectroscopyCC (https://github.com/tommasojulitta/FieldSpect 
roscopyCC) and FieldSpectroscopyDP (https://github.com/tomma 
sojulitta/FieldSpectroscopyDP) with the statistical computing software 
R (R Core Team, 2017). The hyperspectral reflectance was then 
convolved to match the multispectral characteristics of S-2 (Table 2) 

within the VIS-NIR spectral range of FloX and RoX, using Gaussian 
convolution. Only band 2 to band 8 of the total 13 multispectral bands 
from S-2 were covered in the convolution, considering the central 
wavelength and full width at half maximum (FWHM) in each band, 
which were respectively overlapping with the usable spectral range 
between 450 nm and 900 nm of the automated field spectrometers. 
NDVI, EVI and TCARI were calculated for FloX and RoX from the con-
voluted spectral bands according to Table 3 in order to properly match 
with the S-2-based products. 

The spectrometer data were filtered according to Cogliati et al. 
(2015) to eliminate unstable, saturated spectra and measurements at 

Table 1 
Experimental setup giving site name, country, coordinates, spectrometer incl. serial number, site and installation description, target, period investigated.  

Site name Country Lat Lon Target Dist. from TOC Footprint radius Period investigated 

Torgnon Italy 45.844 7.578 Alpine pasture 2 m 0.4 m 06 Dec 2017–05 Mar 2021 
OHP France 43.934 5.711 Oak forest 90 m 20.0 m 06 Dec 2017–16 Sep 2020 
Leinefelde Germany 51.327 10.367 Mixed broadleaf forest 8 m 1.8 m 12 May 2019–03 Oct 2020 
Gebesee Germany 51.100 10.914 Wheat field 2 m 0.4 m 15 Apr 2019–07 Jul 2019 
Kapiti Kenya − 16.144 37.133 Savannah 4.5 m 1.0 m 01 Oct 2019–12 Jul 2020 
Lincoln USA 41.179 − 96.441 Corn field 2 m 0.4 m 02 Sep 2019–17 Oct 2019 
Greenbelt USA 39.029 − 76.843 Corn field 2 m 0.4 m 25 Jul 2020–24 Aug 2020 
Shangqui China 34.515 115.59 Corn field 4 m 0.9 m 08 Jul 2020–16 Nov 2020 
Oensingen Switzerland 47.286 7.733 Corn field 2 m 0.4 m 25 Jul 2020–24 Aug 2020 
Selhausen Germany 50.865 6.447 Grassland 2 m 0.4 m 18 Nov 2020–27 Apr 2021  

Fig. 2. Schematic of data processing and analyses conducted during this study.  

Table 2 
Sentinel-2 B bands used for TOC reflectance extraction overlapping with the 
spectral range of the ground instruments.  

Sentinel-2 band 
name 

B2 B3 B4 B5 B6 B7 B8 

Central 
wavelength 

492 
nm 

559 
nm 

665 
nm 

704 
m 

740 
nm 

780 
nm 

833 
nm 

Band width 65 
nm 

35 
nm 

31 
nm 

15 
nm 

13 
nm 

19 
nm 

104 
nm 

Pixel size on 
ground 

10 m 10 m 10 m 20 m 20 m 20 m 10 m  

Table 3 
Index formulations used for the calculation from Sentinel-2 multispectral bands 
and convoluted bands from field spectrometers identified by their central 
wavelength.  

Index name Formula 

NDVI (R833 − R665 )

(R833 + R665)

EVI 
2.5×

(R833 − R670)

(R833 + 6 × R665 − 7.5 × R492 + 1)
TCARI 3 × ( R704 − R665) − 0.2 × (R704 − R559) × R704/R665

1.16 × (R833 − R665)/(R833 + R665 + 0.16)
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low solar zenith angles. In addition, outliers of negative NDVI were 
identified as measurements of snow and verified as such by time and 
place of recording. Data were extracted from the continuous time series 
at a temporal resolution per ca. 1 min using a 20-min time-window 
around each Sentinel-2 (S-2) overpass and aggregating by the mean of 
the reflectance and VI values within each time-window. 

2.2.3. Cloud detection 
Two independent routines were used for cloud detection eliminating 

cloud-shaded data. 
The first filtering routine was based on the S-2-inherent cloud masks 

(Baetens et al., 2019). Data above 0% cloud coverage were excluded, as 
fractional cloud cover could not be consistently checked otherwise. 

A second filtering routine was applied using dense temporal infor-
mation of down-welling radiance from ground measurements. The 
method was based on the assumption that incoming light can be 
considered stable enough to be expressed by a linear model for a short 
time period. Thus, a time window of 20 min was selected around the 
time of the S-2 overpass. A linear model was fitted to the down-welling 
radiance at 750 nm within this time window. The down-welling radi-
ance within this time-window varied a lot during cloudy conditions, 
resulting in a poor fit of the linear model with the down-welling radiance 
and a low correlation coefficient R2 (see Fig. 3a). Conversely, under 
clear sky conditions the linear fit resulted in a high correlation with the 
measured down-welling radiance (see Fig. 3b). Applying ground-based 
cloud detection, we investigated pairs of S-2 and ground data under 
clear-sky conditions only. 

2.2.4. Statistical analyses 
TOC reflectance and VI from S-2 were compared with ground mea-

surements by using linear regression of a 3 × 3 pixel matrix around the 
position of ground measurements to ensure fully covering the spec-
trometer footprint. The S-2 pixels were summarized by their mean value 
around the position of the field spectrometer. The coefficient of deter-
mination (R2), the confidence of significance (p-value) and slope were 
computed for each linear regression of reflectance bands and VI, 
respectively. In addition, the root mean square error (RMSE, eq. 1) and 
relative RMSE (RRMSE, eq. 2) in percent were calculated, using x̂ as the 
measured reflectance or VI from S-2 and x as the measured reflectance or 
VI from FloX/ RoX with respect to the total number of n measurements. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(x̂i − xi)
2

n

√

(1)  

RRMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(x̂i − xi)
2

√

∑n

i=1
x̂i

⋅100% (2) 

Also, the temporal residuals in NDVI were calculated as the differ-
ence between satellite and ground measurements for each data pair in 
the entire time series. A histogram of the residuals was created to 
investigate their distributions. Furtermore, median and standard devi-
ation (sd) were calculated. 

Finally, spatial clustering using the “tsclust” algorithm from the 
“dtwclust” R-package (https://github.com/asardaes/dtwclust) was 
conducted on each pixel of the subset (ca. 200 pixels) around the 
automated field spectrometers. Hierarchical clustering of NDVI time 
series per pixel was performed in the two three-years-long datasets. The 
time series of NDVI pixels were grouped into three clusters based on 
normalized dynamic time warping distances (Aghabozorgi et al., 2015; 
Wallace and Dale, 2005). 

Pixels of similar temporal patterns in NDVI around the location of 
ground measurements were identified and allocated in 3 groups by the 
algorithm (Fig. 4). The depth of differentiation of the clusters was 
indicated by the relative distance of the top node of each cluster. Note 
that the NDVI pixels from the canopy in Torgnon were identified more 

Fig. 3. Principle of data filtering approach based on downwelling radiance. Diurnal course of cloudy incident radiance (a) compared to clear incident radiance (b). 
Measurements are printed in black while the linear fit is printed in blue, dashed grey vertical lines indicate the 20 min. Time-window around the S-2 overpass, which 
is marked by a solid grey line. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 4. Cluster dendrogram from the hierarchical clustering of NDVI time series 
associated with a pixel of the subset each in Torgnon (a) and OHP (b). Clusters 
C1, C2 and C3 are marked each in a different colour. The tree depth is given in 
relative Euclidian distance between 0 and 1. The leaves correspond to pixel IDs 
in the mosaics. Note that the level of displaying was pruned and not all pixels 
are listed for improved readability, pruning to a maximum depth of 7. 
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diverse than those from OHP, accordingly. Finally, the temporal patterns 
in each cluster were compared with the ground measured temporal 
patterns. A visual inspection was conducted comparing the location of 
pixels associated to each cluster with respect to the location of ground 
measurements for both sites. Agreement of the clusters of NDVI pixels 
with respect to the spectrometer footprint verified temporal and spatial 
representativeness of the ground measurements for the area covered by 
clustered pixels. 

3. Results 

3.1. Cloud filtering 

Filtering by ground-measured down-welling radiance fitting was 
applied to deselect clouded satellite data of overpasses during which the 
linear fit yielded an R2 value below 0.7. This resulted in an overall 
acceptance rate of 49% of the available data pairs from ground and 
satellite (Fig. 5), compared with an average acceptance rate of 86% 
using conventional cloud masks. A detailed comparison of retained data 
using filtering by cloud masks and ground-measured down-welling 
radiance fitting are provided in Table 4. A significantly larger number of 
S-2 overpasses was identified cloud-free using cloud masks, but still 
showed in parts effects of clouds in the ground-measured data within the 
region of interest (ROI). 

Therefore, cloud filtering based on down-welling radiance mea-
surements was considered more conservative and suitable for the further 
analyses compared to S-2 cloud masks. Since the S-2 cloud-mask 
included also data pairs which were evidently affected by clouds, the 
ground-based filtering was used for all further investigation. 

3.2. Spectral reflectance and VI 

Ground measured and satellite measured reflectance were compared 
for all eight multispectral bands, which fell within the spectral range of 
FloX and RoX. To visually compare measurements across all sites, band 5 
around 704 nm, band 6 around 740 nm and band 7 around 780 nm were 
selected from the central region of the FloX's/RoX's detector (Fig. 6). 

A noticeable deviation from a slope of one was exhibited in all panels 
of Fig. 6. Overall, lower R2 and larger deviation from a slope around one 
was recognized in the reflectance bands when excluding measurements 

of snow. Likewise, a smaller dynamic range of reflectance was recog-
nized for pure vegetation samples only. Noticeable outliers with respect 
to the regression's trendline were noticed for the field sites in Linefelde, 
affected by the off-nadir tilted up-welling optics and for some recordings 
of snow in Torgnon, both of which were affected by reflection hotspots 
in the target. Reflection hotspots in the snow caused reflecting direct 
sunlight, which entered the downwards facing optics of the instrument. 
This is a known issue of snow, caused by a series of variables related to 
acquisition, illumination geometry, and surface topography. Taking a 
purely diffuse reference for the down-welling light using cosine diffusors 
in combination with direct sunlight in the up-welling resulted in a 
calculated reflectance greater 1, which must be understood as an 
artifact. 

A detailed assessment of each band is reported in Table 5. The co-
efficient of determination between satellite-measured and ground- 
measured reflectance varied a lot between the different multispectral 
bands across all sites. The lowest coefficient of determination was 
recognized in band 6 around 740 nm with R2 of 0.45, a slope of 0.67 and 
RRMSE around 4.8%, as well as in band 8 around 833 nm with R2 of 
0.45, a slope of 0.71 and relative RMSE around 5.5% in the subset of 
vegetation only. Taking also reflectance of snow into account, all R2 

values increased significantly. Due to a higher variance and covariance 
in the data also the absolute and relative error increased (Fig. 6). The 
RMSE increased almost consistently with increasing wavelength of the 
multispectral bands. The RRMSE was affected by the typical reflectance 
shape of pure vegetation targets, resulting in higher relative values for 
visible wavelength at lower intensities and in lower relative error of 
near-infrared wavelength of higher intensities (compare Fig. 7 and 
Table 5). The RRMSE values were more similar across all spectral bands 
when including snow, since a larger diversity of non-vegetative spectral 
reflectance shapes was introduced in addition to a larger variance of 
reflectance. Lowest coefficient of determination was recognized in band 
8 around 833 nm in the dataset including snow with R2 of 0.79, slope of 
0.66 and a RRMSE of 2.8%. This is half of the RRMSE value compared to 
data including vegetation only. When including snow, the agreement for 
the bands up to band 5 were very good with R2 above 0.9 and RRMSE 
between 3.1% and 7.5%. All reported results were significant according 
to a 99.9% confidence interval, applying the p-value test. 

Good agreement was recognized in the reflectance shape between 
the two platforms (see Fig. 7). Especially the spectral shape typical for 
vegetation was well retained in the selected cases. A very clear seasonal 
pattern in the relative differences between satellite-based reflectance 
and ground-based reflectance was observed in Fig. 7 especially at OHP. 
In contrast, the relative discrepancy was more evenly distributed in 
Torgnon across the temporal domain and exhibited less seasonality due 
to a lack of usable data pairs during winter. Most stable across the 
temporal domain was the band around 780 nm for both Torgnon and 
OHP, yielding the lowest associated relative RMSE in pure vegetation 

Fig. 5. Rejection rate of all data given in % with respect to changing R2 of the 
linear fit for ground measurements around the S-2 overpass set as threshold for 
filtering cloudy conditions. 

Table 4 
Number of Sentinel-2 overpasses paired with ground measurements available for 
each site in total and after the filtering using Sentine-2 cloud mask or ground 
measured incoming radiance, respectively.  

Sites All Sentinel-2 
overpasses paired with 
ground measurements 

Remaining 
instances filtered 
by Sentinel-2 cloud 
mask 

Remaining 
instances filtered 
by down-welling 
radiance 

Gebese 15 14 7 
Kapiti 14 11 3 
Leinefelde 44 36 14 
Greenbelt 8 8 6 
Lincoln 23 22 7 
Shangqui 7 7 3 
OHP 105 100 67 
Selhausen 7 6 3 
Oensingen 14 12 5 
Torgnon 169 133 94  
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(compare Fig. 7 and Table 5). 
Similar to the investigation of absolute reflectance for individual 

multispectral bands, VIs were examined for their agreement between 
ground and satellite measurements. For this purpose, NDVI, EVI and 
TCARI were computed, both from the convoluted bands of the ground 
measurements and the multispectral bands of S-2 reflectance, including 
atmospheric correction. A regression analysis was performed, indicating 
that NDVI, EVI and TCARI agreed well across both platforms, recog-
nizing a noticeable difference in value range between pure vegetation 
and measurements including snow, especially in NDVI (Fig. 8). NDVI 
exhibited a very good coefficient of determination with R2 around 0.96 
(incl. snow) and 0.90 (vegetation only) and a slope close to one 
(Table 6). The RRMSE was in both cases very similar around 3.8% and 
4.3%. Agreement in TCARI values was overall the strongest affected by 

the snow and performed very differently with R2 around 0.75 (incl. 
snow), while the coefficient of determination in pure vegetation targets 
was reduced to R2 around 0.55 due to a larger scattering of values. The 
RRMSE was almost doubled for those measurements which included 
vegetation only in TCARI, because a larger variance in the data was 
introduced due to snow (Fig. 8). EVI exhibited a lower coefficient of 
determination R2 around 0.88 (incl. snow) between ground and satellite 
measurements, while the value changed not noticeably to R2 around 
0.86 investigating vegetation targets only. Similar to TCARI, the RRMSE 
was almost doubled by the exclusion of snow. 

Ground measurements and satellite measurements agreed better 
when examining simple TOC reflectance of the individual bands 
compared with the more complex EVI and TCARI computed from those 
bands. The coefficient of determination between ground and satellite 
measurements decreased with increasing complexity of the index 
formulation of NDVI, EVI and TCARI, in that order. EVI was by far the 
most robust index with respect to influences from snow and exhibited 
the lowest RRMSE, both in pure vegetation and including snow. Due to 
the highest variance in values with respect to the spread of datapoints 
around the regression line in Fig. 8, RRMSE of EVI was the lowest. On 
the contrary, the absolute RMSE was lowest for TCARI in vegetation only 
and for NDVI including snow. 

3.3. Temporal and spatial patterns 

When investigating the two longest time series (i.e., the time series 
from OHP and Torgnon), only a fraction of the ground measurements 
were usable for further analysis. Only S-2 overpasses under cloud-free 
conditions were used, previously identified by using the down-welling 
radiance-based filtering. The resulting gaps with respect to the higher 
temporal resolution of the continuous monitoring using ground mea-
surements were obvious especially in Torgnon in the Alps (Fig. 9). In 
Torgnon data recorded during winter were filtered out for all three 
years, due to the exclusion of snow to focus on the analysis of vegetation 
only. In contrast, a much better coverage of the annual pattern in NDVI 
was achieved from the ground including all seasons. In OHP in southern 

Fig. 6. Scatterplots show reflectance at bands around 704 nm, 740 nm and 780 nm from Rox/FloX vs Sentinel-2 measurements, respectively. Data in panels a, b and c 
excludes measurements of snow, in panels d, e and f are results for all measurements displayed. Regression line in dashed red indicates deviation from line of identity 
in dashed black. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Table 5 
Correlation between satellite-measured and ground-measured reflectance. Sta-
tistics shown of regression for the different bands (only for rigorous filtering), p- 
value, RMSE, %-RRMSE, across all sites vegetation only and included snow, 
respectively.  

Bands R Squared P Value Slope rmse % RRMSE 

vegetation only      
492 nm 0.59 <0.01 0.91 0.023 11.82 
559 nm 0.58 <0.01 0.84 0.025 10.73 
665 nm 0.72 <0.01 0.89 0.029 11.56 
704 nm 0.59 <0.01 0.76 0.035 11.65 
740 nm 0.45 <0.01 0.67 0.051 4.79 
780 nm 0.53 <0.01 0.77 0.061 4.10 
833 nm 0.45 <0.01 0.71 0.065 5.48 
Including Snow      
492 nm 0.94 <0.01 0.84 0.104 7.47 
559 nm 0.94 <0.01 0.83 0.106 6.81 
665 nm 0.93 <0.01 0.83 0.105 5.43 
704 nm 0.92 <0.01 0.81 0.109 3.06 
740 nm 0.88 <0.01 0.75 0.117 4.31 
780 nm 0.83 <0.01 0.69 0.127 4.82 
833 nm 0.79 <0.01 0.66 0.138 2.79  
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Fig. 7. Heatmap indicating the relative difference percentage (%) of convoluted ground-measured reflectance using autonomous field spectrometers with respect to 
Sentinel-2 TOC reflectance, covering over three years of investigation in Torgnon (a) and in OHP (b). 

Fig. 8. Comparison of field Rox-Flox and S-2 satellite VIs. Scatterplots show NDVI, EVI and TCARI from Rox/FloX vs Sentinel-2 measurements, respectively. Data in 
panels a, b and c excludes measurements of snow showing vegetation only. In panels d, e and f are results for all measurements displayed. Regression line in solid red 
indicates deviation from line of identity in dashed red. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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France there were a larger number of S-2 overpasses available 
throughout the investigated years. However, in both cases the high 
temporal resolution of the ground measurements depicted annual dy-
namics to a much better degree compared with satellite measurements. 
This advantage was especially noticeable during seasons of unstable 
weather conditions. When stable conditions for reliable measurements 
were difficult to identity using the S-2 cloud-masks, ground measure-
ment still identified locally usable data. 

While the temporal evolution of the discrepancy between ground- 
measured and satellite-measured NDVI followed a right-skewed, 
normal distribution centered around zero for all data combined, the 
residuals were not always normally distributed for individual time se-
ries, such as Torgnon (Fig. 10). A median residual NDVI around − 0.02 
and a standard deviation of 0.09 was recognized across all sites, indi-
cating very low systematic differences between ground and satellite. In 
particular, median residual NDVI in Torgnon was around − 0.06 with a 
standard deviation around 0.08. In OHP the median discrepancy was 
below − 0.01 with a standard deviation of 0.07. All these values similarly 
indicated a negligible systematic tendency of underestimating NDVI on 
the ground, taking S-2 as reference. However, the random uncertainties 
significantly exceeded those systematic errors. The highest occurring 
frequency of residual NDVI in ground measurements with respect to the 
satellite measurements was found by the mode just below zero in all sites 
(Fig. 10). For the extended two time series the absolute residual NDVI 
followed the seasonal vegetation cycle in Torgnon, while the residual 
NDVI in OHP data showed a more random pattern. 

Finally, we investigated the pixels in the sub-section around the 
location of the RoX in Torgnon and the FloX in OHP with respect to 

spatial similarity of the NDVI. Each pixel exhibited a specific temporal 
pattern in NDVI and was compared in with all other subset pixels, so that 
similar temporal patterns would be summarized into a cluster. In 
Torgnon the clustering algorithm identified three major clusters in the S- 
2 pixels and associated specific trends in seasonal pattern accordingly 
(Fig. 11). Those clusters of seasonal patterns were spatially associated 
with certain spatial features. The seasonal pattern in NDVI recorded by 
ground measurements in Torgnon was similar to cluster 2 of S-2 based 
NDVI pixels, at the fringes to cluster 3 during 2018 and 2019 (Fig. 11). 
Likewise, the position of the RoX was located inside pixels, which were 
spatially associated to cluster 2 at the border to cluster 3. Similarly, in 
OHP the algorithm identified three clusters, of which cluster one was the 
major contributor. The spatial location of the ground measurements at 
the border between the three clusters resembled the temporal pattern of 
ground measurements falling into cluster 1 mainly during summer and 
into cluster 3 mainly during winter. Hence, spatial features were suc-
cessfully associated with the temporal NDVI patterns from both S-2 and 
ground measurements. 

4. Discussion 

4.1. Spectral reflectance and VI 

Previous studies have compared reflectance measurements using 
different spectrometer systems on the ground and also investigated 
differences in VI across ground and satellite (Castro-Esau et al., 2006; 
Cheng et al., 2006). Our results suggested a better agreement in absolute 
values compared with these studies, both in reflectance and in VI 
comparing FloX/RoX measurements with S-2 TOC products. Thus, TOC 
reflectance and VI data from the network of 10 FloX and RoX sites were 
considered very coherent with respect to S-2. Similar to (Cheng et al., 
2006), a characteristic seasonal pattern was identified in the relative 
discrepancy of reflectance bands between ground and satellite in the two 
longest time series in this study. This seasonal pattern suggested 
temporal-spatial variabilities of uncertainties with respect to the static 
and continuous ground measurements, which were investigated more 
closely in this study using the spatial information available from S-2. 
Best practice in characterization, traceability and standardization will 
further enable fusing validated ground data to improve the spectral, 
temporal and spatial details of future studies. Thus, future efforts would 
benefit from the accreditation of radiometric calibration routines of FloX 
and RoX and assure traceability with respect to a fiducial reference 

Table 6 
Statistics of regression for the VI (only for radiance-based filtering), p-value, 
RMSE, %-RRMSE, across all sites vegetation only and included snow, 
respectively.  

Indices R Squared P Value Slope rmse % RRMSE 

VEgetation only      
TCARI 0.55 <0.01 0.88 0.029 11.25 
EVI 0.86 <0.01 0.94 0.291 1.41 
NDVI 0.90 <0.01 0.93 0.074 3.80 
Including Snow      
TCARI 0.75 <0.01 0.83 0.105 5.44 
EVI 0.88 <0.01 0.92 0.276 0.76 
NDVI 0.96 <0.01 0.96 0.068 4.34  

Fig. 9. Time series measured from satellite and on the ground in Torgnon (a) and OHP (b), where data over approximately three years were available. The selected 
data from a usable satellite overpass (red) is compared with the associated ground measurement (blue). Negative NDVI values were caused by snow. (For inter-
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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Fig. 10. Residual of NDVI over time (top) and distribution of the residual (bottom) for Torgnon (a), OHP (b), and for all available sites (c).  

Fig. 11. Time series similarity clustering. Rox/FloX was spatially identified in the associated cluster of similar Sentinel-2 pixels with respect to similar temporal 
patterns in NDVI. Satellite scene of the ROI in Torgnon, Italy (a) and in OHP, France (c). Clustered time series of NDVI with respect to pixels identified as similar using 
hierarchical clustering in Torgnon (b) and OHP (d). 
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(Mihai et al., 2018; Picard et al., 2016; Schaepman and Dangel, 2000). 
With continuous time series being available from the automated spec-
trometers, ground-measured data were extracted exactly for the time of 
the S-2 overpass in order to minimize temporal uncertainties. However, 
uncertainties around the different spatial resolutions had to be consid-
ered, which affected the direct comparison of ground measurements and 
satellite data (Vogtli et al., 2021; Zagajewski et al., 2017). The varying 
pixel-sizes of S-2 bands (Drusch et al., 2012) and the varying footprint 
radius of point spectrometers from 0.5 m to 20 m, depending on the 
height of installation, limited the best possible agreement between 
ground and satellite (Milton et al., 2007). In addition, inconsistencies 
around the setup of the automated field spectrometers yielded another 
important source for uncertainties. In particular, off-nadir misalignment 
of the up-welling and down-welling channels of FloX and RoX results in 
an offset with respect to the satellite TOC reflectance (Drolet et al., 2014; 
Hueni et al., 2017). Compensation for atmospheric distortion of the light 
passing from space to the ground is furthermore important for the 
retrieval of accurate results validated from the satellite (Schläpfer et al., 
2020a; Vogtli et al., 2021). While ground measurements by field spec-
trometers already included the path of light through the atmosphere, S-2 
reflectance had to infer these atmospheric influences. We used S-2 TOC 
reflectance, which was processed using the Sen2Cor algorithm to ac-
count for the atmospheric distortion of light (Li et al., 2018). Short-term 
changes of the atmosphere affect the measurements at the ground level 
and introduce an additional uncertainty. We tried to address this issue 
by using a very conservative cloud filtering approach, which aimed to 
identify those shot-term variations in the atmosphere from the ground. 
However, some compromises had to be made with respect to retaining a 
usable amount of data pairs for further analyses. Furthermore, multi-
spectral reflectance was convolved from the hyperspectral ground 
measurements assuming a Gaussian spectral response of S-2. It has to be 
noted that this basic assumption is a simplification and the actual 
spectral response function of S-2 bands is in truth of a more complex 
shape (Li et al., 2018). Even though the assumption of a Gaussian 
response did mimic the S-2 multispectral bands closely, it was sufficient 
for this investigation and introduced only a minor systematic error into 
the comparison. Combining uncertainties from spatial misalignment, 
atmospheric correction, radiometric calibration, convolution and setup 
is essential towards fully characterizing the standardized application of 
high-resolution hyperspectral ground measurements to be used in fusion 
with multispectral, imaging satellite sensors (Ariza et al., 2018; Mihai 
et al., 2018; Schmitt and Zhu, 2016). 

The complexity of the VIs affected their behavior in a very distinctive 
manner in this study. The variance of absolute NDVI values was 
increased by measurements including snow in contrast to pure vegeta-
tion. NDVI is a very widely used VI for the remote sensing of vegetation 
and is based on the red-edge feature of vegetation (Eitel et al., 2010; 
Gamon et al., 1995; Yao et al., 2013). Thus, negative NDVI of snow must 
be considered as an artifact, which affected our presented statistics by 
increased value range (Wang et al., 2023a). Those artifacts were caused 
by the specific bi-directional reflectance distribution function of snow 
due to a series of variables related to acquisition, illumination geometry 
or surface topography (Painter and Dozier, 2004; Picard et al., 2020). At 
the same time, the negative NDVI values exhibited by snow were a 
criterion for filtering only vegetation measurements (Jiang et al., 2006; 
Wang et al., 2023b). In comparison to the other more complex VIs, NDVI 
with R2 exceeding 0.9 and relative error remaining below 5% between 
satellite and ground measurements suggested a good inter-site trans-
ferability on ground and good transferability between ground and sat-
ellite. The increased robustness of EVI against influences from soil and 
atmosphere resulted in less pronounced outliers produced by snow but 
differentiated more the vegetation between sites (Liu and Huete, 1995). 
Thus, the absolute error in EVI was the highest of all the three investi-
gated VIs. Also, the formulation of EVI is more complex than NDVI, 
resulting in singular uncertainties from the individual multispectral 
bands propagating more strongly (Stow et al., 2019). Considering our 

results, an adjustment of EVI values would be recommended to 
harmonize all sites with respect to S-2. Finally, TCARI exhibited lowest 
coefficient of determination and highest relative error when comparing 
ground and satellite. Being the most complex of the three investigated 
VIs, TCARI was designed for canopy chlorophyll prediction and to be 
robust against impacts from soil (Malenovský et al., 2006). This resulted 
in TCARI being affected the most by covariances of uncertainties prop-
agated from the spectral reflectance. Future research should investigate 
appropriate correction approaches especially for TCARI towards 
improving transfer of information across platforms (Ariza et al., 2018; 
Olsson et al., 2021), which was beyond the scope of this study. Thus, 
NDVI was identified as most suitable to further compare temporal and 
spatial aspects and reduce effects of spectral uncertainties at the same 
time. 

4.2. Temporal and spatial analyses 

Temporal patterns in NDVI from ground and satellite were compared 
for the two longest time series recorded in OHP and Torgnon. Both lo-
cations provided data recorded over three years. The absolute difference 
in NDVI between the platforms over time exhibited a seasonal pattern in 
Torgnon, which had to be compared to a random pattern in OHP. It is 
followed that the systematic seasonal discrepancy pattern was caused by 
snowfall and diverse vegetation phenology in the highly dynamic alpine 
ecosystem (Alberton et al., 2017; Fu et al., 2014; Peano et al., 2021), 
leading to an increased fractional heterogeneity of the landscape during 
fall and spring. Heterogeneity of the canopy also increased during 
certain growth stages and added further spatial uncertainties (Pier-
uschka et al., 2014). At the same time, larger solar zenith angles during 
spring and fall can drive bidirectional reflectance artifacts and introduce 
uncertainties into reflectance of snow measured from ground (Ball et al., 
2015). This is especially obvious for those instances of reflectance >1 
measured on the ground, caused by reflected direct sunlight in the up- 
welling with respect to a totally diffuse down-welling reference. We 
addressed this issue partially by filtering the ground measurements for 
solar zenith angle below 75◦, but could not rule out bidirectional 
reflectance artifacts driven by surface anisotropy. Furthermore, addi-
tional uncertainties were introduced by the circumstance that satellite 
measurement varied in viewing angle depending on the position of the 
ROI in the swath width over both sites, as the bidirectional distribution 
of reflectance varies significantly in natural canopies (Aasen and Bolten, 
2018; Burkart et al., 2015a). This effect is very difficult to assess from 
the satellite scale and would require a thorough investigation of bidi-
rectional reflectance distribution using goniometers or drones on the 
ground (Biriukova et al., 2020; Honkavaara and Khoramshahi, 2018; 
Stow et al., 2019), which was beyond the scope of this study. Investi-
gating spatial uncertainties related to canopy characteristics using 
spatial clustering is promising (Rejichi and Chaabane, 2015). We 
investigated spatial homogeneity at satellite level, clustering similar 
pixels of the subset pixels with respect to their temporal pattern in NDVI. 
The footprint of the ground measurements in OHP was equal or larger 
than the S-2 pixel size. This large footprint minimized influences of in-
dividual plants and other smaller features. Thus, canopy characteristics 
were assumed as spatially homogenous for that integrated footprint 
(Jiang et al., 2006). The same assumption was made for the equally large 
ground-projection of the S-2-pixel size. In consequence of the rather 
homogenous canopy in OHP, the algorithm identified the largest num-
ber of similar pixels within one cluster but at a shallow depth of dif-
ferentiation. Thus, it was followed that larger areas could be seen as 
homogenous and provided little spatial diversity at that scale. This 
reasoning is supported by the median residual in NDVI between ground 
and satellite around 0 in OHP. In contrast, the canopy in Torgnon was 
identified as more diverse, indicated by the 3 larger clusters at greater 
depth of differentiation. It is noteworthy that the spectrometer footprint 
on the ground was integrating a smaller area in Torgnon. However, sub- 
pixel size variations of the canopy remained difficult to track and 
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affected especially the comparison with the smaller footprint of FloX and 
RoX on the ground. Thus, it is advisable to examine the heterogeneity of 
the investigated canopy carefully with the best spatial resolution and 
visually explore the site when installing field spectrometers on the 
ground. The footprints of the ground measurements were chosen in 
order to be representative for a larger area with respect to the S-2 pixel- 
size and to minimize uncertainties related to spatial heterogeneity in this 
study. In both, OHP and Torgnon was the spatial location of ground 
measurements correctly recognized within one cluster of similar pixels. 
The ground measured temporal signatures overlapped with the temporal 
signatures associated with the corresponding cluster especially well 
during summer. In consequence, spatial clustering of S-2 pixels with 
respect to the associated temporal signatures in NDVI is considered a 
very useful tool to identify similar areas and to extrapolate the high- 
resolution temporal ground measurements, given that homogeneity of 
the canopy and representativeness of ground measurements can be 
assumed (Bador et al., 2015; Duveiller and Cescatti, 2016). However, 
care must be taken to account for the seasonality of the discrepancy 
between ground and satellite with respect to the temporal dynamics of 
the investigated ecosystem. Hence, extrapolation of information from 
the field spectrometer readings was not valid for times when the tem-
poral signatures did not overlap well with the associated cluster and 
absolute temporal residuals were high. Likewise, the variability inside 
the pixel-associated clusters showed a seasonal pattern and can help to 
indicate the uncertainties around similar satellite pixels providing 
abundant ground coverage (Nagai et al., 2020). Uncertainties of field 
spectrometer readings are affected by morphological diversity of the 
canopy (Singh et al., 2015) and represent a challenge when generalizing 
insights into larger areas from the satellite. Thus, valid spatial extrap-
olation of high-resolution, temporal measurements into a larger area 
requires the assessment of the spatial uncertainty budget (Wen et al., 
2020). 

4.3. Cloud filtering 

The automated field spectrometer systems FloX and RoX are capable 
of continuously monitoring one ROI at very high temporal and very high 
spectral resolution (Drolet et al., 2014). In contrast, atmospherically 
corrected S-2 TOC data depict an entire spatial scene of many pixels at a 
coarser temporal and coarser multispectral resolution (Linkosalmi et al., 
2022). Only the harmonization of cloud-free data from both platforms is 
possible. Thus, the validation of cloud-free pairs of S-2 overpasses and 
overlapping measurements on ground was an important pre-requisite 
for this work. Therefore, an approach for cloud-filtering based on 
continuous down-welling radiance measured by automated field spec-
trometers on the ground was employed. The ground-based filtering 
approach outperformed the S-2 cloud masks and identified also small 
obstructions from high, thin and small clouds reliably in the limited 
areas around the spectrometer site. In contrast, using a cloud-mask and 
setting a threshold of zero for the percentage of cloud-coverage would 
not suffice to rule out small clouds inside the scene (Baetens et al., 
2019). In consequence, total rejection of all data with non-zero cloud- 
cover was not feasible based on cloud-masks. Consequently, using 
ground-based down-welling radiance allowed for a much more selective 
filtering by rejecting data, which was actually affected by clouds at the 
time of the S-2 overpass at the spectrometer site. Since the hemispherical 
cosine diffusor of the FloX/RoX monitored rapid changes in irradiance 
continuously (Burkart et al., 2022), clouds and cloud shadows were 
identified precisely by measuring the discrepancy from a linear evolu-
tion of down-welling radiance for very short time windows, e.g. 20 min 
around the S-2 overpass. Cloud filtering using continuous ground mea-
surements of irradiance is recommended only for experiments of limited 
spatial expanse around the spectrometer site, not exceeding the direct 
line of sight of the ground-based optics. The correct identification of 
clouds in satellite data remains challenging under rapidly changing at-
mospheric conditions to this day (Linkosalmi et al., 2022; Schläpfer 

et al., 2020b). Thus, cloud detection should be informed by the use of 
automated ground measurements when possible. 

5. Conclusion 

A network of standardized, automated field spectrometer systems 
was validated using Sentinel-2 TOC reflectance as reference in 10 
different sites around the globe. Good overall agreement between field 
spectrometers and Sentinel-2 level 2-A TOC reflectance suggested 
mostly consistent reflectance data throughout the network. Deviations 
of individual samples and sites were mainly caused by slight spatial 
misalignments of Sentinel-2 pixels and the spectrometer footprints, by 
the instrument setup, atmospheric compensation and variable landscape 
heterogeneity. Future works should aim at correcting data product de-
viations from multiple ground sites using Sentinel-2 as a reference and 
move towards fully harmonized data. We observed a very good agree-
ment between NDVI obtained from the field spectrometers and Sentinel- 
2, while the propagated errors from individual spectral bands were more 
noticeable with the more complex TCARI and EVI. The seasonal patterns 
of NDVI residuals on ground with respect to the satellite demonstrated 
increased uncertainties from summer to winter for the dynamic, heter-
ogenous alpine ecosystem due to diverse vegetation phenology, snowfall 
and snowmelt, in contrast to a random distribution of residuals in a 
snow-free and homogenous oak forest in southern France. Thus, it is 
recommend to carefully consider the seasonal landscape dynamics when 
validating continuous ground measurements against satellite data. 
Furthermore, cloud filtering based on ground-measured irradiance 
showed a very robust way to eliminate overcast scenes in limited areas 
and outperformed conventional cloud-mask. We recommend to further 
exploit the potential for improving cloud-filtering of satellite data based 
on automated, continuous spectrometer measurements on the ground. 

Validating the network of automated field spectrometers around the 
globe against Sentinel-2 demonstrated the potential of harmonizing 
standardized, hyperspectral, temporally dense reflectance data with 
respect to the satellite. The spatial domain of the satellite scale informed 
the assessment of uncertainties and assumptions of homogenous areas 
on the ground. Future works combining different optical sensors in 
various locations will benefit from harmonizing their data against 
Sentinel-2 as a vigorously standardized refence offering global coverage. 
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Number of growth days and not length of the growth period determines radial stem 
growth of temperate trees. Ecol. Lett. 25, 427–439. https://doi.org/10.1111/ 
ele.13933. 

Fu, Y., Zhang, H., Dong, W., Yuan, W., 2014. Comparison of phenology models for 
predicting the onset of growing season over the northern hemisphere. PLoS One 9. 
https://doi.org/10.1371/journal.pone.0109544. 

Gamon, J.A., 2015. Reviews and syntheses: optical sampling of the flux tower footprint. 
Biogeosciences. https://doi.org/10.5194/bg-12-4509-2015. 
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M.S., Park, T., Peylin, P., Wärlind, D., Wiltshire, A., Zaehle, S., 2021. Plant 
phenology evaluation of CRESCENDO land surface models-Part 1: Start and end of 
the growing season. Biogeosciences 18, 2405–2428. https://doi.org/10.5194/bg-18- 
2405-2021. 
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