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Abstract 25 

Long-term monitoring of grasslands is pivotal for ensuring continuity of many environmental 26 

services and for supporting food security and environmental modelling. Remote sensing 27 

provides an irreplaceable source of information for studying changes in grasslands. Specifically, 28 

Spectral Mixture Analysis (SMA) allows for quantification of physically meaningful ground 29 

cover fractions of grassland ecosystems (i.e., green vegetation, non-photosynthetic vegetation, 30 

and soil), which is crucial for our understanding of change processes and their drivers. 31 

However, although popular due to straightforward implementation and low computational 32 

cost, ‘classical’ SMA relies on a single endmember definition for each targeted ground cover 33 

component, thus offering limited suitability and generalization capability for heterogeneous 34 

landscapes. Furthermore, the impact of irregular data density on SMA-based long-term trends 35 

in grassland ground cover has also not yet been critically addressed.  36 

We conducted a systematic assessment of i) the impact of data density on long-term trends in 37 

ground cover fractions in grasslands; and ii) the effect of endmember definition used in 38 

‘classical’ SMA on pixel- and map-level trends of grassland ground cover fractions. We 39 

performed our study for 13 sites across European grasslands and derived the trends based on 40 

the Cumulative Endmember Fractions calculated from monthly composites. We compared three 41 

different data density scenarios, i.e., complete Landsat data record as is, Landsat data record 42 

with the monthly probability of data after 2014 adjusted to the pre-2014 levels, and the 43 

combined Landsat and Sentinel-2 datasets. For each site we ran SMA using a selection of 44 

site-specific and generalized endmembers, and compared the pixel- and map-level trends. Our 45 

results indicated no significant impact of varying data density on the long-term trends from 46 

Cumulative Endmember Fractions in European grasslands. Conversely, the use of different 47 
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endmember definitions led in some regions to significantly different pixel- and map-level 48 

long-term trends confirming questionable suitability of the ‘classical’ SMA for complex 49 

landscapes and big areas. Therefore, we caution against using the ‘classical’ SMA for 50 

remote-sensing-based applications across broader scales or in heterogenous landscapes, 51 

particularly for trend analyses, as the results may lead to erroneous conclusions.   52 
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1. Introduction 53 

Time series of satellite data are an invaluable source of information for studying Earth’s 54 

systems (Roy et al., 2014; Wulder et al., 2022). Consistent inter- and intra-annual observations 55 

allow for identification and thorough analyses of change patterns with long-term time series of 56 

data enabling tracking even subtle gradual changes or spurious deviations from ‘normal’ 57 

conditions (Woodcock et al., 2020). Historical observations provide valuable insight into the 58 

past, enhancing our understanding of the monitored processes, which is desirable for apt 59 

predictions of future conditions under diverse climatic scenarios (Duveiller et al., 2018; Lenton 60 

et al., 2024).  61 

Monitoring long-term changes in grassland ecosystems is important due to grasslands’ 62 

significant role in soil carbon-storing and sequestration capacities (Dangal et al., 2020; Lorenz 63 

and Lal, 2018) as well as numerous other ecosystem services (Bengtsson et al., 2019). European 64 

grasslands alone are a critical asset at local to global scales (Chaplin-Kramer et al., 2022) 65 

supporting food security, biodiversity, and cultural values (Bengtsson et al., 2019; Habel et al., 66 

2013; Pellaton et al., 2022; Wilson et al., 2012). Concomitantly, grassland ecosystems in Europe 67 

experience different dynamics and development arising from diverse management strategies 68 

(Pazúr et al., 2024; Schils et al., 2022) and changes in meteorological conditions (Spinoni et al., 69 

2020). Long-term analyses across European grassland ecosystems highlight shifts in 70 

water-use-efficiency (Poppe Terán et al., 2023), phenology (Bellini et al., 2022), biomass 71 

production (Choler et al., 2021; Munier et al., 2018), livestock carrying capacity (Piipponen et al., 72 

2022), and species composition (Frantz et al., 2022; Suess et al., 2018) often signifying 73 

degradation (Bardgett et al., 2021) and decrease in capacity to support ecosystem services 74 

(Schils et al., 2022). Consequently, comprehensive long-term monitoring of grasslands is 75 
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essential to better understand ongoing changes and to attain grasslands’ environmental and 76 

economic roles (Ali et al., 2016; Dara et al., 2020; Lewińska et al., 2021; Schils et al., 2022; Yin et 77 

al., 2020).  78 

Although the recent years offer an abundance of satellite observations at a variety of 79 

spatial and spectral resolutions, the Landsat data archive provides the only consistent source of 80 

optical medium-resolution acquisitions spanning already more than 40 years. With its 30-m 81 

spatial resolution, between 16- and 8-day equatorial revisit time when one or two satellites are 82 

in operation, respectively, Landsat provides an unparalleled source of information for land use 83 

and land cover applications (Potapov et al., 2020; Radeloff et al., 2024; Roy et al., 2014; Wulder et 84 

al., 2022). This exceptionally long data record enables long-term analyses, many of which 85 

explore long-term trends in vegetation cover, productivity and composition (Frantz et al., 2022; 86 

Hermosilla et al., 2019; Kowalski et al., 2024; Lewińska et al., 2021) enhancing our 87 

understanding of environmental responses at the field-level (Wulder et al., 2022; Zhu et al., 88 

2020). However, the availability of Landsat data is highly variable across time and space, with 89 

significantly more acquisitions available since 2014 (Zhang et al., 2022), which poses challenges 90 

for consistent analyses, especially when including the early years of the Landsat record 91 

(Lewińska et al., 2024b, 2024a).  92 

The abundancy of ‘Landsat-like’ satellite data in recent years presents an opportunity for 93 

densifying Landsat time series via sensor constellations (Wulder et al., 2015). The Sentinel-2 94 

mission of the European Commission’s Copernicus programme (Phiri et al., 2020) is a 95 

particularly prominent source of such data since the end of 2015. The 10-20-m resolution 96 

(Drusch et al., 2012), maximum 5-day equatorial revisit time and a ‘free, full and open data 97 

policy’ (European Commission, 2011), propel synergetic use of Landsat and Sentinel-2 data, 98 

which is further enabled through various harmonization workflows and harmonized analysis 99 
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ready datasets (Claverie et al., 2018; Frantz, 2019; Saunier et al., 2022). The added value of 100 

higher temporal data availability arising from changes in the Landsat operational scheme as 101 

well as combining Landsat and Sentinel-2 data is clear for applications, such as mowing 102 

detection (Griffiths et al., 2020; Schwieder et al., 2022), land cover classification (Griffiths et al., 103 

2019), and crop-type identification (Blickensdörfer et al., 2022; Johnson and Mueller, 2021). 104 

Concurrently, low data density may impact land cover and land use change (LCLUC) results 105 

(Frantz et al., 2023, 2022). However, despite great variability in data availability across the past 106 

40 years, the impact of temporal density of observations on long-term trends is rarely 107 

questioned not only for Landsat data alone (Kolecka, 2021; Lewińska et al., 2024b), but also 108 

when combining Landsat and Sentinel-2 archives (Kowalski et al., 2024; Runge and Grosse, 109 

2020). Yet, phenology-oriented studies suggest a clear relation between satellite-derived 110 

phenology metrics and data density (Mas and Soares De Araújo, 2021) and the overestimation 111 

of trends in phenological metrics due to greater data availability after 2014 (Bayle et al., 2024).  112 

Long-term monitoring of agricultural lands commonly relies on vegetation indices 113 

derived based on active optical data (White et al., 2022; Zhang et al., 2017; Zhu et al., 2016). This 114 

approach enables a ‘compression’ of several bands into a proxy suitable for monitoring selected 115 

land cover features, reducing the computational strain and simplifying the results. Because 116 

vegetation indices correlate with green biomass, they are frequently used to approximate 117 

vegetation health. Furthermore, aggregation of equidistantly distributed index values over one 118 

year or a vegetation season approximates vegetation primary production and allows for a 119 

straightforward comparison among the years (Reed et al., 1994). However, interpretation of the 120 

index-based results is often problematic due to their lack of physical meaning, which limits a 121 

direct link to the underlying processes. Conversely, Spectral Mixture Analysis (SMA; Adams et 122 

al., 1986) quantifies abundances of selected ground cover components while relying on all 123 
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available spectral bands, providing easily interpretable physically based information. These 124 

advantages led to the increasing use of SMA in LCLUC trend-based analyses (Chen et al., 2021; 125 

Hill and Guerschman, 2022; Sun et al., 2024) especially in regions with complex and 126 

occasionally sparse vegetation cover, such as grasslands (Frantz et al., 2022; Lewińska et al., 127 

2023, 2021).  128 

Since the ‘classical’ SMA only considers linear combinations of n ground cover fractions 129 

(represented by, so-called, endmembers), where n is smaller than the number of input bands, 130 

the method has limited suitability for complex landscapes encompassing different surfaces and 131 

vegetation types. Consequently, multiple new variants and enhancements of SMA have been 132 

developed to allow for accurate unmixing of images comprising many ground covers and 133 

materials. For example, multiple endmember SMA (MESMA; Dennison and Roberts, 2003; 134 

Roberts et al., 1998) select for each pixel the number and definition of endmembers to optimize 135 

SMA results, whereas regression-based approaches leverage machine learning algorithms 136 

trained on quantitative information, among others generated through synthetically mixing a 137 

wide selection of endmembers (Okujeni et al., 2013; Senf et al., 2020; Stanimirova et al., 2022). 138 

Yet, the ‘classical’ linear SMA is still frequently used in broad-scale analyses (Frantz et al., 2022; 139 

Hill and Guerschman, 2022, 2020; Lewińska et al., 2023, 2021) due to its straightforward 140 

implementation and lower computational costs as well as widespread accessibility on 141 

cloud-based geospatial analysis platforms. In such cases, a single set of ‘generalized’ 142 

endmembers is identified to analyze an entire area of interest (Guerschman et al., 2015; 143 

Guerschman and Hill, 2018). Although SMA is less accurate for regions located farther from 144 

where the image endmembers were sampled or parametrized (Guerschman et al., 2015) and 145 

shows seasonal variability reflecting phenological changes (Dudley et al., 2015; Okujeni et al., 146 

2021), alike for vegetation indices, pixel-level aggregation of equidistantly distributed fraction 147 
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values for one year or vegetation season (i.e., Cumulative Endmember Fractions - CEF; 148 

Lewińska et al., 2021, 2020) normalizes these intra-seasonal variabilities and allows for 149 

straightforward comparison among the years, and for green vegetation approximates 150 

vegetation primary production (Hobi et al., 2017; Reed et al., 1994).  151 

 The overarching goal of this study was to analyze how data density and definitions of 152 

endmembers affect long-term trends in grassland-specific ground cover fractions identified 153 

with the ‘classical’ SMA. Answering these questions is critical to verify the credibility of trends 154 

derived using time series comprising years with high and low availability of satellite data, and 155 

to raise awareness for the aptness of the ‘classical’ SMA for monitoring trends across vast and 156 

complex regions. With individual studies relying typically on a single set of endmembers, we 157 

lack insight into how the pixel-level and map-level trends diverge for different endmember sets, 158 

potentially leading to alternative conclusions. We conducted our analyses for green vegetation, 159 

non-photosynthetic vegetation, and soil ground cover fractions in European grasslands using 160 

CEF from Landsat and Sentinel-2 data. Specifically, our research objectives (RO) were to:  161 

i) investigate whether greater density of Landsat acquisitions after 2014 impacts the 1984-2021 162 

long-term pixel- and map-level trends in grasslands’ ground cover CEFs;  163 

ii) assess whether combining Landsat and Sentinel-2 data archives alters the long-term 164 

1984-2021 trends in grasslands ground cover CEFs, as compared to the Landsat-only trends;  165 

iii) evaluate pixel-level and map-level differences in long-term trends in CEFs in grasslands 166 

arising from endmember definitions used to derive ground cover fractions through SMA.   167 
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2. Methods 168 

2.1. Study area 169 

 We performed our analyses on 13 test sites located across Europe (Figure 1). We selected 170 

the test sites to cover a wide range of environmental conditions expressed in biogeographical 171 

regions (EEA, 2016), dominant soil types (FAO, 2003), soil biomass productivity (Tóth et al., 172 

2013), distribution and share of grasslands (Copernicus, 2018), and probability of clear sky 173 

observations (based on Sentinel-2 cloud probability) (Table SA1). Concomitantly, we targeted 174 

all five grassland management intensity clusters identified by Estel et al. (2018). Each test site 175 

comprised between 900 km² and 3,600 km² with the mean grassland coverage ranging between 176 

14% (SE) and 68% (IE), and mean altitude ranging between -0.1 m b.s.l. (BX) and 434 m a.s.l. 177 

(SA) (Table SA1).  178 

179 
Figure 1 Location and an overview of selected characteristics of test sits. Environmental 180 

conditions at each site in Table SA1.  181 
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2.2. Landsat and Sentinel-2 time series 182 

We based our analyses on Landsat and Sentinel-2 surface reflectance data. We 183 

downloaded all Tier 1 (Collection 2) Landsat scenes available for 1984 through 2021 from 184 

USGS/EROS, and Sentinel-2 TOA Level-1C (pre-Collection) for 2015 through 2021 from the 185 

Google Cloud Storage (data accessed in January 2023). For both time series we used only scenes 186 

with cloud cover of less than 70%. We excluded all ETM+ scenes acquired after 31 December 187 

2020 due to the Landsat 7’s orbit drift (Qiu et al., 2021). We used the Framework for Operational 188 

Radiometric Correction for Environmental monitoring (FORCE; Frantz, 2019) processing engine 189 

to derive surface reflectance, which involved atmospheric (Doxani et al., 2018), topographic 190 

(Buchner et al., 2020) and BRDF corrections (Li et al., 2019; Roy et al., 2016), detection and 191 

masking of clouds, cloud shadows, and low-quality pixels (Baetens et al., 2019; Zekoll et al., 192 

2021; Zhu et al., 2015), and co-registration of Sentinel-2 scenes to the Landsat NIR base-map 193 

(Rufin et al., 2020).  194 

Following findings of Okujeni et al. (2024) we cross-normalized all data to ETM+ feature 195 

space. We derived the normalization coefficients using the linear regression type 2 with reduced 196 

major axis based on 45,144 points distributed over all 13 sites in a regular 10-km grid and 197 

pairing scenes acquired maximum ± one day apart. We selected ETM+ as the 198 

cross-normalization baseline due to the coincidence of its timeline with all other used scanners, 199 

as well as the fact that ETM+ scenes alone accounted for 32% of our data archive. For Sentinel-2 200 

datasets we normalized only bands matching ETM+ (i.e., B2, B3, B4, B8, B11, and B12; 201 

normalization coefficients in Table SA2).  202 

2.3. Ancillary data 203 

To conduct our analysis, we used a selection of ancillary data. We performed 204 

topographic correction of Landsat and Sentinel-2 data using Copernicus GLO-30 Digital 205 
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Elevation Model at 30m resolution (ESA, 2020). We applied the Copernicus HR 10m grassland 206 

2018 mask (Copernicus, 2018) to determine grassland and pasture areas for our analysis, and 207 

assumed land cover invariant for the complete period of the analysis. To exclude isolated pixels 208 

and increase compactness of the mask we applied sequential morphology filtering of erosion 209 

(3x3), grow (5x5), and erosion (3x3). We characterized environmental conditions at each site 210 

using the dominant major soil types from the Digital Soil Map of the World (FAO, 2003). 211 

Finally, we used the Land Use/Cover Area frame statistical Survey (LUCAS) from 2018 212 

(Eurostat, 2018) and the LUCAS Topsoil Survey (Fernández‐Ugalde et al., 2020) to revise in-situ 213 

information on exact land cover and soil spectra across our test sites (both accessed in March 214 

2023).  215 

2.4. Landsat baseline - time series with consistent probability of monthly observations 216 

To analyze how data availability affects long-term trends for each test site we 217 

constructed an additional Landsat time series (herein Landsat-baseline), characterized by 218 

consistent probability of usable monthly observations across the complete time series. To 219 

achieve this, we selectively masked out 2015-2021 data to match respective pixel level 1984-2014 220 

monthly probabilities of usable observations (Pm_84-14 where m represents each month). When 221 

Pm_84-14 was smaller than Pm_15-21 (probability of usable data in month m for 2015-2021) we 222 

randomly masked the appropriate number observations in month m in the 2015-2021 time series 223 

to match the Pm_84-14. Due to the different length of both time periods (32 vs. 7 years), probability 224 

of a single event in Pm_84-14 and Pm_15-21 differs (1/32 vs. 1/7), limiting the precision of the 225 

comparison to 0.143 (1/7).   226 

2.5. Endmember identification  227 

For each site we independently identified endmembers characterizing grassland ground 228 

cover i.e., green vegetation, non-photosynthetic vegetation (i.e., dry leaves, shrub twigs), soil (or 229 
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rock), and shade (i.e., vegetation micro-shadowing and topographic effect). We did so based on 230 

the triangular feature space between NDVI and the ratio of SWIR bands (Guerschman et al., 231 

2009; Kowalski et al., 2022) where pure endmembers for green vegetation (gv), 232 

non-photosynthetic vegetation (npv) and soil mark the vertices of the triangle. The approach has 233 

been successfully implemented for endmembers selection across diverse grassland ecosystems 234 

from savannas (Hill et al., 2017; Zhou et al., 2016), prairies (Smith et al., 2015) to temperate 235 

grasslands (Kowalski et al., 2023, 2022).  236 

We performed the endmember selection in a semi-automatic manner. Using the location 237 

of LUCAS plots we sampled image spectra across the cross-normalized 1984-2021 time series. 238 

We used only points with cropland, grassland, and bare soil land cover, and for all sites outside 239 

the Mediterranean region we excluded the winter months (i.e., November through February) to 240 

eliminate snow-related spectral impurities. For each site we identified the green vegetation 241 

endmember as the spectra with the lowest divergence from the mean spectrum calculated from 242 

10 spectra with the highest NDVI and the lowest SWIR ratio values. We ensured to use only gv 243 

spectra with the plausible physical meaning. We relied on soil spectral library from the LUCAS 244 

Topsoil Survey to identify the soil image endmember. From the site-specific pool of pixels with 245 

soil spectra available in the LUCAS spectral library we choose the soil image spectrum with the 246 

lowest RMSE from the corresponding library spectrum. We used the image endmembers over 247 

the laboratory-measured spectra to keep consistency among the SMA inputs. Finally, we 248 

selected the npv endmember for each site by first identifying a pool of candidates located near 249 

the npv-related vertex of point cloud in the NDVI~SWIR ratio feature space (Guerschman et al., 250 

2009), which we approximated as an intersection between normal to the gv-soil line and the 251 

convex-hull of the point cloud excluding outliers (α=0.1; Kandanaarachchi and Hyndman, 2022) 252 

providing the maximum distance from the gv-soil line. Next, we selected the final npv 253 
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endmember ensuring the lowest collinearity with the previously identified gv and soil 254 

endmembers (Van der Meer and Jia, 2012; results and feature spaces in Figure SA1 and Table 255 

SA3). Finally, we approximated the shade endmember with close to 0 reflectance in all spectral 256 

bands (Lewińska et al., 2021; Sonnenschein et al., 2011).  257 

Based on the identified site-specific endmembers (Figure 2, Table SA3), we determined 258 

generalized sets of regional endmembers, specific for each biogeographical region. We did so, 259 

by selecting from all site-specific endmembers identified for each biogeographical region a set 260 

of final endmembers that ensured the lowest collinearity (Van der Meer and Jia, 2012). Since the 261 

Boreal region was represented only by the SE site, we used it as representative for the region 262 

(Table SA3). We used the generalized sets to mimic SMA analyses where endmembers are 263 

adopted from other studies or sites that share different levels of spectral similarity to the target 264 

area. 265 

 266 
Figure 2 Spectra of green vegetation, non-photosynthetic vegetation, and soil endmembers 267 

identified across all the test sites and grouped by biogeographical regions. Line types legends 268 

are region-specific.   269 
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2.6. Cumulative Endmember Fractions 270 

We based our analyses on CEFs – i.e., growing-season sums of green vegetation, 271 

non-photosynthetic vegetation, and soil ground cover fractions (Lewińska et al., 2021, 2020). In 272 

line with our objectives, we derived CEF time series for each site by running SMA using the 273 

site-specific set of endmembers and all generic sets representing regions (five SMA runs for 274 

each site, except SA and SE where site-specific and regional sets were identical hence only four 275 

SMA runs sufficed). We evaluated the SMA results derived using site-specific and regional 276 

endmembers following the commonly used protocol of comparing them against pixel-level 277 

abundances of ground cover fractions derived through a visually interpreted 278 

very-high-resolution data available in Google Earth Pro (data accessed February-July 2024) 279 

(Kowalski et al., 2022; Lobert et al., 2024; Okujeni et al., 2024; Schug et al., 2024). We allowed for 280 

no more than two days of temporal differences between the Landsat and Sentinel-2 acquisitions 281 

used in SMA and the very-high-resolution datasets used for evaluation (Table SA4). To ensure 282 

representation of the complete 0-100% cover range for gv, npv, and soil ground cover fractions, 283 

we used stratified random sampling with mutually inclusive 10%-wide fractional cover strata, 284 

resulting in between 25 and 49 validation points for each site. The visual interpretation was 285 

performed by four independent interpreters, with one operator evaluating all the points and 286 

three remaining experts cross-evaluating four points across the selected site (Figures SA2-14).  287 

Each resulting time series of endmembers was next interpolated using Radial Basis 288 

Function (RBF; Schwieder et al., 2016) parametrized for 16-day interpolation steps and 289 

independently executed for two sets of recursive gaussians with width of 8, 16, and 32 days, 290 

and 16, 48, and 96 days, respectively. For runs combining Landsat and Sentinel-2 time series we 291 

downscaled needed Sentinel-2 bands to 30 m using point spread function. We carried out the 292 

aforementioned processing in the Higher-Level Processing System of FORCE (Figure 3).  293 
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For each site, each endmember set, and each considered time series variant we derived 294 

respective endmember-specific time series of monthly composites. The monthly compositing 295 

window provided a good tradeoff between spatio-temporal data availability (Figures SB1-13) 296 

and desired temporal resolution (Lewińska et al., 2024b). We used RBF-interpolated time series 297 

to sequentially fill in data gaps, giving priority to the results derived with narrow filter’s width. 298 

Whenever possible, we used the original unmixing values to derive monthly composites, and 299 

when more than one observation was available, we used the set of endmembers with the lowest 300 

unmixing RMSE (Figure 3).  301 

To determine the per-pixel growing season period required for the CEFs, for each site 302 

we ran the Polynomial Spline Models (Mader, 2012) on the gv time series derived using the 303 

site-specific set of endmembers. To account for inter-annual and systematic changes for each 304 

pixel, we identified the overall start and end of the season dates as the 25th and 75th percentile of 305 

their specific 1984-2021 date distribution, respectively. Finally, we re-casted the start and end of 306 

season dates to monthly intervals, including a month into the growing season only when it 307 

comprised at least 15 days of the growing season (14 for February). We next masked the time 308 

series of monthly endmembers accordingly and summed up the growing season observations to 309 

derive CEFs time series (Figure 3). For better interpretability, we rescaled the CEF values from 0 310 

to 100, preserving the constrain on the sum of CEFs for all ground cover fractions in each year 311 

to total to 100.  312 
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 313 
Figure 3 Analysis workflow.  314 

2.7. Long-term trend analyses 315 

To derive per-pixel time trends in CEFs we used autoregressive (AR(1)) trend model 316 

implemented in the R package remotePARTS (Morrow and Ives, 2023) which accounts for 317 

temporal autocorrelation in the time series (Ives et al., 2022, 2021). We evaluated map-level 318 

significance of respective trends with Generalized Least square Regression (GLS) while 319 

accounting for spatial autocorrelation (Ives et al., 2022, 2021), which we estimated 320 

independently for each site and each endmember in all datasets. Furthermore, we tested for the 321 

relation of soil type on trends at the map-level (Figure 3). To mitigate for reduced statistical 322 

power arising from high correlation between adjacent pixels (Ives et al., 2021) and speed up the 323 

computations, we ran our GLS analyses on a subsampled datasets, taking only every 10th pixel 324 

in the x and y direction of each map (Lewińska et al., 2023). Due to the CEFs’ rescaling, the 325 

trend slope results indicate the percentage point change for one year.   326 
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2.8. Analyses design 327 

To address our research questions, we broke down the analysis into two parts. In the 328 

first part we examined how data density (RO i) and joint use of Landsat and Sentinel-2 data 329 

archives (RO ii) affect 1984-2021 trends in grassland ground cover fractions (i.e., gv, npv, and 330 

soil). Accordingly, we evaluated 1984-2021 AR(1) trends derived from Landsat, 331 

Landsat-baseline, and combined Landsat and Sentinel-2 time series for each test site using only 332 

site-specific sets of endmembers. We compared pixel-level trend maps, density distribution of 333 

trend slopes (Kolmogorov-Smirnov test), and map-level trends.  334 

In the second part of the analysis, we evaluated the impact of endmember definitions on 335 

long-term trends (RO iii). Here, we used only the Landsat time series, and for each site we 336 

compared results derived using local- and regional sets of endmembers. Specifically, we 337 

compared pixel-level trends, distribution of trend slopes (Kolmogorov-Smirnov test), and the 338 

overall map-level trends, as well as map-level effect of soil types on trends. We selected the 339 

soil-related covariate because soil had the greatest spectral variability across our study region.  340 

To orchestrate execution of post-processing- and analysis-related parts of our workflow 341 

(Figure 3) we used the scientific workflow management system Nextflow (Di Tommaso et al., 342 

2017). Nextflow allows to seamlessly integrate all the steps implemented in different processing 343 

environments and scripting languages into a single workflow, represented by a directed acyclic 344 

graph. This made our workflow easy to reuse and considerably enhanced reproducibility of the 345 

analyses, which was advantageous given the repetitive character of the comparison-based 346 

design.   347 
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3. Results 348 

3.1. Landsat-baseline 349 

Across all the sites, the probability of deriving a usable Landsat-based monthly 350 

composite was greater in 2015-2021 than in 1984-2014 (Figure 4). Our Landsat-baseline time 351 

series mitigated this disparity ensuring comparable probabilities of monthly composites before 352 

and after 2015 (Figure SB14). As expected, during both examined periods probabilities of usable 353 

monthly composites varied among the sites and months. The overall data availability at the 354 

three Mediterranean sites was high with lower chances of successful monthly composites 355 

during the winter months coinciding with local peaks in green vegetation due to higher 356 

precipitation and thus also higher cloud cover. The probability of successful monthly 357 

composites at the IE and UK sites was moderate. Interestingly, the IE site showed the lowest 358 

data availability in December-January and in summer. For the remaining sites probability of 359 

successful monthly composites followed a typical phenological cycle, with low data probability 360 

during winter and high data probability in summer. At the BX, FR, LX, and RO sites we noted 361 

small decreases in data availability during spring. Overall, across the 13 sites, high and low data 362 

availability coincided with different phenological phases and ground cover development 363 

(Figure 4). 364 
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365 
Figure 4 Monthly mean probabilities (± standard deviation) of usable Landsat observations for 366 

the 1984-2014 and 2015-2021 time periods on a backdrop of mean (± standard deviation) 367 

monthly green vegetation, non-photosynthetic vegetation, and soil fractions. Site codes 368 

correspond to Figure 1. Probabilities for Landsat-baseline time series in Figure SB14. 369 

3.2. Impact of time series density on trends 370 

The density of the time series had limited impact on the long-term trends in grassland 371 

ground cover CEFs at the 13 test sites (Table 1). The maps of pixel-level trends derived based on 372 

Landsat-baseline, Landsat, and combined Landsat and Sentinel-2 time series were visually 373 

undistinguishable (Figure 5, Figures SC1-12) with small but mostly significant absolute 374 

differences in the density distribution of slope across all test sites and ground cover fractions 375 

(Table SC1). Furthermore, the range of spatial autocorrelation derived for each ground cover 376 

fraction using Landsat-baseline, Landsat, and combined Landsat and Sentinel-2 time series was 377 

also very similar across all the sites (Table SC2).  378 
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For the majority of sites, the map-level trends in ground cover fractions were, again, 379 

remarkably similar across all three analyzed time series (Table 1) with comparable trend slopes, 380 

slope standard errors, and p-values. However, we noted a few exceptions. For example, 381 

combining Landsat and Sentinel-2 data resulted in a significant negative trend in npv at the SA 382 

site. Moreover, Landsat-baseline time series produced map-level trends opposing the results 383 

derived for the Landsat and combined Landsat and Sentinel-2 datasets for gv at the AL and RO 384 

sites, with, respectively, insignificant and significant and positive trends. We noted the greatest 385 

differences in map-level trends for the LX site (Table 1), where using only Landsat acquisitions 386 

resulted in a negative significant trend in gv, while combining Landsat and Sentinel-2 led to 387 

negative significant trends in npv and soil ground cover fractions. These disparities were even 388 

visible in the pixel-level maps (Figure 5). 389 
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 390 
Figure 5 Slope (in percentage point) of long-term trends in green vegetation, 391 

non-photosynthetic vegetation, and soil ground covers derived for the LX test site using 392 

1984-2021 time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. 393 

Density distribution of respective trend slope values below the maps. Other test sites in Figures 394 

SC1-12. Comparison among density distribution of slopes based on the Kolmogorov-Smirnov 395 

test in Table SC1.   396 
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3.3. Impact of endmember definitions on trends  397 

Endmember definitions of grassland ground covers had a substantial impact on the 398 

pixel- and map-level (Table 2) trends in Landsat-based CEFs across all the test sites, with the gv 399 

being the most robust. Already the maps of pixel-level trends revealed great differences among 400 

trends in npv and soil ground covers obtained using different endmembers sets (Figure 6, 401 

Figures SC13-24), which was further supported by formal comparison among the density 402 

distributions of trend slopes (Table SC3). In many cases, the differences were limited to the 403 

steepness of the trend slope (e.g., AL, BX, FR, IE, PL, SE), but in some areas different sets of 404 

endmembers produced trends with contrasting directions (e.g., CR, DE, ES, LX, RO, SA, UK). 405 

The long-term trends in npv and soil CEFs were most prone to change direction depending on 406 

the endmembers used for the unmixing. Trends calculated for gv ground cover fractions 407 

showed, typically, limited, yet statistically significant, variability related to the endmembers’ 408 

definition (Table SC3).  409 
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Figure 6 Slope (in percentage point) of long-term trends in green vegetation, 411 

non-photosynthetic vegetation, and soil ground cover fractions derived for the ES test site using 412 

1984-2021 time series of Landsat data using different sets of endmembers. Endmembers’ 413 

definitions in Figure 2. Comparison among density distribution of slopes based on the 414 

Kolmogorov Smirnov test in Table SC3.   415 

The relation between the range of spatial autocorrelation in the time series of CEFs and 416 

the endmember definitions was limited (Table SC4). For gv the range of spatial autocorrelation 417 

at each site was almost identical across the different endmember sets, with only the ES site 418 

fostering a bit wider range (between 45 and 53 km). Site-specific ranges of spatial 419 

autocorrelation in soil time series were more disperse but mostly diverged by no more than 420 

10 km. The greatest disparity occurred, again, at the ES site where the soil-specific 421 

autocorrelation range was ~25 km for the local set of endmembers, whereas all the other sets 422 

indicated ranges between 60 and 73 km (Table SC4). We detected the greatest differences in 423 

ranges of spatial autocorrelation for the npv. For the majority of sites, i.e., AL, BX, CR, IE, LX, 424 

PL, RO, SA, and UK the absolute divergence in the detected ranges were below 5 km, whereas 425 

for DE, ES, FR, and SE sites, the range varied by up to 13 km.  426 

 The use of different endmember definitions led to divergences in the map-level trends 427 

derived for each test site. We observed discrepancies in the direction of trends (i.e., negative vs. 428 

positive), significance level, and the combination of both (Table 2). Long-term trends in gv were 429 

mostly unsusceptible to the respective endmember definitions. We noted divergences between 430 

results derived using different endmembers only at the CR and SA sites. While at the CR site 431 

the Local, Mediterranean, and Boreal endmember sets yielded negative insignificant trends, 432 

Atlantic and Temperate sets suggested insignificant increase in gv. At the SA site, all sets but 433 

Temperate indicated negative map-level change in gv, though all these trends were insignificant 434 

(Table 2).  435 
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The map-level trends detected for npv revealed slightly higher on-site diversity among 436 

different endmembers sets (Table 2). At the ES site, using Boreal and Temperate endmembers 437 

led to significant negative map-level changes, while Atlantic and Mediterranean endmember 438 

sets produced insignificant negative trends. Application of the Local ES set of endmembers 439 

resulted in a positive but insignificant map-level trend. Similarly, at the LX site, the Local set of 440 

endmembers yielded negative but insignificant map-level changes, which contrasted with the 441 

negative significant trends obtained for all the remaining endmembers sets. Simultaneously, at 442 

the SE site use of the Atlantic- and Temperate-specific endmembers led to significant map-level 443 

increase in npv, while Mediterranean and Local/Boreal endmembers resulted in insignificant 444 

and marginally positive and negative trends, respectively. Across the remaining sites our 445 

analyses revealed significant decreasing map-level trends in npv. Only the CR site was 446 

characterized by a significant increase in npv, whereas trends in PL were also positive but 447 

insignificant.  448 

Differences in the endmember sets affected the most map-level trends in the soil ground 449 

cover fraction (Table 2). Significant map-level positive and negative long-term trends were 450 

present at CR, DE, IE, and UK sites, however only at the DE and IE sites significant results were 451 

obtained for the Local endmembers sets. For the AL, BX, FR, LX, and RO sites we detected at 452 

least one map-level significant trend indicating increase in presence of the soil ground cover 453 

fraction, although only for the AL sites the results were uniformly significant across all 454 

endmember sets. For the ES and PL sites different endmember sets led to positive and negative 455 

changes though the map-level trends were always insignificant. Finally, only at the SA and SE 456 

sites we detected significant negative map-level trends, with all trends at the SE site uniformly 457 

significant, yet showing different slope values.  458 
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The effect of soil type on trends in ground cover fractions was limited. The map-level 459 

trends in gv identified for 13 dominant soil types across all the test sites were mostly positive 460 

and significant, and comparable for each soil type among all five endmember sets (Table SC5). 461 

The effect of soil type on trends in gv was significant for the results derived using all regional 462 

endmember sets. The map-level trends in npv were predominantly negative and significant, and 463 

like for gv the specific soil types fostered analogous values across different endmember sets 464 

(Table SC6). Again, all the results derived using different regional endmember sets fostered a 465 

significant effect of soil type on map-level trends (Table SC6). Map-level trends in soil had the 466 

greatest variability among different endmember sets we tested (Table SC7). Soil type had a 467 

significant effect on map-level trends in soil fraction only for the Mediterranean, Boreal, and 468 

site-specific endmember sets. However, while for the local endmembers, the trends derived for 469 

each soil type were mostly insignificant, the application of the Mediterranean or Boreal sets 470 

resulted in mostly positive significant trends.  471 

4. Discussion 472 

Analyses of long-term changes in Earth’s land cover are central for multiple applications 473 

and allow us to identify the causes and directions of future developments through statistical 474 

modeling. Yet, the impact of irregular data density on time trend analyses is still not fully 475 

explored. Similarly, the impact of endmember definitions used in SMA-based large-area studies 476 

of long-term trends in ground cover fractions is also uncharted. Both could obscure true 477 

changes detected through unmixing-based long-term analyses, potentially leading to erroneous 478 

conclusions about the ongoing processes. Our analysis evaluated both of the aforementioned 479 

aspects. We based our study on annual CEFs calculated from monthly composites facilitated 480 

with RBF filtering, which adheres to data processing approaches used in vegetation-related 481 
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studies and trend analysis (Frantz et al., 2022; Gong et al., 2015; Hobi et al., 2017; Kong et al., 482 

2019; Lewińska et al., 2023). Our results indicate that the data density of the underlying time 483 

series has a limited impact on the pixel- or map-level trends when using cumulated fractions. 484 

Conversely, the use of different endmember definitions for the ‘classical’ SMA leads in some 485 

regions to significantly different pixel- and map-level long-term trends. Consequently, our 486 

results raise awareness and concern for aptness of large-scale analyses employing a single set of 487 

endmembers for the ‘classical’ SMA, showing that the results are dependent on the used 488 

definitions of endmembers.  489 

4.1. Impact of time series density on trends 490 

Our results demonstrated that the long-term trends in the ground cover fractions in 491 

grasslands were rather consistent under all three data density scenarios. Neither the more 492 

frequent Landsat data record after 2014 coinciding with the operational phase of Landsat 8, nor 493 

enhancing the Landsat data record with Sentinel-2 acquisitions after 2016 significantly altered 494 

the results. Overall, despite often statistically significant differences among the distribution of 495 

trend slope values obtained for three considered time series, the pixel-level trends agreed on the 496 

direction and magnitude of the changes and the map-level trends revealed largely similar 497 

values at comparable significance levels. Among the few exceptions most of the differences in 498 

map-level trends were limited to the preserved change direction but with the divergent 499 

significance levels (i.e., trends in gv at AL, LX, and RO sites, in npv at the LX site, in soil at the 500 

SA site). 501 

The average revisit period of <5 days when considering Landsat and Sentinel-2 satellites 502 

together (Jia et al., 2024), increases the probability of usable acquisitions during the typically 503 

more cloudy months (Lewińska et al., 2024b). Consequently, while before 2014 the satellite 504 

observations for these time windows were often missing and thus needed to be augmented 505 
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using the RBF filter, the respective monthly composites after 2014 were more likely to include 506 

actual satellite acquisitions. This explains marginally greater gv pixel-level trends at CR and SA 507 

sites and lower pixel-level gv trend values at the AL, BX, DE, PL, RO, SE, and UK sites. On the 508 

one hand, for the Mediterranean sites, the green peak coincides with the wet season thus 509 

lowering the probability of clear-sky observations. Any actual data acquisition during this 510 

period is likely to reveal abundant green vegetation fraction, consequently driving the gv CEF 511 

up. On the other hand, lower than predicted with RBF gv values observed during the vegetation 512 

onset and senescence time at the selected Atlantic and Continental sites lead to a decrease in the 513 

gv CEF, leading to marginally lower trends. An analogous, explanation can be applied to npv, 514 

which for the combined time series of Landsat and Sentinel-2 data revealed slightly greater 515 

pixel-level trend values at CR, ES, and SE sites and marginally lower pixel-level npv trends at 516 

BX, FR, IE, LX, PL, and SA sites.  517 

Our results showed limited differences in pixel- and map-level trends derived based on 518 

time series with different data densities. The study thus confirms a lack of systematic bias and 519 

lends credibility to trend analyses based on annual or seasonal aggregates calculated from 520 

monthly composites derived using Landsat and combined Landsat and Sentinel-2 data archives. 521 

However, the validity of this conclusion is conditional on certain conditions. Importantly, the 522 

density of the satellite observations must be sufficient and data augmentation needs to be apt 523 

but not over-extensive. Due to sometimes far-reaching spatial and temporal variability in 524 

availability of the usable satellite observations, trend analyses over some regions and based on 525 

selected compositing periods are susceptible to being heavily conditioned by the data 526 

interpolation, putting into question the credibility of the results. For Europe, monthly 527 

composites ensure, overall, a good tradeoff between 1984-2021 data availability and temporal 528 

resolution suitable for vegetation phenology-related analyses (Lewińska et al., 2024b). 529 
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Furthermore, the RBF-based data augmentation approach also ensures reliable data 530 

interpolation, which is in essence comparable to other frequently used data interpolation 531 

methods such as the Savitzky-Golay filter (Chen et al., 2004), which has a long-standing history 532 

of use in enhancing time series of remotely sensed data.  533 

Arguably, the relative coarseness of the monthly composites we used for CEFs 534 

combined with the aggregative character of the CEFs might obscure some of the short-term 535 

variability in ground covers, and ‘stabilize’ the time series. Generalization is a common feature 536 

in long-term trend analyses based on temporally equidistant composites but also concerns 537 

algorithms that rely on all available observations and mathematically deconstruct a time series 538 

into a seasonal, trend, and residual components, thus neglecting more subtle changes (e.g., 539 

BFAST: Verbesselt et al., 2010, BEAST: Zhao et al., 2019, DRMAT: Li et al., 2024). However, 540 

approaches based on temporal aggregation and decomposition provide much more 541 

comprehensive insight into vegetation conditions than trend analyses based on annual (Chen et 542 

al., 2019; Cortés et al., 2021; Zhang et al., 2017) or seasonal (Eisfelder et al., 2023) means, 543 

seasonal maxima (Bayle et al., 2024; Sulla-Menashe et al., 2016) or single numerical measures 544 

(Yan et al., 2022). Importantly, trends captured with each of above-mentioned methods reflect 545 

on different vegetation characteristics and may lead to different results.  546 

To inspect the impact of compositing window on CEFs we compared CEFs calculated 547 

based on monthly and 10-day composites. Because monthly composites are the shortest time 548 

window feasible for pan-European analyses based on the complete Landsat data archive 549 

(Lewińska et al., 2024b) we restricted our comparison to 2016-2021. Results derived for the CR 550 

and DE sites confirmed very strong agreement between both measures (Supplement D), though 551 

the impact of respective endmember definition should not be neglected. We are hence confident 552 

our CEFs based on monthly composites processed with PARTS are robust and at the same time 553 
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sensitive to monthly variability in the observed ground cover fractions, and thus suitable for 554 

long-term trend analyses.  555 

Finally, although the period characterized by the increased data availability is relatively 556 

short (i.e., six years - 2015-2021), it is long enough to alter long-term trends if such an 557 

underlying effect occurs. Even when using the autoregressive trend analyses that account for 558 

temporal autocorrelation in the time series, the change in the CEF arising from the systematic 559 

change in the underlying data availability would have an abrupt character but persist after the 560 

breakpoint thus having a limited autocorrelation component (Ives et al., 2021). However, 561 

although our analyses indicate that data density has no significant effect on trends in grassland 562 

ground cover fractions across Europe, we do not exclude the possibility that such effects exist 563 

and are significant for other geographies and other land cover measures.  564 

4.2. Impact of endmember definitions on trends 565 

The definition of endmembers had an important impact on pixel- and map-level trends 566 

in ground cover fractions across European grasslands. Although the pixel-level trends in gv 567 

showed limited variability among the different endmember sets, trends in npv and soil were 568 

much more sensitive to the changes in endmember definition. Importantly, the differences were 569 

pronounced not only when we used generalized regional endmember sets representing 570 

biogeographical regions not native to a specific site (e.g., DE, IE, LX, and RO sites), but also 571 

when we used generalized endmember sets comprising endmembers identified within the same 572 

biogeographical region but outside the specific area of interest (e.g., CR, DE, ES, FR, PL, SA, and 573 

UK). The limited transferability of spectra is not surprising (Schug et al., 2024), especially 574 

concerning the wide variability of soil spectra identified across the test sites (Figure 2) fostered 575 

by soil type and vegetation variability (Figure 1).  576 
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The pixel-level differences in trends translated further into map-level statistics. While 577 

the application of different endmember sets for gv and npv did not change the direction of the 578 

significant map-level trends, we noted that at the CR, DE, IE, RO, SA, and UK sites, long-term 579 

significant map-level trends in soil were either positive or negative depending on the respective 580 

endmember set used. Although in some cases it is feasible to exclude the potentially spurious 581 

results based on the independent SMA evaluation following commonly used protocols 582 

(Kowalski et al., 2022; Okujeni et al., 2024; Schug et al., 2024; e.g., Figures SA4 and 11), in other 583 

instances evaluation can be ambiguous (e.g., Figure SA5, 8, 12, and 14), which is a common 584 

dispute in complex environments (Lobert et al., 2024). Furthermore, even if the direction of 585 

trends across all ground cover fractions remained constant across different endmember sets, the 586 

magnitude and significance levels often varied. Consequently, these findings challenge the 587 

validity of long-term trends in ground cover fractions derived over heterogeneous regions 588 

using the ‘classical’ SMA approach, especially where endmembers were adopted from different 589 

studies or regions.  590 

Two aspects play a critical role in the aptness of the ‘classical’ SMA for consistent 591 

quantification of ground cover fractions: i) how well do the chosen endmembers compare 592 

against the spectral variability within the target ground cover fractions (here gv, npv, and soil) 593 

across the area of interest; and ii) how good is the spectral separability of endmembers 594 

representing each target ground cover fraction. Our analyses demonstrated expected 595 

considerable spectral variability of the soil endmembers across Europe, which aligns well with 596 

previous studies (Broeg et al., 2024; Fernández-García et al., 2021; Kowalski et al., 2023; Lobert 597 

et al., 2024; Safanelli et al., 2020). Furthermore, npv and soil spectra, as depicted by Landsat and 598 

Sentinel-2 spectral bands, have, in general, high collinearity arising predominantly from the 599 

omission of the lignocellulose absorption maxima in the SWIR bands (Dennison et al., 2023; 600 



 

32 

Hively et al., 2021; Verrelst et al., 2023). This lack of distinctive spectral features can hamper 601 

clear separation between both ground cover fractions when relying on multispectral scanners 602 

(Asner and Heidebrecht, 2002; Verrelst et al., 2023). Although in some studies and geographies 603 

affinity between soil and npv spectra is less pronounced and allows for successful separation 604 

(Guerschman and Hill, 2018; Hively et al., 2021; Zheng et al., 2019) and even intra-annual 605 

variability of soil properties does not necessarily affect the results (Guerschman et al., 2015), it is 606 

not the case in the broad-scale, European context.  607 

To overcome limitations of the ‘classical’ SMA, other variants, enhancements, and 608 

approaches offer important improvements for addressing high spectral intra-class variability 609 

and limited spectral separability of the ground cover fractions. For example, Multiple 610 

Endmember Spectral Mixture Analysis (MESMA; Roberts et al., 1998) enables multiple spectra 611 

to represent each targeted ground cover to ensure better identification of local conditions 612 

(Converse et al., 2021; Fernández-García et al., 2021). Concomitantly, approaches based on 613 

synthetic mixing of endmembers representing the spectral variability of each target ground 614 

cover into extensive training data sets that feed into a regression model (Okujeni et al., 2013) 615 

allow for extensive generalization, fostering robustness even in complex and heterogeneous 616 

landscapes (Okujeni et al., 2021, 2017; Senf et al., 2020; Suess et al., 2018). Moreover, the 617 

synthetic mixing-based approach ensures temporal stability of ground cover estimates (Okujeni 618 

et al., 2024) sufficient for trend analyses (Stanimirova et al., 2022). Further improvement in the 619 

accuracy of unmixing results can be achieved by regional stratification of data according to soil 620 

spectral behavior (Lobert et al., 2024). Such soil-specific unmixing enables pixel-specific 621 

signatures not only accounting for spectral variability within a studied region, but also 622 

guarantees the use of appropriate endmembers and thus creates more accurate results. Overall, 623 

these alternative approaches for estimating ground cover fractions offer much greater 624 
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adaptability and stability than the ‘classical’ SMA, which is desired in complex landscapes. 625 

However, these alternative approaches have considerably higher entry barriers arising from 626 

their methodical complexity, demands of spectral databases, greater costs in computation 627 

power, and lower algorithm availability in established cloud environments, which might be 628 

difficult to overcome for inexperienced users. Consequently, the straightforwardness of the 629 

‘classical’ SMA combined with its easy implementation explain why the method is still used. 630 

Excitingly, some of the new and upcoming environmental satellite missions have been 631 

designed to ensure better separability between soil and non-photosynthetic vegetation. For 632 

example, current hyperspectral satellite missions, such as PRISMA (Cogliati et al., 2021) and 633 

EnMAP (Chabrillat et al., 2024; Guanter et al., 2015; Storch et al., 2023) offer unprecedented 634 

ability to identify and distinguish between different materials and ground cover fractions 635 

thanks to a wide range of narrow spectral bands. However, today’s limited spatial and temporal 636 

coverage inhibit operational applications. Future operational hyperspectral satellite mission like 637 

CHIME (Buschkamp et al., 2023; Nieke and Rast, 2018) and SBG (Cawse-Nicholson et al., 2021) 638 

are currently in development and aim to overcome these limitations. Importantly, also 639 

forthcoming Landsat Next will incorporate new bands specifically designed to monitor non-640 

photosynthetic vegetation (Hively et al., 2021) allowing for wall-to-wall coverage. Similarly, the 641 

ongoing consultations on Sentinel-2 NG also foresee additional SWIR bands. Although the 642 

future of spectral unmixing looks exciting, the long-term analyses of ground cover fractions will 643 

remain challenging due to the limitations inherited from the historical missions. 644 

5. Conclusions 645 

Our analyses clarified two important questions related to long-term trend analyses of 646 

ground cover fractions derived based on the ‘classical’ SMA. Firstly, when using CEFs we 647 
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demonstrated the absence of a systematic bias in trends arising from variable data density 648 

across the complete 1984-2021 Landsat data record and from the surplus of acquisitions after 649 

2016 when the Landsat and Sentinel-2 data are processed jointly. This finding, valid at the pixel- 650 

and map-level and in the context of Europe-specific data availability, lends credibility to the 651 

analogously processed long-term change analyses based on Landsat and Sentinel-2 composites. 652 

Moreover, validity of these results extends to all annual aggregates based on equidistant 653 

composites. Secondly, we showed that due to inherent limited spectra separation and 654 

generalization capabilities, the ‘classical’ SMA can produce suboptimal and even erroneous 655 

pixel- and map-level trend results across heterogeneous landscapes. Although gv trends 656 

demonstrated robustness against changes in endmember definition, trends in npv and soil were 657 

very sensitive to the changes. Therefore, we acknowledge great utility of the ‘classical’ SMA, its 658 

clear design and accessibility, but consider this approach being suboptimal for many 659 

remote-sensing-based applications across broader scales or in heterogenous landscapes. 660 

Consequently, we caution users against using SMA in analyses addressing large areas and 661 

regions characterized by considerable variability of ground cover fractions. Instead, we 662 

recommend using unmixing approaches with greater spatial and spectral generalization 663 

capabilities, preferably further enhanced with spatial stratification and pixel-specific 664 

endmember signatures.  665 
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Table 1 Overall map-level trends in green vegetation (gv), non-photosynthetic vegetation (npv), and soil CEFs derived based on 670 

Landsat and Sentinel-2 data. Respective ranges of autocorrelation in Table SC2.  671 

Test 
site 

 gv npv soil 

Time series Slope 
Slope 

SE 
t-val p-val Slope 

Slope 
SE 

t-val p-val Slope 
Slope 

SE 
t-val p-val 

AL Landsat -0.037 0.012 -3.223 0.001 -0.077 0.008 -9.741 0.000 0.034 0.002 18.184 0.000 
 Landsat-baseline -0.012 0.010 -1.165 0.244 -0.079 0.007 -11.069 0.000 0.033 0.002 18.467 0.000 
 Landsat + Sentinel-2 -0.066 0.011 -6.056 0.000 -0.077 0.009 -8.937 0.000 0.039 0.002 23.036 0.000 
              

BX Landsat 0.066 0.014 4.676 0.000 -0.195 0.014 -14.085 0.000 -0.004 0.007 -0.525 0.599 
 Landsat-baseline 0.085 0.012 6.827 0.000 -0.182 0.013 -13.985 0.000 -0.001 0.007 -0.180 0.857 
 Landsat + Sentinel-2 0.054 0.013 4.284 0.000 -0.235 0.012 -20.141 0.000 -0.007 0.006 -1.123 0.261 
              

CR Landsat -0.025 0.077 -0.330 0.741 0.057 0.008 7.162 0.000 -0.043 0.026 -1.641 0.101 
 Landsat-baseline -0.020 0.046 -0.428 0.668 0.074 0.010 7.382 0.000 -0.024 0.035 -0.671 0.502 
 Landsat + Sentinel-2 -0.018 0.072 -0.244 0.807 0.083 0.011 7.576 0.000 -0.083 0.052 -1.593 0.111 
              

DE Landsat 0.124 0.064 1.944 0.052 -0.214 0.035 -6.164 0.000 0.094 0.034 2.798 0.005 
 Landsat-baseline 0.084 0.054 1.563 0.118 -0.263 0.020 -13.344 0.000 0.092 0.033 2.827 0.005 
 Landsat + Sentinel-2 0.095 0.068 1.403 0.161 -0.231 0.035 -6.564 0.000 0.092 0.028 3.239 0.001 
              

ES Landsat 0.087 0.184 0.472 0.637 0.043 0.104 0.411 0.681 -0.184 0.108 -1.707 0.088 
 Landsat-baseline 0.080 0.171 0.467 0.640 0.047 0.103 0.460 0.646 -0.177 0.106 -1.663 0.096 
 Landsat + Sentinel-2 0.067 0.154 0.431 0.666 0.078 0.082 0.946 0.344 -0.187 0.115 -1.623 0.105 
              

FR Landsat -0.031 0.035 -0.886 0.376 -0.089 0.014 -6.539 0.000 -0.013 0.013 -0.970 0.332 
 Landsat-baseline -0.028 0.036 -0.770 0.441 -0.073 0.014 -5.345 0.000 -0.011 0.013 -0.835 0.404 
 Landsat + Sentinel-2 -0.026 0.032 -0.796 0.426 -0.115 0.014 -8.205 0.000 -0.020 0.015 -1.379 0.168 
              

IE Landsat 0.151 0.012 12.606 0.000 -0.159 0.008 -19.794 0.000 -0.011 0.001 -12.157 0.000 
 Landsat-baseline 0.153 0.011 13.708 0.000 -0.152 0.008 -18.915 0.000 -0.012 0.001 -12.414 0.000 
 Landsat + Sentinel-2 0.143 0.012 11.709 0.000 -0.170 0.010 -17.822 0.000 -0.012 0.001 -14.137 0.000 
              

LX Landsat -0.097 0.049 -1.963 0.050 -0.032 0.043 -0.753 0.452 0.002 0.006 0.290 0.772 
 Landsat-baseline -0.090 0.047 -1.906 0.057 -0.019 0.042 -0.454 0.650 0.000 0.005 0.013 0.990 
 Landsat + Sentinel-2 -0.077 0.046 -1.687 0.092 -0.075 0.037 -2.011 0.044 -0.013 0.004 -2.979 0.003 
              

PL Landsat 0.380 0.097 3.924 0.000 0.005 0.117 0.045 0.964 0.044 0.075 0.589 0.556 
 Landsat-baseline 0.411 0.105 3.905 0.000 -0.007 0.109 -0.066 0.947 0.039 0.072 0.538 0.591 
 Landsat + Sentinel-2 0.361 0.115 3.155 0.002 -0.003 0.115 -0.028 0.978 0.040 0.067 0.601 0.548 
              

RO Landsat 0.072 0.039 1.847 0.065 -0.138 0.017 -8.265 0.000 -0.020 0.049 -0.411 0.681 
 Landsat-baseline 0.101 0.038 2.676 0.007 -0.141 0.017 -8.381 0.000 -0.026 0.049 -0.527 0.598 
 Landsat + Sentinel-2 0.045 0.034 1.309 0.190 -0.142 0.015 -9.195 0.000 -0.033 0.051 -0.653 0.514 
              

SA Landsat -0.005 0.026 -0.211 0.833 -0.143 0.035 -4.142 0.000 -0.016 0.018 -0.868 0.385 
 Landsat-baseline -0.014 0.024 -0.573 0.567 -0.136 0.032 -4.186 0.000 -0.002 0.017 -0.106 0.916 
 Landsat + Sentinel-2 0.018 0.027 0.674 0.500 -0.166 0.042 -3.951 0.000 -0.069 0.023 -2.989 0.003 
              

SE Landsat 0.103 0.020 5.142 0.000 -0.002 0.018 -0.092 0.927 -0.064 0.012 -5.485 0.000 
 Landsat-baseline 0.134 0.018 7.583 0.000 -0.013 0.018 -0.697 0.486 -0.051 0.011 -4.474 0.000 
 Landsat + Sentinel-2 0.058 0.019 3.003 0.003 0.001 0.015 0.081 0.936 -0.089 0.011 -8.201 0.000 
              

UK Landsat 0.195 0.021 9.288 0.000 -0.227 0.018 -12.500 0.000 0.026 0.019 1.361 0.174 
 Landsat-baseline 0.211 0.017 12.530 0.000 -0.234 0.015 -15.485 0.000 0.028 0.020 1.415 0.157 
 Landsat + Sentinel-2 0.186 0.020 9.106 0.000 -0.244 0.015 -15.894 0.000 0.004 0.018 0.208 0.836 
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Table 2 Overall map-level trends in green vegetation (gv), non-photosynthetical vegetation (npv), and soil ground cover fractions 672 
derived for Landsat 1984-2021 time series using different set of endmembers. Slope − slope of the trend; slope SE, slope standard 673 
error; t-val., t-test value; p-val. Respective ranges of autocorrelation in Table SC4. 674 

Test 
site 

Endmembers 
set 

gv npv soil 

Slope 
Slope 

SE 
t-val p-val Slope 

Slope 
SE 

t-val p-val Slope 
Slope 

SE 
t-val p-val 

AL Local -0.037 0.012 -3.223 0.001 -0.077 0.008 -9.741 0.000 0.034 0.002 18.184 0.000 
 Atlantic -0.034 0.011 -3.170 0.002 -0.103 0.007 -14.119 0.000 0.026 0.002 16.788 0.000 
 Mediterranean -0.047 0.011 -4.249 0.000 -0.134 0.010 -13.612 0.000 0.097 0.007 13.299 0.000 
 Boreal -0.055 0.011 -5.032 0.000 -0.119 0.010 -11.824 0.000 0.065 0.004 14.669 0.000 
 Continental -0.039 0.012 -3.188 0.001 -0.092 0.006 -16.467 0.000 0.066 0.004 15.179 0.000 
              

BX Atlantic 0.069 0.015 4.456 0.000 -0.203 0.015 -13.135 0.000 -0.009 0.006 -1.501 0.133 
 Local 0.066 0.014 4.676 0.000 -0.195 0.014 -14.085 0.000 -0.004 0.007 -0.525 0.599 
 Mediterranean 0.043 0.014 3.148 0.002 -0.238 0.018 -13.545 0.000 0.038 0.011 3.513 0.000 
 Boreal 0.052 0.015 3.411 0.001 -0.228 0.019 -12.018 0.000 0.029 0.008 3.840 0.000 
 Continental 0.079 0.018 4.405 0.000 -0.167 0.011 -15.270 0.000 -0.001 0.012 -0.056 0.955 
              

CR Atlantic 0.002 0.004 0.582 0.561 0.197 0.004 54.789 0.000 -1.141 0.099 -11.534 0.000 
 Local -0.025 0.077 -0.330 0.741 0.057 0.008 7.162 0.000 -0.043 0.026 -1.641 0.101 
 Mediterranean -0.018 0.034 -0.535 0.593 0.444 0.011 42.171 0.000 0.201 0.021 9.648 0.000 
 Boreal -0.018 0.064 -0.278 0.781 0.201 0.030 6.638 0.000 -0.152 0.046 -3.317 0.001 
 Continental 0.021 0.037 0.555 0.579 0.300 0.017 17.490 0.000 -0.077 0.010 -7.933 0.000 
              

DE Atlantic 0.058 0.046 1.269 0.205 -0.110 0.019 -5.761 0.000 -0.097 0.039 -2.506 0.012 
 Local 0.124 0.064 1.944 0.052 -0.214 0.035 -6.164 0.000 0.094 0.034 2.798 0.005 
 Mediterranean 0.076 0.048 1.607 0.108 -0.249 0.028 -8.754 0.000 0.058 0.029 2.007 0.045 
 Boreal 0.082 0.059 1.396 0.163 -0.242 0.027 -9.118 0.000 0.027 0.034 0.798 0.425 
 Continental 0.090 0.050 1.818 0.069 -0.128 0.011 -11.373 0.000 -0.079 0.058 -1.370 0.171 
              

ES Atlantic 0.076 0.126 0.605 0.545 -0.059 0.044 -1.342 0.180 -0.140 0.139 -1.006 0.314 
 Local 0.087 0.184 0.472 0.637 0.043 0.104 0.411 0.681 -0.184 0.108 -1.707 0.088 
 Mediterranean 0.087 0.172 0.502 0.616 -0.193 0.100 -1.920 0.055 0.010 0.061 0.168 0.867 
 Boreal 0.089 0.188 0.473 0.636 -0.092 0.030 -3.015 0.003 -0.097 0.165 -0.587 0.557 
 Continental 0.102 0.158 0.648 0.517 -0.120 0.059 -2.028 0.043 -0.071 0.085 -0.835 0.404 
              

FR Atlantic -0.030 0.026 -1.146 0.252 -0.148 0.005 -31.073 0.000 0.031 0.029 1.055 0.291 
 Local -0.031 0.035 -0.886 0.376 -0.089 0.014 -6.539 0.000 -0.013 0.013 -0.970 0.332 
 Mediterranean -0.047 0.029 -1.658 0.097 -0.170 0.018 -9.684 0.000 0.091 0.017 5.426 0.000 
 Boreal -0.049 0.033 -1.450 0.147 -0.144 0.016 -9.109 0.000 0.055 0.025 2.165 0.030 
 Continental -0.036 0.032 -1.137 0.256 -0.136 0.005 -27.727 0.000 0.078 0.035 2.219 0.026 
              

IE Atlantic 0.136 0.011 12.139 0.000 -0.158 0.009 -18.463 0.000 -0.002 0.001 -2.421 0.015 
 Local 0.151 0.012 12.606 0.000 -0.159 0.008 -19.794 0.000 -0.011 0.001 -12.157 0.000 
 Mediterranean 0.140 0.014 10.316 0.000 -0.194 0.009 -22.228 0.000 0.041 0.007 5.499 0.000 
 Boreal 0.147 0.013 11.386 0.000 -0.187 0.011 -17.414 0.000 0.036 0.005 7.774 0.000 
 Continental 0.168 0.013 12.778 0.000 -0.137 0.006 -22.735 0.000 0.001 0.003 0.290 0.772 
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Table 2 continuation 676 

Test 
site 

Endmembers 
set 

gv npv soil 

Est 
Slope 

SE 
t-val p-val Est 

Slope 
SE 

t-val p-val Est 
Slope 

SE 
t-val p-val 

LX Atlantic -0.080 0.037 -2.196 0.028 -0.107 0.032 -3.373 0.001 0.053 0.012 4.387 0.000 
 Local -0.097 0.049 -1.963 0.050 -0.032 0.043 -0.753 0.452 0.002 0.006 0.290 0.772 
 Mediterranean -0.097 0.040 -2.433 0.015 -0.161 0.030 -5.452 0.000 0.164 0.021 7.944 0.000 
 Boreal -0.093 0.037 -2.485 0.013 -0.130 0.025 -5.210 0.000 0.092 0.017 5.506 0.000 
 Continental -0.089 0.041 -2.186 0.029 -0.119 0.022 -5.521 0.000 0.130 0.023 5.604 0.000 
              

PL Atlantic 0.255 0.079 3.235 0.001 0.255 0.177 1.443 0.149 -0.041 0.055 -0.752 0.452 
 Local 0.380 0.097 3.924 0.000 0.005 0.117 0.045 0.964 0.044 0.075 0.589 0.556 
 Mediterranean 0.316 0.105 3.020 0.003 0.043 0.135 0.317 0.751 0.071 0.085 0.837 0.403 
 Boreal 0.331 0.123 2.692 0.007 0.123 0.207 0.594 0.553 0.071 0.057 1.240 0.215 
 Continental 0.329 0.106 3.118 0.002 0.116 0.094 1.235 0.217 -0.012 0.074 -0.168 0.867 
              

RO Atlantic 0.028 0.028 1.012 0.312 -0.091 0.024 -3.782 0.000 -0.069 0.029 -2.395 0.017 
 Local 0.072 0.039 1.847 0.065 -0.138 0.017 -8.265 0.000 -0.020 0.049 -0.411 0.681 
 Mediterranean 0.040 0.033 1.220 0.223 -0.212 0.023 -9.123 0.000 0.060 0.037 1.640 0.101 
 Boreal 0.038 0.036 1.039 0.299 -0.220 0.023 -9.648 0.000 0.057 0.028 2.053 0.040 
 Continental 0.046 0.037 1.231 0.218 -0.092 0.017 -5.274 0.000 -0.073 0.047 -1.529 0.126 
              

SA Atlantic -0.003 0.026 -0.102 0.919 -0.102 0.026 -3.944 0.000 -0.071 0.023 -3.092 0.002 
 Local/Mediterr. -0.005 0.026 -0.211 0.833 -0.143 0.035 -4.142 0.000 -0.016 0.018 -0.868 0.385 
 Boreal -0.006 0.027 -0.209 0.834 -0.091 0.016 -5.631 0.000 -0.065 0.021 -3.073 0.002 
 Continental 0.007 0.031 0.235 0.814 -0.113 0.027 -4.119 0.000 -0.050 0.026 -1.889 0.059 
              

SE Atlantic 0.071 0.015 4.577 0.000 0.067 0.014 4.934 0.000 -0.144 0.018 -8.059 0.000 
 Mediterranean 0.100 0.019 5.354 0.000 0.007 0.017 0.389 0.697 -0.114 0.015 -7.586 0.000 
 Local/Boreal 0.103 0.020 5.142 0.000 -0.002 0.018 -0.092 0.927 -0.064 0.012 -5.485 0.000 
 Continental 0.107 0.021 5.025 0.000 0.041 0.010 3.960 0.000 -0.162 0.020 -8.206 0.000 
              

UK Atlantic 0.167 0.018 9.142 0.000 -0.159 0.016 -9.978 0.000 -0.035 0.012 -2.975 0.003 
 Mediterranean 0.167 0.017 9.836 0.000 -0.218 0.019 -11.358 0.000 0.031 0.026 1.184 0.236 
 Boreal 0.180 0.019 9.539 0.000 -0.240 0.019 -12.618 0.000 0.057 0.016 3.555 0.000 
 Continental 0.202 0.021 9.616 0.000 -0.124 0.012 -10.573 0.000 -0.052 0.022 -2.373 0.018 
 Local 0.195 0.021 9.288 0.000 -0.227 0.018 -12.500 0.000 0.026 0.019 1.361 0.174 
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Table SA1 Summary of environmental conditions across 13 test sites. Biogeographical regions after (EEA, 2016), dominant soil types 

after (FAO, 2003), soil biomass productivity index after (Tóth et al., 2013), distribution and share of grasslands after (Copernicus, 

2018), and clear sky probability according to Sentinel-2 cloud probability product. Test sites codes as in Figure 1.  

Test 

site 

Biogeographical 

region 
Dominant soil type 

Elevation [m] Productivity 

[index] 

Grassland 

cover [%] 

Clear sky probability (per month) [%] 

min mean max 1 2 3 4 5 6 7 8 9 10 11 12 

AL Continental/Alpine Luvisols/Cambisols 372 719 2097 6.25 35.2 34 39 28 55 38 38 46 40 62 40 31 30 
BX Atlantic Fluvisols/Podzols -15 -0.1 30 7.30 50.7 17 29 37 49 41 34 37 38 38 33 27 20 
CR Mediterranean Lithosols/Luvisols -7 423 2450 4.69 21.6 44 43 63 70 78 90 96 96 90 64 61 48 
DE Continental Histosols/Cambisols 2 34 111 6.4 26.7 18 32 31 61 44 41 40 33 44 28 18 19 
ES Mediterranean Cambisols 197 414 1004 4.11 50.9 52 63 64 45 64 76 94 96 70 71 56 48 
FR Continental Cambisols 149 365 1007 6.30 48.3 14 40 46 55 35 53 58 61 51 34 22 21 
IE Atlantic Luvisols/Arenosols -6 132 911 7.56 67.9 22 21 24 28 26 20 19 17 28 26 27 22 
LX Continental Luvisols/ 183 352 553 6.25 27.0 9 28 44 54 34 48 43 37 51 35 20 18 
PL Continental Podzols/Podzoluvisols 59 122 211 5.49 36.0 17 29 39 59 46 49 41 51 44 34 14 8 
RO Alpine Luvisols/Phaeozems 176 427 1014 6.18 43.4 22 21 41 50 48 45 58 72 59 52 31 19 
SE Boreal Cambisols 63 209 369 6.49 14.4 17 28 43 59 43 44 46 30 26 32 19 10 
SA Mediterranean Andosols/Cambisols 4 434 1262 5.25 40.2 40 54 46 48 55 73 89 84 64 67 39 45 
UK Atlantic Gleysols -1 302 945 6.03 65.4 21 33 24 39 31 25 22 15 22 22 16 22 

 

Table SA2 Parameters for band-wise cross normalized between Landsat 7 ETM+ and Landsat 5 TM, Landsat 8/9 OLI, and Sentinel-2 
A/B MSI calculated based on paired scenes acquired maximum ± one day apart.  

 Landsat 7 ETM+ ~ 

Landsat 5 TM 

Landsat 7 ETM+ ~ 

Landsat 8/9 OLI 

Landsat 7 ETM+ ~ 

Sentinel-2 A/B MSI 

Band slope intercept slope intercept slope intercept 

RED 0.9023 -56.0099 0.9223 32.03327 0.8276 81.58513 

Green 0.8570 -3.63653 0.9279 65.84526 0.8578 122.5832 

Blue 0.8936 -7.59740 0.9189 82.91101 0.8598 137.3319 

NIR 0.9863 -17.1039 0.9410 112.1265 0.9314 171.1741 

SWIR1 0.9290 -32.3222 1.0157 54.57690 1.0162 31.26700 

SWIR2 0.9526 -3.02198 0.9127 4.745386 0.9172 1.853231 

 



AL BX 

  
CR DE 

  
Figure SA1 NDVI~SWIR ratio feature space characterizing each test site with the points 

representing selected green vegetation, non-photosynthetic vegetation and soil spectra marked 

with black symbols (square, triangle and circle, respectively). For the DE site gv-soil line 

(dashed) its normal (dotted), and the convex-hull of the point cloud without outliers (α=0.1; 

Kandanaarachchi and Hyndman, 2022) (dash-dotted) are included. Site abbreviations 

correspond with Table 1. 
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Figure SA1 continuation   
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Figure SA1 continuation 

 



Table SA3 Site-specific endmembers. Region-specific endmembers are highlighted with *.  

Test 
site 

Biogeographical 
region 

endmember NDVI SWIRr 
Acquisition 

date 

Reflectance 

0.45-0.52 
μm  

0.52-0.60 
μm  

0.63-0.69 
μm  

0.77-0.90 
μm  

1.55-1.75 
μm  

2.09-2.35 
μm  

AL Continental soil 0.149 0.860 1999-06-24 0.0824 0.1304 0.1609 0.2173 0.3153 0.2712 

AL Continental gv 0.950 0.336 2020-07-27 0.0182 0.0515 0.0154 0.5983 0.2053 0.0689 

AL Continental npv 0.259 0.577 2022-07-25 0.0858 0.1435 0.2089 0.3548 0.4042 0.2334 

BX Atlantic soil* 0.127 0.930 2010-06-02 0.1036 0.1471 0.1843 0.2378 0.3309 0.3079 

BX Atlantic gv* 0.968 0.371 2017-04-25 0.01 0.0405 0.0109 0.6649 0.1495 0.0555 

BX Atlantic npv 0.241 0.602 2021-08-23 0.1033 0.1602 0.229 0.3747 0.3811 0.2294 

CR Mediterranean soil 0.101 0.859 1986-04-22 0.1213 0.1908 0.2415 0.2959 0.3624 0.3114 

CR Mediterranean gv 0.929 0.432 2017-05-23 0.0134 0.0628 0.0223 0.607 0.2069 0.0894 

CR Mediterranean npv 0.154 0.621 2011-10-12 0.1111 0.1527 0.1922 0.2622 0.3477 0.2159 

DE Continental soil* 0.189 1.000 1999-09-12 0.0519 0.0585 0.0622 0.0911 0.201 0.2011 

DE Continental gv 0.916 0.332 2014-05-01 0.0237 0.0528 0.023 0.5272 0.1574 0.0522 

DE Continental npv 0.225 0.592 2018-06-29 0.0929 0.1707 0.2538 0.401 0.456 0.2699 

ES Mediterranean soil 0.153 0.883 1984-05-28 0.1171 0.195 0.2586 0.352 0.4346 0.3839 

ES Mediterranean gv 0.910 0.363 2011-04-13 0.017 0.0473 0.0258 0.5486 0.189 0.0687 

ES Mediterranean npv 0.190 0.517 2021-08-30 0.0696 0.1303 0.1867 0.2741 0.4022 0.2078 

FR Continental soil 0.163 0.833 2004-05-25 0.1283 0.2086 0.2857 0.3973 0.4795 0.3995 

FR Continental gv* 0.947 0.384 2015-04-14 0.0141 0.0397 0.0148 0.5396 0.1509 0.058 

FR Continental npv 0.284 0.573 2003-06-24 0.09 0.1534 0.2176 0.3899 0.4038 0.2315 

IE Atlantic soil 0.161 0.868 2001-05-08 0.0972 0.144 0.1902 0.263 0.3323 0.2885 

IE Atlantic gv 0.952 0.361 2015-10-12 0.0188 0.0487 0.016 0.6534 0.176 0.0636 

IE Atlantic npv 0.260 0.579 2018-07-30 0.0921 0.1443 0.2125 0.3616 0.3728 0.2159 

LX Continental soil 0.130 0.875 2005-05-12 0.0723 0.1115 0.1414 0.1837 0.2233 0.1953 

LX Continental gv 0.937 0.356 2008-05-12 0.0179 0.0464 0.0182 0.5636 0.1686 0.0601 

LX Continental npv 0.283 0.568 2006-07-26 0.1038 0.1683 0.2248 0.4019 0.4048 0.2299 

PL Continental soil 0.175 0.920 2009-04-23 0.095 0.1293 0.1616 0.2301 0.332 0.3053 

PL Continental gv 0.922 0.333 2004-07-30 0.0171 0.0562 0.0224 0.5547 0.2005 0.0668 

PL Continental npv 0.243 0.587 2020-08-18 0.1016 0.1572 0.2119 0.3477 0.3704 0.2174 

RO Continental soil 0.168 0.823 2021-05-12 0.0657 0.1099 0.135 0.1897 0.2678 0.2205 

RO Continental gv 0.905 0.365 2020-07-10 0.02 0.0569 0.028 0.5594 0.1974 0.072 

RO Continental npv* 0.262 0.550 2022-07-20 0.1078 0.1732 0.2522 0.4315 0.4594 0.2525 

 



Table SA3 continuation  

Test 
site 

Biogeographical 
region 

endmember NDVI SWIRr 
Acquisition 

date 
Reflectance 

SE Boreal soil* 0.241 0.949 1990-05-05 0.0764 0.116 0.16 0.2617 0.3749 0.3558 

SE Boreal gv* 0.929 0.322 2016-06-05 0.0133 0.0407 0.0204 0.5505 0.1431 0.0461 

SE Boreal npv* 0.153 0.607 2003-04-15 0.1245 0.1594 0.1926 0.2623 0.3474 0.211 

SA Mediterranean soil* 0.117 0.934 2020-08-06 0.0718 0.0956 0.1309 0.1656 0.2518 0.2351 

SA Mediterranean gv* 0.913 0.343 2018-03-09 0.0158 0.0587 0.0279 0.6102 0.1815 0.0623 

SA Mediterranean npv* 0.231 0.496 1985-09-14 0.0816 0.1472 0.2171 0.3476 0.4494 0.2231 

UK Atlantic soil 0.178 0.942 2020-04-21 0.0821 0.1239 0.174 0.2492 0.3289 0.3098 

UK Atlantic gv 0.945 0.307 2010-06-20 0.0149 0.045 0.0183 0.6467 0.1871 0.0575 

UK Atlantic npv* 0.282 0.608 1999-09-10 0.1176 0.1587 0.1971 0.3518 0.3567 0.2169 

 



Table SA4 Acquisition dates of very-high resolution images accessed through Google Earth Pro 
and corresponding Landsat and Sentinel-2 scenes used for visual evaluation of ground cover 
fractions.  

Test 
site 

Date of very-high 
resolution data 

Date of medium 
resolution data 

Medium 
resolution sensor 

Number of 
validation 

points 

AL 2012-04-02 2012-03-31 Landsat 7/ETM+ 46 

BE 2020-05-09 2020-05-07 Sentinel-2A/MSI 25 

  2020-05-10 Sentinel-2A/MSI 19 

CR 2018-09-01 2018-08-31 Sentinel-2B/MSI 22 

  2018-09-03 Sentinel-2B/MSI 12 

DE 2014-09-05 2014-09-05 Landsat 8/OLI 34 

  2014-09-06 Landsat 7/ETM+ 6 

ES 2019-07-31 2019-08-02 Landsat 7/ETM+ 1 

 2019-08-02 2019-08-02 Landsat 7/ETM+ 24 

FR 2020-04-01 2020-04-02 Sentinel-2B/MSI 18 

  2020-04-03 Landsat 8/OLI 31 

IE 2018-06-28 2018-06-28 Sentinel-2A/MSI 13 

  2018-06-30 Landsat 8/OLI 9 

  2018-06-30 Sentinel-2B/MSI 10 

LU 2021-03-31 2021-03-30 Landsat 8/OLI 18 

  2021-04-02 Sentinel-2A/MSI 27 

PL 2019-09-01 2019-08-31 Landsat 8/OLI 3 

  2019-08-31 Sentinel-2B/MSI 7 

  2019-09-01 Landsat 7/ETM+ 32 

RO 2022-06-08 2022-06-07 Sentinel-2B/MSI 15 

  2022-06-10 Sentinel-2B/MSI 17 

SA 2017-03-16 2017-03-14 Landsat 8/OLI 8 

  2017-03-15 Landsat 7/ETM+ 9 

  2017-03-15 Sentinel-2A/MSI 17 

  2017-03-08 Sentinel-2A/MSI 10 

SE 2018-05-31 2018-05-30 Sentinel-2B/MSI 19 

  2018-06-01 Sentinel-2A/MSI 14 

UK 2018-06-30 2018-06-29 Sentinel-2A/MSI 21 

  2018-07-02 Sentinel-2A/MSI 18 
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Figure SA2 Validation of the SMA results for the AL site. Results for five different endmember sets and under three different variants of 
accounting for the shade ground cover fraction. 
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Figure SA3 Validation of the SMA results for the BX site. Results for five different endmember sets and under three different variants of 
accounting for the shade ground cover fraction.  
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Figure SA4 Validation of the SMA results for the CR site. Results for five different endmember sets and under three different variants of 
accounting for the shade ground cover fraction. 
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Figure SA5 Validation of the SMA results for the DE site. Results for five different endmember sets and under three different variants of 
accounting for the shade ground cover fraction. 
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Figure SA6 Validation of the SMA results for the ES site. Results for five different endmember sets and under three different variants of accounting 
for the shade ground cover fraction. 
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Figure SA7 Validation of the SMA results for the FR site. Results for five different endmember sets and under three different variants of 
accounting for the shade ground cover fraction. 
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Figure SA8 Validation of the SMA results for the IE site. Results for five different endmember sets and under three different variants of accounting 
for the shade ground cover fraction. 
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Figure SA9 Validation of the SMA results for the LX site. Results for five different endmember sets and under three different variants of 
accounting for the shade ground cover fraction. 
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Figure SA10 Validation of the SMA results for the PL site. Results for five different endmember sets and under three different variants of 
accounting for the shade ground cover fraction. 
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Figure SA11 Validation of the SMA results for the RO site. Results for five different endmember sets and under three different variants of 
accounting for the shade ground cover fraction. 

  



Lo
ca

l 

   

A
tl

an
ti

c 

   

B
o

re
al

 

   

C
o

n
ti

n
en

ta
l 

   

M
ed

it
er

ra
n

ea
n

 

   
Figure SA12 Validation of the SMA results for the SA site. Results for five different endmember sets and under three different variants of 
accounting for the shade ground cover fraction. 
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Figure SA13 Validation of the SMA results for the SE site. Results for five different endmember sets and under three different variants of 
accounting for the shade ground cover fraction. 
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Figure SA14 Validation of the SMA results for the UK site. Results for five different endmember sets and under three different variants of 

accounting for the shade ground cover fraction. 

 No adjustment Normalize with shade removed Shade added 



 
Figure SA15 The comparison of linear regression (R²) obtained at each site, each regional set of endmembers, 
and under one of three variants for accounting for shade ground cover fraction. 

 



 
Figure SA16 The comparison Mean Absolute Error (MAE) obtained at each site, each regional set of 
endmembers, and under one of three variants for accounting for shade ground cover fraction. 



 
Figure SA17 The comparison of RMSE obtained at each site, each regional set of endmembers, and under one 
of three variants for accounting for shade ground cover fraction. 

 

  



 
Figure SA18 Cross validation between green vegetation, non-photosynthetic vegetation, and soil ground cover 
fractions estimated by the main interpreter (x axis) and three independent experts (y axis) across 13 test sites.  
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Figure SB1 Availability of monthly composites across 1984-2021 calendar years on the AL site.  
 



 
Figure SB2 Availability of monthly composites across 1984-2021 calendar years on the BX site.  
 



 
Figure SB3 Availability of monthly composites across 1984-2021 calendar years on the CR site.  



 
Figure SB4 Availability of monthly composites across 1984-2021 calendar years on the DE site.  



 
Figure SB5 Availability of monthly composites across 1984-2021 calendar years on the ES site.  
 



 
Figure SB6 Availability of monthly composites across 1984-2021 calendar years on the FR site.  
 



 
Figure SB7 Availability of monthly composites across 1984-2021 calendar years on the IE site.  
 



 
Figure SB8 Availability of monthly composites across 1984-2021 calendar years on the LX site.  
 



 
Figure SB9 Availability of monthly composites across 1984-2021 calendar years on the PL site.  
 



 
Figure SB10 Availability of monthly composites across 1984-2021 calendar years on the RO site.  
 



 
Figure SB11 Availability of monthly composites across 1984-2021 calendar years on the SA site.  
 



 
Figure SB12 Availability of monthly composites across 1984-2021 calendar years on the SE site.  
 



 
Figure SB13 Availability of monthly composites across 1984-2021 calendar years on the UK site.  
  



 
Figure SB14 Monthly mean probabilities (± standard deviation) of usable Landsat observations 
for 1984-2014 period and Landsat-baseline for 2015-2021 period on a backdrop of mean 
(± standard deviation) monthly green vegetation, non-photosynthetic vegetation, and soil 
fractions.  
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Figure SC1 Slope (in percentage point) of long-term trends in green vegetation, 

non-photosynthetic vegetation, and soil ground covers derived for the AL test site using 

1984-2021 time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. 

Density distribution of respective trend values below the maps. Comparison among density 

distribution of slopes based on the Kolmogorov-Smirnov test in Table SC1.    



 

 
Figure SC2 Slope (in percentage point) of long-term trends in green vegetation, 
non-photosynthetic vegetation, and soil ground covers derived for the BX test site using 
1984-2021 time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. 
Density distribution of respective trend values below the maps. Comparison among density 
distribution of slopes based on the Kolmogorov-Smirnov test in Table SC1.     



 
Figure SC3 Slope (in percentage point) of long-term trends in green vegetation, 
non-photosynthetic vegetation, and soil ground covers derived for the CR test site using 
1984-2021 time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. 
Density distribution of respective trend values below the maps. Comparison among density 
distribution of slopes based on the Kolmogorov-Smirnov test in Table SC1.     

  



 

Figure SC4 Slope (in percentage point) of long-term trends in green vegetation, 
non-photosynthetic vegetation, and soil ground covers derived for the DE test site using 
1984-2021 time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. 
Density distribution of respective trend values below the maps. Comparison among density 
distribution of slopes based on the Kolmogorov-Smirnov test in Table SC1.     

 



 

Figure SC5 Slope (in percentage point) of long-term trends in green vegetation, 
non-photosynthetic vegetation, and soil ground covers derived for the ES test site using 1984-2021 
time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. Density 
distribution of respective trend values below the maps. Comparison among density distribution 
of slopes based on the Kolmogorov-Smirnov test in Table SC1.     



 

Figure SC6 Slope (in percentage point) of long-term trends in green vegetation, 
non-photosynthetic vegetation, and soil ground covers derived for the FR test site using 
1984-2021 time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. 
Density distribution of respective trend values below the maps. Comparison among density 
distribution of slopes based on the Kolmogorov-Smirnov test in Table SC1.     

  



 

Figure SC7 Slope (in percentage point) of long-term trends in green vegetation, 
non-photosynthetic vegetation, and soil ground covers derived for the IE test site using 1984-2021 
time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. Density 
distribution of respective trend values below the maps. Comparison among density distribution 
of slopes based on the Kolmogorov-Smirnov test in Table SC1.     

 



 

 

Figure SC8 Slope (in percentage point) of long-term trends in green vegetation, 
non-photosynthetic vegetation, and soil ground covers derived for the PL test site using 
1984-2021 time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. 
Density distribution of respective trend values below the maps. Comparison among density 
distribution of slopes based on the Kolmogorov-Smirnov test in Table SC1.     

  



 
Figure SC9 Slope (in percentage point) of long-term trends in green vegetation, 
non-photosynthetic vegetation, an dsoil ground covers derived for the RO test site using 
1984-2021 time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. 
Density distribution of respective trend values below the maps. Comparison among density 
distribution of slopes based on the Kolmogorov-Smirnov test in Table SC1.     

 



 

Figure SC10 Slope (in percentage point) of long-term trends in green vegetation, 
non-photosynthetic vegetation, and soil ground covers derived for the SA test site using 
1984-2021 time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. 
Density distribution of respective trend values below the maps. Comparison among density 
distribution of slopes based on the Kolmogorov-Smirnov test in Table SC1.     

 



 

Figure SC11 Slope (in percentage point) of long-term trends in green vegetation, 
non-photosynthetic vegetation, and soil ground covers derived for the SE test site using 1984-2021 
time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. Density 
distribution of respective trend values below the maps. Comparison among density distribution 
of slopes based on the Kolmogorov-Smirnov test in Table SC1.     

 



 

Figure SC12 Slope (in percentage point) of long-term trends in green vegetation, 
non-photosynthetic vegetation, and soil ground covers derived for the UK test site using 
1984-2021 time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. 
Density distribution of respective trend values below the maps. Comparison among density 
distribution of slopes based on the Kolmogorov-Smirnov test in Table SC1.   



Table SC1 Kolmogorov-Smirnov test results comparing density distribution of pixel-level trend slope values derived for each test 
site based on 1984-2021 time series of Landsat-baseline, Landsat, and combined Landsat and Sentinel-2. Sample size of 5,000.  
H0 – tested distributions are the same.  

Test site Time series 
gv npv soil 

D p-val D p-val D p-val 

AL Landsat vs. Landsat-baseline 0.044 0.000 0.026 0.061 0.030 0.025 
 Landsat vs. Landsat + Sentinel-2 0.070 0.000 0.033 0.008 0.061 0.000 
 Landsat-baseline vs. Landsat + Sentinel-2 0.128 0.000 0.032 0.011 0.085 0.000 
        

BX Landsat vs. Landsat-baseline 0.041 0.001 0.085 0.000 0.017 0.450 
 Landsat vs. Landsat + Sentinel-2 0.026 0.072 0.146 0.000 0.019 0.315 
 Landsat-baseline vs. Landsat + Sentinel-2 0.088 0.000 0.216 0.000 0.034 0.007 
        

CR Landsat vs. Landsat-baseline 0.025 0.084 0.017 0.496 0.014 0.711 
 Landsat vs. Landsat + Sentinel-2 0.064 0.000 0.054 0.000 0.095 0.000 
 Landsat-baseline vs. Landsat + Sentinel-2 0.084 0.000 0.035 0.005 0.097 0.000 
        

DE Landsat vs. Landsat-baseline 0.053 0.000 0.145 0.000 0.026 0.068 
 Landsat vs. Landsat + Sentinel-2 0.043 0.000 0.086 0.000 0.015 0.610 
 Landsat-baseline vs. Landsat + Sentinel-2 0.013 0.792 0.082 0.000 0.023 0.142 
        

ES Landsat vs. Landsat-baseline 0.032 0.012 0.018 0.393 0.019 0.353 
 Landsat vs. Landsat + Sentinel-2 0.073 0.000 0.094 0.000 0.014 0.711 
 Landsat-baseline vs. Landsat + Sentinel-2 0.048 0.000 0.077 0.000 0.049 0.000 
        

FR Landsat vs. Landsat-baseline 0.023 0.142 0.072 0.000 0.044 0.000 
 Landsat vs. Landsat + Sentinel-2 0.039 0.001 0.114 0.000 0.091 0.000 
 Landsat-baseline vs. Landsat + Sentinel-2 0.026 0.072 0.194 0.000 0.107 0.000 
        

IE Landsat vs. Landsat-baseline 0.021 0.239 0.034 0.007 0.023 0.136 
 Landsat vs. Landsat + Sentinel-2 0.029 0.028 0.055 0.000 0.021 0.239 
 Landsat-baseline vs. Landsat + Sentinel-2 0.020 0.270 0.049 0.000 0.029 0.028 
        

LX Landsat vs. Landsat-baseline 0.013 0.776 0.031 0.014 0.028 0.044 
 Landsat vs. Landsat + Sentinel-2 0.037 0.002 0.138 0.000 0.056 0.000 
 Landsat-baseline vs. Landsat + Sentinel-2 0.033 0.009 0.193 0.000 0.036 0.003 
        

PL Landsat vs. Landsat-baseline 0.058 0.000 0.026 0.065 0.013 0.776 
 Landsat vs. Landsat + Sentinel-2 0.028 0.042 0.041 0.000 0.047 0.000 
 Landsat-baseline vs. Landsat + Sentinel-2 0.060 0.000 0.023 0.149 0.045 0.000 
        

RO Landsat vs. Landsat-baseline 0.054 0.000 0.010 0.970 0.015 0.644 
 Landsat vs. Landsat + Sentinel-2 0.046 0.000 0.035 0.005 0.042 0.000 
 Landsat-baseline vs. Landsat + Sentinel-2 0.117 0.000 0.026 0.075 0.045 0.000 
        

SA Landsat vs. Landsat-baseline 0.039 0.001 0.049 0.000 0.022 0.186 
 Landsat vs. Landsat + Sentinel-2 0.088 0.000 0.075 0.000 0.161 0.000 
 Landsat-baseline vs. Landsat + Sentinel-2 0.126 0.000 0.077 0.000 0.183 0.000 
        
        



 
Table SC1 continuation  

Test site Time series gv npv soil 

D p-val D p-val D p-val 

SE Landsat vs. Landsat-baseline 0.048 0.000 0.044 0.000 0.035 0.004 
 Landsat vs. Landsat + Sentinel-2 0.066 0.000 0.047 0.000 0.121 0.000 
 Landsat-baseline vs. Landsat + Sentinel-2 0.126 0.000 0.063 0.000 0.158 0.000 
        

UK Landsat vs. Landsat-baseline 0.050 0.000 0.016 0.560 0.026 0.068 
 Landsat vs. Landsat + Sentinel-2 0.031 0.016 0.028 0.035 0.122 0.000 
 Landsat-baseline vs. Landsat + Sentinel-2 0.075 0.000 0.028 0.040 0.138 0.000 
        



 

 

Table SC2 Range of autocorrelation for CEF time series based on Landsat, Landsat-baseline, and 
combined Landsat and Sentinel-2 time series.  

 
 



 

 
Figure SCF13 Slope (in percentage point) of long-term trends in green vegetation, non-photosynthetic vegetation, 

and soil ground cover fractions derived for the AL test site using 1984-2021 time series of Landsat data using 

different sets of endmembers.  Comparison among density distribution of slopes based on the Kolmogorov Smirnov 

test in Table SC3.   



 

 
Figure SC14 Slope (in percentage point) of long-term trends in green vegetation, non-photosynthetic vegetation, and 

soil ground cover fractions derived for the BX test site using 1984-2021 time series of Landsat data using different sets 

of endmembers.  Comparison among density distribution of slopes based on the Kolmogorov Smirnov test in Table 

SC3.   



 

 
Figure SC15 Slope (in percentage point) of long-term trends in green vegetation, non-photosynthetic vegetation, and 

soil ground cover fractions derived for the CR test site using 1984-2021 time series of Landsat data using different sets 

of endmembers. Comparison among density distribution of slopes based on the Kolmogorov Smirnov test in Table 

SC3.     

  



 
Figure SC16 Slope (in percentage point) of long-term trends in green vegetation, non-photosynthetic vegetation, and 

soil ground cover fractions derived for the DE test site using 1984-2021 time series of Landsat data using different sets 

of endmembers. Comparison among density distribution of slopes based on the Kolmogorov Smirnov test in Table 

SC3.    



 
Figure SC17 Slope (in percentage point) of long-term trends in green vegetation, non-photosynthetic vegetation, and 

soil ground cover fractions derived for the FR test site using 1984-2021 time series of Landsat data using different sets 

of endmembers. Comparison among density distribution of slopes based on the Kolmogorov Smirnov test in Table 

SC3.     



 
Figure SC18 Slope (in percentage point) of long-term trends in green vegetation, non-photosynthetic vegetation, and 

soil ground cover fractions derived for the IE test site using 1984-2021 time series of Landsat data using different sets 

of endmembers. Comparison among density distribution of slopes based on the Kolmogorov Smirnov test in Table 

SC3.    



 

 
Figure SC19 Slope (in percentage point) of long-term trends in green vegetation, non-photosynthetic vegetation, and 

soil ground cover fractions derived for the LX test site using 1984-2021 time series of Landsat data using different sets 

of endmembers. Comparison among density distribution of slopes based on the Kolmogorov Smirnov test in Table 

SC3.     



 

 
Figure SC20 Slope (in percentage point) of long-term trends in green vegetation, non-photosynthetic vegetation, and 

soil ground cover fractions derived for the PL test site using 1984-2021 time series of Landsat data using different sets 

of endmembers. Comparison among density distribution of slopes based on the Kolmogorov Smirnov test in Table 

SC3.    

 

  



 
Figure SC21 Slope (in percentage point) of long-term trends in green vegetation, non-photosynthetic vegetation, and 

soil ground cover fractions derived for the RO test site using 1984-2021 time series of Landsat data using different 

sets of endmembers. Comparison among density distribution of slopes based on the Kolmogorov Smirnov test in 

Table SC3.    



 
Figure SC22 Slope (in percentage point) of long-term trends in green vegetation, non-photosynthetic vegetation, and 

soil ground cover fractions derived for the SA test site using 1984-2021 time series of Landsat data using different sets 

of endmembers. Comparison among density distribution of slopes based on the Kolmogorov Smirnov test in Table 

SC3.    

  



 
Figure SC23 Slope (in percentage point) of long-term trends in green vegetation, non-photosynthetic vegetation, and 

soil ground cover fractions derived for the SE test site using 1984-2021 time series of Landsat data using different sets 

of endmembers. Comparison among density distribution of slopes based on the Kolmogorov Smirnov test in Table 

SC3.    

  



 

 
Figure SC24 Slope (in percentage point) of long-term trends in green vegetation, non-photosynthetic vegetation, and 

soil ground cover fractions derived for the UK test site using 1984-2021 time series of Landsat data using different 

sets of endmembers. Comparison among density distribution of slopes based on the Kolmogorov Smirnov test in 

Table SC3.  



Table SC3 Kolmogorov-Smirnov test results comparing density distribution of pixel-level trend slope values derived for each test site using 
1984-2021 time series of Landsat data and different sets of endmembers. Sample size of 5,000. H0 – tested distributions are the same. 
 

Test site Endmember sets 
gv npv soil 

D p-val D p-val D p-val 

AL Local vs. Atlantic 0.045 0.000 0.114 0.000 0.100 0.000 
 Local vs. Mediterranean 0.034 0.006 0.200 0.000 0.479 0.000 
 Local vs. Boreal 0.058 0.000 0.153 0.000 0.290 0.000 
 Local vs. Continental 0.012 0.877 0.109 0.000 0.281 0.000 
 Atlantic vs. Mediterranean 0.048 0.000 0.126 0.000 0.558 0.000 
 Atlantic vs. Boreal 0.084 0.000 0.033 0.009 0.371 0.000 
 Atlantic vs. Continental 0.047 0.000 0.109 0.000 0.349 0.000 
 Mediterranean vs. Boreal 0.016 0.528 0.016 0.577 0.019 0.353 
 Mediterranean vs. Continental 0.026 0.068 0.209 0.000 0.215 0.000 
 Boreal vs. Continental 0.036 0.003 0.147 0.000 0.086 0.000 
        

BX Local vs. Atlantic 0.013 0.822 0.061 0.000 0.099 0.000 
 Local vs. Mediterranean 0.057 0.000 0.118 0.000 0.213 0.000 
 Local vs. Boreal 0.046 0.000 0.078 0.000 0.150 0.000 
 Local vs. Continental 0.060 0.000 0.175 0.000 0.126 0.000 
 Atlantic vs. Mediterranean 0.052 0.000 0.070 0.000 0.279 0.000 
 Atlantic vs. Boreal 0.046 0.000 0.030 0.022 0.235 0.000 
 Atlantic vs. Continental 0.064 0.000 0.206 0.000 0.177 0.000 
 Mediterranean vs. Boreal 0.025 0.092 0.013 0.822 0.019 0.327 
 Mediterranean vs. Continental 0.069 0.000 0.275 0.000 0.172 0.000 
 Boreal vs. Continental 0.058 0.000 0.231 0.000 0.170 0.000 
        

CR Local vs. Atlantic 0.033 0.009 0.114 0.000 0.192 0.000 
 Local vs. Mediterranean 0.019 0.340 0.176 0.000 0.240 0.000 
 Local vs. Boreal 0.029 0.028 0.227 0.000 0.317 0.000 
 Local vs. Continental 0.085 0.000 0.101 0.000 0.094 0.000 
 Atlantic vs. Mediterranean 0.042 0.000 0.129 0.000 0.164 0.000 
 Atlantic vs. Boreal 0.047 0.000 0.146 0.000 0.181 0.000 
 Atlantic vs. Continental 0.110 0.000 0.197 0.000 0.119 0.000 
 Mediterranean vs. Boreal 0.020 0.259 0.013 0.822 0.017 0.435 
 Mediterranean vs. Continental 0.096 0.000 0.227 0.000 0.209 0.000 
 Boreal vs. Continental 0.066 0.000 0.317 0.000 0.280 0.000 
        

DE Local vs. Atlantic 0.172 0.000 0.210 0.000 0.441 0.000 
 Local vs. Mediterranean 0.094 0.000 0.138 0.000 0.057 0.000 
 Local vs. Boreal 0.092 0.000 0.125 0.000 0.187 0.000 
 Local vs. Continental 0.050 0.000 0.212 0.000 0.282 0.000 
 Atlantic vs. Mediterranean 0.044 0.000 0.289 0.000 0.385 0.000 
 Atlantic vs. Boreal 0.067 0.000 0.281 0.000 0.337 0.000 
 Atlantic vs. Continental 0.104 0.000 0.074 0.000 0.184 0.000 
 Mediterranean vs. Boreal 0.012 0.864 0.024 0.107 0.013 0.776 
 Mediterranean vs. Continental 0.051 0.000 0.330 0.000 0.197 0.000 
 Boreal vs. Continental 0.042 0.000 0.345 0.000 0.213 0.000 

        



Table SC3 continuation 

Test site Endmember sets 
gv npv soil 

D p-val D p-val D p-val 

ES Local vs. Atlantic 0.067 0.000 0.308 0.000 0.170 0.000 
 Local vs. Mediterranean 0.052 0.000 0.455 0.000 0.340 0.000 
 Local vs. Boreal 0.022 0.170 0.361 0.000 0.213 0.000 
 Local vs. Continental 0.059 0.000 0.367 0.000 0.200 0.000 
 Atlantic vs. Mediterranean 0.045 0.000 0.355 0.000 0.338 0.000 
 Atlantic vs. Boreal 0.064 0.000 0.121 0.000 0.116 0.000 
 Atlantic vs. Continental 0.102 0.000 0.188 0.000 0.196 0.000 
 Mediterranean vs. Boreal 0.013 0.807 0.015 0.594 0.015 0.661 
 Mediterranean vs. Continental 0.061 0.000 0.184 0.000 0.175 0.000 
 Boreal vs. Continental 0.048 0.000 0.082 0.000 0.134 0.000 
        

FR Local vs. Atlantic 0.086 0.000 0.239 0.000 0.468 0.000 
 Local vs. Mediterranean 0.056 0.000 0.211 0.000 0.611 0.000 
 Local vs. Boreal 0.052 0.000 0.161 0.000 0.471 0.000 
 Local vs. Continental 0.030 0.025 0.212 0.000 0.618 0.000 
 Atlantic vs. Mediterranean 0.087 0.000 0.038 0.002 0.288 0.000 
 Atlantic vs. Boreal 0.102 0.000 0.075 0.000 0.077 0.000 
 Atlantic vs. Continental 0.094 0.000 0.114 0.000 0.367 0.000 
 Mediterranean vs. Boreal 0.015 0.661 0.013 0.776 0.021 0.239 
 Mediterranean vs. Continental 0.036 0.003 0.118 0.000 0.063 0.000 
 Boreal vs. Continental 0.030 0.025 0.052 0.000 0.274 0.000 
        

IE Local vs. Atlantic 0.031 0.014 0.021 0.211 0.128 0.000 
 Local vs. Mediterranean 0.044 0.000 0.096 0.000 0.547 0.000 
 Local vs. Boreal 0.036 0.003 0.085 0.000 0.500 0.000 
 Local vs. Continental 0.038 0.001 0.108 0.000 0.223 0.000 
 Atlantic vs. Mediterranean 0.040 0.001 0.084 0.000 0.560 0.000 
 Atlantic vs. Boreal 0.051 0.000 0.087 0.000 0.516 0.000 
 Atlantic vs. Continental 0.067 0.000 0.118 0.000 0.214 0.000 
 Mediterranean vs. Boreal 0.028 0.042 0.030 0.025 0.026 0.061 
 Mediterranean vs. Continental 0.045 0.000 0.187 0.000 0.341 0.000 
 Boreal vs. Continental 0.043 0.000 0.170 0.000 0.298 0.000 
        

LX Local vs. Atlantic 0.072 0.000 0.230 0.000 0.313 0.000 
 Local vs. Mediterranean 0.043 0.000 0.359 0.000 0.625 0.000 
 Local vs. Boreal 0.032 0.011 0.276 0.000 0.407 0.000 
 Local vs. Continental 0.025 0.092 0.264 0.000 0.508 0.000 
 Atlantic vs. Mediterranean 0.052 0.000 0.186 0.000 0.487 0.000 
 Atlantic vs. Boreal 0.051 0.000 0.037 0.002 0.161 0.000 
 Atlantic vs. Continental 0.053 0.000 0.068 0.000 0.335 0.000 
 Mediterranean vs. Boreal 0.011 0.912 0.015 0.610 0.017 0.450 
 Mediterranean vs. Continental 0.030 0.025 0.224 0.000 0.144 0.000 
 Boreal vs. Continental 0.025 0.088 0.083 0.000 0.227 0.000 
        

 



Table SC3 continuation 

Test site Endmember sets 
gv npv soil 

D p-val D p-val D p-val 

PL Local vs. Atlantic 0.157 0.000 0.205 0.000 0.249 0.000 
 Local vs. Mediterranean 0.084 0.000 0.047 0.000 0.123 0.000 
 Local vs. Boreal 0.088 0.000 0.121 0.000 0.064 0.000 
 Local vs. Continental 0.063 0.000 0.134 0.000 0.069 0.000 
 Atlantic vs. Mediterranean 0.083 0.000 0.166 0.000 0.348 0.000 
 Atlantic vs. Boreal 0.085 0.000 0.124 0.000 0.230 0.000 
 Atlantic vs. Continental 0.107 0.000 0.149 0.000 0.239 0.000 
 Mediterranean vs. Boreal 0.013 0.822 0.019 0.327 0.015 0.627 
 Mediterranean vs. Continental 0.045 0.000 0.134 0.000 0.135 0.000 
 Boreal vs. Continental 0.034 0.005 0.126 0.000 0.115 0.000 
        

RO Local vs. Atlantic 0.155 0.000 0.129 0.000 0.191 0.000 
 Local vs. Mediterranean 0.074 0.000 0.224 0.000 0.222 0.000 
 Local vs. Boreal 0.068 0.000 0.237 0.000 0.279 0.000 
 Local vs. Continental 0.066 0.000 0.126 0.000 0.092 0.000 
 Atlantic vs. Mediterranean 0.089 0.000 0.232 0.000 0.331 0.000 
 Atlantic vs. Boreal 0.100 0.000 0.279 0.000 0.368 0.000 
 Atlantic vs. Continental 0.111 0.000 0.067 0.000 0.095 0.000 
 Mediterranean vs. Boreal 0.027 0.047 0.014 0.678 0.026 0.061 
 Mediterranean vs. Continental 0.031 0.016 0.280 0.000 0.289 0.000 
 Boreal vs. Continental 0.016 0.544 0.323 0.000 0.362 0.000 
        

SA Local vs. Atlantic 0.034 0.006 0.179 0.000 0.243 0.000 
 Local vs. Boreal 0.035 0.005 0.235 0.000 0.273 0.000 
 Local vs. Continental 0.047 0.000 0.178 0.000 0.114 0.000 
 Atlantic vs. Boreal 0.051 0.000 0.057 0.000 0.029 0.030 
 Atlantic vs. Continental 0.069 0.000 0.073 0.000 0.121 0.000 
 Boreal vs. Continental 0.057 0.000 0.096 0.000 0.170 0.000 
        

SE Local vs. Atlantic 0.070 0.000 0.155 0.000 0.161 0.000 
 Local vs. Mediterranean 0.022 0.178 0.039 0.001 0.140 0.000 
 Local vs. Continental 0.023 0.129 0.138 0.000 0.202 0.000 
 Atlantic vs. Mediterranean 0.067 0.000 0.135 0.000 0.114 0.000 
 Atlantic vs. Continental 0.088 0.000 0.076 0.000 0.088 0.000 
 Boreal vs. Continental 0.022 0.170 0.128 0.000 0.087 0.000 
        

UK Local vs. Atlantic 0.087 0.000 0.179 0.000 0.409 0.000 
 Local vs. Mediterranean 0.039 0.001 0.325 0.000 0.347 0.000 
 Local vs. Boreal 0.077 0.000 0.032 0.014 0.099 0.000 
 Local vs. Continental 0.049 0.000 0.046 0.000 0.177 0.000 
 Atlantic vs. Mediterranean 0.109 0.000 0.138 0.000 0.169 0.000 
 Atlantic vs. Boreal 0.033 0.009 0.142 0.000 0.435 0.000 
 Atlantic vs. Continental 0.062 0.000 0.193 0.000 0.566 0.000 
 Mediterranean vs. Boreal 0.070 0.000 0.306 0.000 0.338 0.000 
 Mediterranean vs. Continental 0.064 0.000 0.376 0.000 0.469 0.000 
 Boreal vs. Continental 0.023 0.129 0.014 0.744 0.024 0.118 
        



 

Table SC4 Range of autocorrelation for CEFs based on Landsat time series unmixed using a variety of local and regional endmembers.  
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Table SC5 Generalized Least Square (GLS) regression results for trends for regions of different soil 
types (H0: there is no temporal trend on soil type i) and the overall effect of soil type on the 
long-term trends (H0: soil type has no overall effect on trends) for each gv Cumulative Endmember 
Fraction calculated using five different endmember sets: Local, Atlantic, Mediterranean, Boreal and 
Temperate. Est gives the overall trend, SE its standard deviation, t.stat and pval.t report t-test value 
and its significance, respectively. Endmember sets in Figure 2.  
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Table SC6 Generalized Least Square (GLS) regression results for trends for regions of different soil 
types (H0: there is no temporal trend on soil type i) and the overall effect of soil type on the 
long-term trends (H0: soil type has no overall effect on trends) for each npv Cumulative Endmember 
Fraction calculated using five different endmember sets: Local, Atlantic, Mediterranean, Boreal and 
Temperate. Est gives the overall trend, SE its standard deviation, t.stat and pval.t report t-test value 
and its significance, respectively. Endmember sets in Figure 2.  
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Table SC7 Generalized Least Square (GLS) regression results for trends for regions of different soil 
types (H0: there is no temporal trend on soil type i) and the overall effect of soil type on the 
long-term trends (H0: soil type has no overall effect on trends) for each soil Cumulative Endmember 
Fraction calculated using five different endmember sets: Local, Atlantic, Mediterranean, Boreal and 
Temperate. Est gives the overall trend, SE its standard deviation, t.stat and pval.t report t-test value 
and its significance, respectively. Endmember sets in Figure 2.  
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Figure SD1 Comparison between CEFs calculated based on monthly composites (x-axis) and 10-day 
composites (y-axis) for CR test site. Unmixing done using the local set of endmembers.   
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Figure SD2 Comparison between CEFs calculated based on monthly composites (x-axis) and 10-day 
composites (y-axis) for CR test site. Unmixing done using the Atlantic set of endmembers. 
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Figure SD3 Comparison between CEFs calculated based on monthly composites (x-axis) and 10-day 
composites (y-axis) for CR test site. Unmixing done using the Boreal set of endmembers.  
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Figure SD4 Comparison between CEFs calculated based on monthly composites (x-axis) and 10-day 
composites (y-axis) for CR test site. Unmixing done using the Continental set of endmembers.  
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Figure SD5 Comparison between CEFs calculated based on monthly composites (x-axis) and 10-day 
composites (y-axis) for CR test site. Unmixing done using the Mediterranean set of endmembers.  
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Figure SD6 Comparison between CEFs calculated based on monthly composites (x-axis) and 10-day 
composites (y-axis) for DE test site. Unmixing done using the local set of endmembers. 
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Figure SD7 Comparison between CEFs calculated based on monthly composites (x-axis) and 10-day 
composites (y-axis) for DE test site. Unmixing done using the Atlantic set of endmembers. 
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Figure SD8 Comparison between CEFs calculated based on monthly composites (x-axis) and 10-day 
composites (y-axis) for DE test site. Unmixing done using the Boreal set of endmembers.  
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Figure SD9 Comparison between CEFs calculated based on monthly composites (x-axis) and 10-day 
composites (y-axis) for DE test site. Unmixing done using the Continental set of endmembers. 
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Figure SD10 Comparison between CEFs calculated based on monthly composites (x-axis) and 10-day 
composites (y-axis) for DE test site. Unmixing done using the Mediterranean set of endmembers.  


