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Abstract

Land Use/Land Cover (LULC) classification is essential for environmental monitoring and sustainable development. However,
accurately classifying complex and heterogeneous land cover types remains challenging, particularly in capturing spatial-temporal
dynamics. This study evaluates different UNet-based semantic segmentation models trained on multi-temporal and multi-modal (op-
tical Sentinel-2 and radar Sentinel-1) images for LULC classification. We assessed the performance of two 2D-UNet approaches:
processing each time step separately (2D-UNet) and stacking time steps as additional channels (2D-UNet-multitemporal). Also,
3D-UNet models are explored, including a standard version and a 3D-UNet with attention block (3D-UNet-attention). Finally, UNet
variants with Convolutional Long Short-Term Memory (ConvLSTM) are evaluated as well: replacing all convolutional layers with
ConvLSTM (UNet-ConvLSTM-all), adding ConvLSTM at the bottleneck (3D-UNet-ConvLSTM-bottleneck), and incorporating
it at the end (3D-UNet-ConvLSTM-end). The results showed that 3D-UNet models outperformed 2D-UNets, with 4-5 % im-
provements in mean F1-score, particularly for vegetation-related classes. The 3D-UNet-ConvLSTM-bottleneck indicated a slight
improvement over 3D-UNet-ConvLSTM-end and outperformed UNet-ConvLSTM-all, demonstrating the effectiveness of combin-
ing the 3D convolutions with ConvLSTM for spatiotemporal feature extraction. Notably, the 3D-UNet-attention model achieved
the best results for LULC classification, particularly for detecting and monitoring dead tree areas, which is the most challenging
class in our application. Overall, this study demonstrates the superior capability of 3D-UNet architectures in capturing temporal
dynamics and enhancing classification accuracy for complex LULC tasks. Leveraging freely accessible satellite data, these findings

provide valuable insights for forest managers, tree mortality assessment, and the identification of effective control measures.

1. Introduction

Land Use/Land Cover (LULC) classification is essential for
providing information on the spatial distribution of the Earth’s
surface attributes. Recent extreme weather events in central
Europe, such as droughts (2018-2022) (Knapp et al., 2024),
and severe flooding (Mohr et al., 2023)), underscore the critical
relationship between LULC changes and disaster vulnerability
(Naha et al., 2020). Therefore, the increasing frequency, in-
tensity, and persistence of extreme hydrological events emphas-
ize the need to monitor LULC changes, including the type and
status of vegetation as these maps are crucial for hydrological
and environmental models (Ghaseminik et al., 2021). Con-
ventionally, field surveys face challenges in monitoring LULC
changes due to their high cost, time consumption, labor intens-
ity, and low sampling frequency. Remote sensing (RS) is a
practical tool for providing consistent, cost-efficient, and time-
efficient datasets (Lefulebe et al., 2022). The rapid develop-
ment of RS and geospatial technologies has fostered research on
monitoring and mapping LULC using publicly available satel-
lite data, such as Landsat (Boonpook et al., 2023)) and Sentinel-
2 (Sabaetal., 2024, Nguyen et al., 2020), as well as commercial
sources like Planetscope (Acharki, 2022). Because of their free
availability, most studies have applied Landsat-8, MODIS, and
Sentinel-2 data to generate LULC maps, the latter is preferred
due to its high spatial and temporal resolutions for mapping
LULC (Andrade et al., 2021).Numerous studies have revealed
that integrating optical Sentinel-2 with radar-based Sentinel-1
data can enhance the classification performance (Vizzari, 2022,
Saba et al., 2022, [Tavares et al., 2019, |Kpienbaareh et al.,

2021). Additionally, multi-temporal data enable the tracking
of dynamic changes over time, which is critical for accurate
LULC monitoring, and in conjunction with multi-sensor data
(e.g., optical and radar) can improve LULC classification ac-
curacy and reliability in terms of robustness against imbalanced
datasets.Recent advances in supervised learning have increas-
ingly relied on deep learning (DL) methods, particularly con-
volutional neural networks (CNNs) (Turkulainen et al., 2023,
Minarik et al., 2021) and recurrent neural networks (RNNs)
(Mou et al., 2019). UNet (Ronneberger et al., 2015) has be-
come a widely used CNN-based architecture for semantic seg-
mentation. In the context of spatial feature extraction, a typ-
ical 2D-UNet employs two-dimensional convolutions to cap-
ture spatial information. This approach can be extended to 3D
convolutions, as in the case of 3D-UNet, which allows for the
extraction of both spatial and temporal information, further en-
hancing its capability to handle multi-temporal RS data. On the
other hand, RNN models such as Long Short-Term Memory
(LSTM) networks effectively handle sequential dependencies
(Zhou et al., 2019, |You et al., 2020). To maximize their capab-
ilities for spatial-temporal data, convolutional LSTM (ConvL-
STM) networks have been developed by combining CNNs and
RNNSs to handle both spatial and temporal dependencies (Shi et
al., 2015). These networks have been combined with other DL
architectures, such as UNet, to simplify its complex structure
(He and Luo, 2022).

Accurate LULC classification using multi-temporal and multi-
sensor remote sensing data remains challenging, particularly for
complex classes such as dead trees or dense forests or hetero-
geneous landscapes. While DL architectures like UNet, and
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LSTM-based models have shown promise, their comparative
performance in capturing spatial-temporal dynamics for LULC
classification has not been systematically evaluated. Therefore,
this study aims to fill this gap by assessing the effectiveness
of different DL-based architectures, including 2D-UNet, 3D-
UNet, and diverse integrations of UNet with ConvLSTM in
enhancing LULC classification accuracy using freely available
satellite data. The contributions of this study can be summar-
ized as follows:

e Performance assessment of 2D-UNet for LULC classific-
ation by comparing two approaches: processing each time
step separately and stacking time steps as additional chan-
nels.

e Evaluation of the impact of attention mechanisms in 3D-
UNets for LULC classification: employing 3D-UNet with
and without attention mechanisms to capture spatiotem-
poral features.

e Evaluation of ConvLSTM layers in a UNet scheme for
LULC classification: replacing all convolutional layers
with ConvLSTM layers, adding a ConvLSTM layer at the
final stage of UNet, and incorporating ConvLSTM in the
UNet’s bottleneck.

2. Related works

In recent years, DL techniques have been widely applied across
different RS applications, including land cover classification,
demonstrating their superior performance over traditional ma-
chine learning (ML) approaches (Alem and Kumar, 2020,
Trujillo-Jiménez et al., 2022, |Vali et al., 2020). Their advant-
age lies in capturing spatial patterns across neighboring pixels,
eliminating the need for manual layer-by-layer design and fea-
ture extraction, which is an aspect often overlooked by pixel-
based ML approaches (Sefrin et al., 2021). CNNs have emerged
as the leading approach for DL-based semantic segmentation,
primarily due to their robust feature extraction capabilities. For
example, Turkulainen et al. (Turkulainen et al., 2023) demon-
strated that 2D and 3D CNN models achieved exceptional per-
formance in detecting dead and healthy trees, with F1-scores
of 0.880 and 0.928, respectively. Minafik et al. (Minarik et
al., 2021) compared Random Forest (RF) and CNN for bark
beetle symptom classification, and found that CNN achieved
the highest accuracy, with F1-scores of 0.94 for infested spruces
and 0.86 for healthy spruces. Ji ef al. (Ji et al., 2018)) applied a
3D-CNN for classification using Gaofen-2 multi-temporal im-
ages, showing the superior performance of 3D-CNN in com-
parison to the 2D-CNN and other conventional methods. Sub-
sequently, many researchers employed UNet for semantic seg-
mentation, an encoder-decoder architecture built on CNNs,
which effectively captures semantic information across mul-
tiple scales. By utilizing feature maps at various levels, UNet
mitigates issues such as resolution degradation and multiscale
complexity. It is particularly suitable for semantic segmenta-
tion using RS data, as it performs better with a small sample
sizes and unbalanced classes than other CNN models (Witt-
struck et al., 2024). Several studies have utilized 2D-UNet for
LULC classification, leveraging optical and/or SAR data. For
example, Shreehari et al. (Shreehari et al., 2024) achieved an
overall Fl-score of 0.89 using 2D-UNet, while Sawant et al.
(Sawant and Ghosh, 2024) reported the highest overall accur-
acy of 0.94 with a 2D-UNet-ResNet50 architecture. Similarly,
Solérzano et al. (Solorzano et al., 2021) achieved an F1-score

of 0.58 and an accuracy of 0.76 based on SAR and optical data.
Moreover, 3D-UNet has been employed to capture spatiotem-
poral features in the same application. Wittstruck et al. (Witt-
struck et al., 2024) compared 2D-UNet and 3D-UNet models,
showing that 3D-UNet outperformed 2D-UNet when using op-
tical and SAR data. Additionally, Xue et al. (Xue et al., 2023)
applied 3D-UNet to multispectral UAV data, achieving an IoU
of 89.9%, highlighting its effectiveness for handling complex
spatiotemporal datasets. Some studies have integrated atten-
tion mechanisms to enhance the DL model performance. The
attention mechanism dynamically assigns weights to the input
data, emphasizing important features while reducing the focus
on less significant parts. This adaptive approach improves deep
learning models, improving performance across various com-
puter vision tasks (Woo et al., 2018). For instance, Sun et
al.(Sun et al., 2022) applied an attention mechanism in a 2D-
UNet and improved 4% in accuracy compared to the standard
2D-UNet. Similarly, Zhang et al. (Zhang et al., 2023) reported
an increase of 0.5% in accuracy compared to 2D-UNet when
integrating a modified 2D-UNet with an attention mechanism
based on Sentinel-1/2 data. In addition, LSTM and ConvLSTM
models are specifically designed for processing sequential tem-
poral data. In contrast to LSTM, ConvLSTM incorporates con-
volutional operations in place of fully connected operations in
LSTMs. As aresult, the data that flows through the ConvLSTM
cells maintain the input dimension instead of being a 1D vector
with features. Therefore, the model can simultaneously learn
the spatial and temporal features throughout the entire network
(see Sun et al. (Sun et al., 2022) for more details). ConvL-
STM has been widely applied in RS tasks such as LULC clas-
sification and change detection, as it effectively utilizes tem-
poral interdependencies in multi-temporal data, improves ac-
curacy and reduces pre-processing efforts (Zhu et al., 2021).
For instance, Zhu et al. (Zhu et al., 2021) integrated ConvL-
STM layers into the decoder of a UNet-based model based on
WorldView-2 and QuickBird images for multi-temporal LULC
classification. Their approach resulted in a performance im-
provement of 9% for one dataset, while no improvement was
observed for another dataset. Teimouri et al. (Teimouri et al.,
2019) adopted ConvLLSTM at the last stage of a fully convolu-
tional network (FCN) for classifying different crop types from
radar data and confirmed the model’s performance, achieving
an average accuracy of 0.86.

3. Methodology

The methodology followed in this study is based on semantic
segmentation DL-models for LULC classification with a focus
on dead tree areas. In the following subsections, details about
the DL-models and their components are explained.

3.1 UNet

We used a variant of UNet as baseline, which consists of three
main parts: encoder, bottleneck and decoder. In the encoder,
the input image passes three convolutional blocks, each con-
taining two convolutional layers, followed by batch normaliz-
ation, a rectified linear unit (ReLU) activation function, and a
max-pooling layer. This results in reduced spatial resolution
and increased feature maps depth due to the down-sampling and
filters. The encoder is linked to the decoder by the bottleneck,
which is another convolutional block without down-sampling.
The decoder processes the image through additional convolu-
tional blocks (convolution + transpose convolutions), thereby
reversing the effect of the encoder. Consequently, the feature
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maps decrease their depth and increase their spatial resolution
to achieve the final LULC classification. Moreover, the encoder
and decoder are connected by skip connections, which involve
combining the encoder feature map with the decoder (see
[neberger et al., 2015) for more details).

3.2 Attention mechanism

The attention block in UNet enhances feature selection by en-
suring that only the most relevant spatial information is passed
from the encoder to the decoder. It achieves this by extract-
ing Query (Q), Key (K), and Value (V) from different parts of
the network. The Q is derived from the decoder’s upsampled
feature maps, while the K and V come from the encoder’s fea-
ture maps before being sent through the skip connections. To
determine the importance of different spatial regions in the en-
coder’s feature maps, the attention block computes attention
weights by comparing the Q with the K. A gating mechan-
ism from the decoder further refines this selection, ensuring that
only the most relevant features are emphasized. Once the atten-
tion weights are computed, they are applied to scale the V, sup-
pressing less relevant regions while enhancing important ones.
The refined features are then passed through the skip connec-
tion and merged with the decoder’s upsampled feature maps,
improving segmentation accuracy by providing more contextu-

ally significant information (see (Oktay et al., 2018) for more

details).
3.3 ConvLSTM

The ConvLSTM network comprises four main components: the
cell state 'y, which acts as a memory unit to retain and trans-
mit information over time; the input gate ¢, which regulates the
flow of new data into the cell state; the forget gate f;, which de-
termines which information should be discarded; and the output
gate o, which processes the updated cell state and generates the
final output. The equations for ConvLSTM are as follows

etal., 2015):
it = 0(Wai* X¢ + Whix Hi—1 + We; 0 Ci1 +b;) (1)

fi=0Wer*Xe + Wy Hi1 + WepoCioi + bp)  (2)
Ciy = froCi1+irotanh(Wee* Xi + Whex Hi—1 +b.) (3)
0t = 0(Wao % Xt + Who % He_1 + Weo 0 Co +bo) (4
H; = o; o tanh(CY) (5)

where “x” represents the convolution operation and “o” is the
Hadamard product. Here, ¢, f, and o denote the input, forget,
and output gates at each timestamp, respectively. H repres-
ents the hidden state, C' the cell state, and X the input at each
timestamp. The activation function is denoted by o and W rep-
resents the weighted connections for each state.

3.4 Network architectures

2D-UNet : The input data is represented as a 3-dimensional
tensor [W x H x C], where W, H, and C represent the width,
height, and the number of channels. In this configuration, each
time step is processed separately by the model and 2D convolu-
tions with a kernel size of [3 x 3] are applied.

Fral
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2D/3D
Conv block/
ConvLSTM block !Concatenate .Conv I Softmax
[ Attention block m) Max-pooling —> Up-sampling

Figure 1. Representation of 2D-UNet, 2D-UNet-multitemporal,
3D-UNet, 3D-UNet-attention, and UNet-ConvLSTM-all.
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Figure 2. Representation of 3D-UNet-ConvLSTM-bottleneck
and 3D-UNet-ConvLSTM-end.

2D-UNet-multitemporal : We extend 2D-UNet by stacking
spectral bands from different time steps sequentially. This res-
ults in a 3-dimensional tensor of size [W x H x C - T, with a
similar notation to 2D-UNet, where 7" represents the number of
time steps. Here, we apply 2D convolutions with a kernel size
of [3 x 3] to capture spatiotemporal features (Figure .

3D-UNet : A 3D convolution is extended by shifting the ker-
nel in three dimensions and adding the time dimension. In 3D-
UNet, each 2D convolutional layer from the baseline architec-
ture is replaced with a 3D convolution layer (Figure[T). The in-
put data is formatted as a 4-dimensional tensor [WW x H xT'x C],
with a similar notation to the previous models. 3D convolu-
tional kernels with a kernel size of [3 x 3 x 3] are applied across
the spatial and temporal dimensions.

3D-UNet-attention : This architecture is similar to 3D-UNet
with the addition of attention blocks in the decoder. Specific-
ally, it applies 3D convolutions, a ReLU activation, and a sig-
moid gating mechanism to generate an attention map (Figure

UNet-ConvLSTM-all : Here, all convolutional layers in the
UNet are replaced with ConvLSTM layers (Figurem). The input
of a ConvLSTM is a set of images over time as a 4-dimensional
tensor with shape [T" x C' x H x W] and kernel size [3 X 3].
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3D-UNet-ConvLSTM-end : This configuration retains the
conventional 3D-UNet architecture with a ConvLSTM layer
with 32 kernels of size [3 x 3] added at the end. After the
UNet processed the input to generate feature maps, it is passed
through a ConvLSTM layer before producing the final output

(Figure2).

3D-UNet-ConvLSTM-bottleneck In this configuration,
ConvLSTM is applied at the UNet’s bottleneck, where the
spatial resolution is the lowest and the features are the most
abstract. Specifically, after encoding the input into a low-
dimensional form, the ConvLSTM layer processes this repres-
entation to capture the temporal dependencies before passing
the information to the decoder (Figure 2).

4. Experiments

In the following subsections, details about the study area, la-
belled datasets, satellite imagery, and experimental setup are
provided.

4.1 Study area

The study area is located in Central Germany in the Harz Moun-
tains and its surroundings, a hotspot of current forest cover loss
in Germany (Thonfeld et al., 2022)(see Figure [3). The Harz
Mountains are characterized by an altitude ranging from ap-
proximately 200 to 640 m.a.s.l, humid conditions, a mean an-
nual temperature of 8§°C, and a mean annual precipitation sum
of 760 mm (Putzenlechner et al., 2024). The entire study area
covers an area of 196,886 ha, stretching from north to south for
approximately 42 km and from west to east for approximately
46 km.

4.2 Satellite data

We utilized Sentinel-2 Level-2A products with 10 spectral
bands and cloud cover lower than 5%. All bands were res-
ampled to 10 m spatial resolution using nearest-neighbor res-
ampling on the Google Earth Engine (GEE) platform. We also
applied a cloud mask based on the “QA60” band’s cloud and
cirrus flags to improve Sentinel-2 data quality.

For radar data, we used Sentinel-1 images, a dual-polarization
C-band Ground Range Detected data with a spatial resolution
of 10 m. SAR images were collected in Interferometric Wide
Swath mode with two polarization schemes: VV and VH. Sev-
eral pre-processing steps, such as thermal noise removal, ra-
diometric calibration, and terrain correction, have already been
applied to each Sentinel-1 scene using GEE. In addition, a me-
dian filter with a window size of 3 x 3 pixels was applied to

Figure 3. Location of the study area (red box) overlaid on a
Google Earth image (a) and a Sentinel-2 satellite image (b).

each SAR image to reduce the speckle effect.

The Sentinel-1 and Sentinel-2 datasets were concatenated and
stacked to form a multi-source input. Both datasets were nor-
malized to a range from O to 1 based on the minimum and max-
imum pixel values for each band. We focused on growing sea-
son images (June-August) for this study, as snow and frequent
cloud cover in other seasons limit usable observations. Summer
data also reduces the risk of overestimating canopy cover loss
due to phenological changes in deciduous trees, which could
otherwise affect the accuracy of the dead tree class (our main
class of interest). Using summer observations, we ensure more
accurate assessments and consider all canopy cover losses de-
tected during this period.

4.3 Features

We utilized a total of 19 features for LULC classification, com-
prising 10 spectral bands and 7 vegetation indices (VIs) derived
from optical Sentinel-2 imagery, as well as two polarizations
(VV and VH) from Sentinel-1 data. The VIs used in this study
are listed in Table[T]

4.4 Labels

The main LULC classes considered in our experiments were:
cropland, grassland, built-up areas, and water bodies. Addition-
ally, various tree species, including coniferous and deciduous
trees, were considered, along with vegetation status, particu-
larly dead trees. Since current LULC maps containing all the
classes are not available, we integrated various data sources to
create our reference labels.

In the context of LULC types, we used available LULC
European Space Agency (ESA) maps with 10 m spatial res-
olution for 2020-2021 for this application
[2021). Regarding tree species, we utilized the dominant tree
species map from 2018 generated by (Blickensdorfer et al.,|
[2024). Then, we classified tree species into two main categor-
ies: coniferous and deciduous. Assuming that tree species re-
main constant over the years, we used this map as a reference
for 2020 and 2021. For the dead tree samples, we visually as-
sessed the Planetscopﬂ data with a 3 m spatial resolution and
manually delineated dead tree samples for the same years. In
summary, we applied both ESA for land cover types, the tree
species map for categorizing coniferous and deciduous trees,
as well as manually collected samples of dead trees. All these
maps were merged and used as references to train the DL meth-
ods in a supervised manner.

1 https://www.planet.com/explorer

Equation

(NTR — Red)/(NTR + Red)

(NIR — Green)/(NIR + Green)

(NIR — RedEdge)/(NIR + RedEdge)
((NIR - Red)/(NIR + Red+ L)) - (1+ L)
(Green — SWIR)/(Green + SWIR)
(SWIR — NIR)/(SWIR + NIR)

(NDBI — (SAVI + MNDWI)/2)/
(NDBI + (SAVI + MNDWI)/2)

Table 1. Vegetation indices used in this study, where NDVI:
Normalized Difference Vegetation Index, GNDVI: Green
Normalized Difference Index, NDVI-RedEdge: Red Edge

Normalized Difference Vegetation Index, SAVI: Soil-Adjusted
Vegetation Index, MNDWI: Modified Normalized Difference
Water Index, NDBI: Normalized Difference Built-up Index, IBI:
Index-based Built-up Index, NIR: near-infrared, SWIR: short
wave infrared,
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Figure 4. Workflow followed in our experiments.
4.5 Experimental setup

The created dataset was randomly split into training, valida-
tion, and test sets at a ratio of 70:10:20, respectively. During
the training process, data augmentation techniques such as ro-
tation and flip operations were randomly applied to enhance the
model’s ability to generalize and maintain robustness with un-
seen data. We also used multi-class cross-entropy as the loss
function and Adam as the optimizer. It is important to note
that the number of filters for all 2D-UNets and 3D-UNets is
set to 64, 128, 256, and 512. However, using the same num-
ber of filters for the UNet-ConvLSTM-based architectures sig-
nificantly increases the number of trainable parameters (e.g.,
60M for UNet-ConvLSTM-all). To mitigate this, we reduce the
number of filters by half (32, 64, 128, and 256) for all the UNet-
ConvLSTM configurations. In our experiments, the DL-models
were trained with the following inputs: W = 256, H = 256,
C =19, and T = 3. The training process is limited to 100
epochs; however, the process is stopped if there is no improve-
ment in the loss function value after 10 epochs. All models
were implemented using Keras/Tensorflow in Python, and the
experimental environment consists of a 12th Gen Intel (R) Core
(TM) i7-12700 with 32 GB RAM and a RTX 3060 12 GB GPU.
In our framework, we train different DL architectures using
multi-temporal Sentinel-1/2 images acquired during 2020-2021
as the training dataset, with ESA 2020/2021 data, tree species,
and dead tree labels as reference labels for LULC classification,
as shown in Figure 4]

To evaluate each model’s outcomes, different metrics derived
from the confusion matrix, including F1-score, recall and pre-
cision, were calculated as follows:

X. .

Precision = — (6)
X

Recall = )){(ﬂ @)

Precision - Recall
Fl-score = 2 - Precision + Recall ®

where X;; is the observation in row ¢ and column j in the con-
fusion matrix. X; is the marginal total of row ¢ and X is the
marginal total of column j in the confusion matrix.

Architecture # Filters # Par.
2D-UNet T71M
2D-UNet-multitemporal 64,128, 7.73M
3D-UNet 256,512  21.74M
3D-UNet-attention 21.92 M
UNet-ConvLSTM-all 30.64 15.02M
3D-UNet-ConvLSTM-end 12’8 2’5 6 552 M
3D-UNet-ConvLSTM-bottleneck ’ 11.05 M

Table 2. Architectures employed in this study with their
corresponding number of trainable parameters (# Par.) and
number of filter per convolutional layer (# Filters)

5. Results

All architectures with their corresponding number of trainable
parameters and number of filters per convolutional layer are
listed in Table 2] Both 2D-UNet and 2D-UNet-multitemporal
architectures were relatively lightweight, requiring fewer train-
able parameters and consequently less training time, whereas
the 3D-UNet architectures required more trainable parameters
and longer training times. Among the UNet-ConvLSTM ar-
chitectures, UNet-ConvLSTM-all demonstrated a higher com-
putational cost, followed by 3D-UNet-ConvLSTM-bottleneck
and 3D-UNet-ConvLSTM-end. It is important to note that the
UNet-ConvLSTM-all model, with the same number of filters
per convolutional layer as 2D and 3D-UNet models, has ap-
proximately 60 M trainable parameters. To simplify the model
and reduce computational complexity, we halved the number of
filters when using ConvLSTM.

Table [3] presents the results obtained on the test set by all se-
lected architectures in terms of F1-score per class and mean F1-
score (m-F1). In general terms, m-F1 ranges from 0.82 to 0.86
for LULC classification, with slight differences between mod-
els. However, taking a closer look at F1-scores per class, we
can see that cropland consistently achieved the highest values,
with F1-scores ranging between 0.93 and 0.95, followed by de-
ciduous trees (0.89-0.92) and water bodies (0.79-0.82), being
the less difficult classes to be distinguished by all architectures.
Moreover, built-up areas and coniferous trees were classified
with Fl-scores exceeding 0.75 and 0.70, respectively. In con-
trast, dead trees and grasslands exhibited the lowest values, with
F1-scores ranging from 0.47 to 0.57 and 0.66 to 0.72, respect-
ively. Additionally, cropland, water bodies, and deciduous trees
showed similar accuracies across all architectures, with min-
imal variation in their performance compared to other classes.

5.1 Evaluation of 2D-UNet and 3D-UNet architectures

We conducted experiments to evaluate the impact of multi-
temporal input data on the classification performance based on
2D-UNet and 3D-UNet, as described in Section[3.4}

As seen from Table [B] for the 2D-UNet models, 2D-UNet-
multitemporal showed a slight improvement of 1% in m-F1
compared to 2D-UNet. At the class level, built-up and conifer-
ous trees exhibited the most significant increase (4%), followed
by water (3%), cropland (2%), and deciduous trees and grass-
land (1% each). No change was observed for dead trees.

For the 3D-UNet models, the 3D-UNet-attention achieved a
similar m-F1 compared to the 3D-UNet. However, class-wise
improvements were observed for dead trees and built-up areas
(4% each) as well as for water and deciduous trees (1% each).
Conversely, grassland and coniferous trees experienced a slight
decrease in accuracy.

When comparing the 2D and 3D-UNet models, both 3D-UNet
configurations outperformed the 2D models as expected. Spe-
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F1-score per class

Architectures m-F1
Grassland  Cropland  Built-up  Water C(t)rrléier Dectlr(;gous I?:éid

2D-UNet 0.66 0.93 0.78 0.79 0.70 0.89 0.51 0.82
2D-UNet-multitemporal 0.67 0.95 0.81 0.81 0.73 0.90 0.51 0.83
3D-UNet 0.72 0.95 0.79 0.81 0.79 0.91 055 0.86
3D-UNet-attention 0.69 0.95 0.82 0.82 0.77 0.92 0.57 0.86
UNet-ConvLSTM-all 0.67 0.93 0.75 0.80 0.76 0.90 047 084
3D-UNet-ConvLSTM-end 0.70 0.95 0.79 0.79 0.77 0.91 056 0.85
3D-UNet-ConvLSTM-bottleneck 0.72 0.95 0.80 0.81 0.79 0.91 0.56  0.86

Table 3. Results obtained on the test set by each architecture in terms of F1-score per class and mean F1-score (m-F1)

cifically, both 3D-UNet and 3D-UNet-attention achieved im-
provements of 4% and 5% in m-F1 score compared to 2D-
UNet-multitemporal and 2D-UNet, respectively.

In a detailed class-wise comparison between 3D-UNet and 2D-
UNet-multitemporal, the largest improvements were observed
for grassland, coniferous trees, and dead trees, with increases
of 7%, 8%, and 8%, respectively. Deciduous trees showed
a minor improvement of 1%, whereas built-up areas experi-
enced a slight decline. Water and cropland classes remained un-
changed. Similarly, when comparing 3D-UNet-attention to 2D-
UNet-multitemporal, notable improvements were observed for
grassland (3%), coniferous trees (5%), and dead trees (12%).
Finally, when comparing 3D-UNet to 2D-UNet, improvements
were observed across all classes: grassland (9%), cropland
(2%), built-up areas (1%), water (2%), coniferous trees (12%),
deciduous trees (2%), and dead trees (8%). Similarly, 3D-
UNet-attention demonstrated significant gains over 2D-UNet,
particularly for dead trees (12%) and coniferous trees (10%),
while other classes showed moderate improvements ranging
from 2% to 5%.

5.2 Evaluation of UNet-ConvLSTM architectures

Experiments based on UNet-ConvLSTM are also conducted to
explore how the integration of ConvLSTM with the UNet archi-
tecture, whether at the end, as a replacement for all layers, or
within the bottleneck, affects the results, as detailed in Section
B4

As seen from Table [B] the results showed that the 3D-UNet-
ConvLSTM-bottleneck performed similarly to the 3D-UNet-
ConvLSTM-end, with only a 1% increase in the m-F1 score,
while outperforming the UNet-ConvLSTM-all by 2% in m-
F1. The classes in the UNet-ConvLSTM-bottleneck either im-
proved slightly (1-2% in the F1-score for grassland, built-up,
coniferous tree, and water) or remained stable (cropland, de-
ciduous and dead tree) relative to the UNet-ConvLSTM-end.
Specifically, the 3D-UNet-ConvLSTM-bottleneck showed im-
provements in grassland (0.72 vs. 0.70 and 0.67), built-up areas
(0.80 vs. 0.79 and 0.75), and coniferous trees (0.79 vs. 0.77
and 0.76), while maintaining similar performances for cropland
(0.95 vs. 0.95 and 0.93), water (0.81 vs. 0.79 and 0.80), and de-
ciduous trees (0.91 vs. 0.91 and 0.90). Dead trees demonstrated
a significant improvement, with an accuracy of 0.56 compared
to 0.47.

6. Discussion

In this study, we evaluated different architectures for LULC
classification based on UNet, which exploited spatial and/or
temporal features. The results demonstrated that all models
effectively classified LULC classes, achieving m-F1 ranging
from 0.82 to 0.86. Croplands achieved the highest F1-scores
(0.93-0.95), followed by deciduous trees (0.89-0.92), which

can be attributed to the abundance of training data for these
classes. Water bodies were also well classified, with F1-scores
of 0.79-0.82, likely due to their spatial homogeneity and dis-
tinct spectral signatures in the near-infrared spectrum and radar
polarizations. In contrast, dead trees (0.47-0.56) and grasslands
(0.66-0.72) exhibited the lowest accuracy across all the archi-
tectures. The poor performance of dead trees may stem from
limited training samples (1% of the total training samples) and
misclassification with coniferous trees. It is important to note
that the transition from a healthy to dead state occurs gradually,
meaning that areas in intermediate stages of defoliation were
not sufficiently represented in the training data. This contrib-
uted to the misclassification and reduced the accuracy of the
dead tree class. Additionally, we used Sentinel-2 data with a
10-meter resolution for training, whereas dead tree annotations
were derived from higher-resolution data. The coarser resol-
ution of Sentinel-2 may result in mixed spectral signals from
multiple land cover types within a single pixel rather than ex-
clusively capturing dead trees. This issue is particularly pro-
nounced in areas with standing defoliated trees, further decreas-
ing the accuracy of this class.

For grasslands, the lower accuracy is likely due to confusion
with cropland and coniferous trees, potentially caused by simil-
arities in spectral characteristics, such as unused farmlands re-
sembling grasslands, and deforested or recovering areas being
misclassified as coniferous trees.

The results revealed that 2D-UNet achieved the lowest per-
formance among all architectures, as it cannot capture tem-
poral relationships between multi-temporal images. The 2D-
UNet-multitemporal model showed only a 1% improvement in
m-F1 over 2D-UNet, indicating that using temporal informa-
tion—whether as separate inputs (2D-UNet) or as additional
channels (2D-UNet-multitemporal)—has minimal impact on
performance in our application. This suggests that stacking im-
ages is not an effective approach for exploiting and extracting
temporal features, as it treats all channels as a static set of fea-
tures without accounting for temporal dependencies.

A significant performance improvement was observed when
transitioning from the 2D to 3D-UNet models. Both 3D-UNet
and 3D-UNet-attention achieved notable improvement in m-F1,
outperforming 2D-UNet by 5% and 2D-UNet-multitemporal by
4%. As expected, the use of multi-temporal data in the 3D-
UNet models led to substantial improvements in the vegetation-
related classes, with increases of 3-9% for grassland, 5-12%
for coniferous trees, and 8-12% for dead trees. In contrast, the
accuracy of the other classes, such as water, remained relat-
ively stable or showed only minor changes. These findings un-
derscore the superiority of 3D-UNet models in explicitly mod-
eling temporal dynamics, particularly for vegetation classes,
which exhibit strong temporal dependencies and evolving pat-
terns over time.

When comparing the UNet-ConvLSTM models, the 3D-
UNet-ConvLSTM-bottleneck performed slightly better than the
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3D-UNet-ConvLSTM-end, and both outperformed the UNet-
ConvLSTM-all in terms of accuracy, while being less compu-
tationally expensive. The 3D-UNet-ConvLSTM-end and 3D-
UNet-ConvLSTM-bottleneck leveraged the efficiency of the
standard 3D-UNet for spatial-temporal feature extraction while
enhancing temporal modeling by using ConvLSTM at the final
stage and bottleneck, respectively.

In addition, the superior performance of 3D-UNet-ConvLSTM
at the bottleneck or end suggests that extracting temporal in-
formation using 3D convolutions is more effective than relying
solely on ConvLSTM in our application. This hybrid approach
balances spatial and temporal feature extraction, leading to bet-
ter generalization and accuracy, particularly for complex LULC
classes.

This study is subject to several limitations. Certain complex
land cover classes remain challenging to classify accurately,
particularly in heterogeneous landscapes. Although high spa-
tial resolution imagery supports detailed mapping, it can also
increase intra-class variability, thereby complicating classific-
ation. Additionally, the dependence on ESA-derived refer-
ence data introduces potential uncertainty due to possible inac-
curacies in the ground truth labels. Furthermore, the relatively
small number of dead tree samples limits the model’s ability to
robustly learn and generalize this class.

7. Conclusions

This study evaluated different UNet architectures for LULC
classification based on a combination of multi-temporal optical
Sentinel-2 and radar Sentinel-1 data. We compared 2D-UNet,
2D-Net-multitemporal (as additional channels), 3D-UNet, and
3D-UNet-attention (adding an attention block to 3D-UNet) for
LULC classification. It also explored three UNet-ConvLSTM
configurations (replacing all layers, adding at the bottleneck,
or incorporating at the end). The results indicated that 2D-
UNet-multitemporal showed a slight improvement compared to
2D-UNet. In contrast, 3D-UNet models significantly outper-
formed 2D-UNet models, with improvements of 4-5% in m-
F1, highlighting the superiority of 3D-UNet in capturing spatial
and temporal features. When comparing the UNet-ConvLSTM
models, 3D-UNet-ConvLSTM-bottleneck, where spatial and
temporal feature extraction were handled using 3D-UNet and
temporal dependencies were enhanced using ConvLSTM at the
bottleneck, outperformed the other architectures. Given that the
dead tree class is the most critical in this application, 3D-UNet-
attention achieved the best results. This architecture leveraged
multi-spatial and temporal features through 3D-UNet, com-
bined with an attention mechanism, to effectively capture the
complex dynamics of dead tree detection.

This study used satellite images from the growing season, mak-
ing the models specifically tailored to those conditions. To en-
hance their robustness, the models will be further evaluated us-
ing satellite data from other sensors or seasons, accounting for
varying conditions and differences in image availability. This
can improve generalization while minimizing potential confu-
sion between dead trees and deciduous trees.
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