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Abstract. It is now well established that climate change modifies the snow cover regime in European mountains. However,
the impact of snow cover changes on alpine ecosystems is not well understood. In this study, we assess how snowmelt timing
affects alpine grassland growth (onset and evolution) in the western Spanish Pyrenees using eight years (2018-2025) of
Sentinel-2 imagery at 10 m resolution. We combined satellite-derived snow melt-out dates (SMOD) with NDVI time series,
meteorological data, and fractional snow-covered area (fSCA) to evaluate the temporal and spatial relationships between
snowmelt timing and vegetation greening. Our results confirm that snowmelt consistently influences the onset of greening and
regulates the timing of peak NDVTI (annual maximum). However, short-term variations in melt-out timing had limited influence
on the intensity of peak NDVI, which was more strongly linked to post-melt meteorological conditions. The spatial pattern of
peak NDVI remained stable across years despite variable melt timing. Our observations suggest that site-specific
characteristics—such as soil properties, microclimate, and vegetation composition—that can be linked to the long-term legacy

of snow presence can exert a stronger influence on productivity than year-to-year snowmelt dynamics.
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1 Introduction

Alpine grasslands play an important ecological role in mountain regions by providing essential services, such as carbon storage,
soil protection, nutrient cycling, forage provision and water retention (Mascetti et al., 2023; Qian et al., 2023). Their
functioning is strongly influenced by seasonal snow cover, which regulates soil temperature, moisture and nutrient availability
(Korner, 2021). In particular, the timing of snow disappearance—the snow melt-out date (SMOD)—is a fundamental variable
shaping vegetation dynamics (Jonas et al., 2008; Mohl et al., 2022). Earlier or later melt-out affects both the onset and pace of
green-up, as well as the total period available for plant growth (Vitasse et al., 2017; Xie et al., 2020). However, while
phenological shifts following melt-out are generally consistent, the consequences on productivity are more variable across
regions and vegetation types (Choler, 2015; Heim et al., 2022; Slatyer et al., 2022). In some alpine grasslands, earlier melt-out
leads to higher productivity due to an extended growing season (Asam et al., 2018; Choler, 2015), whereas in others it can
lead to increased drought stress, reducing biomass accumulation later in summer (Mo6hl et al., 2023). These contrasting
responses are due to the influence of other climatic variables during the growing season. Moreover, species exhibit contrasting
phenological strategies that determine their sensitivity to melt-out timing—some initiate growth immediately after snow
disappearance, while others respond to accumulated heat or photoperiod thresholds (Baptist et al., 2010; Vorkauf et al., 2021 a).
As a result, the relationship between SMOD, phenology, and productivity is not uniform, and regional studies are essential to
clarify how these processes operate under local climatic and ecological conditions.

European mountain ranges are warming more rapidly than the global land surface (Copernicus Climate Change Service (C3S),
2024). Previous studies reported a significant decline in snowpack since the 1950s—both depth and duration—consistent with
climatic trends of warming (Lopez-Moreno et al., 2020; Vorkauf et al., 2021b). Barrou Dumont et al. (2025) found that the
SMOD occurs earlier at a rate of approximately 5 d decade™ over the period 1986-2024 in the French Alps and the Pyrenees.
Bayle et al. (2025) found a similar trend over the entire Alpine range (1984-2022). Climate models projections indicate that
the atmospheric warming will continue during the 21st century accompanied by a shift in precipitation toward drier summers
and more humid winters with a decreasing fraction of precipitation falling as snow (Kotlarski et al., 2023). As a result, a
continued reduction of the snow cover duration is expected, further altering the hydrological and ecological dynamics of these
environments (Beniston et al., 2018; Dumont et al., 2025). Understanding how SMOD influences alpine grassland growth
under current conditions is therefore crucial for anticipating ecological responses to future snowpack changes.

Satellite remote sensing provides a consistent and cost-effective way to monitor snow and vegetation dynamics across broad
spatial and temporal scales. However, spatial resolution plays a critical role in capturing ecological variability. While coarse-
resolution sensors such as MODIS or AVHRR provide long time series suitable for large-scale analyses, they often smooth
out fine-scale heterogeneity of the snow and vegetation patterns that can be captured with higher-resolution imagery from
Landsat or Sentinel-2 (Dedieu et al., 2016; Gascoin et al., 2019). Other approaches based on synthetic aperture radar (SAR)
imagery offer cloud-independent observations, but are primarily suited to detecting the transition of snow from dry to wet

conditions rather than snow presence itself and operate at a coarser spatial resolution (Marin et al., 2020).
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This study focuses on a mountain grassland area in the Pyrenees. In this region, a two-year unmanned aerial vehicle (UAV)
imagery-based study in a small subalpine basin helped analyse how the SMOD timing influenced the NDVI evolution of the
area, revealing that intermediate melt-out timing—around late April and early May—was associated with the highest NDVI
values (Revuelto et al., 2022). On the other hand, Alonso-Gonzalez et al. (2024) conducted a long-term (1981-2014) study
covering the entire Pyrenean range using coarse-resolution (1.1 km) NDVI data from the AVHRR-NOAA mission, combined
with statistical modelling. They identified SMOD as the primary driver of interannual fluctuations in peak NDVI (maximum
annual value), reinforcing the significance of snow-vegetation coupling at broad spatial and temporal scales.

Building on this previous research, the present study bridges the gap between short-term, fine-scale analyses and long-term,
coarse-scale assessments by leveraging eight years (2018—2025) of snow cover and vegetation data at 10 m resolution from
Sentinel-2 satellite mission. This dataset has a spatial resolution that is sufficient to capture within-landscape variability and a
temporal coverage that is long enough to evaluate interannual variability. Specifically, we test the hypothesis that interannual

variability in SMOD significantly affects the magnitude of peak NDVI across a 77 km? grassland area in the Western Pyrenees.

2. Study area

The Pyrenees form a major orographic barrier separating the Iberian Peninsula from the rest of the European continent. Their
main axis extends west to east for over 400 km, from the Atlantic Ocean to the Mediterranean Sea, reaching a maximum
elevation of 3,404 m a.s.l. at Aneto Peak. This configuration results in marked climatic asymmetries: northern slopes receive
higher precipitation due to the interception of humid Atlantic air masses, while southern slopes experience a drier climate.
Additionally, a west-to-east gradient exists, with western sectors influenced more heavily by Atlantic conditions and eastern
sectors showing increasing Mediterranean influence (Lopez-Moreno et al., 2020). Above 2000 m a.s.l., the snowpack tends to
last from December to April (Alonso-Gonzalez et al., 2020).

Figure 1 shows the study area, which is located in the Western Spanish Pyrenees and spans approximately 77 km?. It comprises
the headwaters of two river basins—the Aragoén and Gallego rivers. It is a topographically heterogeneous area, with elevations
ranging from 1500 m a.s.1. at valley bottoms to over 2800 m a.s.l. at the peaks in the cirque surrounding Ip Lake, in the south-
western quadrant. In this zone, steep rock faces and scree slopes dominate, resulting in sparse vegetation cover. On the other
hand, the remaining quadrants have gentler slopes where grasslands are the dominant vegetation type, although near-treeline
forest communities can be found at the lower elevations. Thus, to exclude forested areas and unvegetated rocky peaks, the
analysis was restricted to the 1,700-2,600 m a.s.1. elevation band. These grassland areas are seasonally grazed by livestock—
primarily cattle, sheep and horses—under extensive farming systems during the warm season.

Embedded within the broader study area is the Izas experimental catchment, a small (~ 0.5 km?, ~ 0.65% of the whole study
area) subalpine basin located between 2,000 and 2,300 m a.s.l., predominantly facing east. Its vegetation composition and
snowpack characteristics are representative of subalpine environments across the central Spanish Pyrenees, making it a useful

reference for the surrounding landscape (Revuelto et al., 2017). The experimental catchment is also the site of the UAV-based



study by Revuelto et al. (2022), and in the present work, we make use of data from the automatic weather station (AWS) and

85 time-lapse camera installed there to support snow cover analysis (Revuelto et al., 2016).
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Figure 1. Study area summary, including location in the western Spanish Pyrenees (a) and key features (b) (DEMs were obtained
from the Spanish National Geographic Institute, IGN). 2018-2025 averages of SMOD (c) and peak NDVI (d) are shown on the right.

90 3. Methods

This study leverages Sentinel-2 L2A imagery from 2018, when the complete annual coverage became available, to 2025. Each
acquisition, available with a five-day frequency, consists of atmospherically corrected spectral bands that represent bottom-
of-atmosphere (surface) reflectance. These images were processed in the Google Earth Engine platform (GEE) to retrieve
NDVI and binary snow presence (bSP) maps, and the data analysis was performed with R software. Most bands relevant to
95  this study—green (G), blue (B), red (R), and near infrared (NIR)—have a 10 m x 10 m spatial resolution, while Band 11 (short-
wave infrared, SWIR) was originally acquired at 20 m X 20 m and resampled using nearest-neighbour interpolation to match

the others (Dong et al., 2020; Mullerova & Williams, 2019).
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3.1. SMOD calculation

bSP maps were generated for every five-day acquisition from February 1 to September 30 of each year. To reduce noise from
cloud obscuration, a cloud mask was applied to each image using the Sentinel 2 Cloud Probability dataset and s2cloudless
methodology (Zupanc, 2017). This mask was chosen for its recognized strong performance in snowy scenes compared to
similar products—despite its inability to detect cloud shadows (Gao et al., 2024; Skakun et al., 2022), which was accordingly
accounted for in later processing steps. After masking clouds out, bSP maps were computed following Gascoin et al. (2019).
Snow presence was derived by applying thresholds to the normalized difference snow index (NDSI) and the R band—0.4 for
NDSI and 0.2 for the R band. The NDSI was calculated using the formula presented in Table 1. Pixels exceeding both
thresholds were classified as snow-covered, while the remaining unmasked pixels were considered snow-free.

Table 1. Applied spectral indices

Spectral index Formula Described in

NDSI (normalized difference snow index) (G - SWIR) / (G + SWIR) Hall et al. (1995)

NDVI (normalized difference vegetation index) (NIR - R) / (NIR + R) Fontana et al. (2008)

NDWI (normalized difference water index) (G—NIR)/ (G + NIR) Du et al. (2016)

BSI (bare soil index) (SWIR +R -NIR - B) / (SWIR + R+ NIR + B)  Mzid et al. (2021)
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To enable time series analysis, these maps were organized into annual sequences, creating eight separate time series stacks.
Within each stack, every pixel's snow status was tracked throughout the season, forming a binary temporal profile (snow = 1,
snow-free = 0, cloud/missing = no-data). A custom algorithm was developed to identify the timing of melt-out pixel-wise. A
melt-out event was defined as the transition from at least 15 consecutive days of snow cover to at least 15 consecutive snow-
free days. No-data gaps longer than 10 days caused the sequence to be discarded. The last observed day of snow presence
before the onset of the sustained snow-free period was recorded as the SMOD. In cases with multiple qualifying transitions,
the earliest melt-out date was retained. If a full transition period was not found, we used partial sequences (> 7 snow and > 7
snow-free days) to estimate melt-out. When not even such incomplete sequences could be found, SMOD was left undefined
for that pixel. The proportion of pixels classified using the full and partial sequence criteria was quantified to assess the relative
contribution of each method.

The resulting SMOD values were recorded as day-of-year (DOY) integers, creating a spatial map of melt-out days for every
year. These DOY values were subsequently binned into discrete half-month periods. This step assigned each SMOD value to
one of 24 intervals, ranging from early January to late December, based on its calendar date. This half-month classification
allowed for consistent aggregation (and noise reduction) of snow disappearance timing across years, supporting both
quantitative comparison and visual interpretation of spatial melt-out patterns, ensuring sufficient data on each 15-day period—

considering the five-day Sentinel acquisition frequency and the impact of cloud obscuration.
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3.2. Seasonal and peak NDVI extraction

The same set of Sentinel-2 images was also used to derive NDVI (Table 1) time series for vegetation assessment. NDVI is a
widely used indicator of grassland productivity, reliably tracking field-based measures of growth and biomass while remaining
largely unaffected by topography in mountain terrain (Chen et al., 2020; Choler, 2015). An additional filtering step was applied
to retain only those images with cloud obscuration in the study area below 10% as valid acquisitions. This aimed to reduce the
impact of cloud mask inaccuracies, which can alter NDVI values especially near the edges of clouds or within cloud shadows.
To further assess the potential influence of terrain-induced shadows, we quantified their occurrence using the r.sunmask
module in GRASS GIS on a 10-m resolution DEM afor representative dates across the seasonal cycle (February, June, and
September). The proportion of shadow-affected vegetated pixels was generally low (0.3-2.8%) during the growing season,
although higher values were observed in winter (up to 12.5%), suggesting a limited impact on the derived NDVI time series.
The distribution of vegetated and unvegetated shaded areas during the different times of the year can be observed in Figure
Al.

Additional static masks were applied to exclude bare ground and water surfaces. These masks were derived from a single
100% clear-sky summer image using the bare soil index (BSI) and the normalized difference water index (NDWI) (Table 1).
Pixels classified as bare soil—BSI > 0 (Mzid et al., 2021)—or water—NDWI > 0.2 (Du et al., 2016)—were excluded from
the NDVI analysis (Fig. 1c). Pixel-wise NDVI observations were grouped based on the melt-out period as defined by the
SMOD maps. This allowed the reconstruction of NDVI trajectories classified by their SMOD and analysis of the growth rate
during the green-up phase. This was calculated as the slope of each NDVI curve from the start up to 90% of maximum NDVI,
to exclude the flattening phase occurring before the maximum is reached.

From each annual collection, the map with the highest mean NDVI was selected as the peak NDVI. Pearson’s correlation was
computed for all pairs of peak NDVI maps to obtain an assessment on the variability of the NDVI distribution when, on
average, it was at its annual maximum. An “Average peak NDVI” map was created by computing the pixel-wise mean of the
eight annual peak NDVI maps. SMOD maps were treated likewise, computing Pearson’s correlation for all pairs as well as
generating an “Average SMOD” map. The main steps of the SMOD and NDVI analysis workflow are summarized in Figure
2.
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Figure 2. Workflow for spectral index calculation and derivation of SMOD and NDVI series.
3.3. Statistical and climatic analysis

To assess the temporal stability of spatial patterns in peak NDVI and SMOD across the 2018—2025 period, pixel-wise Pearson’s
correlation was conducted between all pairs of annual maps for each variable separately. The average of all Pearson’s r
coefficients was then calculated as a measurement of peak NDVI and SMOD spatial similarity throughout the period of study.
Linear regression was applied to study the influence of snowmelt timing on a) peak NDVI intensity, and b) peak NDVI timing.
A continuous range of fractional snow-covered area (fSCA) thresholds—from 0.01 to 1 in 0.01 steps—was defined to
characterize snowmelt timing. For each threshold and year, the earliest day on which fSCA dropped below the specified level
was extracted, resulting in a threshold-specific series of melt dates across years. Two datasets were used for this: the Sentinel-
derived bSP maps, corresponding to the whole study area; and a local, high temporal resolution fSCA series of the Izas
experimental catchment.

The Sentinel-based fSCA series was created by clipping each annual bSP series to its corresponding peak NDVI map and
calculating a simple ratio between snow pixels and total pixels in each map. The Izas fSCA series was generated with daily
images from the Campbell CC640 digital camera installed there in September 2011 following the methodology described in
Revuelto et al. (2016). fSCA at 1 m spatial resolution was derived from each available date creating annual time series for the

2018-2023 period. 2024 and 2025 series were not available due to a camera malfunction.
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Once the threshold analysis was performed, linear models were computed at each SCA threshold level for both peak NDVI
intensity and timing using both datasets, allowing the assessment of potential synchrony and the link between vegetation
responses at different scales. The p-value was used to evaluate statistical significance and the coefficient of determination (R?)
to evaluate model fit.

Lastly, precipitation and temperature data were used to characterize the after-snowmelt periods and observe their potential link
with yearly NDVI evolution. Daily precipitation data were obtained from the Canfranc Station (Spanish National Weather
Service - AEMET) right outside the western border of the study area (Fig. 1), and aggregated into half month periods.
Temperature data were downloaded from the AWS in the experimental catchment (Revuelto et al., 2017) and smoothed with

a seven-day moving mean.

4. Results
4.1. Seasonal NDVI trajectories

The 2018-2025 average of mean annual NDVI trajectories for each SMOD period is shown in Figure 3 (a). The vegetation
growth starts immediately after the snow cover disappearance. The maximum NDVI for each SMOD period changed
throughout the season: maximum NDVI reached ~ 0.67 for the earliest melt-out period, increased to its highest value of ~ 0.69
for early March, and progressively declined to a minimum of ~ 0.53 for late June melt-out. While earlier melt-out dates led to
earlier NDVI peaks, the temporal spread of SMOD (4.5 months) was substantially broader than the range of dates of maximum
NDVI (2.5 months). This led to reduced green-up times, ranging from 3.5 months in the earliest melting sites—Ilate February—
to 1.5 in the latest melting ones—late June, as well as increasing NDVI growing rates. As shown in Fig. 3 (b), the slope (NDVI
growing rate) during green-up increased consistently from the earliest SMOD periods to the latest ones, with daily NDVI

increments being almost four times larger for late June melting dates than late February ones.



190

195

200

0.8+
0.6
>
[=]
z
c 0.4+
@
i}
=
0.24
00 h T T T T T T T T
15-28 Feb 16-31 Mar 16-30 Apr 16-31 May 16-30 Jun 16-31 Jul 16-31 Aug 16-30 Sep
0.020 4 .
(b) 2] SMOD period
5 < late February
§ 0.0154 <> early March
@]
=z XX “7 late March
=2 ly April
early Apri
2 0.010 ]
o late April
0
o v early May
z <
5 0.005 - x late May
D
& FF early June
lat
0.000 A H late June

Figure 3. (a) Annual evolution of mean NDVI in each SMOD period zone (Average of the 2018-2025 period). (b) Slope of NDVI
curves during growing phase.

4.2. Influence of SMOD on peak NDVI

Timing and intensity of peak NDVI during the study period are summarised in Table 2. Peak NDVI consistently occurred in
July, although a maximum difference of 21 days was found between the earliest occurrence—2023—and the latest—2018. An
average of 28 valid acquisitions were available each year, with 2019 representing an outlier due to an unusually high number
of clear-sky observations in late winter (February—March), when snow cover was still widespread. These early-season
acquisitions did not affect the estimation of peak NDVI or SMOD, as they occurred outside the main growing season. Table 2
also reports the proportion of pixels for which SMOD was derived using the full versus partial sequence criteria, showing that
in most years the majority of pixels were classified using the full criterion, although the contribution of partial sequences

increased in some years (e.g., 2022 and 2023).
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Table 2. Annual NDVI and SMOD summary

2018 2019 2020 2021 2022 2023 2024 2025

Peak NDVI date 23/07 20/07 07/07 17/07 07/07 02/07 16/07 08/07
Average of peak NDVI values 0.69 0.63 0.69 0.69 0.67 0.71 0.66 0.68
Valid acquisitions 26 49 34 26 20 29 31 28
Full / partial SMOD (%) 80/20 59/41 59/41 65/35 42/58 49/51 75/25 54/46

The analysis of the linear model fits is presented on Figure 4. Regarding peak ND VI intensity, no significant relationship (p <
0.05) was found at any crossing threshold for either of the fSCA series, although a maximum R? of 0.53 was obtained at fSCA
= 0.03 for the Izas series. However, the models for the timing of peak NDVI reported statistical significance below fSCA =
0.27 for the Sentinel series and fSCA = 0.54 for the Izas series, and showed a stronger link between variables as snowmelt
progressed. The maximum fit was obtained at fSCA = 0.03 for the Sentinel series (R? = 0.81) and at fSCA = 0.09 for the Izas
one (R?=0.83).

Peak NDVI intensity Peak NDVI timing
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Figure 4. Evolution at each fSCA level of linear model fits between timing of snowmelt and (a) peak NDVI intensity and (b) timing
of peak NDVI. Colour-coded for the source of fSCA series. Areas/lines shaded in gray indicate lack of statistical significance of
results.

4.3. Meteorological factors and spatial patterns

Figure 5 focuses on post-snowmelt meteorological conditions and their influence on peak NDVI intensity in three contrasting
years representing different snow and vegetation regimes: 2018, characterised by the longest-lasting snowpack; 2019,
associated with the lowest peak NDVI; and 2023, which combined the shortest snow duration with the highest peak NDVI. In

2019, despite abundant precipitation in April and May, the summer months were dry, and June exhibited both high maximum

10



and low minimum temperatures. In contrast, 2023 experienced a drier spring followed by abundant June precipitation and
220 milder temperature extremes. The long-lasting snowpack in 2018 resulted from intense winter precipitation and markedly
lower early-spring temperatures. However, from April onwards, both minimum and maximum temperatures returned to similar
values to the other years, and precipitation levels were comparable to 2019 and 2023. Early June 2018 was particularly wet,

but the subsequent summer period was the driest of the three years.
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Figure 5. (a) Temporal evolution of fSCA and NDVI. (b) Precipitation from the Canfranc AEMET station, aggregated in 15-day
intervals. (¢) Maximum and minimum temperatures from the Izas experimental catchment AWS, smoothed by 7-day moving mean.
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Figure 6 assesses the relation between the distribution of peak NDVI and SMOD across the years. The focus is on 2019 and
2023—the years with the lowest and highest average of peak NDVI values, respectively—and the average peak NDVI and
230 SMOD over the study period. In 2019, median NDVI above 0.75 was not reached in any area, while in 2023, areas melting in
March and April reached or exceeded this value. The eight-year average shows the highest NDVI values for melting periods

11
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spanning late March to early June, with the highest mean value found in late April. The analysis is constrained solely by the
applied static masks for bare soil and water, with no additional spatial filtering applied. The spatial extent of each melt-out
period therefore reflects interannual variability in snow cover duration and melt dynamics. Early May dominated in 2019 (~
2500 ha), while 2023 featured an earlier extensive melt in early March (~ 1600 ha). The 2018-2025 average fell between these

extremes, with April melt-out periods covering over 2600 ha.
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Figure 6. Distribution of values from the annual peak NDVI map in their corresponding SMOD period, colour-coded for covered
area. Note that 2019 presented the lowest average of peak NDVI values and 2023 the highest.

Despite these differences in snowmelt timing and extent, the spatial distribution of peak NDVI remained remarkably stable
throughout the period of study. Pixel-wise NDVI values were highly correlated across all years (mean Pearson’s r = 0.94).
Even the correlation of the pair of most extreme peak NDVI years (2019 and 2023) remained strong (Pearson’s r = 0.91). By
contrast, SMOD maps exhibited greater interannual variability (mean r = 0.77; r = 0.61 between 2019 and 2023), indicating

that snowmelt spatial patterns fluctuate more than those of maximum vegetation greening.

5. Discussion

This study aimed to clarify the influence that the timing of snowmelt (SMOD) has on grassland vegetation, both in terms of
phenology and productivity. Our results indicate that greening consistently tracks snow disappearance (Figs. 3 and 5), as
reported in previous research (Slatyer et al., 2022; Vitasse et al., 2017; Xie et al., 2020). The temporal frequency of Sentinel
imagery did not allow for an accurate analysis on whether vegetation growth starts immediately after snow disappearance, but
our results suggest a tight temporal coupling. Moreover, the influence of SMOD on the green-up phase duration can be
observed in the fact that the NDVI slope during the early growing stage is progressively steeper when SMOD is later.
Biological constraints related to photoperiod or accumulated heat could be the main factor explaining these differences (Choler

et al., 2024; Tomaszewska et al., 2020). The temporal link between snowmelt and phenology extends until the end of the
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growing season, when peak productivity is reached (Fig. 4b). The robustness of the linear models based on fSCA at different
spatial scales and resolutions reinforces the importance of snowmelt dynamics on grassland phenology.

However, peak annual productivity seems to be independent from snowmelt dynamics. We demonstrated the null linear
relationship between timing of increasing levels of snowmelt and the intensity of peak NDVI (Fig. 4a). Additionally, the
SMOD period associated with the highest NDVI values in each peak NDVI map changed every year (fig. 6), ranging from late
March to early May. While supported by previous research in other mountain ranges (Mohl et al., 2022, 2023; Pirk et al.,
2023), our findings contrast with those of Alonso-Gonzélez et al. (2024), who identified SMOD as the main driver of
interannual variability in peak NDVI intensity across the Pyrenees using AVHRR data over a 34-year period. Nonetheless,
their use of coarse-resolution imagery (1.1 km) and a much larger study area may obscure fine-scale ecological patterns as
those observed in this study in a smaller study area, since lower-resolution satellite products can miss important spatial
heterogeneity in vegetation dynamics or report greening trends not observed at ground level (Assmann et al., 2020; Pattison et
al., 2015). Our use of Sentinel-2 imagery at 10 m resolution over eight years offers a more detailed view of local-scale
processes, but on a shorter span of time, which could limit our ability to observe the effect of SMOD long-term. While other
long-term missions such as Landsat were considered to increase the temporal extent of the study, they were eventually
discarded due to their longer revisit times, which, in combination with cloud-related data gaps, would not have provided
enough observations to apply the proposed workflow.

The meteorological conditions following snowmelt appear to exert a strong influence on peak NDVI intensity (Fig. 5). Previous
studies have shown that air temperature and precipitation after melt-out are major controls on alpine grassland growth and
biomass (Jonas et al., 2008; Rammig et al., 2010), with June temperature emerging as a key predictor of NDVI variability in
some high-latitude regions (Heim et al., 2022). Conversely, summer drought and warming-induced water stress could suppress
or reverse greening trends, even when snowmelt was experimentally advanced (Liu et al., 2021; Mdhl et al., 2023). Choler et
al. (2024) highlighted that late-melting ecosystems are particularly sensitive to climate change because they have experienced
the largest proportional increase in heat accumulation during the snow-free period over recent decades. This finding shifts the
focus from summer temperature effects toward the cumulative influence of early-season thermal availability—suggesting that
extended growing seasons and higher snow-free degree-day sums, rather than warmer summers alone, are increasingly shaping
alpine productivity patterns. However, other factors, such as soil parameters regulating water retention and soil nutrition need
to be taken into account as additional relevant drivers of peak NDVI intensity (Piedallu et al., 2019).

Given the high spatial stability of the peak NDVI distribution (Fig. 6), we hypothesize that these conditioning factors are
intrinsic to the site biophysical properties, rather than an external forcing. While snowmelt patterns present a higher yearly
variability, the consistent long-term presence of the snowpack during winter in this environment (Revuelto et al., 2020; Sturm
& Wagner, 2010) may have acted as an ecological filter, selecting for vegetation types adapted to persistent snow conditions
and thereby shaping species composition, soil properties, and microclimatic conditions that persist across years (Winkler et
al., 2018; Wu et al., 2022). This interpretation is supported by recent findings on the legacy of the snow cover on soil ecosystem

properties in the Alps (Choler et al., 2025). Myers-Smith et al. (2020) emphasized that NDVI trends can reflect changes in
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species traits, growth forms, and community composition—factors that are shaped by long-term environmental pressures.
Based on this hypothesis, a new perspective emerges for the trend of high NDVI values in intermediate SMOD periods—
reported by Revuelto et al. (2022) and also observed in the annual NDVI evolution (Fig. 3) and in the peak NDVI distribution
regarding SMOD classification (Fig. 6). We propose that this relationship is not causal but coincidental—areas of high peak
NDVI values remain the same throughout the study period because of the underlying physical and biological factors, while
meteorological variability drives the timing of SMOD.

From a methodological standpoint, cloud obscuration posed a severe challenge. During our eight-year study, there was a
consistent lack of cloud-free images between late May and early June (see the blanks in the NDVI sequence at the top of Fig.
5), impeding our analysis during an important stage of growth. Higher-temporal resolution products such as HLS could
potentially help mitigate such gaps, but they would require a reduction in spatial resolution from 10 m to 30 m, which was not
compatible with the objective of capturing fine-scale variability in snowmelt and vegetation dynamics. The implementation of
newly-designed improved cloud and shadow detection algorithms—such as the one presented by Wright et al. (2025)—could
expand usable observations, potentially filling the May-June gaps and improving phenological curve overall accuracy.
Additionally, the SMOD calculation process could potentially introduce an elevation-dependent bias by reducing valid
observations at higher elevations. However, this effect was likely limited in our case because most vegetated areas are located
between 1600 and 2200 m a.s.l.

These findings have important implications in the current climate change context. While the increasingly shorter Pyrenean
snow season (Barrou Dumont et al., 2025; Lopez-Moreno et al., 2017) might theoretically extend the growing season, the
actual outcome will depend on precipitation patterns and the ability of alpine communities to adapt to increased drought stress
or heat extremes (Mohl et al., 2023). In case of more frequent late spring and summer droughts, as in 2019, productivity can
markedly decline. Conversely, years like 2023 show that strong productivity is still possible under earlier melt-out—if moisture
and temperature align.

Over longer timescales, changes in snowpack dynamics are likely to reshape vegetation patterns by altering the distribution of
site-specific ecological optima (Henn et al., 2024; Spasojevic et al., 2013). Upslope species migration in response to shifting
snowmelt regimes may lead to habitat loss for alpine grasslands, particularly due to encroachment by forests and shrublands
(Pérez-Garcia et al., 2013). If species are unable to track these upslope shifts quickly enough the resulting mismatch between
their climatic requirements and local conditions may lead to declines in productivity and increased community instability

(Rogora et al., 2018).

6. Conclusions

We analysed the effect of snowmelt timing on grassland dynamics regarding phenology and productivity, with an additional
focus on spatial patterns. Additional meteorological data and time-lapse imagery were used to further explore this relationship.

While the yearly date of snow disappearance consistently initiates vegetation growth and influences the timing of peak
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productivity, it does not appear to control its magnitude, which is influenced by post-melt meteorological conditions. The
consistency of peak productivity patterns despite higher snowmelt variability indicates an influence of long-term
environmental processes instead of a direct link with short-term interannual snowmelt differences.

Our findings and results from previous works highlight the importance of distinguishing between short-term snowmelt
fluctuations and the long-term spatial consistency of snow cover in shaping alpine vegetation. Notably, the spatial distribution
of peak NDVI remained remarkably stable across years, even as snowmelt timing varied, suggesting that site-specific
characteristics exert a stronger influence on productivity than interannual snow dynamics. As climate change continues to alter
snowpack duration and melt-out timing, the ecological consequences will depend not only on the timing of snow disappearance
but also on the resilience and adaptability of these productive zones. To better understand these dynamics, future research
should focus on improving our knowledge about the relative contributions of snowmelt timing across temporal and spatial
scales. A multi-platform approach—combining long-term satellite records, UAV-based high-resolution imagery, and in-situ
ecological measurements—offers a promising path toward a more mechanistic understanding of how snow dynamics influence

alpine productivity, spatial vegetation patterns, and biodiversity under changing climatic regimes.

7. Appendix A

February 15, 10:50 UTC June 20, 10:50 UTC September 30, 10:50 UTC
m;;:g"f-é\\\{\, > ’/\,\/ KBTA I f 35 ST s @\I\\;\% < BN

——— Contour lines (100m)
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Figure Al. Distribution of shaded areas in the study area at the time of acquisition of satellite images at the start, middle and end of
each annual analysis period. Colour-coded for vegetated (red) and unvegetated (blue) areas.
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