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ABSTRACT

The ecological insurance theory posits that diverse forests are more resilient and better able to adapt to changing
environmental conditions. Increasing drought and heat stress in Central Europe promotes mixed forests for
maintaining ecosystem services. However, a diverse species distribution complicates remote sensing-based
species mapping, as distinguishing pure from mixed species compositions at the pixel level remains challenging.
We evaluated the potential of recurrent neural networks (RNNs) for tree-species classification from Sentinel-2
time series and investigated the spectral-temporal features underlying class discrimination, with particular
emphasis on separating pure from mixed Norway spruce pixels. We compared RNN classification models
with Random Forest (RF) and Extreme Gradient Boosting (XGBoost) and used Integrated Gradients (IG) to
quantify feature attributions across spectral bands and time. The best-performing RNN achieved a Macro-
F1 score of 0.851 on the test data, outperforming XGBoost by 0.012 and Random Forest by 0.103. Beyond
classification performance, the attribution analysis revealed distinct spectral-temporal patterns associated with the
separation of pure and mixed Norway spruce pixels. Attribution values increased particularly after approximately
day of year (DOY) 125, while B11 showed the strongest contribution during periods of increasing spectral
divergence between the two classes. These findings show that recurrent models can provide competitive
classification performance while also revealing the phenological periods and spectral regions that are most
relevant for distinguishing closely related forest compositions. Combining time-series classification with
explainability therefore provides additional insight into the spectral-temporal mechanisms underlying tree-

species discrimination and may support more detailed mapping of mixed forest structures.
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1 INTRODUCTION

Understanding the spatial distribution of tree species provides
a basis for decision-making in forest management, biodiversity
conservation, and climate protection [1]. Repeated monitor-
ing of forest composition can further reveal changes caused
by natural disturbances, harvesting, and regrowth, thereby sup-
porting forest inventories and long-term forest management
[2, 3]. Under increasingly frequent heat, drought, and distur-
bance events [4], forests in Central Europe need to be more
resilient and adapted to change [5]. The ecological insurance
theory posits that greater species diversity can stabilize ecosys-
tem functioning to environmental fluctuations [6]. Hence, the
New EU Forest Strategy for 2030 of the European Commission
explicitly promotes the creation and maintenance of function-
ally diverse, mixed-species forests [7]. Consequently, mapping
approaches must also reliably represent mixed species compo-
sitions. Satellite-based forest classification has been applied
across a wide range of spatial scales, from site-level studies
to global forest mapping [8, 9]. Sentinel-2 is particularly well
suited for this purpose because it provides freely available multi-
spectral imagery at high revisit frequency and spatial resolutions
of up to 10 m. Early applications largely relied on single-date
imagery. For example, Immitzer et al. [10] evaluated Sentinel-2
data for crop and tree species classification in Central Europe
using a supervised Random Forest (RF) classifier and achieved
an overall accuracy of 65% for tree species classification. Their
results further highlighted the importance of the red-edge and
short-wave infrared (SWIR) bands. However, single-date ob-

servations capture only one stage of the seasonal development
and may therefore provide limited discriminatory information
for species with similar spectral characteristics at a given phe-
nological stage. With the launch of Sentinel-2B in 2017, the
increased observation frequency facilitated the use of Satellite
Image Time Series (SITS) for vegetation and forest classifica-
tion [11]. Exploiting this temporal information can improve
species discrimination by capturing phenological differences in
seasonal spectral trajectories. Grabska et al. [12], for example,
compared single-date and multi-temporal Sentinel-2 imagery
for the classification of nine tree species in mixed forests and
reported an increase in overall mapping accuracy of 5-10%
when using time-series data, with combinations of spring and
autumn observations being particularly informative. In tree
species classification, Sentinel-2 SITS are commonly analyzed
using machine-learning approaches, with tree-based ensemble
methods such as RF and Extreme Gradient Boosting (XGBoost)
being frequently applied (e.g., [12, 13, 14, 15, 16]). These
methods are widely used because of their strong predictive per-
formance, scalability to large study areas, and comparatively
high interpretability [17]. However, SITS contain sequential
spectral information whose temporal dependencies can also be
modeled directly using deep learning approaches. The continued
operation of Sentinel-2 has progressively expanded the available
image archive, providing increasingly long time series that also
facilitate the application of such sequence-based deep-learning
approaches (e.g.,[18, 17]).
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Despite their increasing relevance for ecology and management,
distinguishing mixed forests from pure stands using remote
sensing data is challenging [19]. In medium-resolution satellite
images, such as Sentinel-2 (10m), pixels are likely to contain
several individual trees, and the proportion of each species
within the pixels can vary substantially, which is reflected
in classification performance. Blickensdorfer et al. [13], for
example, mapped the main tree species in Germany using
combined Sentinel-1 and Sentinel-2 time series and integrated
exogenous features such as temperature and topographic
features. While they reported high F1 scores for the five
dominant species in pure stands, ranging from 72% to 97%, the
inclusion of mixed stands reduced accuracy by 4-14 percentage
points. At the same time, most forestry inventory, planning,
and management tools have been developed for monocultures
[5] and tree species classification studies prominently focus
on pure stands (e.g., [14, 20]). This is a limitation, especially
in Germany, as mixed forests account for 79% of Germany’s
forest area in 2022 [21]. Disregarding mixed stands in forest
mapping products can therefore substantially misrepresent forest
composition. Given the difficulty of distinguishing mixed from
pure forest classes, classification performance alone provides
limited insight into which spectral and temporal characteristics
enable their separation. Research on explainability in remote
sensing-based tree species classification has predominantly
focused on tree-based methods, partly for their comparatively
high interpretability (e.g., [14, 22, 15]; [17]). Immitzer et al.
[22] investigated the spectral variables and acquisition dates
most relevant for classifying individual tree species using
RF models trained on combinations of Sentinel-2 bands and
spectral indices across 18 scenes. Their results highlighted
the red and short-wave infrared bands, while observations
acquired between April and August contributed most strongly
to classification performance. Similarly, Wegler et al. [14]
assessed feature contributions in RF and XGBoost models
using SHAP values and model-based feature importance and
identified the short-wave infrared and red-edge bands among
the most influential features. While Malkanthi et al. [23] also
addressed explainability in deep learning-based tree species
classification, their analysis focused on exogenous variables
rather than on the spectral-temporal information contained in the
SITS. Consequently, although previous studies have provided
valuable insights into the spectral and temporal features
relevant for tree species classification, the spectral-temporal
decision processes of deep learning models remain insufficiently
understood. This limitation is particularly relevant for closely
related classes, such as pure and mixed Norway spruce, for
which understanding the wavelengths and phenological periods
driving class separation may provide insights beyond overall
classification performance.

To address this gap in SITS-based tree species classification, we
propose an explainability workflow for multiclass classification
that identifies the spectral-temporal features most relevant for
class discrimination while remaining applicable to deep learning
models. We particularly investigate the separation of pure and
mixed Norway spruce pixels and additionally examine decidu-
ous tree species with similar phenological patterns. The study
addresses the following research questions:
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RQ1: How do recurrent deep learning models compare with es-
tablished tree-based ensemble models in classifying tree species
and distinguishing pure from mixed forest compositions using
one-year Sentinel-2 time series?

RQ2: Can attribution techniques applied to deep learning mod-
els provide insight into the spectral bands and phenological
periods relevant for class discrimination, particularly between
closely related forest classes?

2 MATERIALS AND METHODS

2.1 Dataset and Study Area

We used the publicly available Sentinel-2 tree species time-series
dataset for Germany, published in 2025 by Freudenberg et al.
[20]. The dataset combines bottom-of-atmosphere reflectance
time series from analysis-ready Sentinel-2 imagery with tree
species labels derived from the German National Forest Inven-
tory. It covers individual tree observations across Germany from
2015 to October 2022 and includes 48 tree species and three
species groups. We selected the four dominant tree species or
species groups in Germany: Norway spruce (Picea abies), Scots
pine (Pinus sylvestris), European beech (Fagus sylvatica), and
oak, with the latter comprising sessile oak (Quercus petraea)
and English oak (Quercus robur) [24]. Furthermore, we split the
Norway spruce class into healthy and disturbed Norway spruce,
as well as mixed pixels that comprise Norway spruce and other
tree species (mainly beech) in mixed stands. Additional classes
were deliberately excluded, as the remaining tree species in the
dataset by Freudenberg et al. [20] were underrepresented for the
study’s specific use case of classification and separability analy-
sis. An overview of the data basis and the spatial distribution of
the dataset locations is shown in Figure 1.

The selected dataset comprised pure and mixed Norway spruce
time series, as our objective was to determine whether the mod-
els could differentiate between classes that are very closely re-
lated. Most tree-species maps in Germany focus on pure stands
because mixed pixels introduce substantial classification uncer-
tainty. Their spectral signatures tend to resemble those of the
dominant tree species within the pixel, which can lead to mixed
pixels being misclassified as pure stands (see Figure 2).

We subsequently filtered the selected data and applied the pre-
processing steps described in Section 3.1.
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Figure 1: Data distribution: spatial distribution of sample locations used in this study, grouped by species.
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Figure 2: Mixed Sentinel-2 pixels. Illustration of Sentinel-2
pixels containing pure Norway spruce stands and mixed stands.
A shows an orthophoto of a forest structure including Norway
spruce and varying deciduous trees. B shows a subset of the
same area including the outlines of deciduous trees within a
3 x 3 Sentinel-2 pixel grid. C shows the corresponding Sentinel-
2 pixels averaged over one year (2021).

2.2 Models

In this study, we selected two ensemble methods, XGBoost and
RF, as well as four deep learning approaches. XGBoost and RF
were selected because they have proven to be very successful
in the field of SITS forest classification [14, 15, 13]. For the
deep learning models, we developed an architecture that utilizes
Recurrent Neural Networks (RNNs), which are particularly well
suited to sequential data because they can model temporal depen-
dencies within multivariate time series [25]. Their potential for
SITS data has also been explored and validated (e.g., [26, 27]).
We selected Long Short-Term Memory (LSTM) [28] and Gated
Recurrent Unit (GRU) [29] to extract spectral-temporal informa-
tion from Sentinel-2 time series and embed it into a latent feature
space. Their schematic functionality is illustrated in Figure 3.
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Figure 3: LSTM and GRU architectures. At time step t, x; is the
multivariate input. The LSTM unit uses forget (f;), input (i;),
and output (o) gates with candidate cell state C,. The GRU unit
uses update (z;) and reset (r;) gates with candidate activation
g:. The LSTM carries forward long- and short-term memory
separately as cell state C and hidden state i, while GRU only
forwards one combined state. Blue and red frames indicate
sigmoid (07) and tanh activations, respectively. The recurrent
weights w, u and biases b are learned.
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Figure 4: GRU-MHA Classifier Architecture. The RNN output is projected into key and value representations, while a learnable
global query provides the query representation. After splitting the projected representations into multiple attention heads, scaled
dot-product attention is computed between the global query and the keys of all time steps. The resulting attention scores are
normalized using softmax and used to calculate a weighted sum of the value vectors, yielding one pooled representation per head.
These are connected and used as inputs for the classification head.

The equations for the gated units and the forward pass of the
LSTM and GRU are provided in Appendix A.1.

The general model architecture follows an RNN-encoder de-
sign, specifically the encoder described by Kirsch et al. [26].
The encoder embeds the spectral-temporal information into a
higher-dimensional hidden representation before progressively
reducing it to retain the most relevant information. We adapted
this architecture for classification by replacing the decoder with
a classification head, which maps the learned feature represen-
tation to the target classes. In addition, we implemented an
optional Multi-head Attention (MHA)-based pooling mecha-
nism, inspired by the Pooling by Multihead Attention (PMA)
approach proposed by Lee et al. [30], prior to the classification
head. Unlike classification approaches that rely solely on the
final hidden state, the attention pooling mechanism incorporates
information from all RNN time steps. A learnable query at-
tends to the temporal latent representations, assigning attention
weights to the individual time steps and aggregating them into
a single fixed-dimensional representation that is subsequently
passed to the classification head. The architecture of an RNN
model with MHA pooling is illustrated in Figure 4.

We incorporated MHA pooling to allow the model to weight
the temporal representations produced by the recurrent encoder.
Because time steps contribute unequally to classification, the
MHA pooling enables the model to learn time steps containing
particularly discriminative information. By using multiple atten-
tion heads, different heads can learn complementary weighting
patterns [3 1], potentially capturing information associated with
distinct phenological periods. We therefore expected MHA pool-
ing to produce a more informative latent-space representation
without increasing the dimensionality of the latent representa-
tion. Consequently, we expected it to improve classification,
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Figure 5: Multi-head attention weighting. The top panel shows
the temporal profile of spectral band 11 (SWIR 1), which is
included for visualization purposes. The panels below show the
attention weights assigned to each time step by the individual
attention heads. The blue bars in the top panel represent the
attention weights aggregated across all heads for each time step.
The attention mechanism operates on the latent representations
rather than directly on the spectral band values.

particularly for classes whose spectral differences are most pro-
nounced during specific periods of the growing season. This
mechanism is schematically illustrated in Figure 5. For simplic-
ity, attention is shown for a single spectral band, although in the
model it is applied to the full embedded representation of all
bands at each time step.

Because the time series are incomplete and irregularly spaced,
we included the day of year (DOY) as a scaled continuous in-
put feature. This provided the recurrent models with explicit
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calendar-time information and relaxed the assumption that con-
secutive observations are equally spaced. Because each se-
quence covered a single calendar year and did not span the
December—January transition, cyclic encoding of DOY was not
required.

2.3 Feature Importance

Deep learning models are often considered black boxes because
they provide limited insight into the factors driving their pre-
dictions [32, 33]. There are several attribution methods that
assign a scalar contribution value to each input feature, aiming
to quantify how strongly each feature influenced the network’s
prediction [34]. These methods can make it difficult to deter-
mine whether observed inaccuracies originate from the model
itself or from the attribution method [35]. We selected Inte-
grated Gradients (IG), introduced by Sundararajan et al. [35],
as the attribution method for this study. IG is a widely used and
theoretically grounded attribution method for explaining predic-
tions of differentiable models [36, 37]. It has also been shown
to provide informative explanations for multivariate time-series
models [38].

Integrated Gradients is a gradient-based attribution method that
assigns an attribution value to each input feature, that is, to
each spectral band at each time step. For each input feature, IG
integrates the gradients of the model output along a linear inter-
polation path between a predefined baseline and the observed
multivariate time series [35]. The resulting attribution values
quantify how each feature contributes to the difference between
the model output for the observed input and that for the base-
line. Consequently, the resulting attribution matrix represents
the contribution of each spectral-band-time-step combination
to the prediction of the respective target class relative to the
baseline input.
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The authors suggest comparing observations with a zero base-
line to identify the input features most relevant to a model’s
classification decision [35]. By applying IG to multiple observa-
tions and averaging the results, a more robust estimate of feature
importance can be obtained.

Because we focused on classes that were difficult to distinguish,
we also used representative baselines derived from the respective
comparison classes. These class-specific baselines allowed us to
identify the spectral bands and time steps that contributed most
strongly to distinguishing the observed class from the class used
as the baseline.

5
3  METHODOLOGY

In this section, we describe the methodological framework used
for forest classification and model interpretation. We first de-
scribe the data preprocessing steps, then the training and infer-
ence procedures for the recurrent neural network and ensemble
models. We then introduce the evaluation procedure and the
Integrated Gradients approach used to analyze the spectral and
temporal relevance of the model inputs. To support reproducibil-
ity, the code used in this study for data preprocessing, model
development, evaluation, and Integrated Gradients analysis is
publicly available on GitHub’.

3.1 Data Preprocessing

Many recent studies use multi-year satellite image time series
for forest classification [14, 10, 18]. In contrast, we focused
on single-season sequences because the objective of this study
is to identify phenologically relevant time periods and spectral
regions for separating similar forest structures, rather than to
optimize an operational tree species mapping model.

The time series were therefore divided into yearly sequences that
can be generalized across annual phenological developments.
This reduced the risk of the models learning patterns specific
to individual extreme events, such as the exceptionally hot and
dry summer of 2018. Furthermore, this approach also increased
the number of available training examples. Additionally, we
excluded observations before 2017, because Sentinel-2B started
in June 2017, leading to more observations per year [20]. The
train-test split was performed prior to temporal segmentation
to avoid data leakage. This ensured that time series segments
of the same pixel from different years were strictly assigned to
either the training or the test dataset and did not appear in both
datasets simultaneously. We used a standard 80:20 train-test
split. To reduce class imbalance in the training data, the number
of samples per class was limited to at most twice the sample size
of the smallest class:

n. <2-minn, VYceC 3)
keC

where n. denotes the number of samples in class ¢, C denotes
the set of all classes, k is an index over the classes in C, and
mingec 1 denotes the sample size of the smallest class. Down-
sampling was performed after the data were divided into yearly
subsequences. This allowed us to retain a spatially and tempo-
rally diverse subset of the highly represented classes, as samples
were randomly selected from different pixels and years, thereby
increasing both spatial and temporal diversity.

Because the deep learning models used sequential inputs, the
original time-series structure could be retained. In contrast, the
ensemble models required tabular input data. For these models,
the time series were transformed into a wide-format representa-
tion, where each spectral band at each time step was represented
by a separate predictor variable. Using daily time steps would
have resulted in 366 days x 10 spectral bands = 3,660 predic-
tors. This would have produced a very high-dimensional dataset,
increasing the risk of overfitting and leading to a large number
of missing values, as the time series contained, on average, only

2GitHub
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Table 1: Final Sequences Sample Size

Species Description Samples
Train Test
Fagus sylvatica pure stand 13131 6828
Quercus spp. pure stand 7738 2244
Pinus sylvestris pure stand 16702 32484
Picea abies pure stand 15989 19688
Picea abies mixed stand 16965 40511
Picea abies disturbed stand 7767 2230
raw soil 15875 17992

approximately 24 observations per year. To reduce dimensional-
ity and obtain a more compact representation, we aggregated the
data to monthly median values. Remaining gaps were imputed
by forward filling. As a result, the tabular dataset used for the
ensemble models contained 120 predictors.

3.2  Model Training and Inference

Hyperparameter tuning for both ensemble models was per-
formed on the training set using five-fold cross-validation and
predefined tuning grids. The evaluated hyperparameters are pro-
vided in Appendix Table 6. For the deep learning models, the
training set was further split into training and internal validation
subsets using an 80:20 split. The internal validation subset was
used for checkpoint selection during training, while the hold-out
test set was excluded from training, validation, and hyperpa-
rameter tuning. After evaluation, test-set Macro-F1 was used
to select the model configurations for the feature importance
analysis described below. All RNN-based models were trained
for 80 epochs using the Adam optimizer with a learning rate of
1 x 1073. For the loss function, we used a weighted combination
of cross-entropy loss and a Macro-F1-based loss, with weights
of 0.7 for cross-entropy loss and 0.3 for the Macro-F1-based loss.
We additionally applied early stopping during training, using
Macro-F1 on the validation set as the monitoring metric. Both
recurrent architectures, GRU and LSTM, were trained with and
without multi-head attention pooling. All RNN-based models
used a bidirectional variant, in which the input sequence was
processed in both forward and backward temporal directions.
We tested bottleneck dimensions of 32, 64, and 128. The initial
embedding dimension was set to four times the corresponding
bottleneck dimension (see Appendix Table 6).

After training, all models were evaluated on the held-out test
set using accuracy, balanced accuracy, and Macro-F1. Balanced
accuracy and Macro-F1 were included to account for class im-
balance in the dataset.

3.3 Application to a Mixed-Forest Area

The dataset authors note that it is intended primarily for model
training and is less suitable for independent validation [20]. To
account for this and to illustrate the practical application of
the trained model, we visually selected an additional mixed-
forest area in Thuringia from orthorectified aerial images *. We

30rthophotos: https://geoportal.thueringen.
de/gdi-th/download-offene-geodaten/
download-luftbilder-und-orthophotos.

6

extracted Sentinel-2 time series for each pixel within the area
using Google Earth Engine and classified them with the best-
performing trained model. The resulting pixel-wise predictions
were used to generate a species-composition map and to estimate
the area assigned to each forest class. We used orthophotos from
2023 for visual confirmation and classified the years 2022 and
2023. For each pixel, we selected the year with the higher
classification confidence to generate the final map.

3.4 Feature Importance Analysis

To investigate model explainability, we applied IG to quantify
the contribution of individual spectral bands and time steps to
each classification. For each of the main tree species, we initially
computed attributions relative to a zero baseline. We randomly
selected 2,000 multivariate time series per class from the test
set and restricted the analysis to samples that were correctly
classified by the respective model. This was done to ensure
that the resulting attribution patterns reflected successful model
decisions. The path integral in IG was approximated using a
Riemann sum with m = 30 interpolation steps between the
baseline and the observed input. Furthermore, we compared
observed time series against class-specific baselines derived
from other classes to identify the spectral and temporal features
that contributed most strongly to distinguishing the observed
class from the respective baseline class. In this context, an
individual input feature corresponds to the value of a single
spectral band at a single time step. Because IG requires the
baseline and input to have the same shape, we had to account
for the varying sequence lengths. We therefore constructed a
median baseline time series for each selected baseline species
by calculating the median separately for each spectral band and
day of year across all available observations. For each observed
sequence, we then selected only those values from the median
baseline that corresponded to the day of year present in that
sequence, thereby ensuring temporal alignment between the
input and its baseline. This process is illustrated for a single
spectral band of one observation in Figure 6.
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Figure 6: Class-specific baseline derivation for IG attribution.
For each observation, a baseline with the same temporal struc-
ture was derived from the median time series of the comparison
class. The example shows an oak observation (blue) and the
corresponding beech baseline (green) for band 11, derived from
the median of all beech observations (red) and matched to the
observation time steps.
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For the feature importance analysis, we selected the model con-
figurations based on the highest test-set Macro-F1 scores. We
did not compare models that differed only in embedding di-
mensions. In contrast, we separately analyzed models with and
without multi-head attention pooling because these architec-
tures aggregate the temporal representations differently and may
therefore differ in attribution patterns. We compared all classes
against the zero baseline. In addition, pairwise class-specific
baseline comparisons were performed between pure Norway
spruce and mixed Norway spruce and between oak and beech.
Each pairwise comparison was conducted in both directions,
with each class serving once as the observed class and once as
the baseline class.

4  REesuLTs

To evaluate model performance, we compared RNN configura-
tions with different recurrent architectures, input and bottleneck
dimensions, and either MHA pooling or no pooling against the
ensemble models. Performance was assessed primarily using
the Macro-F1 score, supported by additional classification met-
rics. We further applied IG to analyze the spectral and temporal
patterns contributing to correct class predictions and conducted
detailed class-comparison analyses for Norway spruce versus
mixed Norway spruce and oak versus beech.

4.1 Classification Performance

Based on the Macro-F1 score, the GRU model with multi-head
attention and a bottleneck dimension of 128 achieved the best
overall performance, with a Macro-F1 score of 0.851. It addi-
tionally reached an accuracy of 0.854 and a balanced accuracy
of 0.933. The GRU-128 model without attention performed
similarly but achieved a slightly lower Macro-F1 score of 0.847,
together with an accuracy of 0.853 and the same balanced accu-
racy of 0.933. Among the baseline models, XGBoost achieved
the highest Macro-F1 score of 0.839 and an accuracy of 0.851,
whereas the Random Forest showed the lowest overall perfor-
mance. For both recurrent architectures, larger bottleneck di-
mensions generally corresponded to higher Macro-F1 scores,
while the effect of multi-head attention was comparatively small.
MHA did not improve the Macro-F1 performance of the LSTM
models, but increased Macro-F1 by 0.004 for the GRU models.
These results are shown in Table 2.

The confusion matrices in Figure 7 revealed that the main clas-
sification challenge was distinguishing Norway spruce from
mixed Norway spruce. Across all models, approximately one-
fifth of the samples in each class were confused with the other
class. The green confusion matrices are normalized by true class
and report the proportion of samples in percent; therefore, the
diagonal entries correspond to class-specific sensitivity. For the
GRU-MHA model, 21.6% of Norway spruce samples were clas-
sified as mixed Norway spruce, while 21.2% of mixed Norway
spruce samples were assigned to Norway spruce. Accordingly,
class-specific sensitivity was comparatively low for Norway
spruce (76.3%) and mixed Norway spruce (72.3%). The re-
maining classes achieved substantially higher sensitivities. The
GRU-MHA model reached 97.2% for Scots pine, 96.3% for
beech, 90.5% for disturbed Norway spruce, 93.7% for oak, and
97.8% for soil. Compared with the corresponding GRU model
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Table 2: Comparison of Model Configurations

Model Performance metrics
RNN Attention BN Dim. Acc BA Macro-F1
32 0.832 0.909 0.825
MHA 64 0.827 0.920 0.814
LSTM 128 0.848 0.930 0.843
32 0.821 0.912 0.813
None 64 0.830 0.923 0.830
128 0.850 0.931 0.843
32 0.832 0.917 0.821
MHA 64 0.840 0.924 0.835
GRU 128 0.854 0.933 0.851
32 0.825 00915 0.813
None 64 0.828 0.925 0.832
128 0.853 0.933 0.847
XGBoost 0.851 0.925 0.839
RF 0.792 0.890 0.748

* BN Dim. = Model Bottleneck Dimension; Acc = accuracy; BA =
balanced accuracy.

without MHA, the addition of MHA reduced the proportion of
oak samples misclassified as beech from 4.5% to 2.6%, while the
reverse confusion increased slightly from 1.3% to 1.8%. This
indicates that MHA produced only small, class-specific changes
in the confusion patterns. The mutual confusion between pure
and mixed Norway spruce remained the dominant source of
classification error.

The class-specific evaluation metrics support the patterns ob-
served in the confusion matrices. Norway spruce achieved the
lowest F1 scores, ranging from 0.614 to 0.691. The GRU-128
model with multi-head attention achieved the highest F1 score
(0.691) and sensitivity (0.763), while the highest specificity
was 0.919. For mixed Norway spruce, F1 scores ranged from
0.697 to 0.784, with two recurrent models tying for the high-
est score. The maximum sensitivity and specificity were 0.729
and 0.943, respectively. For both classes, specificity exceeded
sensitivity, indicating that false-negative rates were higher than
false-positive rates. The remaining classes achieved higher F1
scores. The best scores were obtained by the GRU-128 model
with multi-head attention for disturbed areas (0.797), the GRU-
128 model without attention for Scots pine (0.968), and the
LSTM-128 model without attention for beech (0.909). XGBoost
achieved the highest scores for oak (0.836) and soil (0.983),
although the recurrent models performed similarly. Overall, soil
and Scots pine had the highest class-specific F1 scores, whereas
Norway spruce had the lowest. Random Forest generally under-
performed compared with XGBoost and the recurrent models.
These results are presented in detail in Table 3.
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Table 3: Per-class comparison of model configurations

Figure 7: Confusion matrices for the two best-performing RNN models, GRU with and without attention, and the XGBoost model

Tree species Metric RF XGBoost LSTM-128 GRU-128
MHA No Att. MHA No Att.
F1 0.614 0.677 0.677 0.684 0.691 0.689
Norway spruce Sensitivity 0.704 0.759 0.731 0.742 0.763 0.747
Specificity 0.895 0914 0.917 0.918 0.914 0.919
F1 0.697 0.774 0.775 0.782 0.784 0.784
Norway spruce mixed Sensitivity 0.610 0.707 0.717 0.729 0.723 0.728
Specificity 0.932 0.943 0.934 0.933 0.940 0.935
F1 0.935 0.967 0.966 0.962 0.967 0.968
Scots pine Sensitivity 0.935 0.973 0.973 0.964 0.972 0.967
Specificity 0.975 0.985 0.985 0.985 0.986 0.988
F1 0.814 0.895 0.891 0.909 0.908 0.894
Beech Sensitivity 0.905 0.964 0.966 0.949 0.963 0.973
Specificity 0.981 0.989 0.988 0.992 0.991 0.988
F1 0.646 0.836 0.835 0.809 0.830 0.830
Oak Sensitivity 0.825 0.908 0.924 0.938 0.937 0.917
Specificity 0.986 0.995 0.995 0.993 0.994 0.995
F1 0.971 0.983 0.982 0.980 0.982 0.982
Soil Sensitivity 0.963 0.981 0.980 0.978 0.978 0.980
Specificity 0.996 0.997 0.997 0.997 0.998 0.997
F1 0.556 0.741 0.776 0.776 0.797 0.779
Disturbed Sensitivity 0.772 0.840 0913 0.921 0.905 0.933
Specificity 0.979 0.991 0.992 0.992 0.993 0.991
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Figure 8: Map with distribution statistics of predicted forest classes.

4.2 Performance in a Mixed-Forest Area

To additionally assess model performance in a mixed-forest
area, we applied the GRU-MHA-128 model to single-year time
series from a randomly selected site in Thuringia. The resulting
classification map is shown in Fig. 8.

The model classified 11.48 ha as beech, 2.32 ha as pure Norway
spruce, 2.40 ha as mixed Norway spruce, 0.05 ha as disturbed
forest, and 0.01 ha as open soil. Because pixel-level labels
were not available, we used an orthorectified aerial image as a
qualitative visual reference. The visual comparison indicated
reasonable agreement between the predicted classes and the
aerial image, providing an additional qualitative assessment of
model performance outside the original dataset.

4.3  Model Explainability

To improve the explainability of the deep learning model, we
applied IG in two ways. First, individual class attributions were
calculated using a zero baseline. Second, we directly compared
Norway spruce with mixed Norway spruce and oak with beech
by using the respective opposing class as the baseline. The

results of these analyses are presented in the following sections.

4.3.1 Class-Specific Integrated Gradients

Hereafter, spectral bands are referred to by their band identifiers,
as defined in Table 4.

Table 4: Sentinel-2 Level-2A bands used in this study.

Band Identifier =~ Band Name  Central Wavelength (nm)
B2 Blue 492.7
B3 Green 559.8
B4 Red 664.6
BS Red Edge 1 704.1
B6 Red Edge 1 740.5
B7 Red Edge 1 782.8
B8 NIR 832.8

BSA Narrow NIR 864.7
B11 SWIR 1 1613.7
B12 SWIR 2 2202.4

* NIR = near infrared; SWIR = short-wave infrared.

The feature attribution analysis revealed distinct temporal and
spectral patterns among the classes. For beech, attribution values
peaked around DOY 120 in bands B3, BS, B6, and B11. Oak
showed a similar temporal pattern, but with lower attribution
values in bands B3-B6 and an earlier peak in B12, approxi-
mately between DOY 110 and 125. For Scots pine, the IG
analysis showed high B11 attribution values between approx-
imately DOY 130 and 190, whereas B6 exhibited moderate
attribution values throughout the year. Pure Norway spruce and
mixed Norway spruce showed similar attribution patterns, with
high values in B6 around DOY 150. For mixed Norway spruce,
the B6 attributions were concentrated between approximately
DOY 140 and 175. In contrast, for pure Norway spruce, they
extended from approximately DOY 120 to 220. Both Norway
spruce and Scots pine showed elevated attribution values be-
tween approximately DOY 100 and 180. However, Scots pine
also exhibited elevated attributions toward the end of the year.
The disturbed Norway spruce class showed no pronounced tem-
poral attribution pattern. Attribution values were broadly similar
across bands, except for B2, B7, and B12.

Overall, the IG analysis revealed consistent differences in attri-
bution magnitude among the spectral bands. Across classes, B2
and B12 generally showed the lowest attribution values, whereas
B6 and B11 showed the highest attributions for correct species
classifications. The results are visualized in Figure 9.

4.3.2 Integrated Gradients for Class Comparison

The IG analysis focused on the distinction between pure and
mixed Norway spruce stands and between beech and oak. Be-
cause beech and oak were classified with comparatively high
performance, the following analysis focuses on the attribution
patterns for pure and mixed Norway spruce, while also examin-
ing differences between beech and oak.

In the comparison between pure and mixed Norway spruce, B6
and B11 showed the highest overall attribution values. Most
other bands exhibited comparable cumulative attributions across
the year, whereas B2 and B12 consistently showed lower values.
B11 exhibited elevated attributions throughout much of the year,
with a pronounced peak between approximately DOY 140 and
180. Attributions for B6 increased after approximately DOY 125
and remained elevated until around DOY 290. The visible bands
B2, B3, and B4 and the red-edge band B5 showed comparatively
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Figure 9: Integrated Gradients attribution results for the six investigated classes against a zero-baseline.
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low but persistent attributions throughout the year. Bands B7,
B8, and B8A followed a temporal pattern similar to that of
B6, although their attribution magnitudes were generally lower.
Overall, the highest attribution values for distinguishing pure
from mixed Norway spruce occurred between approximately
DOY 125 and 225. This comparison is visualized in Figure 10.

Model Attributions for Pure Norway Spruce using Mixed as Baseline

000 025 050 075 100 125 150 175 200

Mean absolute attribution

Figure 10: Attribution map for the separation of pure and mixed
Norway spruce.

For beech versus oak, B3, BS, and B6 showed attribution pat-
terns similar to those observed for beech relative to the zero
baseline. However, B6 exhibited elevated attributions over a
broader period, approximately from DOY 110 to 140. The high-
est attribution values were observed for B6 and B11, particularly
between approximately DOY 110 and 150. This comparison is
visualized in Figure 11.

Model Attributions for Beech using Oak as Baseline
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Figure 11: Attribution Map for the separation of beech and oak

5 DiscussioN

This study demonstrates the value of recurrent neural networks
and attribution-based analysis for classifying and interpreting an-
nual multispectral time series. The RNN models outperformed
XGBoost, highlighting their ability to capture temporal depen-
dencies in the data. Combined with Integrated Gradients, they
also enabled a more fine-grained interpretation of relevant spec-
tral bands and time periods than feature-importance measures
from tree-based models, which are typically aggregated over
broader temporal intervals. In addition, the class-comparison
attribution analysis provided insights beyond the conventional
zero-baseline approach by revealing shifts in the relative impor-
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tance of individual spectral bands. These findings show that
directly comparing classes can improve the interpretation of
spectral and temporal differences between closely related forest
classes.

5.1 Comparative Model Performance

The class-specific results indicate that classification performance
was primarily determined by the separability of the spectral-
temporal classes rather than by the architecture of the model.
The main source of error across all configurations was the mutual
confusion between pure and mixed Norway spruce, with approx-
imately one-fifth of the observations misclassified between these
two classes. This persistent confusion is likely due to the strong
overlap in multispectral and temporal characteristics between
the two classes. Pure stands tend to occupy more distinct regions
of spectral-temporal feature space, whereas mixed pixels are
strongly influenced by their species composition and form a
gradual spectral continuum. The difficulty of separating these
classes therefore appears to be constrained not only by model ca-
pacity but also by the information content of the Sentinel-2 time
series and the definition of the classes themselves. In contrast,
Scots pine, beech, and soil were consistently classified with
high accuracy across model architectures, further supporting the
interpretation that class separability was the dominant factor de-
termining classification success. Disturbed Norway spruce was
also separated more clearly from healthy spruce than pure and
mixed healthy spruce were from each other. Disturbance alters
canopy condition and therefore produces stronger deviations
in spectral-temporal trajectories, which may produce a more
distinctive spectral-temporal signal than differences in species
composition within otherwise healthy spruce stands.

Despite these class-dependent limitations, the recurrent models
achieved the highest overall classification performance, with
the GRU using multi-head attention and a bottleneck dimension
of 128 reaching the highest Macro-F1 score of 0.851, while
Random Forest consistently performed worst. However, the
improvement over XGBoost was relatively small. This suggests
that, although explicit sequence modeling provides an advan-
tage for annual multispectral time-series classification, much of
the relevant temporal information can also be captured through
engineered or temporally aggregated features. The benefit of re-
current modeling was particularly evident for disturbed Norway
spruce, where the recurrent models achieved substantially higher
F1 scores and sensitivity than XGBoost, indicating that explicit
modeling of temporal dependencies may be especially useful
for classes characterized by changes in canopy condition over
time. In contrast, improvements for most healthy tree-species
classes were small, and XGBoost remained competitive or even
performed best for some well-separated classes.

Larger bottleneck dimensions generally improved the perfor-
mance of both recurrent architectures, suggesting that sufficient
latent capacity may be more important than the choice between
LSTM and GRU or the inclusion of attention. Although larger
bottleneck dimensions may improve classification by preserv-
ing more information, they also increase the risk of overfitting.
This trade-off should be considered when selecting the latent
representation size. The funnel-shaped encoder progressively
compresses the hidden representation and may therefore encour-
age the model to retain the most relevant information. However,
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the present experiments cannot determine whether the funnel
architecture itself is beneficial or whether the observed gains pri-
marily result from the increased latent dimensionality and over-
all model capacity. A direct comparison with a non-funneling
architecture of similar size should be considered in future work.

MHA had only a limited effect on predictive performance. It
produced a marginal improvement for the GRU-128 model and
did not improve the Macro-F1 score of the LSTM-128 model,
suggesting that the recurrent hidden states already encoded most
of the temporal information required for classification. Never-
theless, MHA pooling improved the Macro-F1 score across all
GRU configurations, with somewhat larger gains for models
with smaller bottleneck dimensions, and produced minor class-
specific improvements. Attention may therefore compensate for
limited latent capacity by suppressing less informative temporal
representations. However, its main value in this study lies in
improving the temporal interpretation of the model by empha-
sizing relevant time steps and making their contribution more
apparent in the attribution analysis.

Overall, the performance gains over XGBoost were class-
dependent and moderate. Latent-space size had a clearer in-
fluence on performance than MHA, while the remaining errors
were driven mainly by limited spectral-temporal separability
rather than by the selected model architecture. The main advan-
tage of the RNNs, however, lies in their temporally structured
representation, which supports a more detailed interpretation of
phenologically relevant periods.

5.2 Explainability

The class-comparison IG analysis provided insights beyond the
zero-baseline analysis. Relative to a zero baseline, B6 showed
the highest attributions for both pure and mixed Norway spruce.
However, when each class was evaluated against a baseline
derived from the other class, B11 became the most strongly at-
tributed band. Thus, the features supporting individual class pre-
dictions differed from those used to distinguish the two closely
related classes. The direct comparison also revealed a seasonal
pattern that was not apparent in the zero-baseline results. Attri-
butions for B6, B7, B8 and B8A increased after approximately
DOY 125, broadly coinciding with leaf development in Cen-
tral European broadleaf species [39]. The differences become
clearer when the median reflectance time series of pure and
mixed Norway spruce are compared (see Figure 12). The median
B6 reflectance trajectories of the two classes begin to diverge
around DOY 100 and remain separated for most of the growing
season. However, the highest attribution values during this pe-
riod occur in B11 rather than B6. In particular, B11 attributions
increased when the difference between the B6 trajectories was
most pronounced. B11 reflectance also remained consistently
higher for the mixed class throughout the year, with a peak in
late spring. These results suggest that the model did not rely
on individual bands independently but rather on their combined
spectral-temporal patterns when distinguishing pure from mixed
Norway spruce stands.
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Figure 12: Separation between pure and mixed Norway spruce.
The top row shows the median test-set time series with confi-
dence bands. The bottom row displays Integrated Gradients
attributions along the Norway spruce median time series, high-
lighting time steps relevant for distinguishing the two species.

This result is particularly relevant because pure and mixed Nor-
way spruce showed the highest degree of mutual misclassifi-
cation across the evaluated models. Although the generally
high relevance of red-edge and short-wave infrared bands is
consistent with previous remote-sensing research [ 14, 22], the
class-comparison temporal attribution patterns provide more
detailed insight into how the models distinguished these closely
related forest classes.

Although the phenological patterns of beech and oak appeared
more similar than those of pure and mixed Norway spruce, the
models distinguished the two broadleaf species with high ac-
curacy. However, the attribution patterns did not correspond
directly to the periods with the largest visible differences be-
tween the median time series. Instead, the highest attributions
occurred mainly between DOY 100 and 150, coinciding with the
leaf-unfolding period. Although the median time series showed
little separation between beech and oak during this period, the
model appears to have used subtle spectral-temporal differences
to distinguish the two species (Figure 13).
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Figure 13: Seperation between Beech and Oak. The top row
shows the median test-set time series with confidence bands.
The bottom row displays Integrated Gradients attributions along
the beech median time series, highlighting time steps relevant
for distinguishing the two species.
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5.3 Potential Applications in Forestry

We expected the spectral-temporal patterns of species to vary
severely between years, potentially reducing the effectiveness
of single-year time series. In particular, extreme summers such
as 2018 and 2022 in Germany were expected to alter spectral
patterns and increase misclassification. However, the proportion
of false predictions did not increase noticeably in these years
(Fig. 14).

NWS mixed

NWS dist. Soil

Figure 14: False Predictions over years: Here the mean percent-
age = SD of false predictions for each class is visualized for
every observed year across all RNN models. Norway spruce is
abbreviated to NWS. The disturbed Norway spruce class has no
observations for the years 2021 and 2022, as there was no data
where the disturbance year was after 2020.

Across all RNN models, fewer annual observations generally
reduced classification performance. The impact of observation
count on correct classification percentage for pure and mixed
Norway spruce over all RNN models is visualized in Figure 15.
This offers potential for future studues, as the launch of Sentinel-
2C increased yearly observations in europe by about 33% and
reduced the average datagap lenght [40], which suggests better
interpretability with our approach.
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Figure 15: Mean percentage of false predictions (+ SD) for pure
and mixed Norway spruce combined, grouped by the number of
time steps per time series.

A direct comparison with studies using multi-year time series
for similar forest classes in Germany is difficult, as these studies
often included a larger number of classes [14, 13, 18]. This
increases the potential for misclassification, particularly among
broadleaf species such as beech and oak. At the same time,
other studies did not distinguish between pure and mixed Nor-
way spruce stands, which likely contributed to higher Macro-F1
scores for Norway spruce. The classification tasks therefore dif-
fer substantially, and a robust comparison would require further
targeted studies. Nevertheless, the strong classification perfor-
mance achieved here indicates that the appropriate input length
is task-specific and that single-year time series should not be
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excluded by default. For detailed forest mapping, longer multi-
year time series may provide higher classification performance
[14, 13, 18]. In contrast, shorter time series may be preferable
when lightweight operational models or energy-efficient train-
ing and inference are priorities. Previous studies have shown
that reducing the number of input observations can improve
computational and energy efficiency [41].In such a setting, re-
ducing the number of input features also becomes important, as
it further contributes to better energy efficiency [41]. The IG
analysis indicated that bands B2 and B12 contributed little to the
model predictions and could therefore be tested for removal to
improve efficiency. Reducing the input dimensionality may also
allow similar performance with smaller hidden representations
and fewer trainable parameters, thereby lowering computational
demand and associated emissions. However, this would require
further evaluation. Identifying the temporal and spectral obser-
vations that contribute most strongly to distinguishing pure and
mixed stands provides useful information for forest composition
mapping. The insights of the explainability analysis could guide
the development of future models that better separate pure and
mixed stands by focusing on the most informative spectral bands
and seasonal periods. This may also enable feature and time-step
reduction, supporting the development of more lightweight and
computationally efficient models.

5.4 Limitations

The training dataset included observations from different lo-
cations and years, allowing the models to capture spatial and
interannual variability. However, this variability was limited to
the period from 2017 to 2022. In addition, the dataset providers
noted that the dataset is well suited for model training but less
suitable for independent validation [20]. The reported classifica-
tion performance should therefore be interpreted with caution.
Furhtermore, Spatial and temporal autocorrelation may have
influenced the performance estimates despite measures taken
to prevent data leakage. To avoid any data leakage a leave-one-
region-out cross-validation approach would be most appropriate.
In this setup the data is spatially divided into regions and the
model is trained on all but one region. The left out region is
used for testing. This is repeated iteratively until each region
has served once as the test set. We partly addressed these limi-
tations by applying the model to an independent mixed-forest
region. However, this provided only a limited visual assessment
of model performance and cannot replace evaluation on a larger
and more diverse independent test dataset. Another limitation is
that the study region is limited to Germany and the results may
not transfer directly to other forest types, climatic conditions or
management systems. We selected species classes based on the
four predominant tree species in Germany, with different health
stages and structures for Norway spruce, which also sets us
apart from other german studies in terms of our class definitions
and study design. This makes it difficult to draw direct com-
parisons with previous studies regarding model performance,
particularly with regard to the separability of pure and mixed
spruce stands, as other studies have not focused on this approach.
Finally, the potential efficiency gains from shorter time series,
feature reduction, and smaller model architectures were not mea-
sured directly. Their effects on computational demand, energy
consumption, and classification performance therefore require
further evaluation.
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6 CoONCLUSION

This study investigated the classification and interpretation of
annual Sentinel-2 time series for forest species mapping, with
particular emphasis on the discrimination of spectrally and phe-
nologically similar classes. Recurrent deep learning models
were compared with established tree-based ensemble methods,
while their spectral-temporal decision processes were examined
using Integrated Gradients. The best-performing model, GRU-
MHA-128, achieved a Macro-F1 score of 0.851, corresponding
to only a modest improvement of 0.012 over XGBoost. The
primary aim of this study, however, was not to optimize an
operational tree species mapping approach, but to investigate
which spectral bands and temporal periods contribute to model
predictions and class separation.

Combining recurrent models with Integrated Gradients enabled
attribution for each individual spectral band for each available
timestep without prior temporal aggregation. In addition to
conventional class-wise attributions, using observations from an
opposing class as the baseline allowed us to identify the features
driving class separation, rather than only those contributing to
the prediction of an individual class. For pure and mixed Norway
spruce, the contributions increased for B6, B7, B8, and BSA
after approximately DOY 125, while B11 showed particularly
strong attribution around DOY 100. For beech and oak, B6
and B11 and the period between approximately DOY 110 and
150 were especially relevant for class separation. The analysis
further demonstrated that features contributing strongly to the
prediction of an individual class are not necessarily identical to
those driving the distinction between similar classes.

The spectral temporal attribution patterns identified for pure and
mixed Norway spruce broadly corresponded with known phe-
nological processes, particularly the development of broadleaf
vegetation within mixed stands. The explainability analysis
therefore provides a physically plausible interpretation of the
model process, although it did not reveal substantially differ-
ent spectral-temporal relationships beyond those expected from
existing phenological knowledge. Still, explainable Al implica-
tions like IG improve the understanding of the discrimination
process and can inform future features or data design.

The increased number of annual observations offered by
Sentinel-2C motivates repeating the proposed workflow with
denser time series in future work, as more observations improved
classification performance in this study. Additional temporal
information may also reveal spectral-temporal relationships that
are currently difficult to resolve. Furthermore, moving beyond
categorical pure-versus-mixed labels toward estimating species
proportions or subpixel forest composition could provide a more
continuous representation of mixed stands and allow a more de-
tailed investigation of the spectral response to increasing species
admixture. Overall, this study demonstrates that recurrent deep
learning models combined with class-comparative attribution
provide a framework for investigating spectral-temporal deci-
sion processes in forest classification, particularly where classes
are spectrally and phenologically similar.
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Table 5: Comparison of model configurations

Model RF  XGBoost LSTM GRU
MHA No Att. MHA No Att.
Accuracy 0.792 0.851 0.848 0.850 0.854 0.853
Balanced accuracy 0.890 0.925 0.930 0.931 0.933 0.933
Macro F1 0.748 0.839 0.843 0.843 0.851 0.847
A APPENDIX A.2  Additional Tables
A.1 Equations for LSTM and GRU
Table 6: Hyperparameter search spaces for Random Forest and
= O'(foz Fughyy + bf) ) XGBoost models
) Model Hyperparameter Tested values
iy = o (wixi + wily-1 + bi) ) n_estimators 100, 250, 500, 750
0y = 0 (WoX; + Uohy_1 + b,) (6) max_depth 3,6, 10, 15
C. = tanh (we iy b 7 min_samples_split 2,5,10
¢ = tanh (wex; + uchi + be) %) Random Forest min_samples_leaf 1,2,5
C,=f£0C_ +i0 G, (8) andom rorest  pax_features sqrt, log2, 0.5, 0.7
bootstrap True
hy = 0, © tanh (Cy) 9 max_samples 0.5,0.7, 0.9, None

Where:

e The forget gate is denoted f;, the input gate i,, the cell
candidate gate C, and the output gate o;.

e The input weights are represented as w, the recurrent
weights for the Hidden State as u and the biases are
denoted as b.

e /1 is the hidden state, C is the cell state and x is the
input data at time step .

e O denotes the point-wise multiplication of two vectors.

e o is the sigmoid activation function, tanh is the tanh
activation function.

For the GRU unit the gates are defined by the following functions
[29]:

rr=0Wwx;+ b, +whi_1 +b,) (10)
z=0Wx +b,+whi +b;) (11)

g = tanh (ng, +by+1,0 (wgh,_l + bg)) (12)
hh=(1-2z)08 +z0h_ (13)

Where:

e The reset gate is denoted by ry, the update gate by z,
and the candidate hidden state by g;.

The sigmoid activation function is calculated as:

= 14
() = (14)

The tanh activation function is calculated as:
tanh(x) = &—¢ (15)

er +e*

class_weight

None, balanced

max_depth 3,6, 10, 15
learning_rate 0.01,0.1,0.2,0.3,0.4
subsample 0.5,0.6,0.7,0.8,0.9
colsample_bytree 0.5,0.6,0.7,0.8,0.9

XGBoost colsample_bylevel 0.5,0.6,0.7,0.8, 0.9
n_estimators 100, 250, 500, 750
reg_alpha 0.1, 0.001, 0.00001
reg_lambda 0.1, 0.001, 0.00001
RNN LSTM, GRU
Attention MHA, None
Bi-directional True

RNN-Models Bottleneck dimension 32, 64, 128

Hidden Dimension
dropout

Bottleneck dimensionx4
0.2
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