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Field observations of senescence onset (ICP Forests) and correlation with satellite-based 

estimates 

 

Figure S1: Onset of leaf senescence in beech and oak forests in Germany (2018-2023) derived from ground-

based observations and remote sensing. Ground data are from ICP Forests Level II plots (http://icp-forests.net) 

and include recordings of a) ‘infrequent or slight’ coloration (1-33% of the canopy affected), and b) ‘infrequent or 

slight’ litterfall. Note that the number of observed plots varied annually (n=5-16 for beech, n=3-7 for oak). Circles 

and triangles represent individual beech and oak observations, horizontal black lines show annual medians. 

Relationships with remotely-sensed senescence onset (SO) are shown as c) coloration observations vs. SO 

derived from Sentinel-2 Normalized Difference Red-Edge Index (NDRE) time series using a threshold of 80% of 

the seasonal amplitude and d) litterfall observations vs. the same NDRE-based SO. Note that the remotely 

sensed SO was here averaged over an area of 40x40 km around the ICP Forests plots, therefore representing a 

regionalized senescence signal.  

  



Field-satellite comparison at different aggregation scales for infrequent/slight canopy 

coloration and litterfall 

Figure S2: (a) RMSE between field-observed (ICP Forests category ‘infrequent or slight’, 1-33% of canopy 

affected) and remotely sensed senescence onset (SO) across different vegetation indices and amplitude 

thresholds. The Normalized Difference Red-Edge Index (NDRE) at the 80% amplitude threshold provides the best 

agreement for both coloration and litterfall onset across different aggregation resolutions. (b) shows the 

correlation between field-observed coloration and litterfall onset dates and the remotely sensed SO derived from 

NDRE_80%.  
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Field-satellite comparison at different aggregation scales for common/moderate canopy 

coloration and litterfall 

 

 

Figure S3: (a) RMSE between field-observed (category ‘common or moderate’, 33-66% of canopy affected) and 

remotely sensed senescence onset (SO) across different vegetation indices (VIs) and amplitude thresholds. The 

Normalized Difference Red-Edge Index (NDRE) at the 60% amplitude threshold provides the best agreement for 

coloration, while NDRE at 50% best agrees with litterfall onset across different aggregation resolutions. (b) shows 

the correlation between field-observed coloration and litterfall onset dates and the remotely sensed SO derived 

from the respective best-performing VI-threshold combination. 
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Supplementary Note 1: Discussion of satellite-derived senescence onset 

Our analysis showed moderate agreement between satellite-derived senescence onset (SO) and field 

observations of coloration and litterfall, with remote sensing tending to underestimate early 

senescence. Discrepancies between the two datasets are expected, given their respective sources of 

uncertainty and different observational perspectives. The accuracy of satellite-based SO is influenced 

by noise from cloud contamination and atmospheric effects, as well as by the filtering, interpolation, 

and smoothing steps required for phenology extraction. Understory and admixed tree species may 

additionally alter the signal. Field observations are similarly subject to uncertainty due to irregular 

assessments at ICP Forests plots (minimum biweekly; Raspe et al., 2020) and flexible definitions of 

phenological events, affecting 1–33% of the canopy. SO is generally more difficult to estimate than 

spring leaf-out and remains underrepresented in phenological research (Li et al., 2023). Considerable 

variability in estimates has been documented both across observers (e.g. 19 days; Klosterman et al., 

2014), and within populations of the same species (e.g. 19–33 days in oak, 26–28 days in beech; 

Delpierre et al., 2017). Due to pronounced within-canopy heterogeneity, remote sensing signals, even 

at 10 m resolution, primarily represent an averaged signal rather than individual tree variation. Spatial 

aggregation of satellite-derived SO improved agreement with field observations by reducing pixel-level 

noise, but at the cost of limited sensitivity to early senescence affecting only small canopy fractions. 

While senescence symptoms often first emerge in the sun-exposed upper canopy – which would in 

principle favour earlier satellite detection – earlier field-based detections likely reflect limited sensor 

sensitivity to low fractions of coloured foliage or litterfall, spectral mixing of senescing and non-

senescing canopy elements, and signal averaging effects, consistent with the generally lower 

variability observed in satellite-derived SO. Overall, our results reveal a fundamental challenge in 

aligning categorical, observer-based ground phenology records with continuous, spatially averaged 

satellite-derived senescence metrics. Improving calibration of satellite-derived SO likely requires 

regular, objective, and species-specific reference data, such as quantifying coloured foliage fractions 

using high-resolution UAV imagery (Krause & Sanders, 2024) or fractional leaf area loss from weekly 

littertrap collections. Despite these limitations, our results showed that red-edge–based VIs such as 

NDRE capture SO more reliably than NDVI.  

 

  



Early senescence occurrence and spatial distribution of ICP Forests plots 

 

Figure S4: Interannual variability of field-observed senescence onset (SO) in beech (a-b) and oak (d-e) at ICP 

Forests Level II plots. Colors indicate the day of year of first observed infrequent or slight canopy coloration or 

litterfall (1–33% of the canopy affected). The locations of the plots with the two species are shown in subplots (c) 

and (f) for beech and oak, respectively. Background maps represent the average tree cover density for the 

species’ forest pixels within each 1x1 km pixel. 



Species-specific pixel counts in upscaled 1 km pixels 

      

Figure S5: Distribution of the number of species-specific 10 m pixels per 1 km² grid cell after retaining only cells in 

which more than 10% of the cell area were covered by the respective species; i.e. beech (a) and oak (b). Vertical 

black lines mark the mean number of 10 m pixels per 1 km² cell. 

 

  



Species-specific drought sensitivities based on standardized anomalies 

 

Figure S6: Different combinations of the standardized anomalies of atmospheric and soil drought stress indicators 

were used to explain early leaf sensecence in bivariate models. a-d) Coefficients (effect sizes) of VPDmax,summer (1 

Jul – 15 Aug) anomaly, VPDmax,spring (15 Apr – 30 May) anomaly, ψsoil,summer (15–30 Aug) anomaly, ψsoil,spring (15 –

30 May) anomaly in four different models. Black error bars indicate the standard deviation of the coefficients 

across five cross-validation folds. Asterisks denote statistically significant coefficients. e-h) Probability density 

distributions of spring and summer VPDmax and ψsoil anomalies for normal and early senescing forest pixels in 

beech (top row) and oak (bottom row). 

 

  



Mortality effects 2-3 years after early senescence 

 

Figure S7: Canopy mortality increase (difference in fractional cover expressed in percentage points, pp) two years 

and three years after early leaf senescence in beech and oak forests in Germany. a) shows mortality increases in 

2020 after early senescence in 2018, b) shows mortality increases in 2021 after early senescence in 2019 and c) 

shows mortality increases in 2021 after early senescence in 2018. 

 

Mortality effects 1 year after early senescence 

 

Figure S8: Mortality following early leaf senescence in beech and oak forests in Germany. a-c) Pixel-level 

increases in next-year canopy mortality cover in percentage points from Schiefer et al. (2023) for forest pixels with 

normal, early, or very early (SO before 15 August) senescence in the preceding year. Since mortality data only 

cover 2018-2021, the analysis is limited to the relationship between SO in 2018, 2019, and 2020 and mortality in 

the following year. Numbers denote sample sizes; horizontal dotted lines indicate medians of the distributions. 

Mortality effects beyond one year after early senescence are shown in Figure S3 (SI). d-e) Increases in canopy 

mortality in 2020 and 2021 (compared to 2018) after multiple early senescence events vs. no or only one 

occurrence in preceding years. 

  



Vegetation indices tested 

Table S1: Vegetation indices (VIs) evaluated for estimating senescence onset. Wavelength regions correspond to 

Sentinel-2 bands as follows: Red: B4, Rededge1: B5, Rededge2: B6, Rededge3: B7, NIR: B8. 

VI Full name Formula Reference 

NDRE Normalized Difference Red-

Edge Index 

�������2 − �������1

�������2 + �������1
 

(A. Gitelson & Merzlyak, 1994) 

NDVIre1 Normalized Difference 

Vegetation Index red-edge 

	
� − �������1

	
� + �������1
 

(A. Gitelson & Merzlyak, 1994) 

CRE Chlorophyll red-edge index �������3

�������1
− 1 (A. A. Gitelson et al., 2003) 

NDVI Normalized Difference 

Vegetation Index 

	
� − ���

	
� + ���
 

(Tucker, 1979) 

 

Environmental variables  

Table S2: Environmental and site variables used in the analysis with their respective sources.  

Variable Spatial 

resolution 

Temporal 

resolution 

Source 

Canopy cover 10 m  Single year Copernicus Tree Cover Density 2018 (Copernicus, 

2024) 

Canopy height  10 m Single year ETH Global Canopy Height 2020 (Lang et al., 2022) 

Temperature 1 km Hourly HOSTRADA – Hourly grids of high-resolution 

variables for Germany (DWD, 2024a) 

CWB 1 km Monthly Calculated from monthly sums of evapotranspiration 

and precipitation (DWD, 2024b) 

VPD 1 km Hourly Calculated from HOSTRADA temperature and dew 

point temperature (DWD, 2024a, 2024b) 

Soil water potential 1 km 8-daily Soil water potential in the root zone under beech and 

oak (P. Schmidt-Walter, personal communication, 

April 2025) calculated with LWF-Brook90 (Schmidt-

Walter et al., 2020)  

Relative extractable 

water 

1 km 8-daily Relative extractable water in the root zone under 

beech and oak (P. Schmidt-Walter, personal 

communication, April 2025) calculated with LWF-

Brook90 (Schmidt-Walter et al., 2020) 

Soil texture (sand, silt, 

clay fractions) 

250 m - SoilGrids250m (Poggio et al., 2021) 

Soil bulk density 250 m - SoilGrids250m (Poggio et al., 2021) 

Soil depth 250 m - Soil depth in Germany / Physiologische Gründigkeit 

der Böden Deutschlands (BGR, 2015) 

Topography 1 km  - ASTGDEM v3 digital elevation model (Sismanidis, 

2024) 

 

  



Predictive performance of summer drought integration windows 

Table S3: Univariate logistic regression model performance (F1-score) depending on different averaging time 

periods ending in August for VPDmax and ψsoil. across beech and oak forests. Numbers indicate the start and 

end month of the averaging periods. 

VPDmax  ψsoil 

period F1-score  period F1-score 

8_mid-8_end 0.521  6_mid-8_mid 0.510 

8_start-8_mid 0.528  6_start-8_mid 0.511 

6_start-8_end 0.539  7_start-8_mid 0.512 

6_start-8_mid 0.541  5_mid-8_mid 0.512 

5_mid-8_end 0.542  5_start-8_mid 0.512 

5_mid-8_mid 0.543  4_mid-8_mid 0.513 

6_mid-8_end 0.545  4_start-8_mid 0.513 

6_mid-8_mid 0.551  7_mid-8_mid 0.529 

8_start-8_end 0.552  6_start-8_end 0.541 

5_start-8_end 0.552  6_mid-8_end 0.541 

5_start-8_mid 0.554  5_mid-8_end 0.542 

4_mid-8_end 0.557  5_start-8_end 0.542 

7_mid-8_end 0.557  4_start-8_end 0.542 

4_start-8_end 0.559  4_mid-8_end 0.542 

7_start-8_end 0.560  8_start-8_mid 0.544 

4_mid-8_mid 0.561  7_start-8_end 0.545 

4_start-8_mid 0.563  7_mid-8_end 0.549 

7_mid-8_mid 0.565  8_start-8_end 0.550 

7_start-8_mid 0.567  8_mid-8_end 0.555 

 

  



Predictive performance of spring drought integration windows 

Table S4: Univariate logistic regression model performance (F1-score) depending on different averaging time 

periods in spring for VPDmax and ψsoil. across beech and oak forests. Numbers indicate the start and end month 

of the averaging periods. 
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