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Abstract 

Forests in Europe are undergoing complex changes that require a comprehensive monitoring of disturbance occurrence. Here 

we present the European Forest Disturbance Atlas (EFDA), a Landsat-based approach for mapping annual forest disturbances 

across continental Europe since 1985. We built a consistent Landsat data cube of summer composites and compiled reference 10 

data on forest land use and forest disturbances. A classification-based approach was developed to detect forest disturbances 

annually, therefore accounting for multiple disturbance events per time-series. The EFDA contains annual layers on 

disturbance occurrence, severity and agent, as well as aggregated layers on the number of disturbances and the latest and 

greatest disturbance year. Based on the annual disturbance estimates (1985-2023), we quantified a total forest disturbed area 

of 439,000 km2, increasing to 610,000 km2 when accounting for multiple overlapping disturbance events. Map accuracies of 15 

the disturbance classification showed an overall F1-score of 0.89, with very low errors (<1%) for the undisturbed class and 

with commission and omission errors for the disturbed class of 17.3% and 22.5%, respectively. Further, temporal validation 

revealed errors decreased over time, with commission substantially decreases to 10.6% after the year 2000. The workflow 

implemented to create annual forest disturbance maps was designed for easy updating when new data arrives and in an open 

access framework to facilitate reproducibility, thus paving the road for an operational forest disturbance system in Europe. 20 

EFDA products are available at https://doi.org/10.5281/zenodo.13333034 (Viana-Soto and Senf, 2024). 

1. Introduction 

Europe's forests cover more than one third of the continent and they provide essential ecosystem services to society (FOREST 

EUROPE, 2020), spanning from timber production and carbon storage (Lindner et al., 2010) water purification and regulation 

(Orsi et al., 2020), to recreation and spiritual value (Saarikoski et al., 2015). Europe’s forests are shaped by a long history of 25 

forest management, with past management decisions driving their current structure and composition (Ciais et al., 2008; 

Sabatini et al., 2018; Seidl and Senf, 2024). Past forest management has also focussed on increasing forest resistance to natural 

disturbances (Seidl, 2014), sustaining a continuous provision of timber and other ecosystem services (Thom and Seidl, 2016). 

In the recent years, however, evidence for changing natural disturbance regimes has been reported globally (McDowell et al., 

https://doi.org/10.5281/zenodo.13333034
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2020) and also in Europe, climate change and climate extremes have led to increased natural disturbances (Patacca et al., 2023; 30 

Senf et al., 2018; Senf and Seidl, 2021b). The trend of increasing natural disturbances coincides with an increasing demand 

for wood globally, with reported increases in timber harvest rates observed across most of Europe (Breidenbach et al., 2022; 

Ceccherini et al., 2020; Palahí et al., 2021; Seidl and Senf, 2024). Forests in Europe are thus undergoing complex changes that 

require a fundamental monitoring of where and when disturbances occur, providing a basis for decision making and forest 

planning. 35 

Remote sensing data can provide detailed and consistent information on forests (Hirschmugl et al., 2017; Senf, 2022), and the 

Landsat archive (Wulder et al., 2022) – covering more than four decades – plays a key role in characterizing disturbances 

(Banskota et al., 2014). In particular, Landsat contributed to a better understanding of the causes and consequences of changing 

disturbance regimes in Europe (Grünig et al., 2022; Lecina-Diaz et al., 2024; Senf and Seidl, 2018; Sommerfeld et al., 2018; 

Stritih et al., 2021) and on disturbance interactions (Buma, 2015; Hermosilla et al., 2019; Turner and Seidl, 2023). Since the 40 

opening of the Landsat archive, different methodologies and algorithms have emerged for monitoring forest cover change 

across large areas (Zhu, 2017), with a regional focus on forests of the United States and Canada (Kennedy et al., 2010; 

Verbesselt et al., 2010; Zhao et al., 2019; Zhu and Woodcock, 2014b). Such forest change detection algorithms can broadly 

be grouped into four types: (1) trajectory segmentation approaches (Hughes et al., 2017; Kennedy et al., 2010; Moisen et al., 

2016), (2) time series decomposition approaches (Verbesselt et al., 2010; Zhao et al., 2019), (3) threshold-based methods 45 

(Huang et al., 2010), and (4) classification approaches (Hansen et al., 2013; Hermosilla et al., 2015). Time series segmentation 

or decomposition methods rely on the detection of statistical breakpoints in a spectral time series to detect forest change. While 

easy to implement and requiring little to no reference data, such approaches make use of only a limited set of spectral 

characteristics (usually one spectral index) and they require re-calibration when new observations are incorporated (Hermosilla 

et al., 2017). Threshold-based methods, in turn, can be easily updated with new data but they rely on simple thresholds that 50 

might be difficult to apply across different ecosystems, because thresholds will vary depending on forest composition and site 

conditions (Cardille et al., 2022). Classification-based methods, particularly machine learning-based approaches (Belgiu and 

Drăguţ, 2016), can capture complex patterns and adapt to different types of disturbances and varying environmental conditions 

(Cardille et al., 2022). This makes them more flexible to map changes across large areas (Hansen et al., 2013). Classification-

based approaches also apply a strict definition of disturbances (i.e. by a well-defined classification label) and they can reliably 55 

reduce commission errors resulting from noise in the time series (Cohen et al., 2017; Hermosilla et al., 2015). Finally, annual 

classification approaches can also facilitate the detection of more than one disturbance per pixel time series, which can be 

challenging with trajectory-based approaches (Hermosilla et al., 2015). 

Due to the rapid development of new remote sensing approaches, there is growing interest to also develop operational forest 

monitoring systems at the level of the European Union (Fassnacht et al., 2024; Ferretti, 2024; Ferretti et al., 2024; Nabuurs et 60 

al., 2022) and in particular for the monitoring of tree cover change and disturbance (Dutrieux et al., 2023; European 

Commission et al., 2023). As global tree cover change products contain high uncertainty when analyzed regionally (Ceccherini 
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et al., 2020, Breidenbach et al., 2022; Palahí et al., 2021), efforts have been made to develop forest disturbance monitoring 

approaches specifically for Europe (Francini et al., 2021; Senf and Seidl, 2021a; Turubanova et al., 2023). Francini et al. (2021) 

proposed an automated algorithm (3I3D) for mapping forest disturbances based on spectral change in three indices within 65 

three consecutive years. The approach has shown good results for harvest disturbance detection in Italy but was yet not applied 

at continental scale. Shortly after, Senf and Seidl (2021a) created the first pan-European characterization of forest disturbance 

by combining a trajectory-segmentation algorithm (LandTrendr; Kennedy et al., 2010) with a random forest classification 

approach to filter out false positives from the LandTrendr segmentation (Cohen et al., 2018). While delivering spatially 

consistent data across Europe, this approach was constrained to the greatest change event per pixel and thus cannot include 70 

multiple disturbances per pixel. Turubanova et al. (2023) modelled changes in tree crown height across Europe from 2001 to 

2021 by integrating Landsat imagery and Lidar data (ALS and GEDI). It constitutes the first attempt to analyse the evolution 

of tree canopy height at the European scale, but it only includes data from 2001 onwards and thus lacks a baseline for 

understanding more recently observed changes and for quantifying trends over time. As such, while there is a multitude of 

different approaches and products mapping forest disturbance across Europe, none of the existing approaches fulfils all 75 

requirements for an operational monitoring of forest change in Europe.  

We here present the European Forest Disturbance Atlas (EFDA), which is a Landsat-based approach for mapping annual forest 

disturbances across continental Europe since 1985. The EFDA contains annual layers on disturbance occurrence, severity and 

agent, as well as aggregated layers on the latest and greatest disturbance year and on the number of disturbances. The aim of 

this paper is to (i) explain and document the data and processing routines used for Landsat-based disturbance mapping, (ii) 80 

quantify uncertainties and errors in the disturbance maps, (iii) describe the individual map products derived from the 

disturbance maps, and (iv) discuss the use (and misuse) of the EFDA for forest monitoring. 

2. Data and Methods 

The overall workflow behind the EFDA contains six processing steps summarized in Figure 1 and described in full detail in 

the following sub-sections: First, building a consistent Landsat data cube for Europe. Second, compiling a reference dataset 85 

on forest land use and forest disturbances. Third, creating a consistent forest land use mask. Fourth, developing a classification-

based approach to detect disturbances annually at the pixel level. Following this, validating the forest land use mask and 

disturbances maps based on an independent reference sample. Fifth, identifying disturbance patches and the likeliest agent of 

disturbance at the patch level. Lastly, creating a set of summary layers on forest disturbances and forest disturbance agents. 
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Figure 1. Overview of the workflow for creating the European Forest Disturbance Atlas. 

 

2.1. Landsat data cube 

Our analysis area covers continental Europe, which was defined as all European countries except for Russia, Malta, Cyprus 

and overseas territories and which covers a total of 5,749,424 km2 of land area. For the analysis area, we identified all Level-95 

1 images collected from Landsat 4 to Landsat 9 since 1984 and with a cloud cover below 60 %. We only searched for images 

within the growing season (1st June and 30th September) to prevent differences in reflectance caused by phenological variations 

and sun angle changes. This resulted in a total of 115,663 images until 2023, which we downloaded from the United States 

Geological Survey (Figure 2a). The Level-1 Landsat images were further processed to surface reflectance (Level-2) and 

organized in a data cube structure of non-overlapping tiles of 150 x 150 km (Figure 2b) using the Framework for Operational 100 

Radiometric Correction for Environmental Monitoring (FORCE version 3.7.9, Frantz, 2019). Processing steps included 

atmospheric corrections using a precompiled water vapor database (Frantz et al., 2016), topographic correction using the 

ASTER Global Digital Elevation Model Version 3 (Abrams et al., 2020), bidirectional reflectance distribution function 

corrections, as well as cloud and cloud shadow masking (Frantz et al., 2016; Roy et al., 2016; Zhu and Woodcock, 2012). 

Topographic normalization is performed by applying a modified C-correction (Kobayashi and Sanga‐Ngoie, 2008), which is 105 

a physically based correction of topography, amended by an empirically derived extra parameter C (Hantson and Chuvieco, 
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2011). Cloud masking is applied using a modified version of Fmask with additional steps that enhance cloud and shadow 

detection (Frantz et al., 2016). After detecting clouds and cloud shadows in every Landsat image independently by using the 

Fmask algorithm, a time-series algorithm is applied to detect outliers and remove additional clouds and shadows on a per-pixel 

basis (Frantz et al., 2015; Zhu and Woodcock, 2014a). 110 

From the Level-2 data cube, we created annual, cloud-free best available pixel composites across the whole analysis area. Best 

available pixel compositing has been demonstrated to yield temporally and radiometrically consistent data for large area 

mapping (Hermosilla et al., 2022), and recent research has shown their superiority in detecting disturbances compared to other 

temporal aggregation methods (Francini et al., 2023). For creating the best available pixel composites, we selected for each 

pixel the best observations based on a parametric weighting scheme established in previous research (Griffiths et al. 2013). 115 

Observations were ranked per pixel according to distance to clouds and cloud shadows, haze opacity and proximity to a 

predefined target date (1st of August; Figure A1- Appendix). Each of these factors is assigned a specific weight in the scoring 

algorithm and only high-quality pixels are considered, i.e. observations with very low cloud or haze score are discarded. The 

observation with the highest cumulative score is then selected as the best pixel for each location, ensuring both spectral and 

temporal consistency in the composites. As there were still remaining gaps in the composites (i.e., areas where no high-quality 120 

observation was found during the summer season, 10.1% of the total area on average (see Figure A2 - Appendix for annual 

details), we applied a linear gap-filling algorithm extrapolating the previous year’s spectral values to fill remaining gaps (Figure 

2c), reducing data gaps to 4.9% per year on average.  



6 

 

 

Figure 2. a) Number of images processed per year and sensor (1984-2023). b) Clear Sky Observations across Europe for the entire 125 
time series and tile system of the data cube. c) Examples of best available pixel (BAP) composites (RGB: SWIR2/NIR/Red) for 

Europe and resulting composites after gap-filling. 
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2.2. Reference data for disturbance mapping 

We compiled reference data for both forest and non-forest land use pixels, used to train a classifier that discriminates forest 

from other land use, as well as for disturbance and undisturbed pixels, used to train a classifier that detects tree cover change 130 

within forest land use annually. For the latter, we used a previously established dataset of 20,084 manually interpreted Landsat 

pixels for 35 countries available in https://zenodo.org/records/3561925. The dataset was built from two samples: The first one 

containing 24,000 randomly selected Landsat pixels for six countries across all land uses for the period 1985 to 2017 (Central 

Europe; Senf et al., 2018). The second one containing 500 randomly selected Landsat pixels for 29 countries (excluding Central 

Europe) within forest land use for the period 1985 to 2018 (Senf et al., 2021). After removing non-forest land use pixels from 135 

both samples, we were left with a total of 20,084 reference pixels within forest land use across Europe (Figure A3 - Appendix). 

For each pixel, trained interpreters segmented the spectral time series into linear segments of stable, disturbance and recovery 

(Figure 3) using an established interpretation tool (Cohen et al., 2010). Using Landsat images and high-resolution imagery 

available in Google Earth, the interpreters can determine whether spectral changes correspond to forest canopy changes or 

whether spectral changes were caused by other artifacts, such as clouds, illumination conditions or phenological variations. 140 

The interpreters additionally recorded the land cover for each node of each segment (tree [>=50% tree cover] or non-treed 

[<50% tree cover]), which allowed us to disentangle stand-replacing disturbances (land cover changes from treed to non-treed) 

from non-stand-replacing disturbances (land cover stays treed despite disturbance). For full details on the interpretation, we 

direct the reader to the original publications (Senf et al., 2018, 2021). We converted the linear segments into annual binary 

information on disturbance occurrence (Figure 3), which yielded 662,772 data points (pixel-year combinations) to train an 145 

annual classification model. 

For masking out all non-forest land use, we complemented the above sample within forest land use with non-forest land uses 

reference points from the LUCAS database (Land Use and Coverage Area frame Survey, Eurostat: 

https://ec.europa.eu/eurostat/web/lucas). The LUCAS database is a spatially explicit database using a stratified random 

sampling design and trained field surveyors to assess land use and land cover (among other parameters) at 651,676 locations 150 

across Europe over the years 2006 to 2018 (d’Andrimont et al., 2020). LUCAS has been successfully used for land cover 

mapping (Pflugmacher et al., 2019) and thus is an ideal database for generating reference information for large-scale remote 

sensing analyses. From LUCAS, we extracted samples on the following categories: artificial land, croplands, grassland, bare 

land, water, and wetlands. We used only direct observations made at the plot in the field or via photointerpretation for which 

the land cover area was >1 ha, the land cover proportion was >80%, and plots for which the field-observed GPS location was 155 

<15m away from the LUCAS point. We collected a total of 46,651 non-forest reference pixels that way, matching the forest 

to non-forest land use ratio per country following statistics available in the FAOSTATS database (FOREST EUROPE, 2020). 

Doing so yields a random sample per country, i.e. the share of samples within and outside forest land use corresponds to the 

share of forest to non-forest land use of the country.  

https://zenodo.org/records/3561925
https://ec.europa.eu/eurostat/web/lucas
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From both samples, a validation subsample of 2500 pixels each was retained for independent validation of the forest land use 160 

and forest disturbance classification. The land use validation sample was drawn proportionally to each countries land area and 

stratified by forest share within each country (see Table 1), which emulates a random sample across Europe’s land area. That 

said, due to the absence of LUCAS information for 10 countries, the non-forest sample was slightly smaller (2066 samples) 

than the planned 2500 samples (see Table 1). The forest disturbance validation sample was drawn proportionally to each 

countries forest area, which emulates a random sample across Europe’s forest area. Both samples are thus independent, random 165 

draws from the full population and allow for estimating unbiased map accuracies of the final map products. 

 

Figure 3. Schematic representation of the original reference data from Senf et al. 2018 and Senf et al. 2021: a) Image chips and 

corresponding segmentation labels of stable forest, disturbance and recovery segments and corresponding land cover of treed (T) 

and non-treed (N), ultimately labelled into annual binary classes of Undisturbed (U) and Disturbed (D); b) examples of undisturbed 170 
forest, a gradual non-stand replacing disturbance and multiple stand-replacing disturbances, and their corresponding binary labels. 

 

 

 

 175 
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Table 1. Sizes of the validation samples for the land use and disturbance classifications and the corresponding weights used for 

calculating the sample size (missing samples in the LUCAS database indicated by “-“) 

Country name Country area  Forest area  Land area Forest area  

Land use validation 

sample 

Disturbance 

validation sample 

 (km2) (km2) proportion proportion forest non-forest forest 

Albania (AL) 28786.07 7716 0.00501 0.268 3 - 9 

Austria (AT) 83988.21 39600 0.01461 0.471 17 20 47 

Belarus (BY) 207575.27 80334 0.03610 0.387 35 - 96 

Belgium (BE) 30587.77 6834 0.00532 0.223 3 10 8 

Bosnia and 

Herzegovina (BA) 51030.41 25599 0.00888 0.502 11 - 31 

Bulgaria (BG) 110953.91 36250 0.01930 0.327 16 32 43 

Croatia (HR) 57017.2 24901 0.00992 0.437 11 14 30 

Czechia (CZ) 78842.74 26000 0.01371 0.330 11 23 31 

Denmark (DK) 43501.59 6120 0.00757 0.141 3 16 7 

Estonia (EE) 45405.32 23066 0.00790 0.508 10 10 27 

Finland (FI) 338434 233320 0.05886 0.689 101 46 278 

France (FR) 549006.24 246640 0.09549 0.449 107 132 294 

Germany (DE) 357454.99 114190 0.06217 0.319 50 105 136 

Greece (EL) 124885.96 37600 0.02172 0.301 16 38 45 

Hungary (HU) 93001.36 20990 0.01618 0.226 9 31 25 

Ireland (IE) 70243.37 7540 0.01222 0.107 3 28 9 

Italy (IT) 300887.48 106736 0.05233 0.355 46 85 127 

Latvia (LV) 64549.9 28807 0.01123 0.446 12 16 34 

Lithuania (LT) 64941.46 21223 0.01130 0.327 9 19 25 

Moldova (MD) 33847.27 3290 0.00589 0.097 1 - 4 

Montenegro (ME) 13764.39 6252 0.00239 0.454 3 - 7 

Netherlands (NL) 35162.75 3650 0.00612 0.104 2 13 4 

North Macedonia 

(MK) 25438.31 10285 0.00442 0.404 4 - 12 

Norway (NO) 311654.47 121120 0.05421 0.389 53 - 145 

Poland (PL) 311759.97 90000 0.05422 0.289 39 97 107 

Portugal (PT) 88700.69 31820 0.01543 0.359 14 25 38 

Romania (RO) 238289.83 69610 0.04145 0.292 30 74 83 

Serbia (RS) 88372.28 27200 0.01537 0.308 12 - 32 

Slovakia (SK) 49036.66 20006 0.00853 0.408 9 12 24 

Slovenia (SI) 20221.19 12574 0.00352 0.622 6 3 15 

Spain (ES) 498518.52 184180 0.08671 0.369 80 136 219 

Sweden (SE) 450040.79 280730 0.07828 0.624 122 74 335 

Switzerland (CH) 41239.21 12540 0.00717 0.304 5 - 15 

Ukraine (UA) 597120.26 105000 0.10386 0.176 46 - 124 

United Kingdom 

(UK) 245164.44 28650 0.04264 0.117 13 94 34 

     912 1154 2500 

     2066  
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2.3. Forest land use mask 

A forest land use mask was required to mask out any non-forest land use areas, which often exhibit strong spectral changes 180 

that could be confused with disturbances. Since there is no consistent forest land use mask available across all continental 

Europe, we created our own forest land use mask using a multitemporal classification approach. We broadly followed the FAO 

definition of forest land use, which is any area that has or will reach tree cover greater 10% in the near future, is larger than 

0.5 ha and 20 m in width, and which is primarily not used under urban or agricultural land use (FAO, 2020). This definition 

thus includes young forests of lower tree cover, areas of reforestation and temporally unstocked areas (e.g. forestry roads).  To 185 

match this definition, we assigned each reference pixel (see Section 2.2.) that has been treed (even temporally) since 1985 as 

forest land use. All reference pixels of other land uses (i.e. artificial, croplands, water bodies) were assigned to non-forest land 

use. We use such a broad land use definition, instead of a recent tree cover map, to avoid masking recently disturbed areas that 

are temporally unstocked but still considered forest land use. Using the reference categories assigned to each pixel, we trained 

a random forest model with a stack of all annual best available pixel composites as input, comprising 34 years with 6 spectral 190 

layers and 6 spectral indices (Table 1), resulting in 408 features (see Figure A4 for a visualization of the feature space and 

Figure A6 for further details on variable importance). We then applied the model to the raster stack to yield one classification 

of forest/non-forest land use for our entire study period. According to the FAO definition, we also defined a minimum mapping 

unit (MMU) consisting of 6 Landsat pixels for the forest mask (0.54 ha), converting smaller patches to non-forest. All non-

forest land use pixels were excluded from following analyses. 195 

2.4. Annual disturbance mapping 

For each forest land use pixel, forest disturbances were classified on an annual basis since 1985. Disturbed and undisturbed 

forests have a distinctive spectral signal across a two-year period, as spectral characteristics change significantly during 

disturbance while they remain constant for undisturbed forests (Kennedy et al., 2007). We hence calibrated a random forest 

model to identify disturbed and undisturbed pixels using the spectral information from a given year (target year t0) and the 200 

previous year (reference year, t-1) to disentangle inter-annual stability and change. As classification input we used a set of 

spectral indices (NDVI, Tucker, 1979 and NBR, García and Caselles, 1991), the Tasseled Cap components (Baig et al., 2014; 

Crist, 1985), and the Disturbance Index (Healey et al., 2005) (Table A1, Figure A5 and see Figure A6 for further details on 

variable importance). As reference we used undisturbed and stand-replacing disturbances (i.e. disturbances that led to a change 

in land cover; see Section 2.2), which indicate a clear opening of the top canopy and thus allow the model to learn the distinct 205 

spectral differences between undisturbed and disturbed pixels. The trained model was then applied annually, which facilitates 

updating the map product as soon as images are available for the next year. 

Due to the imbalanced nature of the sample (disturbances representing only 3%), we applied the SMOTE method (Chawla et 

al., 2002), which helps by lowering the overall learning cost, assigning higher costs to misclassifying the minority class, and 

balancing the data through under-sampling the majority and over-sampling the minority class. We further used the module 210 
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RandomizedSearchCV (Pedregosa et al., 2011) to efficiently find the best set of hyperparameters using cross-validation, 

selecting the combination that resulted in the highest area under the receiver operating characteristic curve score. To classify 

the probability of disturbance into the binary categories disturbed and undisturbed, we optimized the probability cutoff using 

the F1-score derived from cross-validation. The optimal threshold was 0.5 with an overall F1-score of 91%. 

Finally, we applied several post-processing steps: First, annual maps were masked according to the forest land use mask 215 

(MMU=0.54 ha) and a minimum mapping unit of 3 Landsat pixels was assigned (0.27 ha), reducing the number of single false 

positive pixels (so-called salt-and-pepper effect typical for pixel-based classification). Second, we applied a collapsing step in 

which multiple disturbances detected in a time window of <4 years since the last disturbance were reduced to the first year the 

disturbance sequence was detected (Figure 4). This was done to avoid illogical changes (i.e. disturbance, no disturbance, 

disturbance) and double counting of disturbances in consecutive years that arise from the same disturbance event. That is, if a 220 

disturbance event extends over multiple, consecutive years, we will map only the first year of the disturbance segment as 

disturbed.  

 

Figure 4. Schematic view of collapsing step to relabel illogical and consecutive disturbance events. 

2.5. Accuracy assessment 225 

Robust estimation of map accuracies is important for map uptake and subsequent analyses (Olofsson et al., 2014). We 

quantified map accuracies of both the forest land use and forest disturbance maps using the independent samples described in 

2.2 and standard confusion matrices, from which we estimated omission errors/producer’s accuracies (or recall), commission 

errors/user’s accuracies (or precision) and overall errors/accuracies and F1-scores (Forman and Scholz, 2010). Uncertainties 

in each accuracy estimate were quantified using bootstrapping with 1000 repetitions, which simulates sampling variability due 230 

to hypothetical repeated sampling for each estimate. We further assessed how accuracies of the disturbance map varied 

spatially and temporally. For assessing spatial variability, we computed confusion matrices per region (North - 7 countries, 

Central - 20 countries, and South - 11 countries), according to FOREST EUROPE 2020 definitions). For assessing temporal 

variability, we computed confusion matrices and corresponding accuracy estimates per year and for different periods. We also 

calculated confusion matrices using only stand-replacing disturbances (i.e. pixels where the interpreter assigned a change in 235 

land cover) and both stand-replacing and non-stand-replacing disturbances (i.e. pixels where the interpreter assigned no change 
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in land cover). We did so to test the sensitivity of our maps and map accuracies to low-severity disturbances. Further, we 

compared the forest land use area estimated from our map to national level statistics on forest land use area obtained from t he 

FAOSTATS database (FOREST EUROPE, 2020). We finally compared our disturbance estimates to existing datasets for 

Europe (Hansen et al., 2013; Senf and Seidl, 2021a; Turubanova et al., 2023). 240 

2.6. Agent attribution  

To identify the most likely agent of disturbances, we adapted an existing attribution algorithm (Sebald et al., 2021; Seidl and 

Senf, 2024; Senf and Seidl, 2021b) for the annual disturbance maps. The algorithm first detects disturbance patches by 

grouping pixels disturbed in the same year that are connected by an edge or corner using queen-contiguity. That is, the analysis 

is performed at the patch-level and not at the pixel level anymore, allowing us to derive patch-level predictors important for 245 

disturbance agent attribution (Oeser et al., 2017; Sebald et al., 2021; Stahl et al., 2023). To correct for timing errors in the 

disturbance map (e.g., a fire mapped over two years might appear as two separate fires), patches from consecutive years that 

share an edge are merged, with the disturbance year assigned based on a majority vote (see Senf and Seidl 2021b for details). 

For each patch, we generated a set of 18 predictors, including its size, shape, spectral characteristics, and surrounding landscape 

(see Table 2 for details and Figure A6 for further details on variable importance, as well as Seidl and Senf, 2024; Senf and 250 

Seidl, 2021b). 

Table 2. Predictors used in the agent attribution model 

Predictor group Predictor Description 

Spectral characteristics Spectral change (NBR, TCB, TCG 

and TCW) 

The mean, standard deviation and maximum value in the respective 

spectral index during the disturbance event. 

Patch characteristics Patch size and perimeter The total size of the disturbance patch in ha and perimeter (total 

number of boundary pixels for the patch) 

 Patch fractional dimension index The fractional dimension index, given an indication of patch 

complexity, with larger values indicating more complex patches. 

Landscape Pulse-dynamics The proportion of disturbances in a 5 km radial buffer occurring in 

the same year as the focal patch. The values range between zero 

and one, with zero indicating no other disturbances in the same 
year in the 5 km neighbourhood (high spatiotemporal segregation), 

whereas a value of one indicates that all other disturbances in the 

surrounding neighbourhood occurred in the same year (high 

spatiotemporal clustering). 

 Number of patches Overall number of patches in the 5 km radial buffer. 

 

As reference data, we used an extended reference database of 12,571 points for fires, windthrows, and bark beetle disturbances. 

This database builds upon an existing reference database of 11,364 points of fires and windthrows developed in Senf & Seidl 255 

(2021b), and which was extended to 12,571 points to also including bark beetle disturbances (Seidl & Senf, 2024). This dataset 

was created by combining visual interpretation of an existing disturbances map (Senf and Seidl, 2021a), Landsat data and high-
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resolution imagery with different databases on storms (FORWIND, Forzieri et al., 2020), insect outbreaks (DEFID2, Forzieri 

et al., 2023) and fire related disturbances (EFFIS, https://forest-fire.emergency.copernicus.eu/). Additionally, papers 

documenting bark beetle outbreaks in Europe were used to support the interpretation of bark beetle patches (Hlásny et al., 260 

2021). Each point in the reference database was linked to a disturbance patch in our disturbance map by a unique patch id. In 

some cases, two or more occurrence points fell within the same disturbance patch (especially for large fires or windthrows), 

which reduced the number of patches with an agent label to 12,314 (10,114 for windthrow, 1,085 for bark beetles and 1,115 

for fire). The database thus covers the three most important natural disturbance agents in Europe (Patacca et al., 2023). We 

note, however, that the focus of the attribution is on the root cause of disturbance. That is, an area affected by natural 265 

disturbances (e.g. wind) that is salvage logged afterwards is considered a wind disturbance. We did not have dedicated 

information on harvest in the reference database, because there is no reliable spatially explicit information on harvest activities 

and interpreting harvest is difficult, because harvest can happen in reaction to natural disturbances (i.e. salvage logging).  We 

thus used an approach developed in Senf and Seidl (2021b) and selected a random background sample from all disturbance 

patches to indicate the absence of fire, windthrow or bark beetle outbreaks in the model. As harvest is assumed to be the major 270 

disturbance agent in Europe (Patacca et al., 2023; Seidl and Senf, 2024), this background sample will represent harvest 

conditions in contrast to the agent information available in the existing databases. In essence, this approach is similar to 

presence-only species distribution models, where absence data is also rare (Valavi et al., 2022). We drew a total of 12,314 

random patches to represent harvest, equalling to the sum of wind, fire and bark beetle disturbances, and resulting in a final 

reference database of 24,628 patches. We following trained a random forest model using the agent labels in the reference 275 

database and predictors described above. We initially trained a model classifying each patch into one of the four agent 

categories (wind, fire, bark beetle and harvest) but found high confusion between wind and bark beetle disturbances. This was 

mostly due to bark beetle reference data being available mostly for very recent, large-scale bark beetle outbreaks in Central 

Europe that resemble past windthrows in their form and shape. Since less historic information was available on bark beetle 

disturbances that could have improved model skill, we decided to group wind and bark beetle disturbances into one category. 280 

Ecologically, both disturbance agents form a disturbance complex with wind disturbances often triggering bark beetle 

disturbances and vice versa (Seidl and Rammer, 2017). That said, as bark beetle has been a less important natural disturbance 

agent compared to wind and fire disturbances prior to the recent Central European drought event (Patacca et al., 2023), 

disturbances in the wind/bark beetle category prior to 2017 can be considered as mostly wind dominated, while disturbances 

in the same class can be considered bark beetle dominated after 2017. Finally, as there was no independent sample of reference 285 

data available at the agent level, we were unable to provide map accuracies on the resulting agent maps. We through provide 

model accuracies derived from a fivefold spatial block cross-validation (Valavi et al., 2019) with class errors for each class. 

Those model accuracies should be taken with caution, because they do not represent true map accuracies. 
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2.7. Summary layers 

Using the annual maps of disturbances and the underlying spectral information, we computed a series of layers that compose 290 

the European Forest Disturbance Atlas (EFDA) (Viana-Soto and Senf, 2024; see Table 3 for a detailed summary). The 

resolution of all layers is 30-m, containing information from 1985 to 2023 (in the current version 2.11). The data is distributed 

at the country level using the ETRS89 coordinate reference system and the Lambert Azimuthal Equal-Area projection 

(ETRS89-extended / LAEA Europe; EPSG:3035) and can be downloaded from (https://doi.org/10.5281/zenodo.13333034).  

 295 

 
Table 3. Summary layers of the European Forest Disturbance Atlas 

 Name Valid range  Description 

Forest land use mask forest_mask_{country} 1 Forest land use mask  

Annual disturbance annual_disturbances_1985_2023_{country} (0, 1) Stack of annual disturbances indicating 

undisturbed (0) and disturbed (1) 

Disturbance 

probability 

disturbance_probability_1985_2023_{country} (0, 100) Stack of annual disturbance 

probabilities within forest areas 

Latest disturbance latest_disturbance_{country} (1985, 2023) Indicates the year of the most recent 

disturbance 

Greatest disturbance greatest_disturbance_{country} (1985, 2023) Indicates the year of the highest 

disturbance severity (greatest spectral 

change) 

Number of 

disturbances 

number_disturbances_{country} Categorical  

(1, 2, 3, 4) 

Indicates the number of disturbance 

events within the time-series (1, 2, 3, or 

more than 3 events, i.e. 4) 

Disturbance severity disturbance_severity_1985_2023_{country} (-10,000, 10,000) Stack of spectral change in NBR for 

disturbance patches (t - t-1). 

Disturbance agent disturbance_agent_1985_2023_{country} Categorical  

(1, 2, 3) 

Annual classification of disturbance 

agents (1- wind/bark beetle, 2- fire, 3- 

harvest).  

Aggregated 
disturbance agent 

disturbance_agent_aggregated_{country} Categorical  

(1, 2, 3, 4) 

Aggregated layer of agents that 
summarises the dominant agent within 

the time-series. In those cases where a 

pixel has been disturbed more than once 
and by multiple agents, the class mixed 

(4) is assigned.  

3. Results 

3.1. Map products in the EFDA 

Our newly created Forest Disturbance Atlas for Europe provides a set of variables at 30-m describing forest disturbances 300 

annually since 1985 (Figure 5). By mapping disturbances annually, we capture multiple disturbance events to obtain direct 

https://doi.org/10.5281/zenodo.13333034
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information on the number of disturbances, the latest disturbance (most recent disturbance event), and the greatest disturbance 

(event with the greatest spectral change). The annual disturbance maps are coupled with the estimated annual disturbance 

probabilities from Random Forest as a proxy of uncertainty on disturbance detection (Figure B1 appendix). Maps are 

constrained to our forest land use mask, which includes areas that have been forest at some point within the time series and 305 

thus avoids masking recently disturbed areas.  

Figure 5 shows a Europe-wide overview of the area affected by disturbances over the last four decades. The individual layers 

show the ability of our atlas to precisely retrieve disturbance characteristics across different disturbance regimes, such as  a 

recent bark beetle outbreak interspersed with harvest activities in the Thuringian Forest in Germany (Figure 5a), interactions 

between different agents in an intensively managed forest plantation in the Gascony region in France (Figure 5b), where a 310 

windstorm was captured in 1990 and a recent fire occurred in 2023, as well as recurrent fires in planted forests in central 

Portugal (Figure 5c). 

Based on the annual disturbance estimates (Figure 6), we quantified a total forest disturbed area of 439,000 km2 (22% of the 

total forest area) that increases to 610,000 km2 when accounting for multiple disturbance events (i.e. considering area disturbed 

in multiple years, such as reburns or multiple harvests). From those disturbed areas, 72% correspond to areas with one 315 

disturbance event while 18.9% (115,000 km2) have two disturbance events, and 9.1% (55,000 km2) have three or more 

disturbance events. That is, a total of 28% of all pixels disturbed in Europe in the past four decades had multiple disturbance 

events. These multiple disturbances mostly occur in southern Europe (e.g. Portugal, Spain), where multiple fires occurred 

interspersed with harvesting activities, as well as in regions characterized by short-rotation plantation systems, e.g. the south 

of France, Hungary, Poland or Sweden, with harvests return periods of 15-20 years. Planned disturbances caused by human 320 

land use (harvest) caused 79.2% of the total disturbed area and the natural agents were responsible of 20.8% of the disturbances 

found (12% from wind and bark beetle outbreaks and 8.8% from wildfires). 
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Figure 5. Forest disturbances in Europe (1985-2023). Details show (a) bark beetle outbreaks in central Germany; (b) a combination 

of a windstorm event and a recent fire in a managed forest plantation in Gascony (France); and (c) recurrent fire disturbances in 325 
central Portugal. 
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Figure 6. Number of hectares disturbed per year (a) and area disturbed per number of events (b) 

 

3.2. Validation 330 

The assessment of the land use mask, discriminating between non-forest and forest land use, yielded high accuracies with an 

overall F1-score of 0.92, with F1-scores of 0.93 for non-forest and 0.91 for forest land use, respectively (Table 4). Commission 

and omission errors were thus overall low (<10%) and well balanced, indicating that on average 7.5% of the pixels in the land 

use mask will be wrongly classified. Further, comparison of the estimated forest area at national level with forest land use area 

from FAOSTATS showed a high agreement (R2 = 0.98; MAE = 6,019km2, 16.9%; Figure 7), with a slight tendency of 335 

overestimating forest area. 

  

Table 4. Confusion matrix of the forest land use map  

 Reference data     

 Non-forest Forest N Commission errors (%) Confidence intervals 

Non-forest 1025 61 1086 5.6  [90.1 - 99.9] 

Forest 91 851 942 9.7 [87.1 - 93.9] 

N 1116 912    

Omission errors (%) 8.2  6.7    

Confidence intervals [87.9 - 94.8]  [89.9 - 98.2]    

F1 score 0.93 0.91 Overall accuracy = 92.5 % | Overall error = 7.5 % 

 

 340 
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Figure 7. Forest area according to FAOSTATS 2020 versus forest land use estimated for the series 1985-2023.  

Map accuracies of the disturbance classification showed an overall F1-score of 0.89, with F1-scores of 0.99 for undisturbed 

and 0.80 for disturbed pixels (Table 5). Accuracies were thus less balanced between both classes, with very low 345 

commission/omission errors (<1%) for the undisturbed class (i.e. the map rarely misses or falsely classifies something as 

undisturbed), but higher commission and omission errors for the disturbed class (17.3% and 22.5%, respectively). That is, for 

17% of all pixels classified as disturbance the classification will be wrong, whereas 23% of true disturbances will be missed 

in our map. Those numbers changed significantly when only considering reference points interpreted as stand-replacing 

disturbances in the reference data (Table B1 appendix), with a substantially reduced omission error (14.2% vs. 22.5%) and a 350 

slightly increased commission error (22.7% vs. 17.3%). The omission error of our map is thus driven by low-intensity 

disturbances that remove the tree canopy only partially. We found significant variation in accuracies among regions, with 

higher commission error in Northern Europe compared to Central and southern Europe, whereas omission was lower in 

Northern Europe compared to Central and Southern Europe (Table 6). In Northern Europe, it is thus more likely to randomly 

select a pixel falsely detected as disturbance but less likely that a true disturbance is missed, while in Central and Southern 355 

Europe it is more likely to miss a true disturbance than falsely identifying a pixel as disturbed.  In the temporal domain we 

found overall high fluctuation between years, yet an overall decreasing trend in commission error but no clear trend in omission 

error (Figure 8). That is, disturbances mapped before the year 2000 will have an 19.5% chance of being falsely classified as 

disturbance, whereas commission substantially decreases to 10.6% after the year 2000 (Table B2 appendix). The high 

commission error prior to 2000 was driven significantly by the very early years of our time series (<1990), where commission 360 

error was on average 22.5% (compared to 16.4% between 1990 and 1999), likely due to higher noise in the underlying data. 
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Omission errors showed a less clear pattern, with also higher omission rates in the 80s (23.3%), likely due to lower image 

availability, but less pronounced differences before/after the year 2000 (22.5% and 20.5%, respectively). Finally, we found 

high agreement between estimated and manually interpreted disturbance years (R2 =0.73; Figure 9), with a mean absolute error 

of 1.91 years. 365 

Table 5. Confusion matrix of disturbance detection assessment 

 Reference data      

 Undisturbed Disturbed N Commission errors (%) Confidence intervals 

Undisturbed 83206 220 83426 0.26  [99.70 - 99.89]  

Disturbed 158 756 914 17.29  [77.30 - 87.78] 

N 83364 976    

Omission errors (%) 0.18  22.54      

Confidence intervals [99.65 - 99.83] [71.98 - 82.27]     

F1 score 0.99 0.80 Overall accuracy = 89.9 % | Overall error = 10.1 % 

 

Table 6. Errors in disturbance detection per region 

 North Central South 

 

 

Commission 

errors (%) 

Omission 

errors (%) 

Commission 

errors (%) 

Omission 

errors (%) 

Commission 

errors (%) 

Omission 

errors (%) 

Undisturbed 0.14 0.2 0.2 0.1 0.13 0.1 

Disturbed 23.32  18.1 13.62 26.96 16.99 22.97 

 

 370 

Figure 8. Omission and commission errors per year. Dashed horizontal lines indicate the averages per period 1985-1989, 1990-1999, 

2000-2018. 
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Figure 9. Validation of the disturbance year. Estimated disturbance year versus manually interpreted year of disturbance for 

independent reference pixels (colour bar indicates the number of points)  375 

The model predicting the disturbance agent performed well, having an overall error rate of 14.1 %, with a commission error 

rate (false occurrences) of 10.5% for bark beetle/windstorm disturbances, 5.7% for fire disturbances and 17.4% for harvest 

(Table 7). The omission error rate (i.e. model missed a true occurrences) was 19.1% for bark beetle/windstorm disturbances, 

25.5% for fire-related disturbances and 8.7% for harvest. We note again that the accuracies reported here are model accuracies 

and not map accuracies derived from an independent sample.  380 

 

Table 7. Confusion matrix of disturbance agent model assessment 

 Reference data      

 Bark Beetle /Windstorms Fire Harvest N Commission errors (%) 

Bark Beetle /Windstorms 9066 48 1019 10133 10.53 

Fire 3 831 47 881 5.68 

Harvest 2130 236 11248 13614 17.38 

N 11199 1115 12314   

Omission errors (%) 19.05 25.47 8.66    

  Overall accuracy = 85.9% | Overall error = 14.1 % 
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3.3. Comparison to other datasets 

Comparison of EFDA disturbances maps with available datasets for Europe (Hansen et al., 2013; Senf and Seidl, 2021a; 

Turubanova et al., 2023) revealed differences in annual estimates, but also showed similarities in increasing disturbance area 385 

since 2001 (Figure 10). Overall, EFDA’s average annual disturbance area (19,544 km2 per year) was 30.2% higher than 

estimates in Turubanova et al. (2023) (13,631 km2 per year), 33.2% higher than estimates in Senf and Seidl (2021a) (13,038 

km2 per year), and 42.6% higher than estimates in Hansen et al., (2013) (11,207 km2 per year). Using EFDA’s latest disturbance 

map (average annual disturbance area of 14,756 km2) instead of the annual disturbance maps, however, improved agreement 

with the other maps significantly: 7.6% for Turubanova et al. (2023), 11.6% for Senf and Seidl (2021a) and 24% for Hansen 390 

et al. (2013), indicating that multiple disturbances can increase disturbance estimates substantially.  

 

  

Figure 10. Annual disturbed area estimates from current available datasets for Europe. 

4. Discussion 395 

We here presented the European forest disturbance atlas (EFDA), providing spatially explicit information on disturbances 

since 1985 and demonstrating the importance of long time series for understanding disturbance change, disturbance regimes 

and disturbance interactions. While there are already several disturbance products for Europe (Senf and Seidl, 2021a; 

Turubanova et al., 2023), our new dataset moves beyond existing products in at least three important ways: First, annual 

disturbance mapping enables to capture multiple disturbance events, providing direct information on disturbance frequencies 400 

and temporal interactions. Multiple disturbance information is often not assessed or simplified to the greatest or latest 
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disturbance of the analysis period. Without capturing disturbances on an annual basis, however, we lose valuable information 

on forest dynamics (Buma, 2015; Hermosilla et al., 2019), such as disturbance return times (Pugh et al., 2019), and might lead 

to underestimation of total disturbance area (see Figure 10). We found, for example, return times of 15-20 years in recurrent 

fires in the Mediterranean or in short rotation plantations across Europe (e.g. Hungary, Sweden, Netherlands), and further 405 

temporal interactions between harvest and wind disturbances in the Gascony area in France (i.e. wind disturbance following a 

harvest event). Including multiple disturbances was thus an important improvement over past map products available for 

Europe. Second, the long-time frame of our map products offers a baseline for understanding more recently observed changes 

and for quantifying trends over time. Furthermore, our workflow is designed to be operationally updated when new data arrives 

and therefore enables to create up-to-date maps annually after the summer season. Third, our approach is consistently 410 

applicable over all European forests with variable forest types and forest disturbances. It thus is likely to be adoptable and 

replicable in other regions. To facilitate user uptake and reproducibility, we provide a full open access framework that can be 

implemented on any computer system, independent of commercial cloud environments, data providers or software tools . The 

European Forest Disturbance Atlas thus contributes to a future operational forest monitoring envisioned for Europe. 

One of the aims of this paper was to provide a full characterization of map accuracies. Compared to the first pan-European 415 

disturbance product developed by Senf and Seidl (2021a), which reported a commission error of 17.1% and an omission error 

of 36.9% for detecting disturbances, we reduced omission errors considerably (22.5%) while maintaining low commission 

errors (17%). That is, the EFDA detects more true disturbances compared to the past state-of-the-art product, while making 

similar errors in falsely detecting disturbances. Disturbance areas derived from Senf and Seidl (2021a) are thus likely 

conservative estimates that underestimate true disturbance area (Figure 10). A similar improvement was found in the timing 420 

of disturbances, with a mean absolute error of 3 years for Senf and Seidl (2021a) compared to 1.9 years for our map, indicating 

that fewer disturbances are attributed to a wrong year compared to manually interpreted data. The disturbance detection 

accuracies found here are further consistent with more local approaches implemented in Europe, such as Francini et al. (2021), 

who reported omission/commission errors of 27% and 30% for clear-cut mapping in Italy with the 3I3D algorithm; or recently 

developed disturbance maps for the European Alps (Morresi et al., 2024), with omission/commission errors of 16.9% and 425 

16.5%, and for continental Spain (Miguel et al., 2024), with omission/commission errors of 12.4% and 18%, respectively. Our 

map was of slightly lower accuracy than a very recent pan-European forest disturbance map developed by Turubanova et al. 

(2023), with omission and commission errors of ~19% and ~7%, but their map only covers disturbances since 2001. Comparing 

our map accuracies to Turubanova et al. (2023) for the same period yields approximately similar accuracies between both map 

products (see Figure 8). Finally, our forest land use mask yielded high accuracies and the forest area estimated per country 430 

aligned well with estimates provided by FOREST EUROPE (2020). Remaining differences can be explained by the different 

temporal reporting periods, as FOREST EUROPE reports the forest area in 2020 but we provide a multitemporal land use 

definition, comprising all areas that have been forest land use at some point since 1985. Our forest land use map is also 

distinctly different from recent tree cover products (Liu et al., 2023; Turubanova et al., 2023), as it includes recently disturbed 
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areas that might be temporally unstocked but return to closed canopy forests in the near future (Mandl et al., 2024) and thus 435 

meet our forest land use definition. Using static tree cover maps would mask out those areas based on the (arbitrary) year they 

were created for. We thus move away from a static forest cover map to a forest land use map that reflects the spatial and 

temporal dynamics of forests (Chazdon et al., 2016).  

Beyond accuracies reported from different datasets, dissimilarities were found in annual disturbed area estimates from differ ent 

maps, with the EFDA leading to +7.6% to up to +42% higher estimates in average annual disturbance area. Several factors are 440 

likely responsible for those stark differences, including different map accuracies, disturbance detection logics (i.e. definition 

of disturbance and model calibration), and forest mask definitions. First, the EFDA has a lower omission error than previous 

products (see previous paragraph), which must lead to a higher disturbance area, because fewer disturbances are missed in our 

map than in previous maps. This becomes especially evident when comparing maps tailored for Europe (Senf and Seidl, 2021a; 

Turubanova et al., 2023) to global products (Hansen et al., 2013), who substantially underestimate disturbed area. Second, the 445 

EFDA allows for multiple disturbances, which can increase disturbance area in comparison to summary products that only 

allow for one disturbance per time series (i.e. Senf and Seidl 2021a). We show this impressively in Figure 10, where our annual 

disturbance estimate is substantially higher than the annual summarized to their latest disturbance. Accounting for multiple 

disturbances (which we estimate for 28% of all pixels) thus makes a difference in total disturbance area estimates, because 

more recent/higher severity disturbances can mask out older/less severe disturbances. We found this to be especially prominent 450 

in systems dominated by fire, where areas that have burned in the mid 1990s or mid 2000s burned again in the most recent 

years (e.g. Portugal); or where plantation forests that had multiple harvests in the past now burned in more recent years (e.g. 

France). Third, forest area definitions vary widely between map products and thus are likely a main factor explaining 

differences between disturbance estimates, especially comparing our product to Turubanova et al. (2023) and Hansen (2013). 

Both apply a very strict tree cover definition that will mask out any pixels that have not met the definition. This can lead to 455 

disturbances patches being fragmented into several smaller disturbances. That is, while all map products detect the disturbance 

event, the actual area disturbed can vary quite significantly. Strict tree cover definitions, especially in terms of tree height, can 

also lead to missing multiple disturbances (i.e. reburning fires), which might also explain some of the differences to our annual 

disturbance maps (see Figure 11a). Further, image availability and observation gaps (e.g. ETM+ SCL-off problems) can also 

contribute to missing disturbed areas in large disturbance patches. One stark difference between EFDA and the other datasets 460 

could be detected in 2018 and 2022 (Figure 10), which was driven by commission errors in northern regions (see Table 6, 

Figure 11c). Both years were particularly dry in Fenno-Scandinavia and Central Europe (Knutzen et al., 2025), leading to 

strong spectral differences, especially in wetland areas (Figure 11c). Yet, the disturbance peak in 2018 detected in the EFDA 

coincides with a peak of natural disturbance activity reported earlier (Patacca et al., 2023), attributed to large-scale bark beetle 

outbreaks in Central Europe (see Figure 11b). Discrepancies between disturbance maps have also been reported for other 465 

regions (Cohen et al., 2017), with even stronger disagreement. It is therefore necessary to cautiously analyse and understand 

the methodological nuances of the different approaches to consider how errors might influence use in a variety of contexts. 
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Figure 11. Examples of disturbance maps from different datasets for (a) fires in Central Portugal, (b) bark beetle outbreaks in 

Central Germany, (c) harvests in northern Sweden. 470 
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Despite the good accuracies compared to past and other map products, there are several  limitations and possible sources of 

uncertainties that should be considered when using the EFDA. The higher omission error for the disturbed class and wider 

confidence intervals indicates a possible limitation of our approach when mapping low severity disturbances that do not 

produce a clear opening of the canopy (e.g. canopy thinning). The effect of such non-stand replacing disturbances is clearly 

seen when redoing the accuracy assessment without them, which nearly halved the omission error (Table B1 appendix). Non-475 

stand replacing disturbances area quite widespread in central and southern Europe, leading to higher omission errors in those 

regions compared to northern Europe mostly characterized by clearcut harvesting. In northern Europe, however, a higher 

frequency of missing data and noise (i.e. remaining clouds, difficult illumination conditions, short summer season) led to 

higher commission errors in comparison to central and southern Europe, where data availability was overall higher (see Figure 

2b). We further found that omission errors were caused by a delayed detection of disturbances (i.e. disturbances detected one 480 

year after the reference). The detection of disturbances with a delay of one year is a common problem when working with 

annual summer composites, where disturbances can occur in the same year but after the compositing date (i.e. a pixel is selected 

from August, but the disturbance occurs in November and will thus only be detected the next summer). Finally, the use of a 

minimum mapping unit may contribute to the omission of small-scale disturbances < 0.27 ha, but reduces false positives from 

individual isolated pixels (Reinosch et al., 2024). We thus argue that the loss of information imposed by the minimum mapping 485 

unit outweighs the potential error by included many small-scale disturbances with high errors. The application of a minimum 

mapping unit is also a common practice to facilitate the integration with different data sources such as national forest 

inventories (Wulder et al., 2024) or national land use products (Gómez, et al., 2019). The temporal validation revealed 

variability in accuracy over the time series, with the 1980's and 1990s having considerably lower accuracies (especially in 

terms of commission error) than disturbances detected after 2000s (Figure 8, Table B2 Appendix). This result highlights 490 

challenges with reliability estimating disturbance trends from remote sensing data (see Olofsson et al., 2014 for an in-depts 

discussion), as trends derived from disturbance maps with variable accuracy will be biased (Palahí et al., 2021). Quantification 

of disturbances and trends should thus be based on a manually interpreted sample or based on models taking in to account the 

variable accuracies over time (Francini et al., 2022; Olofsson et al., 2014). Finally, despite careful processing and checking, 

there will be remaining errors in the underlying remote sensing data and specific regions and years will have large errors 495 

resulting from noise. For example, some peaks of higher omission errors displayed in Figure 8 coincide with years of higher 

percentage of no-data pixels as for example in the 80s, 1998, 2008 or 2012 (Figure A2 - appendix). This limitation is intrinsic 

to the data used for producing the EFDA, but so far there is no other consistent alternative to provide spatially explicit and 

consistent information for monitoring Europe’s forest over time. 

We provide an agent attribution layer based on a previous established model (Seidl and Senf, 2024), complementing the 500 

disturbance layers of the EFDA described in this study. Although comparison of estimates with existing databases for fire and 

storms in Senf and Seidl (2021b) and salvage logging in Seidl and Senf (2024) showed high agreement of the attribution model 

with external datasets, an independent validation sample on the actual occurrence of disturbance agents is still missing for 
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robust reporting of uncertainties. According to the random forest variable importance (see Figure A6), landscape pulse 

dynamics (see table 2) and patch size were most important for disentangling disturbance agents, likely because they typically 505 

occur in clusters and are characterized by larger, more complex patch shapes. In contrast, harvest tend to be more regular in 

space and time (Senf and Seidl, 2021b). However, the fact that management superimposes most natural disturbances though 

salvage logging makes it difficult to disentangle the root cause of disturbance. This is especially true when natural disturbances 

are salvage logged, because the annual resolution of the EFDA does not allow to disentangle the initial natural disturbance and 

the subsequent salvage logging. That is, most of the natural disturbance mapped in the EFDA will be a combination of an 510 

inciting natural factor (bark beetle or wind disturbance) and subsequent salvage logging (Seidl and Senf, 2024). We also miss 

less prevalent natural disturbance agents in our attribution map (Stahl et al., 2023), such as drought and more gradual non-

stand replacing disturbances that can also impact on forests globally (Coops et al., 2020; Hammond et al., 2022). The agent 

attribution provided in the EFDA should thus be taken with caution, as reliable estimates of map accuracies are absent and 

making causal claims on importance of natural disturbances remains challenging (despite our estimate of 20.8% natural 515 

disturbances matching well with Patacca et al. (2023). Novel data collected across Europe might help with overcoming 

challenges with agent attribution (Forzieri et al., 2020, 2023; Patacca et al., 2023), but most data does not cover the 80s and 

90s, which are especially important for improving map accuracy and quality. Further research should thus increasingly focus 

on generating reference data that can be used for remote sensing applications (e.g. Franquesa et al., 2020; Senf, 2019), and we 

urge authors to make their reference data openly available, ultimately leading to a better understanding of forest change across 520 

Europe. 

5. Conclusion 

There is high need for an operational forests monitoring system at European scale and our newly developed disturbance atlas 

(EFDA) constitutes a first step in this direction by producing disturbance information in a standardised way, with consistent 

quality across all of Europe’s forest. Our approach further relies on open-source data and tools and is implemented in an open-525 

access framework, which allows full reproducibility and easy updating into the future and thus paves the road for 

operationalisation. Our data covers already 40 years of forest disturbance dynamics, constituting the longest remote sensing-

based disturbance products available at continental scale today. Covering such long-time series allows for a better 

characterisation of disturbance regimes, requiring several decades of data to reliably quantify underlying distributions 

(Maroschek et al., 2024), as well as they can help to improve disturbance modelling by providing empirical data on disturbance 530 

occurrence (e.g. Grünig et al., 2022). Hence, the EFDA will improve our understanding of European forest disturbance 

dynamics beyond simple monitoring forest disturbances. 
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and Senf, 2024) and summary layers are accessible through Google Earth Engine in ee.Assets.latest_disturbance_v211, 535 
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https://albaviana.users.earthengine.app/view/european-forest-disturbance-map. The code used for processing the Landsat data 
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Appendix A 

 560 

 

Figure A1. Days difference from target date (1st of August) per year (Mean +- Standard Deviation). 
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Figure A2. Annual percentage of no-data pixels for best available pixel composites and after linear gap-filling interpolation. 
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Figure A3. Maps of annual reference data within forests for disturbance and undisturbed (treed and non-treed). 
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Table A1: Spectral indices and Tasseled Cap components equations for Landsat 

Name Equation Reference 

Normalized Burn Ratio 

(NBR) 

(𝑁𝐼𝑅 − 𝑆𝑊𝐼𝑅2)

(𝑁𝐼𝑅 + 𝑆𝑊𝐼𝑅2)
 

(García and Caselles, 1991) 

Normalized Difference 

Vegetation Index (NDVI) 

(𝑁𝐼𝑅 − 𝑅𝑒𝑑)

(𝑁𝐼𝑅 + 𝑅𝑒𝑑)
 

(Tucker, 1979)  

Tasseled Cap Brightness 

(TCB) 

Blue × 0.3029 + Green × 0.2786 + Red × 0.4733 + NIR × 

0.5599 + SWIR1 × 0.508 + SWIR2 × 0.1872 

(Baig et al., 2014) 
Tasseled Cap Greenness 

(TCG) 

Blue × (-0.2941) + Green × (-0.243) + Red × (-0.5424) + 

NIR × 0.7276 + SWIR1 × 0.0713 + SWIR2 × (-0.1608) 

Tasseled Cap Wetness 

(TCW) 

Blue × 0.1511 + Green × 0.1973 +Red × 0.3283 + NIR × 

0.3407 + SWIR1 × (-0.7117) + SWIR2 × (-0.4559) 

Disturbance Index (DIn) 𝑇𝐶𝐵𝑛 − (𝑇𝐶𝐺𝑛 +  𝑇𝐶𝑊𝑛) 

where n indicates values are normalized 

(Healey et al., 2005) 
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Figure A4. Feature space of spectral bands and indices for forest and non-forest reference samples. 
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Figure A5. Feature space of spectral indices for disturbed and undisturbed reference samples.  
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Figure A6. Variable importance (as returned by the random forest algorithm) for a) forest land use classification, b) 

disturbance-no disturbance classification, and c) disturbance agent attribution model. Higher values indicate higher importance 

for discrimination. 
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Appendix B 600 

 

Figure B1. Examples of annual disturbances with its correspondent probability of disturbance and summary of number of 

disturbance events (underlying imagery ©Google). a) area affected by recent windstorm in north Poland that overlaps past and 

current harvest activities, b) multiple fire events in eastern Spain.  
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Table B1. Confusion matrix of disturbance detection assessment leaving out non-stand-replacing disturbances 

 Reference data     

 Undisturbed Disturbed N Commission errors (%) Confidence intervals 

Undisturbed 83233 74 83307 0.1 %  [99.83 - 99.97] 

Disturbed 131 447 578 22.66 % [74.30 - 82.87] 

N 83364 521    

Omission errors (%) 0.2 14.20     

Confidence intervals [99.72 - 99.85] [79.98 - 88.27]     

F1 score 0.99 0.81 Overall accuracy = 90.7 % | Overall error = 9.28 % 

 610 

 

 Table B2. Confusion matrix of disturbance detection assessment per period 

 Reference data    

Period 1985-1989 Undisturbed Disturbed N Commission errors (%) 

Undisturbed 12220 21 12241 0.17 

Disturbed 20 69 89 22.47 

N 12240 90  

Omission errors (%) 0.16 23.33   

F1 score 0.99 0.77 

 

Period 1990-1999 Undisturbed Disturbed N Commission errors (%) 

Undisturbed 24627 52 24679 0.21  

Disturbed 35 179 214 16.35  

N 24662 231   

Omission errors (%) 0.15  22.51     

F1 score 0.99 0.80 

 

Period 2000-2018 Undisturbed Disturbed N Commission errors (%) 

Undisturbed 46404 134 46538 0.28  

Disturbed 62 521 583 10.63  

N 46466 651   

Omission errors (%) 0.13  20.5     

F1 score 0.99 0.84 
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