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Abstract

Natural and anthropogenic disturbances are impacting the health of forests worldwide. Monitoring forest disturbances at scale is
important to inform conservation efforts. Here, we present a scalable approach for country-wide mapping of forest greenness an-
omalies at the 10 m resolution of Sentinel-2. Using relevant ecological and topographical context and an established representation
of the vegetation cycle, we learn a predictive quantile model of the normalised difference vegetation index (NDVI) derived from
Sentinel-2 data. The resulting expected seasonal cycles are used to detect NDVI anomalies across Switzerland between April 2017
and August 2025. Goodness-of-fit evaluations show that the conditional model explains 65% of the observed variations in the
median seasonal cycle. The model consistently benefits from the local context information, particularly during the green-up period.
The approach produces coherent spatial anomaly patterns and enables country-wide quantification of forest browning. Case studies
with independent reference data from known events illustrate that the model reliably detects different types of disturbances.

1. Introduction

Forest ecosystems cover about 30% of the global land surface
and provide a variety of ecosystem services to society, such as
carbon sequestration, water regulation, and the provision of tim-
ber (Bonan, 2008). The function and integrity of forest eco-
systems is increasingly disturbed due to intensifying climate
change, disturbances through climatic extreme events and pest
outbreaks (Hoegh-Guldberg et al., 2018} [Liu et al.| 2023 |Her-
mann et al.| [2023)). Climatic disturbances such as droughts can
cause reduced photosynthesis and growth and can lead to leaf
discolouration, premature leaf shedding, and mortality (Brun et
al.L[2020). Monitoring disturbance impacts at scale is important
to inform and drive forest conservation and adaptation efforts.

In optical satellite remote sensing observations, forest stress
responses can be observed as abnormal browning (Liu et al.|
2023;|Fuentes et al.|[2025;/de Jong et al.| 2012). The normalised
difference vegetation index (NDVI) links the measured reflect-
ance spectra in the optical and near-infrared range to leaf pig-
ments, vegetation activity and health (Field et al.,|1995}|Gong et
al.l 2024; Beck et al.} 2006)), and is commonly used to measure
vegetation greenness as well as negative anomalies of it, i.e.,
browning. Time series of NDVI follow a natural seasonal pat-
tern determined by the vegetation phenology (Caparros-Santiagd
etal.,|2021). Therefore, the concept of normal vegetation green-
ness and its anomalies is inherently relative to the seasonal
phases determined by prevailing climatic conditions through-
out the year. Due to the close relationship between vegetation
phenology and climate (Richardson et al.l 2013} |Vitasse et al.}
2011), variations in the seasonal timing of phenological events
can occur at small spatial scales if local topography causes steep
climatic gradients, e.g., across elevation, slopes of varying as-
pects, or variations in root zone moisture availability and ve-
getation and groundwater connectivity (Fan et al.| 2019 |Vi-
tasse et al.,|2021). Additionally, spatial variations of the green-

ness cycle are affected by the distribution of species with vary-
ing phenological responses and strategies (Vitasse et al., 2009
Caparros-Santiago et al.}[2021).

Reconstructing an annual vegetation phenological cycle estab-
lishes a baseline for anomaly detection. |(Chavez et al.| (2022)
have introduced a method to estimate the reference phenolo-
gical curve via kernel density estimation. While they show the
utility of these curves for anomaly detection, the method does
not scale to large areas because of its computational cost and
the independent treatment of each location. Other work has
largely concentrated on targeted, event-specific mapping of ve-
getation browning caused by known disturbances (Sturm et al.,
2022; Brun et al., 2020; [Fernandez-Carrillo et al., 2020). At
present, there is still a lack of large-scale mapping efforts that
monitor abnormal browning at the high spatial and temporal
resolutions needed to reflect the heterogeneity of climate im-
pacts on forests.

In this work, we present a scalable approach to mapping forest
anomalies across Switzerland from April 2017 to August 2025,
using Sentinel-2 imagery (Drusch et al.| 2012). Instead of learn-
ing a separate NDVI baseline for every location, we model the
expected NDVI seasonal cycle as a function of vegetation and
terrain covariates (such as forest height, tree species, elevation,
and slope). Conditional quantile models capture how NDVI
typically varies for landscapes with similar ecological and to-
pographical characteristics, providing a consistent and spatially
transferable representation of seasonal greenness dynamics. Us-
ing a well-established functional representation of the phenolo-
gical greenness cycle, we further constrain the model to ecolo-
gically plausible seasonal behaviour. Deviations from the ex-
pected cycle are then identified as anomalies, which we map
across forest areas of Switzerland for each Sentinel-2 acquisi-
tion in our nine-year study. In addition to detecting and map-
ping anomalies, our approach provides estimates of phenolo-
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gical parameters at 10 m ground sampling distance (GSD). In
a set of experiments, we assess the model’s goodness of fit
to NDVI and illustrate how the estimated anomalies capture
impacts of known events, including a drought, a forest fire, a
storm, a clear-cut harvest, and a beetle outbreak. The code and
interactive content are available at https://github. com/Sam
anthaBiegel/s2-forest-browning-monitoring,

2. Related work

Land surface phenology. Land surface phenology (LSP) stud-
ies seasonal patterns in plant states, often through vegetation in-
dices derived from satellite imagery (Caparros-Santiago et al.,
2021). It is closely related to vegetation anomaly detection, due
to the link between shifts in phenophases and climate-induced
disturbances. [Forkel et al.| (2015) highlighted the uncertainties
that come with the determination of phenology metrics, in par-
ticular when estimating at coarse resolutions. [Koch et al.|(2025)
showed that phenology metrics extracted from Sentinel-2 im-
ages for beech and spruce only slightly differ from ground-
based observations, and that they capture similar trends and
inter-annual patterns. |Klosterman et al.| (2014) used a sigmoid
representation to estimate seasonal changes and phenological
transition dates from MODIS imagery. They found a good
agreement with ground-based observations for the estimated
leaf-out date, but weaker agreement later in spring, in partic-
ular in locations with heterogeneous land cover—a limitation
that could potentially be resolved with satellite data of higher
resolution. |Richardson et al.| (2018) also compared ground-
based phenology observations with MODIS-derived dates from
(Zhang et al 2003), and found a similar high level of agree-
ment. Again, the coarse resolution of MODIS imagery emerged
as a major challenge in heterogeneous landscapes (Richardson
et al.,2018). [Bolton et al.| (2020) and (Tran et al.| (2023)) presen-
ted work on LSP prediction at higher spatial resolution using
Harmonized Landsat and Sentinel-2 data. The approach by
Tran et al.|(2023)) requires the integration of remote sensing data
with ground-based observations, making it challenging to scale.
Like other work, Bolton et al.[(2020) pointed out challenges re-
lated to phenology modelling of evergreen vegetation even at 30
m resolution. In line with the multi-sensor approaches, |[Kosczor|
et al.|(2022) fit double logistic curves to combined Landsat and
Sentinel-2 data to estimate annual phenology metrics. The sep-
arate annual fit is sensitive to inter-annual variations of the cli-
mate, which makes it challenging to reliably detect deviations
from the normal vegetation cycle.

Vegetation disturbance mapping. Other efforts to map an-
omalies in vegetation largely focus on specific climatic disturb-
ances. Brun et al.|(2020) used change point analysis to determ-
ine areas of early wilting during the summer drought of 2018 in
Switzerland. Sturm et al.| (2022) compared the median norm-
alised difference water index (NDWI, as a proxy for vegetation
water content) for the month of August between pre-drought,
drought and post-drought years of the same drought event. They
found that for 4.3% of the Swiss forest area, NDWI declined by
at least 10%. Turner et al.|(2023) utilised vegetation anomalies
to quantify hurricane impact, relative to a reference period. At
a larger spatial scale, annual forest disturbance maps have been
generated for large study areas in Germany (Reinosch et al.,
2023)), Italy (Francini et al.l 2022) and Hungary (Molnar and
Kiraly, |2024) using composites of Sentinel-2 imagery. The ag-
gregation of the signal to an annual time scale makes it chal-
lenging to distinguish between individual events and to identify
drivers of forest disturbances. Similarly to our work, |Low and

Koukal| (2020) employ phenology modelling to detect forest
disturbances in Austria at the temporal resolution of Sentinel-2.
They treat every pixel independently and estimate percentiles
of the seasonal cycle per pixel based on two years of data, a
relatively short period that makes it difficult to reliably detect
anomalies.

With the present work, our aim is to contribute to these efforts
and introduce a methodology that is agnostic to the type and
extent of a disturbance, and makes use of the full spatial and
temporal resolution of Sentinel-2. Unlike other approaches that
primarily use per-location historical data as a reference, we de-
velop a predictive model based on environmental covariates to
establish the normal state of vegetation, i.e., the mean seasonal
cycle of NDVL

3. Methods

Data. We have compiled a dataset that covers all forests in
Switzerland, and all available Sentinel-2 images between 01-
04-2017 and 31-08-2025. We derive NDVI at 10 m GSD from
the red and near infrared reflectance bands as provided in the
swissEO S2-SR dataset (swisstopo, 2024b). That dataset con-
sists of Copernicus images with custom preprocessing, includ-
ing co-registration optimised for Switzerland, cloud masking
and terrain shadow and cloud shadow detection (Pasquarella et
al., [2023). Snow was identified as recommended by the data
provider, by thresholding the normalised difference snow index
derived from the same Sentinel-2 images at 0.43. For that pur-
pose, the shortwave infrared band was bilinearly resampled to
10 m GSD. All NDVI observations were filtered using an out-
lier mask (NDVI between -0.1 and 1), the derived snow mask,
and the cloud, cloud shadow, terrain shadow and data availab-
ility masks provided as part of the swissEO dataset. We also
created a forest mask by identifying fully or partially forested
pixels according to the 1 meter GSD Swiss Habitat Map (Price
et al.| [2024).

Alongside the NDVI time series per forest pixel, we created a
collection of features considered relevant for the seasonality of
the NDVI, see Table [I] Elevation, slope, northness and east-
nessﬂ terrain ruggedness index and roughness were computed
from the 2 m SwissAlti3D Digital Elevation Model (DEM, |swis
stopo 2024a) and resampled to 10 m by averaging. Terrain wet-
ness index (TWI), mean curvature, profile curvature and plan
curvature were computed from the 10 m DEM. To obtain the
TWI, we first filled depressions in the DEM using WhiteBox-
Tools (Lindsay,2023). The flow accumulation grid and specific
catchment area were then estimated using the D8 flow model
(O’Callaghan and Markl 1984) as implemented in TauDEM
(Tarbotonl, 2015). WhiteBoxTools was then used for the final
step of TWI computation. With the exception of TWI, all DEM
operations were performed with GDAL (Rouault et al.| [2025)).

Moreover, we included the median annual vegetation height
for the years 2017 to 2023 (Ginzler} 2021)), the forest mix rate
(Waser et al.| 2025)), the estimated primary tree species (Koch
et al.l [2024), and the habitat type (Price et al.l [2024). The tree
species map was reprojected to the Swiss national coordinate
system with nearest neighbour resampling. The frequency dis-
tribution of habitat types for each Sentinel pixel was obtained
by collecting the corresponding 100 pixels from the 1 m Swiss
Habitat Map. For continuous features missing values were im-
puted (mean for vegetation height, median for forest mix rate),

! Derived from aspect as n=— cos(a - 72=) and e =— sin(a -
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and all values were standardised to zero mean and unit standard
deviation. For categorical features missing values were set to a
separate category “Unknown”.

Variable
NDVI

Source

Swisstopo / Copernicus

Ginzler| (2021)
Waser et al.| (2025)
Koch et al.[(2024)
Price et al.[(2024)

Median Forest Height
Forest Mix Rate

Tree Species

Habitat Type

Elevation

Slope

Eastness

Northness

Terrain Wetness Index
Terrain Ruggedness Index
Mean Curvature

Profile Curvature

Plan Curvature
Roughness

SwissAlti3D DEM

Table 1. Variables used in the NDVI seasonal cycle model.

Model. We represent the seasonal cycle of vegetation green-
ness as a double logistic function (Beck et al., 2006). Ecolo-
gical studies have confirmed that tree phenology follows a cor-
responding regular temporal pattern (Zhang et al.|,2003): From
the appearance of leaves, there is a period of rapid growth (in-
crease in greenness), followed by a period of relatively stable
greenness. This behaviour fits a logistic model. The trans-
ition to dormancy follows a reverse pattern (Zhang et al.,2003).
While the pattern is more pronounced in deciduous vegetation,
the double logistic representation has been shown to be suitable
also for NDVI curves in coniferous forests and in areas affected
by snow (Beck et al., [2006). We define the NDVI curve as a
function of phenological parameters in the following way:

£(t) =NDVInin + (NDVIpayx — NDVIyiy) -

) _92508+9(MAT-S08)—2¢
g g(MAT—SOS)
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where t is the day of the year normalised by the year’s length,
o(-) is the sigmoid function, g(x) = In(1 + €%) is the softplus
function, NDVI,,ax is the peak NDVI, NDVI,;y is the lowest
NDVI, SOS is the start of the season (date of onset of photosyn-
thetic activity), MAT —SOS is the duration of green-up (start
of season until maturity), SEN is the start of senescence (date
when photosynthetic activity starts to decline) and EOS—SEN
is the duration from senescence until dormancy (date when pho-
tosynthetic activity is near zero). SOS, MAT, SEN and EOS
are days of the year normalised by the year’s length.

We learn conditional quantiles of NDVI to obtain its expected
value range as a function of local vegetation characteristics and
topography. A multilayer perceptron (MLP) is trained to pre-
dict the phenological parameters that define the quartile func-
tions fo.25(t), fo.5(t) and fo.75(t) of the seasonal NDVI distri-
bution. The double logistic model in Eq. has six paramet-
ers, hence the network outputs 18 values—six for each of the
three quantiles—to fit separate parameter sets for each quantile.
The network includes embedding layers that map the two cat-
egorical inputs to continuous embedding vectors (length 4 for
tree species, length 8 for habitat type), followed by a sequence
of eight linear layers with ReLU activation (256 neurons per
layer). A skip connection is added from the input to the fifth

block to improve gradient flow (He et al.| [2016). Embeddings
for each individual habitat category are learned from the sub-
pixel frequencies. The habitat embedding vector for a pixel
is the weighted mean of the learned habitat embeddings, with
weights proportional to their frequencies within a Sentinel-2
pixel. The embedding vectors therefore encode the mix of hab-
itats present at a pixel. They are concatenated with the continu-
ous features as input to the linear layers.

Model training. We train the network by minimising the pin-
ball loss (Koenker and Bassett,|1978)), applied directly between
NDVI observations and the estimated quantile functions fo.25(t),
fo.s(t) and fo.75(t) at the corresponding day of year and loca-
tion. To ensure stable quantile estimation throughout the year,
we stratify samples by day of year and reweigh each time step to
compensate for differences in the number of valid observations,
giving each day equal influence during training. The network
is trained with the AdamW optimiser (Loshchilov and Hutter,
2019) with a weight decay of 0.0001 and an initial learning rate
of 0.005, which exponentially declines by a factor of 0.01 dur-
ing training. The model is nudged towards periodicity with an
additional penalty for (squared) differences between NDVI pre-
dictions at the beginning and end of the year (t = 0 and ¢ = 1).
A further loss penalty discourages curves that cross quantiles.
The complete loss function reads

‘Clota] =
1
> T { > oalye—fa@®l+ > (1—a)|ye — fq(t)l}
q€{l,m,u} tryt>fq(t) tryr <fq(t)

Quantile pinball losses
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+ >\per Z
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Periodicity constraint

+ Ane Et{ Z max(O, fl(t)

(1,5)€P

— fi®) } @

Non-crossing constraint

where y; is the observed NDVI value at time ¢, f4(t) is the
model predicted g-quantile of NDVI at time ¢, [ is the lower
quartile (¢ = 0.25), m is the median (¢ = 0.5), u is the upper
quartile (¢ = 0.75), P = {(0.25,0.5), (0.5,0.75), (0.25,0.75) }
and Aper = 1 and Apc = 10 are scaling factors that balance the
contributions of each component to the total loss.

We train and evaluate the model on the complete dataset of
Swiss forest areas 2017-2025. Training was run for 20 epochs
on the full dataset in batches of 1024 forest pixels. For fast
data retrieval, those batches were drawn randomly from pre-
shuffled chunks of 8192 pixels, with the chunks reshuffled at
every epoch.

Anomaly detection. Having determined the interquartile range
IQR(t) = fo.75(t) — fo.25(t) for each pixel and each day ¢ of
the year, we compute an anomaly score (y: — fo.25(t))/IQR(%)
and define (negative) anomalies as NDVI observations with a
score below -1.5, i.e., their value lies below the negative anom-
aly threshold fo.25(t) — 1.5 IQR(t). Figure[l]shows examples
of estimated NDVI curves and anomalies for selected pixels.
For every Sentinel overpass, we generate maps of detected an-
omalies. An example is shown in Figure 2] Our focus is on
negative anomalies, as these represent forest disturbances with
browning impact. We note that the proposed method is less
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Figure 1. Exemplary predicted NDVI ranges and anomalies for 4
forest pixels. Green curves denote the upper quartiles ( fo.75(t)),

red curves denote the lower quartiles (fo.25(t)). Interquartile
ranges are shaded in red. Dashed lines indicate the anomaly
thresholds derived from those curves. NDVI observations that
fall within the anomaly thresholds are coloured black,
observations labelled as anomalies are coloured by their
anomaly score, with lighter colour denoting more negative
scores (larger deviations from the normal range).

sensitive to positive anomalies due to NDVI values being gen-
erally high in Switzerland during summer and having a large
spread during winter, which raises the upper anomaly threshold
close to (or even beyond) the theoretical maximum NDVI of 1.

4. Experiments

4.1 Goodness of fit

We compare the model against two baselines: (1) A country-
wide day of year-independent quantile, estimated by pooling
NDVI observations across all spatial locations and time steps
(global baseline); (2) A country-wide per-day quantile, estim-
ated by pooling NDVI observations across all spatial locations
for each day of the year (climatology baseline). The global
baseline corresponds to a model that uses the overall empir-
ical quantile as constant prediction, without using any spatial
or temporal information. The climatology baseline captures the
overall historical seasonal cycle without using any spatial in-
formation. These two baselines help distinguish whether be-
nefits to predictive accuracy occur due to spatial or temporal
information.

Table|2| summarises the goodness of fit across several metrics:
D? (fraction of pinball loss explained), quantile coverage, mean
absolute error (MAE), root mean squared error (RMSE), bias,
and R2. The conditional model achieves its highest D? score for
the 0.25 quantile (0.55), while the score is lowest for the 0.75
quantile. This behaviour reflects the comparatively low loss of
the global baseline at the 0.75 quantile: the spatially pooled

VR fz

B ey |

BN

Figure 2. Example anomaly map for forest pixels based on
NDVI observations from 22/08/2023 and 24/08/2023 combined.
A pixel is flagged if it is detected as anomalous on either of the
days. The three panels on the left show a magnified view of the
anomalies at the indicated regions on the map. Normal pixels are

coloured in black and anomalous pixels are shaded in red
according to their anomaly score.

empirical upper quantile already approximates the data well,
leaving less room for improvement by the conditional model.
The comparison of D? between the model and baselines reveals
that conditioning on local context leads to a significantly better
goodness of fit compared to a single seasonal baseline. E.g., the
conditional model explains 47% of the pinball loss for the me-
dian prediction, while the climatology baseline explains 32% of
the pinball loss. Coverage values indicate that the model attains
the target quantile levels across the distribution.

Figure [3| shows the ngball score across all pixels per day of
the year. The predictive skill of the model (relative to the cli-
matology baseline) is highest during early spring, between day
50 and day 150 of the year. During winter, the model has lim-
ited benefit, and on some days even worse performance than
the unconditional quantile (climatology baseline). In winter,
baseline NDVI is low and exhibits little variation among veget-
ation types and topographical features, consequently the addi-
tional features are less informative. In contrast, during summer,
the photosynthetic activity strongly varies depending on local
growing conditions, leading to variations in greenness that can
be predicted better when including local context.

4.2 Anomalies

We detected anomalous browning at 3.5% of all pixel obser-
vations. The browning varies throughout the year, as shown
in Figure ] High proportions of anomalous pixels during the
peak growing season correspond to browning events, whereas
anomalies at the beginning or end of the growing seasons can
be interpreted in several ways: they could hint at events that
cause later onset of the green-up or early wilting, or they could
be detections of inter-annual variations in phenological dates.
Overall, the fraction of negative anomalies is highest between
the end of spring and the middle of autumn, with peaks dur-
ing late spring and late summer-early autumn. The peaks could
indicate high inter-annual variability and could also be a reflec-
tion of the choice to constrain the vegetation cycle to a double
logistic shape. This leads to slightly more anomalies during
late summer due to the slight decline of vegetation greenness
over summer. Finally, the peak during winter is likely caused
by undetected snow cover.
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- > -

Model Pinball loss D Quantile coverage MAE RMSE Bias R2
q=025 q=05 g=075 q=025 q=05 g=0.75 ¢q=025 g=05 q=0.75

Global baseline 0.081  0.080  0.048 0.0 0.0 0.0 0.248  0.500  0.752 0.16 023 0.08 -0.15

Climatology baseline  0.048  0.054  0.039 0.41 0.32 0.19 0.250  0.500  0.750 0.11 0.16 0.02 046

Conditional model 0.037  0.042  0.031 0.55 0.47 0.36 0.245 0497 0.748 0.08 0.13 0.01 0.65

Table 2. Quantile model goodness of fit. The global baseline uses a single, country-wide empirical quantile. The climatology baseline
uses a country-wide quantile per day of the year. MAE, RMSE, bias and R? are for per-day median values. “Bias” is the difference
between the mean of model predictions and the mean of observations.

Quantile regression skill per day of year (relative to climatology baseline)

0.4

0.2

—— Lower (q=0.25)
—— Median (q=0.5)

-0.4
- Upper (q=0.75)

0 50 100 150 200 250 300 350
Day of year

Figure 3. ngban per day of the year for each of the predicted
quartiles. The daily values are shown alongside the 7-day rolling
mean. For each day of the year, the value of Dginha” expresses the
fraction of pinball loss explained when compared to a model that

uses the empirical quantile at that day of the year (the
climatology baseline). A value of O corresponds to a model that
predicts the same value at all locations per day of the year.

The level of abnormal browning also varies spatially. Figure 3]
shows the fraction of negative anomalies (relative to the num-
ber of valid observations at a given forest pixel). Most pixels
have around 3 to 5% of anomalies. Only ~5% of pixels have
no anomalies at all during the observation period. 1% of pixels
have over 22% of anomalous observations. It appears that high-
altitude areas have a relatively high amount of anomalies. They
are often covered by snow during the winter, such that many
NDVI observations have to be filtered out. Since more an-
omalies are found during the summer (Figure ), the per-pixel
fractions appear elevated compared to areas with regular, year-
round observations.

4.3 Case studies

We relate the detected anomalies to five known events in Switzer-
land that impacted forests within our study period. For all cases,

we select a confirmed affected area and a control area and eval-

uate anomaly scores and the fraction of anomalous pixels be-

fore, during and after the event for both areas separately. For

each Sentinel-2 acquisition, we take the median of the anom-

aly scores as well as the 25th and 75th percentile among all

pixels within each area. For each observed date, we also take

the fraction of anomalous pixels according to the model, using

the standard anomaly threshold of -1.5.

The first example includes an area (652 pixels) known to be af-
fected by a forest fire near Bitsch on 17-07-2023. The second
example concerns a drought and covers an area (1100 pixels)
affected by early wilting due to dry conditions in the summer
of 2018 (Brun et al.;2020). The third example is an area (7518
pixels) affected by storm Burglind on 03-01-2018, and for which
reference areas have been delineated in the field (Jiang et al.,

Seasonal frequency of NDVI anomalies
(fraction of forest pixels per DOY)

Winter Spring Summer Autumn

—— Negative anomalies
----- Overall negative anomaly fraction

Fraction of pixels
o
o
S

60 120 180 240 300 360
Day of year

Figure 4. Daily fraction of forest pixels affected by negative
NDVI anomalies. The negative anomaly fractions are computed
per day of the year and smoothed with a 7-day rolling average.

The dashed horizontal line indicates the overall fraction of
anomalies detected at forest pixels. Fractions are relative to the

number of valid observations at a pixel. The vertical lines
indicate the season starts on March 1 (spring), June 1 (summer),
September 1 (autumn) and December 1 (winter).

2023). The clearcut case corresponds to a routine timber har-
vest (250 pixels) near the town of Airolo in 2021. Finally, the
beetle case (498 pixels) corresponds to an outbreak near Lake
Ziirich. For the forest fire, clearcut and beetle outbreak, we
visually selected affected areas using the SWISSIMAGE ortho-
photo mosaic (swisstopol 2024c)). As reference areas, we use a
randomly selected set of pixels outside the delineated event for
the drought case, and visually unaffected control areas based on
the SWISSIMAGE mosaic for the other events.

For each of the five case studies, Figure [6] shows the average
anomaly score (top row) and the fraction of anomalous pixels
(bottom row) per acquisition day. As expected, the highest re-
sponse is in all cases observed during the growing season. For
the fire, over 75% of the pixels were identified as anomalous
during the period immediately after the event and also in the
two following years. The median anomaly score fell below -4
during the post-fire period. The clearcut case shows a similarly
strong anomaly response with at least 75% of pixels detected
as anomalies and the median anomaly score going down to -3
during the growing season. For the drought, the onset of forest
browning was detected on 29-07-2018, when the fraction of an-
omalous pixels jumped to 37%, compared to 0% just three days
earlier. Over 50% of the pixels stayed anomalous until 09-09-
2018. The storm and beetle cases show anomaly scores going
down to -4 and also peak near 100% anomalous pixels. Even
the control areas show some peaks in these cases, but they ap-
pear relatively temporary compared to the consistent detections
over time for the affected areas. In the fire, clearcut and beetle
cases, significant browning impacts can still be observed during
the post-event year, indicating that the disturbance may have
caused tree mortality in these areas.
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Figure 6. Aggregated anomaly scores (top row) and fraction of anomalous pixels (bottom row) for each of the five cases (one case per
column). Coloured curves denote the cases and dashed grey lines denote the reference areas. The vertical dashed lines indicate the
date of the event for the fire and storm, the start and end of drought impact determined with the anomaly data for the drought event,
and the start of the year for the clearcut harvest and beetle outbreak. In addition to the median, the 25th and 75th percentiles of the

anomaly scores are shown by the shaded area.

4.4 Model behaviour

The Habitat Map uses a hierarchical encoding with up to three
levels, following the TypoCH habitat classification (Delarze et
[2008). Our model learned embeddings for the habitat en-
codings. To understand to what extent the embeddings reflect
the properties of the corresponding habitat types, we visualise

them in 2D using ¢-distributed Stochastic Neighbour Embed-
ding (¢-SNE, [van der Maaten and Hinton} 2008). The result-
ing plot reveals plausible structures (Figure [7). More drought-
adapted forests are on the left side of the diagram, while forests
that prefer moist climates are on the right, floodplain and bog
forests form a clear cluster. Non-forest ecosystems appear on
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Figure 7. Visualisation of forest embeddings, projected to two dimensions with ¢-SNE. Points are labelled with their TypoCH habitat
names and associated hierarchical codes, and coloured according to the highest hierarchy level.

the bottom right. Mountain coniferous forests are separated into
a deciduous cluster (with larch trees) and an evergreen cluster
at the top. While beech forests are deciduous, their dried leaves
tend to remain on the branches during winter, which places
them near the evergreen cluster. Below the beech forests, the
region in the centre primarily contains deciduous forests.

5. Discussion

The modelling approach presented here uses a relatively rigid
shape of the yearly phenological cycle. The results indicate that
the double logistic function can accurately describe the seasonal
cycle of the temperate forests present in Switzerland due to the
winter-dormant phenology with a single seasonal peak. Other
regions and ecosystem types exhibit different phenological pat-
terns that are influenced by different growing season constraints
(e.g., seasonal water limitation), the presence of other plant
functional types (e.g., annual herbaceous plants) or variations
in land use (e.g., croplands). The modelling of greenness phen-
ology with a constrained annual pattern might be too restrictive
to generalise to such other systems. While our modelling ap-
proach should generalise well to similar systems (such as tem-
perate forests in Europe), this is probably not the case for other
biomes.

An advantage of our approach is the use of a single model to
obtain the parameters of the double logistic function and de-
scribe the vegetation cycle across large areas. While the double
logistic model has been widely used in phenology modelling,
these models are typically fitted separately per pixel and year.
Our learned model makes use of patterns in features to predict
per-pixel ranges of the greenness cycle. With separate models
it is more challenging to robustly estimate NDVI ranges due to
the limited time series length. On the other hand, the learned

model requires the availability of ancillary data (i.e., features
as described in this study) to enable prediction in other regions,
which limits the scalability of the approach.

6. Conclusion

We have introduced an approach to map unusual forest brown-
ing based on Sentinel-2 imagery. Our framework is scalable and
makes it possible to monitor browning at high resolution (10 m)
over large areas. Its basis is a quantile model of the vegetation
seasonal cycle, conditioned on local vegetation and topography
features. In our application, covering 8.5 years of satellite data
for Switzerland, the model explained 65% of the observed spa-
tial variations in the median seasonal cycle, across a variety of
forest types and growth conditions including large topographic
and moisture gradients. We found that anomalies derived from
the quantile model of the normal cycle exhibit plausible, coher-
ent patterns and enable a consistent quantification of anomal-
ous browning. In five case studies with known, independently
mapped disturbance events, we have verified that the proposed
anomaly detection scheme is able to reliably identify forest dis-
turbances of varying nature.

A remaining challenge is the large portion of missing NDVI ob-
servations due to unfavourable meteorological conditions. Fre-
quent clouds, and in Switzerland also snow, cause long periods
of missing data when detected, and noisy observations when
not detected. Our constrained, low-dimensional representation
helps to nevertheless reconstruct the seasonal cycle and its ex-
pected deviations rather reliably, but can of course not avoid
that anomalies are missed or incompletely detected due to data
gaps. Future research into spatio-temporal understanding and
imputation of greenness anomalies could give further insight
into forest disturbance patterns, especially with respect to events
that affect extended geographic regions.
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