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a b s t r a c t 

This data article presents a multi-source dataset of satellite- 

based auxiliary data designed for forest modelling and mon- 

itoring. The dataset integrates annual medoid composites de- 

rived from Sentinel-1, Sentinel-2, and Landsat imagery, to- 

gether with spectral indices, Landsat-based 3I3D change met- 

rics, forest mask and forest type layers, and terrain vari- 

ables derived from the Copernicus GLO-30 DEM, offering 

comprehensive information on forest cover, spectral behavior, 

and change metrics. It provides harmonized predictors across 

seven European countries, ensuring consistency, scalability, 

and ease of use for researchers developing or validating mod- 

els to understand forest dynamics and estimate forest-related 

variables such as biomass or canopy recovery. A curated sub- 

set of the dataset is distributed via Zenodo, along with direct 

public access links to the complete multi-terabyte archive. 
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The data support applications in forest biodiversity conser- 

vation, carbon monitoring, biomass modelling, and climate- 

change impact assessment. 

© 2026 Published by Elsevier Inc. 

This is an open access article under the CC BY license 

( http://creativecommons.org/licenses/by/4.0/ ) 
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pecifications Table 

Subject Earth & Environmental Sciences 

Specific subject area Remote sensing, Big Data analytics, and forestry applications for large-scale monitoring 

and assessment 

Type of data Remote sensing multiband images (GeoTiff format) 

Data collection Data were processed and exported from the Google Earth Engine (GEE) cloud platform 

using filtered Sentinel-1, Sentinel-2, Landsat, and Copernicus products, along with 

Landsat-based change metrics. Annual medoid composites were generated for 

Sentinel-2 (2017–2023) and Landsat (1984–2023), and annual Sentinel-1 radar 

composites were created for 2017–2024 (ascending/descending). Due to the archive’s 

multi-terabyte size, the Zenodo repository hosts a curated subset of the dataset, 

including wall-to-wall coverage for selected products and years, representative tiles for 

large-volume layers, and direct public links to the complete country-level archives. 

Data source location Remote sensing data cover seven European countries (Norway, Sweden, Finland, 

Germany, the Czech Republic, Austria, Italy), providing continuous spatial coverage. 

Data accessibility Repository name: Zenodo 

Data identification number: https://doi.org/10.5281/zenodo.17242538 

Direct URL to data: https://zenodo.org/records/204 4 4955 

Instructions for access: The Zenodo repository hosts a curated subset of the full 

dataset. It includes wall-to-wall Landsat medoid composites for the reference year 

2023 for all countries, Landsat-derived spectral change metrics, and static auxiliary 

layers (forest mask and forest type) for all countries. Sentinel-2 medoid composites 

include multitemporal examples for Austria (2017, 2020, 2023), full national coverage 

for 2023 for Germany, Italy, and Czech Republic, and spatially representative tiles for 

Finland, Sweden, and Norway (2023). Sentinel-1 SAR data are provided as 

representative tiles (ascending and descending) for each country for 2024, plus 

multitemporal tiles for Austria (2017, 2020, 2024). Terrain variables (DEM, slope, 

aspect) are provided as representative samples. A supplementary document containing 

direct public access links to the complete archives, providing unrestricted access to all 

years, countries, and data products described in this article. 

Related research article [ 1 ] Schumacher, J., Cescatti, A., Chirici, G., D’Amico, G., Francini, S., Hertzler, J., 

Mehtätalo, L., Nabuurs, G.J., Nilsson, M., Pitkanen, J., Breidenbach, J. (under review). 

Federated Learning in Forest Resource Modelling and Monitoring: Bridging Data 

Confidentiality and Collaborative Research. JAG - International Journal of Applied Earth 

Observation and Geoinformation. 

. Value of the Data 

• These data provide harmonized annual optical composites from Landsat (5, 7, 8, and 9) and

Sentinel-2, along with Sentinel-1 radar layers. The data are distributed as analysis-ready

raster layers, enabling researchers to inspect derived predictors and incorporate them into

workflows for assessing forest structure, condition, and ecosystem services. 

• The dataset supports large-scale forest monitoring by offering consistent predictors suitable

for photointerpretation, automated classification, spectral feature extraction, and change de-

tection. The combination of optical, radar, photosynthetic activity change metrics, and the-

matic variables enables users to test and develop analytical approaches across ecological and

management contexts. 

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.5281/zenodo.17242538
https://zenodo.org/records/20444955
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• The dataset is consistent across seven European countries, and it allows for cross-border and

cross-scale comparisons of forest conditions using a standardized set of variables. This sup-

ports common forest monitoring efforts and applications – such as those related to federated

learning – and facilitates European and international assessment frameworks. 

• Researchers can reuse this data to develop, calibrate, and validate predictive models for

biomass estimation, disturbance detection, and post-disturbance recovery analysis. The multi-

source composition provides representative input variables for machine learning, spatial

modeling, and time-series analyses. 

• Combining multitemporal examples with long-term Landsat-based change metrics facilitates 

the study of forest dynamics and historical change processes. These data can be integrated

with field observations, forest inventories, or other geospatial datasets to evaluate modeling

approaches and methodological workflows. 

2. Background 

The dataset was created to address the growing need for consistent and accessible remote

sensing predictors to support large-scale forest monitoring across multiple European countries

[ 2 ]. Although extensive satellite data from Landsat and the Copernicus Sentinel missions are

freely available, their operational use often requires substantial preprocessing, including cloud

and shadow masking, radiometric harmonization, and temporal aggregation [ 3 , 4 ]. These steps

can pose technical barriers for researchers or institutions with limited experience in processing

large volumes of satellite data. 

The work builds on well-established methodological advances in remote sensing, particularly

pixel-based compositing and multi-sensor time series analysis. These methods provide a robust

basis for generating spatially and temporally consistent representations of forest conditions using

optical and radar data. Their implementation within the Google Earth Engine (GEE) cloud plat-

form enabled the integration of diverse datasets (Sentinel-1, Sentinel-2, Landsat, and Copernicus

land products) and the systematic generation of standardized annual composites and spectral

change metrics over extended time periods [ 5 ]. 

The dataset was developed to provide a standardized collection of ready-to-use geospatial

variables to support modelling, monitoring, and further methodological development [ 6 ]. By

compiling these predictors into a unified structure, the data provide a common reference frame-

work for a wide range of forest-related analyses. 

3. Data Description 

The dataset presented here offers com prehensive nationwide information for seven European

countries: Austria, Czech Republic, Finland, Germany, Italy, Norway, and Sweden. It includes

long-term time series of Landsat optical data from 1984 to 2023, recent high-resolution data

from the Sentinel-1/2 missions covering 2017 to 2024, and static layers related to topographic

and forest-type variables. The Zenodo repository hosts a curated subset of the dataset, including

reference-year wall-to-wall products and representative samples of large-volume layers. A sup-

plementary document included in the record provides direct public access links to the complete

country-level archives. 

All layers were delivered in GeoTIFF format, ensuring compatibility with standard GIS soft-

ware and platforms. The dataset uses the European Terrestrial Reference System 1989 (ETRS89)

and the Lambert Azimuthal Equal Area (LAEA) projection (EPSG: 3035). The repository is orga-

nized into country-level folders, each containing subfolders corresponding to the available data

types. Annual products include the corresponding year in their filenames; spatial tiles are used

for countries where complete mosaics exceed the file size limit. 

The available layers comprise: Forest mask (binary raster); 
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– Topographic variables, DEM (elevation, slope, aspect); 

– Forest type classification (broadleaved, coniferous, mixed); 

– Annual multispectral medoid composites from Sentinel-2, including reflectance bands and

spectral indices; 

– Annual radar composites from Sentinel-1, from ascending and descending orbits; 

– Annual multispectral medoid composites from Landsat, including reflectance bands and

spectral indices; 

– Landsat spectral change and recovery 3I3D metrics [ 7 ]. 

Table 1 provides a complete summary of the dataset layers, including their spatial resolution,

emporal extent, and source data. 

. Materials and Methods 

The first step in managing large volumes of remote sensing data is generating composite

mages. Considering the multispectral satellite data (i.e., Landsat and Sentinel-2), composite im-

ges are multi-band representations created by combining multiple satellite scenes over time.

ixel computing algorithms aim to reduce noise, fill data gaps, and improve the interpretability

f land surface features. The resulting composites are typically generated using temporal ag-

regation techniques, median reflectance, or cloud-free mosaicking to ensure spatial and spec-

ral consistency, as demonstrated by global composite products based on Sentinel-2 and multi-

ensor data [ 8 , 9 ]. Among various methods for creating composite images through remote sens-

ng, the medoid composite method selects the observed pixel that is most spectrally representa-

ive among all valid observations for a specific period and has emerged as the preferred method

or Sentinel-2 data [ 5 ]. The Medoid compositing approach is scalable, portable to different satel-

ite missions and datasets, and – crucially - maintains the physical consistency of reflectance

alues without introducing temporal blending [ 3 , 10 ]. 

For the Sentinel-1 radar data, annual backscatter composites were created by averaging ob-

ervations within a consistent seasonal window. After applying a speckle filter [ 10 ], we calcu-

ated the per-pixel median of VV (vertical transmit and vertical receive), and VH (vertical trans-

it and horizontal receive) backscatter values from mid-summer (e.g., July–August) for each

ear, separately for ascending and descending orbits. 

In addition to satellite data, the dataset includes spectral change metrics derived from analy-

es of Landsat multitemporal photosynthetic activity indices. Time series analysis has become a

ornerstone in forest monitoring, enabling the identification of both abrupt and gradual changes

n forest cover using dense satellite image archives [ 11 ]. In this study, annual medoid composites

re combined with 3I3D to extract reliable spectral change metrics from Landsat time series [ 7 ].

hese predictors are suitable for developing and validating models related to forest dynamics,

uch as biomass estimation or canopy recovery analysis [ 3 , 12 ]. 

In forest remote sensing, spectral vegetation indices are commonly used to assess ecosys-

em condition, monitor dynamics, and identify spectral changes [ 7 , 13 ]. The most frequently

sed is the Normalized Difference Vegetation Index (NDVI), which measures vegetation “green-

ess’’ and correlates with chlorophyll content and photosynthetic activity. The Normalized Differ-

nce Moisture Index (NDMI), derived from near-infrared and shortwave-infrared bands, detects

egetation water content and effectively monitors drought stress and canopy moisture dynam-

cs. Among these indices, the Normalized Burn Ratio (NBR) is especially useful for identifying

hanges caused by wildfires, logging, and storms, due to its sensitivity to both vegetation and

oil conditions. NBR is widely used in photosynthetic decrease evaluations and as an indicator

f vegetation recovery following spectral change [ 4 ]. Beyond these specific indices, we also uti-

ize the Tasselled Cap Transformation components Brightness, Greenness, and Wetness, which

ffer combined measures of soil reflectance, plant vigour, and surface moisture, respectively

 13 ]. 
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Table 1 

Dataset predictors summary. 

Data Layer Source Complete Temporal 

Coverage 

Spatial Resolution Description Bands/Values 

Forest Mask ESA WorldCover 2020 

& 2021, Copernicus FT 

2018 

2020–2021 10 m Binary mask based on ESA and Copernicus 

Forests products 

Forest 

No_forest 

DEM (elevation, slope, 

aspect) 

Copernicus GLO-30 

DEM 

Static 30 m Topographic variables derived from elevation 

model; consistent GEE integration 

DEM 

Slope 

Aspect 

Copernicus Forest Type Copernicus FT 2018 2018 10 m Forest type classification Non_forest 

Broadleaved_forest 

Coniferus_forest 

Sentinel-2 Medoid Sentinel-2 Level-2A 

MSI 

2017–2023 10 m Annual medoid composite June-October MSI 

NDMI 

NDVI 

EVI 

NBR 

TCB 

TCG 

TCW 

red 

green 

blue 

nir 

swir2 

Sentinel-1 Ascending Sentinel-1 SAR GRD 2017–2024 10 m Annual VV/VH composites from ascending 

orbits 

VV 

VH 

Sentinel-1 Descending Sentinel-1 SAR GRD 2017–2024 10 m Annual VV/VH composites from descending 

orbits 

VV 

VH 

( continued on next page ) 
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Table 1 ( continued ) 

Data Layer Source Complete Temporal 

Coverage 

Spatial Resolution Description Bands/Values 

Landsat Medoid Landsat 5, 7, 8, 9 1984–2023 30 m Annual medoid composite blue 

green 

red 

nir 

swir1 

swir2 

NDVI 

EVI 

NBR 

NDWI 

NDBI 

EMVI 

TCB 

TCG 

TCW 

TCA 

Spectral Change & 

Recovery Metrics 

Derived from Landsat 

Medoid 

1984–2023 30 m Metrics from 3I3D algorithm Modul_a 

p_theta_a 

p_phi_a 

Modul_b 

p_theta_b 

p_phi_b 

nbr 

nbr_pre 

nbr_recovered 

mode_year 

mode_change 

mode_yearOfRecovery 

rs_year 
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These indices are integrated into our annual Landsat and Sentinel-2 composites to leverage

their complementary strengths: NDVI and NDMI for assessing vegetation health and water sta-

tus, NBR for detecting and quantifying photosynthetic fluctuation and the Tasselled Cap compo-

nents for capturing structural and hydrological forest properties. Their combined use enhances

our capacity to monitor forest conditions and change across diverse ecological gradients. 

4.1. Forest mask. A harmonized 10 m forest mask integrating multiple sources to maximize 

forest pixel detection 

A binary forest cover mask at 10 m resolution was created by combining the ESA WorldCover

land cover maps for 2020 and 2021 [ 14 ] with the Copernicus European Forest Type map (2018)

[ 15 ]. Areas classified as forests (‘tree cover’) in either the ESA WorldCover 2020 or 2021 datasets

were combined with forested areas from the 2018 forest type layer using a logical OR operation.

This inclusive approach prioritizes omission error reduction, ensuring subsequent analyses focus

on forested pixels, but may introduce commission errors where permanent forest loss occurred

between reference dataset acquisition dates. 

4.2. Terrain (digital elevation model - DEM) data. Elevation, slope, and aspect derived from 

GLO-30 multiresolution and projection DEM 

Topographic variables from the Copernicus Global Digital Elevation Model at 30 m resolution

(GLO-30) [ 16 ] were used to derive elevation (meters above sea level), slope (degrees), and aspect

(degrees) for each location. 

Terrain attributes influence microclimate, soil properties, and forest growth, and are widely

used for modelling forest dynamics and susceptibility to change metrics (e.g., steeper slopes

may increase erosion risk or windthrow incidence). Topographic variables were derived from

the Copernicus Global Digital Elevation Model (GLO-30), which is based on the WorldDEM

product generated from TanDEM-X radar data. A key characteristic of the GLO-30 dataset is

that it is distributed as multiple tiles with differing native projections and spatial resolutions.

As a result, direct mosaicking without harmonization may lead to inconsistencies in slope

and aspect calculations across regions. To ensure spatial comparability and analytical consis-

tency across countries, all GLO-30 tiles were harmonized by reprojecting to a common refer-

ence system (ETRS89/LAEA, EPSG:3035) and standardized to a consistent 30 m spatial resolu-

tion prior to mosaicking. Geometry-based clipping and controlled resampling procedures were

applied to preserve elevation integrity while ensuring seamless coverage. In addition to pro-

viding consistent terrain predictors (elevation, slope, and aspect), the GLO-30 DEM was also

used as the reference surface for terrain correction during Sentinel-1 preprocessing. By inte-

grating a projection-consistent, resolution-standardized DEM directly into the dataset, the need

for additional end-user preprocessing is eliminated, ensuring reproducibility and cross-country 

comparability. 

4.3. Forest type classification. broadleaved, coniferous, and non-forest categories from copernicus 

forest type map 

The Copernicus Pan-European Forest Type map (2018) offers a 10 m resolution categorical

classification of forests into broadleaf (deciduous) or coniferous types and identifies non-forest

areas. This layer distinguishes between broadleaved and coniferous forests to support analyses of

the effects of spectral change across various forest types. To focus on natural and semi-natural

forests, agricultural plantations and urban trees were excluded from the Copernicus data. It is

also important to note that in some regions marked as forest by the mask, the 2018 forest type

classification might be missing due to its static year and exclusion criteria. 
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.4. Sentinel-2 annual medoid composite. Medoid-based reflectance and spectral index 

omposites from 2017 to 2023 

For each year from 2017 to 2023, an annual optical composite at a 10 m resolution was

reated from Sentinel-2 MultiSpectral Instrument (MSI) Level-2A imagery. All available images

rom June 1 to October 31 of each year were used to capture the growing season and reduce

now or bare ground conditions in temperate forests. 

Only images with a cloud cover of 70% or less were included. From the remaining observa-

ions, a per-pixel medoid composite was calculated. The medoid is defined as the single observa-

ion (among the time series for that year) whose multi-band reflectance vector is most centrally

ocated (minimum sum of distances) relative to all observations in spectral feature space [ 5 ].

his produces a representative pixel value that is less affected by outliers or residual clouds

ompared to a mean or median composite. Each yearly Sentinel-2 composite includes 16 bands.

ive of these are spectral bands (the four visible/NIR bands at 10 m resolution – Blue, Green,

ed, Near-Infrared – plus the SWIR2 band resampled to 10 m). Eight bands are spectral indices

alculated from the source bands, such as the Normalized Difference Vegetation Index (NDVI),

BR, Normalized Difference Moisture Index (NDMI), Enhanced Vegetation Index (EVI) ( Fig. 1 ),

nd other vegetation metrics (specific indices follow the definitions in [ 7 ]). The remaining three

ands are quality and provenance metrics: (i) the Euclidean Distance (ED) of the selected medoid

ixel to the mean of all observations (a smaller ED indicates the chosen pixel is very typical of

hat year’s observations), (ii) the number of images n used in the composite at that pixel, and

iii) the day-of-year (DOY) of the selected observation. All bands were scaled to the 0–255 (8-bit)

ange for storage efficiency. 

.5. Sentinel-1 SAR composite (Ascending and descending). backscatter-based radar metrics for 

orest structure and moisture from 2017 to 2024 

Annual radar backscatter composites at a 10 m resolution were generated from Sentinel-1 C-

and Synthetic Aperture Radar (SAR) Ground Range Detected (GRD) data. Sentinel-1 offers dual-

olarization data (VV and VH), which are sensitive to forest structure and moisture [ 17 ]. For each

ear from 2017 to 2024, we processed all Sentinel-1 observations within a mid-summer window

July 1 to August 31) to minimize phenological variation and avoid seasonal extremes. A standard

e-speckling filter (11 × 11 kernel) was applied to reduce SAR speckle noise. We then calculated

 per-pixel median of the backscatter values over the summer period to produce a stable repre-

entation of forest conditions. Additionally, to minimize terrain-induced radiometric distortion,

n angular-based slope correction was applied using DEM-derived incidence angles, following

he approach proposed by Vollrath et al. [ 18 ]. This method produces stable annual radar met-

ics that complement the optical composites with structural and moisture-related information.

wo separate composites were created each year: one using ascending orbit passes and another

sing descending orbit passes, as the look direction can influence backscatter. Each compos-

te image includes two bands (VV and VH), each stored in decibel. These SAR layers comple-

ent optical data by providing information on forest biomass and structure, even under cloudy

onditions. 

.6. Landsat annual medoid composite. consistent long-term optical composites for multi-decadal

orest monitoring 

Annual composites from the Landsat archive were created for each year from 1984 to 2023

t 30 m resolution, providing valuable data to monitor forests over an extensive historical pe-

iod. We used surface reflectance data from Landsat 5 TM, Landsat 7 ETM + , Landsat 8 OLI/TIRS,

nd Landsat 9 OLI-2 sensors. For each year, images from May 1 to September 1 were selected,
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Fig. 1. Enhanced vegetation indices from the 2023 Sentinel-2 medoid composite for the study countries. 

 

 

 

 

 

 

 

 

 

 

 

 

 

covering the main growing season in many regions while maximizing observations. A cloud

cover threshold of 70% per scene was applied to exclude overly cloudy images. In line with

the Sentinel-2 process, we employed a medoid compositing approach to select a representative

annual observation for each pixel, with additional temporal gap filling. Specifically, to handle

years with sparse, clear observations or anomalies, we applied de-spiking (removal of obvious

outliers) and linear interpolation (infill) using neighbouring years when needed. This method,

inspired by prior studies [ 10 ], results in a consistent annual time series with minimal miss-

ing data. Each Landsat composite includes 17 bands: six core reflective bands (Blue, Green, Red,

Near-IR, Shortwave-IR1, Shortwave-IR2), six spectral indices (e.g., NDVI, NBR, NDMI, etc., similar

to those used in Sentinel-2 composites) [ 13 ], four Tasselled Cap components (Brightness, Green-

ness, Wetness, and an additional ‘angle’ component) computed from reflectance bands, and one

band indicating the number of valid observations (nValidObs) used for medoid selection per

pixel. These Landsat composites provide a long-term record to analyse changes in forest cover

and condition over nearly four decades ( Fig. 2 ). 
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Fig. 2. RGB images for the 2023 Landsat medoid composites over the study countries. 
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.7. Photosynthetic fluctuation metrics. 3I3D-derived indicators of photosynthetic increase and 

ecrease magnitude, timing, and regrowth 

The dataset includes a layer that captures the timing and magnitude of the most recent

hange per pixel, derived from time-series analysis of the Landsat medoid composites. The Three

ndices Three Dimensions (3I3D) [ 7 ] change detection algorithm is applied to the annual Land-

at composites, identifying significant spectral change. The 3I3D algorithm works by analysing

rajectories of spectral indices in three dimensions over time to detect sudden drops that in-

icate photosynthetic decrease. To increase sensitivity to real forest changes and reduce noise,

he analysis was conducted on a subset of Landsat data focusing on peak summer (July–August)

edoid composites, which minimizes phenological variation. A minimum mapping unit of five

andsat pixels (0.45 ha) was applied to reduce noise and remove spectral changes smaller than

his threshold. The algorithm produced annual spectral change maps, from which we extracted

he year of the most recent photometric fluctuation and related metrics for each pixel. These

isturbance metrics include: (1) Year – the year when the latest spectral change occurred; (2)

agnitude – a measure of the spectral change (e.g., the NBR drop) associated with that fluc-
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tuation; (3) Pre-Disturbance NBR – the NBR value before change; (4) photosynthetic increase

NBR – the immediate NBR value after fluctuation; (5) Year of recovery – the year when the NBR

recovered to at least 80% of its initial level; and (6) Recovered NBR – the NBR value in the recov-

ery year when it reached the 80% threshold. The 80% recovery threshold of pre-change NBR is

based on studies indicating this level of spectral recovery reflects significant canopy regrowth

[ 4 ]. If a pixel has not yet recovered to the 80% level, the recovery year remains undefined.

Together, these metrics allow users to understand not only when and where spectral changes

happened, but also their severity and how quickly the forest recovered (if at all). All metrics

were compiled into a single multi-band image that represents the most recent variation at each

pixel. 

Limitations 

While the dataset provides harmonized, multi-source remote sensing predictors, several

limitations must be considered when applying it to forest monitoring. First, its spatial res-

olution (10 m for Sentinel-1 and Sentinel-2; 30 m for Landsat) constrains the detection of

fine-scale forest dynamics, such as small canopy gaps or sub-stand features below approxi-

mately 0.5 ha [ 19 ]. Single-pixel values may be affected by residual noise, geolocation differ-

ences, and local spectral variability; therefore, analyses are more reliable when conducted at

aggregated spatial scales, such as stands or management units, particularly for change metrics

[ 3 ]. 

The dataset uses annual temporal compositing, which is suitable for identifying abrupt distur-

bances, including clearcuts, storms, or wildfires [ 12 ], but may be insufficient for detecting grad-

ual processes such as drought-induced decline, slow pest outbreaks, or subtle structural degra-

dation. These phenomena typically require higher temporal frequency or specialized time-series

algorithms [ 20 ]. 

Spectral change metrics included in the dataset represent only one dimension of forest dy-

namics and do not capture all ecological processes. Users should also consider uncertainties aris-

ing from sensor differences, com positing strategies, and the effects of persistent cloud cover on

optical time series [ 1 ]. 
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