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Abstract—Circumboreal forests covering about 30% of global
forested areas are undergoing significant changes. In Siberia, global
warming may reduce the dominance of summergreen larch forest
inducing shifts towards evergreen forest types, specifically in the
Eastern Siberian summergreen–evergreen forest transition zone.
We create a remote sensing training dataset for summergreen
and evergreen forest types from the SiDroForest Sentinel-2 im-
age dataset. This new training dataset informed by expert field
knowledge includes nearly two million Sentinel-2 pixels across the
early summer, peak summer, and late summer phenophases. We
create the equivalent seasonal SiDroTest dataset linked to in situ
forest plots for benchmarking the seasonal training dataset. To opti-
mize satellite-based monitoring, we train a random forest classifier
on the train dataset to map summergreen and evergreen forest
resulting in accuracies of 63% for early summer, 89% for peak
summer, and 99% for late summer, with an average accuracy of
82% across all seasons. Feature importance analysis highlights the
Sentinel-2 shortwave infrared as crucial for distinguishing forest
types in all seasons. Additional key features include the normalized
difference vegetation index (NDVI) and the red wavelength region
for early summer, shortwave infrared and the visible wavelength
region for peak summer, and shortwave infrared, near-infrared
and NDVI for late summer. This study provides a benchmarked
training dataset for mapping boreal forest types in the Siberian
summergreen–evergreen transition zone. The random forest clas-
sifier performs best in late summer, leveraging distinct spectral
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differences between evergreen forests’ greenness and the seasonal
coloring of summergreen larch forests.

Index Terms—Boreal forest, feature importance, multitemporal,
random forest (RF) classification, Sentinel-2, summergreen–
evergreen forest transition zone.

I. INTRODUCTION

C IRCUMBOREAL forests located primarily in Alaska,
Canada, and Northern Eurasia represent close to 30% of

all forested land and are strongly changing in response to climate
and increasingly frequent disturbances such as fires and drought
[1], [2], [3], [4], [5], [6]. For Eastern Siberia, the dominant
summergreen needleleaf Larix forests have been consolidated
within a complex vegetation-fire-permafrost-equilibrium since
the past Glacial [4], [5]. These summergreen needleleaf forests
are now at risk of being slowly replaced by mixed to evergreen
forests [2], [4], [5]. Understanding boreal forest type distribu-
tion, in relation to potential changes due to climate change and
disturbance, is instrumental for assessing the impact of global
warming and to better understand the consequences for the
boreal permafrost ecosystems [6], [7]. Specifically, reliable data
on the spatial distribution of forest types is needed to allow
detailed assessments of the drivers and environmental niches
of the current forest composition [8] and to enable monitoring
methods of the potential changes over time.

However, for the Siberian summergreen–evergreen forest
transition zone, determining a reliable distribution of forest types
remains a challenge due to the scarcity of field observations and
missing regional assessments of available Land Cover prod-
ucts for this region. Global land cover products that contain
summergreen and evergreen forest categories are the European
Space Agency’s (ESA) Climate Change Initiative Globcover 300
m product [9] and the Copernicus PROBA-V 100 m product
[10], however these products are not yet quality assessed for the
Siberian boreal region [8]. For some of the regions in Yakutia
and Chukotka (Eastern Siberia) where we have field knowledge
[11], [12], [13], [14], [15], [16], [17] the forest composition in
the global Land Cover products seems not to be reliable [8].
Other available global Land Cover products with higher spatial
resolution, e.g., the ESA World Cover 2020 [18], derived from
Sentinel-2 (S-2) and the newest ESA World Cover 2021 derived
from Sentinel-1 and S-2 [19], both with 10 m resolution, only
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have one class for ‘forest’, not distinguishing between sum-
mergreen needleleaf and evergreen needleleaf forest types. A
reliable forest product at a high spatial resolution such as from
S-2 satellite data would provide deeper insights into the current
state of evergreen and summergreen forest in Siberia and could
support the monitoring over time.

The accuracy of land cover maps derived from remote sensing
data via machine learning strongly depends on the quality of the
training and test datasets [20].

Therefore, in this study, we develop a benchmarked training
dataset to map summergreen and evergreen needleleaf forest
types. We select a random forest (RF) classifier, an ensemble
learning based classification approach consisting of a large
number of decision trees constructed during the training process
[21], [22]. RFs have been successfully applied to Landsat and
S-2 satellite data for Land Cover classification, as they are
able to avoid overfitting, have low computation load, and are
specifically robust with high accuracy for forest mapping across
many continents and forest types [23], [24], [25], [26], [27].
Forest inventories are commonly used to build training datasets
for forest related applications. For North America, Massey et al.
[28] use extensive forest inventory data from Alaska (US) and
Canada to train RF classifiers to map boreal forest composition
change based on Landsat satellite long term series. In contrast,
for Siberia, publicly available in situ forest inventories and forest
inventories-related data publications remain rare and invaluable
resources of information. With the exception of the data collec-
tion of Schepaschenko et al. [29] that contains plot-level data
prepared for biomass estimation, these few publicly available
forest inventory data for Siberia are not specifically prepared for
machine learning and remote sensing applications.

In our previous work, the SiDroForest (Siberian Drone
Mapped Forest Inventory) data collection [16], we produced a
remote sensing training dataset containing forest type labeled
S-2 image patches [30]. These 11 SiDroForest forest type labels
linked to in situ forest plots from expeditions in Siberia [30] are
highly dispersed in their thematic content and therefore contain
only few members per class. A dataset that would better fit the
machine learning requirements for forest remote sensing such
as sample size and aligned and labeled S-2 image patches is
the TreeSatAI Benchmark Archive [31]. TreeSatAI however
represents central-European forest as it contains the labels of 20
European tree species derived from forest administration data of
the federal state of Lower Saxony, Germany. While TreeSatAI
represents a large and useful dataset, it does not cover forest
types that are present in the Siberian summergreen-evergreen
forest transition zone and it contains training data focused on
one vegetation phenophase, the summer peak season.

However, we consider that the integration of the early to
late summer forest phenophases might be useful to enhance
spectral separability for forest-type classification in the Siberian
summergreen-evergreen forest transition zone. Since the 1990s,
research teams have explored the value of multitemporal analy-
sis, in the form of seasonal and multiyear time series, primarily
using long term data from the USGS/NASA Landsat satellite
mission. Vegetation phenology is regarded as both a valuable
source of information and a challenge due to the significant

seasonal spectral variability it introduces [32], [33]. Using the
different spectral characterization of phenophases of vegetation
for an enhanced Land Cover classification is so far mainly
applied for agricultural mapping [34], [35]. However, the use
of multitemporal satellite data series also supports applications
focusing on forests [36], [37], [38], [39], [40]. Therefore, in the
present study, we investigate if seasonal information is useful
to enable forest type mapping in the Siberian summergreen–
evergreen transition zone.

The summergreen–evergreen Siberian forest transition zone is
dominated by needleleaf summergreen Larix tree species Larix
gmelinii and by needleleaf evergreen Pine (Pinus sibirica, Pinus
sylvestris) and Spruce (Picea obovata) [41]. Larix undergoes a
fundamental vegetation color change in the late summer season,
from green to orange and yellow before finally shedding needles
in early winter [42]. In contrast, the evergreen needleleaf tree
taxa do not considerably change their spectral reflectance signal
and remain “green” throughout the year [43] with only the
spectral modulation due to seasonal snow cover.

In this study, we develop a training dataset optimized for
summergreen needleleaf forest (“summergreen” class) and ev-
ergreen needleleaf forest (“evergreen” class), containing labeled
S-2 pixel data for machine learning applications. We create the
training datasets in the form of seasonal datasets corresponding
to the phenological seasons of early summer, peak summer
and late summer, using S-2 acquisitions from the SiDroForest
S2-image dataset [30]. In addition, we construct the new S-2
seasonal test dataset SiDroTest linked to reference field data.
The performance of the summergreen-evergreen training dataset
provides insights into how seasonal factors influence the spectral
signal for classification in each season.

The main contributions of this article are summarized as
follows.

1) We develop a benchmarked optimized training dataset for
S-2-based summergreen and evergreen forest classifica-
tion, covering the three phenophases of early summer,
peak summer, and late summer.

2) We assess whether combining multiple seasons improves
prediction accuracy or if a single season is more effective
for distinguishing summergreen from evergreen forests
using a RF classifier.

3) We identify which S-2 spectral features are most sig-
nificant in each season or combination of seasons for
classifying evergreen and summergreen forests within the
Siberian summergreen–evergreen forest transition zone.

II. DATA AND METHODS

A. Study Region and Reference Data

The current study focuses on Eastern Siberia, where joint
Russian-German fieldwork was conducted during several years
until 2021. During the summer 2018 expedition, a wide range
of different forest plots were assessed as part of a collaborative
effort between the Alfred Wegener Institute (AWI) Helmholtz
Centre for Polar and Marine Research in Germany and the
North-Eastern Federal University of Yakutsk [13], [14] (see
Fig. 1).
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Fig. 1. Mapped evergreen and summergreen needleleaf forest from aggregated ESA CCI Land Cover (300 m spatial resolution) [9] with aggregation described in
[4]) and the locations of the Training dataset (Tr) for summergreen (Tr bright green circle) in the Bilibino region and evergreen (Tr evergreen circle) in the Yakutsk
region. The Test dataset (Te) created in this study is linked to fieldwork plots recorded in 2018 (yellow circles) [13], [16]).

A detailed forest inventory was performed for each plot using
15 m radius circular plots to estimate the projected cover of
trees and tall shrubs [11], nested within 30 m × 30 m rectan-
gular plots to assess the ground projective cover of vegetation
taxa [16].

B. Sentinel-2 Data Preprocessing

This study uses pre-Collection-1 S-2 Level-2A (orthorecti-
fied surface reflectance, Universal Transverse Mercator / World
Geodetic System 1984 (UTM/WGS84)) (v3.0) image subscenes
and labeled image patches from our SiDroForest data collection
[16], [30] to further generate the training and the test datasets.
Specific characteristics of the S-2 SiDroForest dataset are as
follows.

1) All S-2 spectral bands in SiDroForest are resampled to
the same 10 m spatial resolution with the exception of the
60 m bands that are removed as they target atmospheric-
related applications and are not optimal for land surface
classification. The normalized difference vegetation index
(NDVI) band is added to enhance vegetation signals. An
overview of the features included are in Table II.

2) The SiDroForest S-2 dataset contains three phenological
time stamps: early summer, ES (May to early June, de-
pending on latitude), peak summer, PS (July to August),
and late summer, LS (late August to early October, de-
pending on latitude).

The training dataset is derived from S-2 k-means based
clustering and expert knowledge and the test dataset
from S-2 pixels linked to the in-situ forest plots [14],
[16], [17].

We also acquire Collection-1 Copernicus S-2 Level-2A (or-
thorectified surface reflectance) data (v4.0) in Standard Archive
Format for Europe (SAFE, named SA in this study) as well
as a subset in the Copernicus Data Space Ecosystem gridded
background format (named GR in this study) for the Lake
Khamra region to investigate the transferability of our method.
We preprocess the Collection-1 S-2 files similarly to the SiDro-
Forest S-2 images by removing the 60 m spectral bands used
for atmospheric correction and using all remaining ten spectral
bands and the produced NDVI feature in upsampled 10 m pixel
resolution. An overview of the S-2 images used in this study are
in Table III.
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Fig. 2. The two figures show a subscene of the SiDroForest NDVI S-2 image
[30] of the Yakutsk (YA) region (showing the Yakutsk city region in the South-
eastern part) both displayed as color-coded NDVI maps representing the peak
summer in the year 2020. Upper image: NDVI subscene with masked surface
water. Lower image: NDVI subscene with masked nonforested areas NDVI <
0.7. Color code is from white (NDVI < 0.7) to green colors for NDVI > 0.7
with nonforest areas (NDVI < 0.05) masked out.

To optimize the available S-2 image subscenes in this study we
mask out all non-forest classes. The masked-out nonforest Land
Cover includes grasslands, shrublands, agriculture, and barren
areas (i.e., rock, floodplains, infrastructure and urban, mining,
open soil). These non-forest classes are all characterized by low
NDVI during peak summer. A 0.7 NDVI threshold is iteratively
found and justified by examining different NDVI threshold
values with the expert knowledge of the area from fieldwork.
The nonforest mask is created when the NDVI values are at
their maximum, in midsummer, using only the peak summer
S-2 images. Early summer and late summer S-2 images are also
masked as non-forest based on the pixel locations from the peak
summer nonforest mask.

Fig. 2 shows as an example the SiDroForest S-2 image subset
of the Yakutsk region [30] with surface water masked (NDVI
< 0.05) and the final masking of all nonforest classes using the
NDVI threshold < 0.7. Fig. 19 (see the Appendix) shows the
early spring and late autumn situation with snowmelt in spring
transgressing from homogenous snow cover to heterogenous
snow cover, often depending on topography and wind pattern,
and the increasing snow coverage in autumn. Therefore, the final

Fig. 3. The same S-2 subscene of the region Yakutsk (YA) (showing the
Yakutsk city region in the Eastern part) displayed as quasi-true Red Green
Blue (RGB) composites with red = B4, green = B3, and blue = B2 surface
reflectance. Upper image: early summer 2020-05-16, center image: peak summer
2020-07-23, bottom image: late summer 2020-09-18. The quasi-true RGB
composites are stretched to visualize the landscape contrast. The color-stretched
late summer quasi-true RGB image already displays well the contrast between
summergreen and evergreen showing purple colors in areas represented by
summergreen vegetation in contrast to the evergreen forest patches appearing in
bright green colors.

multitemporal S-2 image data collection covers the three impor-
tant snowfree forest phenophases: the early summer greening,
the maximum peak summer greenness, and the late summer
coloring of summergreen forest. Fig. 3 shows an example of
the SiDroForest S-2 image [30] in the Yakutsk region for the
three seasons. An overview of the S-2 images used in this study
is collected in Table III.
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Fig. 4. Creation of the training dataset based on k-means clustering, fieldwork
information, and expert knowledge. The final extracted labeled number of pixels
per class can be observed on the right.

C. Training Dataset

We select two distinct regions to extract representative pixels
from pure forest stands for each forest class for our training
dataset. For the summergreen class, we use the Bilibino region
SiDroForest S-2 image [30] located in Chukotka (N 68.46, E
163.35 center coordinate), characterized by dense larch forests
with high crown coverage. For the evergreen class, we extract
pixels from the Yakutsk region SiDroForest S-2 image [30],
including the Yakutian capital Yakutsk (N 62.08, E 129.62
center coordinate). In the Yakutsk region, the wider area is
dominated by summergreen forests, however, close to the Lena
River, dense evergreen forests can grow on the sandy soils
due to deep thaw depths in summer. These patches of dense
evergreen forests are chosen to create the evergreen training
dataset.

We apply the k-means algorithm for pixel-wise clustering of
the S-2 images and evaluate the results visually using expert
knowledge; this process is shown in Fig. 4. Through iterative
visual inspection, comparing with ESRI© high-resolution im-
ages we find that eight clusters are sufficient for both regions
when using the S-2 stacked spectral bands plus the NDVI. For
the Bilibino region, peak summer clusters differentiate well be-
tween forest and shrubland. For the Yakutsk region, late summer
clusters differentiate well between evergreen and summergreen
forests.

After iterative inspection, we create polygonal shapefiles
on the classified maps to best represent the summergreen and
evergreen forest classes. The manual delineation of these polyg-
onal shapefiles is guided by regional expert knowledge and
ESRI high-resolution images. For the Bilibino region, polygonal
shapefiles are centered on Larix forests without contributions
from the Pinus pumila evergreen shrub species. For the Yakutsk
region S-2, we avoid evergreen forest patches in the urban areas
and only delineate evergreen forest on the upper sandy Lena
River terrace.

Using the labeled polygonal shapefiles we assign the labels
“summergreen” or “evergreen” to the extracted pixels. For each
of the three seasons, we extract pixels for each class from all the
prepared ten S-2 spectral bands and the NDVI (see Table II in
the Appendix). The final training set contains 151 953 pixels for
the evergreen class and 1 576 083 pixels for the summergreen
class.

TABLE I
PLOT CODES, LOCATIONS AND CLASS LABELS OF THE S-2 IMAGE PATCHES

FROM THE SIDROFOREST DATA COLLECTION [14], [16], [30] INCLUDED IN THE

SIDROTEST DATASET

We undertake a principal component analysis (PCA) on the
training dataset with both classes, summergreen and evergreen,
together to explore patterns and the spectral separability of the
applied S-2 features.

D. SiDroTest Dataset

The in-situ forest plot-linked SiDroTest dataset is made by
extracting the pixels from summergreen or evergreen labeled
30 m by 30 m SiDroForest plot polygonal shapefiles [30]. The
original 30 m by 30 m SiDroForest labeled image patches [30]
represent 11 forest types containing subcategories and mixed
forest closely following the in-situ forest inventories [17]. To
reduce the class diversity, we assign one of the two forest classes
“summergreen” and “evergreen” to each 30 m by 30 m in situ plot
shapefile based on the forest inventories. For this study, we select
only those in situ plots of dominant or pure stands of evergreen
or summergreen from medium dense to closed forest canopies.
To achieve a pure summergreen or evergreen spectral signal, all
plots that represent early successional stages of forest after fire
only, i.e., woodland plots are excluded from the SiDroTest set.

An overview of the tree species distribution in the SiDroForest
forest plot inventories that are used in this case study can be
seen in Fig. 16 (see the Appendix). We additionally check the
in situ and drone image data of each plot as part of the selection
process. In four cases, we need to shift the evergreen or sum-
mergreen forest plot shapefile to get summergreen or evergreen
with denser canopies for a good spectral characterization (see
Tables II and III). We undertake shifting to other locations very
carefully, in close proximity to the original plots, and guided by
field knowledge and ESRI© high spatial resolution background
imagery.

The 30 m by 30 m SiDroForest S-2 image patches selected to
construct the SiDroTest dataset are from different regions: Bilib-
ino, Vilnuyi, Suntar, Nyurba, Mirny, and Mirny-Lensk [30] (see
Table I). The final independent SiDroTest dataset contains 1470
pixels for the evergreen and 1489 pixels for the summergreen
class.
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E. Summergreen–Evergreen Forest Classification

We train four classifiers, a support vector machine (SVM), a
K-nearest neighbors (KNN), a Gaussian Naive Bayes (GNB) and
a RF on the training datasets for summergreen and evergreen for
all seasons combined (ES, PS, and LS). We train these classifiers
to get an initial idea of the separability of the dataset with all
seasons included. We observe that testing on a 20% test dataset
and training on the remaining 80% results in a perfect or near
perfect average accuracy (99% for SVM, 100% for KNN, 98%
for GNB and 100% for RF). The high accuracy is likely due
to the clear class assignment of summergreen and evergreen
in our training dataset. We want to exclude the possibility of
overfitting on this specific dataset and therefore for our results
test on another, unrelated dataset.

We create the SiDroTest dataset to evaluate the performance
on a separate dataset that is linked to fieldwork knowledge. The
average accuracy on the SiDroTest dataset for all seasons is 79%
for SVM, 80% for KNN, 60% for GNB, and 80% for RF. Based
on the outcomes of these trained algorithms and other previous
work [22], [23], [24], [25], [26] we select the RF to optimize
for our training dataset and we will test on the independent
SiDroTest set.

Hyperparameter tuning of the RF on a training dataset adjusts
the parameters to the best optimal settings for the specific dataset
that we use. With “balanced” class weights, it addresses class
imbalance by adjusting the weights inversely proportional to
class frequencies. The ensemble comprises ten decision trees
(n_estimators = 10), each with a minimum of ten samples re-
quired to split an internal node (min_samples_split = 10) and to
be at a leaf node (min_samples_leaf = 10). The “max_features”
parameter, set to the square root of the input dimensions, controls
the number of features to consider when looking for the best split,
promoting diversity among trees. The maximum depth of each
tree is capped at 70 (max_depth = 70) to prevent overfitting,
while bootstrap sampling is disabled (bootstrap = False), ensur-
ing each tree is trained on the entire dataset (151 953 “evergreen”
and 1 576 083 “summergreen”). We evaluate the RF with four
standard evaluation metrics: precision, recall, the F-1 score, and
the average accuracy. In our case, we have an imbalanced dataset
that can lead to bias when overall accuracy is used. We therefore
choose the average accuracy. The precision shows how often a
machine learning model is correct when predicting the target
class. Recall shows whether a machine learning model can find
all objects of the target class. By using all the metrics, we can
evaluate the performance of each class in detail.

Finally, we inspect the feature importance of the RF on the
training datasets per season to evaluate the importance of the ten
S-2 spectral bands and the NDVI on the classification results. We
additionally inspected what the optimal selection of features is
by using the recursive feature elimination method [44]. We then
use the season with the trained RF with the highest average
accuracy to perform a pixel-wise classification of the Bilibino
region and Yakutsk region SiDroForest S-2 images and the Lake
Khamra region SiDroForest S-2 and Copernicus S-2 images.
The results are 10 m resolution classified maps of the two forest
classes evergreen and summergreen.

F. Code Availability

The trained random forests per season and an example of how
to use them to predict on a Sentinel-2 image are published on
GitHub.1

III. RESULTS

A. Properties of the Training and SiDroTest Datasets

We compare the surface reflectance of the S-2 bands for
the test and training datasets [see Fig. 16(a)–(f) (Appendix),
Tables V (4-1), (4-2), (4-3), VI] and observe the strongest
separability in the late summer (LS) where the evergreen class
shows vegetation vitality in terms of “greenness” in contrast to
the summergreen class showing reduced vegetation vitality. This
high potential of spectral separability between the summergreen
and evergreen class for the late summer season is also shown
in the PC1–PC2 biplot visualization optimally separating the
two classes of the training dataset along the PC1 axes that is
also visualized by strong loadings in the PC1 [see Figs. 5(c),
18(c) (Appendix)]. The early summer season PC1–PC2 biplot
visualization also shows a spectral separability potential of the
two classes summergreen and evergreen [see Fig. 5(b), 18(a)
(Appendix)], with strong loadings in the PC1 and PC2, however
not as distinct as in the late summer case for the PC1 axis.

In contrast, the peak summer PC1–PC2 biplot visualization
[see Fig. 5(a)] shows that both classes, evergreen and summer-
green, overlay each other in the PC1-P2 space confirming a low
spectral separability in the first PCs.

The LS S-2 surface reflectance of the evergreen class shows
high green reflectance building a green reflectance peak and low
blue and red reflectance due to high chlorophyll and additional
pigments absorption, together with high NIR reflectance due to
vegetation-inherent multiple NIR scattering [see Fig. 16(c), (f)
(Appendix)]. In contrast, the LS S-2 surface reflectance of the
summergreen class does not contain a green reflectance peak like
it shows in peak summer [see Fig. 16(b), (e) (Appendix)], and
is further characterized by high red reflectance, low NIR, and a
generally flat reflectance curve [see Fig. 16(c), (f) (Appendix)].

Similarly, high NDVI for evergreen stands out versus low
NDVI for summergreen in late summer [see Tables V(4-3),
VI, Appendix] when the summergreen class is characterized
by needle coloring and has already lost its vitality. The LS
reflectance and LS NDVI show a clear separability between
summergreen and evergreen in both data sets, the SiDroTest
dataset and the training dataset. The summergreen class shows
the most similar spectral shapes between the training dataset and
the SiDroTest dataset throughout all three seasons, whereas the
evergreen class of the SiDroTest dataset shows lower reflectance
in the NIR than the training dataset through all seasons [see
Fig. 16(a)–(f) (Appendix)].

The spectral reflectance shape and the NDVI magnitude is
much more similar for summergreen and evergreen during peak
summer [see Fig. 5(b), (e), Tables IV(3-2), V], in contrast to
the more divergent pattern for early summer and late summer

1[Online]. Available: https://github.com/fvangef/Code-supplement-for-
Summer-and-Evergreen.git

https://github.com/fvangef/Code-supplement-for-Summer-and-Evergreen.git
https://github.com/fvangef/Code-supplement-for-Summer-and-Evergreen.git
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Fig. 8. Percentage scores of precision, recall and the F-1 score for each class
for the early summer, ES (left), peak summer, PS (center) and late summer, LS
(right) on the SiDroTest dataset.

Fig. 9. Percentage scores of precision, recall and the F-1 score for the com-
binations of seasons, early summer, ES, peak summer, PS, late summer, LS, on
the SiDroTest dataset.

of the peak summer and late summer seasons (see Fig. 9).
We observe high precision, recall, and F-1 scores for both,
evergreen and summergreen. We also inspect the combination
of all seasons and observe that the summergreen and evergreen
classes both obtain around 80% for all evaluation metrics. The
combination of seasons does not outperform the performance of
the RF trained with the late summer, alone.

C. Feature Importance

We use feature importance to inspect which features are the
most informative per season [see Fig. 10(a)–(c)] by observing
the change in mean accuracy when computed with and without
each feature. In addition, we use the PCA to understand if a
dimensionality reduction toward the most important features
will reduce complexity. The S-2 shortwave infrared (B12) ranks
as the most important feature for early summer and late summer
and as the second most important feature for peak summer. In
addition, the NDVI ranks as the second most important feature
for early summer and late summer.

We observe for early summer the most important feature to
be the shortwave infrared (B12), the second most important the
NDVI followed by the red (B4) covering the strong chlorophyll
absorption and the green covering the green reflectance peak [see
Fig. 9(a)]. The NDVI and the red band’s significance highlights

Fig. 10. (a)–(c). Feature importance for NDVI and the S-2 spectral bands for
(a) early summer, (b) peak summer, and (c) late summer, in descending order
from top to bottom.

the role of vegetation vitality in distinguishing between the
“greener” evergreen class and the summergreen class not yet
characterized by vegetation vitality, i.e., showing lower NDVI,
low chlorophyll absorption and therefore high red reflectance
and no green reflectance peak in early summer [see Fig. 16(a)
and (d), (Appendix), Tables V (4-1), VI]. In the PCA, an addi-
tional but smaller potential of the feature separability for the
two classes is indicated in the spread of the evergreen class
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is mixed with summergreen forest [48]. According to paleo-
climate lake sediment records, evergreen needleleaf tree taxa
expanded in this region into the summergreen dominated forests
already since the Mid-Holocene along a south-west to north-east
transect [48]. We see in our case study that for the current
state of the summergreen-evergreen forest transition zone, S-2
satellite-based mapping can provide forest type distribution at
a fine landscape scale. The classification of late summer S-2
surface reflectance data for the Lake Khamra region reveals
distinct evergreen forest patches in a matrix of a summergreen
to mixed evergreen-summergreen forest landscape. The three
different summergreen-evergreen S-2 classifications of the Lake
Khamra region show that important landscape characteristics
such as the percentage of each mapped class, the heterogeneity,
the degree of fragmentation, or the patch density of evergreen
forest that provide the metrics to observe the structural change in
time series (for example, [49]) varies. The S-2 SidroForest and
the S-2 Collection-1 SA maps both show the evergreen forest
patches south of Lake Khamra in a similar sharp outline and the
S-2 SidroForest and the S-2 Collection-1 GR maps both show
dominant evergreen in the northern part of the Lake Khamra re-
gion. In general, the S-2 mapped forest distribution displays high
levels of landscape fragmentation, heterogeneity and complexity
and a current state of a mixed summergreen and evergreen forest
landscape.

While this case study demonstrates the effectiveness of the
strategy to use a late-summer trained RF S-2-based classifier
for summergreen-evergreen forest classification, limitations re-
main.

A crucial point in the transferability of mapping applica-
tions, specifically for change detection in multiannual satel-
lite imagery is the radiometric consistency of the satellite re-
flectance data. Consistent reflectance time series are required for
land surface monitoring [49]. Pixel-based temporal aggregation
is a method to generate cloud-free, radiometrically and phe-
nologically consistent, spatially contiguous image composites
[50], [51]. It is beyond the scope of this case study to con-
struct temporally aggregated, phenologically consistent annual
Collection-1 S-2 time series for the late summer season to
produce consistent forest maps over large areas. We consider
this study as a case study for a benchmarked training dataset
for the summergreen–evergreen forest transition zone. The
RF trained with evergreen and summergreen training datasets
robustly performs specifically for the late summer season
with the strongest spectral contrast between summergreen and
evergreen.

V. CONCLUSION

Our case study presents a benchmarked S-2 training dataset
for mapping summergreen and evergreen needleleaf forests
in the Siberian summergreen–evergreen forest transition zone
using Random Forest classifiers on S-2 optical satellite data.
This region is experiencing significant land cover changes due
to climate change and increasing forest disturbances. Exist-
ing global land cover products, which distinguish between

summergreen and evergreen forest types, are not quality con-
trolled for this region and lack high spatial resolution. Although
there are forest classification case studies using Landsat and
S-2 data for other regions and continents, an in-depth analysis
of seasonal variations and spectral features’ importance for
the summergreen–evergreen transition zone in Siberia has been
lacking.

Our multitemporal S-2 training dataset representing summer-
green and evergreen needleleaf forest classes contains nearly
two million labeled pixels covering the early summer, peak
summer, and late summer forest phenophases. The evaluation,
using the SiDroTest dataset linked to reference forest plot data,
demonstrated that applying our trained Random Forest clas-
sifier provides the highest classification accuracy at 99% for
the late summer season. Feature importance analysis reveals
that the long shortwave infrared is crucial across all seasons,
likely due to water content differences in the plant canopies
between the two forest types. The long shortwave infrared, the
NDVI and the red band feature that is the major chlorophyll
absorption band are important in the early summer datasets,
the shortwave infrared and the blue band feature that represents
also chlorophyll absorption are important in the peak summer,
and the long shortwave infrared, NDVI and NIR are important
in the late summer to distinguish between summergreen and
evergreen.

The distinct spectral separability during the late summer
phenophase between the two forest types underscores the value
of focusing on late summer for optimal classification per-
formance. This is particularly advantageous for the Siberian
boreal forest region, where the late summer season offers a
time window with less frequent wildfire activities, and cloud
cover.

We plan in future work to apply this strategy to classify
temporally aggregated late summer S-2 satellite data across the
summergreen–evergreen forest transition zone, contributing to
monitoring the changes in boreal forests under climate pressures.
We are also contributing tools such as the multiseasonal S-2
training dataset for evergreen–summergreen needleleaf forest
patch detection in the boreal forest domain.

APPENDIX

The Appendix presents details on the data characteristics
of the input data: Tables II and III give an overview on the
S-2 features and satellite acquisitions prepared for this study,
Table IV shows the details on the shifted forest plots and Fig. 15
on characteristics of tree species that is the base for the classes
“summergreen” and “evergreen” of the SiDroTest dataset. Ta-
bles V-12,3 and VI are showing the NDVI characteristics of the
SiDroTest, Fig. 16(a)–(f) the surface reflectance of the training
datasets and SiDroTest dataset. Fig. 17 shows the training dataset
variances explained in the principal components, Fig. 18(a)
heatmap visualization of the principal component loadings of
the training dataset and Fig. 19 exemplarily shows seasonal
S-2 subscenes of the spring and the autumn season with snow
cover.
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TABLE II
S-2 SPECTRAL FEATURES USED IN THIS STUDY (LEVEL-2A SURFACE

REFLECTANCE AND NDVI AND ITS RADIOMETRIC AND SPATIAL

CHARACTERISTICS

Fig. 15. Tree species coverage in percentage per plot of the vegetation plots
in Yakutia (SiDroForest data collection) [14], [16] for labeling the S-2 image
patches of the SiDroTest dataset used in this study with aggregation of the tree
species into the two class assignments “summergreen” and “evergreen”.

TABLE III
OVERVIEW ON S-2 ACQUISITION DATES AND SOURCES USED IN THIS STUDY
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Fig. 16. (a)–(f). S-2 surface reflectance training dataset and SiDroTest dataset (with the standard deviation indicated as bars) at the center wavelengths of the 10
used S-2 bands (B 2, 3, 4, 5, 6, 7, 8, 8A, 11, 12) class Summergreen (orange), class Evergreen (dark green). (a)–(c) Training dataset: early summer, peak summer,
late summer. (d)–(f) SiDroTest dataset: early summer, peak summer, late summer.

TABLE IV
PLOT CODES, SITES, DECIMAL GEOGRAPHIC COORDINATES (WGS84, NORTH;

EAST) AND CLASS LABELS OF THE S-230 M X 30 M IMAGE PATCHES FROM

THE SIDROFOREST DATA COLLECTION [14], [16] THAT WERE SHIFTED BASED

ON EXPERT KNOWLEDGE

TABLE V
(4-1), (4-2), (4-3) NDVI MEAN, MEDIAN (MD) AND STANDARD DEVIATION

(SD)) OF THE SIDROTEST DATASET: A4-1 EARLY SUMMER, A4-2 PEAK

SUMMER, A4-3 LATE SUMMER
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TABLE VI
TRAINING DATASET NDVI MEAN, MEDIAN (MD), AND STANDARD DEVIATION

(SD) FOR EARLY SUMMER, PEAK SUMMER, AND LATE SUMMER

Fig. 17. (a)–(c) Training dataset variances explained in the principal compo-
nents for early summer, peak summer, and late summer, in descending order,
from top to the bottom. a) variances explained in early summer, b) peak summer
and c) late summer.

Fig. 18. (a)–(c) Heatmap visualization of the principal component loadings
of the training dataset for early summer, peak summer, and late summer, in
descending order, from top to the bottom.
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Fig. 19. Seasonal S-2 subscenes of the region Yakutsk (YA) (showing the
Yakutsk city region in the Eastern part) displayed as quasi-true Red Green Blue
(RGB) composites with red=B4, green=B3 and blue=B2 surface reflectance
showing spring acquisitions with heterogeneous snow coverage in early May due
to snow melting and a snow-free land surface in late May; and the late autumn
situation with first heterogenous snow cover occurring during the month of
October. Note how the late October S-2 subscene already shows low radiometric
contrast due to the low sun zenith and low-incoming solar energy.
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