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Abstract

This thesis presents a novel framework aimed at enhancing the detection and classi-
fication of atmospheric particles through the integration of deep learning and com-
puter vision techniques. Motivated by the need for accurate environmental monitor-
ing and robust decision support systems, particularly in regions affected by volcanic
activity and extreme weather conditions, the research focuses on developing a Mul-
timodal AI Engine that leverages heterogeneous data sources to provide reliable
real-time insights.

The study introduces innovative methodologies for preprocessing raw lidar-based
ceilometer data, transforming it into high-resolution, time-indexed images that serve
as a robust foundation for training advanced deep learning models. A comprehensive
benchmarking of various architectures, including Convolutional Neural Networks
(CNNs) and Vision Transformers (ViT), is performed to evaluate their performance
in detecting and classifying atmospheric phenomena. Moreover, the thesis explores
the integration of Transfer Learning and Federated Learning paradigms, which not
only improve model generalizability but also address critical issues related to data
privacy and computational scalability.

Key contributions of this work include the development of novel datasets tailored
to atmospheric particle detection, the evaluation of deep learning models under
diverse operational scenarios, and the demonstration of practical applications. The
research further highlights the potential of advanced AI methodologies to facilitate
informed decision-making in high-stakes environmental contexts.

The findings indicate that the proposed framework significantly enhances the



il

accuracy and efficiency of atmospheric particle detection, while also identifying sev-
eral limitations related to data quality, model interpretability, and computational
resource demands. These insights provide a solid foundation for future research
aimed at refining data fusion techniques, improving model transparency, and opti-

mizing the deployment of Al systems in real-world settings.
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Chapter 1

Introduction

1.1 Motivation

The climate plays an undeniable role in shaping the lives of individuals and societies.
The influence of weather events can be deep and affect everything from transport
and energy production to the safety and well-being of people. For example, extreme
weather conditions can lead to the closure of airports, disrupt public transport
and damage infrastructure. In more extreme cases, weather phenomena can cause
catastrophic events that put life and property at extreme risk. In these scenarios, it
is clear that there is a need for tools aimed at preventing and forecasting phenomena
of this type, using the best detection instruments in this field.

In particular, in Catania (Sicily, Italy), the eruption of the Mount Etna (one
of the highest active volcanoes in Europe) represents a significant challenge. The
volcanic ash it produces can impact daily life. Airports in the region are often
forced to close down, causing flights to be cancelled and causing widespread travel
disruption. It is not only Catania airport that suffers severe disruptions, but also
the nearby airports as far as Reggio Calabria (Calabria, Italy) or Comiso (Sicily,

Italy), as reported in Figure 1.1. For example, studies have shown that volcanic ash
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Figure 1.1: Map of Sicily showing the location of major airports affected by volcanic
activity from Mount Etna.

clouds can have severe impacts on aviation, as was evidenced by the 2010 eruption
of Eyjafjallajokull in Iceland [51], which led to the largest air-traffic shutdown since
World War II. But it is not only airports that suffer from such events. The build-up
of volcanic ash on photovoltaic panels significantly reduces their efficiency, hindering
the production of solar energy. In addition, volcanic ash can damage buildings,
vehicles and crops, causing significant economic losses.

Given the critical impact of these events, the necessity of effective decision-
making tools is crucial. Decision makers need accurate and well-timed information
to respond effectively to these challenges. In recent years, Al has been increasingly
integrated into various fields, demonstrating its potential in improving decision-
making processes in a wide range of applications. Exploiting AI in the context of

weather phenomena, particularly those related to volcanic ash and other atmospheric
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particles, can provide valuable support to decision-makers.

While Mount Etna’s frequent eruptions provide a compelling case study for the
detection and classification of volcanic ash, the ultimate aim of this research is to
advance our ability to forecast the movement of suspended particulates in the at-
mosphere more generally. The methodologies developed herein—namely, the trans-
formation of ceilometer backscatter profiles into time-indexed visual representations
and the application of deep learning models (supported by transfer and federated
learning paradigms)—are designed to distinguish between diverse particulate types
(e.g., volcanic ash, industrial emissions, Saharan dust and meteorological hydrome-
teors such as cloud droplets, rain, snow and hail). By demonstrating robust perfor-
mance on tasks like cloud detection, this thesis lays the groundwork for extending
its predictive engine to other scenarios of environmental and public-safety impor-
tance, including the dispersion of pollutants following industrial accidents and the
transboundary transport of mineral dust. In so doing, it contributes to a more
comprehensive decision-support framework capable of anticipating particulate dis-
tributions across multiple temporal and spatial scales.

In this way, the motivation of this research is strongly based on the desire to mit-
igate the effects of adverse weather events and improve the resilience of systems and
infrastructure by recognising the different types of particles within the atmosphere.
Using Al, and in particular applying advanced deep learning and computer vision
techniques, this research aims to develop tools that can analyse and classify parti-
cles more accurately and efficiently. The long-term aim is to provide decision-makers
with reliable information to help them make informed decisions, via a Multimodal
Al Engine, thus reducing the negative impact of these events.

The importance of such research cannot be underestimated, especially in a region
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like Catania, where the effects of Mount Etna’s eruptions are a regular occurrence.
The development of Al-driven tools that can predict and analyze these events in real-
time offers a promising solution to the challenges faced by the region. Moreover, the
broader implications of this research extend beyond volcanic activity, with potential
applications in various atmospheric conditions that affect transportation, energy
production, and public safety.

In summary, this research is motivated by the need to develop robust tools that
leverage the power of Al to mitigate the impacts of adverse atmospheric events. By
focusing on the unique challenges posed by Mount Etna and other atmospheric phe-
nomena, this research aims to contribute to the broader effort to enhance resilience
and improve decision-making processes in the face of atmospheric multi-hazard chal-

lenges.

1.2 Objectives

The primary objective of this research is the development of a Multimodal Al En-
gine capable of providing robust decision support in the context of atmospheric
phenomena, particularly those involving volcanic ash and other airborne particles.
The proposed Al Engine will be designed to integrate data from various meteoro-
logical instruments and models, sensors, allowing for a comprehensive analysis of
atmospheric conditions, using a Trusted Execution Environment (TEE).

The application of neural networks, particularly deep learning models, has shown
big potential in various fields, and this research seeks to harness that potential
in the domain of atmospheric analysis. By employing advanced computer vision

techniques, the AI Engine will be capable of detecting and classifying atmospheric
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particles, providing real-time insights that can assist decision-makers in responding
to environmental challenges.

Rather than treating each input separately, this thesis adopts a practical frame-
work to draw together different types of data, including lidar, as well as data from
high-resolution meteorological models. This approach not only enhances the accu-
racy of atmospheric particle detection but also provides a more holistic understand-
ing of atmospheric conditions, thereby improving the reliability of the Al Engine’s
outputs.

Moreover, the research aims to address the challenges associated with the scarcity
and quality of data in this domain. By developing novel methods for data prepro-
cessing and augmentation, the research seeks to overcome these challenges, ensuring
that the AI models are trained on high-quality data that accurately represents the
complexity of atmospheric phenomena.

Ultimately, the goal is to create an Al-driven tool that can be deployed in real-
world scenarios, providing decision-makers with the information they need to make
timely and informed decisions. Whether it is managing air traffic during a vol-
canic eruption or optimizing the performance of solar panels in the face of adverse
weather conditions, the Al Engine developed through this research has the potential
to make a significant impact. To ensure data privacy and model integrity, the system
leverages TEE, which enable secure processing of sensitive information during both
training and inference. Furthermore, adopting a federated learning paradigm allows
the model to be trained across multiple data sources without exposing proprietary

data, thereby enhancing both security and scalability.
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1.3 Contributions

The scientific contributions of this research are several and can be categorized in

different key areas:

¢ Development of Novel Datasets: One of the primary contributions is the
creation of innovative datasets derived from raw lidar data, which were pro-
cessed into hourly images representing various atmospheric conditions. These
datasets are not only unique but also crucial for training and benchmarking

Al models in the context of atmospheric analysis.

¢ Benchmarking of Deep Learning Architectures: The research includes
a comprehensive benchmarking of existing deep learning architectures, such as
Vision Transformers (ViT) and Convolutional Neural Networks (CNNs), for
the task of atmospheric particle detection. The results highlight the strengths

and limitations of these models, providing valuable insights for future research.

e Integration of Multimodal Data: Another significant contribution is the
integration of multimodal data from various meteorological instruments and
models. This approach enhances the accuracy and robustness of the AI Engine,

allowing it to provide more reliable outputs.

e Application of Transfer and Federated Learning: The research also
explores the application of transfer and federated learning in the context of
atmospheric analysis. This approach enables the training of AI models across
multiple distributed datasets, enhancing the generalisability of the models

while preserving data privacy.
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e Practical Applications: The research demonstrates the practical applica-
tions of the developed AI Engine in real-world scenarios, such as improving
the management of air traffic during volcanic eruptions and optimizing the

performance of solar panels in adverse weather conditions.

e Scientific Publications: The research has led to several scientific publica-
tions, contributing to the body of knowledge in the fields of deep learning,
computer vision, and atmospheric science. Scientific publications during the

Ph.D. are listed below (* denotes equal contribution):

— Conference Casella, B.*, Chisari, A. B.*, Battiato, S., & Giuffrida, M.
V. (2022). Transfer learning via test-time neural networks aggregation.

In proceedings VISAPP 2022. [20]

— Conference Chisari, A. B., Ortis, A., Guarnera, L., Patatu, W. C., Gian-
dolfo, R. A., Spampinato, E., Battiato, S., & Giuffrida, M. V. (2024). On
the cloud detection from backscattered images generated from a lidar-based

cetlometer: Current state and opportunities. In 2024 IEEE International

Conference on Image Processing (ICIP) (pp. 144-150). IEEE. [30]

— Conference Casella, B.*, Chisari, A. B.*, Aldinucci, M., Battiato, S., &
Giuffrida, M. V. (2024). Federated Learning in a Semi-Supervised Enuvi-
ronment for Farth Observation Data. In ESANN 2024 Proceedings-32th
European Symposium on Artificial Neural Networks, Computational In-

telligence and Machine Learning (pp. 93-98). Michel Verlesian. [19]

— Journal Chisari, A. B., Guarnera, L., Ortis, A., Patatu, W. C., Casella,
B., Naso, L., Puglisi, G., Del Zoppo, V., Giuffrida, M. V., & Battiato, S.
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(2025). Cloud Detection Challenge - Methods and Results. IEEE Access.
[29]

— Journal Chisari, A. B., Guarnera, L., Ortis, A., Patatu, W. C., Bat-
tiato, S., & Giuffrida, M. V. (2025). Benchmarking computer vision

architectures for cloud detection from lidar ceilometer backscatter data.

The Visual Computer, 1-18. [28]

1.4 Thesis Outline

The structure of this thesis is as follows:

e Chapter 1: Introduction - This chapter provides an overview of the moti-
vation, objectives, and contributions of the research, setting the stage for the

detailed discussions that follow.

e Chapter 2: Background on AI - This chapter seeks to clarify the fun-
damental theoretical concepts necessary for a thorough comprehension of the
thesis, like Machine Learning, Deep Learning, Transfer Learning, Federated

Learning and Computer Vision.

e Chapter 3: Introduction to Ceilometers - This chapter introduces the
instrumentation used in the research, particularly the types of ceilometers

employed, the variables they measure, and how they were utilized in the study.

e Chapter 4: Cloud Detection - This chapter presents a cloud detection
framework, detailing the methodology used in the research, including data pre-
processing, image construction, and the labelling process using the Weather

Research & Forecasting (WRF) model. It also presents the benchmarking of



Chapter 1. Introduction 10

deep learning architectures for cloud detection. Results highlight the influ-
ence of hyperparameters, data characteristics, and model choice on detection

accuracy.

e Chapter 5: Cloud Detection Challenge - In this chapter, a cloud de-
tection challenge is introduced to evaluate competing methods on a shared
benchmark, showcasing the practical relevance and generalisability of the pro-

posed approach across academic and industrial teams.

e Chapter 6: Proposed Transfer Learning Approach - The chapter ex-
plores the application of Transfer Learning to this context, using a novel test-
time neural network aggregation strategy within a transfer learning paradigm,
enhancing model performance across domains while addressing challenges such

as selective forgetting and commutativity.

e Chapter 7: Proposed Federated Learning Approach - In this chapter, a
federated learning framework is proposed to enable decentralised model train-
ing across multiple ceilometers, ensuring data privacy and scalability while

maintaining competitive accuracy in heterogeneous environments.

e Chapter 8: Final Discussion and Future Works — The final chapter dis-
cusses the results of the research, drawing conclusions and outlining potential

avenues for future work.
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Chapter 2

Background on Al

This chapter seeks to clarify the fundamental theoretical concepts necessary for
a thorough comprehension of the thesis. It begins by presenting key terminology
related to Machine Learning, followed by an in-depth discussion of concepts and
definitions relevant to the specific challenges addressed in this study, with partic-
ular emphasis on deep convolutional architectures. The fundamentals of Transfer
Learning and Federated Learning, methodologies used in the work presented in this

thesis, will also be introduced.

2.1 Machine Learning

The expanding field of Machine Learning (ML) within Artificial Intelligence (AI)
enables computational systems to extract insights from historical data or past ex-
periences, supporting the development of models for classification and prediction
through statistical analysis and pattern recognition [62]. Unlike explicitly pro-
grammed approaches, ML algorithms refine themselves autonomously over time,
improving their effectiveness in performing specific tasks [90]. ML tasks are gener-

ally defined by how the system processes input examples, typically represented as
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structured features such as pixel values in images or frames in videos, which form
the basis of datasets.

Machine learning tasks are typically categorized into different paradigms, each
designed to address specific objectives within various data-driven contexts. Among
these, classification and regression represent two fundamental approaches with ex-
tensive real-world applications [36]. Classification involves assigning input data to
predefined categories based on recognizable patterns, and it is widely used in areas
such as image recognition, natural language processing, and medical diagnostics.
Key ML classification algorithms include Support Vector Machines (SVM) [31], de-
cision trees [14], and k-Nearest Neighbors (k-NN) [2]. In contrast, regression focuses
on predicting continuous numerical values from input features, helping to identify
trends and relationships within datasets. This approach is particularly relevant in
finance, economics, and engineering, where accurate forecasting and quantitative
analysis are essential. Standard regression techniques include linear regression and
polynomial regression [84].

Evaluating the performance of ML models requires the use of quantitative met-
rics. In classification tasks, commonly used metrics include accuracy, which mea-
sures the proportion of correct predictions, and error rate, which accounts for incor-
rect predictions. For regression models, evaluation is often based on Mean Squared
Error (MSE) and Mean Absolute Error (MAE). MSE determines the average squared
difference between predicted and actual values, capturing variance in predictions,
while MAE measures the average absolute difference, providing a robust error as-
sessment that is less influenced by outliers [115]. These metrics are formally defined

as follows:
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# Correct predictions

A = 2.1
conracy # Data samples (2.1)
Error Rate — # Incorrect predictions (2.2)
# Data samples
1 < .
MSE == > (0~ 3)° (23)
i=1
1< X
MAE = = 3" Jyi — . (24)
i=1

where y; represents the actual value for the ¢-th instance, ¢, denotes the predicted
value, and n is the total number of instances.

ML algorithms can be categorized into three primary learning paradigms based
on their training process: supervised learning, unsupervised learning, and rein-
forcement learning. Supervised learning relies on labeled data to make predictions
or decisions [61], while unsupervised learning focuses on identifying patterns and
structures in unlabeled datasets [21]. Reinforcement learning, in contrast, involves
iterative decision-making within dynamic environments, where an agent learns by
interacting with its surroundings and receiving feedback in the form of rewards or
penalties [6].

The effectiveness of ML models depends on several factors, including data quality,
feature selection, model complexity, and the choice of algorithmic parameters [13].
Techniques such as cross-validation and regularization are frequently employed to
prevent overfitting and enhance the model’s ability to generalize to new data. Fur-

thermore, model interpretability remains a critical issue, especially in domains where
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transparency and accountability are essential, such as healthcare and criminal jus-
tice [78]. Addressing these concerns requires the development of explainable Al
methodologies that clarify how ML models make decisions, fostering greater trust

and reliability among users.

2.2 Deep Learning

Deep learning (DL) has emerged as a significant advancement in machine learning
(ML), distinguishing itself from conventional ML techniques that typically depend
on manually designed feature engineering and shallow models. In contrast, deep
learning models harness hierarchical representations that are automatically learned
from the data itself, enabling the extraction of intricate features across various levels
of abstraction [70]. This fundamental shift in paradigm has been made possible
by the evolution of neural network structures, which have progressively increased
in complexity and depth over time, giving rise to deep neural networks (DNNs),
convolutional neural networks (CNNs), and recurrent neural networks (RNNs).
The history of neural networks can be traced back to the perceptron, introduced
by Frank Rosenblatt in 1958. Drawing inspiration from biological neurons, the per-
ceptron sought to simulate the learning and decision-making processes observed in
the human brain. It consisted of a single layer of interconnected nodes (or neurons),
each with its own weight and threshold, and performed binary classification by com-
puting a weighted sum of input features, followed by a threshold-based activation
function [118]. Despite its conceptual elegance, the perceptron’s ability was limited
to solving only linearly separable problems, where a single hyperplane could sep-

arate data points belonging to different classes. Complex problems, such as XOR
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Figure 2.1: A visual representation of the Multi-Layer Perceptron (MLP).

classification, which are not linearly separable, rendered the perceptron inadequate
for such tasks [88].

A breakthrough in neural network development came in the 1970s with the intro-
duction of the multi-layer perceptron (MLP), displayed in Figure 2.1, which stacked
multiple layers of neurons to learn more complex, non-linear decision boundaries.
This allowed MLPs to represent complex patterns by composing simpler functions.
Each neuron in an MLP receives inputs from neurons in the previous layer, com-
putes a weighted sum, and applies a non-linear activation function to produce an
output [147]. The architecture of MLPs typically includes an input layer, one or

more hidden layers, and an output layer:

e Input layer: The first layer of the network, representing the features or
attributes of the input data. It serves as the entry point for data into the

network but does not perform computations.

e Hidden layers: Intermediate layers between the input and output layers.

Neurons in these layers compute weighted sums of inputs from the previous
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layer and apply non-linear activation functions to capture complex relation-

ships.

e Output layer: The final layer of the network, producing the network’s pre-

dictions or outputs.

The MLP can be mathematically defined as:

a® =z e R™ (input vector), (2.5)

For each layer £ =1,2,... L :

20 = WO =D 4 pO) (2.6)
WO g Rrexnes (2.7)
b e R™, (2.8)
a9 = 6 (29, (2.9)
o® : R™ — R™ (activation function), (2.10)
The final output is:
y = al) = 5L (W(L)a(Lfl) + b(L)). (2.11)

It can be generalised using;:

fz) = o® (W(m (0<L—1> (WED (e oMWW 45D ) + b(L—l)) 4 b<L>).
(2.12)
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Figure 2.2: Comparison between Rosenblatt’s Perceptron and the Multi-Layer Perceptron

(MLP).

In which

x € R™ :input vector, of dimension ny,

o)

:= x : activation vector of the input layer,

ny € N : number of neurons in layer ¢,

WO e R™*™-1 : weight matrix mapping layer £ — 1 — ¢,
b e R™ : bias vector for layer ¢,

20 = WO =D 4 pO : pre-activation vector at layer ¢,
o® . R™ — R™ : activation function of layer ¢,

a¥ = og® (2(12)) : activation (output) of layer ¢,

L € N : total number of layers,

y := a'® € R™ : final output vector,

f(z) = a'™) : the overall mapping implemented by the MLP.
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A comparison between Rosenblatt’s Perceptron and the Multi-Layer Perceptron
(MLP) can be seen in Figure 2.2. The introduction of backpropagation in 1986
marked a revolution in neural network training by enabling the efficient optimiza-
tion of network parameters through gradient descent. By iteratively adjusting the
weights to minimize error, backpropagation enabled MLPs to learn complex map-
pings from inputs to outputs. This iterative process gradually refined the network’s
weights, allowing it to approximate underlying data distributions and significantly
improve its predictive accuracy [120]. This also laid the foundation for deep neural
networks (DNNs), which feature more intricate architectures with multiple intercon-
nected layers of neurons that allow for the automatic extraction of complex features
and hierarchical representations from raw data.

Further developments in training algorithms, computational resources, and data
availability, particularly through the advent of graphical processing units (GPUs)
and specialized hardware accelerators [27], have contributed to the widespread adop-
tion and scalability of DNNs. This accessibility has enabled researchers to explore
more complex neural network topologies, such as convolutional neural networks
(CNNs) for image processing and recurrent neural networks (RNNs) for sequential

data modeling.

2.2.1 Convolutional Neural Networks (CNNs)

Deep Neural Networks (DNNs) have become a prominent approach in machine
learning due to their capability to extract layered representations directly from
raw inputs. Among the various DNN architectures, Convolutional Neural Networks
(CNNs) have been specifically designed to handle structured data formats, particu-

larly visual data such as images. CNNs are fundamentally built on the convolution
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Figure 2.3: Illustration of the convolution process

operation, which is a mathematical mechanism for capturing local spatial depen-
dencies within data.

The essential building blocks of CNNs are the convolutional layers. These layers
produce feature maps by applying learnable filters, also referred to as kernels, to the
input data. The convolution process entails sliding each filter across the input and
computing the dot product between the filter’s parameters and the local input values
at each location. Through backpropagation, these filters are trained to identify
salient features from the input, including edges, textures, and components of objects.

The two-dimensional convolution process in CNNs can be mathematically defined

as:
M-1N-1
yli, il =YY ali+m,j+n]-wm,n]+b, (2.13)
m=0 n=
Where

e y[i,j] denotes the resulting value in the output feature map at coordinates
(i, 5)-

e z[i +m,j+ n] corresponds to the input value at position (i + m,j + n).



Chapter 2. Background on Al 20

e w[m,n| indicates the weights of the convolutional filter.
e b is the bias term added to the result.
e M and N specify the height and width of the filter, respectively.

Figure 2.3 provides a visual representation of a convolutional operation. The re-
sulting feature map y captures localized patterns in the input, where each element
reflects the response to specific features learned by the filter.

In addition to convolutional layers, CNNs typically include other types of layers
to enrich feature extraction and control data dimensionality. Pooling layers, for
example, perform downsampling by aggregating data from local regions of the input,
thereby reducing spatial resolution while retaining essential information [124].

Fully connected layers, usually positioned towards the end of the network, con-
solidate the information extracted by previous layers. These layers connect every
neuron from the preceding layer, enabling the abstraction of high-level features that
are essential for final classification or regression decisions. Between these layers,
activation functions—most notably the Rectified Linear Unit (ReLU)—are intro-
duced to inject non-linearity into the network, which enhances its representational
capacity [95].

CNNs exploit the convolution operation to autonomously learn multi-level rep-
resentations of structured inputs, proving especially effective in domains such as
image classification, object localization, and semantic segmentation [23]. By com-
bining convolutional, pooling, and fully connected layers, CNNs can systematically
model spatial relationships in data, resulting in cutting-edge performance across

numerous computer vision applications.
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2.2.2 Other Neural Network Architectures

The deep learning field has seen the emergence of several novel neural network
architectures, each designed to tackle specific challenges in a variety of domains.
Notably, attention mechanisms have significantly enhanced neural networks in han-
dling sequential or structured data. Generative Adversarial Networks (GANs) [49]
revolutionized generative modeling by framing the problem as a game between a
generator and a discriminator. GANs have been applied to diverse tasks such as
image generation, style transfer, and data augmentation, facilitating the creation of
highly realistic synthetic data for model training.

The Transformer architecture [141], which relies exclusively on attention mech-
anisms, has outperformed traditional recurrent models in tasks such as machine
translation and natural language understanding. Additionally, multimodal foun-
dation models [85] integrate information across multiple modalities, such as text,
images, and audio, into a unified framework. These models are typically pre-trained
on large multimodal datasets before being fine-tuned for specific tasks, making them
highly versatile across domains such as multimedia content generation, autonomous
vehicles, and healthcare.

Recurrent Neural Networks (RNNs) and their specialized variants, such as Long
Short-Term Memory (LSTM) networks [55], have been pivotal in modeling sequen-
tial data. LSTMs, in particular, address the vanishing gradient problem inherent
in standard RNNs by incorporating memory cells, gates for input, output, and for-
get, thus enabling RNNs to capture long-range dependencies in sequential data.
These models have found extensive applications in fields such as speech recognition,
language modeling, machine translation, and time-series prediction.

Moreover, a hybrid architecture known as the Recurrent Convolutional Neural
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Network (RCNN) [107] combines the benefits of CNNs and RNNs. By incorporating
recurrent connections within convolutional layers, RCNNs effectively capture both
spatial and temporal dependencies in tasks like video frame analysis.

The proliferation of these advanced neural network architectures illustrates the
ever-expanding potential of deep learning models across diverse applications, each

pushing the boundaries of Al’s capabilities and fostering innovation across various

fields.

2.3 Transfer Learning

Transfer learning represents a paradigm shift in machine learning, moving beyond
the traditional focus on isolated tasks to embrace the notion of leveraging prior
knowledge to enhance learning in novel, yet related, scenarios [5]. In essence, it
concerns the improvement of learning in a new target task through the transfer of
knowledge acquired from one or more related source tasks that have already been
learned [8]. This approach is inspired by the remarkable ability of human learners
to recognise and apply relevant knowledge from past experiences when confronted
with new challenges, demonstrating a natural propensity for knowledge transfer.
Indeed, the more related a new task is to an individual’s previous experience, the
more readily they can achieve mastery. A complete survey on this topic is discussed
in [138].

In stark contrast, conventional machine learning algorithms typically address
each task in isolation, necessitating substantial amounts of task-specific data for
effective learning. Transfer learning endeavours to overcome this limitation by de-

veloping methodologies that facilitate the transfer of knowledge learned in source



Chapter 2. Background on Al 23

Given Learn

®
o ¢ Target
o
- \ Task
Data /
Knowledge

Figure 2.4: Representation of how Transfer Learning works

tasks to improve the learning efficacy and efficiency in a related target task (see
Figure 2.4) [5, 10]. The advancement of such techniques holds the promise of mak-
ing machine learning systems more aligned with the efficiency inherent in human

learning processes.

2.3.1 Definition

The central goal of transfer learning is to enhance learning in a designated target
task by exploiting knowledge gleaned from one or more source tasks [10]. As depicted
in Figure 2.4, this involves supplementing the standard training data for the target
task with knowledge derived from previously learned source tasks.

A critical distinction is made between transfer learning and multi-task learning.
In multi-task learning, several tasks are learned concurrently, allowing for a bidi-
rectional flow of information among them [15, 16]. Conversely, transfer learning, as
defined herein, involves a unidirectional transfer of knowledge from source to target

tasks. During the learning phase of the source task(s), the agent possesses no prior
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knowledge of the impending target task. While it might be conceivable to address a
multi-task learning problem using a transfer learning approach, the reverse is gener-
ally not feasible. This distinction is pertinent as real-world learning agents are more
likely to encounter sequential transfer scenarios than truly simultaneous multi-task
scenarios.

The primary objective of transfer learning is to achieve a discernible improvement
in the learning process of the target task through the incorporation of source task

knowledge. This improvement can manifest in several key aspects:

e Initial Performance: The level of performance achievable in the target task
at the onset, utilising only the transferred knowledge, compared to the initial

performance of an agent without any prior knowledge.

e Learning Speed: The rate at which the target task is learned given the
transferred knowledge, in comparison to the time required to learn it from

scratch.

e Final Performance: The ultimate level of performance that can be attained
in the target task with the benefit of transfer, compared to the final perfor-

mance without transfer.

However, it is crucial to acknowledge the phenomenon of negative transfer,
wherein the application of knowledge from a source task inadvertently degrades
performance in the target task [34]. A significant challenge in the development of
effective transfer learning methods lies in fostering positive transfer between ap-
propriately related tasks while concurrently mitigating the risk of negative transfer

between tasks with less pertinent relationships.
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Furthermore, the application of knowledge across tasks often necessitates a pro-
cess of task mapping, whereby the characteristics of one task are mapped onto those
of another to establish correspondences. While in many existing approaches this
mapping is provided by a human expert, there is ongoing research dedicated to

developing methods for automatic task mapping [139].

2.3.2 Advantages of Transfer Learning

Transfer learning offers several key advantages over traditional isolated machine

learning approaches:

e Improved Initial Performance: By leveraging knowledge from related
source tasks, a learning agent can often achieve a significantly higher starting

performance on a new target task compared to learning from scratch [10].

e Accelerated Learning: The transferred knowledge can guide the learning
process in the target task, leading to a faster rate of improvement and a

reduction in the time required to achieve satisfactory performance.

¢ Enhanced Final Performance: In some cases, transfer learning can enable
an agent to reach a higher level of ultimate performance on the target task

than would be possible without the transferred knowledge.

e Addressing Data Scarcity: Transfer learning can be particularly beneficial
when the target task has limited training data or labeled examples, as knowl-

edge from data-rich source tasks can compensate for this deficiency [101, 106].
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2.3.3 Disadvantages and Challenges of Transfer Learning

Despite its numerous benefits, transfer learning also presents several challenges and

potential drawbacks:

e Negative Transfer: A significant risk is negative transfer, where knowledge
from a source task detrimentally affects learning or performance in the target
task, often due to a lack of sufficient relatedness or an inappropriate transfer

method [34, 127].

e Automatic Task Mapping: Determining the correspondences between source
and target tasks, particularly when their representations differ, remains a sig-
nificant challenge. Many existing methods rely on manual specification of

these mappings [34, 139].

e Transfer Between Diverse Tasks: Enabling effective transfer between tasks
that are substantially different in their nature or domain is an ongoing area
of research. Identifying and transferring abstract, high-level knowledge that is

applicable across diverse domains is particularly challenging.

e Transfer in Complex Domains: Applying transfer learning successfully in
complex, real-world domains, particularly in reinforcement learning, can be

significantly more difficult than in simpler testbeds.

Transfer learning has emerged as a crucial and rapidly expanding subfield within
machine learning, driven by both its alignment with principles of human learning
and its practical potential to enhance the efficiency and effectiveness of machine
learning systems. As computational resources continue to grow and machine learn-

ing is applied to increasingly intricate problems, the ability to effectively transfer
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knowledge across tasks will only become more critical. Future research will likely
focus on addressing the existing challenges, particularly the avoidance of negative
transfer and the automation of task mapping, as well as exploring new frontiers in

enabling transfer between more diverse and complex tasks.

2.4 Federated Learning

Federated Learning (FL) is an emerging distributed machine learning paradigm [87]
designed to reconcile the growing need to train increasingly complex models on vast
datasets with the imperative for individuals and organizations to protect their confi-
dential data. Alternatively, FL also represents a further evolution in the distribution

of the training process across multiple nodes.

2.4.1 Definition

An early comprehensive definition of FL is provided in a key paper by Kairouz and
McMahan [63], which also addresses the challenges and unresolved issues in this
domain:

”Federated learning is a machine learning setting where multiple entities (clients)
collaborate in solving a machine learning problem, under the coordination of a central
server or service provider. Fach client’s raw data is stored locally and not exchanged
or transferred; instead, focused updates intended for immediate aggregation are used
to achieve the learning objective.”

In practical implementations, FL systems are typically more specialized than
this broad definition implies. Generally, the models trained on the client side are

deep neural networks (DNNs), and the exchanged updates consist of either the
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weights or gradients of these DNNs. Given that these updates are represented as
tensors, they are readily serialized, transmitted across the network, and aggregated
using mathematical operations. Often, it is assumed that every client trains an
identical DNN architecture and that each client’s data follows an equivalent schema.
Although these assumptions are quite strong in real-world scenarios, many studies
have sought to relax these constraints [74, 110].

FL operates through an iterative cycle: clients compute local updates and trans-
mit them to the central server, which aggregates these contributions and redis-
tributes the updated model to the clients; each such iteration is referred to as a
federated round or simply a round. The standard method for combining updates is
federated averaging (FedAvg) [87], in which the contributions of different clients are
averaged. This method, while straightforward, can yield satisfactory learning out-
comes provided that the data distribution across clients is ideally independent and
identically distributed (IID) [76]. An immediate enhancement of FedAvg involves
weighting the updates based on the quantity of data used in their computation,
thereby giving more influence to updates derived from larger datasets. In scenarios
where data non-IID characteristics arise not only from differing quantities but also
from distinct internal distributions, alternative techniques become necessary.

Since FedAvg is inherently synchronous, its computational performance can be
limited. Consequently, asynchronous methods have been proposed, such as ASO-
Fed [26], which integrates continuous local learning with asynchronous server-side
aggregation, and FedBuff [98], which uses buffering to aggregate update batches
asynchronously. Communication costs also significantly affect FL’s overall efficiency.
To address this, methods such as quantisation [128], compression [123], and distil-

lation [150] have been developed to reduce the size of updates, thereby accelerating
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data transfer and reducing the overall FL. overhead.

Another challenge introduced by FL pertains to managing stateful objects. Stan-
dard optimizers in traditional deep learning maintain internal states that are coupled
with the current weight configuration of the model, potentially causing performance
degradation when local weights are replaced by those of the global model. Feder-
ated optimization techniques, such as FedSplit [105], FedProx [75], and federated
adaptations of adaptive algorithms like ADAM [113], can be employed to mitigate
these issues. Simultaneously, modern DNNs often include batch normalization lay-
ers, which are also stateful. When models are aggregated, neglecting these layers
can lead to a decline in performance [18]. Two straightforward solutions involve ei-
ther averaging the parameters of the batch normalization layers alongside the model
weights or substituting them with stateless normalization layers, such as layer nor-
malization [41]. An alternative strategy is to use a modified batch normalization
approach, such as FixBN [160], that can accommodate shifts in weights.

Beyond these technical challenges, FL. must also address privacy concerns, as
it is frequently employed in contexts where data confidentiality is paramount. A
variety of techniques can be integrated to enforce privacy guarantees. One widely
adopted method is homomorphic encryption (HE) [156], which enables data to be
transformed into an encrypted format that still supports specific operations, ensur-
ing that computations performed in the encrypted domain yield results equivalent to
those performed on the plaintext data [157]. Another approach is secure multi-party
computation (SMC) [32], which allows multiple parties to jointly compute a func-
tion based on their local data without revealing the data to each other; this method

ensures both result accuracy and resilience against adversarial attacks and can be
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effectively combined with FL [77]. Differential privacy (DP) [42] is yet another mea-
sure, involving the introduction of controlled noise to the system so as to obfuscate
the presence of any individual data sample, all while minimally impacting overall
performance. This technique is particularly advantageous in FL settings [145], as
noise can be incorporated at various stages (e.g., during local batch updates, prior
to transmission to the server, or on the global model parameters) to mitigate mem-
bership inference attacks. Additional techniques can further enhance the robustness
and privacy of FL systems: trusted execution environments (TEEs) [121] can fa-
cilitate secure local training or aggregation even on untrusted infrastructures, and
blockchain technology [99] can provide secure client authentication and maintain an
immutable log of update histories, sometimes incorporating smart contracts for the

aggregation process [109].

2.4.2 Classification of Federated Learning

FL systems can be broadly categorized along two orthogonal dimensions: deploy-
ment scale and data partitioning. Regarding deployment scale, two scenarios are
typically identified: cross-silo and cross-device. Cross-silo FL [56] generally involves
a small federation (fewer than 100 clients) of powerful, server-grade machines or
data centers. This setting is common among institutions such as hospitals, insur-
ance companies, universities, and banks, where the hardware is capable of managing
intensive deep learning workloads, the clients are reliably online, the network con-
nectivity is fast and stable, and the process is managed by experts. This scenario
is particularly suited for training large deep learning models on sensitive data, with
a strong emphasis on security and the development of a unified model that accom-

modates diverse client data distributions without compromising privacy.
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In contrast, cross-device FL [64] targets a large number of clients (more than
100), typically involving smartphones or other edge devices. These devices are
generally less powerful, operate under energy constraints, and often rely on mobile
networks. In this context, only smaller deep learning models are trained locally, and
the aggregation process typically involves sampling only a subset of available local
models due to the inherent bottlenecks of a centralized master-server framework.
This dissertation focuses solely on the cross-silo FL scenario.

With respect to data partitioning, FL can be classified into three categories based
on how the feature and sample spaces are distributed among clients: horizontal,
vertical, and hybrid FL [154]. In horizontal FL—the most prevalent type—local
datasets share an identical feature space (i.e., the data adhere to the same schema),
though the individual data samples do not overlap across clients. In vertical FL [152],
the clients have overlapping sample spaces but different subsets of features; the data
would be partitioned along vertical columns in a tabular representation. Hybrid
FL [158] describes situations in which both the feature and sample spaces do not
completely align between clients but exhibit some degree of overlap. Each of these
FL scenarios necessitates distinct deep learning models, training algorithms, and
aggregation strategies to effectively address their unique feature and sample space

characteristics.

2.5 Computer Vision

Computer Vision (CV), positioned at the confluence of artificial intelligence and
computer science, constitutes a multidisciplinary field focused on enabling machines

to analyze and derive understanding from visual inputs in a manner analogous to
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human perception. Its scope is broad, encompassing tasks such as image classifica-
tion, object detection, segmentation, and the interpretation of visual scenes. The
overarching aim of computer vision is to formulate algorithms and systems capable
of autonomously extracting significant insights from visual media—be it images or
videos—thus emulating the perceptual mechanisms of human observers.

In alignment with the general ambitions of artificial intelligence, computer vision
aspires not only to replicate the optical perception capabilities of humans but also
to simulate the cognitive processes that underlie human interpretation of visual
stimuli. This involves providing machines with the capacity to identify, interpret,
and contextualize visual representations of objects and people.

Among the primary operations in CV is image classification, where the objective
is to assign predefined labels to images based on their visual features. Beyond clas-
sifying whole images, object detection plays a vital role by identifying the presence
and spatial location of multiple objects within an image. A significant advancement
in this area came with the introduction of R-CNN [46], which employed a region-
based strategy to improve detection precision. This approach was further refined
with Faster R-CNN [114], which greatly increased both speed and accuracy, thereby
facilitating its use in time-sensitive applications.

Another key task is image segmentation, where each pixel is assigned to a class
category, allowing for a fine-grained analysis of image content. Fully Convolutional
Networks (FCNs) [82] made notable progress in this regard by enabling pixel-wise
semantic labeling. These techniques have proven especially useful in domains such

as autonomous navigation and medical diagnostics.
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The applicability of computer vision continues to expand across numerous do-
mains, such as healthcare. CV technologies assist in the analysis of medical im-
ages to support diagnosis and treatment planning. For instance, the U-Net archi-
tecture [117] has shown remarkable effectiveness in segmenting biomedical images,
thereby enhancing the accuracy of lesion and tumor identification. Similarly, au-
tonomous vehicles depend extensively on CV systems for detecting obstacles, rec-
ognizing lanes, and navigating through complex environments. The integration of
visual input with LiDAR data [57] has improved object recognition capabilities in
self-driving systems.

In the security and surveillance sector, techniques such as facial recognition and
object tracking are powered by computer vision algorithms. DeepFace [134] repre-
sented a major breakthrough in facial recognition accuracy, enabling deployment in
real-world applications. Object tracking, which involves monitoring entities as they
move across video frames, typically combines detection with temporal association
strategies. These range from basic learning methods to sophisticated deep learning
architectures.

Furthermore, CV technologies have been harnessed for the synthesis of realistic
visual content, known as deepfakes. These synthetic media outputs can serve var-
ious purposes—ranging from benign (e.g., entertainment and parody) to malicious
(e.g., misinformation and reputational harm). While some applications enhance
user experience, the ethical ramifications—particularly in relation to deception and
electoral manipulation—remain a subject of ongoing debate [89].

The evolution of computer vision has been extraordinary, driven largely by break-
throughs in deep learning and increased computational capacity. Nevertheless, the

field still faces significant hurdles. Issues such as sensitivity to lighting variations,
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occlusions, and perspective changes remain challenging. Additionally, biased train-
ing datasets may yield discriminatory outcomes [22], underscoring the importance

of ethical scrutiny in the design and deployment of vision systems.

2.6 Frameworks and Tools for Machine Learning

During my Ph.D. journey, I employed a variety of tools and frameworks to de-
velop, evaluate, and refine artificial intelligence models. Among these, several key
technologies proved especially effective in supporting the implementation of deep
learning architectures and computer vision solutions. A broad spectrum of tools
and libraries is available to facilitate the development of Al algorithms, each offer-
ing unique capabilities tailored to different aspects of machine learning and deep
learning workflows. These technologies form the backbone of modern machine and
deep learning workflows, equipping researchers, engineers, and developers with the

functionality required to tackle complex challenges and foster innovative solutions

in AL

e Python has emerged as the dominant programming language for machine
learning and deep learning applications, owing to its simplicity, adaptability,
and rich ecosystem of specialized libraries. Its clear syntax facilitates rapid
prototyping and experimentation, making it an ideal choice for academic and

industrial AI projects. !

e NumPy is a foundational scientific computing package for Python. It sup-
ports efficient manipulation of multi-dimensional arrays and matrices and pro-

vides a broad set of mathematical functions tailored to numerical computation.

'https://www.python.org/ - last accessed: September 2024
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It serves as the backbone for numerous other Python-based ML libraries. 2

e Pandas offers powerful data structures such as DataFrames and Series, stream-
lining the handling of structured data. It is widely employed in data prepro-
cessing, cleaning, and transformation tasks—key steps in any machine learning

pipeline. 3

e Matplotlib is a highly versatile plotting library in Python that enables the
generation of diverse visualizations, including line graphs, scatter plots, his-
tograms, and bar charts. Its extensive customization capabilities make it in-

dispensable for result analysis and data visualization. *

e OpenCYV (Open Source Computer Vision Library) is a comprehensive toolkit
for image and video processing, offering features for object detection, image
transformation, feature extraction, and camera calibration. It is widely used

in both academic research and industrial CV applications. °

e scikit-learn (sklearn) is a Python library offering an extensive suite of ma-
chine learning algorithms for tasks such as classification, regression, clustering,
and dimensionality reduction. Renowned for its user-friendly API and ease of
integration with other Python tools, it is a standard choice for many ML

practitioners. °

e PyTorch, developed by Facebook AI Research, is an open-source deep learn-

ing framework known for its dynamic computation graph and flexibility. It

2https://numpy.org/ - last accessed: September 2024
3https://pandas.pydata.org/ - last accessed: September 2024
“https://matplotlib.org/ - last accessed: September 2024
Shttps://opencv.org/ - last accessed: September 2024
Shttps://scikit-learn.org/ - last accessed: September 2024
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supports both imperative and symbolic programming styles, and provides a
comprehensive environment for building, training, and deploying neural net-

works. 7

e Google Colaboratory is a cloud-based platform that allows users to write
and execute Python code in a Jupyter notebook environment. It provides
free access to computational resources, including GPUs, making it ideal for
machine learning and data analysis tasks. Colab facilitates collaborative work,

enabling multiple users to share and edit notebooks in real time. 8

"https://pytorch.org/ - last accessed: September 2024
8https://colab.research.google.com/ - last accessed: September 2024
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Chapter 3

Introduction to Ceilometers

Ceilometers are critical instruments in atmospheric science, primarily used for mea-
suring the height of cloud bases and assessing cloud cover. A ceilometer is a mea-
suring device mostly used in meteorology that can detect the height of a cloud base,
by emitting a modulated light beam directed to the sky. Clouds height are then
computed by measuring the time-of-flight of the beam return back from the sky
to the send. Concentrations of aerosols, such as water vapour or pollutants in the
atmosphere, can also be determined from the backscatter effect of the emitted laser
beam. Different kinds of ceilometers exist, depending on the technology used to
take measurements. In contrast to numerous other remote sensing instruments like
satellites or radar, the ceilometer presents unique features that render it particularly
valuable in specific environmental contexts. Specifically, ceilometers provide direct
vertical measurements of the height of clouds above the ground, which is useful for
monitoring changes in the atmosphere at a local level. Furthermore, these tools
provide measurements at very short time intervals, allowing changes in clouds over
time to be monitored in greater temporal resolution with respect to many satellite
platforms or other remote sensing approaches. In addition, ceilometers are particu-

larly useful for measuring the height of low clouds, which can be difficult to detect
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through other types of measurement devices. This chapter will explore the various
types of ceilometers, the specific atmospheric variables they measure, and how these
devices have been utilized in this study. Furthermore, the chapter will discuss exam-
ples from the state-of-the-art research where different types of ceilometers have been

employed, providing a comprehensive understanding of their practical applications

in the field.

3.1 Types of Ceilometers

Ceilometers come in various forms, each leveraging different technologies to fulfill
their role in atmospheric measurements. Understanding the differences between
these types is crucial for selecting the appropriate instrument for a given mete-
orological study. This section will cover LIDAR-based ceilometers, optical-based
ceilometers, acoustic ceilometers, radar ceilometers, and hybrid systems. Each sub-
section will explain how each tool works, including a few examples from recent

scientific literature to illustrate their practical applications.

3.1.1 LIDAR-Based Ceilometers

LIDAR (Light Detection and Ranging) ceilometers are among the most advanced
in atmospheric science, providing highly accurate cloud base measurements. They
function by emitting laser pulses into the atmosphere and measuring the time it
takes for the light to reflect back after hitting the cloud base. This allows for precise
measurements of cloud height, even in challenging environmental conditions.

In [93], lidar-based ceilometers are primarily used to determine cloud base height

by measuring the attenuated backscatter of laser light from atmospheric particles.
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In addition to this, they can be used to monitor air quality by correlating near-
range backscatter with particulate matter (PM10) concentrations in dry weather
conditions. Ceilometers are also employed to estimate the convective mixing height
in the atmosphere, and their advanced optics allow them to detect fine structures
in the boundary layer, aiding in detailed atmospheric profiling.

In [94], lidar-based ceilometers are used to measure cloud base height (CBH)
variations over Pune, India, from 2017 to 2023. The ceilometer, with a range of
0-7500 meters, reveals seasonal and diurnal trends in CBH. During the monsoon
season, the average CBH is the lowest with minimal daily variation, while the pre-
monsoon, post-monsoon, and winter seasons show a gradual rise in CBH in the
morning, peaking in the afternoon, and decreasing in the evening. The study also
highlights the dominance of low cloud bases (CBH < 2000m) throughout the year,
with high cloud bases (6000-7500 m) being the least frequent and showing a semi-
diurnal pattern during winter. This information is valuable for weather prediction,
climate modeling, and environmental monitoring.

Lidar-based ceilometers in the Alicenet network [9], established in Italy in 2015,
are used for vertically-resolved monitoring of aerosol particles, which is crucial for
studying aerosol-climate interactions and their impact on air quality and human
health. Alicenet consists of single-channel and dual-channel, polarization-sensitive
lidar systems operating in diverse environments (urban, coastal, mountainous, and
volcanic) across Italy. These systems continuously monitor the vertical distribution
of aerosols and contribute to the EUMETSAT E-PROFILE program. The data
processing chain developed for Alicenet converts raw lidar data into valuable in-

formation on aerosol properties, such as attenuated backscatter, aerosol mass, and
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vertical stratification. The network provides near real-time and long-term monitor-
ing, supporting sectors such as air quality, solar energy, and aviation safety. Some
ceilometers from Alicenet network were used in this research.

In [91], lidar-based ceilometers are used to study the transition zone (TZ) be-
tween clouds and cloud-free air by analyzing backscatter profiles. This study com-
pares two cloud detection algorithms—one from the ceilometer manufacturer (Vaisala)
and another from Cloudnetpy (ACTRIS Cloudnet)—to explore how aerosols and
clouds transition in the atmosphere. The results show that near cloud bound-
aries, particles produce higher backscatter values, indicating a gradual shift between
cloudy and clear conditions. The analysis reveals that TZ conditions occur as fre-
quently as clouds and are most prevalent below 800 meters at night, varying across
seasons. This highlights the importance of treating the transition between clouds

and aerosols as a continuum in atmospheric studies.

3.1.2 Optical-Based Ceilometers

Optical-based ceilometers typically employ triangulation or time-of-flight methods,
where a light source (often a laser or infrared beam) is projected upward, and the
angle or time it takes for the reflected light to return is used to estimate cloud base
heights. Although they have been largely supplanted by more advanced LIDAR sys-
tems, optical ceilometers remain relevant due to their simplicity, cost-effectiveness,
and ability to function in a range of weather conditions. Despite being less accurate
than LIDAR in providing detailed atmospheric profiling, optical ceilometers are still
widely used in aviation, weather stations, and for basic cloud detection in areas
where more advanced technologies are not readily available. Their reliability, par-

ticularly in scenarios where continuous monitoring of cloud base heights is required



Chapter 3. Introduction to Ceilometers 41

without the need for vertical aerosol profiling, makes them a practical choice for
many meteorological applications. Moreover, improvements in optical technologies
have allowed for better accuracy and performance, making them an efficient tool
for specific use cases where full lidar-based systems may not be necessary, such as
in small airports or remote locations. The longevity and ongoing use of these sys-
tems highlight their enduring importance in cloud detection and basic atmospheric

observation.

3.1.3 Acoustic Ceilometers

Acoustic ceilometers, also known as SODAR (Sonic Detection and Ranging) sys-
tems, represent another method for measuring cloud base heights using sound waves.
These systems work by emitting acoustic pulses into the atmosphere and measur-
ing the time it takes for the sound waves to reflect off cloud bases or temperature
inversions and return to the instrument. This approach allows SODAR systems to
function effectively in conditions where optical systems may struggle, such as during
heavy fog, precipitation, or in low visibility scenarios. One of the key advantages of
acoustic ceilometers is their ability to operate in adverse weather conditions where
light-based systems may fail, offering reliable measurements even when clouds or
atmospheric particulates obscure the sky. Additionally, SODAR systems are useful
for assessing atmospheric turbulence, wind profiles, and temperature layers, making
them valuable for applications beyond simple cloud base detection. However, acous-
tic ceilometers have their limitations. They are particularly sensitive to ambient
noise, such as traffic or industrial sounds, which can interfere with the accuracy of
the measurements. Furthermore, while effective for determining cloud base height

in challenging conditions, SODAR systems generally lack the vertical resolution and
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detailed profiling capabilities of lidar systems, making them less suitable for more
complex atmospheric studies. Despite these challenges, SODAR remains a valuable
tool for meteorological and environmental monitoring, particularly in specialized
scenarios where traditional optical or lidar-based systems may not perform opti-

mally.

3.1.4 Radar Ceilometers

Radar ceilometers, which use radio waves to detect cloud base heights, are especially
effective in severe weather conditions, such as heavy rain, snow, or dust storms,
where optical or acoustic systems may encounter significant limitations. By emit-
ting radio waves and measuring the time it takes for the signal to reflect off clouds
or other atmospheric features, these instruments can provide reliable cloud height
measurements even in low-visibility or extreme weather scenarios. One of the pri-
mary advantages of radar ceilometers is their robustness and ability to operate in
challenging environments. Unlike optical systems, which can struggle in dense cloud
cover, fog, or precipitation, radar systems are not affected by visibility issues, mak-
ing them particularly valuable for continuous monitoring during storms or in areas
prone to extreme weather. Their resistance to interference from atmospheric par-
ticles such as rain, dust, or snow allows them to maintain accurate measurements
where other systems might fail. Radar ceilometers are commonly used in critical ap-
plications such as aviation, where real-time and reliable cloud base data is essential
for flight safety, and in remote or industrial environments where weather conditions
can rapidly change. While these systems are typically more expensive and complex
than optical or acoustic ceilometers, their high reliability, especially in adverse con-

ditions, makes them a preferred choice for operations requiring uninterrupted cloud
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detection and weather monitoring.

3.2 Variables Measured by Ceilometers

Ceilometers, depending on their technology and design, can measure a range of
atmospheric variables. These measurements are crucial for meteorological stud-
ies, aviation safety, and climate research. This section details the primary variables
measured by ceilometers and their importance in the broader context of atmospheric

science. Table 3.1 lists all the variables that the ceilometer collects in its measure-

ments.
Variable Type | Unit Description
time double | seconds | End point of the measurement (UTC)
range float m Measurement distance of the device (independent of
direction and height of installation location)
range_hr float m Measurement distance of the device for high resolution
layer int - Layer index
latitude float degree Latitude of the installation location
longitude float degree Longitude of the installation location
azimuth float degree | Azimuth angle of the device
(direction of the laser indicator)
zenith float degree | Zenith angle of the device
(direction of the laser indicator)
altitude float m Height of installation of the device above sea level
wavelength float nm Wavelength of the laser in nm
average_time | int ms Average time per recording
range_gate float m Spatial resolution of the measurement
range_gate_hr | float m Spatial resolution of the high-resolution measurement
life_time int h Propagation time of the laser
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error_ext int - 32-bit status code

state_laser byte percent | Laser quality index

state_detector | byte percent | Signal detector quality

state_optics byte percent | Optical quality index

temp_int short K Internal temperature of the housing

temp_ext short K External temperature of the housing

temp_det short K Temperature of the detector

temp_lom short K Temperature of the measurement unit

laser_pulses int - Number of laser pulses emitted during
a measurement (Ip)

p-calc short counts Calibration pulse (normalization of the
measurement unit over time)

scaling float - Scaling factor (normalization of measurement units
relative to each other) (cs)

base float counts | Height of the baseline of the raw signal
(primarily influenced by daylight) (b)

stddev float counts | Standard deviation of the raw signal

beta_raw float - Normalized backscatter signal, corrected for range
((Praw / Ip) - b) / (es * o(r) * p_calc) * r * r, with
P raw = sum(P_raw_hr) * range_gate_hr / range_gate)

beta_raw_hr float - High-resolution backscatter signal, normalized,
corrected for range
((Praw_hr / Ip) - b) / (cs * o(r) * p_calc) *r * 1)

pbl short m Aerosol layers

pbs byte - Quality index for aerosol layers (1: good, 9: bad)

tee byte - Degree of coverage (overall)

bce byte - Degree of coverage of the lower cloud layer

sci byte - Sky Condition Index (0: no precipitation, 1: rain, 2: fog,

3: snow, 4: precipitation or particles on the window pane)
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vor short m Vertical visibility

voe short m Opacity of the detected vertical visibility

mxd short m Maximum detection distance

cbh short m Cloud base height

cbe short m Calculated cloud base blur

cdp short m Cloud penetration depth

cde short m Calculated cloud penetration depth blur

cho short m Height offset (calculated in cbh, mxd, vor, and pbl;
corresponds to altitude when usealtitude=1, otherwise 0)

Table 3.1: Complete list with all variables detected by the ceilometer.

3.2.1 Cloud Base Height

The primary measurement provided by all types of ceilometers is the height of the
cloud base, which plays a crucial role in several key fields, including aviation safety,
weather forecasting, and climate research. In aviation, accurate cloud base height
data is essential for determining safe flying conditions, especially for takeoffs and
landings, as low cloud ceilings can reduce visibility and create hazards for pilots. For
weather forecasting, cloud base height is a critical variable in predicting upcoming
weather patterns, such as precipitation or storm development, helping meteorologists

assess atmospheric stability and cloud dynamics.

3.2.2 Cloud Cover

Ceilometers also provide measurements of cloud cover extent, typically expressed as
a fraction of the sky obscured by clouds (in oktas). This information is crucial for un-

derstanding solar radiation levels, as cloud cover significantly influences the amount
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of sunlight that reaches the Earth’s surface. By quantifying cloud cover, ceilometers
help meteorologists assess how much solar radiation is available for various appli-
cations, including agriculture, climate studies, and renewable energy production.
For solar energy generation, accurate cloud cover data is particularly important,
as it directly affects the efficiency of solar panels. High cloud cover can reduce
the amount of solar energy captured, impacting energy production forecasts and
grid management. Additionally, understanding cloud cover patterns aids in predict-
ing temperature fluctuations and weather phenomena, allowing for more accurate
weather forecasts and improved climate modeling. Moreover, cloud cover measure-
ments are vital for aviation and transportation sectors, where they help determine

visibility conditions and potential weather hazards.

3.2.3 Cloud Thickness

Ceilometers have also the capability to measure cloud thickness by analyzing the
time it takes for the emitted waves—Dbe they light, sound, or radio—to traverse the
cloud layer and return to the instrument. This measurement is vital for under-
standing the insulating effects of clouds, as thicker clouds can trap more heat in
the atmosphere and influence temperature variations at the Earth’s surface. Cloud
thickness plays a significant role in various atmospheric processes, including pre-
cipitation formation and energy exchange between the surface and the atmosphere.
By providing data on cloud thickness, ceilometers contribute to improved climate
models that assess how clouds interact with solar radiation and contribute to the
greenhouse effect. Additionally, this information is crucial for meteorological stud-

ies focused on understanding cloud dynamics, such as the processes that lead to



Chapter 3. Introduction to Ceilometers 47

the development of different cloud types and their subsequent impact on weather

patterns.

3.2.4 Backscatter

Backscatter refers to the portion of a signal that is reflected back towards its source
after interacting with particles or surfaces in the atmosphere. In the context of
ceilometers and other remote sensing technologies, backscatter is a crucial mea-
surement used to characterize various atmospheric phenomena, including clouds,
aerosols, and other particulate matter. When a ceilometer emits light, sound, or
radio waves into the atmosphere, these waves encounter particles such as water
droplets, ice crystals, or aerosols. Some of the emitted energy is scattered back
towards the ceilometer, providing valuable information about the presence, concen-
tration, and distribution of these particles. The intensity of the backscattered sig-
nal can indicate the density of the particles, helping to determine cloud base height,
cloud thickness, and the vertical distribution of aerosols. Analyzing backscatter pro-
files is essential for understanding cloud dynamics, identifying different cloud types,

and assessing the impact of aerosols on weather and climate.

3.3 Ceilometer Used in This Research

This section details the specific types of ceilometers and associated instrumentation
used in this research.

Thanks to the collaboration with the company EHT S.C.p.A., this research em-
ployed a Lufft CHM 15k ceilometer that leverages Light Detection and Ranging

(LiDAR) technology, as depicted in Figure 3.1. Short light pulses generated by a
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Figure 3.1: EHT’s Lufft CHM 15k lidar-based ceilometer.

solid-state laser microchip are emitted into the atmosphere, where are scattered by
aerosols, droplets, and other air molecules. The portion of the light is reflected
back is referred to as the backscatter (see Section 3.2.4), which is the information
the device processes. The time-of-flight of the laser pulses is measured and used
to calculate the distance of the scattering event. The height profile of the reflected
signal is analyzed to calculate the backscatter intensity g-raw, from which the at-
tenuated backscatter coefficient S-att is calculated with a valid calibration constant.
Data acquired from the ceilometer are properly converted into time-height plots of
backscatter coefficients (typically referred to as backscatter profiles [35]), where the
x-axis represents the time, and the y-axis represents the altitude [68]. Such gener-

ated data are analysed with state-of-the-art CNNs, as well as a transformer-based
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Figure 3.2: Visual representation of the data collection process. Backscatter raw data are
utilized to generate a time-height plotting of backscatter coefficients (profile).

network, to detect the presence or absence of clouds. Other approaches in the liter-
ature analysing lidar imagery using deep networks have been proposed [33]. All the
process is depicted in Figure 3.2.

The casing of this ceilometer consists of two layers of stainless aluminium. The
outer casing has the task of mitigating solar radiation effects, wind, rain, and snow
on the inner casing, containing the measuring unit. The lid protects the enclosure
from dirt and other precipitation. A window is present on the lid to allow the laser
beam to leave and enter back to the device. The partition wall in the lid separates
the emission area from the sensible reception area. An air baffle inside the lid directs
the airflow from both fans directly onto the glass panel of the inner case.

From this data, various useful parameters, e.g. the height of clouds and aerosol
layers, are calculated. The detection system is based on a photon counting process.

The narrow laser bandwidth allows an optical filter of approximately Inm to be
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placed in front of the detector to suppress background noise. The signal averag-
ing allows to obtain a specific signal-to-noise ratio, which is crucial for lidar-based
measurements that generate aerosol profiles. Compared to analogue measurement
procedures, these processes are characterized by a very high sensitivity and detection
accuracy.

This chapter provided a comprehensive overview of ceilometers, discussing their
various types, the atmospheric variables they measure, and their specific application
in this research. By understanding the capabilities and limitations of different types
of ceilometers, this research gain valuable insights into their role in advancing atmo-
spheric science and improving the accuracy of Al models designed for atmospheric
analysis. The examples from the state-of-the-art research highlighted the practical
applications of these instruments, demonstrating their importance in a wide range of
meteorological studies. The knowledge gained from this chapter sets the foundation
for the subsequent chapters, where the development and application of AI models

for atmospheric analysis will be explored in greater detail.
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Chapter 4

Cloud Detection

This chapter delves into the core research focus of this thesis: Cloud Detection using
ceilometer data. This study aims to enhance cloud monitoring techniques by lever-
aging the unique capabilities of ceilometers, which are widely used in atmospheric
research for measuring cloud base height and aerosol profiles. In this context, the
chapter will begin by discussing the methodology for collecting the dataset, detailing
how ceilometer data was gathered over a specified period and location. The next
step in the process is transforming this raw ceilometer data into images suitable for
analysis. Since ceilometer outputs are typically in the form of time-series backscatter
profiles, this section will describe the process of converting these profiles into image-
like representations that can be used for cloud detection algorithms. The following
section will explain the method chosen for labeling the data, which is a crucial step
in a supervised learning task. Once the dataset is prepared, the chapter will move
on to present the results obtained using state-of-the-art architectures in this field,
including Convolutional Neural Networks (CNNs) and other deep learning archi-
tectures, in accurately identifying cloud patterns. A thorough comparison of these
architectures will be provided, showcasing their strengths and limitations based on

metrics such as accuracy, precision, recall, and computational efficiency. Insights
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into the tuning of hyperparameters, model training, and validation processes will
also be discussed.

Finally, the chapter will conclude by outlining the main insights for future work.
This section will explore the potential avenues for improving cloud detection using
ceilometer data. Additionally, the possibilities for extending this research to include
real-time cloud monitoring or integration with broader atmospheric monitoring sys-
tems will be discussed, laying the groundwork for future advancements in the field

of atmospheric science.

4.1 Introduction

Monitoring and understanding cloud formations and their dynamics are critical tasks
in meteorology, as clouds play a pivotal role in weather prediction, climate model-
ing, and atmospheric studies. Clouds influence the Earth’s energy balance, modulate
temperatures, and impact precipitation patterns. Traditional methods for cloud ob-
servation often rely on satellite imagery and ground-based radar systems. This work
utilizes data from a lidar-based ceilometer, an advanced remote sensing instrument
capable of measuring cloud base heights and detecting atmospheric aerosols through
backscatter analysis of a modulated light beam emitted into the sky.

Ceilometers offer distinct advantages over other remote sensing devices, providing
continuous, high-resolution vertical measurements of cloud and aerosol distribution.
This capability makes them particularly valuable for studying rapid changes in at-
mospheric conditions and for detecting phenomena that are challenging to observe

through satellites, such as low-altitude clouds or localized aerosol concentrations.
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Our study focuses on leveraging these unique capabilities to enhance cloud detec-
tion using state-of-the-art deep neural networks.

To better contextualize the role of ceilometers in cloud detection, this work briefly
discusses alternative LiDAR-based methods and their characteristics. Our approach
employs lidar-based ceilometers for continuous measurement, real-time monitoring
of the lower atmosphere, specifically focusing on earth-to-satellite observations. Un-
like high-sensitivity lidar systems [122], which integrate SNSPD technology to detect
faint backscatter signals from high-altitude clouds with minimal noise, ceilometers
are optimized for tracking cloud base heights and aerosol layers within the Plan-
etary Boundary Layer (PBL). While hybrid radar-lidar techniques [163] combine
millimeter-wave radar and multi-wavelength lidar for improved penetration and res-
olution, they require co-located instrumentation, limiting their deployment flexibil-
ity. Similarly, Airborne Laser Scanning (ALS) [153] provides high-resolution 3D
cloud morphology but is constrained by high operational costs and limited temporal
coverage.

In contrast, ceilometers operate at a single wavelength, offering a cost-effective,
high-frequency sampling of atmospheric processes, making them particularly suit-
able for studying cloud dynamics in urban and industrial environments, where local
emissions and surface heating play a crucial role. These comparisons highlight the
unique advantages of ceilometers in providing continuous, cost-effective, and high-
frequency atmospheric observations, making them particularly relevant for cloud
monitoring in urban and industrial environments.

While existing approaches have utilized lidar-based imagery in combination with

machine learning models [33], the availability of publicly accessible datasets remains



Chapter 4. Cloud Detection 55

limited, creating a barrier for broader research and development in this field. To ad-
dress this gap, our study introduces a newly curated dataset comprising backscatter
profiles. Our new dataset differs significantly from existing cloud detection datasets
in the literature. Traditional lidar remote sensing systems predominantly follow a
satellite-to-earth (top-down) perspective, whereas our approach adopts a bottom-
up (Earth-to-satellite) acquisition method. This inversion in the data collection
paradigm captures atmospheric dynamics from a rarely explored viewpoint, intro-
ducing novel challenges and opportunities for cloud detection. This dataset rep-
resents a challenging benchmark for cloud detection due to its inclusion of diverse
atmospheric conditions and varying cloud types observed around Mount Etna, an
area known for its complex meteorological phenomena.

Ground-truth labeling of the dataset was performed using a high-resolution
Weather Research and Forecasting (WRF) model, providing reliable reference data
for model training and evaluation. Our study aims to provide a comprehensive per-
formance benchmark for cloud detection on this dataset using several state-of-the-art
deep learning architectures, including both convolutional neural networks (CNNs)
and transformer-based models. Specifically, this research evaluated VGG-16 [130],
ResNet50 [53], InceptionV3 [133], EfficientNet [135], and the Vision Transformer
(ViT) [40]. Results indicated that ResNet50 achieved the highest accuracy among
CNNs at 89.57%, while the transformer-based ViT reached a comparable perfor-
mance of 89.36%.

The main contributions of this work are as follows:

e Introduction of a Novel Dataset: A new dataset of LIDAR ceilometer
backscatter profiles is presented, collected over a three-month period near

Mount Etna, Italy. This dataset, characterized by high temporal resolution
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and diverse atmospheric conditions, serves as a valuable benchmark for cloud

detection and atmospheric studies.

e Comprehensive Benchmarking of State-of-the-Art Models: The per-
formance of cutting-edge deep learning architectures is evaluated, including
CNN-based models (ResNet50, VGG16, InceptionV3, EfficientNet) and the
Vision Transformer (ViT). This benchmarking provides a robust baseline for

cloud detection task using lidar backscatter data.

e High Accuracy Results: Among the tested models, ResNet50 achieved the
highest accuracy (89.57%), closely followed by ViT (89.36%). These results
highlight the efficacy of residual learning and transformer-based approaches in

analyzing complex atmospheric patterns.

e Support for Future Research: By making the dataset publicly accessible
and offering detailed performance benchmarks, this work lays the foundation
for future advancements in cloud detection and lidar-based atmospheric re-

search.

e Broader Application Potential: The dataset and methodology introduced
in this study open new opportunities for leveraging lidar ceilometer data to
detect other atmospheric phenomena, such as aerosols, pollutants, and volcanic

emissions.

These contributions represent a significant step forward in utilizing lidar-based
systems and advanced deep learning techniques for accurate and scalable atmo-

spheric monitoring. This work is an extension of the work presented in [30] by the
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authors. It includes a more in-depth analysis of the state-of-the-art, a larger num-
ber of experiments and an in-depth and detailed comparison of results, not present

in [30].

4.2 Related Works

In this section, the main state-of-the-art papers on data from ceilometers using Al
and non-Al approaches will be explored. The aim is to provide a comprehensive and
in-depth view of what is being done by researchers worldwide with this data using
the most appropriate deep learning and computer vision architectures. The chap-
ter will also focus on interpreting how certain atmospheric parameters such as the
Atmospheric Boundary Layer or the Convective Boundary Layer have relevant im-
pacts. The Atmospheric Boundary Layer (ABL) plays a critical role in determining
air quality, weather patterns, and the overall dynamics of the Earth’s atmosphere.
As the lowest part of the atmosphere, its interactions with the Earth’s surface influ-
ence the transport and dispersion of aerosols and other pollutants, which is crucial
in urban environments like Wuhan, China. The growing use of advanced remote
sensing techniques such as lidar and ceilometers has led to significant advancements
in measuring and understanding the ABL. In addition, some studies in the field of
Federated Learning will be analysed to better understand the use of this type of
approach and how it can be useful in the context that has just been presented.

In [69], the authors study the convective boundary layer (CBL) height in Wuhan,
China, using lidar data. They analyze the diurnal and seasonal cycle of the CBL,

highlighting its impact on aerosol particle transport and dispersion. During the
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day, the CBL grows, promoting the mixing and distribution of particles in the at-
mosphere, while at night, the CBL height decreases, limiting this mixing. A sig-
nificant aspect of the study is the identification of an ”entrainment” zone between
the CBL and the troposphere, showing how seasonal variations in CBL height in-
fluence surface-level fine particle concentrations. In [143], the authors investigates
the nocturnal boundary layer (NBL) in Wuhan, China, using lidar data to analyze
how the height of the NBL is influenced by various meteorological parameters such
as temperature, humidity, and wind speed. The study also examines how these
variations in NBL height affect the concentration of fine particulate matter (PM2.5)
near the surface, showing that a higher NBL tends to reduce particle accumulation,
while a lower NBL promotes it. This works are closely related as both explore the
dynamics of the atmospheric boundary layer (ABL) in Wuhan, but during different
times of the day. [69] focuses on the diurnal behavior of the convective boundary
layer (CBL) and its role in particle transport, while [143] examines the nocturnal
conditions of the NBL and their impact on particle accumulation. [80] focuses on
the analysis of the convective boundary layer (CBL) and the entrainment zone (EZ)
in Wuhan, China, using a tilted polarized lidar. The study investigates the instanta-
neous depth of the atmospheric boundary layer (ABL) and its evolution through four
typical phases (formation, growth, steady-state, and decay) during clear days across
different seasons. The authors propose a novel approach to determine the thick-
ness of the entrainment zone (EZT) by using the half-width of the variance profile
of aerosol backscatter ratio fluctuations. The paper observes that the thickness of
the EZT varies significantly between seasons, with winter and autumn showing a

generally lower average thickness and standard deviation compared to spring and
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summer. The study also notes that during the growth phase of the CBL, fluctua-
tions and the thickness of the EZT are more pronounced, while these characteristics
become less variable during the steady-state phase. [44] focuses on the study of
aerosols in the Earth’s atmosphere, particularly within the Mixing Layer (ML), the
lowest part of the atmosphere where contaminant dispersion occurs. The thickness
of the ML, influenced by surface conditions, is crucial for understanding atmospheric
dynamics, thermodynamics, and air quality. Recently, networks of single-wavelength
backscatter lidars, the ceilometers, have been implemented, primarily used by me-
teorological services to monitor the spatio-temporal distribution of aerosols. The
paper introduces a fully automated approach for calibrating ceilometers, enabling
the precise determination of the particle backscatter coefficient (3,) regardless of
weather conditions and the limited signal sensitivity of ceilometers. Additionally,
the development of an automatic ML height detection algorithm, named COBOLT
(Continuous Boundary Layer Tracing), allows for uninterrupted tracking of com-
plete diurnal cycles of the ML, offering improved accuracy compared to existing
algorithms. The paper demonstrates COBOLT’s reliability through comparisons
with radiosonde data and other algorithms, showcasing practical applications such
as statistics of 3, profiles and comparisons of ML height between rural and urban
areas. [126] examines aerosol layers present in the free troposphere above Wuhan,
China, and their seasonal variation using 532 nm lidar measurements conducted
throughout 2013. The authors identified 402 aerosol layer events in the free tro-
posphere, with most layers located between 1 and 4 km in altitude. The majority
of these layers are optically thin, with an aerosol optical depth (AOD) below 0.1.
Seasonal variations show that the maximum thickness of aerosol layers occurs in

spring, while the minimum is observed in autumn. Furthermore, the study reveals
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that aerosol particles in these layers exhibit seasonal differences in shape and com-
position, with a higher presence of non-spherical and mixed particles during spring,
autumn, and winter. [149] describes observations conducted in Wuhan, China, be-
tween 2010 and 2013, focusing on nine cases of humid aerosol layers or liquid water
layers that slowly rose to altitudes of around 2-4 km during the winter. Initially,
these layers were nearly transparent, with a low backscatter ratio and low depo-
larization ratio, indicating a low density of non-spherical particles or ice crystals.
As these layers gradually lifted, they evolved into nearly opaque liquid cloud lay-
ers, and at that point, ice crystals suddenly formed at the upper edge of the cloud
layer, suggesting that the water droplets were freezing. The freezing temperatures,
estimated from radiosonde data, ranged between -3 and -8°C. In two cases observed
over extended periods (more than 16 hours), the layers were located just below an
inversion layer. The ice development in the layers was followed by the formation of
precipitation.

Another state-of-the-art approach utilizing ceilometers involves the analysis and
segmentation of lidar images for cloud monitoring. In this context, the primary
challenge lies in accurately identifying the geometry and temporal position of clouds
within the lidar imagery, which is crucial for improving our understanding of atmo-
spheric processes. The application of deep learning techniques, such as convolutional
neural networks, marks a significant advancement in cloud segmentation, enhancing
the accuracy of cloud localization and classification detected by ceilometers. [33] pro-
poses an innovative approach for segmenting laser radar (lidar) images by focusing
on the geometry and temporal position of clouds. To achieve this goal, the authors
employ a Fully Convolutional Network (FCN), a type of neural network specifi-

cally designed to analyze and segment images in a detailed manner. The method
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described in the work relies on an innovative combination of semi-supervised and su-
pervised learning techniques. Initially, the network is pre-trained using image-level
annotations, which provide a general classification but lack pixel-level detail. This
phase helps establish the foundation for cloud recognition by teaching the network
to identify cloud features at a higher level. Next, the network is further refined
by pre-training it with cloud positions provided by the MPLCMASK algorithm, an
existing method for cloud masking. This step enables the FCN to learn cloud recog-
nition based on reference data, enhancing its understanding of cloud geometries and
positions in lidar imagery. Finally, to achieve optimal precision, the network under-
goes fully supervised training using manually labeled data, where cloud positions
are accurately marked. The authors of [162] explores the use of deep learning to
monitor temporal variations in the Planetary Boundary Layer Height (PBLH). The
authors combine two key techniques: an edge detection method based on lidar sig-
nals and a Convolutional Long Short Term Memory (LSTM) neural network. This
approach allows for the estimation of PBLH height even under challenging condi-
tions, such as rain or cloud cover. The convolutional LSTM network analyzes lidar
images over time, predicting changes in the PBLH height. This model is inspired
by previous applications, such as predicting the movement of numbers in image se-
quences. The results demonstrate that the model can accurately forecast temporal
changes in PBLH height, offering a robust solution for continuous monitoring in
various weather conditions.

Several approaches have been proposed for detecting clouds using lidar-based
techniques, with significant differences in the type of instruments employed and the
atmospheric layers they probe. While our instrument leverages lidar-based ceilome-

ter systems to capture backscatter data from the atmospheric boundary layer, other
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studies have employed alternative lidar configurations with distinct operational prin-
ciples and observational capabilities. The approach in [122] incorporates a supercon-
ducting nanowire single-photon detector (SNSPD) in high-sensitivity atmospheric
lidar, enhancing detection of faint backscatter signals from high-altitude clouds with
minimal noise. However, these systems primarily target the mid-to-upper atmo-
sphere and demand sophisticated calibration to mitigate signal attenuation. In
contrast, hybrid radar-lidar methods, such as [163], integrate millimeter-wave cloud
radar with ground-based multi-wavelength lidar. While radar provides superior
penetration depth, lidar ensures finer resolution at lower altitudes. However, these
composite systems face challenges in distinguishing drizzle from cloud droplets and
require co-located instrumentation, limiting their spatial flexibility. Airborne laser
scanning (ALS) lidar, as demonstrated in [153], employs aircraft-mounted pulsed
lasers in the near-infrared spectrum to generate high-resolution 3D cloud recon-
structions. Despite its ability to capture detailed cloud morphology, ALS is con-
strained by operational costs, limited temporal resolution, and dependency on flight
schedules. Our tool differs from these instruments by focusing on earth-to-satellite
observations using lidar-based ceilometer. Ceilometers operate at a single wave-
length to continuously monitor the lower atmosphere. Their primary advantage lies
in their ability to provide near real-time, high-frequency sampling of the planetary
boundary layer (PBL), the atmospheric region most directly influenced by human
activity and surface-level meteorological processes. Unlike high-power research li-
dar systems, ceilometers are optimised for detecting cloud base heights and aerosol
layers at altitudes ranging from a few tens of metres to several kilometres. This
capability makes them particularly relevant for studying cloud formation and dy-

namics in urban and industrial environments, where localised emissions and thermal
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effects strongly modulate atmospheric composition.

For a comprehensive review of cloud detection, including the use of ceilometer
data, please refer to [83]. Backscatter profiles acquired by ceilometers have been
shown to be highly correlated in the presence of atmospheric particulate matter,
as demonstrated in previous studies [92, 93]. The efficacy of ceilometer data has
also been instrumental in detecting volcanic emissions during the 2010 eruption of
the Icelandic volcano Eyjafjallajokull [43]. Given its potential, the exploration of
sophisticated data mining techniques for the analysis of ceilometer-acquired data
has been a subject of discussion since the inception of the Data Mining Project [7].
In pursuit of this objective, a noteworthy contribution to the research community
emerged from the work of Wiegner et al. [148], wherein an approach to calibrate
measurements from a Jenoptik CHM 15kx ceilometer was presented. Later, Arun
et al. [4] delved into the synergy between ground-based ceilometer observations and
satellite data from remote sensing sources in their study. By combining these distinct
datasets, they aimed to enhance the precision of cloud detection, highlighting the
evolving landscape of data fusion for atmospheric analysis.

In [66], the authors proposed a technique for detecting specific meteorological
phenomena, such as fog and clouds, using a lidar-based ceilometer. The methodol-
ogy involved the application of classical machine learning methods, including Sup-
port Vector Machines (SVM), as well as shallow neural networks. These techniques
leveraged raw data obtained from the ceilometer as predictive features, enabling
the accurate identification of atmospheric events. Similarly, in [58], the authors un-
dertook cloud classification by taking advantage of both ceilometer data with sky
images captured by a camera. Within their study, a random forest approach was

employed to perform multi-class classification, effectively discerning various cloud
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types. This integration of data sources facilitated comprehensive cloud identifica-
tion. In [19], ceilometer data have been utilized to evaluate a federated learning
approach incorporating both labeled and unlabeled samples in a semi-supervised
setting. This methodology aims to enhance model performance by leveraging fea-
ture extraction from unannotated data, contributing to the broader research on
privacy-preserving machine learning for Earth observation applications. Sleeman et
al. [132] used lidar-based ceilometer data to detect the Planetary Boundary Layer
Height (PBLH) with the use of machine learning techniques. In [35], they introduced
an unsupervised methodology for classifying meteorological occurrences, leveraging
k-means clustering. An autoencoder was trained to learn a suitable representation
of backscatter profiles, subsequently organized into clusters. While demonstrating
promise, this technique was presented as a prototype proof-of-concept. Notably, the
absence of labeled data and a comprehensive evaluation hampered its full validation.
Conversely, the study in [33] addressed cloud detection through Fully Convolutional
Networks. In their approach, backscatter profiles were provided into their model via
a mask algorithm, and the model was trained in a supervised fashion, as they labeled
a dataset of backscatter profiles. This dataset enabled an in-depth quantitative per-
formance analysis of their proposed methodology, setting it apart from prior works
in the literature. An et al. [3] developed a cloud detection algorithm based on FY-
3E satellite infrared channels for early morning observations. Their method utilizes
dynamic thresholds and auxiliary data (such as SST, LST, and snow cover masks)
to adjust for varying land surface conditions and improve detection accuracy. In
contrast, Li et al. [73] proposed a Residual Dual U-Shape Network (RD-UNet) with
improved skip connections, which effectively integrates multi-scale features to better

detect thin clouds and refine cloud boundaries. Although both approaches rely on
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satellite imagery, our research diverges by employing ceilometer lidar backscatter
data, offering a bottom-up perspective that captures high temporal resolution and
detailed vertical structure information. The system used in this research uses lidar-
based ceilometers to gather backscatter data primarily from the atmospheric bound-
ary layer. Conversely, other research efforts have adopted different lidar setups, each
with unique functional mechanisms and observational strengths. The method de-
scribed in [122] features a high-sensitivity atmospheric lidar system equipped with
a Superconducting Nanowire Single-Photon Detector (SNSPD), which improves the
identification of weak backscatter signals from upper-atmosphere clouds while min-
imizing noise. Nonetheless, such systems are mainly designed for mid-to-high atmo-
spheric layers and require intricate calibration techniques to address signal degrada-
tion. Alternatively, hybrid radar-lidar approaches, such as the one in [163], merge
millimeter-wave cloud radar with ground-based lidar operating at multiple wave-
lengths. In these setups, radar excels at deep penetration, whereas lidar provides
finer detail at lower elevations. However, these combined systems struggle to dif-
ferentiate between drizzle and cloud particles and rely on co-located instruments,
restricting their deployment flexibility. Airborne Laser Scanning (ALS) lidar, exem-
plified in [153], uses aircraft-mounted, pulsed near-infrared lasers to construct high-
resolution, three-dimensional representations of cloud structures. Although effective
in capturing cloud morphology, ALS faces limitations due to its high operational ex-
penses, restricted temporal coverage, and reliance on flight schedules. The system
used in this research stands apart by employing ceilometers for ground-to-satellite
measurements. These instruments operate at a single wavelength and offer contin-
uous monitoring of the lower atmosphere. Their key strength lies in their ability

to deliver real-time, high-frequency measurements of the Planetary Boundary Layer
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(PBL)—the atmospheric zone most affected by surface-level weather and human-
induced changes. Unlike powerful research lidar systems, ceilometers are tailored for
monitoring cloud base altitudes and aerosol concentrations within a vertical range
spanning from a few dozen meters to several kilometers. This makes them especially
suitable for examining cloud behavior and evolution in urban and industrial settings,
where local emissions and heat exchanges significantly influence atmospheric prop-
erties. The current research landscape demonstrates diverse approaches leveraging
ceilometer data, often relying on distinct datasets and traditional machine learning
methods (e.g., SVM). However, the complexity of backscatter profiles, as collected
in this study, makes them more suitable for deep neural networks. To address gaps
in the existing literature, this work introduces a high-resolution dataset tailored for
deep learning applications in cloud detection. Collected near an active volcano, this
dataset captures unique and challenging atmospheric conditions, enabling rigorous
benchmarking of advanced models and fostering future research. Traditional remote
sensing systems using lidar technology are predominantly satellite-based and acquire
data from a top-down (satellite-to-earth) perspective. Although these approaches
have been extensively studied and provide valuable atmospheric and surface observa-
tions, they differ fundamentally from our methodology, which adopts a bottom-up
(Earth-to-satellite) perspective. This inversion in the data acquisition paradigm
introduces a new and exciting aspect to cloud detection, as the proposed dataset
captures atmospheric dynamics from a perspective rarely explored in the literature.
Because of this unique perspective, this dataset differs significantly from existing
datasets, making it new and ahead of its time. The distinct nature of these data
presents new challenges and opportunities for the research community, which moti-

vated the proposal of a dedicated scientific challenge. The promotion of advances
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Figure 4.1: Backscatter profile of 24-hour measurements taken on the 16! of June 2022.
As explained in Chapter 3, the color of the plot depends on the intensity of the measured
particle: intense blue means absence of particulate; red means intense presence of partic-
ulate.

in cloud detection methodologies and the improvement of the understanding of at-

mospheric phenomena observed by ground-based LiDAR systems are among the

objectives of this study.

4.3 Proposed Method

As detailed in Chapter 3, the ceilometer carried out measurements every 15 seconds,
enabling precise quantification of atmospheric particle concentration. By analyzing
the reflected signals, cloud layer coverage could be determined. The selected ceilome-
ter generates and processes a substantial volume of raw data, as shown in Table 3.1.
Figure 3.2 illustrates the data collection procedure.

Once the raw data were acquired, the parameters of interest were normalized
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using a specific calibration factor for the lidar-based ceilometer. Several parame-
ters contributed to constructing backscatter profiles. These profiles were plotted
with time represented on the z-axis and particle height (reflected in the backscatter
coefficient) on the y-axis. The plot’s colors indicate the intensity of the measured
particles: deep blue signifies minimal particulate presence, while red indicates high
concentrations. The scale ranges numerically from 0 to 5- 1075 A backscatter
profile for each day of data collection was generated, further dividing it into hourly
intervals, resulting in 24 profiles per day. Figure 4.1 provides an example of the
processed data. In total, 1,568 images of dimensions 150 x 1000 were created, each
representing an hour-long measurement period.

An extract of the Python code used to generate the images from the raw data is

presented below.

def raw_data_img(days):
day = days
all_files = os.listdir(path)
elem_list = []
for elem in all_files:
elem_list.append(path+"/"+elem)
data = nc.MFDataset(elem_list)

bsc=data.variables['beta_att'][:, :]
bsc=np.transpose(bsc)
kaltitude=data.variables['range'] [:]/1000
hr_altitude=kaltitude[:512]
hr_bsc=bsc[:512]

cdf _time=data.variables['time'][:]

time = nc.num2date(cdf_time, data.variables['time'].units,

< only_use_python_datetimes=True)

str_time = [i.strftime("%Y-Ym-7%d %H:%M") for i in time]
date_time=[datetime.strptime(i, "%Y-Ym-%d %H:%M") for i in str_time]
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fig, ax=plt.subplots(figsize=(1.5, 10))

pl=ax.pcolormesh(date_time, kaltitude, bsc, cmap='coolwarm', vmin=0.0,
— vmax=0.000005)

plt.axis('off"')

plt.tight_layout ()

plt.savefig(path_save+"/"+day+"-"+hour+".png")

The generated backscatter profiles were labeled using the Weather Research and
Forecasting (WRF) Model, a mesoscale numerical prediction system designed for
atmospheric research and operational forecasting. Figure 4.2 presents the workflow
of the WRF model, which features two dynamic cores, a data assimilation system,
and a software architecture optimized for parallel computing. The model serves a
broad spectrum of meteorological applications, covering scales from tens of meters
to thousands of kilometers. Its spatial resolution of 1 x 1 km offers greater detail
compared to typical global forecast models, which often operate at 27 x 27 km. The
WRF model leverages global weather data from the Global Forecast System (GFS),
provided by the National Center for Atmospheric Research (NCAR) [96].

The WRF model produces netCDF files representing a 3D geographic grid, as
depicted in Figure 4.3. Latitude and longitude are aligned with the z-axis and y-
axis, while 40 pressure levels are represented on the z-axis. The displayed images
differ in spatial resolution and the quality of the WRF model outputs. The first
image has a resolution of 9 x 9 km, meaning that each point on the spatial grid is
spaced 9 km apart. This results in a relatively coarse depiction of atmospheric con-
ditions, as finer details of meteorological phenomena are not captured at this scale.
In contrast, the second image utilizes a higher-resolution grid of 3 x 3 km, achieved
through the nesting technique within the WRF model. Nesting involves embedding

one or more high-resolution grids (referred to as nested domains) within a coarser



Chapter 4. Cloud Detection 70
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WREF Preprocessing
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1st step: 9x9 km

2st step: 3x3 km
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Figure 4.2: Adopted workflow for the employed WRF model. Note that the outputs of
the first and second steps serve as inputs to the last step. GFS is the Global Forecast
System. Global weather data from the GFS are used as the first input.

grid (the parent domain). In this case, the 3 x 3 km grid is nested inside the parent
domain of 9 x 9 km. During this process, the WRF model incorporates meteorologi-
cal data from the parent domain to enhance the local representation of atmospheric
phenomena, resulting in more precise forecasts for specific areas of interest. Finally,
the third image presents data with a resolution of 1 x 1 km, which offers nine times
the precision of the initial grid. At this level, nesting is further refined by adding a
third nested domain, enabling the model to capture highly detailed meteorological
features, such as localized variations in temperature, wind, and precipitation. This
setup enabled us to isolate the central point of the reference domain, corresponding
to the ceilometer’s geographical location, and determine cloud presence or absence
at each pressure level. This process provided hourly cloud cover data for the ceilome-
ter’s location, serving as ground-truth labels for each backscatter profile with high
reliability.

An extract of the Python code used to assign the correct labels to each image is

presented below.
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Figure 4.3: Visual representation of the output of WRF model showing the percentage
cloud cover.

def raw_data_wrf(years, months, days):
for hour in range(0, cloud_var.shape[0]):
clouds = False
# We have multiple layers in high
for high in range(0, cloud_var.shape[1]):
# sn means south-north
for sn in range(0, cloud_var.shape[2]):
if (cloud_var.shape[2] / 2 - 1) <= sn <= (cloud_var.shape[2] / 2
o+ 1)
# we means west-east
for we in range(0, cloud_var.shape[3]):
if (cloud_var.shape[3] / 2 - 1) <= we <=
— (cloud_var.shape[3] / 2 + 1):
if cloud_var [hour] [high] [sn] [we] !'= O:
# This ©s the centre of the grid, with an
< appropriate margin
clouds = True
print("in hour " + str(hour) + " are there clouds? " + str(clouds))
f.writelines([str(hour), "\n", str(clouds), "\n"])

The labeled backscatter profiles were subsequently used to train several state-
of-the-art deep learning models, including VGG-16 [130], ResNet50 [53], Incep-
tionV3 [133], EfficientNet [135], and ViT [40], utilizing the PyTorch framework.
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VGG-16 is a classic Convolutional Neural Network (CNN) known for its simple
and uniform architecture, which serves as a strong baseline in image classification
tasks. Inception v3 introduces the concept of inception modules, allowing the net-
work to capture multi-scale features efficiently while reducing computational cost.
ResNet-50 employs residual connections to enable the training of deeper networks
and mitigate the vanishing gradient problem, proving highly effective in various
vision tasks. EfficientNet scales network width, depth, and resolution in a princi-
pled manner, achieving high accuracy with fewer parameters. Lastly, Vision Trans-
former (ViT) adopts a transformer-based architecture that operates directly on im-
age patches, providing an alternative to convolutional approaches and achieving
state-of-the-art results in image recognition. The dataset is publicly available at

https://zenodo.org/records/10616434.

4.4 Experimental Results

All models were trained using a standard supervised learning approach with Cross
Entropy loss. Training and inference were conducted on 1-hour-long ceilometer
measurements. All models were initialized with ImageNet-pretrained weights to
enhance training stability and robustness. To mitigate overfitting during train-
ing, horizontal-flip data augmentation was used. For each experimental setup, the
dataset was divided into training, validation, and test sets, with proportions of 49%
(769 samples), 21% (329 samples), and 30% (470 samples), respectively, totaling
1050 samples belonging to the True class.

The exploration of different hyper-parameter configurations was carried out, and

two optimizers were employed: Stochastic Gradient Descent (SGD) and Adam. The
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following subsection outlines the combinations tested to identify the optimal model

configuration.

4.4.1 Performance Analysis and Comparison of Model Con-

figurations

Figure 4.4 and Figure 4.5 show the performance results of various state-of-the-
art deep learning models trained on a dataset of cloud detection using ceilometer
backscatter profiles. The models evaluated include VGG16, EfficientNet, Incep-
tionV3, ResNet50, and Vision Transformer (ViT), and were tested using multiple
configurations and optimization strategies. The Figures primarily differ based on
the optimizer employed (SGD for Figure 4.4 and ADAM for Figure 4.5). Specifi-
cally, the diagrams in Figure 4.4 are organized according to training parameters like
learning rate, momentum, and weight decay, whereas the diagrams in Figure 4.5 are
grouped based solely on learning rate and weight decay. The models were evalu-
ated using standard metrics, including Accuracy, F1-score, Precision, and Recall, to
gauge their efficacy in detecting clouds accurately.

The VGG16 model exhibited notable variability across different configurations.
The best performance was observed with configuration 3 using SGD, yielding an ac-
curacy of 86.38%, an F'1-score of 0.9077, a Precision of 0.8495, and a Recall of 0.9744.
The high recall value indicates that VGG16 was proficient at capturing relevant pos-
itive instances (i.e., cloud presence). However, its slightly lower precision compared
to recall highlights the model’s tendency to generate false positives. Interestingly,
configurations with a higher learning rate (0.01) performed poorly, achieving a mere
accuracy of 32.98%. This suggests that higher learning rates caused instability,

potentially leading to divergence or overfitting during the training process.
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Figure 4.4: Performance results of various state-of-the-art deep learning models trained for
cloud detection using ceilometer backscatter profiles, evaluated with SGD optimizer and
organized by training parameters such as learning rate, momentum, and weight decay.
Models include VGG16, EfficientNet, InceptionV3, ResNet50, and Vision Transformer
(ViT), with metrics like Accuracy, Fl-score, Precision, and Recall used for assessment.
Missing values in some graphs indicate that the value of the metric in question is close to

or equal to 0.0.
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Figure 4.5: Performance results of various state-of-the-art deep learning models trained for
cloud detection using ceilometer backscatter profiles, evaluated with the ADAM optimizer
and organized by training parameters such as learning rate and weight decay. Models
include VGG16, EfficientNet, InceptionV3, ResNet50, and Vision Transformer (ViT), with
metrics like Accuracy, Fl-score, Precision, and Recall used for assessment.



Chapter 4. Cloud Detection 76

EfficientNet demonstrated solid performance, with its best configuration using
SGD achieving an accuracy of 83.19% alongside an F1-score of 0.8824 and a Preci-
sion of 0.8450. This result reflects a balance between precision and recall, suggesting
that EfficientNet effectively identified cloud instances without a significant number
of false positives or negatives. However, when optimized with Adam, EfficientNet’s
performance slightly decreased, with the highest accuracy obtained being 81.91%.
This difference underscores that certain architectures benefit more from one op-
timizer over another, with SGD appearing more suitable for EfficientNet in this
context.

InceptionV3 showed a moderate performance range, achieving its highest accu-
racy of 82.77% with Adam optimization. This configuration exhibited a balanced
Fl-score (0.8751) and Precision (0.8656), indicating robust performance across dif-
ferent metrics. When optimized with SGD, InceptionV3 achieved a comparable
accuracy of 81.06% but required the maximum number of epochs (59), reflecting a
slower convergence rate compared to Adam. This suggests that InceptionV3 might
be more efficient with Adam, especially for datasets with complex patterns like
backscatter profiles.

ResNet50 emerged as the top-performing model, achieving the highest accuracy
of 89.57% using SGD with configuration 2 (learning rate = 10~ momentum =
0.8, weight decay = 107°). The corresponding Fl-score of 0.9273 highlights the
model’s superior robustness and generalization capabilities. ResNet50 maintained
consistent performance even when optimized with Adam, achieving an accuracy
of 87.23% under configuration 4. The consistently high recall values indicate the
model’s strong ability to detect relevant instances, making it well-suited for real-

world applications in cloud detection.
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The Vision Transformer (ViT) model demonstrated competitive results, closely
following ResNet50. The highest accuracy achieved by ViT was 89.36% using
SGD with configuration 3 (learning rate = 107°), accompanied by strong preci-
sion (0.8795) and recall (0.9808). ViT’s performance underscores the potential of
transformer-based architectures for complex tasks such as cloud detection. Even
when optimized with Adam, ViT maintained robust performance, achieving an ac-
curacy of 85.96% with configuration 4. This suggests that transformer-based models,
when properly tuned, can rival traditional convolutional networks in such specialized
tasks.

Overall, a comparison of optimizers across models revealed that SGD tended
to produce higher accuracy scores compared to Adam, though Adam often pro-
vided faster convergence, requiring fewer epochs. Lower learning rates generally
resulted in more stable and higher accuracies, while higher learning rates (e.g., 0.01)
frequently led to poor performance, indicating potential issues with stability and
overfitting during training. In terms of model performance, ResNet50 consistently
outperformed other architectures, demonstrating the efficacy of residual connections
for feature extraction from backscatter data. ViT, while slightly behind ResNet50
in accuracy, showed promise, especially given its strong recall and balanced perfor-
mance metrics. The high recall scores across many configurations suggest a strong
capability to capture positive instances (cloud presence), but they also highlight the
need to balance precision, as seen with models like VGG16 and EfficientNet.

In conclusion, the results highlight that ResNet50 and Vision Transformer are
highly effective models for cloud detection using ceilometer backscatter profiles.

Their robust performance, particularly in terms of recall, demonstrates their strong
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SGD ADAM
# | Learning Rate Momentum Weight Decay | Learning Rate Weight Decay
1 1073 0.9 10-1 1073 101
2 104 0.8 107° 104 107°
3 1075 0.7 1076 107° 1076
4 1076 0.9 1076 1076 1076
5 1072 0.9 1073 1072 1073
6 102 0.8 1072 102 1072
7 102 0.8 1074 1072 1074

Table 4.1: The first half of the table shows the parameters used for experiments with SGD.
The second half of the table shows the parameters used for experiments with Adam.

Training Time

Model Configuration Optimiser Accuracy Fl-score Precision Recall (min.) /
Last epoch

VGG16 #3 SGD 86.38 0.91 0.85 0.97 22m /39
#4 Adam 86.17 0.91 0.84 0.98 24m /38

. #5 SGD 83.19 0.88 0.85 0.92 16m / 14
Efficient Net 44 Adam 81.91 0.87 0.84 0.91 37m ? 59
Tnception v3 #2 SGD 81.06 0.87 0.83 0.90 30m /59
#1 Adam 82.77 0.88 0.87 0.88 10m /15

#2 SGD 89.57 0.93 0.90 0.96 27m /59

ResNet 50 #4 Adam 87.23 0.91 0.90 0.92 23 m ? 59
ViT #3 SGD 89.36 0.93 0.88 0.98 129 m / 59

#1 Adam 86.81 0.91 0.85 0.98 25m /9

Table 4.2: Test performance of the considered state-of-the-art models. Bold values high-
light the best-performing model for each evaluation metric when using either SGD or
Adam as optimizers. Please refer to Table 4.1 for the hyper-parameter configurations.

suitability for real-world atmospheric monitoring applications. This analysis un-
derscores the potential of these models to accurately identify and classify cloud

presence, providing a reliable foundation for further advancements in environmental

monitoring and data-driven atmospheric analysis.

4.4.2 Final Model

The final hyper-parameters used for training with SGD and Adam optimizers are
reported in Table 4.1. An early stopping criterion was applied, whereby training
would terminate if the variation in validation loss remained within a margin of

0 = 0.05 for at least three consecutive epochs. In total, 70 experiments were carried
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out, all of which are available at the following GitHub repository: https://github.
com/alessiochisari/CeilometerDatasetBenchmark.

These experiments were performed on Google Colab Pro equipped with a Tesla
T4 GPU with 16GB GDDR6 memory. Table 4.2 shows the results obtained by
training the models with the best set of hyper-parameters (c.f. Table 4.1) for each
of the two chosen optimizers.

Figure 4.6 provides a detailed view of the performance trends for several deep
learning architectures evaluated across four key metrics: Accuracy (%), Precision
(%), Recall (%), and F1-score (%). Each metric is plotted as a function of the
number of training epochs, shown on the x-axis, up to a maximum of 60 epochs.
However, the training process incorporates an early stopping mechanism, which ter-
minates the training when the difference in loss between consecutive epochs falls
below a predefined threshold for a fixed number of epochs. As a result, the number
of epochs varies across models and optimizer configurations, reflecting differences
in learning dynamics and convergence. For each architecture, the graphs show the
best-performing solutions corresponding to the two optimisers, Adam and SGD,
with all the previously mentioned metrics (accuracy, precision, recall and F1l-score)
obtained according to the best parameter configuration shown in Table 4.2.

The metrics themselves provide valuable insights into the strengths and weaknesses
of the models. For instance, in the case of VGG16, the recall metric consistently
increases across epochs, demonstrating the model’s ability to effectively identify
positive instances (e.g., cloud presence). However, the precision curve shows some
fluctuations, suggesting a propensity for occasional false positives. EfficientNet, on
the other hand, achieves a balance between precision and recall, with its perfor-

mance metrics stabilizing effectively as training progresses. This indicates strong
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Figure 4.6: Results of the best models for each architecture compared to the Adam and
SGD optimizers. The names of the architectures are shown in the Arch (Architecture)
column. The configuration number (Table 4.2) of the best results are given in the column
BC (Best Configuration).
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generalization capabilities, though the model may take slightly longer to converge
compared to others.

InceptionV3 presents an interesting case, with moderate performance across all met-
rics. It demonstrates reliability in capturing relevant patterns in the data, as evi-
denced by its recall trends, though its overall accuracy is slightly lower compared
to top-performing models. Adam optimization appears to benefit this architecture,
as the model converges more quickly and achieves its best results with fewer epochs
compared to SGD.

ResNet50 stands out as the best-performing architecture across all metrics. Its ac-
curacy and Fl-score remain consistently high, and the recall metric underscores its
exceptional ability to detect positive instances with minimal false negatives. This
performance is likely due to the advantages of residual connections, which help the
model capture hierarchical features more effectively. The Vision Transformer (ViT)
also delivers impressive results, rivaling ResNetb0 in accuracy and recall. Its per-
formance demonstrates the potential of transformer-based architectures for tasks
involving complex patterns in atmospheric data. While Adam leads to faster con-
vergence for ViT, the final performance metrics are marginally better when the
model is optimized with SGD.

Regarding training times and last epoch (last column of Table 4.2), it can be noted
that them vary across models, influenced by the early stopping criterion used to
prevent overfitting. The VGG16 model requires 22—24 minutes with 38-39 epochs,
demonstrating quick convergence. Similarly, Inception v3 shows a range from 10
minutes for configuration #1 to 30 minutes for configuration #2, both stopping
after 59 epochs, as early stopping was likely triggered to prevent overfitting. The

EfficientNet model, with more complex architecture, requires longer training times
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(16-37 minutes) and up to 59 epochs, reflecting the balance between model complex-
ity and training duration. ResNet 50 achieves efficient performance with training
times of 23-27 minutes, stopping after 59 epochs for both configurations. The Vision
Transformer (ViT) takes the longest training time (129 minutes for configuration
#3), with 59 epochs, due to its computational intensity, though configuration #1
converges in 25 minutes and 9 epochs. All models are pre-trained, and the use of
early stopping ensures that training is halted before overfitting occurs. Thus, while
VGG16 and Inception v3 train faster, EfficientNet and ViT offer higher accuracy at
the cost of longer training durations. After completing the training of all models,
the inference time is generally negligible and takes between 10 to 20 seconds for a
batch size of 12 samples, or approximately 1 to 1.7 seconds per sample. The final
column of plots (Figure 4.6), showing the confusion matrices provided by the best
model for each involved architecture, offers additional insights into the classifica-
tion performance of each model. The diagonal elements of these matrices represent
correctly classified instances, while off-diagonal elements indicate misclassifications.
For models like ResNet50 and ViT, the confusion matrices reveal a strong ability to
correctly classify both positive and negative instances, reinforcing their suitability
for the task.

Overall, the analysis highlights the interplay between model architecture, opti-
mizer choice, and the early stopping mechanism. ResNetb0 emerges as the most
robust and reliable model, followed closely by ViT, while architectures like Efficient-
Net and InceptionV3 offer competitive alternatives with specific strengths. The
early stopping mechanism ensures efficient training, preventing overfitting and re-
ducing computational costs, while still enabling a thorough evaluation of model

performance. These results demonstrate the promise of advanced neural network
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architectures for challenging tasks such as cloud detection from lidar backscatter

data.

4.5 Discussion

The results presented in this study highlight several critical observations regarding
the performance of state-of-the-art deep learning architectures for cloud detection
using lidar-based ceilometer backscatter data. The implications of these findings,
as well as the strengths and limitations of the proposed methodology, are discussed

below.

4.5.1 Performance Analysis of Models

Our experimental results revealed that ResNetb0 achieved the highest accuracy
(89.57%) among CNN-based architectures, closely followed by the Vision Trans-
former (ViT) with 89.36%. This performance gap suggests that residual connec-
tions in ResNet50 provide significant advantages in extracting hierarchical features
from complex backscatter profiles. Meanwhile, ViT’s ability to model global depen-
dencies demonstrates the potential of transformer-based approaches for atmospheric
data analysis. These findings are consistent with the growing success of hybrid and
transformer models in computer vision.

Other architectures, such as VGG16, EfficientNet, and InceptionV3, showed
lower, albeit competitive, performance. Notably, VGG16 exhibited high recall val-
ues, indicating its reliability in identifying cloud presence, but at the cost of increased

false positives. EfficientNet, while slightly behind in accuracy, offered a balanced
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VGG16 EfficientNet Inception v3 ResNet50 ViT
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(b)
Figure 4.7: Average (AVG) (a) and Standard Deviation (SD) (b) of the 10 best experiments

of the best model configurations.
trade-off between precision and recall, which could be beneficial for specific real-time
applications where false negatives are particularly detrimental.

The results shown in Figure 4.7 present the average test accuracy and correspond-
ing standard deviation for the top 10 experiments using the best configurations of
Adam and SGD optimizers across various architectures. These metrics offer com-
plementary insights: average accuracy reflects general performance, while standard
deviation reveals how stable the model is across multiple runs.

Starting with VG(G16, both optimizers achieve comparable accuracy: SGD reaches
86.87%, slightly outperforming Adam at 86.38%. However, SGD shows more consis-
tent results, with a lower standard deviation (0.58%) compared to Adam (1.04%).
This suggests that while performance is similar, SGD yields more stable outcomes.

For EfficientNet, results are nearly identical in terms of accuracy—SGD at 80.87%
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and Adam at 80.81%. Yet, Adam exhibits slightly better stability with a lower stan-
dard deviation of 1.49% versus 2.24% for SGD. This makes Adam marginally more
reliable in repeated runs, despite similar performance. The Inception v3 architecture
reveals a clearer distinction. SGD significantly outperforms Adam in both metrics:
it achieves a higher average accuracy (81.47% vs. 79.34%) and a notably lower
standard deviation (1.77% vs. 4.11%). These results indicate that SGD is both
more accurate and considerably more stable, making it the preferred choice for this
architecture. In contrast, ResNet50 shows minimal differences in accuracy—SGD
slightly leads with 87.53% over Adam’s 87.21%. However, stability tells a different
story: Adam has an impressively low standard deviation of 0.55%, compared to
SGD’s 2.43%. This highlights Adam’s robustness for ResNet50, despite the small
accuracy gap. Lastly, in the case of the Vision Transformer (ViT), SGD achieves
the highest overall accuracy at 89.57%, surpassing Adam’s 86.76%. Additionally,
SGD offers superior consistency with a remarkably low standard deviation of 0.17%,
while Adam records 0.69%. Here, SGD stands out as both the most accurate and
the most stable optimizer.

The comparison across architectures underscores the importance of evaluating

both accuracy and stability when selecting an optimizer:

e Adam is particularly effective with ResNet50 and EfficientNet, where it pro-

vides higher consistency.

e SGD clearly outperforms Adam in Inception v3 and ViT, excelling in both

accuracy and robustness.

e In VGGI16, the two optimizers are comparable, but SGD provides slightly

better and more stable results.
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These findings suggest that optimizer selection should balance both performance
and repeatability, especially in real-world applications where consistency across mul-

tiple training runs is crucial.

4.5.2 Optimizer Sensitivity and Hyperparameter Impact

A notable observation was the sensitivity of model performance to optimizer choice
and hyperparameter configurations. Models optimized with SGD generally out-
performed those trained with Adam, particularly in achieving higher accuracy and
stability. However, Adam demonstrated faster convergence, which could be ad-
vantageous for computationally constrained scenarios. This optimizer-dependent
performance underscores the importance of hyperparameter tuning for specialized

tasks like cloud detection.

4.5.3 Dataset Characteristics and Challenges

The dataset curated for this study, derived from lidar ceilometer backscatter profiles,
presented unique challenges due to its high temporal resolution and the variability
of atmospheric conditions. The presence of diverse cloud types, combined with the
influence of Mount Etna’s complex meteorological phenomena, created a demanding
environment for model training and evaluation. Despite these challenges, the models
achieved promising results, demonstrating the potential of lidar data for real-world
cloud detection tasks.

One limitation of the dataset is its geographical specificity, as data were collected

exclusively in the vicinity of San Giovanni La Punta, Catania, Italy. Future studies
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could benefit from expanding the dataset to include backscatter profiles from multi-
ple regions with varying climatic conditions. This would enhance the generalizability

of the models and facilitate cross-regional comparisons.

4.5.4 Practical Implications and Applications

The high accuracy and recall achieved by ResNet50 and ViT make these models vi-
able candidates for deployment in operational meteorological systems. Their robust
performance in detecting cloud presence from lidar data could complement exist-
ing satellite and radar systems, particularly for identifying low-altitude clouds and
localized aerosol concentrations.

Moreover, the potential for applying this approach to detect other atmospheric
phenomena, such as pollutants or volcanic emissions, is noteworthy. The ability of
lidar-based systems to capture fine-grained vertical profiles of the atmosphere could
pave the way for monitoring air quality, early warning systems for natural disasters,

and climate research.

4.5.5 Strengths, Limitations and Future Works

The proposed approach for cloud detection using lidar-based ceilometer backscat-
ter data demonstrates several notable strengths that distinguish it from traditional
remote sensing methodologies. One of the main strengths lies in its novel bottom-
up data acquisition. Unlike conventional satellite-based techniques, our method
captures atmospheric dynamics from an Earth-to-satellite perspective, allowing for
high-frequency, real-time monitoring of the lower atmosphere. This unique van-

tage point enables the detailed observation of phenomena such as low-altitude cloud
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formations and localized aerosol concentrations that are often underrepresented in
traditional approaches.

Another strength is the robust performance of the deep learning models. The
benchmarking experiments highlighted that architectures such as ResNet50 and Vi-
sion Transformer (ViT) are particularly effective in extracting hierarchical and global
features from complex backscatter profiles. Their high accuracy and recall not only
validate the efficacy of the method but also underscore the potential for integrating
these models into operational meteorological systems for tasks like early-warning
detection and real-time environmental monitoring.

Despite these significant advantages, several limitations must be acknowledged.
The geographical scope and temporal window of the dataset are relatively limited,
as the data were collected exclusively near San Giovanni La Punta, Catania, Italy
over a three-month period. This geographical and temporal confinement may affect
the generalizability of the models when applied to regions with different climatic
conditions or extended seasonal variations. Moreover, the performance of the mod-
els is notably sensitive to the choice of hyperparameters and optimizer configura-
tions. As observed in our experiments, variations in learning rate, momentum, and
weight decay can lead to significant fluctuations in accuracy and stability, indicat-
ing a potential challenge in achieving consistent performance across diverse training
scenarios.

Looking ahead, several future directions can be pursued to build upon the cur-
rent work. First, expanding the dataset, both in terms of geographic diversity and
duration, would enhance model robustness and facilitate cross-regional comparisons,
making the approach more broadly applicable. Additionally, investigating alterna-

tive and hybrid architectures, such as integrating CNNs with transformer-based
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models, could leverage the complementary strengths of local feature extraction and
global context modeling, potentially leading to further performance improvements.
Finally, significant efforts should be directed towards real-time deployment. This
involves optimizing the computational efficiency of the models and reducing latency
to facilitate their incorporation into practical, operational meteorological systems,

especially in edge computing scenarios where resources are limited.

4.6 Conclusion and Future Works

In this study, a novel approach for cloud detection using lidar-based ceilometer
backscatter data was proposed and evaluated, benchmarked against state-of-the-art
deep learning models. By leveraging a newly curated dataset characterized by high
temporal resolution and diverse atmospheric conditions, the efficacy of advanced
neural network architectures in accurately detecting cloud presence was demon-
strated.

The experimental results highlight ResNet50 as the top-performing model, achiev-
ing an accuracy of 89.57%, with the Vision Transformer (ViT) closely following
at 89.36%. These findings underscore the advantages of residual learning and
transformer-based global attention mechanisms in capturing complex patterns in
backscatter profiles. Additionally, models such as VGG16, EfficientNet, and Incep-
tionV3 provided competitive performance, offering alternative solutions based on
specific application requirements, such as reduced false negatives or computational
efficiency.

This work contributes to the field in two significant ways:

e Dataset Availability: a publicly accessible dataset of labeled backscatter
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profiles acquired over three months near Mount Etna, Italy, was provided.
This dataset represents a valuable resource for advancing research in cloud

detection and atmospheric studies.

e Comprehensive Benchmarking: Several deep learning architectures were
evaluated under varying hyperparameter configurations and optimization strate-
gies, establishing a robust baseline for future developments in LiDAR-based

cloud detection.

Despite these achievements, our study identifies areas for improvement, including
expanding the dataset to cover diverse geographic regions, exploring alternative
architectures, and optimizing models for real-time deployment. Future research
could also explore the application of this approach to detect other atmospheric
phenomena, such as aerosols, pollutants, or volcanic emissions, further broadening
the utility of lidar-based systems in environmental monitoring.

In conclusion, our results validate the potential of combining lidar ceilometer data
with advanced deep learning techniques to enhance cloud detection capabilities. This
integration represents a significant step forward in developing accurate, scalable, and
automated solutions for atmospheric monitoring, with implications for meteorology,

climate research, and environmental protection.
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Chapter 5

Cloud Detection Challenge

The dataset acquired was also used to perform a challenge: The Cloud Detection
Challenge, hosted by IEEE MetroXRAINE 2024 conference, which aimed to advance
cloud detection leveraging lidar-based ceilometer data. In this chapter, the challenge
will be discussed in depth: from the motivation to the analysis of the best submitted
solutions.

The challenge invites participants to develop state-of-the-art binary classification
models for cloud detection. Unlike conventional imagery, these profiles provided
unique insights into atmospheric conditions, capturing variations in cloud presence
over time. Participants were tasked with surpassing our benchmark using a deep
network to outperform our results in terms of accuracy, precision, recall, and F1
score [12].

Several teams from around the world participated in the challenge, presenting
solutions that leveraged advanced techniques to address the dataset’s unique chal-
lenges. The competition served as a platform for testing innovative methods, foster-
ing collaboration, and advancing the field of atmospheric data analysis. This work
details the competition’s key aspects, highlights the diverse approaches adopted

by participating teams, and evaluates the performance of our proposed solution in
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comparison to others.

5.1 Description

The goal of the proposed challenge! was to encourage teams around the world to
develop innovative solutions outperforming our baseline [30] performance of this
new dataset. The performance of the models was evaluated using the following
metrics: (i) accuracy; (ii) F1 score; (iii) precision; (iv) recall. The winner has been
determined by the team with the best value across all metrics. In the event of a tie,

the values of precision and recall had higher priority.

5.2 Significance of the challenge

The Cloud Detection Challenge holds paramount importance in computer vision
applications and image analysis. The ability to accurately identify the presence of
clouds in satellite imagery or landscape photographs carries profound implications
across various sectors, including meteorology, environmental monitoring, agriculture,
and satellite imaging. By using a new dataset based on new types of data and, there-
fore, new types of images, there is an opportunity to increase research on this topic
by integrating new data sources with those already known. Precise cloud classifica-
tion is essential for understanding climate changes, predicting weather phenomena,
and optimizing agricultural operations. The challenge not only calls for innovation
in developing advanced models but also provides an opportunity to make substantial

contributions to scientific and technological progress in strategic sectors dependent

"https://iplab.dmi.unict.it/cloud-detection-challenge/ - last accessed: September
2024
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on image analysis accuracy. By participating in this challenge, researchers and de-
velopers can showcase their skills and abilities in computer vision, contributing to
creating solutions that push beyond current technological frontiers. The results have
a tangible impact on real-world applications, enhancing our understanding of the

environment and supporting informed decision-making across various industries.

5.3 Criteria of judging a submission

The evaluation of submissions in the Cloud Detection Challenge was designed to
ensure a fair and comprehensive assessment of each proposed solution. Given the
complexity of lidar-based backscatter data, the criteria focused on both the accu-
racy of predictions and the balance between the other performance metrics. This
approach aimed to highlight not only the ability of the models to correctly classify
cloudy vs. clear skies but also their robustness in handling edge cases and maintain-
ing consistency across varying conditions. The following criteria outline the specific

metrics and their role in determining the effectiveness of the submitted models.

1. Classification Accuracy: Precision in correctly distinguishing between the
two classes is crucial. Accuracy will be used as a starting point to assess the

overall model performance.

2. Precision and Recall: Precision indicates the proportion of true positive
predictions among all positive predictions. Recall measures the proportion
of true positive predictions among all actual positive instances. A good bal-
ance between precision and recall is desirable, but their importance may vary

depending on the context of the problem.
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3. F1 Score: The F1 score is the harmonic mean of precision and recall. This
metric provides a balance between the two and can be particularly useful in

cases where minimizing both false positives and false negatives is important.

5.4 Baseline

ResNet-50 was chosen as the best architecture in the binary classification task, pre-
sented in [30] in which this baseline solution is presented. The dataset is divided
into training and validation sets in a 70-30 ratio, and preprocessing steps include re-
sizing, normalization, and data augmentation to enhance model generalization. The
ResNet-50 model, pretrained on ImageNet, is adapted with a custom classification
head to suit the binary task.

Methodology. The proposed approach uses a convolutional neural network (CNN)
approach for classification, leveraging the ResNet-50 architecture pretrained on Im-
ageNet.

Data Preprocessing. Dataset Structure: The dataset is organized into train and
validation directories, each containing two subfolders (true and false). The split

ratio is 70% - 30%. Transformations:

Resized to 224 x 224 pixels.

Resizing crop to 224 pixels.

Random horizontal flips (probability: 50%) to increase diversity.

Normalized using the ImageNet mean ([0.485, 0.456, 0.406]) and standard

deviation ([0.229, 0.224, 0.225)).
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Figure 5.1: Baseline architecture for binary cloud classification: the diagram illustrates
a ResNet-50 pre-trained network, employing residual blocks for deep learning of spatial
and temporal features from backscatter profiles acquired via ceilometer. The final output
is a binary classification, indicating 'True’ or 'False’ for cloud presence (figure adapted
from [1]).

Model Architecture. Base Model: ResNet-50, a 50-layer deep CNN; is utilized
as the backbone, as represented in Figure 5.1. Its pretrained weights on ImageNet
facilitate robust feature extraction. Custom Head: The fully connected layers are
replaced or extended to suit the binary classification task, ensuring compatibility
with the dataset while preserving essential learned features.

Training Strategy. Device: Training is performed on a GPU-enabled Google
Colab Pro instance. Loss Function: CrossEntropyLoss is used to optimize model
predictions for binary classification. Optimizer: Stochastic Gradient Descent (SGD)
is employed, enabling controlled weight updates via adjustable learning rates. Met-
rics: Performance is evaluated using accuracy, F1l-score, precision, and recall.
Experimental Setup. Hardware: Google Colab Pro provides GPU acceleration,
significantly reducing training time and computational overhead. Data Access: The
dataset resides in Google Drive, mounted as a root directory within the Colab envi-
ronment for seamless integration. Hyperparameters: Batch size and learning rates

are defined but may vary across iterations. The number of epochs and early stopping

criteria ensure optimal convergence.
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Figure 5.2: Registered participants by affiliation country.
5.5 Participant Submissions to the Challenge

A total of 11 teams from all over the world registered for the challenge. In particular,
63.6% of the participants are single researchers, while 36.4% are research groups.
Figure 5.2 shows the countries of origin of the teams registered to the challenge,
while Figure 5.3 shows the number of teams from the respective country. The top
two solutions were selected based on (i) the absolute values of the evaluation metrics
and (ii) the best-proposed architecture. In the following subsection, details of the
solutions proposed by each participant are provided, including a brief presentation,

the methodology, and the adopted experimental approach.
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Figure 5.3: Number of participating teams per country.

5.5.1 Alpha Research Group - Unversity of Turin (UniTO)

Alpha Research Group (represented by Bruno Casella - University of Turin) used
a pretrained version of the Vision Transformer (ViT) [40] as shown in Figure 5.4.
The idea behind using a transformer architecture comes from the intrinsic nature of
the dataset, as it contains both spatial and temporal features. Taking inspiration
from the BEVT paper [142], which proposes a BERT [38] pretraining of Video
Transformers and states that for difficult actions, the spatial priors learning should
be decoupled from the temporal priors learning, the UniTO researcher hypothesized
that temporal features could benefit from spatial features and vice versa.

Methodology. Each image is resized to 384 x 384. Training and validation data are
normalized (mean and standard deviation of 50%). The pretrained ViT was trained

by minimizing the binary cross-entropy loss with mini-batch gradient descent using
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Figure 5.4: Alpha Research Group’s proposed architecture.

the SGD optimizer, with a learning rate of 0.0001, momentum of 0.7, weight decay
of 0.000001, and batch size was 12. An early stopping criterion with patience 1 and
delta 0 was set for a maximum of 60 training epochs. As augmentation techniques,
the participant adopted random horizontal flips, applied with a probability of 50%.
Experimental Setup. The Alpha Research Group used a dedicated server with an
Intel Xeon Processor (Skylake, IBRS, 8 sockets of one core) and one Tesla T4 GPU
to run the experiments. PyTorch 2.0.1 was adopted as deep learning framework.
Each epoch required around 2 minutes. The validation loss, in combination with

the early stop criterion, was used as the evaluation metric.
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5.5.2 Koexai (industrial sector)

This section highlights Koexai’s contribution to the Cloud Detection Challenge,
focusing on the innovative approach employed for the automatic classification of at-
mospheric conditions using ceilometer data. The challenge aimed to create a robust
model for accurately differentiating between cloudy and clear skies based on im-
ages created from data captured by these devices. To achieve this, Koexai designed
a dual-stream deep learning architecture that processes both RGB and grayscale
images to enhance feature extraction and improve classification performance.
Data Preparation. To prepare the dataset for training and validation, the original
dataset was split into 80% for training and 20% for validation. This division was
performed while ensuring a balanced distribution of target classes, utilising the
Bhattacharyya distance [11] to minimise biases. Although clouds typically cover
only a portion of each image, labels indicating the presence or absence of clouds
were provided at the image level. This highlights an opportunity for improving
automatic classification by refining the dataset labelling, in addition to enhancing
the classification model itself. No domain-specific transformations were applied to
the dataset during this process.

Model Architecture. The proposed model utilises two ResNet-101 [53] backbones
operating in parallel: one dedicated to processing RGB images and the other to han-
dling their grayscale counterparts, as shown in Figure 5.5. This dual architecture
allows for a more comprehensive feature extraction from the data, with the RGB
stream capturing colour and texture details, while the grayscale stream emphasises
structural and contrast-based attributes. The ceilometer images were re-scaled to
224 x 224 pixels to align with the input format of the ResNet-101 models. The last

1024 feature maps from each backbone were then average pooled and concatenated.
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Figure 5.5: Koexai’s proposed architecture.

These concatenated features were subsequently passed through a multi-layer percep-
tron (MLP) consisting of three fully connected hidden layers with 512, 256, and 64
neurons, employing LeakyReLU activation functions. The architecture culminates
in a final sigmoid activation function for binary classification.

Training Strategy. The model was implemented using PyTorch and trained for
500 epochs with the Adam optimizer [67], utilising default parameters (5; = 0.9
and [y = 0.999). To enhance training efficiency, several techniques were employed,
including an adaptive learning rate, early stopping criteria, gradient clipping, and
weight decay set to (1 x 1075). The weights of both ResNet-101 networks were ini-
tialised with pre-trained weights from ImageNet and fine-tuned separately to adapt
them to the specific classification task.

Results and Discussion. Although quantitative metrics such as accuracy and
F1-score could not be computed on the test set due to challenge constraints, these
metrics were assessed on the validation set. The results demonstrated that the
model effectively distinguished between cloudy and clear skies, with minimal signs

of overfitting. The dual-stream architecture outperformed single backbone models
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Figure 5.6: Graphical results for each team.
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Figure 5.7: Confusion matrix for each team solution: [fist] Alpha Research Group’s solu-
tion, [second] Koexai’s solution, [third] Baseline solution. 0 stands for label ”False”, 1 for
label ” True”.
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by capturing a wider range of visual features and leveraging information from both
channels to enhance overall model quality. Koexai’s innovative approach highlights
the potential of dual-stream architectures in improving cloud detection capabilities.
The model’s robustness suggests that it is well-suited for integration into automated
weather monitoring systems and can be further adapted for other meteorological

tasks, such as cloud type classification or atmospheric anomaly detection.

5.6 Ranking and Discussion

The Cloud Detection Challenge aimed to foster innovative approaches for analyz-
ing lidar-based ceilometer data, pushing the boundaries of binary cloud detection.
The results obtained from participating teams reveal key insights into the efficacy
of diverse architectures and methodologies when applied to a novel and complex
dataset. This section provides a comprehensive analysis of the results obtained
from the challenge. A focus is placed on performance metrics, architectural choices,
and the broader implications of the proposed solutions. Figure 5.6 shows the key
values for each metric for each team participating in the competition, while Figure
5.7 shows all confusion matrices for each proposed solution. Each Figure includes

the baseline results.

5.6.1 Computational Needs

The computational needs associated with each of the proposed approaches, as delin-
eated in Table 5.1, can be characterized by several markedly distinct facets. Koexai’s
approach is associated with a substantially longer training time (3 hours, 59 minutes,

and 12 seconds) when juxtaposed with the training durations of the Alpha Research
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Training Time Epochs SO Hardware
Intel Xeon CPU
Alpha 20m:28s 10 Ubuntu Tesla T4 GPU
. . Intel Core i5 8th CPU
Koexai 3h:59m:12s 500 Debian 12 GTX 1080 Ti GPU
Baseline 26m:39s 60 Ubuntu Intel Xeon CPU

Tesla V100 GPU

Table 5.1: Comparison of the computational needs of each proposed solution.

Group and Baseline methods, which are approximately 20 minutes, 28 seconds and
26 minutes, 39 seconds, respectively. This pronounced disparity in training times is
primarily attributable to the divergent training strategies adopted by the respective
approaches. Specifically, Koexai’s proposed method required complete training of
the architecture from its initial, uninitialized state. In contrast, both the Alpha Re-
search Group and the Baseline approaches capitalized on the benefits of employing
pre-trained architectures. In addition to the differences in overall training duration,
a significant discrepancy is evident in the number of training epochs implemented
across the approaches. Koexai’s proposed approach, which engaged in full training
from scratch, was run for 500 epochs, while the Alpha Research Group approach
required only 10 epochs and the Baseline approach was limited to 60 epochs. These
lower epoch counts are not simply indicative of a truncated training process but
rather are the result of the employment of an early stopping criterion, used to avoid
overfitting during the training process. The third aspect warranting detailed con-
sideration is the influence of the computational hardware on the overall training
process. Koexai used a system configured with an Intel Core i5 8th generation CPU
and an NVIDIA GTX 1080 Ti GPU. Both Alpha Research Group and the Baseline
approaches were executed on systems that utilized Intel Xeon CPUs in conjunction
with NVIDIA GPUs that are particularly well-suited for deep learning applications,
such as the Tesla T4 GPU for the Alpha Research Group and the Tesla V100 GPU
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for the Baseline. Koexai, by virtue of its full-from-scratch training regimen and
extended epoch count, naturally incurs a higher computational cost relative to the
pre-trained models utilized by the Alpha Research Group and Baseline approaches.
Moreover, the disparities in hardware further contribute to the observed variations

in training durations.

5.6.2 Performance Summary

The challenge dataset provided a benchmark for state-of-the-art solutions, with the
baseline model achieving 89.57% accuracy, 92.73% F1l-score, 89.82% precision, and
95.84% recall. These metrics served as a reference point for evaluating the success
of participant submissions.

Among the participants:

e Koexai Team: Surpassed the baseline in recall, indicating a strong ability to
correctly identify true positive cases (cloudy skies). However, other metrics,
including accuracy, F1-score, and precision, remained slightly below the base-

line.

o Alpha Research Group: Delivered competitive results with a transformer-based

approach, but the performance did not exceed the baseline in any key metric.

These outcomes highlight the difficulty of outperforming the robust baseline, which
leveraged deep learning to effectively capture the temporal and spatial nuances of
the ceilometer data. In terms of the various metrics, it can be stated that overall
accuracy was high across all solutions, reflecting their ability to classify samples as
cloudy or clear skies effectively. However, no model consistently outperformed the

baseline, suggesting that while general predictions were reliable, subtle challenges
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such as ambiguous atmospheric conditions may have limited further improvements.
Precision remained strong for both the baseline and participant models, indicating
that most predicted cloudy conditions were indeed correct, although some solutions
that prioritized recall saw a slight trade-off in precision. Recall, on the other hand,
was a standout metric for the Koexai team, whose dual-stream CNN architecture
effectively leveraged both RGB and grayscale information to enhance sensitivity to
cloudy conditions, even in challenging scenarios. Lastly, the F'I-score highlighted
the baseline’s strength, as it remained unbeaten, showcasing its ability to balance
the correct identification of clouds while minimizing false positives.

The varied results reflect both the strengths and limitations of each approach:

¢ Baseline Superiority: The baseline model’s performance underscores the
effectiveness of architectures carefully tailored to the dataset’s unique charac-

teristics.

¢ Koexai’s Precision-Recall Tradeoff: By excelling in recall, the Koexai
team demonstrated the importance of architectural innovation for addressing
false negatives. However, this came at the cost of reduced precision, suggesting

areas for future improvement.

e Challenges in Architectural Optimization: The transformer-based solu-
tion proposed by Alpha Research Group showed the best results but struggled
to outperform the baseline. This indicates the need for further refinement in

handling the dataset’s temporal and spatial complexities.

While the overall performance was impressive, a few limitations became appar-
ent. For instance, differences in data preprocessing approaches, such as normaliza-

tion and augmentation, had a noticeable impact on the model outcomes. Fine-tuning
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these steps could lead to meaningful improvements. Additionally, the complexity
of certain architectures, like transformers, introduced risks of overfitting, especially

given the relatively small dataset size.

5.6.3 Discussion

The analysis of the results achieved by participating teams highlights the complex-
ity of the proposed challenge and the diverse methodologies employed to tackle
the binary classification of backscatter images. While all solutions demonstrated
promising results, none managed to outperform the baseline metrics, underscoring
the effectiveness of the baseline framework as a robust starting point.

Among the participants, the Koexai team stood out by leveraging a dual-stream
architecture, which significantly improved recall. This result demonstrated the
model’s ability to accurately identify cloudy conditions, even in challenging sce-
narios. However, this improvement came at a slight cost to overall precision, in-
dicating room for further optimization to balance these metrics. Similarly, the
transformer-based approach proposed by the Alpha Research Group showcased the
potential of attention mechanisms for analyzing complex data, effectively capturing
both temporal and spatial features present in the backscatter profiles. Despite these
strengths, the difficulty of surpassing the baseline highlights the challenges posed
by the dataset’s unique characteristics and the inherent complexity of backscatter
data. Certain limitations were evident in the proposed solutions, such as the lack of
ensemble approaches that could combine the strengths of different models and the
absence of advanced strategies to handle class imbalances in the dataset.

The high accuracy and F1-scores observed across most solutions demonstrate the

value of backscatter profiles for atmospheric analysis, with potential applications
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in areas like environmental monitoring and precision agriculture. The ability to
distinguish between clear and cloudy conditions with high accuracy reinforces the
role of lidar-based data in complementing traditional weather prediction methods.

Looking ahead, future iterations of the challenge could explore multi-class clas-
sification to identify specific cloud types or incorporate complementary meteoro-
logical data, such as temperature or humidity, to enhance predictive capabilities.
Furthermore, leveraging semi-supervised or unsupervised learning techniques could
maximize the dataset’s utility and further address the challenges of class imbalance.

Overall, the results validate the competition framework as a valuable benchmark
for advancing innovation in atmospheric data analysis. At the same time, they
provide insightful directions for future improvements and refinements, paving the

way for more robust and versatile solutions.

5.7 Conclusion and Future Works

The Cloud Detection Challenge has demonstrated the potential of lidar-based ceilome-
ter data for advancing binary cloud detection, emphasizing both the opportunities
and challenges inherent in this domain. The outcomes showcase the capability of
state-of-the-art deep learning methods to extract meaningful insights from backscat-
ter profiles, which provide unique temporal and spatial details of atmospheric condi-
tions. While the baseline model set a high standard for accuracy, F'1-score, precision,
and recall, the varied performances of the participant teams highlight the complexity
of the task and the room for innovation.

Despite the notable successes, the challenge underscored areas for improvement.

Differences in preprocessing strategies, risks of overfitting in complex architectures,
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and the dataset’s inherent characteristics all posed obstacles that prevented any
solution from consistently outperforming the baseline. These findings suggest that
future work should explore advanced preprocessing techniques, ensemble methods,
and strategies to handle class imbalances effectively. Additionally, integrating com-
plementary data sources, such as meteorological or atmospheric parameters, could
further enhance model performance and applicability.

Looking forward, the insights gained from this challenge open the door to nu-
merous exciting directions. Expanding the task to multi-class classification, incor-
porating additional environmental variables, and exploring semi-supervised learning
could significantly enhance the versatility and robustness of these models. The ad-
vancements achieved through this competition not only contribute to the field of
atmospheric monitoring but also provide a foundation for broader applications in
environmental analysis and beyond. By building on these results, future efforts
can continue to push the boundaries of innovation in cloud detection and related

domains.



109

Part 111

Transfer and Federated Learning

Approaches



110

Chapter 6

Proposed Transfer Learning

Approach

This chapter explores the potential of transfer learning to address the challenge
of data scarcity in the context of atmospheric particle detection from ceilometer
backscatter profiles. Due to the limited availability of annotated data from our spe-
cific ceilometer setup, we investigated how knowledge acquired from related domains
could be reused to improve performance in similar but under-resourced scenarios.
To this end, a novel aggregation-based transfer learning strategy was tested on stan-
dard benchmark datasets (MNIST [71] and SVHN [97]), simulating the adaptation
process across different data distributions.

Although this method has not yet been applied directly to ceilometer data, it
offers promising insights into how domain adaptation could enhance model robust-
ness. Crucially, the knowledge acquired through cloud detection—understood as a
prototypical case of atmospheric classification—may serve as a foundation for dis-
tinguishing among diverse types of suspended particles, including volcanic ash, dust,

and sand. By transferring learned features across related atmospheric phenomena,
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we aim to move towards a more comprehensive and fine-grained understanding of air-
borne particulate matter. Future work will focus on applying the proposed method
directly to ceilometer-generated imagery, enabling improved generalisation across

measurement sites and particle types.

6.1 Introduction

Deep Learning (DL) has demonstrated superior performance than traditional ML
methods in a variety of tasks. This is due to being able to extract discriminative
features from the data for the task at hand via end-to-end training. Such discrimi-
native features are suitable for the dataset the network was trained on. However, a
deep network will not perform as good as in a different dataset due to the domain
shift (or dataset bias) [159].

A way to address the domain shift is via Transfer Learning (TL), where the
information learnt by a trained network is (re)used in another context. Several
approaches to transfer learning have been proposed in literature, such as sample
reweighting [125], feature distributions minimisation [140, 79|, distillation [54], and
so on (for a recent survey on TL, please see [161]).

However, transfer learning techniques may be affected by catastrophic forget-
ting [50], where a network forgets the information learnt from a previous task when
transferred to a new one. Furthermore, generally, transfer learning requires further
training steps to accommodate for new data, even though the learnt task remains
unchanged.

The benefit of transfer learning has been demonstrated extensively in the last

years [146], even in distributed training scenario [25]. In this context, a central
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Figure 6.1: Pictorial representation of the proposed method that performs test-time neural
network aggregation [20].

model is trained on several datasets that have never directly seen, as they are lo-
cated in different machines (federated learning). However, this training paradigm
raised another question: what if one (or more) datasets used to train the centrally
trained model needs to be removed? Machine unlearning [48] is studied for several
reasons, especially when sensible data are used (e.g., medical imaging). However, it
is generally hard to selectively scrub the parameters of a model such that it cannot
perform well on a portion of the dataset, whilst it retains comparable performance
as before on the rest of the dataset.

In this work, a new proof-of-concept technique for transfer learning (TL) is pro-
posed, which inherently allows for selective forgetting by aggregating network pa-
rameters without any further training. This approach can be applied to different
datasets, provided they all share the same task. The proposed methodology is il-
lustrated in Figure 6.1 and works as follows: a VGG-like [131] deep neural network
is trained for each dataset, denoted as N; for ¢ = 1,...,n, where n represents the
number of datasets. Additionally, a VGG-like network, named N, is trained using
all datasets as inputs. All networks are trained end-to-end with an aggregation reg-
ularizer, ensuring that the weights learned by N are aggregated from all the other

networks N;. This training paradigm ensures that the networks /N; also learn how
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to be aggregated. Furthermore, by requiring that the aggregation function is invert-
ible, the model inherently enables selective forgetting. In the experiments, n = 2
datasets were used, and the sum of weights was chosen as the aggregation function,
which can easily be inverted via subtraction. This function is applied only to the
parameters of the feature extractors. All networks trained within this end-to-end
framework, including N*, share the same classifier. Experimental results demon-
strate that test-time network aggregation is feasible, outperforming the baseline.

The key contributions of our approach can be summarised as follows:

1. the aggregation regulariser during training is proposed;
2. network aggregation is achieved at test time (no further training is required);
3. our transfer learning technique does not suffer from catastrophic forgetting;

4. our approach can also be used for selective forgetting (assuming networks are

aggregated via an invertible function).

6.2 Related Work

The aggregation of network parameters is a form of transfer learning. Typically,
TL generally addresses a better initial and steeper growth performance [136] by
reuse of the convolutional filter parameters of CNNs. For example, fine-tuning is
the simplest way to achieve transfer learning: a model, pre-trained on a dataset, e.g.
ImageNet [37], is used as starting point for other datasets and tasks [116]. Although
intuitive and easy to do, fine-tuning typically underperforms wrt other transfer
learning approaches [129, 52]. More sophisticated methods have been proposed [100],

but several of them suffer from negative transfer [119, 102, 137, 144, 161]: the process
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of transferring knowledge is harmful because the knowledge is not transferable across
all the domains (in particular when the source and target datasets are not related).

Another issue affecting transfer learning approaches is catastrophic forgetting,
where new knowledge permanently replaces information learnt from previous tasks [50].
In fact, several approaches to TL, such as Batch Spectral Shrinkage [24], attempts
to solve such an issue. However, these approaches still rely on a training procedure
to adapt to a new dataset (or task). However, the following question arises: is it
possible to achieve transfer learning (TL) without catastrophic forgetting at test
time? This is accomplished by aggregating the weights of the trained networks.

The idea of aggregating the parameters of deep neural networks is not new in
the literature. A framework that aggregates knowledge from multiple models is
the Transfer-Incremental Mode Matching (T-IMM) [45], which enables for adaptive
merging of models. Tt is a re-interpretation of IMM [72], a work in the context of
life-long learning aiming at the sequential aggregation of models retaining good per-
formance on all the prior tasks, rather than on transfer learning. T-IMM belongs to
the field of incremental learning, a subtly different area concerning lifelong learning,
in which the parameters of the i-th model are used as initialisation for model 7 + 1.
More recently, Zoo-Tuning was proposed to adaptively aggregate multiple trained
models [129]. To achieve network aggregation, the authors proposed the AdaAgg
layer. However, this approach assumes that models are already pre-trained before
being aggregated (involving a two-step learning). In our work, models are randomly
initialised and then trained once end-to-end and simultaneously.

Lifelong (or continual) learning describes the scenario in which new tasks arrive
sequentially and should be incorporated into the current model, retaining previ-

ous knowledge [103]. Approaches to lifelong learning are mainly aimed to mitigate
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catastrophic forgetting [112, 111, 155]. According to Parisi et al. (2019), there
are three main approaches to lifelong learning: (i) retraining with regularisation;
(i) network expansion; (iii) selective network retraining and expansion. In the first
case, neural networks are retrained with constraints to prevent forgetting. Network
expansion approaches perform architectural changes (e.g., adding neurons) to the
network to add novel information. The last approaches update only a subset of neu-
rons and allow expansion (if necessary). Our proposed method loosely follows the
paradigm of regularisation approaches with an important difference: no retraining
of the architecture is performed neither transfer learning nor selective forgetting.
Our approach to network aggregation inherently allows network decomposition
for selective forgetting. Recently, several related works have focused on machine
unlearning [47, 48]. Overall, these approaches assume that the portion of the dataset
that the model should unlearn is given to a scrub function that aims to remove the
information learnt from the dataset to be forgotten, impacting (although minimally)
the performance of the scrubbed model on the rest of the dataset. Our approach is
different: no data are required to be provided for selective forgetting. Instead, the
aggregated model trained on two (or more) datasets can be changed by applying

the inverse of the aggregation function (in our case, a simple subtraction).

6.3 Proposed Method

Figure 6.2 displays the proposed approach: the general idea is to aggregate the
weights of two different neural networks trained on two different datasets (sharing
the same underlying task). The ultimate goal is to obtain n individual networks N;

such that their composition Ny @ Ny @ ... & N; = N* (note that the operator &
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Figure 6.2: Graphical representation of the proposed method. FKEach network Nj; is
parametrised by a set of weights ;. The aggregated network N* is parametrised by
@*. There is no weight sharing between these networks. However, all the networks share
the same task network (i.e., a classifier). The total objective function is given as a com-
bination two loss functions: (i) task loss (i.e., cross-entropy); (ii) aggregation loss (see
Section 6.3.3).

refers to a generic network aggregation operator, which details will be provided in
Section 6.3.3). An individual network N; will be referred to as the dataset-specific
network, while N* will be referred to as the aggregated network. As anticipated

in Section 6.1, all these networks used as feature extractors share the same task

network.

6.3.1 Task Network

As shown in Figure 6.2, the task network is shared across the aggregated and dataset-
specific networks. This network is parametrised by the set of weights #: the output
provided by all of the N; and N* is used as input of the task network, and its output
is the prediction (i.e., softmax activation in case of classification).

The task network is trained with a task-specific loss function as L7(z, y; w), that

takes the training data z (in form of representation) and target variables y as inputs,
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and it is parametrised by a set of weights w (that includes 6 and the parameters of
the feature extractors). Cross-entropy loss for L1 was used in this work. For other
tasks (i.e., regression), a different loss function may be used (e.g., mean squared

error).

6.3.2 Dataset-Specific Network

Each dataset-specific network N; functions as a feature extractor for the dataset it is
trained on. A VGG-like network [131] was chosen for the experiments. Specifically,
following the architectural adjustments made by others [81], a VGG-16 network with
Group Normalisation [151] was used.’

Each network N; is parametrised by the set of weights ; that is trained via
standard supervised learning. In fact, each N; is trained with a different label
dataset; all of those datasets maintain the same underlying task. This means that
each dataset D; contains a set of input data A;, such that z® € X;, and a set of
target values ;, such that y® € A (the set A is a generic set defined by the task,
i.e. if the task is classification, A will contain all the possible classes).

For each of these networks, a specific loss function is used during training:

Ly, (29,96, 00) = Lo (N; (29) ;5@ 6, U0) . (6.1)

6.3.3 Aggregated Network

The aggregated network is similar to the dataset-specific networks: it shares the

same architecture but not the weights. In fact, this network is parametrised by the

L Attempts were also made with Batch Normalisation [59] and no normalisation, but these
approaches did not yield successful results.
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set of weights ¢*.

The aggregated network is trained so that its weights can be expressed as the
sum of the dataset-specific networks. To achieve this, the aggregation regularizer was
proposed. Each network N; consists of L; layers, and each layer ¢ is parametrized by
weights W/ € ;.2 Similarly, the aggregated network N* includes several layers L,
each parametrized by W¥. It is important to note that all feature extractors share
the same architecture, meaning that L = L1 = Ly, = ... = L,,.

During training, it is desired that:
Wi=wieoWw,o... .o W, (6.2)

i.e., the weights at layer ¢ in the aggregated network should be equal to the ag-
gregation of the corresponding layer weights in the dataset-specific networks. This
constraint is reformulated as a regulariser during training.. Assuming that & is the

inverse operator of @, the aggregation regulariser is then expressed as:

Wie WieW,a...e W], (6.3)

M=

ﬁagg(q)) =

=1
where ® = ¢* U (|J_, ¢;) is the set of all the weights in all the feature extractors.?
Although the networks learn a non-linear mapping w.r.t the task, the aggregation
regulariser in Equation (6.3) learns the weights ® such that the network aggregation
can be performed with a linear operation (assuming that @ is linear).
The aggregated network takes all the input data that are used for each dataset-

specific network D = |J_, D; and it is trained in a supervised manner w.r.t. the

2Certain types of layers, such as convolutional layers, may be parametrized by multiple weights,
such as kernels and biases. For clarity, these weights are incorporated within W.
3Similarly as in [45], Only the weights of convolutional layers are aggregated.
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task Lr as follows:

Lor(x,y;0"U0) = Lp(N*(x),y,0" Ub), (6.4)

where (z,y) € D, i.e. inputs and labels are taken from all the datasets used to train

the dataset-specific networks.

6.3.4 Objective Function

As shown in Figure 6.2, the objective functions used to train our model is the

following:

J(l’7 Y; @) - ﬁtask + 'Caggy (65)

where © = ®U# is the set of all the parameters in the network. the loss function L,
is given as the sum of all the task-specific loss functions expressed in Equation (6.1)

and Equation (6.4):

'Ctask(:[;7 Y; @) = 'CT* (IL‘, Y; Qb* U 0)

+> Ly, (29,9756, 00).
=1

After training, there is no guarantee that the regularizer in Equation (6.3) will
ensure that Equation (6.2) is satisfied. However, the optimization of Equation (6.5)
ensures that W* ~ WI@Wi@. . . @WE. Therefore, N can be retrieved by aggregating
all the weights trained for each dataset-specific network N; — this model will be

referred to as N, such that N~ ~ N*.
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One of the datasets can be selectively forgotten from N by applying a simple
arithmetic operation. To remove the k-th dataset, the operation N eNk can be

performed, without the need for any further training or adaptation steps.

6.3.5 Implementation Details

The number of datasets, and consequently the number of dataset-specific networks,
was set to n = 2. This choice allowed for the demonstration of the effectiveness of
the approach and the establishment of a baseline. The number of groups for Group
Normalisation was set to 32. The sum was chosen as the aggregation operator
for the following reasons: (i) it has an inverse, namely subtraction, and (ii) it is
differentiable. The task-specific loss function was defined as cross-entropy loss, as
the entire network is trained for a classification task. Stochastic Gradient Descent
(SGD) was used as the optimizer, with a learning rate of 7 = 0.01. The baseline
model was trained for 20 epochs, while training for the proposed method lasted 200

epochs. The approach was implemented in PyTorch [104] on Google Colaboratory.

6.4 Experimental results

Dataset MNIST [71] was used as D; and SVHN format 2 [97] as Dy. MNIST
contains 60,000 binary images of size 28 x 28 for training and 10,000 images for
testing. SVHN contains 73, 257 color images of size 32 x 32 for training and 26, 032
for testing. These two datasets were selected for the following reasons: (i) they are
designed for the same classification task (10-class), and (ii) the data are drawn from

different distributions.
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Figure 6.3: Training and validation accuracies and losses of proposed method. (A) Ny
training and validation accuracies; (B) N training and validation accuracies; (C) Total
training and validation loss.

Preprocessing In order to use the same architecture for both datasets, MNIST
images were rescaled to 32 x 32. The SVHN images were converted to grayscale.
For data augmentation, random horizontal flips were applied with a probability of

50%.

Baseline Our method was compared with a standard VGG-16 network with Batch

Normalization [59]. The following baseline experiments were conducted:

1. trained it only on MNIST — following the notation adopted in this work, this

trained network was called Nq;
2. trained it only on SVHN — named No;
3. trained it on both (N*);

4. The weights trained on N; and Ny were taken to perform N;@® Ny at test time.

Experimental results are shown in Table 7.2.
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Trained on Tested on
D, Dy Dy Dy D, UD,
Baseline
Ny - 99.04% 8.67%  33.75%
Ny - 57.63% 90.29%  80.78%
N* 98.73% 90.58%  92.85%
N; ® N, 9.75%  7.59% 8.19%
Proposed Method
Ny — 98.90% 41.45% 57.35%
Ny - 45.30% 92.41%  79.31%
N* 98.40% 86.47%  89.77%
N; ® N, 96.41% 68.03% 75.88%

Table 6.1: Testing performance of the proposed method compared to the baseline perfor-
mance. D; indicates MNIST; Dy indicates SVHN. The models obtained via aggregation
(i.e., N1 @ Nj) are obtained at test time by aggregating the weights of the networks.

6.5 Discussion

Our purpose is to demonstrate that the performance of our aggregated network
N1 @& Ny is better than the baseline. Overall, our method achieves comparable
performance with the baseline for individual tasks (i.e., N; and Ns). However, there
is a slight loss in performance in N*, that is, the network trained on both MNIST
and SVHN, with our method. The baseline achieves approx. 92% accuracy, whereas
N* trained with our method achieves approx. 89%.

Although this minor performance reduction, our method achieves high perfor-
mance with test-time weight aggregation. After N; and N, are trained with the
baseline and our method, weights are aggregated by applying the & operator. Ta-
ble 7.2 clearly shows that our training procedure outperforms the baseline (8% vs
75% testing accuracy). This demonstrates that a traditional training of two net-
works cannot be aggregated, leading to catastrophic forgetting on both datasets.

Our training approach with Equation (6.3) enables the networks to explicitly learn
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Dl D2 Dl U DZ
Commutativity
N1 & Ny 96.41% 68.03%  75.88%
Ny & N, 96.41% 68.03%  75.88%
Selective forgetting
Gray N; 98.90% 41.45%  57.35%

(N1 @® No)© Ny 98.55%  47.90%  61.92%
(Na® Ny) & Ny 98.55% 47.90%  61.92%
Gray Ny 45.30% 92.41% 79.31%
(M & Ny) & Ny 34.67% 90.88%  75.28%
(Na® N) & Ny 34.67% 90.88%  75.28%

Table 6.2: Commutativity and Selective forgetting testing results. The training is per-
formed in both D; and Ds. The two datasets are the same as in Table 6.1. Highlighted
rows are copied from Table 6.1 to ease comparison.

an aggregation operation that can be reproduced at test time.

Ideally, the performance of N7 @& N5 should be as close as possible to N*. As
shown in the last two lines of Table 7.2, there is an approximate loss of 14% accuracy.
Several reasons for this gap in accuracy are hypothesized: (i) our method may require
more training time; (ii) Group Normalisation may be having an impact at test time
(as specified in Section 6.3.3, only the weights of convolutional layers are aggregated);
(iii) use of Weight Standardisation (WS) can improve performance [108, 81].

Regarding training time, the training and validation accuracies and losses of our
method are plotted in Figure 6.3. It can be observed that 50 epochs are sufficient
for both datasets. However, experimental results indicate that additional training
time leads to better performance in the aggregated model. It is hypothesized that
the optimization of Equation (6.3) may require more time to learn more aggregable
models. Concerning Weight Standardization, it is suggested that improved perfor-
mance could be achieved by changing the aggregation function from the sum to the

mean. Otherwise, the aggregated weights may no longer be zero-centered.
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6.5.1 Commutativity

The aim here is to demonstrate whether our method is commutative: does the
performance of N; @ Ny match the performance of Ny @ N;?7 Theoretically, commu-
tativity should be strictly related to the & operator. However, this is not strictly
guaranteed in our framework, as we only aggregate the convolution weights in the
networks V; (see Section 6.3.3). Group Normalization layers also include learnable
parameters that are not involved in the network aggregation. To verify whether our
method is commutative, the operation Ny @ N; was also performed, and the results
are reported in Table 6.2. It can be observed that the performance in both scenarios

is identical. Therefore, it can be concluded that our approach is commutative.

6.5.2 Selective Forgetting

For the same reasons outlined in Section 6.5.1, an experimental evaluation is con-
ducted to determine whether selective forgetting is possible with our method. Due
to the presence of Group Normalization layers, (N7 @ Ny) © Ny &~ N,, meaning that
by removing the contribution of Ny, the resulting network does not exactly match
Ny (and vice versa). This led to the following question: does the network obtained
by (N1 @ N3) © N; perform as well as No? The experimental results of selective
forgetting are presented in Table 6.2.

Forgetting SVHN The weights of N, were removed from the aggregated net-
works (considering both N; & Ny and Ny @ N; as aggregated networks), and the
SVHN testing set was provided to this new network. The testing accuracy achieved
was 47.90%, compared to 41.45% for N;. Therefore, the resulting network does
exhibit selective forgetting of SVHN, though not completely, with an approximate

performance increase of +6%.
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Forgetting MNIST A similar experiment was performed by removing the weights
of N; from the aggregated networks. Differently than before, the testing accuracy
of the resulting network is 34.67%, compared with 45.30%. This experimentally
demonstrates that our method has completely forgotten the information learnt from
the MNIST dataset.

Retained information In the two previous experiments, it was shown that the
resulting network had forgotten information from either of the two datasets. How-
ever, it is necessary to verify whether the network can still perform well on the other
dataset. Overall, the performance on MNIST dataset is very similar (from 98.90%
to 98.55%), whereas in the case of SVHN there is approx 2% loss of performance
(from 92.41% to 90.88%) — although the overall testing error is above 90%. This
also demonstrates that the proposed method retains information from both tasks

with a loss in performance up to 2%.

6.6 Conclusion and Future Works

Our training method enables for network aggregation at test time, i.e. the weights
of two networks (trained on two different datasets) are aggregated together, such
that the resulting network can work on both datasets without any further train-
ing/adaptation step.

This is achieved by introducing an aggregation reqularizer, which enables the
networks to learn the aggregation operation within an end-to-end training frame-
work. The sum was used as the aggregation operator due to its invertibility and
differentiability. VGG-like architectures were employed as feature extractors, with

Group Normalization used in place of Batch Normalization.
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Our experimental results demonstrated that the proposed approach allows for
test-time transfer learning without any further training steps. Furthermore, it was
showed that our training procedure is commutative: the aggregated network N; @ No
obtains the same performance of Ny & N;. Moreover, it was demonstrated that our
method allows for selective forgetting (at the cost of up to 2% testing performance).

The proposed method has some limitations: (i) it requires that all the networks
involved in the training share the same architecture; (ii) the selective forgetting
does not allow to forget a subset of the dataset; (iii) it was evaluated on just two
benchmark datasets (although the proposed framework can easily accommodate for
multiple datasets). As future work, the study will generalise this approach exploring
the training with N; deep neural networks, for ¢ = 1,...,n, with n being the number
of datasets, in a federated learning scenario, using different type of data such as the

ceilometers one.
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Chapter 7

Proposed Federated Learning

Approach

This chapter introduces a federated learning framework designed to enable collabora-
tive model training among multiple ceilometer data owners while preserving data pri-
vacy and security. Given the sensitive nature and limited accessibility of raw atmo-
spheric measurements, the proposed method ensures that no raw data is exchanged
between sites. Instead, local models contribute to the training process via a shared
encoder structure and aggregated parameter updates. The approach was tested
on multiple real-world ceilometer datasets, demonstrating its capability to main-
tain high performance while adhering to privacy-preserving constraints—offering a

promising solution for future collaborative monitoring networks.

7.1 Introduction

In recent years, the massive adoption of data-driven technologies has required effec-
tive artificial intelligence methods addressing the increasing privacy requirements,

such as the European GDPR regulation. Federated Learning (FL) [87] has emerged
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as a promising approach for dealing with private and sensitive data to train machine
learning models. In a typical federated scenario, there are two entities: a server and
many different clients. By aggregating locally trained deep learning (DL) models
sent by the clients, the server produces a global model without sharing locally-stored
data in each of the clients. The current state-of-the-art FL algorithm is Fed Avg [86],
which aggregates the locally trained models by averaging their parameters. Privacy
preservation is achieved by keeping data locally. Built on the assumption that
clients hold labelled data, most of the FL literature focuses on supervised learning
problems. However, in real-world scenarios, as the parties involved may not have
sufficient domain expertise or resources, the data may also be unlabelled. Therefore,
the absence of annotated labels currently represents a challenge in FL.

This research proposes FedRec, an FL pipeline for image classification tasks, in
which clients without ground-truth labels assist client training on annotated data.
In our scenario, some clients are trained on labelled data, while others are trained on
unlabelled data in an unsupervised fashion. It was used an encoder-decoder model
performing image reconstruction in those clients where labels are missing or lacking,
in which the encoder architecture matches the feature extractor of those clients
trained in a supervised fashion. This results in a mechanism of data augmentation
for the labelled data, as the aggregation involves more parties contributing to the
extraction of image features. At this purpose, we conducted experiments on five
datasets collected using appropriate instruments, the ceilometers, across Italy. All
the datasets contain images reconstructed from measurements taken by ceilometers,
which, by counting the number of photons reflected by particles in the atmosphere,

are able to estimate the height and presence of clouds in the sky.
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Our contribution can be summarised as follows: (1) proposing FedRec, a feder-
ated semi-supervised learning (FSSL) approach in which unlabelled data are used
in conjunction with labelled data to capture features serving as data augmentation
for the latent space encoded from fully labelled data. We aim to improve the per-
formance of the supervised model by using additional data from different locations
in Italy. (2) Comparing with the simplest approach based on FedAvg and labelled
data and show its limitations. (3) Demonstrating the efficacy of FedRec through
extensive experiments on novel datasets specially collected to support researchers
in the field of deep learning applied to environmental phenomena, showing that we

outperform the traditional method.

7.2 Related Work

The primary goal of FL is to train a global inference model while keeping data
scattered across different silos, thus preserving privacy. While most of the FL lit-
erature focuses on supervised tasks, some recent works adopt SSL techniques for
exploiting the increasing volume of unlabelled data. In SemiFL [39], clients have
completely unlabelled data, while the server holds a small amount of annotated sam-
ples. SemiFL proposes alternate training to fine-tune the global model with labelled
data and generate pseudo-labels with the global model.

FedMatch [60] introduces an inter-client consistency loss that aims to maximise
the agreement between the models trained at different clients. In particular, in
FedMatch, each client samples the top-k nearest clients and ensures consistency
by regularising the local model output with the top-k client models. Additionally,

FedMatch adopts the decomposition of model parameters for disjoint learning on
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labelled and unlabeled data.

Another work addressing the increasing communication and computational cost
due to the inter-client knowledge sharing based on model weights is ProtoFSSL [65],
an approach based on prototype learning that exchanges lightweight prototypes
between clients. Each federation client creates pseudo-labels based on shared pro-
totypes to compute the loss. A prototype-based inter-client knowledge sharing sig-

nificantly reduces both communication and computation costs.

7.3 Methodology

In contrast to previous studies based on disjoint learning or prototype learning, a
method for FSSL was proposed, based on parameter exchange leveraging both la-
belled and unlabelled data. In our approach, some clients hold only unlabelled data,
while others hold ground-truth labels. Depending on the availability of annotated
data, each client will solve a different task. Some clients will undertake a classifi-
cation task, while others will tackle an unsupervised learning problem. Specifically,
in FedRec, unlabelled data are utilised to solve an image reconstruction task with
an encoder-decoder architecture. Our method involves aggregating the weights of
model architectural components that perfectly match between supervised and un-
supervised clients. A recent work [17] on vertical FL shows that aggregating only
identical architectural parts of different models is a promising approach. Since our
goal is to augment the supervised task with unlabelled data from other clients, we
enforced the encoder architecture to align with the feature extractor of the image
classification network. Although the different tasks, the encoder should extract im-

age features serving as a data augmentation technique for the supervised clients, thus
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resulting in an increased FL generalization property. As a result, the weights of the
encoder and the feature extractors of the classification models are averaged. Finally,
we perform parameter aggregation of the fully connected layers of the classification

models.

7.4 Experiments

Our experiments aim to investigate the classification performance of our proposed
federated model trained by aggregating features extracted from both labelled and
unlabelled data. We report the results of a typical isolated scenario in which a model
is trained on data from a single institution, a centralised experiment in which the
data are gathered in a single data lake, a naive federated approach based on FedAvg
and only labelled data, and our proposed method.

Testbed setup: Our experiments were conducted in a simulated federation utilising
an Intel®) Xeon(®) processor (Skylake, IBRS, eight sockets of one core) and one Tesla
T4 GPU. The federation comprised one server, two clients holding labelled data,
and three clients holding unlabelled data. The baseline experiments, including the
isolate, centralised, and FedAvg approach on the two clients with labelled data,
were run on the same dedicated machine. For reproducibility purposes, the code
and the data used for our experiments are available at the following link: https:
//github.com/CasellaJr/FedRec.

Datasets: All the datasets were obtained through measurement reconstructions of
appropriate instruments, such as the ceilometers. A ceilometer is a measuring device
mostly used in meteorology that can detect the height of a cloud base by emitting

a modulated light beam directed to the sky. This makes it possible not only to
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Location Latitude Longitude Samples Positive (%)  Period

SGLP. 37d34 44" N 15d06° 117 E 1568 1050 (66.96%) 01/01/23 - 14/03/23
C.G. 37434 16" N 12439 35" E 2193 890 (40.58%)  01/06/23 - 31/08/23
Roma 41d 50’ 327 N 12d 38’ 50" E 2208 N.A. 01/07/23 - 30/09/23
Taranto  40d 29" 37" N 7d 13’ 01" E 2160 N.A. 01/01/21 - 31/03/21
Aosta 454 44'32° N 7d2U' 24 E 2180 N.A. 01/07/21 - 30,/09/23

Table 7.1: Statistics of the datasets.

recognise the clouds in the sky but also to determine their height. For this purpose
1 ALICEnet? was used, a cooperative network of lidar-ceilometers coordinated by
CNR-ISAC and operated in collaboration with other Italian research institutions,
universities, and environmental agencies. We used five locations around Italy: San
Giovanni La Punta (S.G.L.P.), Capo Granitola (C.G), Roma, Taranto, and Aosta.
Table 7.1 summarizes the statistics of the datasets. S.G.L.P. and C.G. datasets
contain annotated data, while the latter are unlabeled. The first dataset, S.G.L.P.,
has previously been publicly released [30] and it was labelled using the output of a
Weather Research and Forecasting (WRF') model specially set up to produce weather
simulations at the coordinates of the corresponding ceilometer. The authors labelled
the C.G. dataset manually. Both S.G.L.P and C.G. are used to solve the cloud
detection binary classification task. In cloud detection, we have a positive label if a
cloud is detected and a negative otherwise. S.G.L.P. and C.G. clients split their data
into training (70%) and testing (30%) data. As we were interested only in improving
the classification performance, the clients holding unlabeled data used the entire set
as training data to increase the generalisability of the extracted features.

Models: We employed a ResNet-18 as a feature extractor on S.G.L.P. and C.G.,
trained by minimising the cross-entropy loss with mini-batch gradient descent using

the SGD optimizer with a learning rate of 10~%, momentum 0.8 and weight decay

lthanks to the company EHT S.C.p.A.
2https://www.alice-net.eu/ - last accessed: September 2024
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107°. The local batch size was 8. We employed an encoder-decoder architecture
to solve the image reconstruction task in Roma, Taranto, and Aosta. A ResNet-18
serves as the backbone of the encoder part for capturing image features and encoding
them into the latent space. The decoder, mapping the encoded representation back
to the original feature space, is made of four convolutional and upsampling layers.
This architecture was trained by minimising the MSE with mini-batch gradient
descent using the SGD optimizer with a learning rate of 10~*, momentum 0.8 and
weight decay 107°. The local batch size was 8. As evaluation metrics, we focus on
the accuracy and F1-score.

Discussion: Table 7.2 shows the results of our experiments in terms of accuracy
and Fl-score. Looking at the accuracies, FedRec performs slightly better than Fe-
dAvg with only labelled data on the S.G.L.P dataset, while it outperforms the naive
approach on the C.G. data. Federated F'l-scores are comparable between the two
datasets and methods. FedRec achieves better results than the baseline on the C.G.
dataset, while it is beaten on the S.G.L.P. data, even if scores are really closer to
each other. Isolated accuracies show that the classifier correctly discriminates the
majority of samples. However, accuracy alone may not adequately capture the clas-
sifier’s performance, especially in the presence of class imbalance, as it will tend
to favour the majority class. Fl-score, being the harmonic mean of precision and
recall, is a better metric for evaluating performance on unbalanced datasets. Iso-
lated F1-scores show a moderate balance between precision and recall. This means
that while the classifier identifies some true positives, it may also produce a notable
number of false positives, or false negatives, or both. Moreover, the similarity be-
tween the class imbalance percentage and the isolated F1-scores on both datasets

suggests that the classifier’s performance is comparable to randomly guessing the
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positive class. Both the naive federated and FedRec approaches outperform the
isolated F1-scores. We hypothesise that this is because the federated model has a
higher ability to generalise, due to a greater number of image features it was trained
on. Results that were obtained in a centralised setting, in which both the annotated
datasets were aggregated in a single data lake, show that both accuracy and F1-score
are a weighted mean (with a bigger impact of C.G. due to the greater amount of
samples) of the isolated performance. In particular, in the centralized scenario, we
obtained an accuracy of 0.933 4+.001 and an F1-score of 0.5174.00. We hypothesize
that, while counter-intuitive, FL benefits from its intrinsic alternate training nature,
leading to a better feature extraction process.

We did not report the results of the image reconstruction task on the unlabelled
clients, as we were only interested in the supervised performance. We used the
unlabelled data as a data augmentation technique to extract a broader and more
general set of image features and assist in the supervised training.

Finally, Table 7.3 reports the global model results after fine-tuning on the local
dataset for one epoch. Although the model’s accuracy benefits from a fine-tuning
iteration on the local dataset, there is a drop in F1l-scores. In particular, the perfor-
mance goes down to the isolated case. We hypothesise that this occurs due to the
small size of the datasets. Even though the aggregated model benefits from a more
accurate feature extraction process, an epoch of fine-tuning on the local datasets

leads to overfitting, probably due to the small dataset size.
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Dataset Accuracy F1-score
Isolated Federated Isolated Federated
Naive FedRec Naive FedRec
S.G.LP. .7424+.012 .689 4 .005 .6914.038 .668 4.0 .808 4&.002 .805 =+ .001
C.G. 988 +.001 427+ .052 5874+ .093 4054+ .0 .576+.0 .581 4 .001

Table 7.2: Comparison between our proposed method, centralised baselines and state-of-
the-art methods. Results (mean) are obtained with five averaged runs.

Dataset Accuracy F1-score

FedRec  FedRec fine-tuning ~ FedRec  FedRec fine-tuning
S.G.L.P. .691 4 .038 .848 £ .009 .808 £ .002 .668 £ .0
C. G. 587 +.093 984 + .011 576 +.0 405+ .0

Table 7.3: Global model results after fine-tuning on the local dataset for one epoch. Results
(mean) are obtained with five averaged runs.

7.5 Conclusion and Future Works

This work proposes FedRec, a method for FSSL leveraging unlabeled data to help
supervised training on annotated data. In particular, clients with solely unlabeled
data use an encoder-decoder architecture for doing image reconstruction, in which
the encoder part matches the feature extractor of a classification model. The trained
feature extractors are aggregated via weight averaging, as well as the fully connected
layers of the classification models. We show the effectiveness of our method by
comparing its accuracy and Fl-score performance against the isolated, centralised
and federated baseline based on FedAvg of just the supervised models.

Future work will focus on investigating potential improvements in the compu-
tational costs of our method. Specifically, while reducing communication costs by
sharing only a smaller subset of layers from the local models could be beneficial, it
may lead to an increase in computation time due to a larger volume of data and more
clients participating in the federation. A potential strategy to address this challenge

could involve applying an early stopping technique on the unlabeled data. Finally,
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future research will explore the possibility of enhancing learning performance by

determining the optimal model for both supervised and unsupervised tasks.
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Part 1V

Conclusions and Future Works



138

Chapter 8

Final Discussion and Future

Works

The concluding chapter of this thesis is dedicated to summarizing the major contri-
butions of the research, reflecting on the implications of the findings, and proposing
potential avenues for future work. This chapter serves as a synthesis of the work
presented, linking the theoretical advancements with practical applications and set-
ting the stage for future explorations in the field of atmospheric science and artificial

intelligence (Al).

8.1 Summary of Contributions

The primary achievement of this research is the design and implementation of a
Multimodal AI Engine that leverages state-of-the-art deep learning and computer
vision methodologies for enhanced atmospheric particle detection. The work has

made several significant contributions to the scientific community:

e Novel Datasets and Preprocessing: The research introduced innovative

datasets derived from raw lidar-based ceilometer backscatter data. These
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datasets were processed into high-resolution, time-indexed images that address

challenges related to data scarcity and variability in atmospheric studies.

e Benchmarking Deep Learning Architectures: An extensive compara-
tive analysis of various deep learning models—including Convolutional Neural
Networks (CNNs) and Vision Transformers (ViT)—was conducted. This eval-
uation provided insights into performance trade-offs among different configura-
tions, optimizers, and hyperparameters, thereby identifying the most effective

architectures for detecting clouds and particulate matter.

e Integration of Multimodal and Federated Learning Approaches: By
incorporating transfer learning and federated learning paradigms, the study
developed a scalable approach that aggregates knowledge from heterogeneous
data sources while preserving data privacy. This integration enhances model

generalizability and resilience in real-world settings.

e Practical Applications in Environmental Monitoring: The Al Engine
has demonstrated practical utility in critical areas such as air traffic manage-
ment during volcanic eruptions and optimizing solar panel performance under
adverse weather conditions. The successful application of these technologies

underscores their potential for broad environmental and meteorological use.

e Scientific Impact: The findings have been disseminated through multiple
peer-reviewed publications and conference presentations, thereby contributing
to ongoing academic discourse in the fields of deep learning, computer vision,

and atmospheric science.
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8.2 Limitations of the Study

Although the research makes several noteworthy contributions, it is important to
acknowledge certain limitations. First, the quality and heterogeneity of the data
remain critical challenges. The reliance on ceilometer sensor outputs, while inno-
vative, introduces an inherent degree of noise and variability that may affect the
precision of model predictions. Additionally, the AI Engine’s performance is sensi-
tive to the representativeness of the training data, and its generalizability to regions
with different atmospheric conditions requires further validation. Another limitation
concerns the computational complexity of the deep learning architectures employed.
Their resource-intensive nature could impede real-time deployment of the system,
particularly in settings with constrained computational resources. Finally, like many
deep learning models, the current system suffers from a lack of transparency in its
decision-making process, limiting its interpretability and potentially hindering user

trust in high-stakes operational contexts.

8.3 Implications of Findings

The implications of this research are significant and multifaceted. The demonstrated
effectiveness of integrating deep learning with multimodal data not only improves at-
mospheric particle detection but also provides a robust framework for environmental
monitoring in challenging conditions. The ability to accurately detect and classify
atmospheric particles has practical benefits for air traffic management, renewable
energy optimization, and disaster response. Moreover, the application of federated
learning approaches within this study emphasizes the potential for preserving data

privacy while leveraging diverse, distributed datasets—a feature increasingly critical
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in today’s data-driven research landscape. Collectively, these findings suggest that
advanced Al methodologies can serve as powerful tools for addressing complex envi-
ronmental challenges, paving the way for more adaptive, transparent, and efficient

monitoring systems in the future.

8.4 Future Works

Building on the successes and limitations of the current study, several future research

directions are proposed:

¢ Enhanced Data Fusion and Multimodal Integration: Future work should
explore more advanced methods for fusing heterogeneous data sources, such as
integrating satellite imagery, radar data, and ground-based sensor networks.
This could lead to a more comprehensive understanding of atmospheric phe-

nomena.

e Optimization for Real-Time Deployment: Efforts should be directed to-
ward reducing computational complexity through the development of lightweight
model architectures and more efficient inference algorithms. Such advance-
ments would facilitate the deployment of the AI Engine in real-time opera-

tional environments.

e Mitigating Domain Shift: Investigating advanced transfer learning strate-
gies that minimize negative transfer and improve domain adaptation is essen-
tial. Future studies might focus on developing dynamic adjustment techniques

to better handle shifts between training and operational data distributions.
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e Scalability and Decentralized Learning: Expanding the federated learn-
ing framework to incorporate a larger number of diverse data sources is another
promising direction. Exploring asynchronous federated learning methods and
adaptive communication protocols could improve scalability and reduce la-

tency.

e Integration with Policy and Decision-Making Frameworks: Future
work could also focus on developing interfaces and protocols that allow the
Al Engine to interact seamlessly with decision support systems used by envi-
ronmental agencies and governmental bodies, thereby enhancing its practical

impact.

In conclusion, this thesis has advanced the state-of-the-art in atmospheric parti-
cle detection through the innovative integration of deep learning and computer vision
techniques. The novel datasets, benchmarking, and incorporation of both multi-
modal and federated learning approaches have contributed significantly to the fields
of environmental monitoring and Al-driven decision support. While certain limita-
tions persist, they offer clear directions for future research that promise to further
enhance model performance, interpretability, and scalability. The broader implica-
tions of these findings underscore the transformative potential of Al in mitigating the
adverse effects of atmospheric phenomena and supporting informed decision-making

in the face of environmental challenges.
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