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Abstract: The upcoming Fluorescence Explorer (FLEX) mission will provide sun-induced fluores-

cence (SIF) products at unprecedented spatial resolution. Thus, accurate calibration and validation 

(cal/val) of these products are key to guarantee robust SIF estimates for the assessment and quanti-

fication of photosynthetic processes. In this study, we address one specific component of the uncer-

tainty budget related to SIF retrieval: the spatial representativeness of in situ SIF observations com-

pared to medium-resolution SIF products (e.g., 300 m pixel size). Here, we propose an approach to 

evaluate an optimal sampling strategy to characterise the spatial representativeness of in situ SIF 

observations based on high-spatial-resolution SIF data. This approach was applied for demonstra-

tion purposes to two agricultural areas that have been extensively characterized with a HyPlant 

airborne imaging spectrometer in recent years. First, we determined the spatial representativeness 

of an increasing number of sampling points with respect to a reference area (either monocultural 

crop fields or hypothetical FLEX pixels characterised by different land cover types). Then, we com-

pared different sampling approaches to determine which strategy provided the most representative 

reference data for a given area. Results show that between 3 and 13.5 sampling points are needed 

to characterise the average SIF value of both monocultural fields and hypothetical FLEX pixels of 

the agricultural areas considered in this study. The number of sampling points tends to increase 

with the standard deviation of SIF of the reference area, as well as with the number of land cover 

classes in a FLEX pixel, even if the increase is not always statistically significant. This study contrib-

utes to guiding cal/val activities for the upcoming FLEX mission, providing useful insights for the 

selection of the validation site network and particularly for the definition of the best sampling 

scheme for each site. 

Keywords: sun-induced chlorophyll fluorescence; FLEX; validation; point spectrometers; UAS; SIF 

1. Introduction

Sun-induced chlorophyll fluorescence (SIF) is a radiation signal emitted by plants in 

the spectral range of 650–850 nm that is tightly coupled to photosynthesis [1]. Recent pro-

gress in observing SIF using remote sensing data provides an unprecedented opportunity 

to advance photosynthesis research in natural environments. Existing and future Earth-
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observing satellites will allow SIF to be measured across a range of spatial and temporal 

scales [2]. In recent years, SIF products have been derived from several sensors installed 

on satellites dedicated to atmospheric and trace gas studies, such as the Global Ozone 

Monitoring Experiment-2 (GOME-2) instrument [3,4], the TROPOspheric Monitoring In-

strument (TROPOMI) [5], the Orbiting Carbon Observatory 2 (OCO-2) instrument [6], the 

Thermal and Near infrared Sensor for carbon Observation –Fourier Transform Spectrom-

eter (TANSO-FTS) and the Atmospheric Carbon Dioxide Grating Spectroradiometer 

(ACGS) [7]. Despite their global coverage, these products are characterised by relatively 

low spatial resolutions. The fluorescence imaging system (FLORIS) on board the upcom-

ing earth explorer satellite mission Fluorescence Explorer (FLEX) under development by 

the European Space Agency (ESA) [8] will provide unprecedented opportunities to gen-

erate medium-spatial-resolution SIF products over time. However, determining the accu-

racy of these SIF maps will present a challenge to the remote sensing community. 

Multiple technical approaches have been proposed for the validation of Earth obser-

vation (EO) products. Guillevic et al. [9] proposed five categories for the validation of 

remotely sensed data: (a) the direct comparison of satellite and in situ measurements in a 

bottom-up approach (e.g., CEOS, [10]), (b) radiance-based validation, (c) inter-comparison 

with similar products, (d) time-series analysis and (e) indirect validation through 

numerical radiative transfer models. Direct validation is the most common approach to 

evaluate EO products and understand their uncertainties. A review of the state of the art 

of satellite land products validation is provided by Niro et al. [11]. A direct evaluation of 

SIF satellite-based products is theoretically possible based on a direct comparison with 

independent data collected at higher spatial resolution with different platforms, ranging 

from field point spectrometers to airborne imaging sensors. However, the scale mismatch 

between the satellite and the independent SIF estimates used for validation may introduce 

uncertainty in the evaluation accuracy if an appropriate number and distribution of 

higher-spatial-resolution observations are not considered. Validation of SIF products 

compared to other RS products is further complicated by the fact that these independent 

sensors  do not measure SIF directly, with the resulting estimates affected by 

uncertainties related to the measuring system, the processing of the raw data to radiance 

units and the SIF retrieval algorithm [12,13]. 

Overall, the accuracy of SIF satellite products could be, in principle, quantified using 

validated SIF maps derived from airborne hyperspectral sensors, which can cover large 

areas and can be aggregated and compared with satellite estimates. However, it is unlikely 

that airborne observations could be systematically acquired at calibration/validation 

(cal/val) networks because they are expensive. On the contrary, there is a growing 

network of point spectrometers installed on fixed towers to obtain unattended continuous 

high-spectral-resolution field spectroscopy measurements [14–16] (e.g., FloX, JB 

Hyperspectral (Dusseldorf, Germany) [17,18], PhotoSpec [19], Piccolo [20] and HyScreen 

[21]). The validation of satellite-based SIF products with these new in situ-based SIF 

measuring systems is facilitated in geographical areas characterised by homogenous and 

large, uniform landscapes. This validation approach may be challenging in more complex 

and spatially heterogeneous landscape, as in situ sampling is generally conducted at 

scales that are orders of magnitude smaller than the satellite sensor footprint. Multiple 

spot measurements can overcome this limitation, allowing for spatially variable sampling 

within an area of interest. However, because the validation data must be collected within 

a given time frame, for which the validated variable remains unchanged, the ground-truth 

datasets are often limited in size due to available time and resources (manpower and 

technical equipment). This is particularly critical for SIF, being a dynamic process that 

adapts quickly to environmental changes, for example, changes in illumination [22]. 

Recent studies demonstrated that accurate SIF estimates can be obtained from 

unattended aerial systems (UAS) [23–27]. In this context, UAS or motorized instruments 

carrying high-spectral-resolution spectrometers might be a powerful tool offering the 

possibility of acquiring very high-spatial-resolution data multiple times over the same 
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area on demand, improving spatially representative sampling compared to satellite 

products. In this framework, UAS measurements collected at short distances from the 

target can be considered in situ measurements and be used to characterise the SIF 

variability within a selected area in a short time frame. 

Sampling approaches are expected to minimize the impact of scale mismatch 

between in situ and satellite measurements, capturing the natural spatial variability of SIF 

within an area of interest in a short temporal window. Multiple sampling approaches have 

been proposed, each with their own advantages, disadvantages and applicable 

conditions. Several attempts have been made to standardize sampling schemes and 

protocols for certain vegetation traits, e.g., the VALERI scheme developed for validation 

of space-borne LAI estimates [28]. However, researchers have not yet reached a consensus 

on the sampling strategy that best ensures that collected ground data are adequately 

representative and sufficient to validate the target EO product [29]. 

The main goal of this study is twofold: (i) to propose a method to quantitatively 

define the minimum number of proximal sensing (by field spectroscopy or drone) 

measurements needed to validate medium-resolution SIF satellite products and (ii) to 

evaluate the impact of different proximal sensing sampling strategies and land cover 

“heterogeneity” on the method proposed for validation. To this end, airborne data were 

used to develop an approach to evaluate the spatial representativeness of point SIF 

measurements and the uncertainty associated with different sampling point cardinality 

and spatial sampling strategies on SIF map validation. Airborne SIF maps were first 

resampled to a 9 m × 9 m pixel size, which is a reasonable spatial resolution to assume that 

each pixel in the SIF map may represent a point SIF measurement collected with a point 

spectrometer (either installed on a fixed tower or on a UAS) (Section 2.3). Then, 

monocultural agricultural fields with variable size and 300 m × 300 m square areas 

representing hypothetical FLEX pixels were drawn on the SIF airborne maps and 

considered as reference areas to evaluate the proposed validation approach in the 

subsequent analyses. For the sake of simplicity, the method was tested on hypothetical 

FLEX pixels with a spatial resolution of 300 m; however, it could also simply be extended 

to far-red SIF products derived by different satellite platforms. 

2. Materials and Methods 

2.1. Study Area 

Airborne data were collected in the summer of 2018 during the ESA-funded 

FLEXSense 2018 campaign from two test sites, “Selhausen” (Germany) and “Braccagni” 

(Italy). 

The “Selhausen” study area (50.864N, 6.452E; elevation, 103 m above sea level) is 

located in the Rur catchment in the central western part of North Rhine-Westphalia 

(Germany). The Rur catchment is an intensive study area of the Transregional 

Collaborative Research Centre 32 [30]. The area is characterised by an agricultural 

landscape dominated by sugar beet, maize, rapeseed and potatoes. An area of 

approximately 10 km × 15 km was covered by the airborne imagery exploited in this study. 

Land-use classification was derived from supervised, multitemporal Sentinel-2 data. To 

enhance the land-use product, the multi-data approach was applied using information 

from the Authorative Topographic Cartographic Information System (ATKIS Basis DLM), 

Physical Block information, and OpenStreetMap [31,32].The “Braccagni” study area 

(42.830N, 11.070E; elevation, 2 m above sea level) is located 15 km from the coastline in 

central Tuscany (Italy). An area of approximately 6 km × 9 km characterised by a patchy 

agricultural landscape was covered by the airborne imagery exploited in this study. 

During summer, a variety of crops is grown in the area (e.g., corn, alfalfa, wheat, barley 

and chickpea). The land cover map at the time of the HyPlant acquisition was provided 

by the farmers and verified with field surveys. The size of the agricultural fields in the 
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area varies considerably, ranging from small rain-fed patches to large, homogeneous 

fields irrigated with centre-pivot irrigation systems. 

2.2. Airborne Data Preprocessing and Fluorescence Retrieval 

Hyperspectral images were acquired over both sites using the HyPlant airborne im-

aging spectrometer developed by Forschungszentrum Jülich in cooperation with Specim 

Ltd. (Oulu, Finland) [33,34]. Airborne imagery was collected on 26 June 2018 and on 30 

July 2018 in Selhausen and Braccagni, respectively. HyPlant is a line-imaging push-broom 

scanner consisting of two modules: (i) a fluorescence imager (FLUO) covering the red and 

far-red spectral regions (670–780 nm) at ultra-fine spectral resolution (FWHM ≃ 0.25 nm, 

SSI of 0.11 nm) for fluorescence retrieval and (ii) a dual-channel imager (DUAL) covering 

the visible (VIS), near-infrared (NIR) and shortwave infrared (SWIR) spectral regions 

(370–2500 nm) with an FWHM of 4.0 nm (VIS-NIR) to 13.3 nm (SWIR) for the reflectance 

calculation. Images were acquired at different flight altitudes varying between 1800 m and 

3050 m above the surface, corresponding to a spatial resolution of 3 m and 4.5 m, respec-

tively. All images were aggregated at a common spatial resolution of 9 m by means of 

averaging kernels. This spatial resolution was selected considering that an average sensor-

target distance of 20 m, reasonable for UAS and tower-based systems installing point spec-

trometers with a conical field of view (usually 25 deg), would result in a projected circular 

field of view of ~9 m radius. Therefore, in this analysis, each sampling point corresponds 

to a 9 m × 9 m pixel within the HyPlant SIF maps. 

The FLUO data were processed using a dedicated processing chain specifically de-

veloped to retrieve SIF with the spectral fitting methods (SFM [35]) adapted to HyPlant 

observations [36]. The SFM approach for airborne data consists of two main components: 

(i) atmospheric radiation transfer modelling and (ii) decoupling reflectance and fluores-

cence. Surface reflectance is modelled with polynomial splines and fluorescence with 

peak-like functions (i.e., Gaussian). MODTRAN-5 was used to calculate the atmospheric 

radiative transfer within the spectral windows corresponding to the O2 bands. To account 

for uncertainties in the description of the atmospheric state, an image-based approach was 

used to optimize the parameterization of the atmospheric radiative model. Instrument 

centre wavelength and bandwidth were characterised with the SpecCal algorithm [37], 

which was adapted for airborne data analysis. The retrieval of SIF within both O2 bands 

is based on an iterative optimization algorithm that matches at-sensor radiance spectra 

measured with HyPlant and forward modelled using the coupled surface–atmosphere ra-

diative transfer equations. In this contribution, only SIF maps retrieved in the O2-A band 

at 760 nm will be considered in the analysis. 

The DUAL data were atmospherically corrected with ATCOR-4 commercial software 

(Atmospheric and Topographic CORrection algorithm, ReSe Applications GmbH, 

Langeggweg, Switzerland) [38] to obtain top-of-canopy reflectance (TOC) as described by 

Siegman et al. [36]. Based on the TOC reflectance product, the normalised difference veg-

etation index (NDVI) was calculated as: 

���� =
�������� − ��������

�������� + ��������

 (1)

where R is the reflectance at the specified spectral windows corresponding to nine spectral 

bands of HyPlant (centre wavelength ±4 bands). 

The coefficient of variation of NDVI was used to describe the spatial variability of 

plants within a field [39,40]. 

2.3. Selection of the Reference Areas 

The overall framework for evaluation of the spatial representativeness of point SIF 

measurements and the uncertainty associated with spatial sampling on SIF map valida-

tion is described hereafter. 
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We determined the spatial representativeness of an increasing number of 9 × 9 m 

sampling points with respect to a defined reference area. The concept of sampling points 

at this scale can be considered equivalent to the results of traditional field spectroscopy 

measurements spatially distributed in the reference area or, likewise, measurements ob-

tained from data collected with spectroradiometers onboard drones [41] or zip lines [42]. 

The selected reference areas in the Selhausen and Braccagni experimental sites corre-

spond to (i) monocultural agricultural fields with variable size and (ii) 300 m × 300 m 

square areas representing hypothetical FLEX pixels visually drawn on the HyPlant maps. 

The FLEX pixels materialized on the images can include a variable number of land cover 

classes. Here, a perfect match between the in situ, airborne and satellite SIF values is as-

sumed, selectively tackling only the uncertainty related to the spatial sampling (e.g., no 

uncertainty related to the retrieval, atmospheric correction or temporal mismatch). 

Thirty-one monocultural agricultural fields were defined in the Selhausen area and 

30 in the Braccagni study area. The boundaries of the selected fields were taken from a 

land cover map of the sites and integrated with manual digitization as necessary. The size 

of the monocultural fields ranged between 28,000 m2 and 97,000 m2, including bare soils, 

sugar beet, barley and pea fields in Selhausen, whereas the fields were much larger in 

Braccagni, ranging between 60,000 m2 and 300,000 m2, with wheat, barley and chickpea as 

the most represented land covers. For comparison, a FLEX pixel will sample an area of 

approximately 90,000 m2. For each field, the SIF average and standard deviation were 

computed. 

In order to determine the influence of the pixel spatial heterogeneity (i.e., amount of 

land cover) on the representativeness of the point measurements for SIF validation, sev-

eral 300 m × 300 m reference areas (corresponding to hypothetical FLEX pixels) were also 

positioned on the HyPlant maps in areas characterised by different land cover types. The 

selected reference areas include a maximum of 5 natural components (bare soils or vege-

tated land cover) within each 300 m × 300 m square. A land cover is considered in our 

analysis if its surface is equal or exceeds 5% of the hypothetical FLEX pixel area. As an 

example, Figure 1a shows the monocultural fields and FLEX pixels considered in the Brac-

cagni study area. 
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Figure 1. Monocultural fields and FLEX pixels considered in the Braccagni study area (a). Example 

of the realization of 200 fully random points within a monocultural field (orange dots) and within a 

hypothetical FLEX pixel (brown dots). Green diamonds show the 200 fully random points selected 

for each land cover in a FLEX pixel composed of two different components (b). The map projection 

is Universal Transverse of Mercator (UTM) zone 32N with datum WGS84 (World Geodetic System 

1984). 

For the Braccagni experimental site, a total of 39 FLEX pixels were identified. Among 

them, 18 are ‘pure’ pixels, meaning that they include only one component; 6 include two 

components; 11 comprise three components; and 4 have four components. For the Selhau-

sen experimental site, a total of 11 FLEX pixels were placed: three with two components, 

six with three components and two with four components. The Braccagni and Selhausen 

areas have different characteristics, with Braccagni characterised by broad fields, allowing 

for the realization of one-component reference areas, whereas Selhausen is characterised 
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by narrow fields, making the identification of one-component reference areas quite diffi-

cult. This explains the varying number of pixels selected in the two study areas and the 

differing composition of the FLEX pixels. Reference areas were placed in areas where the 

land covers were known (data not shown) at the time of the HyPlant overpass. 

Then, we evaluated the impact of different sampling approaches on the capability of 

in situ measurements to be representative for a given reference area of both monocultural 

fields and FLEX-like pixels. 

2.4. Data Sampling Strategy 

The minimum number of sampling points needed to be representative of the SIF av-

erage value of the considered reference area was selected based on the methodology de-

scribed hereafter. 

First, a database of sampling points was created according to the following approach. 

In the monocultural fields and in the 300 m × 300 m square areas representing hypothetical 

FLEX pixels, 200 fully random sampling points were selected to simulate a random spatial 

sampling (Figure 1b). These random points are a minimum distance of 10 m from one 

another to avoid multiple sampling of the same pixel (Figure 1b). In areas with more than 

one land cover class, as many as 200 fully random pixels were selected for each class (Fig-

ure 1b). In this case, a minimum distance of 10 m was maintained. If the spatial extent of 

a land cover class did not allow for selection of 200 HyPlant pixels, a lower number was 

selected while still preserving the 10 m minimum distance. 

Then, four sampling schemes with increasing complexity in terms of required ancil-

lary information and weighting schemes were applied for the selection of the sampling 

points used in the following analyses: 

 Random sampling; 

 Random sampling with linear combination; 

 Stratified random sampling; and 

 Stratified random sampling with linear combination. 

To reduce the number of combinations, a total of 73 sampling cases was created for 

each sampling scheme. The number of sampling points (npts) for each case varies between 

1 and 200, with a step of 1 for cases with between 1 and 15 points, a step of 2 for cases with 

between 16 and 60 points and a step of 4 for cases with between 64 and 200 points. In order 

to avoid potential biases related to the random selection (i.e., when selecting by chance, a 

point “too close” or “too far” from the mean of the field), each case was repeated 200 times 

following a random resampling approach. The MATLAB randperm function was used for 

random selection, and within a single set of points (i.e., for each repetition), no replace-

ment was allowed (each point selected a maximum one time), as it would not be realistic 

to measure the same point twice in the field, given time and resource constraints. The 

spatial representativeness of the sampled points with respect to the mean SIF value of 

each reference area was evaluated using the absolute deviation from the mean (ADM) 

computed as the absolute value of the difference between the mean SIF value of the sam-

pled points (�
������

������) and the mean value of the entire reference area (�
������

��������� ����): 

��� = ��
������

������ − �
������

��������� ����� (2)

ADM quantifies the absolute discrepancy in physical units between a satellite SIF 

observation and a given number of proximal sensing measurements performed to char-

acterise the corresponding subtended surface. 

ADM was then compared to three thresholds: T20 = 0.20 mWm−2 sr−1 nm−1, T15 = 0.15 

mWm−2 sr−1 nm−1 and T10 = 0.10 mWm−2 sr−1 nm−1. The threshold T20 was selected consid-

ering that the ‘desired’ FLEX SIF level 2 product accuracy, for a reference fluorescence 

level of 2 mWm−2 sr−1 nm−1 at the emission peaks, is 0.2 mWm−2 sr−1 nm−1 (FLEX Mission 

Requirement Document, MRD [27]). The thresholds T15 and T10 were also considered 
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because different sources of uncertainty can impact the final SIF estimates; thus, the un-

certainty related to the spatial representativeness of in situ SIF observations should be 

lower than the value stated in the MRD (0.2 mWm−2 sr−1 nm−1). 

As an example, Figure 2a shows the ��� values obtained for five (out of 200) sam-

pling repetitions for one of the monocultural fields. For each of the 200 repetitions, the 

number of sampling points for which ADM was lower than T20, T15 or T10 was extracted. 

The distribution of these values for the reference area considered as an example is shown 

in Figure 2b–d. Starting from these distributions, the 95th percentile for each threshold 

was computed. 

 

Figure 2. ADM values obtained for five sampling repetitions for one of the monocultural fields 

shown here as an example. n is the nth sampling repetition. Only five of the 200 sampling repetitions 

are shown for clarity of representation (a). Distribution of the number of sampling points for which 

the absolute deviation from the mean (ADM) was lower than T20 (b), T15 (c) or T10 (d). 

The ADM calculation was adapted to the different sampling schemes as described in 

the following paragraphs. 

2.4.1. Random Sampling 

The random sampling approach was applied to both the monocultural fields and the 

300 m × 300 m square areas representing hypothetical FLEX pixels. The latter areas can 

include a number of land cover classes (between 1 and 4). The absolute deviation for the 

random sampling approach (ADMrs) was computed as: 

����� = �
∑ ������,�

����������
���

����
− �

������
��������� ����� (3)

where npts is the number of sampling points and varies from 1 to 200, and n is the nth 

point within the selected sample. 
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2.4.2. Random Sampling with Linear Combination 

Given the potential mixture of different land cover types within a FLEX pixel in, e.g., 

agricultural landscapes, a linear combination model was applied to the sampled values. 

In this case, ADMrslm was computed as: 

������� = ��
������

������
���� − �

������
��������� ����� (4)

where: 

�
������

������
��� = �� ����,�

���

���

∗ �
������,�

������� +
�1 − ∑ ����,�

���
��� � ∗ ∑ �

������,�
������

���
���

���
 (5)

where �
������

������
���  is the mean SIF value of the sampled points weighted according to the 

fractional cover of the land cover to which they belong, and �
������

��������� ���� is the mean 

SIF value of the entire reference area. nlc is the number of effective land covers within the 

reference area (i.e., the number of land cover components within a FLEX pixel that are 

sampled for each sampling case), and fclc is the fractional cover of each land cover within 

the reference area. In the first half of Equation (4), a linear model based on fclc was applied 

to the sampled values so that each group of points within a land cover was weighted for 

the fractional cover of the land cover in the FLEX pixel. Wherever one or more land covers 

are not included in the sampling (e.g., in cases with fewer sampling points than land co-

vers), in the second half of Equation (4), a compensation factor is applied by multiplying 

the remaining fc by the average values of the sampled points. By combining Equations (3) 

and (4), the ��� for the data sampled with the linear combination model was computed. 

2.4.3. Stratified Random Sampling (with and without Linear Combination) 

In order to further improve the effectiveness of the spatial sampling of the FLEX 

pixel, a stratified random approach was tested with and without applying the linear com-

bination to the selected points. The rationale followed to apply this scheme for varying 

number of sampling points (npts) and land covers within the FLEX pixel (nlc) is reported 

below. 

 nlc = 1, easiest case; points are selected incrementally for each case within the single 

land cover, and the linear combination is not applied; 

 nlc > 1 points are selected according to the following rules: 

o npts = 1: the point is selected randomly among the points within the land cover 

with the highest fractional cover within the FLEX pixel; 

o 1 < npts ≤ nlc: the points are selected randomly among the points within the land 

covers with the highest fractional cover within the FLEX pixel, i.e., if npts = 2 and 

nlc = 3, a single point for each land cover is selected among those within the two 

land covers with the highest fractional cover within the FLEX pixel; 

o npts > nlc: the pixels are distributed among the different land covers proportionally 

to the fractional cover within the pixel of each land cover. 

ADMsrs was computed using Equations (4) and (5). 

3. Results 

3.1. Impact of Increasingly Restrictive Thresholds on the Number of Sampling Points 

Figure 3 shows the 95th percentile of the number of sampling points needed to meet 

the three thresholds defined in Section 2.4 for the monocultural fields in Selhausen and 

Braccagni experimental sites according to the random sampling approach. A positive re-

lationship between the number of sampling points and the standard deviation of ������ 

of each field (�
������

�����) can be observed. The number of sampling points progressively in-

creases for more restrictive thresholds (i.e., from T20 to T10). When considering T10 for 
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both sites, a large variability in the number of sampling points can be observed from field 

to field, from a minimum of 3 to a maximum of 13.5 points, whereas 1.5 to 8 points are 

needed when considering T20. Therefore, the number of points to be sampled in the ref-

erence area increases with spatial variability, and the number of points increases as the 

uncertainty threshold decreases. In Braccagni, monocultural fields reach higher �
������

����� 

values compared to Selhausen, but the overall linear relationship with the number of sam-

pling points holds true across the entire range of �
������

����� variation. 

 

Figure 3. The 95th percentile of the number of sampling points needed to meet the three selected 

thresholds for the monocultural fields in Selhausen (Germany) and Braccagni (Italy) experimental 

sites using a random sampling approach. 

A similar pattern can be observed for the FLEX pixels at both sites (Figure 4), with a 

comparable number of sampling points needed to characterise pixels with a similar 

�
������

����� value. In this case, all values are shown in relation to the standard deviation of 

������of each FLEX pixel (�������
����). 

 

Figure 4. The 95th percentile of the number of sampling points needed to meet the thresholds for 

the FLEX pixels in Selhausen (Germany) and Braccagni (Italy) experimental sites using a random 

sampling approach. 
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For the sake of simplicity, only the more restrictive of the tested thresholds (T10 = 

0.10 mWm−2 sr−1 nm−1) is shown in the following sections. 

3.2. Impact of Proximal Sensing Sampling Schemes on the Number of Sampling Points in FLEX 

Pixels 

The frequency distribution of the number of sampling points needed to meet the T10 

threshold for all simulated sampling cases, aggregating data from all FLEX pixels in Sel-

hausen and Braccagni (n = 10,000), is reported in Figure 5. Overall, the four sampling 

schemes described in Section 2.4 (i.e., random sampling, random sampling with a linear 

combination model, stratified random sampling and stratified random sampling with a 

linear combination model) show comparable results with respect to the aggregated data. 

Nevertheless, a shift toward a lower number of sampling points can be observed for the 

stratified sampling schemes (Figure 5c,d), with a discernibly higher frequency for cases in 

which two sampling points were sufficient to meet the T10 threshold. This can be ex-

plained by the fact that the sampling points were selected randomly among those within 

the land covers with the highest fractional cover within the FLEX pixel. Thus, we can ex-

pect the mean SIF value of the points sampled according to the stratified scheme to be 

closer to the mean SIF value of the entire FLEX pixel compared to the mean SIF value of 

randomly selected points. 

 

Figure 5. Distribution of the number of sampling points needed to meet the T10 threshold for all 

simulated cases (n = 10,000) aggregating data from all FLEX pixels in Selhausen (Germany) and 

Braccagni (Italy) experimental sites using a random sampling, a random sampling with a linear 

combination model, a stratified random sampling and a stratified random sampling with a linear 

combination model. 

On the other hand, sampling-specific patterns can be observed when analysing re-

sults from each FLEX pixel independently. Figures 6 and 7 show the 95th percentile of the 

number of ground sampling points needed to meet the T10 thresholds for the FLEX pixels 

using different sampling approaches in the Selhausen and Braccagni experimental sites, 

respectively. All values are shown in relation to �������
����, whereas the pointer size is re-

lated to the number of components (i.e., land covers) within each FLEX pixel. The number 

of components varies from two to four in Selhausen and from one to four in Braccagni. 

Therefore, only at the Braccagni site is a FLEX-like homogeneous pixel with a single com-

ponent observed. 

Figures 6 and 7 show the impact of the different sampling schemes on the number of 

sampling points needed to meet the threshold. Different approaches may produce differ-

ent results. Overall, a decreasing number of sampling points is needed to characterise the 

FLEX pixel average SIF values for increasingly complex sampling schemes, as also high-

lighted by the decreasing slope of the linear OLS models (solid lines). In Selhausen, the 

largest differences occur when moving away from a random sampling scheme in favour 

of any of the more complex approaches (i.e., considering the land cover heterogeneity 

within the FLEX pixel). Although the stratified sampling schemes are generally the best-

performing ones (i.e., meeting the threshold with a lower number of sampling points), the 
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linear combination model for randomly selected sampling points shows noticeably better 

performance than the random selection alone. This is partially confirmed in Braccagni, 

particularly for FLEX pixels characterised by medium–high �������
���� values (i.e., 0.4–0.6 

mWm−2 sr−1 nm−1). 

 

Figure 6. The 95th percentile of the number of sampling points needed to meet the T10 thresholds 

for the FLEX pixels in Selhausen (Germany) experimental site using a random sampling, a random 

sampling with a linear combination model, a stratified random sampling and a stratified random 

sampling with a linear combination model. The number of sampling points is shown in relation to 

�������
����. The pointer size is related to the number of components within each FLEX pixel (2–4). The 

solid lines show the linear OLS regressions for each sampling strategy. 

 

Figure 7. The 95th percentile of the number of sampling points needed to meet the T10 thresholds 

for the FLEX pixels in Braccagni (Italy) experimental site using a random sampling, a random sam-

pling with a linear combination model, a stratified random sampling and a stratified random sam-

pling with a linear combination model. The number of sampling points is shown in relation to 

σ������
����. The pointer size is related to the number of components within each FLEX pixel (1–3). The 

solid lines show the linear OLS regressions for each sampling strategy. 
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Figures 6 and 7 also show that pixels with a higher number of components have gen-

erally higher �������
���� values in Selhausen, although this behaviour is less predictable in 

Braccagni, possibly due to the larger fields and the higher intra-field SIF variability in the 

Braccagni reference areas. 

3.3. Impact of Land cover Components on the Number of Sampling Points 

Given the consistent results obtained in the two experimental sites and with the aim 

of establishing a more generalized approach, we aggregated the data from Braccagni and 

Selhausen to evaluate the impact of the number of components within each FLEX pixel 

for the different sampling strategies. Figure 8 shows a box plot of the 95th percentile of 

the number of sampling points needed to meet the T10 thresholds for all the FLEX pixels 

in both sites (i.e., aggregating data from Figures 6 and 7). Groups “1”, “2”, “3” and “4” 

represent FLEX pixels with the corresponding number of land cover components. The 

impact of the number of components can be observed for the random sampling scheme 

(top left), with significant differences between group “1” and groups “3” and “4” (Krus-

kall–Wallis test, p < 0.05) but not between group “2” and any other group or between 

groups “3” and “4”. When using a random sampling approach combined with a linear 

combination (top right), there is a significant difference only between groups “1” and “4” 

(p < 0.05), with no significant impact of the number of land cover components observed 

for the stratified random sampling schemes (bottom left and right). Furthermore, �������
���� 

values from group “1” are significantly lower than those for groups “3” and “4” (p < 0.05; 

data not shown), highlighting the link between intra-pixel SIF heterogeneity and the num-

ber of land cover classes within a pixel. This means that for pixels consisting of one land 

cover, at least 5 sampling points are needed to satisfy the T10 threshold, and overall, fewer 

than 15 points is theoretically enough to characterise the reference area in case of multi-

component conditions. Thus, even at sites characterised by greater complexity, if the ap-

propriate sampling scheme is applied, relatively few measurements may be sufficient to 

characterise the SIF average value of the reference areas. 

 

Figure 8. Box plot of the 95th percentile of the number of sampling points needed to meet the T10 

thresholds for all the FLEX pixels in both sites. Groups “1”, “2”, “3” and “4” represent FLEX pixels 

with the corresponding number of land cover components. 
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As observed in Figures 6 and 7, high �������
���� values are not always related to the 

number of land cover classes within each pixel. This can be further appreciated in Figure 

9, which shows a box plot of the coefficient of variation of NDVI with respect to the num-

ber of land cover components for all the FLEX pixels in both sites. 

 

Figure 9. Box plot of the coefficient of variation of NDVI for all the FLEX pixels in both sites. Groups 

“1”, “2”, “3” and “4” represent FLEX pixels with the corresponding number of land cover compo-

nents. 

A general increase in the intra-pixel variability with the number of components is 

observed; however, the variability of the CV of NDVI within each group is quite high. This 

means that cases may occur in which the intra-pixel variability is relatively high, even if 

they are characterised by a single land cover class. For example, this happens for two 

FLEX pixels in Braccagni that show relatively high �������
���� values and characterised by a 

single land cover class with the highest number of sampling points. Figure 10 shows the 

NDVI (upper panels) maps of these two FLEX pixels characterised by corn under two dif-

ferent conditions. A significant spatial heterogeneity of the vegetated surface within the 

pixel can be observed for both pixels, showing discontinuous soil patches and major var-

iations in greenness. 

 

Figure 10. NDVI maps (a,b) and frequency distribution histograms (c,d) of two FLEX pixels charac-

terised by a single land cover class and a high intra-pixel standard deviation of SIF��� (�������
����). 

The map projection is UTM zone 32N with datum WGS84. 
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4. Discussion 

An uncertainty budget related to SIF retrieval was recently provided by Buman et al. 

[12], who characterised the uncertainties due to instrumental effects, procedures applied 

for data calibration, atmospheric correction, SIF retrieval approach and the spatial repre-

sentativeness of in situ observations compared to satellite measurements. Regarding the 

uncertainties related to the spatial representativeness, they pointed out the challenge of 

identifying pseudo-invariant homogeneous calibration sites for SIF products and the po-

tential impact of site heterogeneity on the reliability of in situ SIF retrieval for satellite 

products validation. 

In this paper, we moved a step forward, proposing an operational data-driven ap-

proach to quantitatively characterise the representativeness of a set of validation meas-

urements within a reference area for the implementation of an SIF ground validation net-

work. We exploited real airborne HyPlant data and well-established and widely used field 

sampling strategies to provide a quantitative indication of the number of in situ observa-

tions that may be needed to capture the average SIF of a reference area (e.g., future FLEX 

pixel in agricultural landscapes) within a given threshold. 

A positive relationship between the minimum number of sampling points and the 

standard deviation of ������  of each reference area (either field or pixel) is observed, 

highlighting the importance of selecting a homogeneous validation site to maintain a rel-

atively low number of sampling points. As expected, the number of sampling points pro-

gressively increases for more restrictive thresholds (i.e., from T20 to T10). T20 corresponds 

to the FLEX SIF level 2 product accuracy for a reference fluorescence level of 2 mWm−2 sr−1 

nm−1 at the emission peaks, as specified in the FLEX Mission Requirement Document 

(MRD [43]). 

The choice of the sampling scheme has a minimal overall effect, showing similar re-

sults when considering aggregated data. Nevertheless, some recommendations can be 

drawn when analysing each pixel independently. In particular, if the reference areas are 

homogeneous in terms of SIF (low standard deviation), then all the tested sampling meth-

ods can perform well. Otherwise, sampling strategies that consider a stratification based 

on relevant spatially explicit layers are recommended. 

Results from this study also show that prior knowledge of the land cover classes and 

extension within each FLEX pixel may not be sufficient to determine the number of sam-

pling points, and concurrent information on the intra-class SIF variability must be consid-

ered. Thus, one limit of the proposed approach may be related to the need for systematic 

acquisitions of high-spatial-resolution SIF maps in order to define the best sampling ap-

proach for each validation site. Furthermore, the best sampling approach may vary over 

time due to changes in land cover type or crop phenological stage within the reference 

area for SIF validation (e.g., FLEX pixel). One possibility to overcome this issue is to char-

acterise site homogeneity considering the spatial variability of the remote sensing indices 

that were found to correlate with SIF under unstressed conditions, such as NIRv and 

NIRvR [44,45]. The advantage of these VIs is that they can be systematically computed 

from high-temporal and -spatial-resolution satellite missions, such as the ESA Sentinel-2 

mission. Future studies should create a planning scheme that seeks to maximize UAS cov-

erage over the most variable areas for optimal fluorescence mapping using, for example, 

an adaptive scheme based on multitemporal Sentinel-2 images. 

Despite efforts to define an optimised spatial sampling within the satellite pixel that 

is subject of a validation process, the intrinsic spatial scale mismatch between the meas-

urements acquired from a spaceborne and ground-based platform directly translates into 

a geolocation mismatch, which can be a significant source of errors for highly dynamic 

parameters [11]. This aspect is not evaluated in this paper, but future studies are needed 

to quantify the collocation mismatch error and assess its impact on SIF product validation. 

Another point that is not addressed in this paper is the evaluation of the spatial variability 

at different wavelengths. Here, we consider the far-red SIF only, although we are aware 

that the spatial and temporal behaviour of fluorescence at other wavelengths may differ. 
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Once the number of measurements necessary to capture SIF variability has been de-

fined, such an approach can be implemented using, for example, UAS platforms equipped 

with high-spectral-resolution point spectrometers. UAS data can replace traditional field 

spectroscopy measurements when there is a need to cover modest to large areas quickly 

[46], in particular when operated at a certain height above the target without the need to 

apply atmospheric compensation corrections [47]. However, a critical aspect for the vali-

dation of satellite products with UAS acquisitions is the current lack of consistency and 

interoperability of UAS data. Future efforts need to be directed toward guaranteeing qual-

ity-assured data from UAS, encouraging coordinated and harmonised processes and ac-

tivities that enable interoperability, such as the Fiducial Reference Measurements for Veg-

etation (FRM4VEG) project initiated by ESA. A sampling strategy based on drone plat-

forms is particularly relevant in coarse pixels, which should be sampled quickly because 

fluorescence is an instantaneous process that changes during the day. The typical flight 

speeds of multirotor UAS systems are around 5–10 m/s, and the flight duration is typically 

around 15–30 min for battery-operated UAS [48]. Thus, operating a high-resolution spec-

trometer for SIF measurement equipped with a 25° optic on a UAS flying at 20 m, about 

20 points can be reasonably sampled distributed in 300 m × 300 m in 20 min. Taking into 

account that the FLEX satellite will cross the equator at around 10:00 [43], the SIF signal 

can be considered relatively stable during the 20 min (i.e., 10 min before and 10 min after 

the satellite overpass) needed to complete the acquisition in most areas of the world and 

for most times of the year when plants are photosynthetically active. However, whereas 

the quality and interoperability of satellite data are ensured by the Committee on Earth 

Observation Satellites (CEOS), the quality and accuracy of UAS data may depend on the 

type of sensor used, as well as the data acquisition and calibration procedures. These can 

vary among users and sensors, making multisource data interoperability difficult. Ensur-

ing the consistency and interoperability of UAS data is an important challenge if they are 

to be used for satellite product validation [49]. UAS configuration, protocol and guidelines 

for fluorescence validation are still in early stages of development. 

In summary, given the flexibility of the proposed data-driven approach, different 

sampling strategies and measurement footprints could be tested based on emerging needs 

and the evolution of the calibration and validation strategy for the FLEX products. More-

over, this methodology could be scaled to lower-spatial-resolution SIF products (e.g., 

TROPOMI SIF [50] and OCO-2 SIF [3]) and to other ecosystems (e.g., mixed and mono-

specific forests, tree–grass ecosystems and natural grasslands) to build a consistent strat-

egy for SIF sampling and validation at different spatial scales. 

5. Conclusions 

Appropriate identification of the ground sampling approach in the FLEX configura-

tion remains to be defined and optimized. To this end, different platforms and instru-

ments can be exploited. However, the sampling approach also depends on the target type. 

In this study, we presented a statistical analysis (over different agricultural landscapes) 

focused on the understanding of the number of sampling points needed to meet three SIF 

uncertainty thresholds. 

The spatial scale mismatch between satellite-pixel and point field measurements is a 

significant challenge impacting the accuracy assessment of SIF satellite products. Com-

paring in situ observations that sample a small footprint with satellite values derived on 

a pixel scale can be meaningful only when this mismatch is reduced. In this study, we 

proposed a method to evaluate the spatial representativeness of in situ SIF observations 

compared to medium-resolution SIF products, providing useful insights for the selection 

of the validation site network and particularly for the definition of the most effective sam-

pling scheme for each site. The proposed approach can be implemented with currently 

available spectral systems, for example, by installing different instruments on the ground 

or by using high-spectral-resolution spectrometers installed on a UAS. 
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Overall, the contribution of this work is to establish guidelines and common proto-

cols for cal/val of satellite sensor products. It is not limited to the validation of FLEX SIF 

products but can be easily extended to SIF products derived from different satellite plat-

forms or to other land optical satellite sensors. 
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