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Abstract

Monitoring biodiversity change requires approaches that capture ecological dynamics across space and

time. Satellite remote sensing provides unique opportunities for such monitoring, but most studies

of functional diversity rely on single-date imagery, typically at peak greenness, neglecting seasonal

variability. Here, we used multi-year, dense Sentinel-2 time series (2017–2021) to assess seasonal and

interannual dynamics of trait-related spectral indices (CIre, CCI, and NDMI) and associated functional

diversity metrics (richness and divergence) of temperate mixed forests in northeastern Switzerland as a

case study. Seven-day composites were analyzed to characterize intra- and interannual trajectories and

to compare patterns across different forest communities. We show that all indices and metrics exhibit

substantial seasonal and interannual variation, with important deviations from peak greenness values.

Needle-dominated stands displayed higher functional diversity metrics than broadleaf stands, likely

partly reflecting canopy structural effects, while functional divergence remained comparatively consistent

over the years and communities. These results demonstrate that accounting for temporal dynamics is

essential to accurately characterize forest functional diversity from space. Sentinel-2 time series offer

a promising basis for biodiversity assessments and can complement field and airborne approaches in

assessing forest dynamics.
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1 Introduction

Quantifying biodiversity change is essential to assess ecosystem state and trends, understand the impacts of climate

change and human activities, and inform policy decisions for biodiversity conservation (Schmeller, 2008; Rodríguez-

Ezpeleta et al., 2021). However, ground-based biodiversity data are often limited to small regions of interest or

single temporal snapshots and may be biased by experimental designs (Laureto et al., 2015). Standardized, scalable

approaches and improved data integration are needed to ensure high data quality with sufficient spatial and temporal

coverage (Schmeller, 2008; Gonzalez et al., 2023).

The Sentinel-2 satellite constellation provides capabilities for large-scale vegetation monitoring through repeated

standardized data acquisition. With a spatial resolution of 10–20 m, a revisit frequency of five days at the equator,

and dedicated red-edge and short-wave infrared bands, it enables the assessment of key physiological properties

such as leaf area index and chlorophyll content (Immitzer et al., 2016; Phiri et al., 2020; Delegido et al., 2011). Sentinel-2

has been widely applied in agriculture and forestry, supporting applications ranging from crop monitoring to forest

classification, biomass estimation, and disturbance assessment (Segarra et al., 2020; Rüetschi et al., 2021; Lang et al.,

2019; Sturm et al., 2022; Blickensdörfer et al., 2024).

Beyond structural and productivity measures, Sentinel-2 also enables the study of vegetation dynamics through

phenology and spectral index-based approaches. Phenology, the study of the timing of reoccurring biological events

(Rosenzweig et al., 2008) is a key component and indicator of biodiversity (Morellato et al., 2016; Viña et al., 2016;

O’Connor et al., 2020). Land surface phenology (LSP), the phenology of vegetated surfaces observed from satellites,

has been recognized as a priority biodiversity variable for space-based monitoring (Skidmore et al., 2021). LSP both

responds to, and influences weather and climate (Garonna et al., 2018), and is commonly derived from satellite time

series of vegetation indices such as normalized difference vegetation index (NDVI) (Forkel et al., 2013). These time

series allow the detection of phenological stages (e.g., onset of the growing season, senescence) and the evaluation of

trends across multiple years (Zhou et al., 2020; Garonna et al., 2016; Vitkovskaya et al., 2016).

While phenology captures the timing of vegetation activity, functional diversity provides complementary information

on the range of plant strategies within communities. Using functional diversity approaches, the diversity of traits

(observable characteristics of organisms (Violle et al., 2007)) can be quantified within a plant community or ecosystem.

Although a positive linear relationship often exists between plant functional and taxonomic diversity, functional

diversity quantifies the number of plant strategies rather than the number of coexisting species (Gazol & Camarero,

2016).

Trait-based diversity, often referred to as functional diversity, has recently been assessed from satellite remote sensing

using plant trait maps or vegetation indices related to pigmentation, water content, and productivity as a basis
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(Hauser et al., 2021; Rossi et al., 2020; Helfenstein et al., 2022). Previous studies showed that remote sensing can

effectively link plant functional diversity patterns to ecosystem functions such as ecosystem productivity (Zheng

et al., 2023), ecosystem resilience (Helfenstein et al., 2025), or land use, with undisturbed forests and logged forests

showing higher diversity than oil palm plantations (Hauser et al., 2022).

Remotely sensed functional diversity is derived in a multidimensional feature space using canopy traits derived

from spectroscopy data by machine learning approaches such as partial least squares regression (PLSR) (Chlus &

Townsend, 2022; Zheng et al., 2023), model inversion (Hauser et al., 2022), or spectral indices (Helfenstein et al., 2025).

These diversity metrics describe, for example, the community niche in terms of richness, linked to the spread of the

derived values in the community space, and divergence, describing the distribution of the derived values in the

community space.

The importance of temporal information for remote sensing of plant biodiversity has been highlighted in recent

reviews (Wang & Gamon, 2019; Torresani et al., 2024), which identify the season-dependence of spectral diversity

metrics as a major unresolved knowledge gap. Several studies have shown that the relationship between spectral

diversity and species richness varies across seasons, underlining the need to better understand the variation in timing

and magnitude of spectral diversity metrics (Torresani et al., 2019; Wang et al., 2022; Fassnacht et al., 2022). Recently,

Chlus et al. 2022 (Chlus & Townsend, 2022) assessed seasonal variations of repeated remotely sensed trait estimations

obtained from PLSR on high-resolution spectroscopy data. These variations potentially affect the resulting functional

diversity maps. On one hand, the functional diversity of a forest canopy reflects its composition in terms of the

number, density, and type of trees, which are not expected to change dynamically in short periods, such as within a

single year, except in cases of severe disturbance (Lindenmayer et al., 2019; Viljur et al., 2022). On the other hand,

traits are known to vary over the season, for example through temporal niche differentiation or through asynchrony

(Huang et al., 2019; Yuan et al., 2019), but also due to phenology. However, existing knowledge of temporal variation

in foliar traits is limited to a few species or small areas, largely due to the challenges of repeated in situ measurements

(Chlus & Townsend, 2022).

Remote sensing of functional diversity has advanced in large part due to the availability of relevant measurements

from the Sentinel-2 mission. These studies generally use Sentinel-2 measurements from a single mid-season time

point to compare across regions and years, even though Sentinel-2 provides multi-year, dense time series data. It

remains unclear how trait-related vegetation indices and associated diversity metrics assessed using Sentinel-2 vary

seasonally and interannually. This limits our ability to evaluate their representativeness for biodiversity assessment

and ecological interpretation.

Remotely sensed biodiversity maps in a community are typically determined during the time of peak standing

biomass (Cornelissen et al., 2003). Recent studies of functional diversity in temperate ecosystems have used remote
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sensing data from June and/or July to represent peak greenness (PG) for a specific region (Schneider et al., 2017;

Helfenstein et al., 2022), while times of very low cloud cover have been the focus in less seasonal regions (Hauser et al.,

2022). However, to our knowledge, there is a lack of studies evaluating the representativeness of PG for diversity

measures. Recent studies have begun to explore the temporal dynamics of spectral and trait information using e.g.

model-based trait trajectories from hyperspectral data (Mederer et al., 2025) or multitemporal spectral diversity (Liu

et al., 2025). Nevertheless, it remains unclear how spectral indices and the corresponding commonly used diversity

metrics derived from satellites are affected by the timing of the satellite acquisition and change during the growing

season, and how suitable PG is as a reference time for long-term monitoring.

The dense revisit frequency of Sentinel-2 provides an opportunity to test the effect of seasonality or acquisition time

point on functional diversity assessments. Here, we use Sentinel-2 time series to evaluate how the timing of satellite

observations influences the representation of functional diversity in forest ecosystems, by focusing on the temporal

behavior of trait-related spectral indices and derived diversity metrics to build the basis for their use as biodiversity

indicators in monitoring approaches.

The aim of this study was to assess how seasonal and interannual dynamics of canopy trait-related spectral indices

from multi-year, dense time series of Sentinel-2 influence apparent functional diversity patterns in temperate

forests. Specifically, we quantified intra- and interannual variations in trait-related indices and corresponding

index-based diversity metrics. We derived the red-edge chlorophyll index CIre, the chlorophyll carotenoid index

CCI, and the normalized difference moisture index NDMI as the basis for the index-based functional diversity

metrics richness and divergence every seven days over five consecutive years and evaluated their utility for

biodiversity assessment across different forest communities. Trait-related spectral indices and derived diversity

metrics may exhibit substantial seasonal and interannual variability, rather than remaining stable around peak

greenness. Furthermore, seasonal dynamics and their interannual variability likely differ among forest communities

due to differences in canopy composition and phenology. Understanding this variability is essential for multi-year

functional diversity assessments, as peak greenness may not be a consistently representative time point, i.e. a

seasonally stable and interannually consistent stage of the diversity metrics, reflecting a characteristic state rather

than a transitional or extreme phase.

We address the following research questions: (i) What are intra- and interannual patterns of trait-related indices (red-

edge chlorophyll index CIre, chlorophyll/carotenoid index CCI, and normalized difference moisture index NDMI)

and corresponding index-based diversity metrics (richness and divergence) over a five-year period (2017–2021)? (ii)

How representative is PG when assessing trait-related vegetation indices and index-based diversity metrics? (iii)

How do intra- and interannual variations of index-based diversity metrics differ among forest communities?
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2 Material and Methods

2.1 Study area

The study area encompasses a 900 km2 tile (Figure 1) in northeastern Switzerland, mainly in the Canton of Zurich.

According to the cantonal forest mask, the official forest mask polygons provided by the canton of Zurich (GIS-ZH,

2019), 27.42% (246.8 km2) of the area is covered by temperate mixed forests. Elevation ranges from 374 to 895 m above

sea level. The forests are potentially composed of European beech (Fagus sylvatica) and other broadleaf species (Bürgi

& Schuler, 2003; Scherrer et al., 2023). However, past management has introduced a high proportion of fast-growing

conifers (Picea abies, Abies alba) outside of their natural range, increasing susceptibility to disturbances (Bürgi &

Schuler, 2003; Schuldt et al., 2020; Scherrer et al., 2023). The main tree species in the Canton of Zurich are P. abies,

Fagus sylvatica, A. alba, and Fraxinus excelsior (Baudirektion Kanton Zürich, 2020). Because this study focuses on the

influence of maximum standardized temporal density of Sentinel-2 acquisitions, we selected a single focal 30 km x 30

km tile with a forest composition that is well characterized from inventory data. The results can be used as a basis to

select temporal resolution and focal time periods across larger or less well characterized regions.
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Figure 1: Study area. Top left: RGB Sentinel-2 image of the study area from June 19th, 2017. The black line
indicates the cantonal border of Zurich using swissBOUNDARIES (swisstopo, 2021). Top right: Overview
of location within Switzerland. Bottom left: Index-based functional richness map of the forested pixels in
the study area calculated based on data from peak greenness (PG) in 2017 (July 2nd, 2017). Bottom right:
Index-based functional divergence map of the forested pixels in the study area calculated based on data
from PG in 2017 (July 2nd, 2017).
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Canopy traits and spectral indices are affected by changes in weather conditions, such as temperature and precip-

itation (Maynard et al., 2022; Hordijk et al., 2025), especially at large spatial scales (Da et al., 2022). Seasonal and

interannual differences provide an important context for interpreting temporal variations in spectral indices related to

canopy traits and functional diversity. The five years from 2017 to 2021 showed considerable variation in temperature

and precipitation in the study area (Table 1). Specifically, 2017 was warmer than average in spring and summer,

followed by a cooler and sunnier fall (MeteoSchweiz, 2018). In 2018, a record-breaking warm period and prolonged

drought occurred, representing the most severe precipitation deficit in more than a century (MeteoSchweiz, 2019).

Then, 2019 remained warm but with increased spring precipitation, supporting recovery from the previous year’s

drought (MeteoSchweiz, 2020a). Finally, 2020 included moderate summer heatwaves with heavy precipitation in

August and October (MeteoSchweiz, 2021), while 2021 was characterized by cooler, wetter conditions in spring and

summer and a drier, sunnier fall (MeteoSchweiz, 2022).

2.2 Sentinel-2 data and processing

We processed all available Sentinel-2 images from Level-1C onward in the FORCE software (v. 3.7.8-12; Frantz (2019)).

We applied radiometric correction, including atmospheric and topographic correction, bidirectional reflectance

distribution function (BRDF) correction, and adjacency effect correction, individually per image. We also removed

areas covered by clouds with the improved version of Fmask (Frantz et al., 2018; Zhu et al., 2015) and buffered

around clouds, shadows, and snow. Finally, the 10 m spatial resolution resampled images (3000x3000 pixels) were co-

registered with Landsat Collection 2 near-infrared images from 2014–2021 to ensure spatial consistency (Rengarajan

et al., 2020; Rufin et al., 2021). Sentinel-2 images covering Switzerland processed with FORCE can be accessed via

Koch et al. (2024) and recently supported a wide range of applications and studies, such as grassland-use intensity

estimation (Weber et al., 2023), tree intraspecific variation (Koch et al., 2025a) and phenology (Koch et al., 2025b), and

the relationship of stem-derived tree water deficit with vegetation indices (Bloom et al., 2025).

Table 1: Weather summary focusing on temperature (T) and precipitation (P) for North/Mid-East
Switzerland compared to average values from 1981–2010. Information collected from climate records
(MeteoSchweiz, 2018, 2019, 2020a, 2021, 2022).

Season 2017 2018
Spring +1.7°C Mar -1°C, Apr +3.9°C, May +1.9°C
Summer +1.9°C +2°C
Fall -0.3°C (cool start, warm Oct) +1.8°C
Precipitation -10% of average -40% of average (dry Apr–Nov)

2019 2020 2021
average T +1.8°C -1.1°C
+2.3°C +1°C, mild heatwaves +0.5°C, very wet
+1.1°C, mixed P +1°C +0.5°C
average P average P +60% P
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We generated multi-year, dense time series covering the study area with radial basis function (RBF) convolutional

filtering (Schwieder et al., 2016). Satellite time series contain noise introduced by, e.g., undetected clouds and varying

atmospheric conditions, which can be reduced using smoothing functions (Lara & Gandini, 2016). The RBF is based

on the original images and includes interpolation and smoothing using three differently weighted temporal moving

windows with kernel widths of 7, 14, and 21 days. Within this step, we applied further quality checks and removed

outliers from the time series due to clouds and cloud shadows, snow, saturation, or limited illumination. The

generated time series of spectral indices, namely the NDVI, CIre, CCI, and NDMI (see below), consists of composites

calculated in steps of 7 days. The processing thus produces weekly composites from an interpolated and smoothed

time series. We thus derived 51 composites per year, resulting in a total of 255 composites during the observation

period from 2017 to 2021.

We built our forest mask based on the forest area dataset provided by the canton of Zurich in the LV95 reference

system (GIS-ZH, 2019). We first warped the data using gdal to match the projection of the Sentinel-2 data in

WGS 84/UTM 32N (GIS-ZH, 2019). To ensure examination of intact green forest canopy (neither harvested nor

disturbed), we adjusted the cantonal forest mask by using annual thresholds of the normalized difference vegetation

index (NDVI, Eq. 1, bands 4 and 8) based on a median outlier function from composites of June/July. The NDVI

thresholding reduced the cantonal forest mask by 12.2% to 216.8 km2.

NDVI was calculated as

ρ842 − ρ664
ρ842 + ρ664

(1)

In addition to NDVI, we focused on time series of three spectral indices representing canopy traits: CIre, CCI, and

NDMI, linked to chlorophyll content, carotenoid/chlorophyll ratio, and canopy water content. We selected these

three trait-related indices because they are well suited to the spectral configuration of Sentinel-2, rely on distinct

spectral bands, and have been previously tested and validated in temperate forest ecosystems. This combination

is also supported by recent literature on Sentinel-2–based vegetation monitoring using dense time series (e.g.,

Guzmán Q. et al., 2023; Bloom et al., 2025) and functional diversity assessments (Helfenstein et al., 2025).

We used the red-edge chlorophyll index (CIre, Eq. 2, bands 7 and 5) to estimate chlorophyll content (Gitelson et al.,

2003). CIre from Sentinel-2 showed a strong correlation with in-situ chlorophyll content in mixed mountain forests in

southern Germany (Ali et al., 2020).

CIre was calculated as

ρ783
ρ704

− 1 (2)

The Chlorophyll Carotenoid Index (CCI, Eq. 3, bands 3 and 4) is sensitive to carotenoid content relative to chlorophyll

content (Springer et al., 2017). CCI has been validated for pigment ratios (Gamon et al., 2016; Wong et al., 2020),
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and time series of CCI have been successfully applied in real forest ecosystems to capture physiological changes in

canopy pigment composition in North America (Guzmán Q. et al., 2023).

CCI was calculated as

ρ560 − ρ664
ρ560 + ρ664

(3)

The Normalized Difference Moisture Index (NDMI, Eq. 4, bands 8A and 11), also called NDWI or NDII (Gao, 1996;

Pan et al., 2018), utilizes wavelengths in the NIR and SWIR bands to detect water content, the total amount of water

in a leaf or canopy relative to its dry mass (Jetz et al., 2016; Wang & Qu, 2007). Recent work in Swiss temperate forests

further linked the NDMI band combination with drought response in Swiss forests (Sturm et al., 2022) and with

in-situ measurements of canopy water status (Bloom et al., 2025). These studies showed that NDMI can capture

multitemporal and seasonal dynamics in canopy water, supporting its suitability for time-series analyses in Central

European forests.

NDMI was calculated as

ρ865 − ρ1614
ρ865 + ρ1614

(4)

2.3 Trait-related index-based diversity metrics

Two functional diversity metrics, functional richness and divergence, were calculated using MATLAB 2024b according

to Schneider et al. Schneider et al. (2017) using the spectral indices as a basis. Both metrics are orthogonal, meaning

they vary independently from each other and are not correlated (Mason et al., 2005).

Richness is a measure of the community extent, describing the size of the feature space (see Figure 2), whose axes

are defined by the three normalized traits (Villéger et al., 2008; Schneider et al., 2017). Richness is the volume of the

mapped pixels’ concave hull in multi-dimensional feature space using α-shapes (Gruson, 2020). Divergence measures

the distribution of data points within the community niche and is sensitive to clumping. The divergence calculation

results in one if all points are scattered equally far away from the common center in all trait axis directions (Villéger

et al., 2008; Schneider et al., 2017). Divergence was calculated using the number of pixels mapped in the functional

space (S), the Euclidean distance between every pixel i and the center of gravity (dGi), and the mean distance of all

pixels to the center of gravity (dG) (Schneider et al., 2017).

2.4 Characterization of the growing season

To enable better comparisons across years, we defined the growing season and derived phenological metrics for

every year based on the NDVI (see Figures 2 and 3) using MATLAB 2024b. To ensure that all comparisons are made

under leaf-on conditions, we only examined vegetation indices and diversity metrics from within the growing season.

9



Figure 2: Methodological concepts. Top: Example of how to characterize the growing season with
phenological metrics (start of season (SOS) and end of season (EOS)) using the derivative method on
the NDVI time series. Additionally, peak greenness (PG), as the annual maximum, is derived. Bottom:
Concept of functional diversity metrics calculation for every image and pixel based on a 60 m radius
(middle). Functional richness (left) measures the niche extent based on the three vegetation indices, and
functional divergence (right) measures the distribution within the occupied niche based on the three
vegetation indices.
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NDVI is commonly used as a proxy for the fraction of photosynthetically active radiation intercepted by vegetation

(Wang et al., 2004), which makes it an established index in land surface phenology studies and a valuable tool for

determining the growing season and the green active forest canopy (Huemmrich et al., 1999; Soudani et al., 2012;

Hmimina et al., 2013).

We used the derivative or maximum increase/decrease method on the NDVI time series to derive the start of season

(SOS) and the end of season (EOS), and the annual maximum NDVI value to derive peak greenness (PG) (White

et al., 2009; Garonna et al., 2014). The derivative-based method provides a quantitative way to delineate the active

phases of plant development within a pixel for a year. We applied the derivative method relative to the annual global

maximum NDVI, identifying SOS and EOS as the dates of maximum rate of increase and decrease respectively,

which avoids misidentification from local extrema in the smoothed time series and removes the need for a fixed

threshold that would not be appropriate across pixels with varying NDVI ranges. We calculated the phenological

metrics for each forested pixel (Broich et al., 2014; Revermann et al., 2016; Garonna et al., 2016) and derived their

respective day of year (DOY) (Forkel et al., 2013; Buermann et al., 2018; White et al., 2009; Wu & Xin, 2022). The

growing season length (GSL) was calculated as GSL = EOS − SOS. The timing of the phenological metrics varied

across sites, and hence, we used the median phenological metrics per year. To enable better comparability, we finally

used these phenological metrics to align the time series starting from the annual SOS.

2.5 Forest community analyses

To gain insight into differences in diversity metrics among forest communities, we analyzed the time series of five

different forest communities based on aerial forest stand information provided by the canton of Zurich (GIS-ZH,

2023). For each community, we evaluated intra-seasonal dynamics of diversity metrics derived from the Sentinel-2

time series. We then decomposed the variance of these metrics into spatial, temporal, and interaction components,

enabling us to disentangle intra-annual and interannual variability as well as differences among communities.

We gathered forest community information from the aerial forest stand dataset of the canton of Zurich (GIS-ZH,

2023), which contains forest stand attributes, including composition of tree species in increments of 10% (2000–2013).

We classified each polygon based on the dominant tree species or species groups, using a threshold of 60% cover

within polygons with at least 80% canopy cover. Specifically, polygons with at least 60% F. sylvatica were classified as

F. sylvatica-dominated, those with at least 60% P. abies as P. abies-dominated, those with combined coniferous species

(P. abies, A. alba, Pinus sylvestris, Larix spp., and other unspecified needle trees) as needle-dominated and those with

combined broadleaf species as broadleaf-dominated. For analyzing forest communities per pixel, we considered the

surroundings of at least 60 m to guarantee reliable diversity metrics. If an area fell into 40% evergreen and deciduous

species, the pixel was classified as mixed.
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We quantified the total variance and its spatial, temporal and interaction components for each forest community

introduced by Rossi et al. Rossi et al. (2021) using the R package stdiversity (https://github.com/RossiBz/stdiversity,

accessed on August 15, 2025). To minimize spatial autocorrelation, we selected pixels that were evenly distributed

throughout the study area and not adjacent. Based on the minimum number of available pixels per community, we

derived 133 pixels of the functional diversity metrics for each community, excluded the EOS image for the annual

time series to avoid extrapolation of variance, and finally used them for the analysis.

3 Results

3.1 Characterization of the growing season

The annual median phenological metrics of the study area varied across years (Figure 3). The median dates of SOS

shifted up to three weeks, with the earliest DOY in 2020 and the latest in 2019. PG remained the most stable with

variations up to 16 days across years. EOS was detected with the greatest variation, ranging from DOY 281 to DOY

314. The longest growing season was observed in the years 2018 and 2020. Delays in all metrics by about 2–3 weeks

were observed in 2019 and, apart from the PG, also in 2021.
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Figure 3: Derivation of phenological metrics from the mean 7-day NDVI time series for the whole study
area. The derived phenological metrics are the start of season (SOS), the end of season (EOS), peak
greenness (PG) and the growing season length (GSL). The GSL was used to normalize the investigated
time series of the indices and diversity metrics.

3.2 Temporal variation of trait-related indices

To analyze the intra-annual and interannual patterns of trait-related indices that were used to derive functional

diversity metrics, we used the yearly time series that were aligned with the yearly SOS. Figure 4 shows the mean

time series of all years and their respective standard deviations, the yearly value distributions, and the evolution of

the indices for all years separately.

All three indices typically increased in spring and decreased in fall (Figure 4). All curves exhibited an initial rapid rise

shortly after SOS, followed by a peak around 4 weeks (CCI) or 8 weeks (CIre) after SOS and gradual decrease until

about 20 weeks after SOS, or else a plateau (NDMI) from around 5 weeks until 22 weeks after SOS. The peak of CIre

corresponded to PG, whereas both CCI and NDMI peaked before PG with NDMI remaining close to its maximum

value at PG. Higher standard deviation among years compared to mid-season was observed for all three indices in

the first weeks of the growing season (1–5 weeks after SOS) and towards the end of the season (20–25 weeks after

SOS), with CCI showing the greatest standard deviation, particularly before week 13 after SOS and between 15–20

weeks after SOS (Figure 4).

We observed more specific differences in the distribution of index values across years (Figure 4). CIre displayed

higher spring peaks in 2017 and 2021, causing a change in the shape of the intra-annual distribution of values towards

a bimodal distribution. The lowest NDMI was recorded in July/August 2018 and 2020, resulting in a distinct peak
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prior to the plateau in these years. Each year exhibited a peak in CCI within the first 5 weeks of the growing season

and a second but lower peak in late summer around 16–21 weeks after SOS, latest in 2018. As 2017 had the shortest

growing season, in this year the indices declined earliest in the fall, followed by 2020. Overall, the most variability

across years was found for CCI (Figure 4).
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Figure 4: Temporal development of the three trait-related indices CIre (chlorophyll, green), CCI
(carotenoid/chlorophyll, red), and NDMI (water content, blue) throughout the growing season. Top left:
Mean index time series of all years (solid lines) and their respective standard deviations across years
(dashed lines), each normalized to SOS. The gray area marks the range of the PG from all years (7–11
weeks after SOS). Top right: Distribution of index values during the entire growing season of each year
for the whole study area as violin plots. Bottom: Temporal development of mean index time series (solid
lines), separate for each year and the respective standard deviations (dashed lines).
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3.3 Temporal variation of diversity metrics

Functional richness and divergence showed distinct intra-annual and interannual patterns when aligned with the

yearly SOS (Figure 5). Richness increased for the first 5 weeks from SOS, although not as steeply as the trait-related

indices (Figure 4), then remained roughly constant (albeit with some fluctuations) until about 21 weeks following

SOS, after which it increased again, more steeply (Figure 5). An increase in interannual standard deviation around

15–18 weeks after SOS preceded the increase in mean richness. In contrast, divergence initially increased about

as steeply as the individual index values but became roughly constant at about 3 weeks after SOS, followed by a

gradual increase to a second peak around 20 weeks after SOS, and then a decrease until the EOS (Figures 5 and 4).

Interannual standard deviation was greatest for divergence from about 7 weeks (start of PG) until 20 weeks after

SOS, just before mean values decreased.

Increases in functional richness after SOS followed observed changes in the CCI (Figures 5 and 4). A reduction in

richness was evident around 15–20 weeks after SOS in 2018, which was also visible in reductions in the pigment-

related indices CCI and CIre and, to a lesser extent, in NDMI (Figures 5 and 4). Divergence rapidly increased

concurrently with increases in the relative values of all three component indices, but then remained constant in the

first 5 weeks after SOS (Figures 5 and 4). A second increase towards a peak or plateau was visible in the later season

of every year (Figure 5). The first increase in divergence was earlier in 2019 and 2021 compared to 2017, 2018, and

2020 (Figure 5). The second peak before EOS was more distinct in 2018 and 2020 (Figure 5).
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Figure 5: Temporal development of the diversity metrics functional richness (black) and divergence (blue)
throughout the growing season. Top left: Time series for the means of these diversity metrics for all years
(solid lines) and their respective standard deviations across years (dashed lines), each normalized to SOS.
The gray area marks the range of the PG from all years (7–11 weeks after SOS). Top right: Distribution
of metric values during the entire growing season of each year for the whole study area as violin plots.
Bottom: Temporal development of means of the diversity metrics (solid lines), separate for each year, and
the respective standard deviations (dashed lines).
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3.4 Comparison of diversity metrics at PG against seasonal curves

Figure 4 helps to determine whether PG is a representative time of the year to measure trait-related indices and

diversity across years. The highest values of CIre of a year occurred around PG, while CCI values were at a lower

second peak or in-between the highest value and a following trough (2017, 2018, 2021) or directly in a trough (2019,

2020). NDMI values were in a plateau at PG that followed their initial increase immediately after SOS.

In contrast, the values of functional richness and divergence at PG were within a region of relatively little change

and thus relatively comparable across the years, following their initial SOS change; however, from year to year, PG

did not necessarily capture a similar stage of seasonal dynamics for these diversity metrics (Figure 5). For richness,

PG represented a window of relatively low standard deviation across years, although a few weeks later (around

13 weeks following SOS) exhibited lower standard deviation across years. In contrast, for divergence, PG represented

a region of relatively high standard deviation across years while a period a few weeks earlier (around 3–5 weeks

following SOS) exhibited the lowest standard deviation across years.

3.5 Temporal variation across forest communities

Intra-annual patterns of diversity metrics differed among forest communities (Figure 6). In general, the curve

shapes were similar for all forest communities, but with distinct differences in the magnitudes of the maximum

and minimum values. Needle tree-dominated stands had higher richness and divergence values compared to

the broadleaf tree-dominated stands. P. abies-dominated stands had the highest values of richness, and mixed

needle leaf-broadleaf stands had values similar to the needle-dominated stands. The divergence curves varied more

throughout the year, especially in spring and fall, and divergence patterns of broadleaf species were more stable

during PG weeks and delayed compared to the other communities. The highest divergence values of the year were

found in mixed stands at around 18–19 weeks after SOS. For richness, the values were mostly the highest at PG

(apart from values close to EOS), for divergence, higher values were reached after PG.

The variance components were more stable for divergence between forest communities than for richness (Figure 7). P.

abies-dominated stands showed the highest variance of divergence across all years. While the spatial and interaction

components were high throughout all the communities for divergence, the temporal variation was relatively low,

with a bit higher temporal variance for needle tree-dominated stands in 2017 and 2021. For richness, the year 2020

revealed very high variance across all communities, especially for temporal variation. Lastly, we observed a higher

temporal and spatial variation in 2020 in P. abies-dominated forests for both richness and divergence.
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Figure 6: Intra-annual variability of the diversity metrics functional richness (left) and divergence (right)
throughout the mean growing season (mean values calculated across all five years) for different forest
communities. The gray area marks the range of the PG from all years (7–11 weeks after SOS), and the
gray line marks the mean PG date from all five years.

Figure 7: Components of temporal variation (orange), spatial variation (blue) and interaction of both
(gray) to the total variation in index-based richness (left) and divergence (right). The variation is analyzed
for every year (2017–2021) and for different forest communities (Picea abies-dominated, needle-dominated,
mixed, broadleaf-dominated, and Fagus sylvatica-dominated stands). The calculation is based on the
method from Rossi et al. Rossi et al. (2021).
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4 Discussion

Multi-year, dense time series from satellites such as Sentinel-2 provide unique opportunities to assess forest functional

diversity across space and time (Chastain et al., 2019). By analyzing seasonal trajectories of trait-related spectral

indices and resulting diversity metrics, we demonstrate how temporal variability shapes assessments of functional

richness and divergence across temperate forest communities. Our analysis focuses on a single, well-characterized

30 km × 30 km tile to isolate the effect of acquisition timing and phenological dynamics on functional diversity

estimates. This controlled setting avoids confounding variability from climate gradients, species composition, and

management history that would complicate temporal interpretations across larger extents, while the results provide

a basis for transferring these practices to broader regions. Our results show that diversity estimates derived from

satellite observations are strongly dependent on acquisition timing within the growing season.

In particular, we evaluated the representativeness of values at peak greenness (PG) against seasonal curves, high-

lighting both the potential and the limitations of relying on single-date observations. Additionally, we examined

whether diversity metrics have differing temporal dynamics for different forest communities. Our results show intra-

and interannual dynamics of spectral index values that vary for different forest communities and target traits, and

may be informative of changing environmental conditions. The observed dynamics indicate that it is important to

synchronize the collection of in situ trait data and remote sensing datasets if one should be used to interpret the other.

The most commonly selected observation window in temperate systems, PG, captures different phenological stages

for different trait indices, and thus other times of the season should also be considered when designing comparative

and time series assessments, depending on the aims that motivate observations.

4.1 Variation of trait-related spectral indices and diversity metrics reveals growing season dynamics

Comparisons of functional diversity across years may yield different results depending on the period in the season

at which functional diversity metrics are calculated. The intra-annual analysis of the trait-related indices shows a

clear temporal dynamic starting from start of season (SOS). The red-edge chlorophyll index (CIre) and chlorophyll

carotenoid index (CCI) first increase, peak at different times, and subsequently decline, reflecting the seasonal cycle

of forest vegetation. Importantly, this means the CCI is in decline and thus less consistent during PG. The observed

patterns fit the results of trait assessments from imaging spectroscopy in other recent studies (Chlus & Townsend,

2022; Ji et al., 2024). Chlorophyll increase typically suggests active growth, while declines indicate stress-related,

seasonal or developmental senescence (Demarez, 1999). CCI is high early in the growing season, indicating that the

accumulation of carotenoids precedes the accumulation of chlorophyll in young leaves (Dhami & Cazzonelli, 2020).

Later in the growing season, increased CCI, for example, in early July, indicates a response to oxidative stress due
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to high light input and potentially water stress (Demmig-Adams & Adams, 1996). We found a small decrease in

CCI and CIre at the end of July every year (Figure 4), suggesting a reduction in photosynthesis during this period,

which might be linked to summer or midday depression during the timing of the overflight of Sentinel-2 satellites.

NDMI shows a maximum early after the SOS, with a plateau followed by a short decline from about 20 weeks after

SOS. Although water content trends are expected to reflect precipitation patterns and impact the other two indices,

NDMI was mostly stable during the growing season. This might be due to the saturation of NDMI at high leaf area

in closed canopies (Jackson et al., 2004).

Increasing functional richness indicates growing index dissimilarity over the season, suggesting a broader range of

index values, for example, leaf discoloration before end of season (EOS). In contrast, during times of large-scale stress,

such as drought or high-temperature stress, decreasing functional richness is observed. Divergence remains constant

at high values before PG and shows a similar trajectory towards the end of the season. Therefore, divergence values

are highest after the leaves’ initial unfolding and at the onset of leaf senescence, and lowest around PG.

4.2 Interannual variation of trait-related spectral indices and diversity metrics is weather-related

We analyzed the intra-annual mean time series of trait-related indices and diversity metrics, including the standard

deviation as a metric for interannual stability (Figures 4 and 5). High variability suggests high sensitivity to seasonal

stages or environmental factors, such as weather conditions. In 2018 and 2020, an earlier increase in CIre was

detected, contrasting with a delayed SOS in 2019, likely due to a rainy spring (Figure 4 and Table 1). In contrast

to strong fluctuations in other years, index variation was lowest in 2019, and NDMI levels were high, which was

associated with warm conditions but sufficient water availability.

Low interannual variability indicates consistent, predictable trait expression over the years, while higher variability

indicates environmental sensitivity. For example, during PG, CIre showed low variability, indicating similar stages

of leaf or needle development (Figure 4). In 2018, CIre stayed high for a longer period of time, while 2020 marked an

overall earlier EOS, likely influenced by a cool, wet October (Figure 4 and Table 1). Thus, comparing CIre during

PG indicates stability, whereas comparing the development of CIre across these years during each growing season

reveals differences concurrent with pronounced environmental differences (Figure 4). Consequently, peak greenness

does not necessarily correspond to the same state of functional diversity estimation across years.

Observing within-growing season dynamics may help to better pinpoint specific climate-related events. In 2018, a

decrease in CIre and CCI was observed from 15 weeks after SOS (DOY 211, July 30th) (Figure 4). This period coincides

with an unusually warm and dry season beginning in April, culminating in a heatwave from the 29th of July to

the 6th of August and resulting in a harmful hot summer drought (MeteoSchweiz, 2018). The heatwave’s temporal

alignment with the observed decline in CIre and CCI suggests a direct impact of extreme heat and drought stress on

21



vegetation health and pigment concentration. Furthermore, compared to other years, the overall lower water content

(as expressed in lower NDMI values) in 2018 reflects the prolonged exposure to dry conditions (MeteoSchweiz, 2018).

Further effects of the extreme conditions in 2018 (for weather summary focusing on temperature and precipitation

see Table 1) are visible in the pigment-related indices in 2019, as well as in functional richness, which not only

decreased in 2018 but was also low in 2019 and recovered in 2020 (Figures 4 and 5). However, as seen in Figure 5,

functional richness at PG in 2019 was among the lowest values in that year and somewhat stable. For most years,

including 2018, richness at PG was found to be among the higher values of the respective year (Figure 5). A possible

explanation for this might be the absence of a richness peak around PG in 2019 compared to the other years, which

might be linked to lower CCI around PG. This could be caused by the drought damage of 2018 or the absence of high

CCI values in 2019 due to the high water availability and the absence of stress reactions. Data availability might also

have caused the absence of the peak in the collected data. Cloud cover and rainfalls hinder data acquisition, which

might have caused a potential peak in CCI not to be detected in the 2019 time series. In any case, the result is that

when richness values are compared at PG across years, 2019 is rated as having lower richness than 2018, whereas the

range of richness values was higher in 2019 than in 2018.

4.3 Implications of peak greenness for annual monitoring

We highlighted the PG values of trait-related indices and diversity metrics to study their variation throughout the

growing season. PG occurred between June 21st (2021) and July 7th (2019) (Figure 3). At PG, CIre and NDMI values

show relatively little interannual variation, reflecting the choice of maximum greenness values and corresponding

stable, higher water content, whereas CCI values were more variable across years, reflecting gradually decreasing

CCI values at the end of the leaf unfolding (Figure 4). At PG, richness is at a first peak except for 2019, where this

increase in richness was absent (Figure 5). Richness values during PG tended to correspond to different seasonal

mean values in richness, but not reliably so, as the PG richness values were sometimes among the highest of that

season, and at other times among the lowest (Figure 5). In contrast, divergence at PG was consistently at relatively

low values, and differences in divergence across years tracked differences in seasonal means (Figure 5). The timing

of the peaks in CCI, NDMI, and divergence varied between years, and a reference close to these peaks might lead to

varying results in trait and diversity assessments (Figures 4 and 5).

This implies some considerations when using PG for Sentinel-2-based monitoring of interannual changes in functional

diversity. CCI values are decreasing from an earlier peak during PG, and differences in the CCI peak value and the

rate of its decline could provide insight into early-season dynamics. In fact, functional divergence was most stable

shortly before peak greenness, just after CCI and NDMI values peaked, and just before the peak of CIre, around 3–5

weeks after SOS. Late-season measurements of divergence (around 20 weeks after SOS) were more likely to capture
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maximum values and may give insight into late-season dynamics such as impacts of droughts (Brun et al., 2020). In

contrast, functional richness values were most stable at 5–15 weeks after SOS, a period stretching before, during,

and after PG. This suggests that a timepoint shortly before the onset of PG at about 5 weeks SOS could capture the

most similar values of functional richness and divergence across years in our study area. Such phenology-aligned

observation windows may therefore provide more robust diversity estimates than a single reference date. However,

by investigating differences within and between growing seasons, we also identify time series features, similar

to phenometrics in land surface phenology (LSP) (Garonna et al., 2016), which may yield more insight into trait

dynamics. Overall, our results show that observations during PG are generally associated with stable and high CIre

and NDMI, providing a consistent baseline for annual monitoring of these indices and potentially their related traits

of chlorophyll and water content, but observations about 2 weeks before PG yield more stable values of functional

richness and divergence when including CCI as a third trait-related index. These specific timing windows are derived

from this single temperate study area and should be treated as context-dependent. However, they demonstrate

that choosing an alternative reference time window for interannual monitoring can meaningfully affect results in

mapping and monitoring functional diversity metrics. The optimal observation window depends on the target

variable. PG remains a suitable time for CIre and NDMI as standalone indices, but for combined index-based

diversity metrics, a window approximately 5 weeks after SOS provides more stable interannual comparisons in our

temperate study area.

4.4 Diversity metric variability across different forest communities

We found higher values of richness and divergence in needle tree-dominated stands compared to broadleaf-

dominated stands, consistent with previous findings (Helfenstein et al., 2022). Recent observations indicate that these

higher values might result in part from shaded areas in these forest types, especially later in the season, due to the

more heterogeneous shape of the canopy (Kesselring et al., 2024). Thus, in interpreting our results and applying

this approach, it is important to keep in mind that the functional diversity metrics are derived from three specific

trait-related indices and that, as with any method, there are inherent biases in our observations. Nevertheless, a

recent study using this approach to measure functional diversity identified positive or hump-shaped relationships of

diversity with forest drought responses, similar to relationships documented in forest diversity experiments and

using additional indices (Schneider et al., 2023; Zheng et al., 2023; Helfenstein et al., 2025). The highest divergence

was observed in late summer in mixed and needle tree-dominated stands. On the other hand, in broad-leaf stands,

a higher relative peak in divergence around 20 weeks after SOS might be linked to leaf coloration in fall. These

differences highlight that both canopy composition and seasonal dynamics influence the interpretation of remotely

sensed diversity metrics.
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The variance components (spatial, temporal and interaction of both) in Figure 7 revealed more stable conditions for

divergence than for richness in forest communities. We observed low variance in 2017 and 2018, higher total variance

of richness and divergence, after the drought year, especially in P. abies in 2020 and 2021. This observation might

indicate time-lagged drought response effects visible in additional physiological changes or secondary drought

effects especially affecting P. abies in those years, such as dieback and pests, like bark beetle outbreaks (Stroheker

et al., 2020). During the 2019 growing season, we observed a greater spatial and interaction variance for richness in

mixed forests, which could indicate different reactions to the summer drought of the previous year through different

types of mixed forests.

We observed a higher and more stable variance for divergence than for richness, which could be correlated with the

calculation method. Divergence is calculated as a ratio of Euclidean distances, while alpha-shapes used to calculate

richness may be more buffered against extreme values (Gruson, 2020). Overall, we found the lowest variance of

divergence in broadleaf and F. sylvatica-dominated forests, especially in the temporal domain relating to the uniform

temporal onset of senescence on the community scale. This observation fits the clear peak of divergence in the

seasonal variability of broadleaf-dominated forest stands (Figure 6).

4.5 Validation of trait-related indices and diversity metrics in multitemporal satellite datasets and

multi-year, dense time series

Remote sensing platforms with high spatial coverage and frequent revisit times, such as Sentinel-2, allow the

derivation of dense multitemporal data streams. Here, we analysed the variation in spectral indices in time and

space as a basis for index-based diversity metrics. These multispectral indices were designed as proxies for canopy

traits, but their values are affected by changes in multiple traits (Grubinger et al., 2025). We are therefore careful not

to ascribe direct meaning to these indices without physiological measurements to support them. Instead, we aim to

interpret patterns in these commonly used spectral indices, and indicate possible physiological interpretations based

on the original design (Grubinger et al., 2025) and previous validation of these indices (Ali et al., 2020; Gamon et al.,

2016; Wong et al., 2020; Guzmán Q. et al., 2023; Sturm et al., 2022; Bloom et al., 2025), and evaluate how these influence

functional diversity metrics over seasonal and multiannual time scales. Field-based trait and diversity measurements

collected with corresponding spatial and temporal extent and resolution could strengthen the interpretation of these

indices.

Trait validation is affected by variability in canopy reflectance, signals of non-forest material in forest gaps and the

atmosphere, changing illumination and viewing geometries and the effect of shaded areas in the canopy (Cavender-

Bares et al., 2017), and other challenges when downscaling to leaf traits from the measurements at canopy level

(Homolová et al., 2013; Malenovský et al., 2019). The mismatch between in situ ecological sampling units such as
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leaves per canopy, usually sampled in randomized distributed designs, and the generally much coarser and yet,

continuous grid of satellite remote sensing raster products complicates comparisons of these data types and thus the

ecological interpretation of satellite remote sensing data (Wang & Gamon, 2019; Hauser et al., 2021). Trait observations

are typically made in situ only once or at most a few times per season. There are large temporal mismatches between

most available in situ and satellite data (Chavana-Bryant et al., 2017). Current datasets cannot capture the full

temporal dynamics needed for the rigorous validation of such dense time series spanning multiple years, and the

generation of truly representative canopy trait data on a weekly basis for a 30 km2 tile represents an unprecedented

and very expensive in situ sampling and sample analysis effort. Challenges in validating temporally dense and

spatially continuous remote-sensing time series remains a major limitation for functional diversity assessments.

Neither global trait products nor existing field campaigns provide trait measurements at the temporal frequency of

Sentinel-2, making it difficult to evaluate seasonal trajectories of trait-related indices.

Recent studies using multitemporal satellite data propose partial strategies to address this gap. Mederer et al. (2025)

use a model-based trait framework and internal temporal consistency checks across hyperspectral scenes using

EnMap data, while (Liu et al., 2025) employ field-based species diversity measurements to validate multi-temporal

spectral diversity metrics from Sentinel-2 and PlanetScope data. These approaches demonstrate feasible pathways

for linking remotely-sensed diversity measures to ecological information collected on the ground, but are neither

spatially continuous nor seasonally resolved.

Unlike these studies, our work provides dense, multi-year Sentinel-2 time series at a consistent spatial location,

allowing us to quantify intra- and interannual trajectories of trait-related indices and their effects on functional

diversity in relation to the ecosystem’s phenology. Our method builds on existing validation and upscaling work

that established the suitability of CIre, CCI, and NDMI for temperate forests (Schneider et al., 2014, 2017; Helfenstein

et al., 2022) and demonstrated their ecological relevance through links to ecosystem functioning (Helfenstein et al.,

2025). Here, we quantify the temporal behavior of these indices and examine how seasonal and interannual

dynamics propagate into calculations of functional richness and divergence across forest communities. The observed

patterns indicate the need for coordinated, temporally resolved field campaigns capable of capturing intra-seasonal

variation in canopy traits to support ecological interpretations. Developing such datasets will be essential to validate

interpretations of functional diversity time series and to advance trait-based biodiversity assessments at the landscape

and regional scale.

4.6 Towards monitoring functional diversity using satellite data

There is a need to monitor biodiversity and observe temporal changes to quantify diversity change and predict its

consequences, including biodiversity loss as well as the impacts of biodiversity protection and restoration efforts.
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There are many challenges that must be met to achieve a systematic approach to biodiversity assessment and

monitoring (Gonzalez et al., 2023). Remote sensing can complement in situ observations by providing information on

diversity and ecosystem processes at regional to global scales and in cases where sufficient ground data are missing.

Using multi-year, dense satellite time series for monitoring approaches has great potential to fill current gaps in the

coverage of biodiversity monitoring systems (Schmeller et al., 2017). Although functional diversity metrics derived

from spectral indices are not yet standard in biodiversity monitoring programs, they provide an interpretable and

computationally accessible approach for establishing best practices in remote sensing-based biodiversity monitoring

that may transfer to other metrics and regions.

We found that it is essential to align time series to SOS to enable comparisons across years, meaning that not the date

as such is relevant for monitoring, but the phenological state of vegetation. This is likely an important consideration

for the comparison of any indicators that rely on the state of vegetation or vegetation indices. From the yearly time

series, individual characteristics and their temporal occurrence can be derived, e.g., when comparing the time of

maximum value of an index or diversity metric, which could already be used as a metric for monitoring. However,

such parameters are best assessed using dense time series, which is currently only available from revisiting satellite

missions. Instead of data- and processing-intensive time series approaches, efforts to identify SOS and PG could be

complemented by in-situ observation of phenological stages, e.g., from phenological networks such as Phaenonet

(MeteoSchweiz, 2020b). Based on these in situ phenological observations, PG or other time window adjustments could

support the planning of field measurement of diversity measures, such as traits, or additional remote-sensing-based

systems, such as drone or airplane overflights, or support near-real-time monitoring of diversity.

During PG, acquisitions can be combined into composites to fill gaps due to local cloud coverage or illumination

issues, leading to large variability between single images. Single cloud-free images are rare because of the variability

of clouds and cloud shadows, which can be mitigated by using composites that cover multiple points in time. The

variation of PG of up to 16 days in our study emphasized the importance of identifying PG or the other relevant

phenological stages, and of defining a broad enough time window for mapping trait diversity. The difference in PG

timings will increase further when monitoring larger areas or longer time spans, and hence, this identification is

paramount. In the present study area, a June/July composite should cover the observed PG variation. However,

this might not be true for other regions of the world, or in long time series. This time window might have changed

similarly to the timing of bud-burst in the last decades due to climate warming (Fu et al., 2014), and it is not clear

how the changing climate will affect the timing in future climate scenarios (Wenden et al., 2020).

While spectral bandwidth was shown to have a minor role in index retrieval (Helfenstein et al., 2022), an increased

number of spectral bands allows for more possibilities in deriving canopy trait-related information. A higher spectral

resolution will likely enable the retrieval of additional indices, such as indices indicative of cellulose content (Nagler
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et al., 2003). New spaceborne imaging spectrometers, such as the operational EnMap (Guanter et al., 2015) or future

missions such as CHIME (Rast et al., 2021) will, therefore, enable new possibilities in spaceborne diversity monitoring.

However, many new space-based imaging spectrometers do not share the high temporal resolution of Sentinel-2,

which might limit the potential of these systems. Scientific missions such as EnMap do not have a fixed revisit

time for collecting imagery unless specific observations are requested and scheduled by users (Heiden et al., 2010).

Future operational missions, such as CHIME, plan for a temporal resolution of less than 10 days using two satellites

(Buschkamp et al., 2023). The temporal resolution crucial for dense time series approaches could be improved by

using multisensor approaches, e.g., by combining Sentinel-2 with other spaceborne missions such as Landsat (Weber

et al., 2023) or Landsat 8 with SAR data, e.g., from Sentinel-1 (Shimizu et al., 2019), depending on the target of

interest. It is important to keep in mind that the lower native spatial resolution of different sensors might further limit

mapping and monitoring efforts, as the resolution of the index data is of primary importance to interpreting results

(Helfenstein et al., 2022; Pacheco-Labrador et al., 2022). Finally, such new capacities to calculate functional diversity

from space will require investigations such as this and a previous study to determine the effects of spatiotemporal

scale and derive guidelines for best practices (Helfenstein et al., 2022).

Our study contributes to identifying stable periods that provide a reliable baseline for detecting significant environ-

mental changes and calibrating remote sensing models for ecological monitoring. Our results indicate that remotely

sensed trait-related diversity assessment should not always be conducted at PG, and that the temporal dynamics

of the signal may be important for its interpretation. This cannot only inform when it is best to conduct in situ

measurements for different assessment and monitoring purposes, but also demonstrates the high value of using

multi-year, dense satellite time series to complement monitoring efforts.

5 Conclusion

Multi-year, dense time series from satellites with short revisit intervals enable monitoring of the temporal dynamics of

trait-related spectral indices and associated diversity metrics in forest ecosystems. Their high spatiotemporal coverage

complements in situ and drone-based approaches, providing a broader perspective on ecosystem functioning.

Using Sentinel-2 data from 2017–2021, we showed that spectral indices linked to chlorophyll, carotenoids, and

water content, as well as derived functional richness and divergence, exhibit pronounced seasonal and interannual

variability. Our results highlight that relying solely on one date around peak greenness limits the information content

and interpretability of remotely sensed diversity estimates. Broader temporal windows are therefore likely necessary

to capture ecosystem responses to environmental stressors and to assess resilience. We furthermore found systematic

27



differences among forest communities, with higher diversity values in needle-dominated stands, and observed that

functional divergence is more stable across space and time than richness.

These findings emphasize the importance of accounting for temporal dynamics in biodiversity assessment and

monitoring, and demonstrate how Sentinel-2 can support time-resolved, multi-annual observations of forest func-

tional diversity. Incorporating such temporal perspectives may improve the accuracy of ecosystem assessments.

The resulting time-resolved diversity estimates, derived from computationally simple indices and public data, have

potential to guide conservation and management strategies under changing environmental conditions.
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