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Abstract

Europe is one of the most forest-rich regions in the world, with forestry mainly

based on the management of coniferous trees. However, the spruce forest ecosys-

tem is vulnerable to several disturbance agents. In particular, bark beetle out-

breaks have been the scourge of spruce trees in the last decade, and they are

expected to further intensify due to climate change, with significant adverse ef-

fects on forest ecosystems. Hence, the monitoring of forest disturbances caused

by the rapidly escalating bark beetle outbreaks represents a significant eco-

logical and forestry challenge. This monitoring is traditionally performed by

foresters during field surveys. On the other hand, open Sentinel-2 images, avail-

able with the Copernicus mission and processed with sophisticated deep learning

techniques, have been recently established as an alternative to field surveys per-

formed by foresters to monitor various environmental phenomena such as bark

beetle outbreaks. In particular, several deep learning approaches have been
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recently proposed to map bark beetle tree dieback using Sentinel-2 images of

forests. However, the current effectiveness of deep learning approaches, as a

means to monitor bark beetle outbreaks in Sentinel-2 data is often limited by

the reduced availability of ground truth information to supervise semantic seg-

mentation models for this specific downstream task. In this study, we propose

ULISSE, a deep learning semantic segmentation methodology for mapping forest

tree dieback caused by bark beetle outbreak disturbances using Sentinel-2 image

time series. ULISSE leverages a U-Net-like architecture with a multi-temporal

encoder specifically designed to handle Sentinel-2 image time series. The frame-

work integrates vision encoders pretrained on a large volume of Sentinel-2 im-

ages for land-cover classification. To capitalize on the representational capabili-

ties of these pretrained encoders, we employ a Parameter-Efficient Fine-Tuning

(PEFT) mechanism that adapts the multi-temporal encoder to our downstream

segmentation task. This approach enables ULISSE to achieve high accuracy even

with a limited amount of labelled data available at training time. Experimental

results demonstrate the effectiveness of the proposed methodology across two

case studies on mapping bark beetle disturbances in the Czech Republic and

Romania study areas.

Keywords: Semantic Segmentation, Remote Sensing Vision Pretrained

Models, Parameter-Efficient Fine-Tuning, Sentinel-2 Image time series

Analysis, eXplainable Artificial Intelligence, Forest Disturbance Monitoring,

Bark Beetle Outbreak Mapping

1. Introduction

Sentinel-2 is a high-resolution, multi-spectral satellite mission in the frame of

the Copernicus programme,1 operated by the European Union’s Space program.

The full mission specification was originally composed of two twin satellites

(Sentinel-2A launched in June 2015, and Sentinel-2B launched in March 2017)

1https://www.copernicus.eu/en
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flying in the same orbit, phased at 180°, and designed to have a revisit frequency

of 5 days at the equator. The third Copernicus Sentinel-2 satellite (Sentinel-2C)

was launched in September 2024 and, after a calibration time, it is expected to

replace its predecessor, Sentinel-2A. Sentinel-2 data are freely available via the

Copernicus Data Space Ecosystem 2. The spectral band configuration of the

Sentinel-2 mission is obtained with an optical instrument payload that samples

13 spectral bands, with four bands at 10m (B2, B3, B4, B8), six bands at

20m (B5, B6, B7, B8-A, B11 and B12) and three bands (B1, B9 and B10)

at 60m spatial resolution, over an orbital swath width of 290 km. Nowadays,

Sentinel-2 multispectral data are widely used in a plethora of Earth Observation

applications, such as mapping changes in land cover (Andresini et al., 2023a;

Abidi et al., 2024) and monitoring disturbances in forest areas (Reinosch et al.,

2024).

In this study, we focus our attention on processing Sentinel-2 time series

for mapping forest disturbance events caused by bark beetle outbreaks. Bark

beetles are Scolytinae insects that create galleries in the phloem of their host

spruce and disrupt the flow of nutrients in the tree. They represent one of

the most aggressive natural disturbance agents across large areas of the Euro-

pean spruce forests. In particular, they are one of the major causes of forest

tree dieback, particularly when their population density reaches the epidemic

threshold. The timely and large-scale survey of bark beetle outbreaks is actu-

ally the main strategy against bark beetle disturbances. In fact, it allows forest

managers to promptly plan forest sanitary cuts, which remain the most effec-

tive strategy to limit the spread of the disease outbreak. However, the survey

activity is commonly based on terrestrial field work done with the assessment of

foresters. This field work is laborious, time-demanding, and costly, particularly

across large forests or forests with restricted accessibility (e.g., high-altitude

forests). On the other hand, several recent studies have demonstrated that an-

alyzing remote sensing imagery data via modern deep learning approaches can

2https://dataspace.copernicus.eu/
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support forest managers by automating large-scale monitoring and mapping of

forest tree dieback induced by bark beetle outbreaks.

Semantic segmentation is a Computer Vision task that learns a mapping

model capable of assigning semantic labels to each pixel of a given image (Xiao

et al., 2024). In general, the training phase of semantic segmentation methods

uses full supervision by leveraging several images with their pixel-wise labelling

maps as training data, in order to learn a mapping between the image con-

tent and its pixel-wise labels (Hao et al., 2020). Notably, in recent years, the

performance of semantic segmentation methods for monitoring forest distur-

bance problems has been greatly enhanced through the use of sophisticated

deep learning architectures (e.g., FCN, ViT, GCN, U-Net). These architectures

have proven capable of achieving high segmentation accuracy by capturing spa-

tial context characteristics within Sentinel-2 imagery (Thomas Ramos & Sappa,

2024).

In particular, the U-Net architecture, a widely adopted convolutional encoder-

decoder network for imagery semantic segmentation, has been used in several

recent studies to map forest tree dieback caused by bark beetle outbreaks across

several European countries (Zhang et al., 2022; Andresini et al., 2024a,b). These

research studies have highlighted that while deep learning models can achieve

remarkable breakthroughs in semantic segmentation applications such as bark

beetle outbreak mapping, their performance tightly depends on the quality and

quantity of labelled training data.

In general, regarding the effectiveness of deep learning models developed for

vision problems, a paradigm shift has been initiated by the recent emergence

of large pretrained vision models (Xin et al., 2025). These state-of-the-art deep

learning models are trained on massive image datasets with the intention of

being reused across numerous downstream tasks. The underlying principle is

that large pretrained vision models can be adapted to new applications through

fine-tuning, rather than training models from scratch. This approach reduces de-

velopment time and costs while mitigating challenges associated with limited la-

belled data and computational resources in downstream vision tasks. A notable
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example is ImageNet (Deng et al., 2009), which has already served as a founda-

tion for training a plethora of high-performance vision models. Following this

research trend, recent advances in pretrained vision models have paved the way

for a new era in the Earth Observation community (Lu et al., 2025) by enabling

the development of models that learn generalized representations from satellite

imagery at scale. Although established standards for supervised pretraining are

emerging (Sumbul et al., 2021), with large pretrained vision models that have

proven effective in several downstream tasks, these models still demand sub-

stantial computational and memory resources for conventional full fine-tuning

strategies where every parameter of the model needs to be updated. Further-

more, when downstream labelled datasets are small, this adaptation strategy is

prone to model overfitting, leading to poor generalization performance. Notably,

obtaining large amounts of densely labelled data is challenging and expensive in

many ecological scenarios, including bark beetle disturbance monitoring, where

labels are commonly obtained through forester fieldwork. However, fieldwork

based on human assessment of individual trees is labor-intensive and, for large

forest areas, time-consuming and extremely costly (Bárta et al., 2021). In op-

erational contexts, featured by a limited amount of labelled data, Parameter-

Efficient Fine-Tuning (PEFT) methods have recently emerged as a solution to

reduce the number of trainable parameters and computational overhead while

aspiring to achieve performance comparable, or even better than, full fine-tuning

on downstream tasks (Danish et al., 2026). Specifically, recent studies (Nwaiwu,

2025) have shown that PEFT methods can produce accurate predictive mod-

els even with limited labelled data. This is achieved by training only a small

number of additional parameters, which reduces overfitting risk. Consequently,

the general knowledge of pretrained vision models is preserved while enabling

specific downstream task adaptation with the limited labelled data typically

available in real-world ecological applications.

Based on the premises reported above, in this study, we introduce a deep

learning semantic segmentation methodology, named ULISSE (U-net-based ar-

chitecture Learned wIth Parameter-Efficient Fine-Tuning for Sentinel-2 imagery
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timeSEries), for mapping bark beetle outbreaks in Sentinel-2 image time series

of forest scenes. The idea of processing imagery time series for this task has ma-

tured in a few recent studies that have started the exploration of the potential

of Sentinel-2 time series for mapping bark beetle outbreaks (Bárta et al., 2022;

Jamali et al., 2023; Xu et al., 2024). However, these related studies consider

temporal trends in pixel-level time series, giving up any potential information

on the spatial context surrounding the pixel time series. Instead, information on

the spatial context available surrounding a pixel allows semantic segmentation

methods to boost accuracy performance in vision problems. Hence, our pro-

posed methodology leverages the idea of learning a deep representation of the

spatio-temporal information enclosed in Sentinel-2 image time series of forest

scenes by resorting to a U-Net-like architecture. This architecture encloses a

multi-temporal branch convolutional encoder, with one branch for each times-

tamp. This multi-temporal convolutional encoder is followed by a convolutional

decoder. In addition, each convolutional encoder is a multispectral vision model,

pretrained on a large amount of Sentinel-2 images for land cover classification.

This multi-temporal branch encoder is fine-tuned on the downstream task using

a PEFT mechanism, while the decoder is trained from scratch. In summary, the

main characteristics of our proposed methodology are threefold: 1) It combines

spatial and temporal information of Sentinel-2 image time series to improve ac-

curacy in the considered semantic segmentation task. 2) It leverages a pretrained

multispectral vision model, trained on a large amount of Sentinel-2 images, to

design the multi-temporal encoder of the proposed semantic segmentation archi-

tecture. 3) It employs a PEFT mechanism to adapt the pretrained multispectral

vision model, independently at each timestamp of the multi-temporal encoder,

thereby reducing the number of trainable parameters.The experimental study

provides an in-depth examination of the accuracy performance of the proposed

methodology in two case studies regarding forest disturbances caused by bark

beetles in Czech Republic and Romania.

The paper is organized as follows. Section 2 presents the related works.

Section 3 describes the methodology used in this work. Section 4 illustrates
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the results obtained in the evaluation study, while Section 5 discusses some

of the remaining open challenges for evolving ULISSE from a proof-of-concept

framework into a practical tool for large-area forest health monitoring. Finally,

Section 6 draws conclusions and illustrates future developments.

2. Related work

This paper describes a deep learning semantic segmentation methodology

to map forest disturbances caused by bark beetle outbreaks in Sentinel-2 time

series. The proposed methodology is based on a multi-temporal, convolutional,

encoder-decoder architecture for semantic segmentation and uses Parameter-

Efficient Fine-Tuning mechanisms. Hence, the literature overview is organized

into three fronts. Firstly, we focus on recent deep learning methods for semantic

segmentation that have introduced seminal studies accounting for time series

data (Section 2.1). Secondly, we analyze deep learning methods recently used

for the semantic segmentation of bark beetle outbreaks in Sentinel-2 images

(Section 2.2). Finally, we provide an overview of PEFT methods commonly

employed to adapt pretrained vision models (Section 2.3).

2.1. Semantic segmentation

Semantic segmentation methods mainly train vision models to assign a la-

bel to each imagery pixel (Brar et al., 2025). Initial methods for semantic

segmentation were mainly based on conventional thresholding, clustering, and

morphological algorithms, while the most recent developments have been mainly

dominated by deep learning methods since Shelhamer et al. (2017) proposed the

use of Fully Convolution Networks (FCNs) for semantic segmentation problems.

This network family integrates convolution layers followed by dropout layers to

generate segmentation layouts and produce final pixel-wise classifications. Re-

cent studies have extended FCNs to Pyramid Convolution Networks, which

are able to learn rich contextual features to feed final semantic segmentation

outcomes (Sang et al., 2020). Further studies train FCNs within Generative
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Adversarial Networks to distinguish ground-truth segmentation maps of satel-

lite images from maps produced by a segmentation arrangement (Mansourifar

et al., 2022). More recently, few studies have explored the performance of Vi-

sion Transformers (ViTs) in semantic segmentation problems. These studies use

self-attention mechanisms to obtain a deep representation of global relationships

among imagery patches. However, as ViTs are not equipped with segmentation

heads, mask transformers are introduced, to conduct image segmentation on

ViT-based features (Kerssies et al., 2025). On the other hand, encoder-decoder

architectures have been overwhelmingly successful in Computer Vision and re-

main among the most powerful deep learning architectures for semantic segmen-

tation. In particular, U-Net is a popular family of convolutional encoder-decoder

networks that is often used for semantic segmentation of Earth Observation im-

agery (Li et al., 2024; Dimitrovski et al., 2024). It uses fully convolution layers

and skip connections to link feature maps from the convolutional encoder path

to the corresponding convolutional decoder path.

With regard to the recent deep learning developments for satellite image time

series classification, Pelletier et al. (2019) have described a Temporal Convolu-

tional Neural Network (TempCNN) method, to train a classification model for

multi-temporal Sentinel-2 images. In particular, TempCNN accounts for tempo-

ral features from Sentinel-2 image time series using a 1D convolutional operator,

whereas the mapping task is performed by considering each pixel as an instance,

without accounting for the spatial structure of the Sentinel-2 images. Dif-

ferently, the Temporal-Spatial Vision Transformer (TSViT) method (Tarasiou

et al., 2023), on a ViT architecture, is a proper semantic segmentation model,

trained from scratch leveraging both spatial and temporal information, simulta-

neously. Specifically, it splits Sentinel-2 image time series into non-overlapping

patches in space and time. These patches are tokenized for processing by a fac-

torized temporal-then-spatial encoder. More recently, Szwarcman et al. (2024)

have described Prithvi-EO-2.0. This is another spatio-temporal deep neural

architecture based on a ViT pretrained with a masked autoencoder. In particu-

lar, Prithvi-EO-2.0 replaces the traditional ViT 2D positional embeddings with

8



3D patch embeddings to process spatio-temporal features. The model was pre-

trained accounting for six spectral bands only (i.e., Blue, Green, Red, Narrow

NIR, SWIR 1, and SWIR 2). The pretrained model is adapted to downstream

tasks with a full fine-tuning strategy. A ViT-based method, named SatMAE, is

also described by Cong et al. (2022). This also integrates a pretrained ViT that

can be adapted to any downstream task with a full fine-tuning strategy. In par-

ticular, the architecture of SatMAE is based on masked autoencoders trained

on a sequence of non-overlapping imagery patches that are mapped into tokens

containing both spatial and temporal embeddings. This method is formulated

to be used with Sentinel-2 images in both classification and semantic segmenta-

tion tasks. However, the evaluation conducted in the referred study accounted

for the temporal information in the classification task only, while it neglected

any temporal information for the underlying semantic segmentation task. A fur-

ther deep learning method formulated for handling spatio-temporal information

of Sentinel-2 image time series is described by Cai et al. (2023). This method

leverages a pretrained temporal encoder, named Exchanger. The Exchanger

encoder is in charge of extracting the temporal feature embedding through a

three-step process formulated with a collect–update–distribute paradigm. The

Exchanger encoder is followed by the Mask2Former (Cheng et al., 2022) module,

which includes masked attention, to extract localized features by constraining

cross-attention within predicted mask regions. Extracted features are used to

support semantic segmentation in land-cover segmentation tasks. A pretrained

model, tailored for land-cover semantic segmentation, is made available for full

fine-tuning adaptation for new downstream tasks. Finally, Zhu et al. (2025)

have recently started the investigation of weakly supervised methods for seman-

tic segmentation of multi-temporal Sentinel-2 images by introducing space-time

perceptive clues to reduce the noise perturbation and rectify wrong semantic

bias.

Several studies already integrate pretrained vision models into their proposed

frameworks, but they rely on full fine-tuning adaptation strategies that are prone

to overfitting in applications with limited labelled data. In contrast, our study
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explores the use of PEFT mechanisms to adapt pretrained vision models for

Sentinel-2 data with the aim of mitigating overfitting risks that may occur in

real-world ecological downstream tasks. This represents the main motivation

behind this research.

2.2. Semantic segmentation for bark beetle outbreak inventory

Although, several studies (Bárta et al., 2021; Candotti et al., 2022; Andresini

et al., 2023b, 2024c) formulate the inventory of bark beetle outbreaks in Sentinel-

2 images as a pixel-wise classification task and use traditional Machine Learning

methods (e.g., Random Forest, XGBoost, Support Vector Machines) to support

foresters in automatizing the inventory process, the latest research is rewarding

deep learning methods for this task. For example, Zhang et al. (2022) proposes a

U-Net architecture for mapping bark beetle outbreaks in Sentinel-2 images. The

proposed architecture uses a Residual Network (ResNet) backbone as encoder,

and introduces an attention mechanism in the decoding phase. Notably, in the

field of remote sensing, the ResNet encoder is commonly used as the backbone

of several U-Net architectures (Fan et al., 2022; Bhardwaj et al., 2025; Ramos

& Sappa, 2025). More recently, Andresini et al. (2024b) have described a U-

Net architecture for mapping bark beetle outbreaks in Sentinel-2 images. This

model integrates an attention mechanism in the encoder, to amplify the crucial

information, and uses a self-distillation approach in the decoder to transfer

the knowledge within the U-Net architecture and obtain an ensemble-based

classification of each pixel. The accuracy of this semantic segmentation method

is evaluated on two case studies regarding the inventory mapping of forest tree

dieback caused by insect outbreaks and wildfires, respectively. In addition,

Andresini et al. (2024a) illustrates a multisensor data fusion schema to combine

Sentinel-1 and Sentinel-2 data via fusion mechanisms in an underlying U-Net

architecture trained for mapping bark beetle outbreaks in forest scenes. Recchia

et al. (2024) describes an Attention-based CNN architecture trained for image

classification and used with images of pixels obtained by seeing each imagery

pixel within its surrounding, squared pixel neighborhood. On the other hand,
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Pasquadibisceglie et al. (2025) introduces storytelling to obtain semantic stories

of spectral-spatial features computed for Sentinel-2 imagery pixels. To this

purpose, they use a Large Language Model, fine-tuned to the downstream task

data, to perform the inventory of bark beetle outbreaks in forest scenes.

To the best of our knowledge, existing deep learning methods for mapping

bark beetle outbreaks employ high spatial resolution images, with limited at-

tention devoted to exploring Sentinel-2 image time series. Following recent lit-

erature, Sentinel-2 time series to map forest disturbances caused by bark beetle

outbreaks are getting more and more attention Bárta et al. (2022); Andresini

et al. (2024c); Östersund et al. (2024). However, in these pioneering studies,

Sentinel-2 time series are processed to train a conventional pixel-wise classifica-

tion model using standard Machine Learning techniques (i.e., Random Forest).

Hence, these studies account for pixel-level temporal trends in Sentinel-2 time

series, but neglect any potential knowledge derived from the spatial context of

imagery pixels. The consideration of the spatial context information is one of

the major reasons for the remarkable performance of vision models. These re-

sults motivated the idea developed in this study of exploring the performance

of a deep learning architecture designed for mapping bark beetle outbreaks by

considering Sentinel-2 time series.

2.3. Parameter-Efficient Fine-Tuning

Parameter-Efficient Fine-Tuning (PEFT) has recently emerged as a promis-

ing alternative to standard full fine-tuning strategies when adapting pretrained

models to downstream tasks. When labelled data for a specific downstream

task is limited, PEFT methods offer a practical solution by adjusting only a

small number of additional parameters rather than updating the entire set of

parameters given a large pretrained model. This strategy allows us to reduce

both the computational resources required during fine-tuning and the risk of

model overfitting (Han et al., 2024).

PEFT methods were firstly introduced in Natural Language Processing (NLP)

to enable efficient transfer of Large Language Models across tasks (Houlsby

11



et al., 2019). For example, Zaken et al. (2022) propose a sparse fine-tuning

method that modifies the bias parameters only, while keeping all other weights

frozen. Low-Rank Adaptation (LoRA)(Hu et al., 2022), also originally de-

veloped for NLP, leverages low-rank decomposition to efficiently approximate

weight updates. Specifically, LoRA learns a small set of additional parameters

that are combined with the pretrained model weights to adapt this model to

new downstream tasks. This low-rank adaptation strategy has inspired several

extensions and has become one of the dominant PEFT paradigms, offering an

excellent balance between performance, implementation simplicity, and reduced

inference overhead (Yang et al., 2024).

In the field of Computer Vision, PEFT methods have only recently begun

to gain attention after becoming well-established in NLP (Xin et al., 2024). In

this regard, Aleem et al. (2024) introduces an extension of the LoRA method

for Convolutional Neural Networks. Specifically, they design a novel approach

that adds trainable low-rank decomposition matrices to convolutional layers,

enabling adaptation of the underlying CNN backbone to new downstream clas-

sification tasks. The resulting framework is flexible enough to accommodate any

modern pretrained Large Vision Model based on Convolutional Neural Network

architectures. Recently, Mai et al. (2025) has performed an empirical study to

evaluate the performance of LoRA with a ViT backbone adapted for downstream

image classification tasks.

Liu et al. (2024b) proposes an extension of LoRA, referred to as Weight-

Decomposed Low-Rank Adaptation (DoRA), which leverages pretrained pa-

rameter decomposition based on a Low-Rank Adaptation strategy. Specifically,

DoRA decomposes the pretrained model’s weights into two components—magnitude

and direction—for fine-tuning, employing low-rank decomposition for direction

updates with the primary objective of limiting the number of trainable param-

eters. Some experimental assessments have shown that this PEFT method

demonstrates improved training stability while avoiding additional inference

overhead compared to the original LoRA technique. As an alternative to LoRA,

Qiu et al. (2023) proposes an orthogonal fine-tuning strategy, which is based on
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pairwise neuron relationships on the unit hypersphere, and aims at preserving

the geometric properties of the original model’s parameters. Recently, Yuan

et al. (2024a) has introduced a novel adaptation strategy, called Householder

Reflection Adaptation (HRA), which bridges the gap between low-rank decom-

position strategies and orthogonal adaptation. Given a large pretrained model,

HRA fine-tunes its layers by multiplying each frozen set of parameters with an

orthogonal matrix constructed from a chain of learnable Householder Reflec-

tions (HRs). This HR-based orthogonal fine-tuning is equivalent to an adaptive

low-rank adaptation mechanism. Like the majority of PEFT methods, HRA

seeks a compromise between the accuracy performance of the fine-tuned large

model and the number of parameters updated during the refinement process.

Regarding the use of PEFT methods in Earth Observation tasks, Marti Es-

cofet et al. (2026) have compared the performance of several PEFT methods,

comprising LoRA, used in combination with some pretrained vision models in

a water surface semantic segmentation downstream task. The evaluation, con-

ducted using Sentinel-2 images acquired for several scenes at a single times-

tamp, shows that LoRA achieves the best performance among the considered

approaches in the comparative study. This result underlines the potential of

LoRA for the parameter-efficient fine-tuning of vision models especially tailored

for satellite imagery data.

However, to the best of our knowledge, no previous study has explored the

use of PEFT methods for a semantic segmentation downstream task involving

Sentinel-2 time series data, which represents the novel contribution of this work.

3. Methodology

In this section, we describe the methodology proposed and evaluated in

this study. Section 3.1 presents an overview of ULISSE. Section 3.2 introduces

the U-Net-like architecture, while Section 3.3 describes the PEFT mechanisms

associated with the encoder branches of ULISSE. Section 3.4 outlines the training

procedure. Section 3.5 illustrates the whole pipeline, from data creation and
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Table 1: List of main symbols

Symbol Description

D labelled collection of Sentinel-2 image time series

[X1,X2, . . . ,XT] Sentinel-2 image time series

M,N,C Height, width and number of channels of a Sentinel-2 image

T Length of a Sentinel-2 image time series

Y Ground truth binary map of a Sentinel-2 image time series

F Semantic segmentation function

Wl
0 Weight matrix computed at layer l

El Feature embedding matrix comouted at layer l

Cl Number of channels at layer l

Al,Bl Low-rank matrices computed with LoRA/DoRA

r Rank of Al and Bl

ml Magnitude vector computed with DoRA

Hl
z Householder matrix computed with HRA

preparation through model training to the production of semantic segmentation

maps. Table 1 introduces the main symbols of the notation used in the remaining

part of this section.

3.1. Overview of ULISSE

Let us consider D = {([X1,X2, . . . ,XT], Y)}, a labelled collection of Sentinel-

2 image time series for non-overlapped scenes of a forest area. Each Sentinel-2

image time series [X1,X2, . . . ,XT] ∈ RM×N×C×T is a tensor of T timestamped

images acquired at timestamps t1 < t2 < . . . < tT with each image Xi charac-

terized by M , N and C as the height, the width and the number of channels,

respectively. Here, we consider multispectral bands acquired with a Sentinel-2

sensor for the C dimension. Each Sentinel-2 image time series is associated with

a ground truth binary map Y ∈ {healthy, damaged}M×N .

The architecture of ULISSE takes D as input and learns an output semantic
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segmentation function F : RM×N×C×T 7→ {healthy, damaged}M×N , thanks to

a U-Net-like architecture that consists of a multi-temporal encoder specifically

designed to handle Sentinel-2 image time series, and a decoder. Each encoder

is a pretrained ResNet-like model that is equipped with a PEFT mechanism.

Figure 1 visually depicts the ULISSE framework, highlighting the multi-temporal

encoder, the PEFT mechanism associated with each branch encoder, and the

encoder-decoder architecture.

Figure 1: ULISSE schema to learn the semantic segmentation function F from a training set

of labelled Sentinel-2 image time series [X1,X2, . . . ,XT],Y

3.2. U-Net-like architecture for semantic segmentation of image time series

The architecture of ULISSE implements a U-Net-like network for the seman-

tic segmentation of Sentinel-2 image time series of forest scenes. Generally, a

U-Net architecture consists of: (1) a convolutional encoder that downsamples

the original imagery feature space and reduces spatial resolution into an encoded

feature embedding, (2) a convolutional decoder that upsamples the encoded fea-

ture embedding to the original input shape, and (3) several skip connections that

directly link encoder blocks to decoder blocks in order to inject spatial details

into the upsampling process. ULISSE extends the encoder-decoder structure

of a conventional U-Net architecture by integrating a multi-temporal encoder

equipped with T branches, to handle Sentinel-2 image time series.

Each encoder branch of ULISSE is a pretrained ResNet encoder. The ResNet

is a Convolutional Neural Network, which has proven to achieve good accuracy
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performance in several image classification tasks (Bohlol et al., 2025; Darwis

et al., 2025). Pretrained versions of the ResNet encoder have already been

used as backbones for several vision tasks, both in the general computer vision

domain or in the remote sensing field (Yu & Geng, 2025; Huang et al., 2025).

Specifically, a ResNet architecture is built by stacking multiple residual blocks to

mitigate the performance degradation that may occur in a deep neural network

by increasing the number of hidden layers. Each residual block includes residual

connections, which are direct connections between non-consecutive layers in

the deep neural network. These residual connections enable gradients to flow

through the network by mitigating the vanishing gradients problem (Taghanaki

et al., 2019).

In ULISSE, an aggregation strategy is used to map the output returned by

each encoder branch into a single feature vector that is then used as input for the

skip connections. This feature vector is obtained by applying the concatenation

operator ⊕. This operator is commonly used in remote sensing applications

to aggregate multi-source images (Zhou et al., 2023; Andresini et al., 2024a).

In ULISSE, the concatenation step is performed before the skip connections of

the U-Net architecture and produces a tensor by stacking the output vectors

of all the parallel encoder branches. Let Cl denotes the channel size of the

output returned at a layer l of each encoder branch. The application of the

concatenation operator on layer l of all encoder branches returns an aggregated

output with size Cl×T . This output is subsequently reduced to size Cl through

a 2D Convolution layer, ensuring that the outputs of the multi-branch encoder

blocks are aligned with the number of channels in the corresponding decoder

blocks so they can be used as input to the U-Net skip connection. The outputs

of the concatenation step are used for both feeding the U-Net skip connections

and creating the final encoder feature embedding outputted by the multi-branch

encoder. This embedding is subsequently used as input to the decoder part of

the encoder-decoder architecture.

The decoder part of ULISSE is implemented by progressively upsampling the

spatial resolution of the final encoded feature embedding, to yield an output
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with size M ×N × 1. As the upsampling of the decoder is done symmetrically

to the downsampling of the encoder, the decoder branch replicates the same

block structure architecture as in the multi-branch encoder by following the

opposite order. At the final layer of the decoder, a 1 × 1 Convolution is used

to decrease the number of channels to 1 with the goal to produce the final

pixel-level semantic segmentation map using the Sigmoid activation function.

3.3. PEFT of pretrained encoders

Each encoder branch of ULISSE is equipped with a small amount of addi-

tional parameters in order to implement a PEFT mechanism. In this work,

we consider three alternative PEFT mechanisms, namely LoRA, DoRA and

HRA, that are associated with the convolution layers of each encoder branch.

In ULISSE, each temporal branch is equipped with independent PEFT param-

eters, with no parameter sharing across temporal branches.

Specifically, let us consider a convolution layer l so that Wl ∈ RkMl
×kNl

×Cl−1×Cl

denotes the weight matrix computed at l, where kMl
× kNl

is the kernel size,

Cl−1 and Cl are the number of input and output channels, respectively. The

hidden layer representation hl is defined as in the Equation 1:

hl = Wl ∗El−1 + bl, (1)

where ∗ represents the convolutional operator, El−1 ∈ RMl−1×Nl−1×Cl−1 is the

three-dimensional feature embedding returned at layer l − 1 and bl is the

bias vector. A standard convolutional layer returns a three-dimensional em-

bedding El = σl(h
l) after the application of a non-linear activation function

σl : RMl−1×Nl−1×Cl−1 7→ RMl×Nl×Cl so that El ∈ RMl×Nl×Cl . In the following,

let Wl
0 denote the pretrained weight matrix that is obtained at each layer l of

the pretrained model placed in each encoder branch of the ULISSE architecture.

LoRA approximates the update of each pretrained weight matrix Wl
0 through

a low-rank decomposition involving two smaller matrices Al and Bl, with Al ∈

RkMl
×kNl

×Cl−1×r, Bl ∈ R1×1×r×Cl , and rank r ≤ min(Cl, Cl−1). Hence, LoRA
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reformulates Equation 1 as in Equation 2:

hl = Wl
0 ∗El−1 +

α

r
(Bl ∗ (Al ∗El−1)) + bl, (2)

where α is a constant scaling factor. Notice that during the training of ULISSE,

Wl
0 is frozen, so it does not receive gradient updates, while Al and Bl are train-

able. The low-rank adaptation is implemented through sequential convolutions:

first Al reduces the channel dimension to rank r, subsequently Bl projects back

to the output dimension Cl.

DoRA is a variant of LoRA, which also uses magnitude and direction com-

ponents during the decomposition of each pretrained weight matrix Wl
0 into

Al and Bl. In particular, the magnitude is a learnable vector ml ∈ RCl that is

initialized as ml = ∥Wl
0∥Cl

with the column-wise norm computed over all input

channels, while the direction is Wl
0. Hence, DoRA reformulates Equation 1 as

in Equation 3:

hl =

(
ml ⊙ Wl

0 +Bl ∗Al

∥Wl
0 +Bl ∗Al∥Cl

)
∗El−1 + bl, (3)

where ⊙ represents element-wise multiplication broadcast across all dimensions.

During the training of ULISSE, Wl
0 is frozen, while ml, Al, and Bl are trainable.

Finally, HRA applies a sequence of Householder transformations to each

pretrained weight matrix Wl
0 along the output channel dimension Cl. Each

Householder transformation z is defined by a learnable vector vl
z ∈ RCl (ini-

tialized randomly) that is normalized to obtain the vector ul
z =

vl
z

∥vl
z∥2

. The

Householder matrix is then obtained as Hl
z = I − 2ul

z(u
l
z)

⊤, where I is the

Identity matrix. Hence, HRA reformulates Equation 1 as in Equation 4:

hl =

(
Wl

0 ·
n∏

z=1

Hl
z

)
∗El−1 + bl, (4)

where the product notation represents the sequential application of n House-

holder transformations on the pretrained weight matrix Wl
0.

3.4. Training procedure

The training of the ULISSE architecture is conducted by using the selected

PEFT mechanism to fine-tune each pretrained encoder branch, while training
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the decoder from scratch, starting from a random initialization of the inter-

nal weights. ULISSE is trained following an end-to-end learning procedure in

which each encoder branch is equipped with a PEFT module that learns its

own parameters. The output of the encoder is feed-forward to a decoder mod-

ule. During back-propagation, gradients computed from the decoder module

are propagated from the decoder to each encoder branch to update each PEFT

parameter, while the pretrained ResNet backbone encoders remain frozen.

As the downstream semantic segmentation task is highly imbalanced due to

the fact that “damaged” class is extremely low-represented, the entire training

process is conducted by minimizing the Tversky loss (Salehi et al., 2017). This

is a loss function that is commonly used to handle a possible imbalance during

model training without the need of applying any down-sampling of the majority

class label “healthy” or over-sampling of the minority class label “damaged”. The

Tversky loss is defined as in Equation 5:

LTversky =
TDamaged

TDamaged+ αFHealthy + βFDamaged
, (5)

where TDamaged is the number of “damaged” pixels correctly predicted in the

minority semantic label “damaged”, FHealthy is the number of “damaged” pix-

els wrongly predicted in sthe majority semantic label “healthy”, FDamaged is

the number of “healthy” pixels wrongly predicted in the semantic label “dam-

aged”, while α and β are weight to control the trade-off between FHealthy and

FDamaged. Both α and β are automatically optimized during the training stage

as described in Section 4.2.

3.5. Outline of the whole pipeline

The complete pipeline, from data creation and preparation through model

training to the production of semantic segmentation maps of testing scenes is

shown in Figure 2.

In the training phase, Sentinel-2 image time series are processed with their

associated ground truth masks, to learn a semantic segmentation model F : RM×N×C×T 7→

{healthy, damaged}M×N . Each timeserie includes T Sentinel-2 images, which
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Figure 2: Whole ULISSE pipeline

are equally spanned in time. Each image covers C spectral channels, as described

in Section 4.1.3. In addition, images in the same time series refer to the same

scene, while different image time series refer to non-overlapping scenes with dif-

ferent spatial extents. So, to cope with the fixed spatial size requirements during

the training phase of ULISSE, we use zero padding to obtain homogeneous, in

terms of spatial extent, Sentinel-2 image time series tiles and associated ground

truth masks of shape M × N . The obtained collection of tiles and the associ-

ated ground truth masks is finally used as training data for the training phase

of ULISSE to learn the mapping function F .

In the map production phase, ULISSE produces semantic segmentation maps

for test scenes. As in the training phase, tiling and zero padding are applied to

the Sentinel-2 image time series of test scenes to obtain time series tiles with

shape M ×N ×C×T . For each tile, ULISSE produces a semantic segmentation

map of size M × N . Finally, the areas originally padded are discarded, and

all tile predictions are stitched together to generate the semantic segmentation

map for the entire scene.

4. Evaluation study

In this section, we present both the case studies and the experimental sce-

nario considered to evaluate the performance of ULISSE (Section 4.1). We de-

scribe the implementation details of ULISSE used in the evaluation (Section 4.2)
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and we describe and discuss the results obtained by our framework and the com-

peting approaches (Section 4.3). Finally, we conduct a post-hoc explainability

analysis of the classification behaviour of our approach, ULISSE (Section 4.4).

4.1. Case study datasets and experimental scenario

We evaluated the performance of our proposed methodology in two case

studies covering the mapping of the forest disease caused by bark beetle out-

breaks in the Czech Republic and Romania, respectively. In both case studies,

we considered scenes surrounding geo-referenced polygons of diseased forest ar-

eas, which were observed in September 2020, accessible through the DEFID2

database (Forzieri et al., 2023). Notably, the documentation of DEFID2 reports

that the mortality severity of the recorded bark beetle outbreaks was high in

the Czech Republic, with the percentage of contaminated trees between 80%

and 100%, and medium in Romania, with a percentage of contaminated trees

between 20% and 40%. This makes the semantic segmentation task addressed

in this evaluation more challenging in Romania than in the Czech Republic.

4.1.1. DEFIDF2 forest scenes

Disease data for both case studies, the Czech Republic and Romania, were

obtained from the DEFID2 dataset Forzieri et al. (2023). Forest scenes were

generated from geo-referenced polygons of diseased forest areas by defining a

buffer around them, which is then used to construct the training and testing

scenes. After scene extraction, forest coverage is verified separately for each

case study using the Forest Type 2018 product.3. This verification step ensures

that the considered scenes are predominantly covered by forest: specifically,

93% and 86% of the total area for the Czech Republic and Romania datasets,

respectively. The Czech Republic case study consists of a mosaic composed of

200 non-overlapping forest scenes, covering a total of 1,212,961 pixels at a spatial

resolution of 10 meters. The size of scenes varies from 33×36 to 260×238 pixels,

3https://doi.org/10.2909/77873ff3-4edf-48d4-94cd-c5b7b61da29e
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and the proportion of diseased forest surface per scene varies between 4.14% and

54.81%. The total percentage of diseased forest in the entire scene collection is

14.59%. The Romania case study comprises a mosaic of 124 non-overlapping

forest scenes, covering 248,565 pixels at a spatial resolution of 10 meters. The

size of scenes varies from 12×12 to 148×133 pixels, while the proportion of the

diseased forest area per scene varies from 2.78% to 49.18% of the scene surface.

The total percentage of diseased forest in the entire scene collection is 24.63%.

4.1.2. Sentinel-2 time window

In both datasets, the Sentinel-2 time series were obtained with a monthly

temporal resolution from April 2020 to September 2020. The six-month time

period was chosen because spruce bark beetle infestations are typically active

in European countries from April to September, while bark beetles are dormant

during autumn and winter. Similar to many other native insects, the European

spruce bark beetle (Ips typographus) enters diapause during winter to adapt

to the adverse environmental conditions (Hofmann et al., 2025). Diapause is a

genetically programmed hibernation strategy that allows bark beetles to reduce

their vital function activities, i.e., metabolism, mobility and reproduction. The

inactivity of bark beetles during autumn and winter months has been recently

examined by Dalponte et al. (2023), who has analysed pheromone trap data

(number of insects caught) from a region in northern Italy between April 9,

2021, and October 13, 2021. Their analysis showed that the parental bark

beetle generation became active in April 2021, while the first, second and third

generations were active in May-June, July-August and August-September 2021,

respectively. Forest dieback caused by the bark beetle outbreak was assessed in

early autumn of the same year. Based on this pheromone trap analysis, Dalponte

et al. (2023) subsequently examined the spectral separability of “damaged” forest

areas from “healthy” areas during the period July-October 2021.

To set the observation period of this study, we also considered that in both

case studies, the DEFIDF2 ground truth maps of the bark beetle outbreaks

were assessed in September 2020, while the monitored areas were healthy in
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Figure 3: Workflow of Sentinel-2 dataset download and preparation

previous years. Additionally, Sentinel-2 images acquired between October and

March may be highly affected by cloud cover and atmospheric phenomena, sig-

nificantly limiting their utility.Hence, based on all these considerations, we chose

to conduct our study considering a six-month time series spanning the period

between April and September 2020, excluding Sentinel-2 images acquired before

the beginning of the spring 2020 season.

4.1.3. Sentinel-2 time series dataset preparation

Figure 3 depicts the workflow to download and preprocess the Sentinel-2

image time series for each of the case studies. In the Query step, we retrieve

the Sentinel-2 images for the area covered by each DEFIDF2 scene in the pe-

riod between April 1st and September 20th, 2020. These images were down-

loaded from the Sentinel-2 catalog of ESA Copernicus open access hub, using

the Google Earth Engine APIs4. This image catalog contains the multispectral

radiometric data in the visible, near infrared, and short wave infrared parts of

the spectrum for a total of thirteen spectral bands. These spectral data were

acquired at their original spatial resolution (between 10 m and 60 m), through

a constellation of two Copernicus satellites (Sentinel-2A launched in 2015 and

Sentinel-2B launched in 2017) that, since their launch, covered the majority of

the Earth’s surface with an approximately revisit cycle of 5 days. In addition,

all Copernicus Sentinel-2 images are atmospherically corrected by the Sentinel-2

4https://developers.google.com/earth-engine
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Table 2: Selected Sentinel-2 bands with their spatial resolution and central wavelength

Band Band Name Spatial Resolution Central wavelength

B2 Blue 10 m 490 nm

B3 Green 10 m 560 nm

B4 Red 10 m 665 nm

B5 Red-edge 1 20 m 705 nm

B6 Red-edge 2 20 m 740 nm

B7 Red-edge 3 20 m 783 nm

B8 Near Infrared 10 m 842 nm

B8A Narrow Near Infrared 20 m 865 nm

B11 SWIR 1 20 m 1610 nm

B12 SWIR 2 20 m 2190 nm

Level 2A product generation and formatting tool (sen2cor v2.11) before being

stored in the queried catalog.

In this study, we considered ten spectral bands and the Scene Classification

Layer (SCL) band. Specifically, for each image, band B10 (SWIR – Cirrus)

was removed since this band is reserved to atmospheric correction. In addition,

following the recommendations of (Clasen et al., 2025), band B1 – Coastal

Aerosol – and band B9 – Water Vapor – were also discarded, since at 60 m

spatial resolution, and mainly used for cloud screening, atmospheric correction,

and cirrus detection. The final list of considered Sentinel-2 bands is reported in

Table 2.

The SCL band is produced via the Scene Classification Algorithm (Louis

et al., 2016), which uses the reflectance properties of multi-spectral bands to

identify three cloud classes (including cirrus) and six additional classes: shad-

ows, cloud shadows, vegetation, non-vegetated areas, water, and snow. In this

study, the SCL information was used in the Pixel filtering step, to filter out all

pixels that were classified as noise, defective, dark, cloud, cloud shadow or thin

cirrus.

In the Median Aggregation step, we aggregated the Sentinel-2 data of each

scene at the monthly temporal resolution. This operation produced a single com-

posite image for each month, resulting in a time series of six monthly Sentinel-2
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images for each scene. The temporal aggregation was performed pixel-wise for

each spectral band by computing the median of all valid band values, as deter-

mined by the SCL-based pixel classification, acquired in the considered month

for a pixel.

In the Reprojection step, we resampled each raster image at 10 m resolution

and reprojected the image from the original Universal Transversal Mercator

(that is in degrees), to the spatial reference system WGS84:EPSG3857 Web

Mercator (that is in meters). The EPSG3857 reference system was selected as

it is commonly used in Europe, to allow all scenes (both in the Czech Republic

and Romania) to be in the same reference system. For the spatial resampling,

we resampled the considered 20 m resolution bands of the Sentinel-2 spectrum

(i.e., B5, B6, B7, B8, B11 and B12) to 10 m using the Nearest Neighbour

interpolation. This step ensured that all considered bands had the same spatial

resolution. The Nearest Neighbour method is the default choice with Google

Earth Engine APIs. According to this method, the spectral values that are

assigned to pixels in 10 m resolution are determined on the basis of the pixel

values that surround its transformed position in the original 20 m resolution.

As underlined by Lillesand et al. (2015), this up-sampling approach offers the

advantage of computational simplicity while not altering the original spectral

pixel values.

In the ROI Clipping step, we considered the region of interest (ROI) of each

scene as it was retrieved from the scene boundary shapefile. The ROI of a scene

was used to select the scene spectral data associated to the reference spatial

extent.

Finally, in the Gap-Filling step, we performed missing value imputation, as

this is a standard practice in the remote sensing (Inglada et al., 2017), to fill

spectral missing information associated with invalid pixels. Any missing value

in a spectral band was linearly interpolated using only the valid data (cloud-

free, non-shadow, non-saturated pixels) from the multi-temporal information

associated with the same band and pixel. The final Sentinel-2 image time series

dataset, obtained through this workflow, contains a time series of six monthly
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multispectral images at 10 m spatial resolution for each DEFIDF2 scene.

4.1.4. Sentinel-2 time series dataset inspection

(a) Czech Republic

(b) Romania

Figure 4: Box plot distribution of the radiometric values of Sentinel-2 bands acquired monthly

in April 2020 (04), May 2020 (05), June 2020 (06), July 2020 (07), August 2020 (08) and

September 2020 (09) in Czech Republic (Fig. 4(a)) and Romania (Fig. 4(b)).

To analyse the spectral characteristics of forest disturbances caused by bark

beetles, we examine the distribution of the radiometric values acquired for the

Sentinel-2 bands in forest patches labelled as “healthy” and forest patches la-

belled as “damaged”, for both case studies. With this regard, Figure 4 shows the

box plots of the radiometric values of Sentinel-2 bands plotted per month, in

both the Czech Republic and Romania, grouped with respect to semantic labels
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“healthy” and “damaged”. A difference in the box plots of the Sentinel-2 data

acquired per band in the various months can be noted. In addition, box plots

of the Czech Republic exhibit a greater divergence, on the B2, B3, B4, B5, B11

and B12 bands, between the two opposite semantic labels in the later months

(August and September) than in the earlier months (April, May, June and July)

of the considered time series. As the severity of the disease increases over time,

this analysis suggests that these bands have the potential to contribute to the

delineation of the diseased area when the stage of disease is more advanced. The

box plots show that the divergence between the two opposite semantic labels

is negligible in Romania, regardless of both bands and months. This, proba-

bly, depends on the fact that the severity achieved by the disease in Romania

in September 2020 is moderate, so it is more complex to capture via remote

sensing imagery, while the severity achieved by the disease in the Czech Repub-

lic in September 2020 is high, thus potentially easier to detect with Sentinel-2

imagery.

Similar conclusions can be drawn from the analysis of the spectral reflectance

profiles associated with the two semantic labels. These profiles are shown in Fig-

ure 5, which depicts the monthly radiometric values of the Sentinel-2 bands for

both case studies. The spectral reflectance profiles of the two semantic labels are

well separated in the Czech Republic, while in Romania, they almost overlap.

More specifically, in the Czech Republic, the spectral reflectance profile cor-

responding to the disturbance status is distinctly separated from the spectral

reflectance profile of the healthy status from April to September 2020, partic-

ularly in the Red-edge wavelength region (B5-B7). Furthermore, in the same

case study, the separation between the two spectral reflectance profiles increases

markedly in the shortwave infrared (SWIR) region (B11-B12) during the late

summer months (August and September). This behaviour is consistent with

the analysis of forest disturbances’ spectral characteristics discussed by Abdul-

lah et al. (2019), who described how multiple forest stressors (including bark

beetle infestation) alter the biophysical and biochemical properties of trees and,

consequently, their spectral response. In particular, their study showed that
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(a) Czech Republic

(b) Romania

Figure 5: Spectral reflectance profiles for the semantic labels: “healthy” and “damaged”. The

profiles are obtained averaging the spectral values of Sentinel-2 bands acquired monthly in

April 2020 (04), May 2020 (05), June 2020 (06), July 2020 (07), August 2020 (08) and Septem-

ber 2020 (09), in Czech Republic (Fig. 5(a)) and Romania (Fig. 5(b)).
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the Red-edge bands are more sensitive than other Sentinel-2 bands to diseased

and insect attacks. In addition, the same study highlighted that near-infrared

(NIR) and SWIR bands provide valuable information for assessing tree water

content and nitrogen concentration, which can be used to detect vitality loss and

cell structure degradation typically observed with reduced chlorophyll content

and leaf water under diseased conditions. Notably, the importance of NIR and

SWIR bands for monitoring foliar properties has recently been discussed also by

Kluczek & Zagajewski (2025). Instead, Carletti et al. (2025) have recently as-

sessed the importance of Red-edge regions for monitoring conifer forest dieback.

In particular, they have examined the sensitivity of the Red-edge information

to vegetative health and structure, photosynthetic activity, and, particularly,

chlorophyll content, which is the main factor influencing the reflectance of vege-

tation in the visible and Red-edge regions. Although less pronounced, a slight

separation between the spectral reflectance profiles of the two labels can also

be observed in the Red-edge and SWIR regions of the Romania case study. Fi-

nally, the relevance of spectral information contained in Red-edge and SWIR

regions for machine learning based detection of bark beetle outbreaks has been

recently confirmed by Andresini et al. (2023b). Similarly, Kluczek & Zagajewski

(2025) have recently shown that NIR and Red-edge regions of the spectrum are

among the most important predictor spectral bands to correctly map bark bee-

tle outbreaks with machine learning methods. In particular, their study resorts

to Shapley values to show how Red-edge and SWIR bands have a premier role

in enabling the classification model to recognize forest dieback caused by bark

beetles.

4.1.5. Experimental scenario

The semantic segmentation models, considered in this study, were developed

and evaluated by considering a random split of the scene mosaic of each dataset

in a training scene set, used for models’ development, and a testing scene set,

used for models’ evaluation. Specifically, in the Czech Republic, we used 160

random scenes (covering 1,014,708 pixels) as a training scene set, and the re-

29



(a) Czech Republic (b) Romania

Figure 6: Location of the 200 study scenes in the Czech Republic (Fig. 6(a)), and 124 study

scenes in Romania (Fig. 6(b)). The blue circles denote the centroids of training set scenes,

while red circles denote the centroids of testing set scenes.

Figure 7: Experimental structure diagram

maining 40 scenes (covering 198,253 pixels) as a testing scene set. Instead, in

Romania, we used 88 random scenes (covering 200,702 pixels) as a training scene

set, and the left-out 36 scenes (covering 47,863 pixels) as a testing scene set.

Figure 6 shows the maps of the scene locations, with their centroids in both the

Czech Republic and Romania study sites, and their partitioning into training

and testing scene sets. Figure 7 shows the diagram of the evaluation protocol

adopted to assess the accuracy performance of ULISSE.

4.1.6. Performance metrics

We considered the Precision (P), Recall (R), F1 Score (F1) computed for

the two semantic labels (i.e., “damaged” and “healthy”), as well as the Inter-
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section over Union (IoU), to assess the performance of the forest disease maps

of testing scenes produced with the considered semantic segmentation models

for both case studies. These are standard metrics commonly used in seman-

tic segmentation tasks and formulated as described in the following. Given a

semantic label identified as Positive, and the opposite label identified as Nega-

tive, we denote TP – the number of pixels labelled with semantic label Positive

and correctly predicted in semantic label Positive, TN – the number of pixels

labelled with semantic label Negative and correctly predicted in semantic label

Negative, FP – the number of pixels labelled with semantic label Negative and

wrongly predicted in semantic label Positive, and FN – the number of pixels la-

belled with semantic label Positive and wrongly predicted in the semantic label

Negative. The Precision is measured as P = TP
TP+FP , the Recall is measured as

R = TP
TP+FN , and the F1 score is measured as the harmonic mean of Precision

and Recall, that is, F1 = 2×P×R
P+R . Hence, in the following, P(D), R(D) and

F1(D) denote Precision, Recall and F1 score computed considering the semantic

label “damaged” as Positive and the semantic label “healthy” as Negative. On

the other hand, P(H), R(H) and F1(H) denote Precision, Recall and F1 score

computed considering the semantic label “healthy” as Positive and the seman-

tic label “damaged” as Negative. Finally, the Intersection over Union score is

the ratio between the intersected area and the combined area of prediction and

ground “damaged” truth, that is, IoU = TP
TP+FP+FN . For all these metrics, a

higher score corresponds to a more accurate model.

4.2. Implementation details

ULISSE was implemented in Python 3 using the Pytorch library.5 Each

encoder branch is a ResNet50 (i.e., a ResNet with 50 layers) with weights pre-

trained on BigEarthNet dataset and available online6. A description of the layer

structure of the ResNet50 backbone is shown in Figure 8(a). Each residual block

5Data and code available at https://github.com/s4rgax/ULISSE
6https://huggingface.co/BIFOLD-BigEarthNetv2-0/ResNet50-s2-v0.2.0
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(a) Encoder module (Backbone Resnet50)

(b) Decoder module

Figure 8: Layer structure of backbone encoder and decoder modules

of the pretrained ResNet50 consists of a stack of three Convolutional layers with

1×1, 3×3, and 1×1 kernel sizes, repeated multiple times. After the input layer,

ResNet50 implements a Convolutional layer with a 7×7 kernel size, 64 filters,

followed by a max pooling layer with a 3×3 kernel size. Then, it implements

four bottleneck residual blocks with an increasing number of filters. More in

detail, the first block, that is repeated 3 times, increases the filter number from

64 to 256, the second block, that is repeated 4 times, increases the filter number

from 256 to 512, the third block, that is repeated 6 times, increases the filter

number from 512 to 1024, and the fourth block, that is repeated 3 times, in-

creases the filter number from 1024 to 2048. In addition, each block implements

a residual connection. Finally, the ResNet50 model uses an Average Pooling

layer to reduce the feature dimension before the final classification layer. The

last layer of ResNet50, which was originally pretrained for image classification,

is removed in each encoder branch of ULISSE. The Rectified Linear unit (ReLu)

activation function is used for each hidden layer.

The layer structure of the decoder of ULISSE is shown in Figure 8(b). It

is composed of four bottleneck upsampling blocks. The first upsampling block,

that is repeated 3 times, decreases the filter from 2048 to 1024, the second

upsampling block, that is repeated 6 times, decreases the filter from 1024 to

512, the third upsampling block, that is repeated 4 times, decreases the filter

from 512 to 256, and the fourth upsampling block, that is repeated 3 times,
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Table 3: Hyper-parameter search space

Hyper-parameter Values

Mini batch size { 22, 23, 24, 25, 26}

r (LoRA, DoRA) { 22, 23, 24, 25, 26}

n (HRA) { 22, 23, 24, 25, 26}

Learning rate [10−6, 10−3]

α [0.1, 0.5]

β 1 - α

decreases the filter from 256 to 64. At the final layer, a 1 × 1 Convolution is

used to decrease the number of filters from 64 to 1, and produce the semantic

segmentation map, at pixel-level, using the Sigmoid activation function. The

ReLu activation function is used for each hidden Convolutional layer of the

decoder part. To implement the PEFT approaches we adopt the HuggingFace

PEFT library7.

ULISSE was trained with image tiles with size 224× 224× 10 (M=224 and

N=224) obtained from original scenes with a combination of tiling and zero

padding operations as discussed above. The training was performed with a

maximum number of epochs set to 200. Early stopping was used to retain

the best semantic segmentation model. The Adam optimizer was adopted to

update the model’s weights. To select the hyperparameters of the final ULISSE

architecture, we used the Hyperopt library by adopting 20% of the training set as

validation set to automatically select the configuration that achieved the highest

F1 measured on the validation set. The hyper-parameter search space explored

in the evaluation conducted in this study is reported in Table 3.

7https://github.com/huggingface/peft/
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4.3. Performance analysis

The evaluation assessment of our proposed methodology is organized as fol-

lows:

• We examine the effect of PEFT methods on the accuracy performance of

the semantic segmentation maps produced in the model evaluation phase

(Section 4.3.1).

• We perform an exploratory analysis of the relationship between the length

of the time series processed and the accuracy performance of ULISSE (Sec-

tion 4.3.2).

• We examine the sensitivity of the accuracy performance of ULISSE to the

exclusion of an image from the processed imagery time series (Section

4.3.3).

• We explore the effect of the temporal aggregation strategy, adopted to

combine the temporal information, on the accuracy performance of the

model (Section 4.3.4).

• We examine the computational cost of ULISSE in both the train and test

phases (Section 4.3.5).

• We conduct a comparative study, involving ULISSE and related semantic

segmentation methodologies from the recent literature (Section 4.3.6).

4.3.1. PEFT analysis

To evaluate the effect of PEFT mechanisms on our method, we considered

the following variants of ULISSE:

• RI: This is the Random-Init variant of ULISSE that gives up any PEFT

mechanism, to train the model from scratch, starting from an initial ran-

dom weights initialization.
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Table 4: PEFT analysis – P(D), R(D), F1(D), P(H), R(H), F1(H) and IoU. The best results

are in bold, while the runner-up results are underlined.

Dataset Metric RI FT ULISSE

LoRA DoRA HRA

Czech Republic

P(D) 76.09 74.35 77.89 79.18 77.29

R(D) 71.57 74.63 73.12 71.58 72.42

F1(D) 73.76 74.49 75.43 75.19 74.78

P(H) 93.81 94.40 94.15 93.87 94.01

R(H) 95.04 94.32 95.43 95.85 95.31

F1(H) 94.42 94.36 94.79 94.85 94.65

IoU 58.43 59.35 60.55 60.24 59.72

Romania

P(D) 48.56 50.68 52.42 56.04 55.26

R(D) 92.09 90.08 87.55 78.84 76.28

F1(D) 63.59 64.87 65.57 65.52 64.09

P(H) 96.30 95.61 94.74 91.95 91.07

R(H) 67.87 71.12 73.83 79.63 79.66

F1(H) 79.63 81.57 82.98 85.34 84.98

IoU 46.61 48.00 48.78 48.72 47.16

• FT: This is a full Fine-Tuning variant of ULISSE that gives up any PEFT

method and uses the traditional full fine-tuning strategy to update all

model’s parameters, i.e., both encoder and decoder weights.

• LoRA, DoRA and HRA: These are three variants of ULISSE, which use

LORA (Yu et al., 2023), DORA (Liu et al., 2024a) and HRA(Yuan et al.,

2024b) as PEFT mechanisms, respectively.

Table 4 reports the accuracy metrics – P(D), R(D), F1(D), P(H), R(H), F1(H)

and IoU – which were measured in the evaluation phase conducted in the Czech

Republic and Romania case studies. We note that all PEFT variants of ULISSE

– LoRA, DoRA and HRA – outperform RI and FT variants in terms of F1(D),
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F1(H) and IoU. More precisely, the use of a PEFT method commonly increases

the Precision measured for label “damaged” (P(D)), while decreases the Recall

measured for the same semantic label (R(D)). Accordingly, the use of a PEFT

method commonly increases the Recall measured for label “healthy” (R(H)),

but this improvement happens at the cost of a decrease of Precision measured

for the same semantic label (P(H)). We recall that the considered case studies

regard a semantic segmentation task where the cost of an alert regarding a false

“damaged” area is higher for forest managers than the cost of a missing alert

regarding a true “damaged” area. In fact, this type of mapping error would lead

to postponing the sanitary cut intervention that forest managers commonly

use to contain the spread of the disease. In contrast, alerts regarding false

“damaged” areas are also problematic, as they may lead to unnecessary sanitary

cut treatments with useless extra costs for the forest management. Based on

this premise, a good trade-off between Precision and Recall for both semantic

labels, and particularly in forest patches labelled as “damaged”, is desirable. So,

focusing the attention on the analysis of F1 scores, we noted that LoRA achieves

the highest F1(D), as well IoU of the comparative study, while DoRA achieves

the highest F1(H) of the comparative study in both case studies.

According to the analysis of results reported above, we select the LoRA

variant, simply denoted as ULISSE in the following, to be considered in subse-

quent analyses. This variant achieves the best overall accuracy while optimizing

predictions for label “damaged” in both case studies, while it still maintains rea-

sonable performance for the prediction of label “healthy”. This result is aligned

with the conclusions drawn in the empirical study of Marti Escofet et al. (2026),

who identify LoRA as the most effective PEFT method for fine-tuning a seman-

tic segmentation model of water surface processing Sentinel-2 images of water

scenes.

4.3.2. Sentinel-2 time series analysis

To assess the influence of the Sentinel-2 time series length on the accuracy

performance of ULISSE, we considered six data scenarios, each defined by a
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(a) Czech Republic - F1(D) (b) Romania - F1(D)

(c) Czech Republic - F1(H) (d) Romania - F1(H)

(e) Czech Republic - IoU (f) Romania - IoU

Figure 9: Sentinel-2 time series analysis. F1(D), F1(H) and IoU of ULISSE run with LoRA in the

data configurations: 09 (September), 08-09 (August-September), 07-09 (July-September), 06-

09 (June-September), 05-09 (May-September), and 04-09 (April-September) of Czech Republic

(Figs. 9(a), 9(c) and 9(e)) and Romania (Figs. 9(b), 9(d) and 9(f))

starting and ending month for the analyzed period. For example, 04-09 repre-

sents the complete time series from April (04) through September (09), 07-09

covers the period from July (07) through September (09), and 09 uses only the

September Sentinel-2 image, excluding any temporal information from the se-

mantic segmentation process. Figure 9 shows the F1(D), F1(H) and IoU values

measured on the semantic segmentation maps produced for the evaluation phase
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of ULISSE in the considered data configurations of both the Czech Republic and

Romania. These results show that temporal Sentinel-2 information contributes

to improving the accuracy performance of the semantic segmentation maps, re-

gardless of the considered case study and semantic label. Notably, the longer

the time period used, the greater the gain in accuracy achieved. However, the

improvement of the F1 score obtained by considering the temporal information

is greater for the label “damaged” than for the label “healthy”.

4.3.3. Monthly sensitivity analysis

In this Section, we investigate how the exclusion of images from the Sentinel-

2 time series (e.g., due to persistent cloud cover throughout an entire month)

affects the performance of ULISSE. To this end, we systematically exclude each

of the six images comprising the time series data at the testing phase and em-

ploy linear interpolation-based gap-filling to impute each missing image. For

example, GF-04 denotes the scenario in which the April image is excluded from

all time series in the test set and interpolated via the gap-filling procedure. Full

denotes the original test set without any gap-filled images. Figure 10 shows the

F1(D), F1(H) and IoU values for ULISSE across both the Czech Republic and Ro-

mania study sites. The results demonstrated that, in general, the performance

of ULISSE remains stable regardless of which image is excluded from the original

time series. This suggests that the gap-filling procedure provides appropriate

imputations for missing values without compromising the accuracy of ULISSE.

In some cases, ULISSE even gains accuracy when excluding Sentinel-2 images

from specific months. For instance, in the Czech Republic, the performance

of ULISSE slightly improves when excluding the original Sentinel-2 images ac-

quired in May. However, we also note that the accuracy performance decreases

drastically in the Czech Republic when the gap-filling was performed on the

September image, contrary to what is observed in the Romania case study. We

hypothesize that the gap-filling is less effective for September images in the

Czech Republic scenes because the mortality severity of recorded bark beetle

outbreaks increased markedly during this month in this region. In contrast, for
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(a) Czech Republic - F1(D) (b) Romania - F1(D)

(c) Czech Republic - F1(H) (d) Romania - F1(H)

(e) Czech Republic - IoU (f) Romania - IoU

Figure 10: Impact on ULISSE’s performances of removing one month at a time from the

temporal imagery sequence with missing values interpolation. F1(D), F1(H) and IoU values

for gap-filling configurations GF-04 (April excluded), GF-05 (May excluded), GF-06 (June

excluded), GF-07 (July excluded), GF-08 (August excluded), GF-09 (September excluded),

and Full (original time series without excluded months) in Czech Republic (Figs. 10(a), 10(c)

and 10(e)) and Romania (Figs. 10(b), 10(d) and 10(f)).

the Romania case study, the mortality severity observed in September remained

consistent with the previous months.

4.3.4. Temporal aggregation strategy

To evaluate the temporal aggregation strategy employed by ULISSE, specif-

ically, a multi-branch U-Net architecture with ResNet as the per-branch en-
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(a) Czech Republic - F1(D) (b) Romania - F1(D)

(c) Czech Republic - F1(H) (d) Romania - F1(H)

(e) Czech Republic - IoU (f) Romania - IoU

Figure 11: Comparison of ULISSE with alternative temporal aggregation strategy variants:

ULISSE, ConvLSTM, and LTAE on Czech Republic and Romania datasets varying in percentage

(40%, 60%, 80% and 100%) used as training data.

coder, followed by a concatenation aggregation mechanism, we compare our

approach against two standard alternatives: i) a ConvLSTM-based temporal

aggregation (Rußwurm & Körner, 2018), where embeddings from the different

multi-branch encoders are aggregated via an LSTM recurrent neural network,
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and ii) a transformer-based temporal aggregation, namely LTAE (Garnot & Lan-

drieu, 2020) (lightweight temporal attention encoder), where embeddings from

the different multi-branch encoders are aggregated via an attention mechanism.

Specifically, we replace the original temporal aggregation strategy of ULISSE

with the ConvLSTM-based approach (denoting this variant as ConvLSTM) and

with the lightweight, transformer-based, temporal attention (denoting this vari-

ant as LTAE). Additionally, to further characterize the behaviour of the different

temporal aggregation strategies, we vary the amount of training data considered,

in terms of percentage of the original training dataset, starting from 40% up to

100% (the full training data) with a step of 20%. The results of this analysis are

presented in Figure 11. We observe that ULISSE, equipped with its multi-branch

U-Net architecture and concatenation aggregation mechanism, clearly outper-

forms both alternative temporal aggregation strategies (ConvLSTM and LTAE)

across all performance metrics on both case studies. The performance gaps are

generally more pronounced for the “damaged” label rather than the “healthy”

label. Interestingly, when varying the amount of training data, ULISSE ex-

hibits a clear, stable behaviour compared to the competing approaches. These

results further underscore the quality and effectiveness of the proposed tem-

poral aggregation strategy relative to standard strategies (e.g., recurrent neu-

ral and temporal transformers) prevalent in the remote sensing literature for

multi-temporal data analysis. The improved performance of the original ULISSE

temporal aggregation strategy is likely due to the skip connections inherent in

the U-Net architectural design. These connections bridge encoder and decoder

blocks directly, thereby injecting spatial details into the upsampling process.

These spatial details are generally useful and particularly helpful for enhancing

the detection and characterization of the low-represented “damaged” label, as

they mitigate the model’s bias towards the majority “healthy” label.

4.3.5. Computational cost analysis

In this section, we compare the full fine-tuning approach and ULISSE in

terms of computational cost metrics during both the training and testing phases
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on the Czech Republic and Romania case studies. For the training phase, we

report the following metrics: giga floating-point operations (GFLOPs), peak

GPU memory (in GB), peak power consumption (in Watts), and the number

of trainable parameters (in millions) in the encoder. Note that the decoder is

identical across all methods and is therefore excluded from this analysis. For

the test stage, we consider peak GPU memory (in GB), peak power consump-

tion (in Watts), and throughput measured as the number of 224× 224 images

processed per second. For this analysis, we consider a worst-case scenario with

a batch size of 64 for both training and testing phases. For ULISSE, we use

the highest LoRA rank value from our experimental evaluation (rank = 64).

The results are presented in Table 5. These results show that, at the training

phase, ULISSE achieves a higher number of GFLOPs while limiting the num-

ber of trainable encoder parameters. Meanwhile, peak GPU memory and peak

power consumption remain comparable between the two approaches. At the

testing phase, both approaches achieve similar throughput, with ULISSE pro-

cessing slightly more images per second. However, ULISSE requires considerably

less GPU memory and consumes less energy than the full fine-tuning approach.

This point is particularly important for deployment, as it makes ULISSE well-

suited to run on less demanding hardware, such as devices equipped with smaller

GPU cards (less than 8 GB in our case) and onboard systems where constraints

on low energy consumption and limited hardware resources are critical.

4.3.6. Competing methods analysis

To assess the effectiveness of the proposed methodology, we compare the per-

formance of ULISSE to several competing frameworks from the recent literature

that have been deployed either to map bark beetle outbreaks in Sentinel-2 images

or to handle Sentinel-2 time series in a general remote sensing mapping task.

For this comparative study, we considered both the spatial version – ULISSE -

09, and the spatio-temporal version – ULISSE - 04-09 of our framework. To pro-

vide a comprehensive assessment of our framework and investigate the relative

contributions of spatial and temporal information, we compare ULISSE against
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Table 5: Comparison between Full Fine-Tuning (FT) and ULISSE, in terms of resource con-

sumption on Czech Republic and Romania datasets with batch size equals to 64 and rank

value, for the LoRA approach, equals to 64. Best metric values per dataset are highlighted in

bold.

Czech Republic Romania

FT ULISSE FT ULISSE

Cost Metrics (Train)

GFLOPs 2561.19 3425.62 2561.19 3425.62

Peak GPU Memory (GB) 41.96 45.65 41.96 45.65

Peak Power (W) 122.461 94.74 112.64 121.85

# Encoder Trainable Params (M) 141.18 28.45 141.18 28.45

Cost Metrics (Test)

Peak GPU Memory (GB) 41.96 7.64 41.96 7.64

Peak Power (W) 122.461 77.27 112.64 79.86

Throughput (images/sec) 225.19 228.99 212.93 229.97

two categories of competing methods: those that exploit only one type of infor-

mation (either spatial or temporal data configuration) and those that integrate

both types of information simultaneously (spatio-temporal data configuration).

Accordingly, we selected the following competing methods, for which the original

publicly available implementation is available:

• TITANIA (Andresini et al., 2024b): This spatial method trains from scratch

a U-Net model for the semantic segmentation of Sentinel-2 images. It in-

tegrates an attention mechanism into the U-Net architecture. In addition,

it uses a self-distillation approach to transfer the knowledge within the

U-Net model.

• DIAMANTE(Andresini et al., 2024a): This spatial method uses a deep data

fusion strategy to train a multisensor U-Net architecture from scratch by
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(a) Czech Republic - F1(D) (b) Romania - F1(D)

(c) Czech Republic - F1(H) (d) Romania - F1(H)

(e) Czech Republic - IoU (f) Romania - IoU

Figure 12: Competing method analysis. F1(D), F1(H) and IoU of ULISSE, the spatial (S)

competing methods: TITANIA, DIAMANTE, GANDALF and AVALON, the temporal (T) com-

peting methods: RF, XGB and TempCNN, and the spatio-temporal (ST) competing methods:

Exchanger+Mask2Former and TSViT. ULISSE was run with LoRA in both the purely spa-

tial data configuration 09 (September), and in the spatio-temporal data configuration 04-09

(April-September) of both Czech Republic and Romania.

processing aligned Sentinel-1 and Sentinel-2 images.

• GANDALF(Pasquadibisceglie et al., 2025): This spatial method converts

pixels of Sentinel-2 imagery into contextual stories and leverages a fine-

tuning technique to adapt a text embedding model (Bert-medium) to the

downstream task of imagery pixel classification.
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• AVALON (Recchia et al., 2024): This spatial method transforms each pixel

of a Sentinel-2 image into a pixel image that sees the pixel within its

surrounding pixel neighborhood. It trains an Attention CNN architecture

for classifying each image pixel.

• RF and XGB: These temporal methods leverage classification models trained

with Random Forest (RF) and XGBoost (XGB), respectively, from the

pixel-level stack of Sentinel-2 time series images. Several remote sensing

studies on bark beetle mapping resorted to Random Forest (Bárta et al.,

2021; Candotti et al., 2022; Andresini et al., 2024c) and XGBoost (An-

dresini et al., 2023b) to perform the inventory of bark beetle disturbances

in Sentinel-2 images of forest areas.

• TempCNN (Pelletier et al., 2019): This is a temporal deep learning ar-

chitecture that uses convolutions in the temporal dimension of Sentinel-2

pixel time series.

• Exchanger+Mask2Former (Cai et al., 2023): This is a spatio-temporal

method for the semantic segmentation of Sentinel-2 time series data. It

comprises: an Exchanger module that uses a hierarchical encoder to handle

Sentinel-2 time series, and a Mask2Former module that is used for the se-

mantic segmentation task. According to the suggestion of the authors, the

pretrained semantic segmentation model, developed on the multi-temporal

Sentinel-2 dataset PASTIS, can be adapted to any Sentinel-2 time series

semantic segmentation task by adopting a full fine-tuning strategy.

• TSViT (Tarasiou et al., 2023): This is a spatio-temporal ViT-based se-

mantic segmentation framework. It is designed to process Sentinel-2 im-

age time series through Visual Transformers with a temporal-then-spatial

attention mechanism.

All the competing methods used the same training-testing scene splits pre-

viously adopted for both the Czech Republic and Romania case studies. In
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addition, the methods were run considering the parameter optimization pro-

cedures described in the reference papers8. For a fair comparison, we directly

compare ULISSE - 09 with the spatial methods: TITANIA, DIAMANTE and

GANDALF, while we compare ULISSE - 04-09 with the temporal methods: RF,

XGB, TempCNN, and the spatio-temporal methods: Exchanger+Mask2Former

and TSViT.

Figure 12 presents the comparative analysis results in terms of F1(D), F1(H),

and IoU metrics across both the Czech Republic and Romania datasets. For the

Czech Republic dataset, a clear trend emerges: temporal (T) approaches con-

sistently outperform spatial (S) approaches across all metrics. In contrast, the

Romania dataset does not exhibit such a discernible pattern. Regarding spatio-

temporal (ST) approaches, which integrate both types of information, their

performance varies across the two datasets. On the Czech Republic dataset,

ST approaches achieve, generally, the best overall results. However, on the Ro-

mania dataset, only ULISSE demonstrates a clear and systematic improvement

over single-information methods. This highlights the ability of our framework to

effectively combine both information types compared to other ST approaches,

such as Exchanger+Mask2Former and TsViT, which struggle to fully leverage

the complementary information provided by the spatio-temporal data configu-

rations. More precisely, ULISSE -09 outperforms TITANIA, DIAMANTE, GAN-

DALF, and AVALON in the purely spatial data configuration, while ULISSE -04-

09 generally surpasses all competing methods regardless of the data configura-

tion employed. Two minor exceptions occur on the Czech Republic dataset, both

concerning F1(H). In the purely spatial setting, GANDALF achieves a slightly

higher F1(H) than ULISSE -09 (93.52 vs. 93.04). Similarly, in the spatio-temporal

setting, Exchanger+Mask2Former marginally exceeds ULISSE -04-09 (95.18 vs.

94.78). Nevertheless, ULISSE consistently outperforms all competing methods

8We used implementations of RF and XGB available in scikit-learn with the Bayesian opti-

mization of the parameters that both algorithms introduce to handle data imbalance in the

learning stage.
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in both F1(D) and IoU metrics.

First, we observe that all models achieved their highest absolute perfor-

mance, in terms of both F1 and IoU, on the Czech Republic case study compared

to the Romania case study. This difference can be easily attributed to two fac-

tors: i) the limited amount of labelled data associated with the Romania case

study compared to the labelled data associated with the Czech Republic case

study (250k vs 1.2M) and ii) the lower disease severity level in the Romanian

dataset. Regarding this latter aspect, the distinction between healthy and dam-

aged trees is more subtle and less pronounced in the Romanian case study since

the disease is in an early stage, making accurate classification more complex.

These two factors likely combine to make the Romania case study a challenging

discrimination task. Second, we note that the performance gain between ULISSE

and the second-best competitor is more pronounced in the Romania case study.

This is likely because the PEFT-based strategy implemented by ULISSE effec-

tively leverages the pretrained vision model, while models trained from scratch

struggle to achieve satisfactory F1 and IoU performance with a limited amount

of labelled data. This finding further supports the rationale behind ULISSE

for reusing a pretrained backbone with a PEFT mechanism when only a lim-

ited number of labelled samples are available, compared to both standard full

fine-tuning and learning from scratch paradigms. In contrast, in the Czech Re-

public case study, this gain is less pronounced, as semantic segmentation models

trained from scratch can benefit from a larger training dataset.

4.4. Explanation insights

With the aim to make a step further in the analysis and characterization of

our framework, ULISSE, here we investigate the contribution of each Sentinel-

2 band, more precisely the corresponding time series, to the final classifica-

tion. Specifically, we aim to explain the decision process behind our frame-

work, ULISSE (run with LoRA), in the two case studies, by examining how each

Sentinel-2 band contributed to the detected diseased forest areas in the test-

ing scenes. To this purpose, we adopted the occlusion explanation approach
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proposed by Covert et al. (2021), where Sentinel-2 band time series were sys-

tematically occluded by replacing their values with a zero-valued time series.

We successively monitor the change in the output of the model. We decided

to use a zero-valued time series for occlusion since zero is the value commonly

employed to indicate cloudy, shadow, or defective Sentinel-2 acquisitions.

To explain the effect of a Sentinel-2 band, we computed the pixel-wise differ-

ence between the original model outcome, where all the bands are considered,

and the model outcome when a time series band is occluded. Let us remind

that our framework ULISSE employs a Sigmoid activation function for the final

prediction. Accordingly, given any imagery pixel x, if Sigmoid(x) ≥ 0.5 then

pixel x is assigned to semantic label +1 (“damaged”), otherwise it is assigned to

semantic label -1 (“healthy“). Notice that this binary assignment was decided

following the principle, also guiding the model development, that the higher the

Sigmoid value, the higher the probability that the considered pixel belongs to

a diseased forest area. Conversely, the lower the Sigmoid value, the higher the

probability that the considered pixel belongs to a healthy forest area. Hence, for

each Sentinel-2 band B, let Sigmoid⊕B(·) denotes the Sigmoid value computed

for each pixel with the ULISSE model when the time series of the Sentinel-2 band

B is used, while Sigmoid⊖B(·) denotes the Sigmoid outcome obtained with the

model when the time series of the Sentinel-2 band B is occluded. Based on

these premises, we formulate the explanation score xai(), reported in Equation

6, to quantify the contribution of a Sentinel-2 band B on the semantic label

predicted for a particular pixel x. Specifically,

xai(x, B) = y × (Sigmoid⊕B(x)− Sigmoid⊖B(x)), (6)

where y represents the ground truth semantic label of pixel x (i.e., y = −1 if x

belongs to an healthy forest patch, y = +1 if x truly belongs to a diseased forest

patch). A high xai score indicates that a Sentinel-2 band contributes positively

to the correct model decision on a pixel, while a low xai score indicates that a

Sentinel-2 band contributes negatively to the correct model decision on a pixel.

This interpretation of xai scores is based on the following considerations:
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• If y = +1 and Sigmoid⊕B(x) ≥ Sigmoid⊖B(x) then xai(x, B) ≥ 0. This

positive score explains that the use of band B leads to an increase in

the Sigmoid value computed for pixel x, which may facilitate the correct

assignment of pixel x to the semantic label “damaged” (+1).

• If y = +1 and Sigmoid⊕B(x) ≤ Sigmoid⊖B(x) then xai(x, B) ≤ 0. This

negative score explains that the use of band B leads to a reduction in the

Sigmoid value computed for x, which may cause a wrong assignment of

pixel x to the semantic label “healthy” (-1).

• If y = −1 and Sigmoid⊕B(x) ≥ Sigmoid⊖B(x) then xai(x, B) ≤ 0. This

negative score explains that the use of band B leads to an increase in the

Sigmoid value computed for pixel x, which may cause the wrong assign-

ment of pixel x to the semantic label “damaged” (+1).

• If y = −1 and Sigmoid⊕B(x) ≤ Sigmoid⊖B(x) then xai(x, B) ≥ 0. This

positive score explains that the use of band B leads to a reduction in the

Sigmoid value computed for x, which may facilitate the correct assignment

of pixel x to the semantic label “healthy” (-1).

We start with a global analysis of xai scores. In this regard, Figure 13 shows

the beeswarm charts9 of xai scores measured for each Sentinel-2 band, and for

each imagery pixel of the maps produced in the Czech Republic and Roma-

nia, respectively. Pixels are grouped in separate charts (Figs. 13(a) and 13(b)

for the Czech Republic, Figs. 13(c) and 13(d) for Romania) with respect to

their ground truth semantic labels. In each chart, Sentinel-2 bands are ranked

according to the average xai score measured for the plotted pixels in the con-

sidered band. These beeswarm charts deserve several considerations regarding

differences or similarities in the decision behaviour of the semantic segmentation

models adopted in the two case studies.

Regarding decisions on healthy semantic segments, the beeswarm charts re-

9https://seaborn.pydata.org/generated/seaborn.swarmplot.html
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(a) Czech Republic - y = −1 (b) Czech Republic - y = +1

(c) Romania - y = −1 (d) Romania - y = +1

Figure 13: Beeswarm charts of xai scores (axis X) measured per Sentinel-2 band (axis Y)

for all imagery pixels belonging to the healthy semantic segments (y = −1) and damaged

semantic segments (y = +1) in the ground truth labeling maps of the testing scenes in Czech

Republic (Figs. 13(a) and 13(b)) and Romania (Figs. 13(c) and 13(d)) case studies. In each

plot, Sentinel-2 bands are sorted on axis Y (from top to bottom) according to the average xai

score measured on testing pixels.

ported in Figures 13(a) and 13(c) show a clear difference in how the Sentinel-2

bands contribute to delineating the healthy forest patches in the Czech Repub-

lic and Romania. In general, the occlusion of B7, B5, B8 and B3 increases

the Sigmoid values measured for healthy pixels in the Czech Republic, with

the achievement of a positive xai score, on average, for these four bands (Fig.

13(a)). This means that each one of these bands makes it easier for the under-

lying semantic segmentation model to achieve the correct assignment of healthy

pixels in the Czech Republic. Notably, this explanation insight is in line with

the high value of Precision P measured in the evaluation of the accuracy per-

formance of ULISSE in the Czech Republic (see configuration LoRA in Table 4).
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On the other hand, the occlusion of any of the Sentinel-2 bands causes a general

decrease in Sigmoid values measured for healthy pixels in Romania. This is

underlined by the negative xai scores, on average, measured for all Sentinel-2

bands (Fig. 13(c)) with respect to the semantic label “healthy” in Romania.

Once more, these negative scores are aligned with the low value of Precision P

measured in Romania (see configuration LoRA in Table 4).

Instead, regarding decisions on damaged forest areas, the beeswarm charts

reported in Figures 13(b) and 13(d) show that B4, B8, and B8A are in the top-5

bands, with positive xai scores, on average, in both case studies. Notably this is

partially aligned with the study of Abdullah et al. (2019), who outlined that the

Green and Red bands (B3 and B4) are commonly monitored in the context of

the ecological process analysis, to examine the status of chlorophyll degradation

and nitrogen deficiency, while the NIR bands (B8 and B8A), as well the SWIR

bands (B11 and B12) commonly provide information to assess water content

and nitrogen concentration in trees. In any case, we also note that the expla-

nation analysis discloses the existence of some differences in how the semantics

segmentation models behave in the two case studies. For example, all bands

have a positive effect on correct decisions regarding the semantic label “dam-

aged” in Romania, while B3, B5, and B7 have a negative effect on the decisions

regarding the same label in the Czech Republic. On the other hand, B3, B5,

and B7 have a positive effect on correct decisions regarding healthy forest areas

in the Czech Republic. Conversely, B3 and B7, which have a negative effect on

correctly recognizing the semantic label “damaged” in the Czech Republic, have

a positive effect for the correct recognition of the same label in Romania, where

they are in the second and third place in the positive xai ranking, respectively.

In any case, these differences regarding the explanations of the decisions yielded

in the two case studies are not surprising, considering that the mortality sever-

ity of the monitored disturbance was different in the considered case studies,

i.e., “high” in the Czech Republic and “medium” in Romania. The explanation

analysis confirms once more that the Romania case study exhibits a more chal-

lenging detection task than the one associated with the Czech Republic case
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study. In fact, the analysis of the average xai score highlights that the consid-

ered semantic segmentation models struggle to correctly detect healthy areas in

Romania.

To complete this explanation analysis, Figures 14(a) and 14(b) show ex-

planation values measured for all Sentinel-2 bands across a testing scene of the

Czech Republic and Romania, respectively. For both scenes, we decided to show

explanation values obtained pixel-wise and masked according to the formula re-

ported in Equation 7:

xai′(x, B) =

0 if xai(x, B) ≤ 0

y × xai(x, B) otherwise
. (7)

xai′ applies a zero-valued mask to all pixels for which the explained band

has a negative effect on the correct decision (i.e., the decision that matches the

ground truth). In addition, it ranges in [0,1] for pixels for which the considered

band contributes positively to yield correct predictions for the semantic label

“damaged”, while it inverts the value in the range [-1,0] for pixels for which

the considered band contributes positively to yield correct predictions for the

semantic label “healthy”. Notably, the obtained visual results, on the example

scenes, confirm the conclusions drawn in the global explanation analysis

In particular, the example scene of the Czech Republic (Fig. 14(a)) shows

that B4 and B11 emerge as prominent bands to correctly delimit diseased forest

areas, while B7 and B5 emerge as prominent bands to correctly delimit healthy

boundaries surrounding the diseased forest areas. Similarly, B8A, B3, B7, B4,

B8 and B11 positively contribute to correctly delimiting the diseased forest ar-

eas in the considered scene of Romania (Fig. 14(b)). Also, this achievement

supports, at the local level, the effectiveness of insights already derived from

global explanations with regard to the effect of these bands on decisions of the

semantic label “damaged” in Romania. However, it is also confirmed that bands

B2 and B12 contribute to correctly delimiting the boundary of healthy forest

patches surrounding the diseased area. Notably, these bands are listed in the

study of Abdullah et al. (2019) who explored the relationships between the in-
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(a) Czech Republic

(b) Romania

Figure 14: Explanation score maps, obtained according to the formulation of xai′ using the

zero masking, and computed for each Sentinel-2 band in a testing scene of Czech Republic

(Fig. 14(a)) and Romania (Fig. 14(b)), respectively

formation conveyed in the Sentinel-2 bands and the spectral signs of bark beetle

disturbances. In fact, according to their study, Red-edge bands (B5 and B7) are

naturally involved in the model decisions’ explanations as they are proven to be

particularly sensitive to diseased and insect attacks. On the other hand, Green

and Red bands (B3 and B4) are involved as they are commonly affected by the

chlorophyll degradation and nitrogen deficiency, while both phenomena occur

with forest dieback. Finally, NIR bands (B8 and B8A) and SWIR bands (B11

and B12) are involved in the model decisions’ explanations as they are related

to the water content and nitrogen concentration in trees, which are commonly
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compromised by the bark beetle presence.

5. Discussion

To summarize, our research study has introduced a new methodological

framework to map bark beetle damage via satellite image time series of Sentinel-

2 imagery. Following a data-centric AI paradigm (Roscher et al., 2025), we

have demonstrated how a publicly available pretrained convolutional model can

be leveraged to accommodate a specific multi-temporal semantic segmentation

task through a combination of modern parameter-efficient fine-tuning mech-

anisms and a multi-temporal U-Net architecture. We have shown that our

framework is particularly effective in label-limited scenarios, such as the Roma-

nian dataset, where recent competing, multi-temporal semantic segmentation

approaches struggle to achieve satisfactory results. Despite these promising re-

sults, we acknowledge that our research has primarily focused on designing and

assessing the methodological aspects of the proposed framework, while follow-up

research in the ecological domain remains to be explored.

Wall-to-wall map generation and large-area processing: The map-

ping assessment in this study was conducted over spatially limited areas to pro-

vide a proof-of-concept for the mapping capabilities of ULISSE. Figure 15 depicts

two examples of binary maps generated by ULISSE and the FT model on a scene

from the Czech Republic (top) and a scene from the Romania case study (bot-

tom). These examples provide a visual proof of the mapping capability achieved

by ULISSE compared to the one exhibited by the full fine-tuning variant. Future

research should focus on scaling up this approach to enable large-area processing

of entire regions or countries, facilitating wall-to-wall mapping of bark beetle

damage. Such work deserves a dedicated study to operationalize and fully auto-

mate the entire workflow, addressing challenges inherent to large-area processing

and mapping, including the harmonization of multiple Sentinel-2 granules 10,

10https://sentiwiki.copernicus.eu/web/s2-products
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(a) RGB (Czech Republic) (b) ULISSE, IoU=0.47 (c) FT, IoU=0.45

(d) RGB (Romania) (e) ULISSE, IoU=0.55 (f) FT, IoU=0.00

Figure 15: RGB images, and binary prediction maps produced with ULISSE and FT for two

scenes in Czech Republic (Figs. 15(a)-15(c)) and Romania (Figs. 15(d)-15(f)), respectively.

The red polygons delimit the ground-truth areas damaged by bark beetle infestations.

the mosaicking of semantic segmentation outputs, and conducting a comprehen-

sive analysis and discussion of the resulting large-area thematic maps (Foody,

2002) to verify the forest disturbances caused by bark beetle outbreaks in the

target case study.

Connection between model performance and disease severity: As

introduced in Section 4.1, the documentation of DEFID2 reports that the Czech

Republic dataset exhibits higher disease severity than the Romania one, mak-

ing the latter a more challenging test bed for bark beetle damage detection.

The experimental evaluation confirms this, as lower performance was generally

achieved, with all competing methods, on the Romanian dataset in terms of

absolute values. Nevertheless, general conclusions about the relationship be-

tween model performance and disease severity cannot be drawn from only two

case studies. For this reason, a potential follow-up study could be devoted to
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a comprehensive and rigorous analysis of model performance across different

levels of disease severity. Such an analysis would aim to quantify the threshold

severity level beyond which the proposed model becomes unreliable, as well as

to characterize the correlation between model performance and disease severity.

Extension to other forest disturbances: Although ULISSE was devel-

oped for mapping bark beetle damage, the framework can be adopted to map

other forest disturbances such as fires, windstorms, or droughts. While the re-

mote sensing data pre-processing stage would remain largely unchanged, the

main adaptations would involve selecting appropriate temporal intervals for the

targeted disturbance and accessing relevant ground truth layers for the training

phase. Like many mapping strategies, ULISSE is based on a supervised learning

paradigm, where a classification model is trained using annotated data, more

precisely, densely annotated data patches for semantic segmentation. If such

ground truth data is available for the underlying mapping task, ULISSE can

be adopted to map any forest disturbance effect that can be characterized and

detected using Sentinel-2 multi-temporal data.

Finally, while this study has primarily focused on the design of the ULISSE

methodological framework and its direct assessment, the perspectives outlined

in this section highlight its potential to address pressing ecological and forest

management challenges. By bridging the gap between methodological innova-

tion and operational deployment, the discussed follow-ups can enable ULISSE

to evolve from a proof-of-concept framework into a practical tool for large-area

forest health monitoring in support of sustainable forest management.

6. Conclusion

In this paper, we have presented ULISSE: a deep learning methodology es-

pecially designed for the semantic segmentation of Sentinel-2 image time series.

The proposed methodology adopts a convolutional encoder-decoder architecture

with a multi-temporal encoder to handle time series of Sentinel-2 images. Each

encoder branch is based on a multispectral pretrained ResNet block, which is
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fine-tuned here for the considered downstream task using PEFT techniques. A

comprehensive experimental assessment evaluates the performance of our pro-

posed methodology in two case studies regarding the semantic segmentation of

forest disturbances caused by bark beetle outbreaks in the Czech Republic and

Romania. The evaluation results show that the use of a PEFT strategy outper-

forms the baseline approaches that use either training from scratch setting or

the standard full fine-tuning setup. In particular, ULISSE with LoRA achieves

the highest gain in accuracy with the lowest number of trainable parameters to

update. Furthermore, the evaluation results show that ULISSE is able to gain

accuracy accounting for multi-temporal Sentinel-2 images outperforming both

the baseline considering Sentinel-2 images acquired at a single timestamp, as

well as several related semantic segmentation methods formulated under both

the spatial and spatio-temporal settings. Finally, explanatory insights obtained

through occlusion-based analysis contribute to explaining differences in the de-

cision processes of the semantic segmentation models under the two case studies.

Several promising directions exist for future work. First, the current ap-

proach requires fixed-length time series input. Extending ULISSE to handle

variable-length time series data would be a valuable research direction, increas-

ing the flexibility of our framework and accommodating operational scenarios

in which no optical satellite images for a whole month are accessible. Second,

a multimodal extension of the proposed methodology can be proposed to han-

dle satellite images time series data acquired from different sensors (e.g., SAR

Sentinel-1 and multi-spectral optical Sentinel-2). Third, a two-step approach,

such as the one described by Illarionova et al. (2024) may also be explored in

the future, to guide the analysis of medium resolution Sentinel-2 image time se-

ries as presented in this work, with information extracted from high resolution

images such as the Google Earth-based images. In addition, following several

remote sensing studies, e.g., Andresini et al. (2023b); Illarionova et al. (2024),

as future work, the analysis can be enriched considering a selection of Spectral

Vegetation Indexes (e.g., NDVI, GNDVI), which are sensitive to the presence of

green vegetation, and commonly used to assess vegetation health and monitor
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environmental changes. Fourth, human-in-the-loop approaches, such as active

learning techniques, could be investigated to collaboratively identify the most

informative labelled patches to be acquired, thereby improving the supervision

and accuracy of the semantic segmentation model. Finally, while this study

employs a supervised pretrained vision model to design the multi-temporal en-

coder, recent advances in Computer Vision have demonstrated the potential of

self-supervised approaches as promising strategies for overcoming the need for

manual labels in developing effective large-scale pretrained deep learning back-

bones (Caron et al., 2021). Since self-supervised pretraining for Earth Obser-

vation remains a rapidly evolving field (Xiao et al., 2025), future research can

explore the challenges and opportunities of integrating a new self-supervised

framework, especially tailored for remote sensing data, into the methodology

proposed in this study.
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