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Abstract—Massive tree dieback events triggered by various
disturbance agents, such as insect outbreaks, pests, fires and
windstorms, have recently compromised the health of forests in
numerous countries with a significant impact on ecosystems. The
inventory of forest tree dieback plays a key role in understanding
the effects of forest disturbance agents and improving forest
management strategies. In this article, we illustrate a deep
learning approach that trains a U-Net model for the semantic
segmentation of Sentinel-2 images of forest areas. The proposed
U-Net architecture integrates an attention mechanism to amplify
the crucial information and a self-distillation approach to transfer
the knowledge within the U-Net architecture. Experimental
results demonstrate the significant contribution of both attention
and self-distillation to gaining accuracy in two case studies in
which we perform the inventory mapping of forest tree dieback
caused by insect outbreaks and wildfires, respectively.

Index Terms—Forest tree die-back monitoring, Semantic seg-
mentation, Attention, Self-distillation, Sentinel-2 image process-
ing, Insect outbreak monitoring, Forest wildfires monitoring

I. INTRODUCTION

Forest and woodland cover around one-third of the total land
area on Earth performing vital functions in mitigating climate
changes, as well as providing a wide range of ecosystem
services driven by their biodiversity [1]. Forest tree dieback is
an umbrella term that covers disturbance agents of all kinds
that negatively affect the health of forests. In particular, forest
damages may be caused by both biotic and abiotic agents (or
their combination), which cause mortality, or a significant loss
of vitality of trees [2].

Forest tree dieback surveillance has a crucial role in natural
resource monitoring by enabling foresters to perform informed
decision-making for effective environmental conservation and
sustainable development. In particular, monitoring forest tree
dieback caused by several disturbance agents (e.g., insect
outbreak, wildfires) is a fundamental step to improve forest
management strategies. Predicting where future disturbances
are likely to cause forest tree dieback is certainly a crucial and
challenging task in planning preventive mitigation strategies.
Besides forest tree dieback prevention, a monitoring system for
large-scale inventory of forest tree dieback is also essential to
prompt disturbance modelling, particularly in relation to cli-
mate or pollution, as well as to trigger quickly post-disturbance
forest management [3]. However, inventory strategies currently
adopted by foresters are mainly based on terrestrial fieldwork
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resorting to human assessment of the health status of forest
trees. This is laborious and, in the case of large forest zones,
it is time-consuming and expensive [4].

On the other hand, recent and rapid developments in remote
sensing fields have fostered the observation and imaging
of large-scale forest areas at low cost. Although the image
availability may be sometimes limited by technical issues (e.g.,
cloud cover), forest images are commonly available in an
inexpensive way,1 at a range of spatial and temporal scales
[5]. Simultaneously with the development of remote sensing
technology, image analysis and classification have obtained
impressive achievements in environmental monitoring and
management. Nowadays deep learning techniques applied to
remote sensing data are systematically reducing the amount of
forestry fieldwork by increasing forester abilities to speed-up
the production of maps of forest inventory results [6].

In particular, U-Net [7] is an increasingly popular deep
learning architecture, that is characterised by an encoder-
decoder convolutional structure oriented to perform imagery
semantic segmentation (i.e., categorization of pixels into a
class). This study is boosted by the good performance recently
achieved learning a U-Net model in a variety of image types
including remote sensing images [8], [9], [10]. Specifically, the
presented study looks to further the effort towards training a U-
Net model with Sentinel-2 images2 as input to replicate ground
truth forest tree dieback inventory mapping obtained with
workfield. The aim of this paper is to explore the incorporation
of both an attention mechanism and a self-distillation strategy
into a U-Net architecture to improve the accuracy of semantic
segmentation upon a standard U-Net architecture.

The attention [11] is a popular deep learning mechanism
that was originally introduced to improve the accuracy perfor-
mance of the encoder-decoder model for machine translation.
It amplifies crucial information allowing the adaptive selection
of the input where the model “sees” the most important
information. In this study, we incorporate the channel attention
[12] that captures cross-channel interaction in an efficient way.
The self-distillation [13] is a knowledge distillation strategy,
originally formulated for object detection, that realizes a
knowledge transfer in the same model - from the deeper
layers to the shallow layers. The proposed approach, named
TITANIA (self-DisTIlled uneT for Sentinel-2 imAge semaNtIc

1Remote image acquisition may be expensive due to the cost of building,
launching, and operating satellite remote-sensing systems. However, satellite
image collections, e.g., the Earth Sentinel-2 image collection acquired in the
Copernicus program, are freely available.

2The Sentinel-2 satellite carries a multi-spectral optical sensor that produces
images of the Earth with 10 m, 20 m and 60 m spatial resolution.
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segmentAtion), applies a self-distillation strategy to a U-Net
model that is trained with attention on Sentinel-2 images of
forest scenes.

The effectiveness of TITANIA is shown through an extensive
experimentation performed in two case studies regarding the
inventory of forest tree dieback patches due to insect (bark
beetle) outbreaks and wildfires, respectively. With regard to
the task of mapping forest tree dieback caused by bark beetle
outbreaks, we note that this study follows our previous work
[14], where we presented a machine learning approach to use
self-learning for training an XGBoost classification model by
leveraging both labelled and unlabelled Sentinel-2 images of
forest scenes. As in the case study considered in this work,
the XGBoost model was used in [14] to perform the inventory
of forest tree dieback caused by bark beetle outbreaks in the
unlabelled scenes of the self-learning step. Although the evalu-
ation study illustrated in [14] showed that the self-learning step
allowed the XGBoost classification model to achieve valuable
accuracy performances to map forest tree dieback in Sentinel-
2 images of forest scenes hosting bark beetle outbreaks, the
experimentation of this study shows that the deep neural model
of TITANIA gains accuracy compared to the machine learning
one. Notably, this is coherent with the recent achievements in
remote sensing [15] assessing the superiority of deep learning,
here enriched with attention mechanism and self-distillation,
with respect to machine learning.

The paper is organized as follows. The related work is
presented in Section II. Section III describes the method
used in this work. Section IV discusses the results obtained.
Finally, Section V draws conclusions and illustrates future
developments.

II. RELATED WORK

Several remote sensing studies leverage machine learning
and deep learning algorithms to monitor the health status of
forests in Sentinel-2 imagery data, and map different types
of forest disturbance events that cause forest tree dieback
events [16]. The most used machine learning algorithms are
Random Forest [4], [17], [18], [19], [20], [21] and Support
Vector Machine [21], [22], [23], [24], while XGBoost has
been recently experimented in [14]. These algorithms are often
coupled to spectral vegetation indices and specific learning
strategies such as cost-based learning [23] or self-learning
[14].

On the other hand, deep learning strategies have recently
seen a massive rise in popularity in several remote sensing
image analysis problems [15] by including problems of forest
health monitoring. [25] evaluates the performance of a U-
Net model trained to detect the forest damage induced by
bark beetle hotspots in Sentinel-2 images. [26] investigates the
performance of a U-Net model trained for forest change de-
tection in airborne images. [27] tests a combination of a Deep
Neural Network, a Support Vector Machine and a Random
Forest. [28] explores the performance of a Convolution Neural
Network trained in UAV images of forest areas damaged by
bark beetle hotspots. [29] presents an adjusted Mask R-CNN
to map standing dead trees in color-infrared aerial images

of forest areas. [9] integrates the attention mechanism in a
standard U-Net model and uses the defined architecture for
detecting deforestation within 3-band and 4-band Sentinel-
2 images. [30] tests multiple deep neural models, including
U-Net models and U-Net models with attention, for wildfire
detection in Sentinel-2 images.

Despite several recent remote sensing studies have con-
tributed to achieve good performance by using both U-Net and
U-Net with attention architectures in several problems of forest
health monitoring, to the best of our knowledge, no previous
study has explored achievements of self-distilling a U-Net
model to perform the inventory mapping of forest tree dieback
in Sentinel-2 images. In fact, the self-distillation strategy is
mostly applied to object detection. [31] uses self-distillation
to boost the accuracy of various deep neural networks trained
and evaluated for object detection in RGB images. A few
recent studies have started the investigation of self-distillation
within semantic segmentation in the medical domain. For
example, [32] explores the achievements of self-distillation
with semantic segmentation of 3D medical images.

III. PROPOSED METHOD

The schema of TITANIA is shown in Figure 1. Let us
consider D = {(X,Y)} a collection of Sentinel-2 images
of forest scenes recorded so that every mask Y is one-to-one
associated with an image X. In particular, Y ∈ {0, 1}W×H is
a binary mask with 1 = “damaged” and 0 = “healthy”, while
X ∈ RW×H×C is a tensor of spectral data. W and H are the
width and height of the imagery scene, while C is the number
of spectral channels.

The architecture of TITANIA consists of two main compo-
nents:

• A backbone model (or teacher model) that is implemented
with a U-Net architecture integrating an attention mech-
anism.

• Student models using the intermediate information of the
decoder part of the U-Net architecture.

Both the teacher and students contribute to the final semantic
segmentation performed by TITANIA.

U-Net is a deep learning architecture consisting of two
components: the encoder (or downsampling path) and the
decoder (or upsampling path). In TITANIA, we used an en-
coder part, where each downsampling layer consists of blocks
composed of both a Batch Normalization layer (BN) and a
2D Convolutional layer, followed by a Max-pooling layer for
downsampling. The height and width of the tensor halve after
each step, while the channel size remains unchanged. In the
decoder part, each upsampling layer consists of one transposed
Convolution layer and blocks of Batch Normalization (BN)
and 2D Convolutional layers. The decoder part of the U-Net
is symmetric to the encoder part.

During the upsampling path, the recreated spatial informa-
tion may lack accuracy [33]. This issue is commonly addressed
in the traditional U-net architecture using skip connections to
integrate spatial information from the downsampling path to
the upsampling path. Following the suggestion of [33], we use
a channel attention within the skip connections, to highlight
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Figure 1: Schema of TITANIA. Abbreviations: Conv = Convolution; BN = Batch Normalization; ECA=Efficient Channel
Attention

important information and mitigate the impact of redundant
data. For this purpose, we adopt the Efficient Channel At-
tention mechanism (ECA), introduced in [12]. Notably, this
channel attention mechanism is shown to achieve a good trade-
off between accuracy and efficiency [12].

As shown in Figure 2, ECA takes tensor data with dimen-
sion W ′ ×H ′ × C ′ as input. Notably, the input of the ECA
module is the output of a Convolutional layer. First ECA
applies the Global Average Pooling (GAP) to reduce the input
tensor to an output tensor with dimension 1 × 1 × C ′. This
reduction is performed by computing the channel-wise average
on the input tensor. Subsequently, it applies a 1D Convolu-
tional layer with a kernel size equal to k. This layer keeps a
tensor with dimension 1×1×C ′ and learns local cross-channel
dependencies between neighbouring channels. The Sigmoid
function σ is applied to the output of the 1D Convolutional
layer. This produces a tensor with dimension 1 × 1 × C ′

that contains the attention values. Finally, ECA computes the
element-wise product between the input data tensor and the
attention tensor by producing the output attention-aware data
tensor with dimension W ′ ×H ′ × C ′.

Self-distillation is a variant of knowledge distillation. Tradi-
tional knowledge distillation implements a two-stage training
method where a pre-trained (complex) teacher model is used
to train a (simple) student model. Differently, self-distillation
combines teacher and students into a single neural network
by learning both in a one-stage training method. In TITANIA,
we consider the U-Net as the teacher model and Fully Convo-
lutional Networks as student models. Students start from the
output of upsampling layers.

Let us consider ŷT the predictions computed with the

Figure 2: Schema of ECA. Abbreviations: 1D Conv = 1D
Convolutional layer; GAP = Global Average Pooling

teacher and ŷSi
the predictions produced by the student

Si with i = 1, . . . , N . The distillation loss minimised by
TITANIA is defined as:

LD = (1− α)LT(y, ŷ) + αLKL(ŷT , ŷS), (1)

with α ∈ [0, 1] that balances the two terms LT and LKL. The
term LT refers to the Tversky loss that is commonly used to
address the issue of data imbalance [34]. In this study, LT is
defined as the average of the Tversky loss computed on the
predictions of both the teacher and students, that is:

LT(ŷ, ŷ) =
1

N + 1
(

N∑
i=1

LT(y, ŷSi
) + LT(y, ŷT )). (2)

The term LKL(ŷT , ŷS) refers to the Kullback-Leibler (KL)
divergence computed to distil the knowledge between predic-
tions of the teacher and the predictions of each student. In
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particular, LKL is defined as follows:

LKL(ŷT , ŷS) =
1

N

N∑
i=1

KL(
ŷT
τ
,
ŷSi

τ
), (3)

where τ is a user-defined parameter, called temperature,
introduced to generate soft labels of both ŷT and ŷSi . The
higher the value of τ , the softer the probability distribution
computed over the classes [35].

Finally, TITANIA returns the segmentation map of an image
X by using the soft rule on the teacher and students. For each
imagery pixel, we collect the probabilities predicted by the
teacher and students for both class labels and select the class
label that achieves the highest probability.

IV. EVALUATION STUDY

A. Case study and data description

We evaluated the performance of TITANIA in two case
studies, namely BarkBeetle and WildFires, which involve
collections of non-overlapping forest scenes damaged by bark
beetle and wildfires, respectively. In both case studies, we pro-
cessed collections of Sentinel-2, cloud-free images of selected
forest scenes downloaded from ESA Copernicus open access
hub. Sentinel-2 spectral bands with different spatial resolutions
from 10 meters were all re-sampled at the same pixel size of
10 meters resolution.

1) BarkBeetle case study: In the BarkBeetle case study,
we considered a collection of 87 squared, non-overlapping,
forest scenes spanned in the Northeast of France. These scenes
cover spruce forestry areas, which were infested by bark
beetles in October 2018. The study scenes are all covered by
the map delineating the boundaries of bark beetle hotspots
causing forest tree dieback in the Northeast of France in
October 2018.3 As no large windthrows occurred in the years
before 2018 in the study scenes, the mapped outbreaks were
very likely caused by the hot summer droughts in 2018 [36].

The scenes of this study cover 2128785 pixels at 10 square
meters resolution. The size of the study scenes varies from
38 × 44 to 268 × 256 pixels at 10 square meters resolution,
while the percentage of damaged territory per scene varies
from 0.0027% to 0.13% of the scene surface. The total percent-
age of damaged territory of the entire study area is 0.022%.
We conducted the evaluation study by considering 71 scenes
(covering 1639971 pixels at 10 square meters resolution) as
training set and 16 scenes (covering 488814 pixels) as testing
set.

We considered six distinct collections of Sentinel-2 im-
ages acquired in the study territory. These collections,
namely BarkBeetleMay, BarkBeetleJun, BarkBeetleJul,
BarkBeetleAug, BarkBeetleSept and BarkBeetleOct, were
acquired monthly from May 2018 to October 2018, respec-

3The bark beetle outbreak ground truth map can be accessed via
https://macarte.ign.fr/carte/3bd52aa2b6422a3a58b5086576f91080/Foyers+
de+scolytes+dans+les+pessi\%C3\%A8res+et+les+sapini\%C3\%A8res+
du+Nord-Est+de+la+France,+automne+2018-printemps+2019

tively.4 Specifically, each imagery collection contains the
Sentinel-2 images of the study scenes acquired in the se-
lected month in 2018. For example, BarkBeetleOct collects
Sentinel-2 images of study scenes acquired in October 2018
– the time at which the ground truth maps of the bark
beetle outbreak were produced. Figure 3 shows the RGB of
Sentinel-2 images collected in BarkBeetleMay, BarkBeetle-
Jun, BarkBeetleJul, BarkBeetleAug, BarkBeetleSept and
BarkBeetleOct for one of the testing scenes of the BarkBee-
tle case study.

2) WildFires case study: In the WildFires case study, we
considered a collection of 13 squared, non-overlapping, scenes
of forest areas spanned across Spain with different terrain
types. These scenes hosted wildfire events between June 2017
and August 2018. The ground truth masks of the burned
areas were available based on vector data of Copernicus EMS
annotations.

The scenes of this study cover 16196048 pixels at 10 square
meters resolution. The size of study scenes varies from 564
× 531 to 1537 × 1873 pixels at 10 square meters resolution,
while the percentage of burned areas per scene varies from
0.0022% to 0.46%. The total percentage of burned territory in
the entire study area is 0.094%. We conducted the evaluation
study by considering 10 scenes (covering 11376495 pixels) as
training set and 3 scenes (covering 4819553 pixels) as testing
set.

We considered two Sentinel-2 image collections, namely
WildFiresPre and WildFiresPost, respectively. WildFiresPre
contains Sentinel-2 images of study scenes collected one
month before the activation date of each forest wildfire
event occurred in every study scene. WildFiresPost contains
Sentinel-2 images collected one month after the activation date
of each forest wildfire event occurred in every study scene.
The two datasets are publicly available,5 while a detailed
description of the data is provided by [37]. Figure 4 shows
the RGB of Sentinel-2 images collected in WildFiresPre and
WildFiresPost, respectively, for one of the testing scenes of
the WildFires case study.

B. Implementation details

We developed TITANIA6 in Python 3 using the high-level
neural network API Keras 2.11 integrated into TensorFlow.

The teacher backbone was based on a U-Net architecture
optimized for satellite images 7 and extended here with the
attention mechanism. In particular, each downsampling layer
of the encoder part of the adopted U-Net architecture consists
of 3 blocks containing both a BN layer and a 2D Convolutional
layer per block. The decoder part implements each upsampling
layer with one transposed Convolutional layer and three blocks

4 The Sentinel-2 imagery collections of the BarkBeetle case study were
produced within the EU research project SWIFTT (https://swiftt.eu/), to allow
the research partners of the project to develop machine learning which can
provide forest managers with models for monitoring forest tree dieback due
to bark beetle infestation.

5We used the images of the directory pink in https://doi.org/10.5281/zenodo.
6597139

6https://github.com/gsndr/TITANIA
7https://github.com/karolzak/keras-unet
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Figure 3: RGB of Sentinel-2 images acquired for one of the testing scenes of the BarkBeetle case study in May 2018
(BarkBeetleMay), June 2018 (BarkBeetleJun), July 2018 (BarkBeetleJul), August 2018 (BarkBeetleAug), September 2018
(BarkBeetleSept) and October 2018 (BarkBeetleOct), respectively.

Figure 4: RGB of Sentinel-2 images acquired for one of the
testing scenes of WildFires before the activation date of the
forest wildfire (WildFiresPre) and after the activation date
(WildFiresPost), respectively.

containing a BN layer and a 2D Convolutional layer per block.
For each Convolutional layer, the kernel size was set equal to
3 × 3. In addition, a 2 × 2 Max-pooling operation was used
with stride equal to 2 for downsampling. According to the
experimental setting reported in [12], the kernel size of the
ECA module was set equal to 3.

Student architectures were implemented as Fully Convolu-
tional Networks starting from upsampling blocks of the teacher
backbone. Each student includes (1) a variable number of
transposed Convolution layers, (2) a block with a BN layer,
a 2D Convolutional layer and the Dropout layer, (3) a 2D
Convolutional Layer and (4) the semantic segmentation layer.
The transposed Convolution layers are used to reconstruct the
output of the starting upsampling block to the size 32×32×64.
Each transposed Convolution layer doubles the width and
height of the previous layer. So, the number of transposed
Convolution layers in each student depends on the size of the
starting upsampling block. Specifically, TITANIA integrated
3 students that were placed in the 3rd, 4th and 5th upsam-
pling blocks (see Figure 1). In this study, experiments were
performed to evaluate the effectiveness of this decision (see
Section IV-D1). The dropout layer was used to perform data
regularisation and prevent overfitting.

In all layers, with the exception of the semantic segmenta-
tion layers of both teacher and students, the Rectified Linear

Table I: Hyper-parameter search space

Hyper-parameter Values

Mini-batch size { 22, 23, 24, 25, 26}
Augmentation {True, False}
Learning rate [0.0001, 0.01]
Dropout rate [0, 1]
α [0, 1]
τ [1, 30]

Unit function (ReLU) was used as the activation function.
The Sigmoid activation function was used in the semantic
segmentation layers.

The training stage of TITANIA was performed with imagery
tiles extracted on scene tiles with size 32×32. These tiles were
extracted from the training Sentinel-2 images by using tiler
library.8. In addition, an imagery tile augmentation strategy
was taken into account, to improve the performance of the
model. The augmentation strategy was implemented by using
the Albumentations library 9. Specifically, we quintupled
the number of training imagery tiles by creating new tiles
with traditional computer vision transformation operators (i.e.,
Horizontal Flip, Vertical Flip, Random Rotate, Transpose and
Grid Distortion).

The hyper-parameters of the final TITANIA model were
optimized using the tree-structured Parzen estimator algorithm,
implemented in the Hyperopt library. The optimization was
performed using a random stratified split of 20% of the
entire training imagery tile set as a validation set. The hyper-
parameter configuration, that achieved the highest F1 score
on the validation set, was automatically selected. The hyper-
parameter search space explored in this study is reported in
Table I. The TITANIA model was trained with mini-batches
by back-propagation, with a maximum number of epochs set
equal to 150. An early-stopping approach was used to retain
the best semantic segmentation model. The Adam update rule
was adopted for the gradient-based optimization.

C. Accuracy metrics
To evaluate the accuracy performance of scene maps pro-

duced through semantic segmentation we measured both F1
and IoU scores. The F1 score is commonly used in the eval-
uation of the accuracy of models trained in both classification

8https://github.com/the-lay/tiler
9https://albumentations.ai/
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and semantic segmentation problems. This is the harmonic
mean of Precision and Recall. The Precision= TP

TP+FP is
the fraction of pixels correctly classified in a specific class
(TP ) among pixels of the considered class (TP + FP ). The
Recall= TP

TP+FN is the fraction of pixels correctly classified in
a specific class (TP ) among pixels classified in the considered
class (TP+FN ). In this study, we computed the F1 score for
the two opposite classes of both case studies: “healthy” (h) and
“damaged” (d). The IoU (Intersection over Union) score is the
ratio of the intersected area to the combined area of prediction
and ground truth, that is, IoU= TP

TP+FP+FN . This is commonly
used in the evaluation of the accuracy of models trained in
both semantic segmentation and object detection problems. All
metrics are reported in percentages. The higher the values of
F1 and IoU, the more accurate the evaluated model. All these
metrics were computed on the semantic segmentation maps
produced for the testing scenes using the models trained on
the training scenes.

D. Results and discussion

The experimental study is organized as follows. We start
performing a quantitative analysis of the accuracy performance
of TITANIA. This analysis includes:

1) A sensitivity study to assess the effect of both position
and number of students on the proposed architecture
(Section IV-D1).

2) An ablation study to analyse the effect of both attention
and distillation on the proposed architecture (Section
IV-D2).

3) A comparative study to compare the performance of self-
distillation to that of traditional knowledge distillation
(Section IV-D3).

4) A temporal study of the performance of segmentation
models trained and tested on a collection of Sentinel-
2 images acquired in the study scenes at different
timestamps (Section IV-D4).

In BarkBeetle, experiments (1)-(4) were performed with
dataset BarkBeetleOct, while experiment (5) was performed
by considering datasets: BarkBeetleMay,BarkBeetleJun,
BarkBeetleJul, BarkBeetleAug, BarkBeetleSept and Bark-
BeetleOct, respectively. In WildFires, experiments (1)-(4)
were performed with dataset WildFiresPost, while experiment
(5) was performed with datasets: WildFiresPre and WildFire-
sPost, respectively.

Specifically, in both case studies, experiments (1)-(4) aim
to explore the ability of the proposed method to perform
the inventory of forest tree dieback caused by either bark
beetle outbreaks or wildfires. The inventory task aims to
prompt outbreak or wildfire modelling, particularly in relation
to climate and pollution, as well as to trigger post-outbreak
forest management. In particular, with regard to bark beetle
outbreaks, from the autumn until the following spring, the
dieback process commonly decelerates due to the dormancy
of bark beetles. So, according to some communications with
foresters reported by [4], the beginning of the autumn, i.e.,
October in this study, may be considered the most suitable
period for proactive measures, i.e., for looking for areas of

infested trees and removing them from the forest before next
spring. In addition, large-scale inventory results may support
locating undiscovered previous breeding sites and prompting
the application of field monitoring in the vicinity of the
detected hotspots, to identify recent, early-stage infestations in
the neighbour area [38], [14]. On the other hand, experiment
(5) allows us to perform a preliminary investigation of the
performance of the proposed method in predicting future bark
beetle outbreaks or forest fires based on data enclosed in
Sentinel-2 images.

Subsequently, we perform a qualitative analysis of perfor-
mances by analysing some semantic segmentation maps pro-
duced by TITANIA in the two considered case studies (Section
IV-D5). We perform this map analysis referred to testing
scenes within the different collections of Sentinel-2 images
considered in the temporal exploration of the performance
done in both case studies.

1) Exploring position and number of shallow students: To
explore the joint effect of both the position and the number of
students on the performance of TITANIA, we considered the
following schemes:

• Deep Student Schema: students are placed in the
deeper layers (the nearest to the output) of the decoder
of the U-Net architecture. This schema was tested with
the number of students varying among 1, 2, 3, 4 and 5.

• Shallow Student Schema: students are placed in the
first layers of the decoder of the U-Net architecture.
This schema was tested with the number of students
varying among 1, 2, 3 and 4. As the decoder of the
U-Net of TITANIA comprises five layers, the Shallow
Student Schema with 5 students is the same as the
Deep Student Schema with 5 students.

• Uniform Student Schema: students are distributed in
the decoder of the U-Net architecture following a uniform
distribution. This schema was tested with the number of
students equal to 2 or 3.

Table II reports F1(h), F1(d) and IoU measured in ex-
periments performed on both BarkBeetleOct and WildFire-
sPost by using TITANIA with the three student schemes
described above. In BarkBeetleOct, the tested configurations
of Shallow Student Schema achieve similar performances
independently of the number of students. The same outcome
is observed, in both datasets, for the tested configurations of
Uniform Student Schema. Instead, in both datasets, Deep
Student Schema configurations show some variability in
the performance especially in F1(d) an IoU. However, in
both datasets, the intermediate configuration of Deep Student
Schema, i.e., the configuration with three students placed in
the last three layers of the decoder of the U-Net architecture,
achieves the highest performance of this comparative study in
all the three metrics. This can be explained by considering that
the Deep Student Schema places the shallow students in the
deeper layers (the nearest to the output) of the decoder of the
U-Net architecture. In this way, shallow models can handle
a deeper representation of input data for self-distillation.
Specifically, the data representation inputted to the shallow
models passes across initial layers of the decoder before
being processed through self-distillation. Our feeling is that
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Table II: Accuracy performance of TITANIA measured on the testing Sentinel-2 images of BarkBeetleOct and WildFiresPost
for models trained on the training set of BarkBeetleOct and WildFiresPost by TITANIA considering the Deep Student
Schema, Shallow Student Schema and Uniform Student Schema to define the position and the number of students. (*)
denotes the default configuration of TITANIA. The best results are in bold.

Schema Student position BarkBeetleOct WildFiresPost

F1(h) F1(d) IoU F1(h) F1(d) IoU

Deep Student Schema

{5} 99.47 66.59 49.92 97.19 86.74 76.59
{5,4} 99.54 67.18 50.58 97.91 89.50 80.98
{5,4,3}* 99.51 68.11 51.65 98.39 91.45 84.24
{5,4,3,2} 99.48 66.99 50.36 97.42 87.12 77.18
{5,4,3,2,1} 99.50 66.60 49.92 97.92 88.67 79.65

Shallow Student Schema

{1} 99.44 64.15 47.21 95.67 81.70 69.06
{1,2} 99.55 64.69 47.81 97.26 84.07 72.52
{1,2,3} 99.44 64.20 47.28 96.10 82.40 70.07
{1,2,3,4} 99.48 64.29 47.37 97.34 87.38 77.59

Uniform Student Schema {1,3,5} 99.52 66.83 50.19 97.49 88.29 79.04
{2,4} 99.49 66.53 49.85 97.78 89.44 80.90

Table III: Accuracy performance of TITANIA and its variants:
U-Net, Attention U-Net, Self-distilled U-Net. The best re-
sults are in bold

Configuration BarkBeetleOct WildFiresPost

F1(h) F1(d) IoU F1(h) F1(d) IoU

U-Net 99.52 61.79 44.71 95.81 82.36 70.00
Attention U-Net 99.48 65.93 49.18 96.91 86.16 75.69
Self-distilled U-Net 99.50 67.98 51.49 98.22 91.13 83.71
TITANIA 99.52 68.11 51.65 98.39 91.45 84.24

this can contribute to better learn complex relations among
spectral data by boosting a gain in the capability of separating
the two classes. This configuration is considered the default
configuration of TITANIA (as reported in the implementation
details), and it is used in the remaining experiments of this
study.

2) Ablation architecture analysis: TITANIA combines U-
Net, channel attention and self-distillation. To explore the
effect of each component on the performance of TITANIA, we
perform an ablation study that includes the following baselines
of TITANIA:

• U-Net that trains the standard U-Net architecture.
• Attention U-Net that trains the U-Net architecture with

channel attention.
• Self-distilled U-Net that trains the standard U-Net self-

distilled with three students placed in the deeper layers
of the decoder according to the Deep Student Schema.

Table III reports F1(h), F1(d) and IoU measured in the
experiments performed on both BarkBeetleOct and Wild-
FiresPost with TITANIA and its baselines: U-Net, Attention
U-Net and Self-distilled U-Net. In both datasets, both the
channel attention and the self-distillation strategy improve the
performance of the standard U-Net architecture along the three
metrics. In general, the gain of performance achieved with
the self-distillation strategy is greater than the gain achieved
with the channel attention. This confirms the intuition that
integrating a self-distillation approach into the U-Net archi-
tecture can help us to improve the performance of the final

semantic segmentation model accounting for the ensemble of
predictions yielded from both the teacher and the shallow
student. This result is coherent with multiple studies performed
in various fields [39], [40] showing that ensemble learning
commonly outperforms single model learning. In addition,
the channel attention integrated into TITANIA allows us to
gain accuracy thanks to its ability to capture the local cross-
channel relationships between every channel and its neighbour
channels [12]. In conclusion, the ablation study shows that
the joint use of channel attention and self-distillation strategy
allows us to achieve better semantic segmentation performance
in both datasets.

3) Self-distillation versus Knowledge distillation: To anal-
yse the effectiveness of adopting self-distillation in semantic
segmentation problems, we compare the performance of the
self-distillation strategy currently realized in TITANIA to that
of the traditional knowledge distillation strategy [35]. In
this study, we consider the competitor KD that performed
the knowledge distillation strategy with the Attention U-Net
network as teacher and a tiny Fully Convolutional network
as student. In particular, the student of KD shares the same
architecture as the students of TITANIA. According to the
theory reported in [35], first the teacher of KD was pre-trained
and, then the student was trained jointly with the teacher by
optimizing the KD loss. The student was, finally, used to
produce the segmentation maps of testing Sentinel-2 images.

Figure 5 shows F1(h), F1(h) and IoU measured in experi-
ments performed on both BarkBeetleOct and WildFiresPost
with TITANIA and its competitor KD. In both datasets, the
self-distillation strategy outperforms the traditional knowledge
distillation strategy in all the collected metrics. Notably, this is
coherent with the conclusions drawn in [31] for classification
models, which suggested that training two separate models
can lead to a degradation of the performance of the classifier
compared to the use of the self-distillation strategy. This
degradation of accuracy may depend on a gap between the
teacher’s model and the student’s model due to architectural
and capability differences, which may lead to a degradation
of performance in terms of accuracy. In fact, the knowledge
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Figure 5: F1(h), F1(d) and IoU of KD and TITANIA

Table IV: Accuracy performance of semantic segmentation
produced with Attention U-Net and TITANIA in the Sentinel-
2 imagery collections of study scenes acquired over time. For
each timestamped imagery collection, the best results are in
bold.

Imagery set Attention U-Net TITANIA

F1(h) F1(d) IoU F1(h) F1(d) IoU

BarkBeetleMay 98.19 27.58 15.99 98.61 32.10 19.12
BarkBeetleJun 96.84 20.09 11.17 98.54 32.32 19.28
BarkBeetleJul 98.09 26.47 15.26 99.07 33.37 20.03
BarkBeetleAug 98.92 39.04 24.25 99.23 45.20 29.20
BarkBeetleSept 99.43 61.39 44.29 99.48 64.21 47.28
BarkBeetleOct 99.48 65.93 49.18 99.52 68.11 51.65

WildFiresPre 87.99 50.36 33.66 89.81 55.17 38.09
WildFiresPost 96.91 86.16 75.69 98.39 91.45 84.24

distillation uses a smaller and less complex student model than
the teacher model for the final decision. On the other hand,
in the self-distillation strategy tested in this study, both the
teacher and the shallow student models are trained together
and involved in the same semantic segmentation task.

4) Temporal study: We perform a temporal study, to ex-
plore the performance of the semantic segmentation outcome
produced with the Sentinel-2 image collections acquired for
study scenes in different time periods before the production
of the ground truth map of the disturbance events causing
the forest tree dieback. In this analysis, we focus on the
effect of self-distillation. So, we compare the performance of
TITANIA and its baseline Attention U-Net, that takes away the
self-training strategy for training the semantic segmentation
model. Both methods were trained and tested on the imagery
collections: BarkBeetleMay, BarkBeetleJun, BarkBeetle-
Jul, BarkBeetleAug, BarkBeetleSept and BarkBeetleOct
of the BarkBeetle case study, and on the imagery collections:
WildFiresPre and WildFiresPost of the WildFires case study.
This analysis allows us to explore the ability of training seman-
tic segmentation models which are able to predict where forest
disturbance events are likely to cause future tree dieback.

Table IV reports F1(h), F1(d) and IoU collected in the

temporal study performed in the two case studies. As expected
the performance of both methods improves as the Sentinel-2
images used for training and testing are acquired closer to
the period in which the study tree dieback truth map was
observed. In any case, TITANIA systematically outperforms
its baseline Attention U-Net regardless of the period in which
the Sentinel-2 images were acquired. These results show that
despite the prediction of the early stages of the forest tree
decay is a difficult task to address using satellite imagery only,
the use of the self-distillation approach of TITANIA proves to
be more robust than the Attention U-Net even in the early
detection task. Our feeling is that this result is achieved thanks
to the ability of self-distillation to help TITANIA models find
flat minima, by allowing better generalization performances
[41].

By focusing on the case study regarding the detection of the
forest tree dieback caused by bark beetle infestation hotspots,
in a recently published paper [14], we have illustrated our
previous work describing a machine learning approach for
bark beetle-induced tree dieback in Sentinel-2 images. This
approach, named SILVIA, integrates classification, spectral
vegetation indices and self-learning. As SILVIA was tested
in the same case study in the Northeast of France evaluated
in this work, we consider it as a related method for this case
study. The experimentation illustrated in [14] was performed
using a preliminary version of the Sentinel-2 dataset of the
study scenes, which was created for October 2018 by selecting
10 bands only (and excluding Red Edge 2, Narrow NIR and
SWIR-CIRRUS). To achieve a fair comparison, we ran SILVIA
on the complete imagery collections BarkBeetleMay, Bark-
BeetleJun, BarkBeetleJul, BarkBeetleAug, BarkBeetle-
Sept and BarkBeetleOct. Figure 6 shows the IoU measured
in these imagery collections with TITANIA and the related
method SILVIA. Notably, these results show that TITANIA
systematically outperforms SILVIA in all the months of the
study. We point out that the self-learning step of SILVIA was
performed with the XGBoost classifier, while TITANIA im-
plemented a deep learning-based approach enriched with self-
distillation and attention. In general, deep learning algorithms

This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2024.3460981

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING 9

have been proven to be more effective than traditional machine
learning strategies thanks to their ability to learn non-linear
dependencies between features.

Figure 6: IoU measured with SILVIA and TITANIA in the
Sentinel-2 imagery collections of the BarkBeetle study scenes
acquired from May 2018 to October 2018.

5) Semantic segmentation map analysis: To complete this
investigation we analyse some semantic segmentation maps
produced in both the considered case studies. Specifically,
we analyse segmentation maps produced in the ablation study
(Section IV-D2) with models trained by TITANIA and its three
baselines: U-Net, Attention U-Net and Self-distilled U-Net,
respectively. In addition, focusing the attention on the effect of
self-distillation, we analyse the semantic segmentation maps
produced with both TITANIA and Attention U-Net in the
temporal study (Section IV-D4) of both case studies.

With regard to the BarkBeetle case study, Figure 7 reports
the semantic segmentation maps produced for the testing
sample scene shown in Figure 3 with models trained by U-
Net, Attention U-Net, Self-distilled U-Net and TITANIA,
respectively. These maps were produced in the ablation ex-
periments conducted on BarkBeetleOct. The maps show that
all the methods of the ablation study are able to identify the
three large damaged patches which appear in the ground truth
map of the bark beetle outbreaks of this scene. In addition,
all the methods alert the same false damaged patch. On the
other hand, TITANIA is able to discover four small damaged
patches that are neglected by both U-Net and Attention U-
Net. Notably, three of these small damaged patches are also
neglected by Self-distilled U-Net. Hence, this visual analysis
shows that the proposed combination of U-Net, attention and
self-distillation can actually contribute to detecting some tree
dieback patches caused by bark beetle infestation, which are
unseen in the output of the ablation configurations.

Continuing the analysis of the segmentation maps produced
in the BarkBeetle case study, Figure 8 shows the semantic
segmentation maps produced by both TITANIA and Attention
U-Net in the temporal study for the testing sample scene
reported in Figure 3. Specifically, these maps were produced
in the experiments conducted on the Sentinel-2 image col-
lections: BarkBeetleMay, BarkBeetleJun, BarkBeetleJul,
BarkBeetleAug, BarkBeetleSept and BarkBeetleOct, re-
spectively. The segmentation maps show that considering the
ground truth maps as bark beetle outbreaks will appear in
October 2018, the number of false alarms (pixels wrongly
labelled as damaged by the infestation) is higher the further the

processed images are acquired from October 2018. However,
the false alarm patches are less extensive with TITANIA than
with Attention U-Net. Finally, in all the study months the
patches alerted as possibly infested are close to the areas where
the bark beetle outbreaks will be visible in October 2018.

With regard to the WildFires case study, Figure 10 reports
the semantic segmentation maps produced for the testing
sample scene shown in Figure 4. These maps were produced
with models trained by U-Net, Attention U-Net, Self-distilled
U-Net and TITANIA, respectively in the ablation experiment
conducted on the Sentinel-2 imagery collection WildFires-
Post. The use of the self-distillation strategy allows us to
remove the presence of false salt-and-pepper alerts which
appear in the semantic segmentation maps produced with both
U-Net and Attention U-Net. On the other hand, TITANIA
delimit the wildfire areas slightly better than Self-distilled U-
Net.

Finally, Figure 10 reports the semantic segmentation maps
produced for the study testing scene shown in Figure 4 by At-
tention U-Net and TITANIA in the temporal study performed
with WildFiresPre and WildFiresPost, respectively. TITANIA
takes advantage of the self-distillation strategy and delimits
the damaged area in the image acquired one month after the
wildfire activation better than Attention U-Net. In addition,
TITANIA removes false salt-and-pepper alarms in the map
produced in the experiment performed on WildFiresPost. On
the other hand, although TITANIA fails to remove false salt-
and-pepper alarms in the Sentinel-2 image acquired before the
wildfire activation, it is still able to outperform Attention U-
Net by increasing the number of true alarms in the experiment
performed on WildFiresPre.

V. CONCLUSION

In this study we have explored the effect of performing
a self-distillation strategy and leveraging a channel attention
mechanism in a U-Net architecture trained to perform the
inventory of forest tree dieback in Sentinel-2 images. The
effectiveness of the proposed method TITANIA was evaluated
in two case studies which refer to forest scenes damaged by
bark beetle and wildfires, respectively. In particular, the effec-
tiveness of TITANIA was quantified in terms of semantic seg-
mentation accuracy. The obtained results have shown that TI-
TANIA is able to outperform ablation approaches that discard
the self-distillation strategy and/or the attention mechanism.
Furthermore, the experimental results have clearly highlighted
that the self-distillation strategy outperforms the traditional
knowledge distillation strategy. Finally, self-distillation allows
us to gain accuracy compared to the baseline segmentation
models also in the early detection task.

Possible future research directions could be devoted to equip
TITANIA with data fusion mechanisms, to process simulta-
neous observation data acquired for the same forest scenes
from different sources (e.g., Sentinel-1 and Sentinel-2 images,
meteorological and pollution parameters, terrestrial data). This
multi-source approach may allow us to further improve the
performance of TITANIA particularly in the early detection
task. In fact, as recently reported in [42], terrestrial monitoring
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Figure 7: Predicted inventory of the bark beetle-induced forest dieback in the sample scene of the testing set shown in Figure
4. The maps were produced with U-Net (7a), Attention U-Net (7b), Self-distilled U-Net (7c) and TITANIA (7d) experimented
using the imagery collection BarkBeetleOct. The white pixels are the ones predicted in the “damaged” class. The yellow
polygons delimit the boundary of the ground truth hotspots of the bark beetle infestation in this sample scene.

may significant help in detecting early crown discoloration
caused by bark beetle infestation. On the other hand, [43] has
recently discussed the crucial role of climate information to
prevent and promptly fight fires.

A further research direction refers to the exploration of
the transferability of the semantic segmentation model trained
for a specific disturbance in a specific geographic area and
time period to different geographic areas or time periods.
In addition, we intend to explore possible transfer learning
techniques to update the semantic segmentation model trained
to map forest tree dieback caused by a specific disturbance
agent to a different disturbance agent. With this regard, we
also plan to explore the performance of the proposed method
in presence of multiple disturbance agents.
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Figure 9: Predicted inventory of the forest tree dieback due
to wildfires in the sample scene of the testing set shown in
Figure 4. The maps were produced with U-Net (9a), Attention
U-Net (9b), Self-distilled U-Net (9c) and TITANIA (9d). The
white pixels are the ones predicted in the “damaged” class.
The yellow polygons delimit the boundary of the ground truth
of the wildfire damages in the sample scene.
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