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Abstract 30 

Mapping land cover in highly heterogeneous landscapes is challenging, and classifications 31 

have inherent limitations where the spatial resolution of remotely sensed data exceeds the size 32 

of small objects. Sub-pixel land cover fraction maps based on medium-resolution optical 33 

remote sensing data like Landsat or Sentinel-2 overcome this limitation but are often not 34 

consistently available across multiple years because creating temporally robust and 35 

comparable multi-class fraction models can be challenging. Latent embeddings from 36 

geospatial foundation models are promising as they represent high-dimensional, large-scale 37 

general-purpose spectral, temporal, and structural features derived from Earth Observation 38 

data that are largely independent of available high-quality observations at specific points in 39 

time. We here assessed the usability of TESSERA latent embeddings for machine-learning 40 

regression-based land cover fraction models and compared the performance to more 41 

conventional spectral-temporal metrics and spline coefficients as input features. We also 42 

assessed the suitability of these inputs to train temporally transferred and generalized fraction 43 

models. We found that TESSERA latent embeddings are a well-suitable input to land cover 44 

fraction mapping, performing slightly better than spectral-temporal-metrics-based models in 45 

many cases, both being notably outperformed by spline coefficients (MAE across classes and 46 

years 11.58 vs. 11.64 vs. 9.45). Spline coefficients also performed best in all temporally 47 

generalized and many temporally transferred models. However, models trained with 48 

TESSERA latent embeddings demonstrate the highest consistency of transferred models, 49 

highlighting their capability to handle data gaps. We suggest that TESSERA latent 50 

embeddings are a valuable input to fraction mapping where data availability across years is 51 

highly variable, but spline coefficients generally perform best when sufficient high-quality 52 

observations are available. 53 
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1. Introduction 59 

Land cover maps are an indispensable tool for quantifying and interpreting the dynamics of 60 

both natural and human-shaped Earth surface processes. Accurate multi-temporal land cover 61 

data enables researchers, managers, planners, and policymakers to assess ecosystem changes 62 

and disturbances (Lewińska et al. 2021; Senf and Seidl 2021), monitor threats to biodiversity 63 

(Montero et al. 2021; Simkin et al. 2022), mitigate natural hazard exposure (Shao et al. 2020; 64 

Radeloff et al. 2023), and track hydrological changes (LaFontaine et al. 2015; Guzha et al. 65 

2018). 66 

Remote sensing excels at generating accurate land cover maps. Advances in processing power 67 

availability and data storage capabilities and the long-term continuity and open data policies 68 

of the Sentinel and Landsat archives (Drusch et al. 2012; Wulder et al. 2022) have driven 69 

progress in medium-resolution land cover mapping. The emergence of multi-temporal 70 

continental-to-global scale land cover products demonstrated that 10-30 m resolution imagery 71 

from Sentinel and Landsat is well-suited for producing reliable large-area maps of single 72 

(Marconcini et al. 2021; Potapov et al. 2022) and multiple land cover types (Venter et al. 73 

2022; Xu et al. 2024) across years. However, many multi-temporal maps are categorical, 74 

where each pixel represents a single land cover class. This level of detail is often insufficient, 75 

for example in ecosystem research (Rioux et al. 2019) and ecology where spatial 76 

heterogeneity is a critical factor (Jackson and Fahrig 2015), and particularly in areas with 77 

small-scale patterns such as urban agglomerations or mediterranean-biome landscapes, where 78 

objects and features may be smaller than the pixel size of Landsat or Sentinel-2. 79 

Sub-pixel fraction maps address the limitations of categorical maps by quantifying the share 80 

of distinct land cover types within each pixel, thereby better capturing surface complexity 81 

within mixed pixels. Since the introduction of linear spectral mixture analysis to remote 82 

sensing (Adams et al. 1986) and its application to multi-spectral Landsat imagery (Smith et al. 83 

1990), several techniques have advanced sub-pixel fraction mapping. For instance, the 84 

substrate-vegetation-dark surface (SVD) mixture model decomposes a mixed pixel’s spectral 85 

signal into three endmembers - substrate, vegetation, and dark surface - that physically 86 

represent a pixel’s dominant spectral traits in multi-spectral data (Small 2004). The SVD 87 

model has proven universally applicable across space, time, and sensors (Sousa and Small 88 

2019; Small and Sousa 2022; Small and Sousa 2023). Other concepts translate spectral data 89 

into more thematic land cover information, which is desirable for many applications (Ridd 90 
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1995; Phinn et al. 2002), and were refined with techniques that address spectral ambiguity 91 

between surface types and spectral variability within the same class, including multiple 92 

endmember spectral mixture analysis (Roberts et al. 1998), Monte Carlo-based pixel-wise 93 

endmember selection (Wetherley et al. 2017), ensemble learning (Okujeni et al. 2017), and 94 

machine learning-based fraction mapping approaches that effectively handle redundant 95 

training data (Okujeni et al. 2013). Furthermore, the limited three-dimensional feature space 96 

of multi-spectral imagery was expanded by, for example, using intra-annual time series data 97 

to exploit seasonal data variability to increase the number of identifiable surface types and 98 

quantify fractions of different vegetation types (Nill et al. 2022; Harkort et al. 2025) or even 99 

tree species (Klehr et al. 2025).  100 

However, consistent multi-year fraction mapping with multi-spectral data remains a 101 

challenge. Among global land cover products, only few provide sub-pixel information, 102 

commonly so for a single class, such as built-up surfaces in the Global Human Settlement 103 

Layer (Pesaresi et al. 2024), and tree cover in Hansen et al. (2013). One reason is that the 104 

quality of fraction mapping is often directly impacted by data quality and availability. Even 105 

with open Landsat and Sentinel-2 data archives, high-quality observations are unevenly 106 

distributed across regions and time, often limited by clouds, cloud shadows, atmospheric 107 

disturbances, data acquisition priorities, or downlink limitations (Wulder et al. 2016; Zhang et 108 

al. 2022; Lewińska et al. 2024). Reflectance variations across years, driven by phenological 109 

shifts, droughts, or other climatic changes, further complicate the generation of temporally 110 

robust and comparable models for predicting fractions (Lewińska et al. 2025). Unlike image 111 

classification, fraction mapping is particularly vulnerable to reflectance variations because (a) 112 

the value range of fractions is continuous compared to the discrete nature of classification 113 

where the algorithm only determines a winning class, and (b) post-processing is more 114 

complex as rules for identifying implausible changes are less intuitive.  115 

Previous research has demonstrated the value of multi-temporal medium-resolution land 116 

cover fraction mapping from multi-spectral data for monitoring land surface dynamics, often 117 

but not exclusively with a focus on vegetation cover (Jones et al. 2018; Suess et al. 2018; 118 

Kowalski et al. 2023; Okujeni et al. 2024). Several techniques reduced the impact of intra-119 

annual data availability and quality on map performance, including limiting the image 120 

selection to periods of expected observation consistency like around peak vegetation 121 

greenness (Senf et al. 2020), incorporating multi-sensor data to increase intra-annual data 122 

density (Okujeni et al. 2024), or pixel-based image compositing which for each pixel merges 123 
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phenologically similar observations to generate synthetic high-quality data when the original 124 

data have gaps (Vogeler et al. 2018). The Cumulative Endmember Fractions approach 125 

generates monthly fraction maps and sums fractions of a target land cover type, reducing the 126 

need for high-quality observations to one per month while accounting for illumination and 127 

phenological phases (Lewińska et al. 2020). Other studies condense multiple observations 128 

within a period into spectral-temporal metrics, that are statistical aggregations of reflectance 129 

values such as mean or maximum, to reduce the impact of missing data and improve model 130 

robustness and temporal transferability (Viana-Soto et al. 2022; Nill et al. 2022; Frantz et al. 131 

2023; Pham et al. 2024). Alternatively, per-pixel function fitting was used to generate features 132 

that are insensitive to irregular data, such as through interpolation for observation gap filling 133 

(Stanimirova et al. 2022), regression modeling to smooth time series of fraction maps 134 

(Bullock et al. 2020; Chen et al. 2021), or by directly extracting features from weighted spline 135 

regression (Klehr et al. 2025). Finally, temporally generalized models, also referred to as 136 

signature extension (Woodcock et al. 2001), have shown promise for multi-annual fraction 137 

mapping by pooling training data from multiple years to represent various observation 138 

scenarios and phenological conditions (Senf et al. 2020; Pham et al. 2024). The ability to 139 

temporally transfer land cover models to years where no training data are available or to 140 

create temporally generalized models when training data originate from multiple years is 141 

essential because developing models for each year individually can be a labor-intensive or 142 

even impossible task. However, while all these approaches reduce the effects of sparse data, 143 

mapping performance may still be compromised when high-quality data availability is low or 144 

inconsistent (Bullock et al. 2020; Frantz et al. 2023).  145 

Geospatial foundation models have recently emerged as an alternative means of deriving 146 

features for remote sensing machine learning applications. Geospatial foundation models are 147 

large-scale general-purpose neural networks, pre-trained on vast, diverse, and unlabeled Earth 148 

Observation data including but not limited to multi-spectral imagery using self-supervised 149 

learning (Mai et al. 2023). They capture spectral, temporal, and structural features of the 150 

Earth’s surface and can be fine-tuned for specialized tasks like land-cover mapping (Xiao et 151 

al. 2025). Foundation models generate latent embeddings, which are high-dimensional but 152 

condensed non-linear representations of long-term satellite image time series, that implicitly 153 

retain all relevant semantic patterns in the data comparable to features in conventional remote 154 

sensing (Feng et al. 2025). Often based on transformer encoders, which capture relationships 155 

between data points independent of their distance to each other, latent embeddings are less 156 
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sensitive to irregular or sparse data. This makes them potentially valuable for applications that 157 

are especially susceptible to variations in data availability, such as multi-temporal land cover 158 

mapping (Xiao et al. 2025). Notable examples for remote sensing foundation models 159 

applicable to land cover mapping include AlphaEarth (Brown et al. 2025), PRESTO (Tseng et 160 

al. 2023), or Prithvi (Szwarcman et al. 2024), with the research landscape rapidly evolving 161 

(Yang et al. 2025; Huang et al. 2025). Temporal Embeddings of Surface Spectra for Earth 162 

Representation and Analysis (TESSERA, Feng et al. 2025) is a recent foundation model 163 

providing pixel-based, global, gap-free, multi-annual latent embeddings at 10-m spatial 164 

resolution. TESSERA is distinguished by its accessibility and model transparency (Feng et al. 165 

2025). While TESSERA embeddings have been successfully applied to tasks such as crop 166 

type mapping, neither TESSERA nor other geospatial foundation models have yet been 167 

investigated for land cover fraction mapping.  168 

In this study, we empirically assessed the suitability of pixel-based latent embeddings from 169 

the TESSERA geospatial foundation model for multi-year sub-pixel land cover fraction 170 

mapping of built-up surfaces, woody vegetation, non-woody vegetation, soil and rock, and 171 

water. Specifically, we addressed the following research questions: 172 

1. What is the accuracy of regression-based multi-class land cover fraction models using 173 

TESSERA latent embeddings? 174 

2. How do the models generated with TESSERA embeddings compare to models based 175 

on more conventional approaches using spectral-temporal metrics and spline 176 

coefficients? 177 

3. What is the performance of temporal model transfer and generalization across multiple 178 

years for all three approaches? 179 

2. Data and methods 180 

2.1.Study area 181 

Our study area corresponds to the Military Grid Reference System tile 30UWE, covering 182 

approximately 10,000 km² of the Greater Manchester – Liverpool region in the United 183 

Kingdom (Figure 1). We selected this area because optical Sentinel-2, radar Sentinel-1, as 184 

well as TESSERA latent embeddings were consistently available between 2019 and 2024 at 185 

the time of data acquisition, providing six years of dense time series data for our study. The 186 

study area comprises a mix of land cover and land use types dominated by improved 187 

grassland (36.8%; all data from Rowland et al. 2025). It also includes urban (6.2%) and 188 
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suburban (14.6%) areas along a gradient from large cities to smaller towns, broadleaved 189 

(9.1%) and coniferous (1.4%) woodland, arable land (8.2%), other grassland types (10.9%) as 190 

well as a variety of other heterogeneous land cover types such as fens, marshes, swamps, 191 

heathland, shrubs, and water bodies. The general land cover composition of the study area 192 

remained stable from 2019 to 2024. The area is part of a temperate climate biome. 193 

[[FIGURE 1]] 194 

 195 

Figure 1 Study area: Military Grid Reference System tile 30UWE. Land cover representative for 2024 from Rowland et al. 196 

(2025). Country borders from www.naturalearthdata.com. CRS: EPSG 3035. b: Shares of land cover in the study area.  197 

2.2.Data 198 

Sentinel-2  199 

We acquired all available optical Sentinel-2 A/B/C Level-1C data for 2019 to 2024 from 200 

Google Cloud Storage and the Copernicus Data Space Ecosystem. We limited our acquisition 201 

to images with less than 80% cloud cover because metadata cloud cover estimates do not 202 

include cloud shadows, cirrus clouds and cloud buffer areas, leading to very few usable image 203 

data when a higher threshold is used. We processed Sentinel-2 Level-1C data into analysis-204 

ready-data using the open-source Framework for Operational Radiometric Correction for 205 

Environmental monitoring (FORCE, Frantz 2019). This process included radiometric, 206 

atmospheric, and topographic correction to produce high-quality standardized surface 207 

reflectance data (Frantz et al. 2016a), cloud and cloud shadow masking using parallax effect-208 

based methods (Frantz et al. 2018), and the implementation of a data cube structure to enable 209 

http://www.naturalearthdata.com/
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efficient downstream analysis. We used Sentinel-2’s visual, near infrared, and short-wave 210 

infrared bands (10 – 20 m resolution) and applied FORCE’s ImproPhe algorithm to resample 211 

all data to 10-m resolution (Frantz et al. 2016b).  212 

Across our study area, the median number of high-quality clear-sky observations per pixel 213 

ranged from 7 in 2024 to 12 in 2020, and the median maximum distance between clear-sky 214 

observations varied from 85 days in 2023 to 155 days in 2024 (see SI 1). 215 

Sentinel-1 216 

We also acquired analysis-ready monthly mosaics of Sentinel-1 radar data from the 217 

Copernicus Data Space Ecosystem for 2019 to 2024. These mosaics were generated from 218 

Sentinel-1 Ground Range Detected (GRD) observations in Interferometric Wide (IW) swath 219 

mode, using both VV and VH polarizations at 20 m resolution. The mosaicking process 220 

included backscatter coefficient calibration, thermal noise removal, and terrain correction 221 

following Small (2012), based on a weighted sum of backscatter observations, assigning 222 

higher weights to observations with the highest local resolution to minimize differences in 223 

backscatter caused by slope orientation and radar shadows. All data have been resampled to a 224 

10-m spatial resolution to match Sentinel-2 image data using cubic convolution. 225 

Temporal Embeddings of Surface Spectra for Earth Representation and Analysis 226 

We acquired latent embeddings generated by the Temporal Embeddings of Surface Spectra 227 

for Earth Representation and Analysis (TESSERA) model for each year from 2019 to 2024. 228 

TESSERA is a pixel-oriented geospatial foundation model that uses self-supervised learning 229 

to create 128-dimensional, gap-free latent embeddings of optical Sentinel-2 and radar 230 

Sentinel-1 image time series at 10 m spatial resolution and global scale (Feng et al. 2025). 231 

Embeddings are generated using an encoder-projector framework. A dual-branch encoder 232 

processes the raw Sentinel-2 and Sentinel-1 time series separately to extract pixel-based key 233 

features using parallel transformer architectures. This process incorporates positional 234 

encoding based on the day-of-year of each observation to ensure temporal sensitivity. The 235 

model completely discards cloud-corrupted or low-quality observations. The 128-dimensional 236 

output of the initial encoding is expanded using a multi-layer perceptron to decorrelate data 237 

with a Barlow-Twins loss function (Zbontar et al. 2021), which reduces redundant 238 

information by retaining only the most informative features compressed in a 128-dimensional 239 

space. 240 
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A key advantage of TESSERA is the temporal stability and robustness of its embeddings.  241 

This is achieved because the model utilizes random temporal sampling to simulate invariance 242 

across time series affected by missing data. Additionally, training data is globally shuffled to 243 

reduce the impact of spatially autocorrelated data (Feng et al. 2025). This makes it a 244 

promising dataset for multi-year land cover fraction mapping. Additionally, TESSERA offers 245 

advantages over other foundation models as it provides analysis-ready, gap-free, global, and 246 

annual embeddings at 10-m spatial resolution and pixel-level, derived from an openly 247 

accessible model (Feng et al. 2025). TESSERA embeddings have been successfully applied to 248 

downstream tasks such as land cover and crop type mapping, canopy height estimation, 249 

above-ground biomass prediction, and burned area detection (Feng et al. 2025; Timoner et al. 250 

2026). 251 

Land cover 252 

We used land cover reference data for 2024 provided by the UK Center for Ecology & 253 

Hydrology (UKCEH). This dataset consists of a pixel-wise classification of 21 distinct land 254 

cover and land use types derived from Sentinel-2 satellite imagery at a 10-m spatial 255 

resolution. These data were not used during model training or prediction but, with an overall 256 

accuracy of 83%, served as a starting point for identifying locations to extract training data for 257 

our analysis (Figure 1, Rowland et al. 2025). 258 

2.3. Methods 259 

Workflow 260 

We compared three approaches to mapping land cover fractions of built-up surfaces, woody 261 

vegetation, non-woody vegetation, soil and rock, and water. We implemented an established 262 

workflow to multi-temporal land cover fraction mapping (Nill et al. 2022; Pham et al. 2024) 263 

based on machine learning regression models and synthetically mixed signatures along with 264 

random reference fraction ratios for training. We used spectral-temporal metrics, spline 265 

coefficients, and TESSERA latent embeddings as inputs for model training and prediction. 266 

For each target year (2019-2024), we evaluated the performance of three configurations: a) 267 

models trained on data from the target year, b) models trained on data from each non-target 268 

year to assess temporal model transferability across years, and c) models trained on data from 269 

all non-target years combined to assess model generalizability. 270 
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Spectral-temporal metrics 271 

We computed spectral-temporal metrics from Sentinel-2 analysis-ready reflectance time series 272 

and monthly Sentinel-1 backscatter mosaics. Spectral-temporal metrics are temporal data 273 

aggregations that collapse all available observations within a period into band-wise summary 274 

statistics, such as mean or maximum reflectance (Frantz et al. 2023). They represent gap-free, 275 

ready-to-use data eliminating the need for manual observation selection and facilitating data 276 

comparison across large areas and time when observation availability varies. Spectral-277 

temporal metrics implicitly retain temporal information when combining different metrics, 278 

such as minimum and maximum reflectance that represent spectral properties in different 279 

seasons. Temporally aggregated image data have been successfully applied across diverse 280 

remote sensing applications such as forest cover monitoring (Potapov et al. 2015), land cover 281 

classification (Azzari and Lobell 2017; Pflugmacher et al. 2019), cropland mapping (Phalke 282 

and Özdoğan 2018), and building height quantification (Frantz et al. 2021). Spectral-temporal 283 

metrics are also well-suited for land cover fraction mapping, especially over large areas 284 

(Pfoch et al. 2026), multiple sites (Schug et al. 2024), and multiple years (Pham et al. 2024).  285 

We generated pixel-wise annual spectral-temporal metrics from all high-quality Sentinel-2 286 

observations (i.e., cloud-, cloud shadow-, snow-, and saturation-free) acquired between 287 

January 1st and December 31st. We computed the 25th and 75th percentile and mean 288 

reflectance for all spectral bands, representing the average surface state and seasonality. We 289 

also computed the 90th percentile of the Normalized Difference Vegetation Index (NDVI, 290 

Tucker 1979) and Tasseled Cap Greenness (TCG, Kauth and Thomas 1976) to better capture 291 

seasonal vegetation with only a short green peak. We computed the 10th and 90th percentile 292 

and mean backscatter of VV and VH polarized Sentinel-1 monthly mosaics to approximate 293 

seasonal surface roughness variation and to mirror the sensor combination used for TESSERA 294 

embeddings (Feng et al. 2025). In total, we used 38 features to train our models. 295 

Although spectral-temporal metrics are generally robust to image availability variability, 296 

insufficient high-quality observations can negatively affect this robustness. Because of high 297 

observation variability in our study area, we adopted the random observation selection 298 

approach following Pham et al. (2024). This approach generates additional spectral-temporal 299 

metric sets by randomly sampling 80%, 60%, 40%, and 20% of available clear-sky 300 

observations per year, simulating low-data-density scenarios during training. Random 301 

observation selection consistently improved the quality of land cover fraction mapping, 302 

particularly for temporal model transfer and generalization (Pham et al. 2024). 303 
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Spline coefficients 304 

We also applied weighted spline fitting for each year of analysis following Bolton et al. 305 

(2020). Weighted spline fitting reconstructs intra-annual time series data by fitting spline 306 

coefficients to analysis-ready data time series. Thus, the approach generates temporally 307 

consistent representations of intra-annual surface and vegetation dynamics and mitigates the 308 

effects of observation gaps by fitting spline coefficients to the time series of band-wise 309 

reflectance. The concept of spline fitting has been successfully applied to, for example, tree 310 

species mapping (Klehr et al. 2025). First, we identified a weighing scheme that defined the 311 

impact of each observation on spline fitting. Observations from the target year received a 312 

weight of 1. Additionally, we included observations from the two preceding years, receiving 313 

weights of 0.30 and 0.15, respectively. This is to make sure that observations from the target 314 

year dominated the fit whenever sufficient data were available, but that observations from 315 

previous years could be included to fill data gaps in the target year.  Second, the initial 316 

weights were refined using a residual-based weighting scheme: To do so, a preliminary cubic 317 

b-spline was fitted to an NDVI time series constructed from all available observations for 318 

each year. Relative residuals between observed and fitted NDVI values were then used to 319 

reduce the weights of observations that deviated strongly. This procedure reduced the 320 

influence of outliers and observations inconsistent with the dominant phenological pattern. 321 

Third, the resulting weighted observations were used to fit a spectral time series. For each 322 

Sentinel-2 spectral band, we fitted a cubic smoothed b-spline with 22 coefficients and fixed 323 

breakpoints distributed across the target year. We controlled spline smoothness using a 324 

regularization parameter, which penalized excessive curvature of the fitted function. To 325 

stabilize spline estimates at the start and end of the year, we padded three additional 326 

observations before and after the annual time series using median values derived from edge 327 

observations. We added annual average backscatter from Sentinel-1 to the spline coefficients 328 

to match the sensor combination used for TESSERA embeddings. The spline coefficients 329 

provided consistent input variables across the entire study area, which is required for 330 

regression-based fraction mapping. We implemented the approach using the GNU Scientific 331 

Library (https://www.gnu.org/software/gsl/). The source code of the time-series parameter 332 

extraction workflow is publicly available on GitHub 333 

(https://github.com/ForestPulse/splinecoefs). 334 
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Training data locations 335 

Our approach requires training data that captures the spectral characteristics of all target 336 

surface types. We used UKCEH land cover reference data for 2024 (Rowland et al. 2025) to 337 

identify candidate locations for training data (see Table-SI 2). We reclassified the 21 UKCEH 338 

land cover classes into ten classes that are visually identifiable using aerial or satellite data. 339 

For these ten classes, we manually identified locations where land cover was invariant within 340 

and across years and where each pixel represented a single land cover type (pure pixel) with 341 

the support of 2024 Google Earth VHR imagery and 90th percentile NDVI values. Vegetation 342 

sites required a 90th percentile NDVI ≥ 0.7 in all years since 2019 (> 0.3 for non-vegetated 343 

land cover). In total, we identified 468 training locations, with a minimum of 30 per class 344 

(Table 2), which we translated into our five target classes built-up surfaces, woody vegetation, 345 

non-woody vegetation, soil and rock, and water. 346 

[[TABLE 1]] 347 

Table 1 Number of locations for training data sampling per sampling class and associated target class. 348 

Target Class Sampling Class Locations 

Impervious 

surface 
Building 66 

 Road and rail 69 

Woody vegetation Deciduous woodland 47 

 Coniferous woodland 31 

Non-Woody 

Vegetation 
Arable land 52 

 Improved grassland 45 

 Other grassland 33 

 
Bog, fen, and marsh 

vegetation 
52 

Soil and Rock  30 

Water  43 

Total  468 

Regression-based fraction mapping with synthetically mixed training data 349 

At the training locations, we extracted features from the spectral-temporal metrics including 350 

the random observation selection subsets, the spline coefficients, and from TESSERA latent 351 

embeddings to create three separate signature libraries associated with the five land cover 352 
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types. For each library and year, we generated synthetically mixed training data for 353 

regression-based model training, which requires reference data for mixed land cover to fit a 354 

regression function. We generated 128,000 synthetic signatures per library, respectively, 355 

using randomly defined mixing ratios of one to three randomly drawn signatures from 356 

different or the same land cover type (see example in Figure-SI 3). Using synthetically mixed 357 

signatures along with their mixing ratios as dependent variables for regression training, a 358 

small representative sample of pure pixels is sufficient to derive training data representing a 359 

wide range of mixed pixel scenarios (Okujeni et al. 2013; Stanimirova et al. 2022; Viana-Soto 360 

et al. 2022; Schug et al. 2024). We used a neural network regressor with multi-target 361 

prediction as implemented in the Keras package for Python 3 (Gullì and Pal 2017), previously 362 

shown to be well-suited for regression-based fraction mapping (Pham et al. 2024; Schug et al. 363 

2024; Klehr et al. 2025). Model output consisted of percent fractions for each land cover type, 364 

capped to between 0-100% during post-processing. Following Pham et al. (2024), the neural 365 

network architecture consisted of two hidden layers (512 nodes each), a mean absolute error 366 

loss function, and an Adam optimizer (Kingma and Ba 2014) with an initial learning rate of 367 

0.001 over 50 epochs. 368 

Using spectral-temporal metrics (STM approach), spline coefficients (spline approach), and 369 

TESSERA embeddings (TESSERA approach) as predictors, we mapped land cover fractions 370 

for each year (2019–2024) under three configurations: 371 

a. Same-year models using training data from the target year 372 

b. Temporally transferred model using training data from all non-target years separately 373 

c. Temporally generalized models with pooled training data from all non-target years 374 

combined 375 

Validation 376 

We systematically assessed the accuracy of our results by comparing fraction estimates of 377 

built-up surfaces, woody vegetation, and non-woody vegetation with expert-derived reference 378 

fractions from Google Earth VHR data. Although used for model training, water and bare soil 379 

were not validated because they were insufficiently represented in the study area. We used 380 

stratified random sampling to identify 450 validation pixels following Schug et al. (2024). 381 

Based on the 2024 same-year Sentinel-based fraction estimates, we defined ten fractional bins 382 

in steps of 10% per class and randomly allocated 15 validation pixels to each bin, resulting in 383 

150 sites per class equally distributed between 0 and 100% fraction. To minimize spatially 384 
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dependent mapping errors, we maintained a minimum 500 m distance between validation 385 

pixels. We replaced pixels with ≤ 2 clear-sky Sentinel-2 observations in any year (2019-2024) 386 

or where historical Google Earth VHR imagery revealed unstable land cover, for example due 387 

to construction or deforestation, to keep a single validation dataset for all years. We 388 

eventually replaced 12 validation pixels. 389 

We performed validation at a resolution of 30 m to facilitate comparison with similar studies 390 

(Figure 2). We generated a regular 11 x 11-point grid per validation pixel, where the 9 x 9 391 

center points aligned with a 10-m pixel and its eight adjacent pixels (Queen contiguity), 392 

representing 30-m resolution. The full 11 x 11-grid was used for an extended validation 393 

accounting for both potential geolocation error and possible misalignment between fractions 394 

and Google Earth VHR data. We assigned each point in the grid a land cover type and 395 

calculated reference fractions based on the number of points labelled with a type. We used 396 

VHR data from Google Earth for 2024, supplemented by Sentinel-2 NDVI data where land 397 

cover was ambiguous, for example when the landscape structure suggested agriculture, but 398 

VHR data displayed bare soil. 399 

Model performance was evaluated using mean absolute error (MAE), slope, and the 400 

coefficient of determination (R2) for all same-year, temporally transferred, and temporally 401 

generalized models based on the STM, spline, and TESSERA approach, respectively. 402 

[[FIGURE 2]] 403 

 404 

Figure 2 a) Study area including all training (n = 468) and validation (n = 450) locations. Background: Median red, green, 405 

blue reflectance of 2024 at 70% opacity. b) Validation scheme: We labeled land cover at 11 x 11 points. We compared our 406 

predicted results with the reference surface fractions of 9 x 9 points, i.e., the shares of each land surface type within 30-m of 407 
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the center pixel (solid line). We also compared our maps to the reference surface fractions of 9 x 9 points when the reference 408 

is shifted by one point into each direction (Queen contiguity), accounting for potential misalignments and geolocation errors. 409 

3. Results 410 

We accurately predicted land cover shares of built-up surfaces, woody vegetation, and non-411 

woody vegetation in each year from 2019 to 2024 using spectral-temporal metrics, spline 412 

coefficients, and TESSERA latent embeddings as input features to regression-based fraction 413 

mapping (Figure 3). Using the same-year model for 2024 as an example, all three approaches 414 

yielded similar results with the lowest MAE between 6.94 and 9.77 for built-up surfaces and 415 

the highest between 11.17 and 14.17 for non-woody vegetation (Figure 4), an R² between 0.71 416 

and 0.88 across all surface types, and slopes close to 1. The spline approach had the best 417 

MAE and R² values across the classes. However, the TESSERA approach had the best slope 418 

values, i.e., closest to 1. The extended validation showed that slight potential pixel shifts 419 

would only marginally affect the results, but the effects seem higher in the TESSERA 420 

approach (see Figure-SI 4). 421 

[[FIGURE 3]] 422 

 423 

Figure 3 Predicted land cover fractions of built-up surfaces (red), woody (green) and non-woody vegetation (blue) using 424 

Sentinel-based spectral-temporal metrics (a), spline coefficients (b), and TESSERA latent embeddings (c). Model: same-year 425 

model for 2024. 426 

The validation of same-year models for other years revealed that across all years and with 427 

only few exceptions, the spline approach yielded the lowest MAE, highest R², and best slope 428 

values when averaging all land cover types (Figure 5). Compared to the lowest performing 429 

approach, the spline approach reduced the MAE by ca. 20% across all years. This pattern is 430 

confirmed for each land cover type where the spline approach yields the best MAE in 14 of 431 

18 cases (6 years x 3 classes), best R² in 18 of 18 cases, and best slope in 9 of 18 cases (see SI 432 
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4). The STM approach is performing less well especially for woody vegetation surfaces, and 433 

the TESSERA approach tends to show high MAE values for non-woody vegetation. 434 

[[FIGURE 4]] 435 

 436 

Figure 4: Performance of land cover fraction models based on spectral-temporal metrics (top), spline coefficients (center), 437 

and TESSERA latent embedding (bottom) for built-up, woody vegetation, and non-woody vegetation surfaces. Example of 438 

same-year models for 2024.  439 

The validation of temporally transferred models revealed overall similar patterns. Across the 440 

years and land cover types, the spline approach yielded lowest MAE values in 56 of 75 cases 441 

(5 years of training x 5 years of prediction x 3 classes). TESSERA performed best in 20 cases, 442 

all of which were woody vegetation, and STMs performed best in 15 cases, 12 of which in 443 

non-woody vegetation. The spline approach yielded best R² values in 47 of 75 cases 444 

(TESSERA 25, STMs 18). However, TESSERA-based models showed the best slope values 445 

in 45 cases (splines 39, STMs 12). There is a temporal pattern based on the year of training, 446 

as, for example, the TESSERA approach performed best 12 of 15 times in 2024, but only 3 447 

times in 2019. TESSERA-based models were also considerably more robust across the years. 448 
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First, this was indicated by fewer outliers. While with the STM approach, 31 of 108 models 449 

across all years and classes (including same-year models) had an R² < 0.7 and 54 models had 450 

slopes < 0.9 or > 1.1, these numbers were only 3 and 24 with the TESSERA approach (6 and 451 

35 for splines). Second, the quality of TESSERA-based models was more consistent, both 452 

when the quality metrics were aggregated by year of training and year of prediction (Figure 453 

6). The average MAE of all three classes was lowest using the spline approach in almost 454 

every year, both when aggregating the results by year of training (i.e., considering all 455 

predictions created with training data from a certain year) and by year of prediction (i.e., 456 

considering all predictions in a certain year with models from all other years, respectively). 457 

However, the results of the TESSERA approach yielded the lowest MAE variability, with a 458 

standard deviation of 0.36 and 0.35 for the aggregation by year of training and prediction, 459 

respectively, compared to the spline approach with standard deviations of 0.78 and 0.53. The 460 

MAE of the STM approach varied considerably with standard deviations across the years of 461 

1.4 and 0.76. While not as pronounced, we found similar patterns for R² and slope, and the 462 

patterns also applied for all three classes individually (see SI 5). 463 

[[FIGURE 5]] 464 

 465 

Figure 5 Mean absolute errors (a), coefficients of determination (b), and slope (c) averaged across all classes for all same-466 

year models and all three approaches. STM: Spectral-temporal metrics, SPL: Spline coefficients, TES: TESSERA latent 467 

embeddings. 468 

The analysis of temporally generalized models was largely in line with the same-year model 469 

results. Again, the spline approach consistently performed best regarding MAE, R², and Slope 470 

for all classes combined (Figure 7) as well as for all classes individually (see SI 4). Compared 471 

to the STM approach, the TESSERA approach often showed lower MAE values for woody 472 

vegetation surfaces and considerably increased R² for models where the STM approach 473 

underperformed (i.e., R² < 0.7). Again, the TESSERA approach yielded higher model 474 
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consistency across the predicted years. For example, the standard deviation of the MAE for 475 

built-up, woody vegetation, and non-woody vegetation surfaces was 0.55, 0.43, and 0.21 for 476 

the TESSERA approach, compared to 1.38, 1.07, and 0.55 for the STM and 0.60, 0.46, and 477 

0.50 for the spline approach. The spline and TESSERA approaches additionally show very 478 

high consistency across the years in how the fraction errors in generalized models are 479 

distributed (Figure 8, Table 3). 480 

[[FIGURE 6]] 481 

 482 

Figure 6 Mean absolute error (a), coefficient of determination (b), and Slope (c) averaged across all classes for all years, 483 

aggregated by year of training (top) and year of prediction (bottom). STM: Spectral-temporal metrics, SPL: Spline 484 

coefficients, TES: TESSERA latent embeddings, σ: Standard deviation. 485 

[[FIGURE 7]] 486 

 487 

Figure 7 Mean absolute errors (a), coefficients of determination (b), and Slope (c) averaged across all classes for all 488 

temporally generalized models and all three approaches. STM: Spectral-temporal metrics, SPL: Spline coefficients, TES: 489 

TESSERA latent embeddings. 490 

 491 

 492 

 493 
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[[TABLE 2]] 494 

Table 1 Class-wise mean and standard deviation of cumulative areas between the curves and axes across all years and 495 

approaches for temporally generalized models. Cumulative area between the curve and axis describes the difference between 496 

the density plots of 1) all reference fractions in the 450 validation points and 2) the mapped fractions of the temporally 497 

generalized model in these same validation points. The lower the means, the closer the distribution of predictions is to the 498 

distribution of reference fractions. The lower the standard deviations, the more consistent are the model predictions given that 499 

the references are assumed to be temporarily invariant. Bold: Best result per class. STM: Spectral-temporal metrics, SPL: 500 

Spline coefficients, TES: TESSERA latent embeddings 501 

 Mean Standard deviation 

Class STM SPL TES STM SPL TES 

BU 0.183 0.140 0.156 0.012 0.015 0.011 

WV 0.349 0.210 0.262 0.039 0.041 0.029 

NWV 0.197 0.166 0.236 0.013 0.012 0.012 

 502 

[[FIGURE 8]] 503 

 504 

Figure 8 Difference of density plots of 1) all reference fractions in the 450 validation points and 2) the mapped fractions of 505 

the temporally generalized model in these same validation points for each class, each approach, and each year. The validation 506 

points were considered temporally invariant, which is why the difference to the distribution of mapped fractions was 507 

considered an error, and any changes in that difference across the years were considered an effect of model performance. 508 

Thus, a consistent area under the curve indicates a temporally consistent model performance. STM: Spectral-temporal 509 

metrics, SPL: Spline coefficients, TES: TESSERA latent embeddings, C-ACA: Absolute cumulative area between curve and 510 

axis. The lower the C-ACA, the closer the distribution of predictions is to the distribution of reference fractions. The more 511 
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consistent the C-ACA is across years, the more consistent are the model predictions given that the references are assumed to 512 

be temporarily invariant. 513 

Beyond systematic validation, visual inspection of our maps confirms the generally good 514 

quality of all approaches. This is important because some mapping challenges might not be 515 

reflected in the validation when they are associated with highly autocorrelated data which was 516 

not sampled for validation to avoid skewed quality metrics. For example, the TESSERA 517 

approach yielded more accurate results in dense urban areas where the STM approach is 518 

challenged by year-round low-reflectance building shadows and tends to map high fractions 519 

of water (Figure 9a). Unlike the STM and the spline approaches, TESSERA-based models 520 

are also not challenged by data gaps when insufficient observations are available (Figure 9b). 521 

The STM approach produced more plausible results for low wetland vegetation (Figure 9e) 522 

and seemed to map managed grassland more consistently (Figure 9f). In contrast, the spline 523 

approach mapped vegetation in dense suburban areas more reliably where STM- and 524 

TESSERA-based models tended to over- and underestimate fractions, respectively (Figure 525 

9d).  526 

[[FIGURE 9]] 527 

 528 

Figure 9 Examples of land cover fraction maps of built-up surfaces (red), woody-vegetation (green), and non-woody 529 

vegetation (blue) across the study area in urban, suburban, forested, managed agriculture and grassland, and wetlands. 530 

Yellow: No data. 531 
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4. Discussion 532 

We found that latent embeddings from the TESSERA geospatial foundation model accurately 533 

predict fractions of built-up surfaces, woody, and non-woody vegetation using regression-534 

based mapping and synthetically mixed training data. In same-year models, latent embeddings 535 

performed comparably to spectral-temporal metrics, though both were often outperformed by 536 

spline coefficients in terms of mean absolute error and coefficient of determination. Our 537 

same-year model performance aligned with prior studies, despite variations in sensors, data 538 

sources, class catalogues, study areas, and temporal scope (Schug et al. 2020; Nill et al. 2022; 539 

Viana-Soto et al. 2022; Pham et al. 2024; Schug et al. 2024; Lobert et al. 2025). All our three 540 

approaches excelled where land cover classification is challenged, such as low-density 541 

vegetation-rich built-up areas and heterogeneous landscapes like heathlands or pasture 542 

smallholdings, but all approaches struggled in some classes and settings. Visually, this stood 543 

out where errors were highly autocorrelated, that means where contiguous areas of similar 544 

surfaces were inaccurately mapped but not captured by the validation. This was expected and 545 

previously reported for the STM approach (Schug et al. 2024). 546 

While STMs have previously excelled in temporal model transfer and generalization (Senf et 547 

al. 2020; Pham et al. 2024), spline coefficients consistently outperformed both STMs and 548 

TESSERA across all classes, delivering the most accurate predictions. However, slope 549 

metrics indicated that TESSERA-based models offered more stable predictions across the 550 

value range of predicted fraction. Importantly, temporally transferred TESSERA-based 551 

models exhibited the lowest variation in quality metrics across years, regardless of year of 552 

training or year of prediction. This supports the assumption that TESSERA embeddings are 553 

less susceptible to temporal data inconsistency but also makes potential errors easier to 554 

diagnose and correct for even when the overall performance was lower than that of the spline-555 

based models. Temporally generalized models often matched same-year model performance, 556 

supporting previous research (Kowalski et al. 2023), with spline-based models again 557 

performing best. For generalized models, both spline and TESSERA approaches 558 

demonstrated high stability in predicted fractions over time. 559 

Despite their distinct feature characteristics and modeling results, STMs, spline coefficients, 560 

and TESSERA embeddings are all valuable inputs for land cover fraction modeling. Spectral-561 

temporal metrics (STMs) offer an intuitive rationale to data aggregation using simple 562 

statistical metrics that implicitly retain phenological information (Frantz et al. 2023). STMs 563 

are computationally efficient, mostly insensitive to regional phenological variation, and STM-564 
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based models are generally transferable across global biomes (Schug et al. 2024). However, 565 

their quality depends on intra-annual high-quality image availability. While only a few 566 

observations suffice to derive usable features, imperfectly distributed observations reduce 567 

temporal feature consistency (Frantz et al. 2023) and mapping quality (Pham et al. 2024). 568 

This influences temporally transferred models in particular. Furthermore, feature selection for 569 

model training remains non-trivial (Schug et al. 2020).  570 

Spline coefficients represent spectral-temporal trajectories as mathematically modeled 571 

coefficients of a higher-dimensional polynomial curve. Spline coefficients are a transparent 572 

and intuitive representation of intra-annual phenology but, unlike STMs, require upstream 573 

modeling and parameterization. The approach includes observations from previous years 574 

(Bolton et al. 2020), but even then some years failed to provide enough data such as 2017 and 575 

2018. Within our study area, the spline approach provided the best results, but as spline 576 

coefficients represent phenological information explicitly, it is unclear how the approach 577 

performs across large and climatically heterogeneous areas. Explicit phenological information 578 

could, however, support resolving confusion where intra-annual land cover variation is high 579 

such as in agriculture. 580 

TESSERA-based models offered exceptional temporal stability, especially in temporally 581 

transferred models. TESSERA’s 128 features are a complex representation of intra-annual 582 

Earth surface processes but are independent of the temporal distribution of observations (Feng 583 

et al. 2025). However, TESSERA’s interpretability is limited, and the TESSERA feature 584 

space is less intuitive compared to STMs or spline coefficients. TESSERA embeddings are 585 

almost globally available for multiple years, but users rely on the availability of the data in 586 

their region, year of interest, and the version of their choice. TESSERA is an open-source 587 

ecosystem, but generating embeddings is computationally expensive. TESSERA’s 588 

consistency makes it promising for global applications, but spatial transferability as well as 589 

the use of implicit phenological information for intra-annual mapping remain unexplored in 590 

comparison to alternative approaches such as cumulative endmember fractions (Lewińska et 591 

al. 2021) or temporal mixture models where endmembers are selected based on their seasonal 592 

characteristics (Sousa and Davis 2020). 593 

All three tested approaches share advantages and challenges. For instance, they provide 594 

thematically interpretable information as opposed to the global SVD endmember model 595 

(Small and Milesi 2013) and higher class complexity than the original multi-spectral mixing 596 

space (Small 2004). Our use of a single multi-class regressor is a reduction in complexity 597 
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compared to class-specific regressors used in previous studies (Okujeni et al. 2013). 598 

Furthermore, the STM and spline approaches can be applied to Landsat data extending back 599 

to the 1970s/1980s, and while TESSERA embeddings are not currently computed for Landsat, 600 

doing so is likely feasible in the future. Challenges persisted in areas with high surface 601 

seasonality such as agriculture. Here, intra-annual changes were often interpreted as spatial 602 

mixtures, even when explicit phenological information was available in the spline approach. 603 

Furthermore, identifying pure pixels for training was sometimes challenging, such as for 604 

roads and railroads. Supplementing training data from existing libraries might improve model 605 

performance, particularly in urban settings characterized by high spectral-spatial 606 

heterogeneity (van der Linden et al. 2018). Endmember extraction algorithms (Jilge et al. 607 

2017) or generic libraries (Priem et al. 2025) could facilitate the training process. While we 608 

used an established validation framework without the need for on-the-ground data collection 609 

(Schug et al. 2020), the validation was possibly confounded by shifted very-high resolution 610 

imagery, geolocation errors of up to 12 m in Sentinel-2 data from before 2021 (Gascon 2019), 611 

and visible pixel shift in the TESSERA data. However, we quantified the potential error of 612 

image shifts by employing a larger validation grid and found that related errors were low. 613 

Lastly, despite a rigorous validation procedure, actual feature stability is hard to test, as we 614 

cannot exclude that differences in prediction quality came from varying observation 615 

scenarios. The exact effect of irregularly distributed image observations on mapping quality 616 

in the three approaches is yet uncertain. 617 

5. Conclusion 618 

Spectral-temporal metrics, spline coefficients, and TESSERA latent embeddings all enable 619 

high-quality land cover fraction mapping despite the distinct ways in which the data are 620 

generated. This highlights the robustness of regression-based fraction mapping. However, 621 

each approach has its strengths and limitations. We recommend the use of spectral-temporal 622 

metrics when the temporal scope of the analysis is limited to a single year or multiple years 623 

with similar observation scenarios, input data are consistently distributed within a year, 624 

computational resources are critical, or when interpretability is a priority. We recommend the 625 

use of spline coefficients when targeting the best map quality, when the available training 626 

data are from different years, sufficient high-quality observations data are available, and when 627 

the phenological characteristics within the study area are consistent. We recommend the use 628 

of TESSERA latent embeddings when temporally consistent fraction predictions are required 629 

but when feature interpretability is not critical. TESSERA is ideal for expanding existing 630 
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models to years without training data, though reproducibility of input features may be limited 631 

without considerable computational resources. 632 
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Tables and Figures 645 

 646 

Figure 1 Study area: Military Grid Reference System tile 30UWE. Land cover representative for 2024 from Rowland et al. 647 

(2025). Country borders from www.naturalearthdata.com. CRS: EPSG 3035. b: Shares of land cover in the study area.  648 

 649 

 650 

Figure 2 a) Study area including all training (n = 468) and validation (n = 450) locations. Background: Median red, green, 651 

blue reflectance of 2024 at 70% opacity. b) Validation scheme: We labeled land cover at 11 x 11 points. We compared our 652 

predicted results with the reference surface fractions of 9 x 9 points, i.e., the shares of each land surface type within 30-m of 653 

the center pixel (solid line). We also compared our maps to the reference surface fractions of 9 x 9 points when the reference 654 

is shifted by one point into each direction (Queen contiguity), accounting for potential misalignments and geolocation errors. 655 

http://www.naturalearthdata.com/
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 656 

Figure 3 Predicted land cover fractions of built-up surfaces (red), woody (green) and non-woody vegetation (blue) using 657 

Sentinel-based spectral-temporal metrics (a), spline coefficients (b), and TESSERA latent embeddings (c). Model: same-year 658 

model for 2024. 659 

 660 

Figure 4: Performance of land cover fraction models based on spectral-temporal metrics (top), spline coefficients (center), 661 

and TESSERA latent embedding (bottom) for built-up, woody vegetation, and non-woody vegetation surfaces. Example of 662 

same-year models for 2024.  663 
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 664 

Figure 5 Mean absolute errors (a), coefficients of determination (b), and slope (c) averaged across all classes for all same-665 

year models and all three approaches. STM: Spectral-temporal metrics, SPL: Spline coefficients, TES: TESSERA latent 666 

embeddings. 667 

 668 

Figure 6 Mean absolute error (a), coefficient of determination (b), and Slope (c) averaged across all classes for all years, 669 

aggregated by year of training (top) and year of prediction (bottom). STM: Spectral-temporal metrics, SPL: Spline 670 

coefficients, TES: TESSERA latent embeddings, σ: Standard deviation. 671 

 672 

Figure 7 Mean absolute errors (a), coefficients of determination (b), and Slope (c) averaged across all classes for all 673 

temporally generalized models and all three approaches. STM: Spectral-temporal metrics, SPL: Spline coefficients, TES: 674 

TESSERA latent embeddings. 675 
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 676 

Figure 8 Difference of density plots of 1) all reference fractions in the 450 validation points and 2) the mapped fractions of 677 

the temporally generalized model in these same validation points for each class, each approach, and each year. The validation 678 

points were considered temporally invariant, which is why the difference to the distribution of mapped fractions was 679 

considered an error, and any changes in that difference across the years were considered an effect of model performance. 680 

Thus, a consistent area under the curve indicates a temporally consistent model performance. STM: Spectral-temporal 681 

metrics, SPL: Spline coefficients, TES: TESSERA latent embeddings, C-ACA: Absolute cumulative area between curve and 682 

axis. The lower the C-ACA, the closer the distribution of predictions is to the distribution of reference fractions. The more 683 

consistent the C-ACA is across years, the more consistent are the model predictions given that the references are assumed to 684 

be temporarily invariant. 685 
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 686 

Figure 9 Examples of land cover fraction maps of built-up surfaces (red), woody-vegetation (green), and non-woody 687 

vegetation (blue) across the study area in urban, suburban, forested, managed agriculture and grassland, and wetlands. 688 

Yellow: No data.  689 
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Table 2 Number of locations for training data sampling per sampling class and associated target class. 690 

Target Class Sampling Class Locations 

Impervious 

surface 
Building 66 

 Road and rail 69 

Woody vegetation Deciduous woodland 47 

 Coniferous woodland 31 

Non-Woody 

Vegetation 
Arable land 52 

 Improved grassland 45 

 Other grassland 33 

 
Bog, fen, and marsh 

vegetation 
52 

Soil and Rock  30 

Water  43 

Total  468 

 691 

Table 3 Class-wise mean and standard deviation of cumulative areas between the curves and axes across all years and 692 

approaches for temporally generalized models. Cumulative area between the curve and axis describes the difference between 693 

the density plots of 1) all reference fractions in the 450 validation points and 2) the mapped fractions of the temporally 694 

generalized model in these same validation points. The lower the means, the closer the distribution of predictions is to the 695 

distribution of reference fractions. The lower the standard deviations, the more consistent are the model predictions given that 696 

the references are assumed to be temporarily invariant. Bold: Best result per class. STM: Spectral-temporal metrics, SPL: 697 

Spline coefficients, TES: TESSERA latent embeddings 698 

 Mean Standard deviation 

Class STM SPL TES STM SPL TES 

BU 0.183 0.140 0.156 0.012 0.015 0.011 

WV 0.349 0.210 0.262 0.039 0.041 0.029 

NWV 0.197 0.166 0.236 0.013 0.012 0.012 

  699 
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1. High-quality clear-sky observations 990 

 991 

Figure-SI 1 Number of clear sky observations per pixel in our study area. Median ranges from 7 in 2024 to 12 in 2020. 992 

 993 

Figure-SI 2 Maximum days between clear sky observations per pixel in the study area. Median ranges from 85 days in 2023 994 

to 155 days in 2024. 995 

Table-SI 1 Median and 90th quantile of the number of high-quality clear-sky observations (CSO) in the study area per year, 996 

as well as the median maximum distance between high-quality clear-sky observations in days. 997 

Year Median CSO Q90 CSO Median max. distance between CSO (days) 

2019 10 20 102 

2020 12 25 97 

2021 10 20 95 

2022 10 22 100 

2023 9 18 85 

2024 7 16 155 
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2. Training data 998 

The 21 classes provided in the UK Center for Ecology & Hydrology (UKCEH) for 2024 were 999 

condensed into ten classes that are visually identifiable using aerial or satellite data. Training 1000 

locations were samples in these ten classes and then merged into our five target classes.  1001 

Table-SI 2 The 21 classes as defined by Rowland et al. (2025), the coverage of each class within our study area, the ten 1002 

aggregated classes based on our own aggregation scheme, and our five target classes. 1003 

Class UKCEH land cover  Coverage (%) Sampling Class Target class 

1 Deciduous woodland 9.1 Deciduous woodland Woody 

vegetation 2 Coniferous woodland 1.4 Coniferous woodland 

3 Arable land 8.2 Arable land 

Non-woody 

vegetation 

4 Improved grassland 36.8 Improved grassland 

5 Neutral grassland 0.6 

Other grassland 6 Calcareous grassland 1.6 

7 Acid grassland 5.5 

8 Fen 0.2 

Bog, fen, and marsh 
9 Heather 3.1 

10 Heather grassland 3.2 

11 Bog 5.1 

12 Inland rock 0.3 Soil and rock Bare soil 

13 Saltwater 1.1 
Water Water 

14 Freshwater 0.8 

15 Supralittoral rock 0.0 

Soil and rock Bare soil 
16 Supralittoral sediment 0.0 

17 Littoral rock 0.0 

18 Littoral sediment 1.6 

19 Saltmarsh 0.6 Bog, fen, and marsh 
Non-woody 

vegetation 

20 Urban 6.2 Building 
Built-up 

21 Suburban 14.6 Other built-up 

 1004 



 

41 

 

 1005 

Figure-SI 3 Examples of signatures for training regression models for built-up surface and woody vegetation fractions based 1006 

on spectral-temporal metrics (top), weighted spline coefficients (center), and TESSERA latent embeddings (bottom). Red and 1007 

blue correspond to a pure surface. The dashed black line corresponds to a synthetic linear mixture that would be used for 1008 

training a regression model for built-up surfaces (with 28% as label) and woody vegetation (with 72% as label). 1009 

 1010 

 1011 

 1012 

 1013 

 1014 

 1015 

 1016 

 1017 

 1018 

 1019 
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3. Extended validation 1020 

 1021 

Figure-SI 4 Variability in model performance when the validation point grid is shifted by one point (ca. 3.30 m) in each of 1022 

eight directions (Queen contiguity) to account for geolocation errors of Sentinel- and Google Earth VHR data. Model: Same-1023 

year model of 2024. Each boxplot represents nine values (default position plus eight shifted positions). The greater the 1024 

spread, the higher the possible effect of geolocation errors on the model performance. BU: Built-up surfaces, WV: Woody 1025 

vegetation, NWV: Non-woody vegetation. STM: Spectral-temporal metrics, SPL: Spline coefficients, TES: TESSERA latent 1026 

embeddings. 1027 

 1028 

 1029 

 1030 

 1031 

 1032 

 1033 

 1034 

 1035 

 1036 

 1037 

 1038 

 1039 
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4. Full validation results 1041 

Table-SI 3 Mean absolute errors (MAE) for models based on spectral-temporal metrics (STM), spline coefficients (SPL), 1042 

and TESSERA latent embeddings (TES) for all three validated classes built-up surfaces (BU), woody vegetation (WV), and 1043 

non-woody vegetation (NWV) for same-year, temporally transferred, and temporally generalized models. 1044 

  MAE Train 2019 Train 2020 Train 2021 Train 2022 Train 2023 Train 2024 Generalized 

    STM SPL TES STM SPL TES STM SPL TES STM SPL TES STM SPL TES STM SPL TES STM SPL TES 

P
re

d
ic

t 

2
0

1
9
 BU 12.4 8.3 11.3 11.5 9.2 10.5 8.8 8.6 10.8 8.6 8.7 10.4 8.8 9.0 11.8 10.2 8.3 11.0 7.6 7.6 9.5 

WV 15.9 11.1 13.0 19.0 13.3 12.1 14.0 10.8 12.9 14.1 12.2 13.5 14.7 10.6 11.4 13.4 11.2 12.2 14.1 10.4 12.5 

NWV 12.2 12.1 15.5 15.0 14.0 17.6 12.8 12.4 17.3 13.4 13.5 15.9 13.4 12.9 17.0 13.1 12.4 16.0 13.0 11.3 15.4 

P
re

d
ic

t 

2
0

2
0
 BU 13.0 10.0 12.1 10.4 7.9 10.2 10.4 8.2 10.5 10.2 8.9 11.2 9.2 8.3 13.8 12.0 8.8 13.7 11.1 7.6 10.5 

WV 15.2 14.0 12.8 17.3 13.1 12.8 13.7 10.4 12.2 13.1 11.3 13.0 12.4 11.4 11.6 14.1 12.1 11.5 16.7 9.5 11.7 

NWV 12.2 14.1 15.0 13.5 13.6 17.2 11.7 11.8 15.2 11.8 13.4 14.4 11.7 13.0 17.2 12.7 12.1 16.1 12.4 10.8 15.0 

P
re

d
ic

t 

2
0

2
1
 BU 13.4 10.3 11.7 11.6 8.5 12.0 8.9 7.8 9.7 8.9 9.0 11.6 9.0 8.1 13.4 10.1 8.8 13.6 9.1 7.3 9.5 

WV 16.7 14.5 11.7 18.8 14.1 10.3 13.9 11.7 12.5 13.3 14.4 13.1 14.3 11.2 10.7 12.9 11.6 10.4 15.8 11.1 11.6 

NWV 12.8 13.7 14.7 14.9 14.1 17.1 12.8 12.5 16.7 12.7 15.0 16.2 13.2 12.9 17.3 13.1 12.3 15.5 12.9 11.9 15.4 

P
re

d
ic

t 

2
0

2
2
 BU 13.5 9.4 12.0 12.7 8.6 11.1 9.2 7.3 10.1 8.2 7.5 10.1 8.7 7.1 12.9 10.4 8.1 10.8 7.2 6.7 9.2 

WV 16.3 14.2 12.2 19.6 15.1 11.3 14.9 11.1 12.3 14.2 11.1 12.1 13.7 9.3 10.1 12.7 10.7 9.8 14.0 10.2 11.8 

NWV 12.6 13.2 15.7 14.6 15.0 17.4 12.9 12.3 17.1 12.8 12.0 16.0 12.2 10.7 16.9 12.1 11.3 13.3 12.4 10.9 15.4 

P
re

d
ic

t 

2
0

2
3
 BU 15.5 9.2 11.5 14.6 8.0 10.2 10.5 7.9 8.9 10.1 7.4 10.5 9.6 6.9 11.6 11.7 7.5 10.5 10.1 6.1 8.8 

WV 18.4 13.3 13.0 21.3 13.9 11.0 15.0 13.0 12.4 14.9 11.9 12.1 14.3 10.8 10.3 14.5 10.6 10.4 16.2 10.1 12.5 

NWV 15.1 13.2 15.7 16.0 14.1 16.3 13.1 14.9 16.5 13.2 13.1 15.9 11.9 12.2 16.2 13.1 11.4 14.5 12.2 11.3 15.0 

P
re

d
ic

t 

2
0

2
4
 BU 15.0 10.5 13.6 15.9 8.7 12.2 10.8 7.6 10.9 10.2 7.7 9.9 10.7 8.0 10.8 8.6 6.9 9.8 8.3 6.3 9.0 

WV 18.4 14.7 11.9 23.8 18.0 11.9 18.0 13.3 13.3 17.6 14.4 14.2 16.3 12.4 11.5 13.4 10.3 10.8 16.3 10.6 12.6 

NWV 14.4 13.7 15.2 16.3 17.4 18.0 15.4 14.0 19.0 14.9 15.5 18.8 14.5 13.4 18.5 12.9 11.2 14.2 13.9 10.7 15.5 
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Table-SI 4 Coefficients of determination (R²) for models based on spectral-temporal metrics (STM), spline coefficients 1047 

(SPL), and TESSERA latent embeddings (TES) for all three validated classes built-up surfaces (BU), woody vegetation 1048 

(WV), and non-woody vegetation (NWV) for same-year, temporally transferred, and temporally generalized models. 1049 

  R² Train 2019 Train 2020 Train 2021 Train 2022 Train 2023 Train 2024 Generalized 

    STM SPL TES STM SPL TES STM SPL TES STM SPL TES STM SPL TES STM SPL TES STM SPL TES 

P
re

d
ic

t 

2
0

1
9
 BU 0.74 0.84 0.77 0.75 0.79 0.81 0.83 0.83 0.80 0.85 0.84 0.80 0.82 0.81 0.79 0.80 0.85 0.80 0.84 0.86 0.81 

WV 0.61 0.76 0.70 0.59 0.70 0.70 0.69 0.72 0.69 0.70 0.70 0.68 0.61 0.73 0.73 0.66 0.71 0.71 0.71 0.77 0.73 

NWV 0.81 0.82 0.77 0.77 0.80 0.74 0.83 0.80 0.73 0.82 0.77 0.74 0.79 0.78 0.77 0.80 0.80 0.77 0.83 0.84 0.78 

P
re

d
ic

t 

2
0

2
0
 BU 0.74 0.80 0.74 0.79 0.85 0.79 0.80 0.85 0.80 0.81 0.84 0.79 0.81 0.84 0.76 0.78 0.84 0.76 0.78 0.86 0.79 

WV 0.58 0.71 0.71 0.61 0.72 0.70 0.67 0.72 0.69 0.70 0.72 0.70 0.69 0.73 0.71 0.62 0.68 0.71 0.60 0.81 0.72 

NWV 0.80 0.77 0.78 0.79 0.80 0.76 0.82 0.80 0.75 0.82 0.77 0.77 0.81 0.79 0.77 0.77 0.80 0.79 0.82 0.86 0.79 

P
re

d
ic

t 

2
0

2
1
 BU 0.72 0.83 0.78 0.75 0.84 0.80 0.83 0.85 0.81 0.84 0.84 0.81 0.81 0.84 0.79 0.82 0.83 0.79 0.82 0.87 0.82 

WV 0.53 0.67 0.74 0.57 0.69 0.74 0.67 0.73 0.71 0.69 0.71 0.71 0.58 0.73 0.75 0.64 0.66 0.75 0.64 0.77 0.74 

NWV 0.77 0.77 0.78 0.76 0.80 0.75 0.80 0.81 0.75 0.81 0.78 0.75 0.76 0.79 0.77 0.78 0.78 0.79 0.81 0.84 0.79 

P
re

d
ic

t 

2
0

2
2
 BU 0.72 0.82 0.79 0.73 0.82 0.82 0.84 0.87 0.82 0.87 0.87 0.82 0.84 0.86 0.81 0.81 0.85 0.83 0.87 0.88 0.83 

WV 0.51 0.67 0.73 0.54 0.68 0.72 0.67 0.74 0.71 0.69 0.76 0.73 0.64 0.79 0.77 0.65 0.70 0.78 0.69 0.80 0.74 

NWV 0.77 0.79 0.78 0.77 0.80 0.75 0.81 0.81 0.74 0.82 0.82 0.77 0.81 0.83 0.77 0.81 0.81 0.81 0.83 0.86 0.80 

P
re

d
ic

t 

2
0

2
3
 BU 0.66 0.84 0.79 0.67 0.85 0.82 0.82 0.85 0.84 0.84 0.87 0.82 0.83 0.88 0.81 0.78 0.87 0.82 0.80 0.90 0.83 

WV 0.40 0.70 0.71 0.56 0.71 0.73 0.69 0.72 0.72 0.69 0.74 0.71 0.68 0.79 0.77 0.66 0.74 0.76 0.65 0.81 0.73 

NWV 0.69 0.79 0.76 0.77 0.81 0.76 0.81 0.79 0.75 0.81 0.82 0.76 0.82 0.83 0.79 0.79 0.83 0.81 0.83 0.86 0.79 

P
re

d
ic

t 

2
0

2
4
 BU 0.70 0.82 0.78 0.65 0.82 0.80 0.80 0.86 0.78 0.81 0.87 0.80 0.78 0.84 0.77 0.83 0.88 0.82 0.83 0.90 0.82 

WV 0.44 0.70 0.73 0.53 0.66 0.69 0.63 0.71 0.70 0.66 0.73 0.66 0.61 0.75 0.74 0.71 0.77 0.76 0.67 0.80 0.73 

NWV 0.71 0.78 0.78 0.74 0.75 0.73 0.78 0.79 0.74 0.79 0.78 0.72 0.73 0.78 0.76 0.81 0.83 0.80 0.82 0.86 0.79 
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Table-SI 5 Slopes for models based on spectral-temporal metrics (STM), spline coefficients (SPL), and TESSERA latent 1054 

embeddings (TES) for all three validated classes built-up surfaces (BU), woody vegetation (WV), and non-woody vegetation 1055 

(NWV) for same-year, temporally transferred, and temporally generalized models. 1056 

  Slope Train 2019 Train 2020 Train 2021 Train 2022 Train 2023 Train 2024 Generalized 

    STM SPL TES STM SPL TES STM SPL TES STM SPL TES STM SPL TES STM SPL TES STM SPL TES 

P
re

d
ic

t 

2
0

1
9
 BU 1.13 1.04 0.84 1.11 0.98 0.91 1.08 0.96 0.95 1.11 1.09 0.92 1.05 1.01 0.93 1.13 1.02 0.96 0.96 0.99 0.88 

WV 0.81 0.89 0.85 0.80 0.83 1.01 0.89 0.87 0.97 0.91 0.86 0.89 0.82 0.88 1.01 0.97 0.83 1.00 0.78 0.86 0.88 

NWV 0.92 0.93 0.92 0.96 0.90 0.95 0.95 0.94 0.96 0.99 0.93 0.92 0.94 0.92 1.00 0.97 0.90 0.99 0.86 0.91 0.89 

P
re

d
ic

t 

2
0

2
0
 BU 1.19 1.07 0.84 1.08 0.97 0.89 1.11 0.97 0.92 1.16 1.05 0.95 1.03 1.03 0.92 1.20 1.01 1.00 1.08 0.94 0.86 

WV 0.84 0.83 0.83 0.80 0.82 0.88 0.86 0.86 0.94 0.96 0.88 0.88 0.87 0.85 1.01 0.90 0.77 0.97 0.70 0.86 0.86 

NWV 0.90 0.93 0.91 0.90 0.91 0.93 0.93 0.90 0.95 0.98 0.93 0.93 0.93 0.94 1.03 0.92 0.90 1.00 0.82 0.91 0.88 

P
re

d
ic

t 

2
0

2
1
 BU 1.19 1.12 0.86 1.12 1.00 0.89 1.09 0.97 0.91 1.12 1.08 0.94 1.04 1.02 0.97 1.15 1.01 1.00 1.03 0.96 0.89 

WV 0.79 0.86 0.88 0.81 0.83 1.00 0.86 0.83 0.89 0.90 0.85 0.92 0.82 0.87 1.03 0.95 0.87 1.03 0.73 0.84 0.88 

NWV 0.90 0.93 0.92 0.94 0.92 0.92 0.92 0.91 0.94 0.96 0.96 0.93 0.92 0.95 1.03 0.94 0.95 1.00 0.85 0.88 0.91 

P
re

d
ic

t 

2
0

2
2
 BU 1.18 1.06 0.84 1.15 0.99 0.89 1.10 0.98 0.96 1.11 1.00 0.88 1.06 0.98 0.92 1.17 0.99 0.92 0.96 0.97 0.89 

WV 0.81 0.84 0.86 0.76 0.82 0.96 0.84 0.85 0.94 0.88 0.88 0.85 0.83 0.91 1.00 0.95 0.87 1.02 0.76 0.87 0.87 

NWV 0.91 0.95 0.91 0.94 0.94 0.93 0.92 0.93 0.93 0.94 0.93 0.91 0.92 0.95 0.96 0.93 0.91 0.96 0.84 0.90 0.90 

P
re

d
ic

t 

2
0

2
3
 BU 1.24 1.08 0.85 1.19 1.00 0.91 1.16 0.98 0.97 1.17 1.02 0.90 1.11 1.00 0.94 1.21 1.03 0.92 1.04 1.00 0.90 

WV 0.75 0.88 0.85 0.76 0.84 1.03 0.89 0.84 0.98 0.91 0.92 0.88 0.85 0.90 0.97 0.95 0.85 0.98 0.74 0.91 0.86 

NWV 0.89 0.96 0.91 0.97 0.96 0.96 0.96 0.98 0.94 0.97 0.97 0.93 0.94 0.94 0.96 0.97 0.92 1.02 0.88 0.93 0.89 

P
re

d
ic

t 

2
0

2
4
 BU 1.27 1.14 0.84 1.30 1.02 0.91 1.17 1.02 1.01 1.15 1.06 0.93 1.14 1.02 0.97 1.07 0.99 0.93 0.96 1.00 0.91 

WV 0.77 0.88 0.89 0.74 0.81 1.13 0.80 0.80 0.97 0.83 0.89 0.86 0.77 0.88 1.07 0.92 0.86 1.04 0.73 0.91 0.91 

NWV 0.95 0.97 0.94 0.98 0.96 0.99 0.95 0.97 1.00 0.99 1.00 0.98 0.96 1.01 1.00 0.99 0.94 1.01 0.85 0.96 0.94 
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5. Class-wise results aggregated by year of training and year of prediction 1060 

 1061 

Figure-SI 5 For built-up surfaces: Mean absolute error (a), coefficient of determination (b), and Slope (c) for all years, 1062 

aggregated by year of training (top) and year of prediction (bottom). STM: Spectral-temporal metrics, SPL: Spline 1063 

coefficients, TES: TESSERA latent embeddings, σ: Standard deviation. 1064 

 1065 

Figure-SI 6 For woody vegetation: Mean absolute error (a), coefficient of determination (b), and Slope (c) for all years, 1066 

aggregated by year of training (top) and year of prediction (bottom). STM: Spectral-temporal metrics, SPL: Spline 1067 

coefficients, TES: TESSERA latent embeddings, σ: Standard deviation. 1068 

 1069 

Figure-SI 7 For non-woody vegetation: Mean absolute error (a), coefficient of determination (b), and Slope (c) for all 1070 

years, aggregated by year of training (top) and year of prediction (bottom). STM: Spectral-temporal metrics, SPL: Spline 1071 

coefficients, TES: TESSERA latent embeddings, σ: Standard deviation. 1072 

 1073 
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