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Abstract

This dissertation integrates advanced machine learning (ML) techniques with radar technol-

ogy to address significant challenges in atmospheric sciences, cloud profiling, and aviation

safety. It aims to enhance the accuracy and reliability of radar-based measurements, improve

the prediction of atmospheric relative humidity and Cloud Liquid Water Content (CLWC),

and mitigate the impact of 5G interference on radar altimeters. These improvements are

essential for advancing public safety, weather forecasting, and aviation technology.

Chapter 2 provides a comprehensive overview of ML, detailing its history, evolution, and

significance in scientific research. It introduces supervised, unsupervised, and reinforcement

learning, and discusses various ML models, such as regression and classification, establishing

a foundation for integrating ML with radar technology.

Chapter 3 introduces a method for estimating atmospheric relative humidity using wind

profiler radar and a cascaded ML algorithm. Unlike existing methods, this approach uses

only moment data to generate an intermediate pressure profile, serving as training data

for humidity estimations without requiring temperature as an input feature. The study

evaluates various ML algorithms using radiosonde data from the Hong Kong Observatory,

demonstrating the effectiveness of this simplified, feature-efficient model.

Chapter 4 uses ML techniques to enhance Cloud Liquid Water Content (CLWC) profiling.

The study cross-validates ERA5 data with high-precision radiosonde observations from Hong

Kong. It employs ML to interpolate radiosonde data to improve coverage and resolution,

and uses a metaheuristic algorithm to cleanse data. This enhances the correlation between

xviii



input features and CLWC. The results show significant improvements in the accuracy and

reliability of CLWC profile prediction.

Chapter 5 addresses the critical issue of 5G interference with radar altimeter signals,

which is crucial for aviation safety. A new ML framework is developed to classify signals

into pure or interfered categories and predict altitudes when interference is detected. The

study employs real 5G signals from a base station in Norman, Oklahoma, and emulated

radar signals to train and test the framework. This approach ensures the accuracy of radar

altimeters despite the level of 5G interference.

This dissertation demonstrates the transformative potential of integrating ML techniques

with radar technology. The proposed solutions enhance radar sensing capabilities and data

quality, significantly improving public safety, weather forecasting, and aviation.
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Chapter 1

Introduction

1.1 Radar Sensing

Radar technology, an acronym for ”radio detection and ranging,” has been a fundamental

part of modern science and engineering since its inception in the early twentieth century.

It was initially used as an instrument for navigation, surveillance, and enemy identification,

notably during World War II (Skolnik 1980). The critical function of radar is to detect

and estimate the presence, direction, distance, and speed of objects ranging from aircraft

to atmospheric formations (Skolnik 1980). The detection and estimation are carried out

by emitting and reflecting radio waves, with the return time providing crucial information

about the target’s distance and position. However, in practical applications, the radar must

address complex scientific concepts such as signal degradation, noise interference, and the

varying reflective properties of different objects (Levanon and Mozeson 2004).

Due to digital signal processing and machine learning advancements, radar technology

has seamlessly integrated into various fields, including meteorology, aviation, defense, and

autonomous vehicles (Bishop and Nasrabadi 2006). While initially developed for military use,

radar’s potential for weather prediction was quickly recognized, leading to the development

of weather radar systems in the mid-20th century. These systems have significantly advanced

weather prediction by offering real-time tracking and analysis of atmospheric phenomena,
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detecting precipitation, and identifying storm patterns (Meischner 2005). For instance, radar

systems generate abundant data for weather forecasts and early warnings of potential threats

such as hurricanes or severe storms (Meischner 2005). Additionally, radar technology is

integral to aviation safety through radar altimeters, which measure altitudes above ground

levels, crucial for aviation and navigation (Skolnik 1980).

1.2 Machine Learning and Deep Learning: A Brief

Overview

Machine learning (ML) is a method of data analysis that automates the building of analyti-

cal models (Alpaydin 2020). Unlike traditional programming, where computers are directly

given rules to follow, ML uses statistical techniques to learn from provided examples and

apply those patterns to new data. ML has two primary forms: supervised learning and unsu-

pervised learning. Supervised learning uses a labeled dataset with known desired outcomes,

while unsupervised learning identifies inherent patterns and structures within unlabeled data

(Goodfellow et al. 2016).

Deep learning (DL), a subtype of ML, employs connected layers of nodes or ”neurons”

inspired by the structure and function of the human brain. Unlike typical ML models that

require manual feature extraction, DL can learn from raw, unstructured data, such as pixel

values in photos (Goodfellow et al. 2016). Since the 1980s, ML has evolved significantly,

driven by greater data availability and more powerful computational resources. This evolu-

tion opened the way for more advanced statistical procedures (Alpaydin 2020). The 1990s

saw the creation of significant ML algorithms, such as support vector machines (SVM) and

random forests, which remain widely used today. DL began to gain prominence in the

2000s, accelerated by the increased availability of large labeled datasets, efficient training

techniques, and the rise of graphics processing units (GPUs) (Goodfellow et al. 2016).
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Applications of ML and DL are widespread in modern technology, enhancing various

fields. ML drives technologies ranging from recommendation algorithms on online shopping

platforms to fraud detection in financial services. DL, in particular, has revolutionized

fields requiring complex pattern recognition, such as image and speech recognition in virtual

assistants and facial identification systems on smartphones (LeCun et al. 2015).

1.3 ML/DL and Radar Technology Intersection

Integrating machine learning (ML) and deep learning (DL) with radar technology has rev-

olutionized various fields. Radar data, with its high volume and complexity, provides an

excellent resource for ML and DL applications, enhancing efficiency and accuracy in weather

prediction, object recognition, and interference reduction (Gini and Rangaswamy 2008).

Traditional weather prediction models rely on physics-based methodologies, which have

limitations due to assumptions and the inability to fully capture atmospheric dynamics

(Senthil Kumar 2019). ML addresses these gaps by identifying predictive patterns from

large datasets. Early applications in radar meteorology included classifying precipitation

types using models like decision trees, k-nearest neighbors, and support vector machines,

which outperform traditional methods in distinguishing between rain, snow, and hail (Besic

et al. 2016; McGovern et al. 2023).

ML has significantly improved the integration of radar data into weather prediction mod-

els by learning detailed correlations between radar measurements and atmospheric conditions

(McGovern et al. 2017). ML techniques, such as decision trees and ensemble methods, have

enhanced nowcasting and short-term weather predictions by capturing the complexity of

atmospheric dynamics, resulting in more accurate forecasts (Zhou et al. 2020). Addition-

ally, ML has improved radar data correction and precipitation estimation, aiding in flood

forecasting and water resource management (Hassan et al. 2022; Li et al. 2023).
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While DL is not the primary focus of this dissertation, it has contributed to advancements

in radar technology where complex pattern recognition is needed. DL-based strategies have

been used in target detection and precipitation nowcasting, demonstrating effectiveness in

managing spatial correlations and improving data analysis reliability (Gagne II et al. 2019;

Jiang et al. 2021; Shi et al. 2015).

Beyond weather radar technology, ML enhances aviation safety by improving radar al-

timeter performance through noise filtering and accurate ground detection, resulting in safer

aircraft operations (Amaireh and Zhang 2023). In marine applications, radar measures wave

heights and detects obstacles in navigation, with ML refining these processes by differenti-

ating types of sea clutter, leading to safer maritime navigation (Vicen-Bueno et al. 2009).

In surveillance and defense, ML improves target recognition using radar return signals and

enhances synthetic aperture radar (SAR) imaging quality, improving picture reliability (Fra-

castoro et al. 2021).

The potential benefits of ML and DL in radar technology are vast. As extreme weather

events increase due to climate change, advancements in weather prediction and radar technol-

ogy can significantly impact public safety, agriculture, and socioeconomic factors (Easterling

et al. 2017). Ongoing advancements in ML and DL promise continued progress across various

sectors, opening the way for technological innovation and scientific discovery.

1.4 Outlines and Research Objectives

This dissertation explores integrating machine learning (ML) techniques with radar technol-

ogy to address various challenges in atmospheric sciences and communication systems. Each

chapter tackles specific research questions to enhance atmospheric measurements, improve

cloud profiling, and mitigate 5G interference in radar altimeters.
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Chapter 2 provides a comprehensive overview of ML and its evolution, highlighting its

significance in scientific research and its integration with radar technology. This chapter dis-

cusses various types of ML, including supervised, unsupervised, and reinforcement learning,

and examines common ML models used in this dissertation, such as regression and classifi-

cation models. By laying the foundation for understanding the integration of ML with radar

technology, this chapter sets the stage for their application in subsequent chapters.

Chapter 3 aims to develop and validate a novel ML approach for estimating atmospheric

relative humidity (RH) profiles using wind profiler radar data. The study introduces a cas-

caded ML framework that uses only moment data, avoiding reliance on temperature. An

intermediate pressure estimation stage is integrated to enhance RH prediction accuracy,

with performance assessed across different seasons for robustness and reliability. This chap-

ter begins with an introduction to the importance of accurate humidity estimation and the

limitations of existing models, followed by a literature review identifying gaps in current

methods. It details instrumentation, data collection, and preprocessing steps. The method-

ology explains the cascaded ML approach and algorithm selection. Different performance

evaluation metrics are used to compare the ML algorithms. The results and discussion an-

alyze the models’ performance using six-month and month-by-month datasets of 2021 in

the Hong Kong area. The chapter concludes by highlighting the strengths of the novel ML

framework while addressing potential limitations and suggesting future research directions.

Chapter 4 focuses on enhancing Cloud Liquid Water Content (CLWC) profiling using ML

techniques, with the main goal of predicting CLWC profiles based on input features such

as pressure, temperature, relative humidity, and specific humidity. The primary objectives

include cross-validating ECMWF’s ERA5 data with high-precision radiosonde observations

from Hong Kong, improving data coverage and resolution through ML interpolation, and

applying a metaheuristic algorithm for data cleansing to strengthen the correlation between

input features and CLWC. Various regression ML algorithms are evaluated for performance

and robustness. This chapter begins by highlighting the importance of accurate CLWC
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prediction for weather forecasting, especially in microclimates like Hong Kong. It reviews

advancements and limitations in traditional and ML-based CLWC estimation methods. The

data description section details ERA5 and radiosonde datasets and their preprocessing. The

methodology section explains how to use a metaheuristic algorithm for data cleaning and

applying ML models. Results show that decision tree and ensemble models outperform the

accuracy of neural networks and linear regression. The chapter concludes by discussing the

approach’s strengths, limitations, and future research directions.

Chapter 5 studies the significant issue of 5G interference with radar altimeter signals,

which is essential for aviation safety. The chapter’s main objective is to develop an ML

framework to identify and mitigate the effects of 5G interference on radar altimeters. This

framework categorizes signals as either pure or interfered and employs regression ML models

to predict altitudes when interference is present, effectively addressing and reducing the

impact of such interference. The study uses real 5G signals from a base station in Norman,

Oklahoma, and emulates FMCW radar signals using MATLAB to test the ML framework

in real-world conditions. The chapter starts with an introduction to the vital role of radar

altimeters in aviation safety and the interference challenges posed by 5G networks. The data

collection section explains how 5G signals were gathered and how radar altimeter signals

were simulated. The methodology section outlines the ML framework, detailing feature

extraction, preprocessing steps, and model training. The models’ effectiveness is evaluated

using many regression and classification metrics. The results and discussion section presents

findings from classification and altitude prediction, showcasing the performance of different

ML models. The chapter concludes by discussing the proposed approach’s strengths and

limitations and suggesting future research directions.
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1.5 Research Methodology

The research methodology employed in this dissertation covers various machine learning

(ML) techniques and data sources to address distinct challenges in atmospheric sciences and

radar technology. Each chapter leverages specific methodologies tailored to the research

objectives and data characteristics.

For the study on atmospheric humidity estimation, data collection involved wind profilers

and radiosondes in Hong Kong, providing comprehensive atmospheric measurements. Data

preprocessing included outlier removal and data smoothing to ensure quality. A cascading

ML solution was implemented, utilizing regression decision trees, ensemble trees, and neural

networks. The bagged learning tree was selected for its effectiveness and computational

efficiency balance. Performance was evaluated using standard regression metrics and a 5-

fold cross-validation approach to ensure robustness and accuracy.

In the cloud liquid water content (CLWC) profiling study, data from the ERA5 climate

dataset were validated against high-precision radiosonde observations. Data cleaning and

preprocessing involved advanced metaheuristic algorithms to improve feature correlation.

Various ML models, including linear regression, ensemble trees, and neural networks, were

used, with the Bagged Ensemble Tree (BET) noted for its robust performance. Standard

regression metrics and 5-fold cross-validation ensured comprehensive model evaluation.

Addressing the issue of 5G interference with radar altimeters, the study involved collect-

ing 5G signals using Software-Defined Radio (SDR) and simulating radar signals to create a

comprehensive dataset. Preprocessing included segmenting and rescaling 5G signals to em-

ulate different interference levels, followed by feature extraction from both time-domain and

frequency-domain characteristics. ML models, including classification and regression algo-

rithms, were employed to identify and mitigate 5G interference. Performance evaluation used

standard classification and regression metrics, with a 5-fold cross-validation approach to en-

hance model reliability and generalizability. The framework ensured accurate and consistent

altitude measurements despite 5G interference, enhancing aviation safety and efficiency.
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Chapter 2

Theoretical Foundations of Machine Learning Methods

2.1 Overview of Machine Learning

Machine Learning (ML) is a subfield of artificial intelligence (AI) that focuses on developing

algorithms to enable computers to learn from data and make predictions, classifications,

or decisions based on new, unseen data. Unlike traditional programming, which requires

detailed instructions for each task, ML algorithms can recognize relationships and patterns

within data. This capability allows systems to improve performance over time through

experience (Mitchell 1997).

2.1.1 History and Evolution

The origins of machine learning can be traced back to the early days of AI research in

the 1950s. Arthur Samuel created the phrase ”machine learning” in 1959, defining it as

the field of research that enables computers to learn without being explicitly programmed

(Samuel 1959). Early research concentrated on symbolic AI and rule-based systems, which

were limited by their inability to deal with data uncertainty and variability (Nilsson 1998).

The introduction of statistical learning theory in the 1970s and 1980s marked a dramatic

change, resulting in the development of probabilistic models and data-driven techniques

(Bishop and Nasrabadi 2006). During this time, fundamental algorithms like decision trees
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(Quinlan 1986), support vector machines (SVM) (Cortes and Vapnik 1995), and neural

networks were developed (Mitchell 1997). The backpropagation method, introduced in 1986,

motivated interest in neural networks and provided the foundation for current deep learning

(DL) (Rumelhart et al. 1986).

Significant improvements in computational power and data availability occurred during

the 1990s and 2000s, resulting in the development of more sophisticated algorithms and the

application of ML across a wide range of domains (Domingos 2015). The rise of big data

and the growing number of large-scale datasets have accelerated the evolution of machine

learning, allowing models to learn from massive volumes of data while achieving extraordi-

nary levels of accuracy and performance (Hastie et al. 2009). In recent years, deep learning,

a subset of ML characterized by multi-layered neural networks, has revolutionized the field

by achieving state-of-the-art results in areas such as image and speech recognition, natural

language processing, and autonomous systems (Goodfellow et al. 2016). This period has

also seen the rise of ML frameworks and libraries like MATLAB, TensorFlow, PyTorch, and

Scikit-learn, allowing access to powerful ML tools and facilitating rapid experimentation and

deployment (Goodfellow et al. 2016).

2.1.2 Significance in Scientific Research

Machine learning (ML) has become integral to modern scientific research, providing revolu-

tionary data analysis, pattern recognition, and predictive modeling capabilities. Its ability

to handle complex, high-dimensional datasets allows it to uncover insights beyond the reach

of traditional statistical methods (Bishop and Nasrabadi 2006). ML analyzes vast datasets

in fields such as genomics, neuroscience, and materials science to identify novel patterns

and causal relationships, driving new discoveries (Jordan and Mitchell 2015). ML greatly

improves predictive accuracy in various scientific areas, including climate modeling, disease

outbreak prediction, and financial forecasting (Russell and Norvig 2016).
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ML also automates complex, time-consuming processes such as image and signal pro-

cessing, allowing researchers to concentrate on higher-level analysis. This is particularly

valuable in medical imaging, where ML aids in diagnosing conditions from radiographic

data (Krizhevsky et al. 2012). The adaptability of machine learning methods allows them

to be applied across a wide range of scientific areas, enabling interconnected research and

integrating varied data sources. This leads to more comprehensive approaches to solving com-

plex scientific problems. Additionally, ML models can process and analyze data in real time,

making them invaluable for rapid decision-making in autonomous vehicles, robotics, and

real-time monitoring systems in environmental and industrial contexts (Chen and Guestrin

2016).

2.2 Types of Machine Learning

Machine learning (ML) can be broadly categorized into three main types: supervised learn-

ing, unsupervised learning, and reinforcement learning. Each type has distinct methodologies

and applications, addressing different kinds of problems and data structures.

2.2.1 Supervised Learning

Supervised learning is the most common type of machine learning. This approach trains

the algorithm on a labeled dataset, meaning that each training example is paired with an

output label. The objective is for the model to learn a mapping from inputs to outputs to

accurately predict the output for new, unseen inputs. Typical applications of supervised

learning include classification and regression tasks. In classification, the output variable is

categorical, such as spam detection in emails, where the input is the email text and the

output is either ’spam’ or ’not spam’ (Bishop and Nasrabadi 2006). Regression tasks involve

predicting a continuous output variable, like predicting house prices based on features such

as size, location, and number of bedrooms (Mitchell 1997). Supervised learning algorithms
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are widely used in image and speech recognition, where models learn from labeled images

or audio clips to identify objects, people, or spoken words in new data (LeCun et al. 2015).

Supervised learning is particularly effective when a large amount of labeled data is available,

and the relationship between the input and output variables is relatively straightforward.

2.2.2 Unsupervised Learning

Unsupervised learning, on the other hand, works with unlabeled data and attempts to de-

termine the fundamental structure existing in a set of data points. Since the data is not

labeled, the algorithm tries to learn patterns and the underlying structure from the data

itself. Typical applications of unsupervised learning include clustering, dimensionality re-

duction, and anomaly detection. Clustering algorithms group data points into clusters based

on their similarity, which is useful in applications like customer segmentation based on pur-

chase behavior without predefined group definitions (Hastie et al. 2009). Dimensionality

reduction techniques, such as Principal Component Analysis (PCA), reduce the number of

variables in a dataset while keeping as much information as possible, assisting in process-

ing high-dimensional data or preprocessing before applying supervised learning (Bishop and

Nasrabadi 2006). Unsupervised learning is also employed in anomaly detection to identify

rare items, events, or observations that don’t match the rest of the data, making it valuable

in fraud detection, network security, and industrial fault detection (Breiman 2001). Unsu-

pervised learning is valuable when the goal is to explore the data and find hidden patterns

without having predefined labels.

2.2.3 Reinforcement Learning

Reinforcement learning (RL) represents a different paradigm in machine learning, where an

agent learns to make decisions by performing actions in an environment to maximize some

concept of cumulative reward (Sutton and Barto 2018). Unlike supervised learning, the

agent is not provided with correct input-output pairs but must discover them through trial
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and error. Typical applications of reinforcement learning include game playing (Mnih et al.

2015), robotics (Lillicrap et al. 2015), and self-driving cars (Arulkumaran et al. 2017). RL

has been applied in game playing, where agents learn strategies to win games like Chess,

Go, and video games, exemplified by DeepMind’s AlphaGo program, which defeated world

champions in Go (Silver et al. 2016, 2017). In robotics, RL helps in training robots to perform

tasks such as navigation, manipulation, and interaction with the environment, where robots

learn to improve their performance over time through rewards and penalties (Russell and

Norvig, 2016). Similarly, RL is crucial in the development of autonomous vehicles, where the

car learns to drive by receiving rewards for safe driving behaviors and penalties for unsafe

actions (Chen, Guestrin, 2016). Reinforcement learning is particularly suited to problems

where an agent must make a sequence of decisions and where the outcome of one decision

influences the future state and rewards.

Understanding the different types of machine learning is crucial for selecting the appro-

priate algorithms for a given problem. Supervised learning is highly effective when labeled

data is available and the goal is to predict outcomes (James et al. 2013). Unsupervised learn-

ing is useful for discovering hidden structures within data (Bishop and Nasrabadi 2006), and

reinforcement learning excels in scenarios requiring sequential decision-making and dynamic

interaction with an environment (Kaelbling et al. 1996). Every type of machine learning

contributes distinct qualities to different applications, showing the flexibility and power of

ML methods in addressing a wide range of challenges across different fields (LeCun et al.

2015).

2.3 Common Machine Learning Models Used

Machine learning (ML) models play a critical role in addressing regression and classification

problems in this dissertation. The nature of the problem guides the choice of models, the

data’s characteristics, and the application’s specific requirements. This section provides an
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overview of the ML models used, divided into two main categories: regression and classifi-

cation models.

2.3.1 Regression Models

Regression models are used to predict continuous outcomes based on input features. In

this dissertation, several regression models were employed to address various problems in

atmospheric sciences and communication technologies.

2.3.1.1 Linear Regression

Linear regression is one of the simplest and most widely used models for regression analysis.

It assumes a linear relationship between the input features and the output variable (Mont-

gomery et al. 2021). The model is represented by the equation:

y = β0 + β1x1 + β2x2 + ...+ βnxn + ε (2.1)

where y is the predicted output, β0 is the intercept, βi (for i = 1, 2, . . . , n) are the

coefficients or weights of the model, xn are the input features, and ε is the error term.

The primary objective of linear regression is to estimate the coefficients (βi) such that

the sum of the squared differences between the predicted values (y) and the actual values is

minimized. This method, known as Ordinary Least Squares (OLS), ensures that the model

provides the best fit to the data (Montgomery et al. 2021).

Linear regression is particularly powerful for its simplicity and clarity. It provides clear

insights into the relationship between the dependent and independent variables. For instance,

in atmospheric sciences, it can be used to model the relationship between temperature and

humidity levels, providing coefficients that indicate the strength and direction of the rela-

tionship (Kutner et al. 2005). However, linear regression also has limitations. It assumes a

linear relationship between the variables, which may not always be true in real-world sce-

narios. Additionally, it is sensitive to outliers, which can negatively influence the model’s
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parameters. Despite these limitations, linear regression remains a valuable tool, especially

when the relationship between variables is approximately linear, and the data is free from

significant outliers (Montgomery et al. 2021).

2.3.1.2 Regression Decision Trees

A regression decision tree is a multivariable method used to model and predict continuous

outcomes by splitting the data into subsets based on feature values. Unlike some models

that might exclude events if certain conditions are unmet, a decision tree evaluates multiple

conditions to accurately classify events. Each branch in the tree represents a decision rule

based on feature values, and each leaf node represents a predicted continuous value (Loh

2011). The regression tree algorithm typically involves several key steps: setting the accuracy

criterion for predictions, choosing splits, deciding when to stop splitting, and determining

the optimal tree size (Hastie et al. 2009). The first step involves establishing the criterion

for prediction accuracy. Common criteria include cross-validation, re-substitution error, and

test sample error. The re-substitution error, calculated using the same data used to generate

the prediction p, is defined as follows (Loh 2011):

E (p) =
1

N

N∑
i=1

(
ui − p

(
vi
))2 (2.2)

where N is the number of samples, ui is the actual value of the target for the ith data

point, and p(vi) represent the predicted value from the model for the ith data point, where

vi represents the features of the ith data point.

For cross-validation error, the dataset is divided into k smaller, nearly equal-sized sam-

ples. One of these samples is used to build the predictor p, and the cross-validation error is

computed as follows:

ECV (p) =
1

Nk

∑
k

∑(
ui,vi

)
∈Xk

(
vi − p(k)

(
ui
))2

(2.3)
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Here, p(k) is derived from the small sample Xk. The test sample error is determined by

splitting the dataset into two subsamples: X1 with size N1 and X2 with size N2. The error

for the test sample is calculated as:

Ets (p) =
1

N2

N∑(
ui,vi

)
∈Xk

(
vi − p

(
ui
))2 (2.4)

where X2 is the subsample not used for building the predictor.

The regression tree technique involves determining the optimal splits to estimate contin-

uous variable values. Splits are quantified using a node impurity measure, which indicates

the relative homogeneity within terminal nodes. A common measure for regression trees

is the least-squared deviation, which minimizes the variance within each node. The node

impurity R(t) is defined as:

R (t) =
1

Nw (t)

∑
i∈t

wifi
(
ui − v̄ (t)

)2 (2.5)

where Nw (t) is the weighted number of instances in node t, wi is the weight of the i − th

instance, fi is the frequency variable, ui is the response variable, and v̄ (t) is the weighted

mean of node t.

The decision to stop splitting is typically based on a predefined criterion, such as the

minimum number of samples in a node, the maximum depth of the tree, or the minimum

decrease in node impurity required to continue splitting. These criteria prevent the tree from

overfitting the training data by growing too complex and capturing noise. Once the tree is

grown, the next step is determining its optimal size, often called pruning. Pruning involves

cutting back the tree to remove nodes that provide little to no additional predictive power,

thereby simplifying the model. The optimal tree size is usually achieved through cost-

complexity pruning, which balances the tree’s complexity against its predictive accuracy.

The aim is to find the smallest tree with the least error (Loh 2011).

Regression decision trees provide multiple advantages, including interpretability, the abil-

ity to handle non-linear relationships, and the flexibility to manage different data types with-

out expensive data preprocessing. Compared to other regression methods, such as linear
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regression and neural networks, regression decision trees provide a balance between simplic-

ity and flexibility. However, they have drawbacks, such as the potential to overfit if not

adequately pruned, and their sensitivity to small variations in the data, which might result

in various splits and hence different trees (Costa and Pedreira 2023).

2.3.1.3 Ensemble Trees

Ensemble learning is a powerful technique in machine learning that combines multiple mod-

els to improve overall performance, robustness, and accuracy. Among the various ensemble

methods, bagged (Bootstrap Aggregating) trees and boosted trees are particularly effec-

tive for regression and classification tasks. These approaches exploit the advantages of

individual decision trees while reducing their drawbacks, such as overfitting due to high

variance (Breiman 1996; Hastie et al. 2009).

Bagged Trees (Bootstrap Aggregating): Bagging, or Bootstrap Aggregating, is an

ensemble technique designed to reduce the variance of a model by averaging the predictions

of multiple decision trees. The process involves generating several bootstrap samples from

the original dataset, training a decision tree on each sample, and then aggregating the

predictions from all the trees (Breiman 1996).

The procedure for bagging can be summarized as follows: First, bootstrap sampling

involves creating multiple subsets of the original dataset by random sampling with replace-

ment. Each subset, or bootstrap sample, is the same size as the original dataset but contains

duplicate instances, ensuring that each tree in the ensemble is trained on a slightly different

dataset and promoting diversity among the trees. Next, a decision tree is trained on each

bootstrap sample in the training phase. These trees are typically grown to their full depth

without pruning, allowing them to capture the nuances of the data. By fully growing the

trees, they become highly specialized to the bootstrap samples, capturing detailed patterns

that may be missed in a single tree (Hastie et al. 2009). Finally, in the aggregation phase, the
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final prediction is obtained for regression tasks by averaging the predictions of all individual

trees. For classification tasks, the final prediction is determined by majority voting, where

each tree votes for a class, and the class with the most votes is chosen as the final prediction.

This approach leads to more robust and accurate models, especially when decision trees

overfit the training data (Breiman 1996).

Boosted Trees: Boosting is an effective ensemble strategy that enhances the performance

of a model by training a number of decision trees sequentially. Each succeeding tree is

designed to repair the faults made by the previous trees. Unlike bagging, which builds trees

independently, boosting builds trees in a dependent manner, with each tree learning from

the mistakes of the previous ones (Freund and Schapire 1997; Hastie et al. 2009).

The boosting process involves the following steps: Initially, start with an initial predic-

tion, which is often the mean of the target variable in regression tasks, serving as the baseline

model. In the next step, a decision tree will be trained on the residual errors from the previ-

ous model. These residuals differ between the actual values and the current ensemble model’s

predictions. Each new tree learns to predict these residuals, thereby addressing the errors

made by the model up to that point. Finally, the new tree is added to the ensemble model,

updating the predictions by integrating the previous predictions with the new tree’s output.

This process continues for several iterations or until the model reaches a desired accuracy

level. A learning rate parameter can adjust the influence of each new tree on the overall

prediction, controlling the contribution of each tree to the model (Friedman 2001).

Boosting can significantly improve decision tree accuracy by reducing bias and variance.

However, careful tuning of hyperparameters, such as the learning rate and the number of

iterations, is required to prevent overfitting. Boosting is particularly effective in handling

complex, non-linear relationships and has been successfully applied in various domains, in-

cluding finance, metrology, healthcare, and natural language processing. The ability to boost
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focus on difficult cases and iteratively improve the model’s performance makes it a powerful

tool for predictive modeling (Freund and Schapire 1997; Hastie et al. 2009).

Comparison and Applications: Both bagging and boosting are powerful ensemble meth-

ods that enhance the performance of decision trees. Bagging primarily reduces variance by

averaging multiple independent trees, making it suitable for high-variance, low-bias scenar-

ios. In contrast, Boosting reduces bias and variance by sequentially improving the model’s

accuracy, making it ideal for scenarios where the initial model has high bias.

2.3.1.4 Neural Networks for Regression

Artificial neural networks (ANNs) are powerful prediction, classification, pattern recognition,

and clustering models. They are competitive with traditional statistical and regression mod-

els, offering high-speed processing and considerable promise for parallel applications (Good-

fellow et al. 2016; Mitchell 1997). ANNs have been widely used in natural language processing

and image recognition tasks due to their self-learning, fault tolerance, non-linearity, adap-

tivity, and advanced input-to-output mapping capabilities (Bishop and Nasrabadi 2006).

ANNs mimic the human brain’s information processing system. They consist of inter-

connected neurons organized into an input layer, one or more hidden layers, and an output

layer. The input layer receives raw data, with each neuron representing a feature of the in-

put data. Hidden layers perform computations by applying weighted sums to inputs, adding

bias terms, and using activation functions such as sigmoid, tanh, or ReLU (Rectified Linear

Unit). The non-linearity introduced by these activation functions enables the network to

capture complex relationships between inputs and outputs (Bishop and Nasrabadi 2006).

The output layer produces the final prediction, a continuous value in regression tasks.

Training a neural network involves forward propagation, where input data generates predic-

tions, and backward propagation, where errors are propagated back to update weights and
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biases. This process uses the backpropagation algorithm and gradient descent optimization

to minimize a loss function, leading to accurate predictions (LeCun et al. 2015).

Figure 2.1 depicts a basic neural network design consisting of input, hidden, and output

layers.

Figure 2.1: An example of a basic neural network design.

Despite the advantages, ANNs have some drawbacks. They can be very demanding re-

garding computational resources and susceptible to overfitting. Training them often requires

a large amount of labeled data. Additionally, they lack transparency and face problems like

vanishing and exploding gradients, affecting their performance (Goodfellow et al. 2016).

This dissertation employs the ReLU function for all neural networks due to its effec-

tiveness in backpropagation and gradient descent, preventing gradient disappearance and

explosion.

2.3.2 Classification Models

Classification is a core task in machine learning that involves predicting categorical labels

for given inputs based on their features. Unlike regression, which predicts continuous values,

classification assigns inputs to discrete classes or categories. This task is widely used in
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various domains, such as healthcare, finance, marketing, and natural language processing. In

classification, a model learns from a dataset where each example is described by features and

a corresponding class label to accurately assign labels to new, unseen examples. Classification

problems can be binary, where there are two possible classes (e.g., spam or not spam), or

multi-class, where there are three or more classes (e.g., handwritten digit recognition from

0 to 9) (Hastie et al. 2009; Murphy 2012).

2.3.2.1 k-Nearest Neighbors

The k-Nearest Neighbors (k-NN) algorithm is a simple and powerful classification method

in machine learning. It is non-parametric and lazy, making no assumptions about the data

distribution, and defers computation until classification. k-NN is popular for its simplicity,

ease of implementation, and flexibility. It classifies an input data point based on the majority

class of its k closest neighbors in the feature space. The ”k” represents the number of

neighbors considered during classification (Murphy 2012).

The steps involved in k-NN classification are: First, the user must select an appropriate

value for k. A small value of k (e.g., k=1) can make the model sensitive to noise, while a

large value can smooth out decision boundaries but might miss local patterns. For a given

test data point, the algorithm computes the distance between this point and all points in the

training dataset. Common distance metrics include Euclidean distance, Manhattan distance,

and Minkowski distance. Euclidean distance, defined as d (p, q) =
√∑n

i=1

(
pi − qi

)2 , is

the most commonly used metric, where p and q are data points in the feature space. The

algorithm then sorts all the distances and selects the k data points in the training set that

are closest to the test point. Finally, it assigns the test point to the class that appears most

frequently among the k nearest neighbors. In a tie, various tie-breaking strategies can be

applied, such as selecting the class with the smallest average distance (Hastie et al. 2009).

One of the key benefits of k-NN is its simplicity. It is easy to understand and imple-

ment, making it a popular choice for beginners in machine learning. Additionally, k-NN can
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handle multi-class classification problems effectively and works well with non-linear decision

boundaries, as it makes decisions based on the local neighborhood of the data points. How-

ever, k-NN also has some limitations. Its computational cost can be high, especially with

large datasets, as it requires calculating the distance between the test point and all training

points. Another limitation is that k-NN is sensitive to the scale of the data; therefore, it is

important to standardize or normalize the features before applying the algorithm to ensure

that all features contribute equally to the distance calculations (Murphy 2012).

The choice of k is crucial for the performance of k-NN. A small k value can lead to

overfitting, while a large k value can lead to underfitting. Typically, the optimal value of k is

determined through cross-validation. In practical applications, k-NN has been used in various

domains, such as image recognition, which classifies images based on pixel intensity patterns,

and recommendation systems, which suggest items to users based on similar preferences. It is

also widely used in medical diagnosis, classifying patients based on similarities in symptoms

and test results (Bishop and Nasrabadi 2006).

2.3.2.2 Logistic Regression

Logistic regression is a fundamental classification algorithm widely used in statistics and

machine learning. It is particularly effective for binary classification problems, where the

goal is to classify input data into one of two possible categories (Mitchell 1997). Logistic

regression estimates the likelihood that a given input belongs to a particular class. It operates

by fitting a logistic function, also known as the sigmoid function, to the input data. The

sigmoid function, defined as σ (z) = 1
1+e−z , maps any real-valued numbers into the interval

(0, 1). This property makes it ideal for modeling probabilities (Hosmer Jr et al. 2013). The

logistic regression model starts with a linear combination of the input features, similar to

linear regression:

z = β0 + β1x1 + β2x2 + . . .+ βnxn (2.6)
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where β0 is the intercept, βi are the coefficients and xi represents the input features. This

linear combination is then passed through the sigmoid function to produce a probability:

P (y = 1|x) = σ (z) =
1

1 + e−(β0+β1x1+β2x2+...+βnxn)
(2.7)

The model predicts the class label based on this probability. A common decision rule for

binary classification is to classify the input as class 1 if the probability is greater than or

equal to 0.5 and as class 0 otherwise (Bishop and Nasrabadi 2006). One of the key strengths

of logistic regression is its interpretability, allowing users to understand the influence of each

feature on the outcome (Hosmer Jr et al. 2013).

Logistic regression is typically trained using maximum likelihood estimation. The like-

lihood function measures how likely it is that the model generated the observed data. The

coefficients are estimated by maximizing this likelihood function, which is equivalent to min-

imizing the negative log-likelihood. This optimization is usually performed using algorithms

such as gradient descent (Goodfellow et al. 2016). In addition to its simplicity and inter-

pretability, logistic regression has several other advantages: it is computationally efficient,

can be trained quickly even on large datasets, and is less prone to overfitting than more

complex models. Regularization helps to prevent overfitting by adding a penalty to the

magnitude of the coefficients, encouraging simpler models (Hosmer Jr et al. 2013).

The probabilistic output of logistic regression provides a measure of confidence in the

predictions, which can be useful in many applications, such as medical diagnosis and fraud

detection. However, logistic regression also has limitations. It assumes a linear relationship

between the input features and the log odds of the outcome, which may not hold true for

more complex datasets. Additionally, it can struggle with highly imbalanced datasets, where

one class is much more frequent than the other. Techniques such as resampling, adjusting

class weights, or using more complex algorithms may be necessary in such cases (Hosmer Jr

et al. 2013).
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2.3.2.3 Classification Decision Trees

Decision trees in classification are known for their simplicity and effectiveness in dealing

with both linear and non-linear data relationships. A classification decision tree works by

iteratively splitting data into subsets depending on feature values and then assigning a class

label to each terminal node or leaf (Quinlan 1986).

A classification decision tree structure involves a root node, internal nodes, branches, and

leaf nodes. The root node represents the entire dataset, and each internal node corresponds

to a feature. Branches represent the decision rules, and leaf nodes represent the final class

labels. Building a classification decision tree involves selecting the optimal feature and

threshold for each split to maximize the separation between classes (Loh 2011).

Classification decision trees use impurity measures such as Gini impurity and entropy to

determine the best splits. Gini impurity measures the likelihood of an incorrect classification

of a randomly chosen element if it was randomly labeled according to the distribution of labels

in the node (Loh 2011). It is defined as:

Gini(t) = 1−
C∑
i=1

p2i (2.8)

where pi is the proportion of instances of class i in the node, and C is the number of

classes. A node with a lower Gini impurity is preferred as it indicates a purer node with

a higher concentration of a single class. Entropy is another measure of node impurity that

quantifies the amount of disorder or uncertainty (Quinlan 1986). It is defined as:

Entropy(t) = −
C∑
i=1

pilog2
(
pi
)

(2.9)

where pi is the proportion of instances of class i in the node. The goal is to achieve a high

information gain, which is the reduction in entropy after the dataset is split on an attribute.

Information gain is calculated as the difference between the entropy of the parent node and

the weighted sum of the entropies of the child nodes:
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Information Gain = Entropy(parent)−
K∑
k=1

∣∣tk∣∣
|t|

Entropy
(
tk
)

(2.10)

where t is the parent node, tk are the child nodes, and K is the number of child nodes.

Once a tree is built, it can categorize new instances by going through it from root to leaf

node and applying the decision rules at each node. The new instance’s class label is the leaf

node’s label (Quinlan 1986).

Decision trees offer several advantages for classification tasks. They are highly under-

standable, allowing users to understand each feature’s decision-making process and impor-

tance. This makes decision trees particularly valuable in fields where transparency and

explainability are crucial, such as healthcare and finance (Loh 2011). However, decision

trees also have some limitations. They are susceptible to overfitting, especially when the

tree can grow to its full depth without any constraints. Overfitting can lead to poor gener-

alization of new data (Loh 2011). Moreover, decision trees can be sensitive to small changes

in the data, resulting in significantly different trees being generated (Loh 2011).

In practical applications, decision trees are used in various domains, including medi-

cal diagnosis, where they help classify patients based on symptoms and test results, and

customer segmentation, where they help businesses identify and target different customer

groups (Quinlan 1986).

2.3.2.4 Neural Networks for Classification

Neural networks (NNs) are powerful and flexible machine learning models that have proven

to be highly effective for classification tasks. Unlike regression neural networks, classifi-

cation neural networks assign discrete class labels to input data. This makes them ideal

for various applications, from image and speech recognition to medical diagnosis and spam

detection (LeCun et al. 2015).

The core of neural networks for classification is the same foundational structure as re-

gression neural networks, which are interconnected neurons organized into layers. However,
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for classification tasks, the output layer and activation functions are explicitly designed to

handle discrete class labels (Goodfellow et al. 2016).

The output layer of a classification neural network usually consists of one neuron for each

class. For binary classification, a single output neuron with a sigmoid activation function is

commonly used to produce a probability score between 0 and 1, representing the likelihood

of the input belonging to the positive class. For multi-class classification, the output layer

typically uses a softmax activation function, which converts the output scores into a prob-

ability distribution over the classes (Bishop and Nasrabadi 2006). The softmax function is

defined as:

softmax
(
zi
)
=

ezi∑C
j=1 e

zj
(2.11)

where zi is the output score for class i, and C is the total number of classes. The class

with the highest probability is then selected as the predicted class.

Training a neural network for classification involves using a loss function appropriate

for classification tasks. For binary classification, the binary cross-entropy loss function is

commonly used:

Binary CrossEntropy Loss = − 1

N

N∑
i=1

[
yilog

(
pi
)
+
(
1− yi

)
log
(
1− pi

)]
(2.12)

where yi is the true label, pi is the predicted probability, and N is the number of samples.

For multi-class classification, the categorical cross-entropy loss function is used:

Categorical CrossEntropy Loss == − 1

N

N∑
i=1

C∑
j=1

yijlog
(
pij

)
(2.13)

where yij is a binary indicator (0 or 1) if class label j is the correct classification for

sample i, pij is the predicted probability for class j for sample i, and C is the total number

of classes (Murphy 2012). These loss functions measure the divergence between the true

labels and the predicted probabilities, guiding the optimization process during training. The

training process uses algorithms like stochastic gradient descent (SGD) and its variants, like
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Adam, to minimize the loss function. The backpropagation algorithm computes the gradients

of the loss function with respect to the network’s weights, allowing the optimization algorithm

to update the weights iteratively and improve the model’s performance (LeCun et al. 2015).

Neural networks are effective for classification because they can model complex, non-

linear decision boundaries (Goodfellow et al. 2016). Neural networks’ strengths include

scalability and adaptability. They handle large datasets with many features, learning from

vast amounts of data for accurate predictions. Neural networks have transformed fields such

as healthcare, where they diagnose diseases from medical images, and finance, where they

detect fraudulent transactions. Their ability to extract features from raw data makes them

invaluable for developing intelligent systems (LeCun et al. 2015).

2.4 Metaheuristic Optimization Algorithms

for Data Quality Control

Optimization algorithms are computational methods designed to find the best possible so-

lution, or an approximate solution, to complex problems by maximizing or minimizing an

objective function. These algorithms are essential in various fields, including engineering,

economics, logistics, and machine learning, to find optimum solutions under specified con-

straints (Amaireh et al. 2020a,b, 2022; SS and HS 2022).

Metaheuristic algorithms form a class of optimization techniques that are particularly ef-

fective for solving high-dimensional, non-linear, and multi-modal problems where traditional

methods may struggle. They are termed ”metaheuristics” because they provide a higher-

level strategy to guide other heuristics, ensuring that the search process is both explorative

and exploitative. Nature-inspired algorithms draw their principles from natural processes

and phenomena, such as biological evolution, animal behavior, and physical laws. This

inspiration helps design strategies that mimic these natural processes to solve optimization

problems. Examples include Genetic Algorithms (GA) inspired by natural selection, Particle
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Swarm Optimization (PSO) inspired by bird flocking behavior, and Ant Colony Optimization

(ACO) inspired by the searching behavior of ants (Deb 2011; Mirjalili 2015).

Metaheuristic algorithms are considered a subset of artificial intelligence (AI) methods

because they involve intelligent search strategies and adaptive mechanisms to solve complex

problems. These algorithms can learn from the environment and improve their performance

over time, aligning with AI’s core principles. They are used in various AI applications such

as machine learning for hyperparameter tuning, feature selection, and optimizing neural

network architectures; robotics for path planning and control optimization; engineering for

design optimization and resource allocation; healthcare for optimizing treatment plans and

medical diagnoses; and finance for portfolio optimization and fraud detection (SS and HS

2022).

This dissertation employed a hybrid optimization technique combining Antlion Optimiza-

tion (ALO) and Grasshopper Optimization Algorithm (GOA) for data cleaning. This hybrid

approach leverages the strengths of both ALO and GOA to create a more robust and effec-

tive optimization process. Antlion Optimization mimics the hunting mechanism of antlions.

The Antlion Optimization (ALO) algorithm mimics the way antlions dig traps in the sand

to catch ants. This algorithm steers candidate solutions towards the most promising areas

within the search space. ALO focuses on the exploitation process and developing solutions

to improve its quality. On the other hand, the Grasshopper Optimization Algorithm (GOA)

takes inspiration from the swarming behavior of grasshoppers, particularly their instinct to

move towards food sources. GOA emphasizes exploration, allowing the algorithm to cover a

broad search space and avoid getting stuck in local optima too early (Amaireh et al. 2023c).

The hybrid algorithm integrates ALO’s exploitation capabilities and GOA’s exploration

strengths, resulting in a comprehensive optimization technique. The process begins with

initializing a population of candidate solutions represented by ants and grasshoppers. These

solutions undergo movements influenced by both ALO and GOA mechanisms. The antlions’

traps guide the solutions towards optimal regions (exploitation), while the grasshoppers’
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swarming behavior ensures diverse coverage of the search space (exploration) (Amaireh et al.

2023c). Applying this hybrid metaheuristic optimization algorithm to data cleaning signif-

icantly improves input data quality. Cleaner data enhances the accuracy and reliability of

machine learning models, boosting predictive capabilities and operational efficiency.

2.5 Evaluation Metrics for ML Models

Evaluating the performance of machine learning models is crucial to ensure their accuracy,

reliability, and effectiveness. Various metrics are used depending on the type of prob-

lem—regression or classification. This section provides an overview of the key metrics used to

evaluate the machine learning models in this dissertation. A combination of these evaluation

metrics is used to comprehensively assess the machine learning models’ performance. For

regression tasks, metrics like MAE, MSE, RMSE, and R² are employed to measure the ac-

curacy of continuous predictions. For classification tasks, accuracy, precision, and recall are

utilized to evaluate the models’ ability to correctly classify instances and handle imbalanced

data (Bishop and Nasrabadi 2006; Hastie et al. 2009).

2.5.1 Evaluation Metrics for Regression

2.5.1.1 Correlation Coefficient (ρ)

The correlation coefficient (ρ) measures the strength and direction of the linear relationship

between predicted and actual values. It ranges from -1 to 1, where 1 indicates a perfect

positive linear relationship, -1 indicates a perfect negative linear relationship, and 0 indicates

no linear relationship. It is calculated as:

ρ
(
Xtrue, Xpredicted

)
= 1

N−1
∑N

i=1

(
Xtrue(i)−µtrue

σtrue

)(
Xpredicted(i)−µpredicted

σpredicted

)
(2.14)
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In this equation, N represents the number of data points. µtrue and µpredicted represent

the mean values of the true and predicted data sets, respectively, while σtrue and σpredicted

are their corresponding standard deviations (Murphy 2012).

2.5.1.2 Mean Absolute Error (MAE)

Mean Absolute Error (MAE) measures the average magnitude of errors in a set of predic-

tions without considering their direction. It provides a straightforward measure of how far

predictions are from actual outcomes on average. MAE is calculated as:

MAE =
1

N

N∑
i=1

∣∣∣Xtrue (i)− Xpredicted (i)
∣∣∣ (2.15)

where N is the total sample count, Xtrue the observed values, and Xpredicted the

predicted values, respectively. MAE is simple to understand and clearly indicates the average

prediction error. It is particularly useful when the cost of errors does not depend on their

direction or magnitude (Hastie et al. 2009).

2.5.1.3 Mean Squared Error (MSE)

Mean Squared Error (MSE) measures the average squared difference between the estimated

and actual values. By squaring the errors, MSE gives more weight to larger errors, mak-

ing it sensitive to outliers. This can be advantageous when large errors are particularly

undesirable (Hastie et al. 2009). MSE is defined as:

MSE =
1

N

N∑
i=1

(
Xtrue (i)− Xpredicted (i)

)2
(2.16)

2.5.1.4 Root Mean Squared Error (RMSE)

Root Mean Squared Error (RMSE) is the square root of the MSE. RMSE provides an error

metric on the same scale as the original data, making it easier to interpret. RMSE is

calculated as:
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RMSE =

√√√√√
 N∑

i=1

(
Xtrue (i)− Xpredicted (i)

)2 /N

 (2.17)

RMSE is helpful for measuring the magnitude of prediction errors and is particularly

sensitive to significant errors, similar to MSE, but is more interpretable due to its same-scale

nature (Hastie et al. 2009).

2.5.1.5 Coefficient of Determination (R2)

The coefficient of determination, or R-squared (R2), measures the proportion of the variance

in the dependent variable that is predictable from the independent variables. It indicates

the goodness-of-fit of the model and is defined as:

R2 = 1−

∑N
i=1

(
Xtrue (i)− Xpredicted (i)

)2
∑N

i=1

(
Xtrue (i)− ¯Xtrue

)2 (2.18)

where Xtrue (i) is the actual value, Xpredicted (i) is the predicted value, Xtrue is the

mean of the actual values, and N is the number of samples. (R2) values range from negative

infinity to 1. An (R2) value of 1 indicates that the model perfectly fits the data, explaining

100% of the variance in the dependent variable. An (R2) value of 0 means that the model

does not explain any of the variance in the dependent variable, effectively performing no

better than a horizontal line at the mean of the dependent variable. Negative values of (R2)

indicate that the model performs worse than a horizontal line at the mean, suggesting that

the model is not appropriate for the data (Hastie et al. 2009).
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2.5.2 Evaluation Metrics for Classification

2.5.2.1 Accuracy

Accuracy is one of the most straightforward and commonly used metrics for evaluating

classification models. It represents the proportion of correct predictions among the cases

examined. The formula for accuracy is defined as:

Accuracy =
Number of Correct Predictions

Total Number of Predictions
=

TP + TN

TP + TN + FP + FN
(2.19)

where TP (True Positives) are the cases where the model correctly predicts the positive class.

TN (True Negatives) are the cases where the model correctly predicts the negative class. FP

(False Positives) are the cases where the model incorrectly predicts the positive class. FN

(False Negatives) are the cases where the model incorrectly predicts the negative class.

Accuracy is intuitive and easy to interpret, making it a popular choice for evaluating

model performance. However, accuracy can be misleading, especially in class imbalance. In

datasets where one class significantly outnumbers the other, a model that always predicts

the majority class can achieve high accuracy while failing to capture the minority class. For

example, in a dataset with 95% of instances belonging to one class and 5% to another, a

model that always predicts the majority class would achieve 95% accuracy but fail to identify

any instances of the minority class (Bishop and Nasrabadi 2006).

2.5.2.2 Additional Evaluation Metrics

Additional metrics such as Total Cost, Positive Predictive Value (PPV), False Discovery Rate

(FDR), True Positive Rate (TPR), and False Negative Rate (FNR) are essential to evaluate

the classification model performance (Bishop and Nasrabadi 2006). The Total Cost, a metric

frequently unnoticed, measures the comprehensive expenses linked to misclassifications. This

is crucial in operational contexts where prediction inaccuracies may lead to financial losses or
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safety risks. Positive Predictive Value (PPV), also known as precision, measures the model’s

ability to categorize positive instances properly (Bishop and Nasrabadi 2006):

PPV =
True Positives

True Positives + False Positives
(2.20)

The False Discovery Rate (FDR) is the complement of PPV and displays the proportion

of false positives within predicted positives (Bishop and Nasrabadi 2006):

FDR =
False Positives

True Positives + False Positives
(2.21)

The True Positive Rate (TPR), or Sensitivity, evaluates the model’s ability to detect all

true positive instances (Bishop and Nasrabadi 2006):

TPR =
True Positives

True Positives + False Negatives
(2.22)

In contrast, False Negative Rate (FNR) is the rate at which actual positives are wrongly

predicted as negatives (Bishop and Nasrabadi 2006).

FNR =
False Negatives

True Positives + False Negatives
(2.23)
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Chapter 3

Atmospheric Humidity Estimation from Wind Profiler

Radar

3.1 Introduction

Estimating the atmospheric humidity profile is essential for various fields, including weather

prediction, climate studies, aviation safety, agriculture, hydrology, and environmental mon-

itoring (Chowdhury et al. 2021; Guinn and Barry 2016; Harel et al. 2014; Hartmann 2015;

Jacob 2001; O’Connor et al. 2021; Sherwood 2010; Trenberth and Guillemot 1998). Accurate

estimates of the humidity profile can help improve decision-making and planning in these

fields and ultimately lead to a better understanding of the earth’s atmosphere and its role

in the global climate system (Barreca 2012; Davis et al. 2016). The challenge of retrieving

low-medium (up to 10 km) atmosphere humidity using Doppler wind profiler radar has been

discussed in numerous previous studies (Adab et al. 2013; Bianco et al. 2005; Chen and

Bradley 2006; Eccel 2012; Imura et al. 2007; Klaus et al. 2006; Kuo et al. 1994; Säıd et al.

2018; Stankov et al. 2003; Tsuda et al. 2001).

Most of the existing methods depend on the physical models, which are based on a set

of assumptions about the atmosphere’s behavior, and they rely on precise input data to

make accurate predictions. On the other hand, the physical models are limited in their

accuracy and adaptation capability due to the interactions of uncertainties in the physical
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parameters, the limited data availability, and the model structure limitations (Brajard et al.

2021). For example, these models require input values for physical parameters such as

temperature, pressure, and wind speed, but the measurement of these parameters is often

uncertain, leading to small input faults and significant model prediction errors (Olafsson

and Bao 2020). Additionally, the models require large amounts of data and can be biased

by data gaps and errors, which may not accurately reflect the behavior of the real-world

system. These limitations could result in physical models providing unreliable or inaccurate

predictions of atmospheric humidity profiles. In such cases, alternative methods, such as

machine learning (ML) algorithms, may be desirable to offer humidity profile estimations

based on less dependence on physical modeling.

Machine learning (ML) algorithms capable of constructing complex, non-linear relation-

ships between input variables from vast data sets had diverse applications across energy,

environmental engineering, and atmospheric predictions (Amar et al. 2022a, 2021, 2022b,

2019; Hassanien et al. 2014; Ng et al. 2022; Talebkeikhah et al. 2020; Wuest et al. 2016).

The unique characteristics of ML algorithms are the flexibility and reducing necessity for

accurate physical parameters (Hassanien et al. 2014). Therefore, ML algorithms supplement

traditional physical models through their adaptability to unknown and dynamic environ-

ments.

Exploring machine learning methods for atmospheric parameter prediction is an active

field of study. For example, Artificial Neural Networks (ANN) have been utilized for re-

fractivity prediction in several studies (Javeed et al. 2018). However, these studies do not

address the specific needs of profiler radar sensing. Other studies have demonstrated the

application of machine learning to weather forecasting using various types of meteorological

data. For instance, linear and functional regression models have been employed to fore-

cast maximum and minimum temperatures for seven days using two days’ worth of weather

data (Holmstrom et al. 2016). Similarly, an hourly rainfall forecast model based on a Sup-

port Vector Machine (SVM) was developed to predict rainfall with high temporal resolution
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and accuracy (Zhao et al. 2021). For satellite remote sensing, ML has been integrated to

improve data interpretation. A standalone cloud detection algorithm was designed for the

Microwave Humidity Sounder-2 (MWHS-2) satellite sensors, utilizing a gradient-boosting de-

cision tree. This algorithm was trained on observations from China’s new-generation weather

radar (CINRAD) (Liu et al. 2020). Looking at the incorporation of Global Navigation Satel-

lite System-Radio Occultation (GNSS-RO) data, machine learning has been leveraged to

forecast wind fields in the Beijing-Tianjin-Hebei region of China (Chu et al. 2022). Initial

processing established relationships between thermodynamic and kinetic parameters through

historical monitoring data. This step was followed by predictions using ML models, such

as Long Short-Term Memory (LSTM), Convolutional Neural Networks (CNN), and Deep

Neural Networks (DNN). ML has also been applied to estimate relative humidity with spe-

cific resolutions. A study used Random Forest and XGBoost to estimate daily near-surface

relative humidity at a 1-km resolution over Japan and South Korea, with separate schemes

for clear and cloudy sky conditions, has been reported in (Park et al. 2021).

This chapter explores a novel approach using ML for improved humidity estimation.

Initially, the clutter return is separated from useful atmospheric echoes through spectrum

processing to obtain basic wind estimation and clutter spectrum properties. Subsequently,

the profiler estimation outputs generate a set of ”features.” These higher-level features,

along with some low-level moment estimations from spectrum processing, are combined as

training features for machine learning (ML). The ”bagged tree,” selected through tuning and

comparison with other algorithms, is applied as the optimal ML algorithm solution. Based

on the evaluations, it proves to be the most effective and computationally efficient algorithm.

A key novelty of this research is the demonstration that radar profiler moment data alone is

sufficient to achieve reasonably accurate humidity estimations without relying on additional

input parameters such as temperature. This approach simplifies the estimation process while

maintaining accuracy. Furthermore, this study introduces the ”cascading ML” approach,

which was applied for the first time in humidity estimation. This technique includes an
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intermediate training stage that utilizes ”synthetic” pressure data, further enhancing the

prediction accuracy of the final model. Notably, this work estimates relative humidity (RH)

without using temperature as an intermediate input, marking a significant departure from

traditional methods. This innovation reduces the model’s complexity and potential sources

of error, making it a robust solution for atmospheric humidity estimation.

This chapter is organized as follows: Section 3.2 summarizes the instrumentation, data

collection, and existing methods based on physical models. In Section 3.3, ’Approach and

Methodology,’ the proposed approach is described in detail. This section includes the fol-

lowing subsections: Processing Flow, General Climatology of Hong Kong, Selection of the

Machine Learning Solutions, Data Quality Control and Preprocessing, Description of the

Dataset, and Prevention of Overfitting. Results and discussion based on the available

datasets are presented in Section 3.4, while Section 3.5 provides conclusions and sugges-

tions for future work.

3.2 Instrumentation and Physical Modeling

Methods

The Hong Kong Observatory’s (HKO) wind profilers operate at 1299 MHz and locate at

multiple locations in Hong Kong. Two of the three profilers are installed at the airport,

while the third is installed at the city center. A profile has three beams, one vertical and

two 50-degree tilted from the vertical. These three beams can support retrieval of the

three-dimensional vector wind (u, v, w). Raw I/Q data can be collected, and it is useful

for estimating the vector wind profiles. On the other hand, spectral moment data directly

from the profiler outputs can be used to study atmospheric turbulence parameters, which

are related to the RH profiles. For the radiosonde truth data, HKO uses Vaisala RS41-SG

radiosondes to perform daily routine soundings for both automatic (AUTOSONDE) and

manual launches. These radiosondes are used to measure relative humidity, temperature,
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and pressure with 2% to 4% range of accuracies. The sounding data is collected every 6

minutes. In addition to information on relative humidity, temperature, and pressure, it also

provides information such as wind speed, wind direction, and dew points. The data covered

up to an altitude of around 10 km (Amaireh et al. 2023a). The HKO used the measurement

data collected by the city center’s profiler for training and testing. The combination of the

wind profiler data and the radiosonde data provide a comprehensive view of the atmospheric

conditions, which improves weather parameters forecasting.

The classical method of estimating the humidity profile is based on the following equations

3.1 and 3.2 (Säıd et al. 2018). In these equations, q0 is the humidity at level z0. T represents

the temperature, P represents the atmospheric pressure, and θ = (1000/P )
2
7 . M is the

vertical (z-direction) gradient of the atmosphere refractivity. C2
n is the turbulence structure

parameter, which can be estimated from the zeroth radar moment (or total power) of radar

return signals. α2 is a scalar constant dependent on specific regions. dV
dz

is the vertical

shear of the horizontal wind vector, which can be estimated from the second radar moment

(wind velocity estimations). Turbulent kinetic energy ϵ is directly related to the third radar

moment or spectrum width.

q(z) = θ2
∫ z

z0
(1.67× 10−6MT2

P
+

1

7750

dθ

dz
)θ−2dz + q0 (3.1)

C2
n = α2

ϵ2/3M2

(dV
dz

)2
(3.2)

Although Equations 3.1 and 3.2 are used as the initial guidance for RH retrieval algo-

rithms, they highlight the importance of accurate estimations of the spectrum moments.

They also inspire the application of machine learning algorithms in the way that temper-

ature, pressure, or radar spectrum moments might be directly used as feature vectors for

humidity retrieval. However, many factors, such as clutter, noise, and equipment quality,
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affect the precise estimation of radar moments. Even with preprocessing to enhance estima-

tion performance, physical models still present many challenges. Consequently, this approach

focuses on a machine-learning solution that is inspired by the parameters of physical models.

3.3 Approach and Methodology

3.3.1 Processing Flow

The overall technical solution is depicted in Figure 3.1. Initially, classic Doppler radar signal

processing is used to accurately estimate the Doppler spectrum and wind estimations for

different altitudes (up to 10 km). Spectral data from the three beams of the wind profiler

are utilized to estimate three moments: power (zeroth moment), velocity (first moment),

and spectrum width (second moment). Subsequently, clutter return is separated from useful

atmospheric echoes through spectrum processing, providing both basic wind estimation and

clutter spectrum properties. Finally, the profiler estimation outputs and other in-situ probe

information, such as pressure, are combined to generate a set of training features for machine

learning (ML).

In the context of the complex physical model outlined in Equations 3.1 and 3.2, the con-

ventional method described in the literature involves first estimating wind vectors and then

calculating turbulence parameters as shown in Figure 3.1. However, the absence of access to

vendor-specific and proprietary information on profiler processing algorithms poses a chal-

lenge to obtaining validated wind vector estimations. To address this, a new approach was

explored that shifts the ”entry-point” of machine learning (ML) closer to the raw spectrum

data. Instead of performing precise wind estimation, this method directly uses the moment

data from the raw spectrum as ML feature variables. The moments calculated from the

three beams of the wind profiler serve as feature variables for ML models to predict relative

humidity directly. This method avoids reliance on precise wind estimation and parameters

such as temperature and pressure from radiosonde data, which may not always be available.
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(a)

(b)

Figure 3.1: Comparison of (a) traditional physical model-based method, and (b) the cascaded

ML method for humidity profile estimation.

In a two-step cascading process, the moment data is first used to predict pressure. Then,

the predicted pressure and moment data are combined to predict relative humidity (RH)

without the need for temperature data. This cascaded ML solution simplifies the model

and reduces computational demands for RH estimation by omitting temperature, typically

a critical element in humidity prediction.
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The moments from the level-II radar profiler are used as inputs. To ensure the integrity

of the processing pipeline, the processing procedure includes a range of data cleaning steps,

such as outlier removal and smoothing, which are detailed in the subsequent subsections.

The feature engineering phase was exploratory and iterative. It involved exploring potential

features and assessing their correlation with the target variables of pressure and humidity.

A set of features was selected based on their optimal correlation with the target variables

and their wide variability. An innovative aspect of the study is the creation and application

of the ”synthetic” pressure data. Following a rigorous data-cleaning process, the algorithm

begins with selecting suitable moment data and other features for pressure prediction. Next,

various ML algorithms are trained to achieve an optimal pressure estimation. This optimal

pressure estimation is an additional input feature for humidity estimation. The moment data

and the predicted pressure are then cleaned again to ensure optimal correlation with relative

humidity. These high-quality input features are then used to train different ML algorithms

to achieve the most accurate possible humidity prediction.

3.3.2 General Climatology of Hong Kong

Understanding the climatology trend of the region will help us better understand data and

algorithm verification. The first half of 2021, from January to June, was unusually warm,

primarily due to the four months’ worth of temperatures that were much above average. The

average maximum, the average minimum, and the entire time average temperature were 26.3

Co, 23.3 Co, and 21.3 Co, respectively. For January 2021, the early half experienced cooler

temperatures than the second half, which was comparatively warmer. The mean temperature

for the month was 16.2 Co, 0.3 degrees cooler than the average of 16.5 Co. It was drier and

sunnier in January 2021 than typical. Total sunlight hours for the month were 217.3, which

is 49 percent more than the average of 145.8 hours. In the month, there was very little

rain. February 2021 was significantly sunnier and warmer in Hong Kong than usual due

to the northeast monsoon across southern China being less than typical for the majority
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of the month. The average maximum and minimum temperatures were 23.5 and 17.5 Co,

respectively, which are 4.1Coand 2.2 Co higher than the corresponding normal. More than

double the average of 101.7 hours, the total number of hours of bright sunlight in February

was 205.1. As a result, the winter in Hong Kong during December 2020, January 2021, and

February 2021 was hotter than typical, mainly due to the unusually sunny and warm weather.

March 2021 in Hong Kong continued to be unusually warm despite fewer outbreaks of cold

air from the north. The monthly average minimum and maximum temperatures were 22.0

Coand 24.8 Co, respectively. These three temperatures were 2.5 Co and 2.9 Co, above their

respective normals, and were the maximum monthly average values for March on record.

The total rainfall for the month was only 3.5 millimeters, or around 5% of the average

amount of 75.3 millimeters, making it significantly drier than typical. April 2021 stayed

substantially warmer than usual. The average monthly minimum temperature was 22.4 Co,

and the average monthly maximum temperature was 27.0 Co. These values were 1.3 degrees

and 1.4 degrees higher than normal. With a total rainfall of just 32.5 mm, or around 21

percent of the average of 153.0 millimeters, April 2021 was also significantly drier than usual

due to the dominance of upper-air anticyclones across southern China for the majority of the

month. May 2021 was the warmest May in Hong Kong, primarily due to the stronger-than-

normal subtropical ridge across southern China. The monthly average low temperature of

27.0 Cowas recorded for May and was 2.5 degrees beyond its respective normal. The average

high temperature, 32.1 Co, was 3.3 degrees higher than average. Hong Kong saw the hottest

spring in history from March to May 2021, along with unusually warm temperatures in

March and April 2021. With rainfall data of only 65.0 mm, May was also significantly drier

than typical. June 2021 had rainfall totals of 628.0 mm, roughly 28% more than the average

of 491.5 mm. The mean temperature was 28.8 Co, which is 0.5 Co higher than the average

of 28.3 Co, making it hotter than typical. In this month, three tropical cyclones passed

across the South China Sea and the western North Pacific (Hong Kong Observatory 2021).

During these months, Hong Kong experienced varying mean relative humidity levels. The
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mean relative humidity in January was 62%, increasing to 75% in February. March and April

recorded a mean relative humidity of 79%, while May slightly decreased to 78%. The highest

mean relative humidity was observed in June, reaching 82% (Hong Kong Observatory 2021).

Figure 3.2 shows the pressure and humidity values from radiosonde data for the study region

during the first half of 2021 at different altitudes (from 0 to around 10 km).

3.3.3 Selection of the Machine Learning Solutions

The selection of ML solutions included model complexity, ease of interpretation, computa-

tional efficiency, and prediction accuracy. The Bagged Ensemble Tree (BET), Coarse Tree,

and Wide Neural Network (WNN) emerged as the primary algorithms for this work. How-

ever, several alternative methods were also examined and compared to validate these choices

and gain a broader perspective.

The Bagged Ensemble Tree (BET) was ultimately chosen as the optimal solution for

this study due to its superior ability to manage high-dimensional data and its natural resis-

tance to overfitting. As an ensemble method, the BET combines the predictions of multiple

decision trees, thereby reducing variance and enhancing model accuracy. This approach

proved particularly effective in handling the complex, non-linear relationships present in

atmospheric humidity data. While Bagged Trees can demand substantial computational

resources, especially when dealing with huge datasets, their accuracy and robustness in this

context outweighed these concerns, making them the preferred choice for this study.

In contrast, the Coarse Tree, known for its simplicity and interpretability, facilitates easier

visualization and understanding of data relationships. This straightforwardness reduces the

risk of overfitting, which is crucial given the intricate nature of atmospheric data. However,

this simplicity might also restrict its ability to understand complex, non-linear relationships

between features, potentially compromising accuracy. The Wide Neural Network model

was chosen for its proficiency in modeling non-linear relationships. With a single layer

and numerous neurons, the WNN successfully captures the complicated interplay between
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(a)

(b)

Figure 3.2: Comparison (a) pressure values (kPa), (b) relative humidity values (%) of the

region with different times (month) and different altitudes.
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atmospheric parameters. However, it might struggle to effectively capture more intricate

hierarchical representations that deeper networks handle better. Also, careful tuning of

neurons is needed to prevent overfitting.

The models and their chosen hyperparameters are shown in Table 3.1.

Table 3.1: Details of the Hyperparameters of the proposed machine learning models.

Model Type Hyperparameters

Interactions Linear Regression (ILR) Terms: Interactions

Fine Tree (FT) Minimum leaf size= 4

Medium Tree (MT) Minimum leaf size= 12

Coarse Tree (CT) Minimum leaf size= 36

Boosted Ensemble Tree (BoostedET) Minimum leaf size= 8; Number of learners: 30

Bagged Ensemble Tree (BET) Minimum leaf size: 8; Number of learners: 30

Narrow Neural Network (NNN) 1 layer; layer size= 10; Activation: ReLU; Iteration limit: 1000

Medium Neural Network (MNN) 1 layer; layer size= 25; Activation: ReLU; Iteration limit: 1000

Wide Neural Network (WNN) 1 layer; layer size= 100; Activation: ReLU; Iteration limit: 1000

Bilayered Neural Network (BiNN) 2 layers; layers’ size= 10; Activation: ReLU; Iteration limit: 1000

Trilayered Neural Network (TriNN) 3 layers; layers’ size= 10; Activation: ReLU; Iteration limit: 1000

3.3.4 Data Quality Control and Prepossessing

The outliers and missing numbers could impact the ML algorithm’s reliability and valid-

ity, leading to inaccurate results. Detecting and handling missing variables and outliers to

maintain the quality and validity of study results can be accomplished using various strate-

gies, such as estimating missing values, eliminating outliers, or changing the data to a more

appropriate scale (Kwak and Kim 2017). Missing data can either be discarded during pre-

processing or substituted with values calculated using statistical algorithms. In the current

study, all missing values have been removed to ensure accurate and reliable results. Outliers

must either be modified once their sources have been found or replaced with replacement

values. In this work, all the outliers have been removed (similar to (Kwak and Kim 2017)).

After removing the outliers and missing data from the complete dataset, the data was fur-

ther smoothed to enhance the correlation between the input features and the targets. The
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moving median smoothing method, also known as the linear Gaussian filter(Arce 2005), was

used in this study. It is remarkably robust against uncommon events, such as sudden shocks,

which can be well-handled by the Laplace distribution (Simonoff 2012). Furthermore, this

method can enhance the correlation between the input features and targets.

3.3.5 Description of the Dataset

A six-month dataset that includes both Doppler spectral moments and radiosonde data

was utilized for verification. This dataset spans 49 different heights, from 300 m to 9900

m, at intervals of 200 m. In the Doppler spectral data, samples were recorded every one

minute and forty-one seconds. Radiosonde data samples were collected at 12 PM and 12 AM

daily, with each set containing samples taken every two seconds until the 47th minute. The

data was carefully matched to the corresponding height, date, and time to ensure accuracy

and reliability in the results. Over the six months, this dataset provides a comprehensive

understanding of the pressure and relative humidity patterns. To effectively utilize this

information, a cross-validation approach with K=5 was employed to assess the performance

of the proposed machine learning algorithms. The cross-validation dataset comprised 85%

of the 1,406,688 unique samples, while the remaining 15% served as the testing dataset to

validate the accuracy of the algorithms. Thus, the complete dataset was divided into a

cross-validation set with 1,195,688 samples and a testing set with 211,000 samples.

3.3.6 Prevention of Overfitting

To prevent overfitting, a strategy was adopted to apply the K-fold cross-validation technique

with K set to 5. This technique divides the data into five distinct subsets, running a training

cycle and validating the model five times, using a different subset as validation data. This

comprehensive approach gives a reliable estimate of how the model might perform on unseen

data. Moreover, out of the 1,406,688 unique samples, a majority, 85% or 1,195,688 samples,

were used in the cross-validation dataset, with the remaining 15% (211,000 samples) set aside
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as a testing dataset. This large set of previously unseen data, held throughout the model’s

training phase, helps correctly measure the model’s performance and provides a safety net

against overfitting. Furthermore, early stopping was used during the model’s training pro-

cess. This strategy continuously evaluates the model’s performance on the validation set

during training and stops the procedure if the validation error rises. This technique pro-

tects against overfitting caused by intrinsic noise in training data. As a result, these metrics

balanced the trade-off between bias and variance, which leads to limiting models’ overfitting.

3.4 Results and Discussion

The evaluation process begins by analyzing the entire six-month dataset, followed by an ex-

amination of data from each individual month. Both evaluations are compared and analyzed

to provide a comprehensive understanding of the pressure and relative humidity patterns,

as well as the performance of the proposed machine learning algorithms. Each evaluation

includes a subsection where pressure values are estimated using regression techniques with

Doppler spectral moments as input features. Subsequently, a cascading ML algorithm es-

timates relative humidity (RH) using the same features, augmented by the predicted pres-

sure values from the first step. These experiments were conducted on a desktop computer

equipped with an i7-2600K CPU @ 3.40 GHz and 24 GB of RAM.

3.4.1 Analysis of Results from Six-Months Data

3.4.1.1 Pressure Prediction

Tables 3.2 and 3.3 summarize comparisons of the performance of various machine learning

algorithms, evaluated using six different metrics, namely root mean squared error (RMSE)

(kPa), mean squared error (MSE) (kPa²), correlation coefficient, mean absolute error (MAE)

(kPa), R-squared, prediction speed (observations/second), and training time in seconds.

Table 3.2 presents the results for the cross-validation dataset, while Table 3.3 provides the
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results for the testing dataset. The best four RMSE and MSE values (in kPa and kPa²,

respectively) achieved by the ML methods for the predicted pressure for the cross-validation

dataset are (87.09 kPa, 7585.12 kPa²), (92.43 kPa, 8542.43 kPa²), (92.55 kPa, 8564.87

kPa²), and (94.54 kPa, 8938.46 kPa²) for the Bagged Ensemble Tree (BET), Coarse Tree

(CT), Medium Tree (MT), and Wide Neural Network (WNN), respectively. Therefore,

these models demonstrate the highest accuracy in evaluating prediction errors for the cross-

validation dataset and show the smallest discrepancies between the predicted values and

actual values. Moreover, the achieved MAE values (in kPa) of the same ML algorithms are

61.42, 64.03, 64.07, and 64.67 for the Bagged Ensemble Tree (BET), Coarse Tree (CT), Fine

Tree (FT), and Medium Tree (MT), respectively. Furthermore, based on cross-validation

dataset analysis, the correlation coefficients for the best four machine learning models are

0.91, 0.9, 0.89, and 0.88 for FT, BET, MT, and CT, respectively. The tree models and the

BET offer the best correlation outcomes. The best three R-squared values of the utilized

models for the cross-validation dataset are 0.78, 0.75, and 0.75 for the BET, MT, and CT,

respectively. This demonstrates that the BET model explains 78% of the variability found

in the pressure variable. Linear Regression, on the other hand, performs poorly, implying

that the selection criteria are not linear.

On the other hand, the best four RMSE and MSE values (in kPa and kPa², respectively)

achieved for pressure estimation on the testing dataset over the entire 6-month period are

(86.64 kPa, 7505.88 kPa²), (92.26 kPa, 8511.95 kPa²), (92.28 kPa, 8516.51 kPa²), and (93.63

kPa, 8766.93 kPa²) for the WNN, BET, Narrow Neural Network (NNN), and Boosted En-

semble Tree (BoostedET), respectively. Further, the MAE values (in kPa) of the same ML

algorithms were 60.98, 63.19, 63.56, and 64.36 for the WNN, BoostedET, BET, and NNN,

respectively. These results prove that the BET and WNN methods have better stability than

the others in having low estimation errors for pressure parameters in cross-validation and

testing datasets. According to the testing dataset evaluation, the correlation coefficients for

the top four machine learning models were 0.91, 0.9, 0.89, and 0.88 for BoostedET, WNN,
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BET, and NNN, respectively. As can be seen, the ensemble tree and neural network models

produce the highest performance in terms of correlation. The top three R-squared values

for the BET, WNN, and NNN for the testing dataset were 0.78, 0.78, and 0.76, respectively,

indicating that the BET and WNN models can account for 78% of the variability in the

pressure variable.

In terms of computational speed, all of the employed neural networks can predict up to

1445728 observations per second, the linear regression model can estimate roughly 652257

observations per second, the decision trees can estimate approximately 603824 observations

per second, and the ensemble trees can handle 128835 observations per second. However,

the neural network methods and the FT have longer training times than the other models,

with the WNN, which has 100 neurons, being the slowest. In contrast, the linear regression

and ensemble trees were the fastest models during training, taking around 37 seconds and

560 seconds, respectively.

In summary, the Bagged Ensemble Tree was found to have the optimal overall perfor-

mance. So it is used to estimate pressure value, which are then used as an input feature to

estimate the relative humidity (RH) in the next step.
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Table 3.2: Comparison of performance of the proposed machine learning models in predicting

pressure for the six months of cross-validation data.

Model Type

RMSE

(Valid)

(kPa)

MSE

(Valid)

(kPa²)

ρ

(Valid)

R2

(Valid)

MAE

(Valid)

(kPa)

Prediction

Speed

(obs/sec)

Training

Time

(sec)

ILR 108.52 11776.85 0.81 0.66 80.03 652257.94 37.51

FT 94.57 8942.63 0.91 0.74 64.03 417087.25 12216.47

MT 92.55 8564.87 0.89 0.75 64.07 419819.87 4188.86

CT 92.43 8542.43 0.88 0.75 64.67 603824.96 561.64

BoostedET 103.59 10730.38 0.85 0.69 79.77 128835.49 551.78

BET 87.09 7585.12 0.9 0.78 61.42 23874.35 2615.18

NNN 102.05 10413.95 0.85 0.7 75.11 860477.63 5651.68

MNN 97.41 9487.97 0.85 0.73 70.59 1018433.15 10905.88

WNN 94.54 8938.46 0.86 0.74 67.86 1187889.67 18863.05

BiNN 98.15 9633.41 0.85 0.72 71.53 951444.23 9758

TriNN 97.39 9483.95 0.85 0.73 70.57 1445728.81 13432.38
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Table 3.3: Comparison of performance of the proposed machine learning models in predicting

the pressure for the six months of test data.

Model Type
RMSE (Test)

(kPa)

MSE (Test)

(kPa²)

MAE (Test)

(kPa)
ρ (Test) R2 (Test)

ILR 118.06 13937.82 87.64 0.78 0.6

FT 109.2 11923.67 80.42 0.81 0.66

MT 120.34 14481.19 85.79 0.77 0.58

CT 109.2 11923.67 80.42 0.81 0.66

BoostedET 93.63 8766.93 63.19 0.91 0.75

BET 92.26 8511.95 63.56 0.89 0.78

NNN 92.28 8516.51 64.36 0.88 0.76

MNN 104.01 10819.05 79.96 0.84 0.69

WNN 86.64 7505.88 60.98 0.9 0.78

BiNN 98.97 9794.77 71.87 0.85 0.72

TriNN 97.44 9493.95 70.71 0.85 0.73

Partial Dependency Relationship (PDR) plots are shown in Figure 3.3 to better illustrate

the relationship between the input features and the target response. This plot demonstrates

how the predicted target response varies with changes in the input features. For example, the

expected pressure increases as the received power increases above -40 dBm. In the case of the

WNN model, there is a linear relationship between the velocity and the pressure when the

velocity is less than 0. On the other hand, the BET and MT models exhibit an exponential

relationship between the SNR and the pressure, mainly when the SNR is around -25 dB.

Conversely, all models demonstrate an inverse relationship between the spectrum width and

the pressure values. These observations highlight the importance of considering the impact

of individual input features on the predicted target response.
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(a) (b)

(c) (d)

Figure 3.3: Partial Dependency Relationship (PDR) plots between predicted pressure and

inputs features of the six-month dataset. PDR for (a) Pr and predicted pressure, (b) Velocity

and predicted pressure, (c) SNR and predicted pressure, and (d) Spectrum Width (SW) and

predicted pressure.

Scatter plots of truth and the estimated pressure values are displayed as density figures

with color maps in two ways to address the issue of many sample points in the plots. Fig-

ure 3.4 shows typical scatter density plots with color maps of the estimated pressure by the

multiple regression models versus the actual pressure data. Figure 3.5 presents 2D histogram
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plots that include mini squares with color maps inside the plots, representing the density of

predicted versus true response values categorized into ten classes. All these figures describe

the use of cross-validation data over the six months. According to these plots, a slight im-

provement can be observed for the bagged tree model compared to the other two mentioned

models: coarse tree and wide neural network. This is because the scatter points for the

Bagged Tree are more concentrated around the center than those for the other models. Fig-

ures 3.6 and 3.7 show normal scatter density plots with a color map and 2D histogram plots

of the predicted pressure by the three ML models vs. the true pressure values for the testing

dataset. Similar to the cross-validation dataset, the bagged tree model performs better than

CT and WNN because the points are clustered closer to the center.

As shown in Figure 3.8, three pressure profiles are computed sequentially from the pre-

dicted pressure values using the BET, CT, and WNN and then compared to simultaneous

radiosonde profiles. This figure shows how well the proposed ML algorithms can predict the

pressure at different heights from 0 to 10 km, which is evident that the Bagged tree could

estimate the pressure values at various altitudes with high accuracy, significantly below 7

km. Similar observations can be seen in both WNN and coarse tree plots. Finally, it is worth

mentioning that all the plotted profiles are random samples from the six-month dataset to

prove the ability of these ML methods to predict the pressure values during different seasons

and times.

3.4.1.2 Humidity Estimation

Next, the same dataset of six months, including the four input features along with the

previously predicted pressure, is used to estimate the relative humidity (RH). The data is

split into two datasets: cross-validation, with 1,195,688 samples, and testing, with 211,000

samples. The same eleven machine learning models with the same hyperparameters were used

in the pressure prediction stage to train and test the dataset. Table 3.4 and Table 3.5 show
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(a) (b)

(c)

Figure 3.4: Scatter density graphs with color maps of predicted vs. actual pressure of the

(all months) validation dataset using different ML methods; (a) Coarse tree, (b) Bagged

tree, (c) Wide Neural Network (WNN).

the performance details of the machine learning algorithms in terms of the six performance

metrics for the cross-validation and the testing datasets, respectively.

The top three RMSE and MSE results of the cross-validation dataset based on the rel-

ative humidity (RH) are (22.2%, 493.02%²), (24.17%, 584.14%²), and (24.47%, 598.7%²),

respectively, corresponding to the BET, CT, and WNN methods. On the other hand, the

ML algorithms with the best MAE performances are BET, MT, and FT, with result values
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(a) (b)

(c)

Figure 3.5: 2D histogram plots with color maps representing the density of predicted versus

true pressure values categorized into ten classes for the validation dataset using various ML

algorithms: (a) Coarse Tree, (b) Bagged Tree, and (c) Wide Neural Network (WNN).

of 17.44%, 18.76%, and 18.88%, respectively. In addition, the FT and BET models had the

highest correlation coefficients at 0.86 and 0.83, respectively, with a significant difference

from the other ML approaches. Moreover, the best achievable R-squared value for the BET

in the cross-validation dataset is 0.48, indicating that it explains 48% of the variability seen

in the humidity.
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(a) (b)

(c)

Figure 3.6: Scatter density graphs with color maps of expected vs. actual pressure of the

(all months) test dataset generated by the following machine learning algorithms; (a) coarse

tree, (b) Bagged tree, and (c) Wide Neural Network (WNN).

For the testing dataset, the ML methods that achieved the minimal RMSE and MSE

values of the predicted humidity are (21.9%, 479.51%²), (24.04%, 578.03%²), and (24.5%,

600.05%²) using BET, CT, and MT. Meanwhile, the best achieved MAE values are 17.14%,

18.43%, and 18.45% for the BET, FT, and MT. The BET, MT, and CT algorithms obtained

the best correlation coefficient values, which are 0.70, 0.62, and 0.62, respectively. As can

be noticed, the ensemble and decision tree models have the highest correlation coefficient.
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(a) (b)

(c)

Figure 3.7: 2D histogram plots with color maps representing the density of predicted versus

true pressure values categorized into ten classes for the testing dataset using various ML

algorithms: (a) Coarse Tree, (b) Bagged Tree, and (c) Wide Neural Network (WNN).

Furthermore, the BET technique has the highest R-squared value (0.49) for the testing

dataset.

Similar to the pressure value estimation, all of the neural networks, decision trees, linear

regression, and ensemble trees can predict up to 1406412, 836348, 519682, and 121471 ob-

servations per second, respectively. The neural networks and FDT had the slowest training
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(a) (b)

(c)

Figure 3.8: Vertical profiles of predicted and actual pressure values for the three ML algo-

rithms. (a) Bagged tree, (b) Coarse tree, and (c) Wide Neural Network (WNN).

time compared to the other models. The linear regression model and the BoostedET are

the fastest models throughout the training phase, with times of roughly 53 seconds and 803

seconds, respectively. As a result, the Bagged ensemble tree is the best machine learning

model for predicting relative humidity when compared to the other proposed ML techniques.
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Table 3.4: Comparison of the machine learning models’ performance in forecasting humidity

across six months of cross-validation data.

Model Type

RMSE

(Valid)

(%)

MSE

(Valid)

(%²)

ρ

(Valid)

R2

(Valid)

MAE

(Valid)

(%)

Prediction

Speed

(obs/sec)

Training

Time

(sec)

ILR 25.13 631.34 0.57 0.33 20.73 519682.08 53.05

FT 26.26 689.62 0.86 0.27 18.88 836348.75 25183.75

MT 24.75 612.49 0.76 0.35 18.76 463455.07 9708.12

CT 24.17 584.14 0.69 0.38 18.99 511306.23 878.89

BoostedET 24.92 621.14 0.59 0.34 20.69 121471.29 803.27

BET 22.2 493.02 0.83 0.48 17.44 18553.43 3137.75

NNN 24.93 621.59 0.58 0.34 20.46 934521.39 5927.35

MNN 24.68 609.08 0.59 0.35 20.16 749117.18 12012.23

WNN 24.47 598.7 0.6 0.36 19.92 887005.17 22554.27

BiNN 24.71 610.64 0.59 0.35 20.2 986172.83 12031.56

TriNN 24.7 609.85 0.6 0.35 20.18 1406412.82 15824.96
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Table 3.5: A comparison of the performance of machine learning models in predicting hu-

midity across a six-month test dataset.

Model Type
RMSE (Test)

(%)

MSE (Test)

(%²)

MAE (Test)

(%)
ρ (Test) R2 (Test)

ILR 25.14 632.02 20.74 0.57 0.33

FT 25.88 670.02 18.43 0.6 0.29

MT 24.5 600.05 18.45 0.62 0.36

CT 24.04 578.03 18.81 0.62 0.39

BoostedET 24.93 621.68 20.7 0.59 0.34

BET 21.9 479.51 17.14 0.70 0.49

NNN 24.94 622 20.43 0.58 0.34

MNN 24.84 616.95 20.31 0.59 0.34

WNN 24.5 600.15 19.97 0.6 0.36

BiNN 24.77 613.76 20.27 0.59 0.35

TriNN 24.65 607.73 20.13 0.6 0.35

The partial dependency relationship (PDR) plots for the four input features (Velocity,

SNR, SW, and projected pressure) vs. relative humidity are shown in Figure 3.9. The Bagged

tree displays a nonlinear connection with humidity in the PDR for Velocity and SW values.

When the SNR is less than -10 dB, it can be shown that there is a linear relationship between

the SNR and the humidity for the BET and CT. The link between predicted pressure and

relative humidity is linear in the last plot for all the models presented.

Figures 3.10 and 3.11 illustrate scatter density plots with color maps and 2D histogram

plots of the predicted versus true relative humidity values using three different algorithms.

All of these results are based on the six months of cross-validation data. These results show

that the bagged tree model performs better than the other two models. For the testing

dataset, Figures 3.12 and 3.13 show typical scatter density plots with color maps and 2D
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(a) (b)

(c) (d)

Figure 3.9: PDRs between predicted relative humidity and input variables of the whole six-

month dataset. PDR for (a) velocity, (b) SNR, (c) Spectrum Width (SW), and (d) predicted

pressure.

histogram plots with squares representing the predicted relative humidity versus the actual

humidity values. Similarly, the bagged tree model outperforms all of the other techniques.

As shown in Figure 3.14, a humidity profile is generated progressively from predicted

humidity values using the best ML model (BET) compared to the corresponding radiosonde

profile. The plotted humidity profile was selected randomly from the six-month dataset
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(a) (b)

(c)

Figure 3.10: Scatter density plots with a color map of predicted vs. actual humidity of the

validation dataset (all months) using several ML algorithms; (a) coarse tree, (b) bagged tree,

and (c) Wide Neural Networks (WNN).

to demonstrate the BET method’s ability to estimate humidity at different periods. The

graph depicts the BET technique prediction of relative humidity at various heights ranging

from 0 to 10 km. The BET could estimate humidity at various heights with good accuracy,

particularly below 5 km.
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(a) (b)

(c)

Figure 3.11: Different scatter density plots with color maps of predicted vs. true humidity

of the (all months) validation dataset utilizing the following ML algorithms; (a) coarse tree,

(b) Bagged tree, and (c) Wide Neural Networks (WNN).

3.4.1.3 Computational Efficiency

The suggested machine learning algorithms’ computational efficiency is assessed in terms of

training time and memory usage. Tables 3.2 and 3.4 show a detailed comparison of several

models in predicting atmospheric pressure and humidity with six months of cross-validation

data. The Interactions Linear Regression (ILR) model was shown to be the most time-

efficient in the context of pressure prediction, taking just 37.51 seconds for training. The
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(a) (b)

(c)

Figure 3.12: Scatter density graphs with a color map of predicted vs. true humidity of the

(all months) test dataset created by the following machine learning algorithms: (a) coarse

tree, (b) Bagged tree, and (c) Wide Neural Networks (WNN).

Wide Neural Network (WNN) model, on the other hand, required the most training time,

clocking in at 18863.05 seconds. In addition, ensemble methods such as the Boosted En-

semble Tree and Bagged Ensemble Tree models showcased average training times. Similar

patterns were seen during humidity prediction, when the ILR model displayed efficiency in

training time, in contrast to the Wide Neural Network model’s long training period. As
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(a) (b)

(c)

Figure 3.13: Different scatter density graphs with color maps of expected vs. actual humidity

of the (all months) test dataset using the ML algorithms; (a) coarse tree, (b) Bagged tree,

and (c) Wide Neural Networks (WNN).

shown in Table 3.6, the lowest, maximum, and mean memory consumption values are sum-

marized using the whole six-month dataset, providing an understanding of these methods’

computational needs and resource use. The Coarse Tree approach used the least memory for

pressure prediction, with a mean memory use of 426.6462 Mbytes. In contrast, the WNN

algorithm consumed the most memory, with a mean of 2.2607e+03 Mbytes. Humidity pre-

diction followed a similar trend, with the Coarse Tree approach using the least amount of
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Figure 3.14: The Bagged tree algorithm’s vertical profile of predicted and true relative

humidity values.

Table 3.6: Comparison of the most significant machine learning models’ performance in

terms of memory consumption.

Min memory

consumption (Mbytes)

Max memory

consumption (Mbytes)

Mean memory

consumption (Mbytes)

Coarse tree (6 months, pressure prediction) 90 595 426.6462

Bagged tree (6 months, pressure prediction) 140 2139 1.0172e+03

WNN (6 months, pressure prediction) 666 3301 2.2607e+03

Coarse tree (6 months, humidity prediction) 469 809 668.9355

Bagged tree (6 months, humidity prediction) 351 2412 1.4913e+03

WNN (6 months, humidity prediction) 416 3086 2.1123e+03

memory (668.9355 Mbytes) while the WNN algorithm used the most (2.1123e+03 Mbytes).

These memory usage patterns indicate significant differences in processing needs across dif-

ferent machine learning algorithms and prediction workloads. These findings have practical

significance, especially in resource-constrained circumstances where memory restrictions may

be challenging.
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3.4.2 Month-By-Month Evaluations

3.4.2.1 Pressure Estimation

During various months and different seasons, there can be significant changes in pressure and

relative humidity. As a result, estimation performance of each individual month is further

examined. To conduct this analysis, the dataset for each month includes all the Doppler

spectral moments and radiosonde data collected during that month are used. The total

samples collected in January, February, March, April, May, and June are 158766, 185791,

194460, 272808, 286727, and 308140, respectively.

All the datasets for different months were trained using the same machine-learning mod-

els. However, for the sake of brevity, only the best-performing ML algorithms in the decision

tree, ensemble tree, and ANN are listed. Tables 3.7 and 3.8 include detailed data on each

month’s effectiveness of the top three machine learning algorithms. In addition, these ta-

bles include information on all performance evaluation methodologies, including root mean

squared error (RMSE) (kPa), mean squared error (MSE) (kPa²), correlation coefficient (di-

mensionless), mean absolute error (MAE) (kPa), prediction speed (observations/second),

and training time (seconds).

According to both tables, the BET technique outperformed the WNN and CT methods

in terms of RMSEs, MSEs, and MAE in all months, with a substantial difference. This

demonstrates that BET has the best estimation accuracy for pressure. Furthermore, based

on cross-validation dataset analysis, the BET technique achieved the following correlation

coefficient values: 0.93, 0.94, 0.95, 0.95, 0.93, and 0.9 for January, February, March, April,

May, and June, respectively. Based on testing dataset analysis, the following correlation

values were obtained: 0.93, 0.94, 0.95, 0.95, 0.93, and 0.91 for January to June.

In addition, the BET model consistently outperformed the other models regarding R-

squared values for both cross-validation and testing datasets across all months. For example,

the BET in the March dataset obtained the highest R-squared value of 0.88, indicating that
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the BET model accounts for 88% of the variability in the pressure variable. These findings

demonstrate that the BET technique is more reliable and stable than the other methods in

terms of having minimal errors in pressure predictions across all datasets. On average, the

wide neural networks (WNNs) can predict the highest number of observations per second,

while the bagged ensemble trees can observe the least observations per second. However,

regarding the training speed, the WNN takes the most time, followed by the BET and finally

by the CT. To summarize, it seems clear that the Bagged ensemble tree is the best machine

learning model for effectively predicting pressure.
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Table 3.7: Comparison of the performance of ML models in predicting pressure (each month)

using cross-validation data.

Model

RMSE

(Valid)

(kPa)

MSE

(Valid)

(kPa²)

ρ

(Valid)

R2

(Valid)

MAE

(Valid)

(kPa)

Pred. Speed

(obs/sec)

Train Time

(sec)

CT (Jan) 84.26 7099.94 0.91 0.82 58.49 535609.04 11.28

BET (Jan) 80.33 6452.44 0.93 0.84 55.53 22469.62 161.90

WNN (Jan) 85.54 7317.74 0.90 0.81 60.80 1006409.75 1930.91

CT (Feb) 78.89 6222.91 0.92 0.82 54.84 850895.20 22.05

BET (Feb) 73.44 5393.84 0.94 0.85 51.05 32731.09 175.29

WNN (Feb) 79.86 6377.20 0.91 0.82 57.79 1010450.46 1965.07

CT (March) 70.98 5037.66 0.94 0.86 49.95 1291171.51 18.34

BET (March) 66.40 4409.26 0.95 0.88 46.77 43060.84 157.34

WNN (March) 71.38 5095.00 0.93 0.86 51.38 1081371.59 2161.29

CT (April) 71.91 5171.15 0.93 0.85 51.25 414760.43 25.77

BET (April) 67.18 4513.79 0.95 0.87 47.70 18572.45 332.55

WNN (April) 72.47 5252.10 0.92 0.85 52.43 1051270.32 3352.45

CT (May) 83.71 7007.81 0.90 0.80 57.49 1403378.45 32.53

BET (May) 76.77 5894.36 0.93 0.83 52.82 45653.43 261.50

WNN (May) 85.83 7367.31 0.89 0.79 61.09 1069922.17 3299.32

CT (June) 104.02 10821.15 0.85 0.68 72.15 435601.58 34.81

BET (June) 94.54 8938.68 0.90 0.74 65.77 20260.96 378.90

WNN (June) 107.69 11597.88 0.82 0.66 78.60 1063646.44 3864.20
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Table 3.8: Comparison of ML algorithms in predicting pressure in the test dataset for each

month.

Model

RMSE

(Test)

(kPa)

MSE

(Test)

(kPa2)

MAE

(Test)

(kPa)

ρ

(Test)

R2

(Test)

CT (Jan) 83.41 6956.67 58.08 0.91 0.82

BET (Jan) 78.97 6236.99 54.80 0.93 0.84

WNN (Jan) 84.56 7150.80 60.13 0.90 0.82

CT (Feb) 77.65 6030.15 54.03 0.92 0.83

BET (Feb) 71.85 5162.92 49.92 0.94 0.85

WNN (Feb) 79.38 6301.04 57.35 0.91 0.82

CT (March) 70.89 5025.62 49.74 0.94 0.86

BET (March) 65.82 4332.83 46.28 0.95 0.88

WNN (March) 72.09 5197.21 51.51 0.93 0.86

CT (April) 73.03 5333.27 51.48 0.93 0.85

BET (April) 67.38 4540.44 47.38 0.95 0.87

WNN (April) 73.91 5463.33 52.88 0.92 0.85

CT (May) 82.88 6869.09 56.80 0.90 0.80

BET (May) 75.31 5671.30 51.69 0.93 0.84

WNN (May) 86.11 7414.59 61.26 0.88 0.79

CT (June) 102.65 10536.88 71.14 0.85 0.69

BET (June) 92.80 8611.90 64.40 0.91 0.75

WNN (June) 106.89 11425.78 78.09 0.82 0.66

Figure 3.15 displays multiple pressure profiles created from predicted pressure values in

all six months using the best ML model (BET) compared to the related radiosonde profile.

The BET model has high accuracy in predicting pressure at various heights, as seen in

the monthly plots. Also, the plots show good agreement between the predicted and truth
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pressure values, indicating that the BET model effectively captures the underlying patterns

and trends in the data.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.15: Vertical pressure profiles of the Bagged tree during the following months: (a)

January, (b) February, (c) March, (d) April, (e) May, and (f) June.
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Figure 3.16 depicts the partial dependency relationship (PDR) plots for the four input

features (Pr, Velocity, SNR, and SW) versus predicted pressure. Each subfigure shows a

comparison between the different six months for each input feature versus predicted pres-

sure using the BET model. The BET model behaves differently depending on the predicted

pressure readings across different months. It shows a generally linear relationship with pre-

dicted pressure for Pr and SNR values, although this relationship is not perfectly linear and

exhibits some complexity. When the velocity is greater than zero, an inverse relationship

with predicted pressure is observed, including complex variations. Similarly, the SW fea-

ture shows an inverse relationship with predicted pressure when SW is less than two, with

additional nuances in the data.
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(a) (b)

(c) (d)

Figure 3.16: Partial Dependence Relationship (PDR) plots between predicted pressure and

input features (for each month individually). PDR for (a) Received power (Pr) and pre-

dicted pressure, (b) velocity and predicted pressure, (c) SNR and predicted pressure, and

(d) Spectrum Width (SW) and predicted pressure.

Figures 3.17 and 3.18 show scatter density plots with color maps and 2D histograms of

predicted pressure using the BET model versus the true pressure data, respectively. These

results are based on cross-validation data for each month. The bagged tree model works well

since most scatter points cluster around the center. Figures 3.19 and 3.20 for the testing
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dataset show typical scatter density plots with color maps, and 2D histograms with squares

of the BET’s predicted pressure vs. true pressure data.

(a) (b)

(c) (d)

(e) (f)

Figure 3.17: Scatter density graphs of predicted vs. true pressure values of the cross-

validation dataset using the bagged tree model for the following months: (a) January, (b)

February, (c) March, (d) April, (e) May, and (f) June.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.18: 2D histogram graphs of predicted vs. true pressure values from the cross-

validation dataset using the bagged tree model for the following months: (a) January, (b)

February, (c) March, (d) April, (e) May, and (f) June.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.19: Scatter density graphs showing the test dataset’s predicted vs. true pressure

values using the Bagged Tree model for the following months: (a) January, (b) February, (c)

March, (d) April, (e) May, and (f) June.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.20: 2D histogram plots of predicted vs. true pressure values from the test dataset

using the bagged tree model for the following months: (a) January, (b) February, (c) March,

(d) April, (e) May, and (f) June.

77



3.4.2.2 Humidity Estimation

Each month’s dataset, including the Doppler spectral moments and predicted pressure, was

trained using the same machine learning algorithms as in the previous section to predict

relative humidity. The results of the Decision Tree, Ensemble Tree, and ANN models were

then compared. Tables 3.9 and 3.10, which exhibit the cross-validation and testing datasets,

include detailed data on each month’s results of the three machine learning algorithms. In

addition, these tables include results for all the performance metrics: root mean squared error

(RMSE) (%), mean squared error (MSE) (%²), correlation coefficient, mean absolute error

(MAE) (%), prediction speed (observations/second), and training time (seconds). According

to both tables, the BET model surpasses the WNN and CT models in all months in terms

of RMSEs, MSEs, and MAE. The BET produced good correlation coefficient values based

on cross-validation dataset analysis, ranging from 0.83 to 0.94 for May and June. The

corresponding values for the testing dataset analysis ranged from 0.71 to 0.91 for May and

June, respectively. Further, the BET had the best R-squared values for cross-validation and

testing datasets across all months. For example, the highest R-squared value for the BET

was 0.78 in the March dataset. Overall, the Bagged Ensemble Tree is the most accurate

machine learning model for forecasting relative humidity based on the results from each

individual month.
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Table 3.9: Comparison of ML algorithms for predicting relative humidity using cross-

validation dataset (by month).

Model

RMSE

(Valid)

(%)

MSE

(Valid)

(%²)

ρ

(Valid)

R2

(Valid)

MAE

(Valid)

(%)

Pred. Speed

(obs/sec)

Train Time

(sec)

CT (Jan) 19.56 382.81 0.83 0.6483 13.14 1027135.92 23.38

BET (Jan) 17.52 306.97 0.91 0.7179 11.81 43860.84 146.46

WNN (Jan) 19.58 383.73 0.80 0.6475 13.66 1005029.16 1708.79

CT (Feb) 19.29 372.43 0.80 0.5713 14.06 1146322.46 19.66

BET (Feb) 17.33 300.55 0.89 0.6540 12.59 31802.08 212.85

WNN (Feb) 19.53 381.61 0.74 0.5607 14.83 829839.38 2221.16

CT (March) 19.58 383.51 0.86 0.6998 13.89 1172163.53 21.25

BET (March) 17.86 319.23 0.92 0.7501 12.70 41404.25 200.97

WNN (March) 19.56 382.92 0.83 0.7003 14.20 1049074.34 2155.52

CT (April) 22.69 514.93 0.74 0.4769 17.60 1382439.82 28.19

BET (April) 20.77 431.45 0.86 0.5617 16.16 39426.27 325.61

WNN (April) 22.67 514.33 0.69 0.4775 18.16 1112739.98 3041.01

CT (May) 18.70 349.71 0.66 0.3290 14.41 1112555.65 30.83

BET (May) 16.53 273.32 0.83 0.4756 12.68 36747.93 393.39

WNN (May) 19.19 368.52 0.54 0.2929 15.42 1143452.58 3183.13

CT (June) 12.49 156.00 0.83 0.6310 8.07 1321420.39 35.26

BET (June) 9.68 93.83 0.940 0.7780 6.31 41432.77 389.53

WNN (June) 15.74 248.00 0.64 0.4133 11.74 1169097.01 3393.19
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Table 3.10: Comparison of ML algorithms’ predictions of relative humidity in the test dataset

(by month).

Model

MAE

(Test)

(%)

MSE

(Test)

(%²)

RMSE

(Test)

(%)

Correlation

Coefficient

(Test)

R2

(Test)

CT (Jan) 13.04 375.62 19.38 0.81 0.65

BET (Jan) 11.52 293.05 17.12 0.86 0.73

WNN (Jan) 13.79 384.59 19.61 0.80 0.65

CT (Feb) 13.80 365.06 19.11 0.76 0.57

BET (Feb) 12.20 286.98 16.94 0.82 0.67

WNN (Feb) 14.83 385.61 19.64 0.74 0.55

CT (March) 13.95 386.69 19.66 0.84 0.70

BET (March) 12.51 314.26 17.73 0.87 0.75

WNN (March) 14.37 388.55 19.71 0.83 0.70

CT (April) 17.54 511.72 22.62 0.69 0.47

BET (April) 15.86 419.43 20.48 0.76 0.57

WNN (April) 18.20 515.54 22.71 0.69 0.47

CT (May) 14.17 341.44 18.48 0.60 0.35

BET (May) 12.34 262.10 16.19 0.71 0.50

WNN (May) 15.52 372.39 19.30 0.54 0.29

CT (June) 7.72 146.06 12.09 0.81 0.66

BET (June) 5.91 84.07 9.17 0.90 0.80

WNN (June) 11.77 247.82 15.74 0.64 0.42

The partial dependency Relationship (PDR) plots for the five input variables (Pr, Ve-

locity, SNR, SW, projected pressure) against relative humidity are shown in Figure 3.21.

Each feature shows a meaningful correlation with relative humidity, but the strength and

nature of these relationships vary across different months. Figures 3.22 and 3.23 demon-

strate scatter density plots and 2D histograms of the estimated humidity using the BET

model versus the true humidity values. The results of these two figures are based on cross-

validation datasets collected separately for each month. The scatter density plots and the

2D histograms with colormaps of the BET’s predicted humidity versus actual humidity data
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for the testing dataset are shown in Figures 3.24 and 3.25. These figures show that the

bagged tree model works well since most of the scatter points cluster around the center line.

Figure 3.26 shows different humidity profiles generated from predicted humidity values over

all six months using the BET method compared to the corresponding radiosonde profile.

The BET method accurately estimates humidity at various altitudes for all the six months.
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(a) (b)

(c) (d)

(e)

Figure 3.21: PDRs for predicted relative humidity and input variables (for each month

individually). PDR for (a) Pr and predicted RH, (b) velocity and predicted RH, (c) SNR

and predicted RH, (d) SW and predicted RH, and (f) predicted pressure and predicted RH.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.22: Scatter density graphs showing the cross-validation dataset’s predicted vs. true

humidity values using the bagged tree model for the following months: January (a), February

(b), March (c), April (d), May (e), and June (f).
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(a) (b)

(c) (d)

(e) (f)

Figure 3.23: 2D histograms of predicted vs. true humidity values from the cross-validation

dataset using the bagged tree model for the following months: (a) January, (b) February,

(c) March, (d) April, (e) May, and (f) June.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.24: Scatter density graphs showing the test dataset’s predicted versus true relative

humidity results for each month separately using the Bagged Tree model: (a) January, (b)

February, (c) March, (d) April, (e) May, and (f) June.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.25: 2D histogram plots showing the estimated versus true relative humidity (RH)

from the test dataset for each month independently using the Bagged Tree model: (a)

January, (b) February, (c) March, (d) April, (e) May, and (f) June.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.26: Vertical relative humidity profiles of the Bagged tree in (a) January, (b) Febru-

ary, (c) March, (d) April, (e) May, and (f) June.
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3.4.3 Advantages and Limitations of the Study

The current study has shown numerous significant strengths and improvements in atmo-

spheric humidity estimation. This approach uses raw moment data from a wind profiler

radar as machine learning feature variables, simplifying and decreasing the model’s com-

plexity. Additionally, the lack of dependency on accurate wind estimates, temperature, and

pressure data, which are sometimes unavailable, emphasizes the resilience and usefulness of

the suggested technique. As part of the implementations, an intermediate training stage us-

ing synthetic pressure data initially introduced in this study was applied. This cascade ML

system has demonstrated promising application potential in calculating various atmospheric

parameters. Lastly, the bagging learning tree algorithm’s superior computational efficiency

and prediction efficacy distinguish this study and improve the reliability and performance.

The limitations include the reliance on high-quality I/Q or moment data from the profiler

radar, which is a significant restriction. Noise, data incompleteness, or inconsistencies in

this data might impact the model’s performance. Furthermore, the model’s generalization

ability may be limited because it was trained on data from a specific location and time. En-

vironmental and climatic variability may challenge the model’s prediction accuracy across

different geographical areas and time intervals.

3.5 Conclusions

This chapter proposes a novel cascaded machine learning (ML) approach for estimating at-

mospheric relative humidity from wind profiler radar data. Unlike existing methods, this

approach uses moment data from the raw spectrum as ML feature variables and predicts

relative humidity (RH) in two cascaded steps. The bagging learning tree algorithm is iden-

tified as the most effective and computationally efficient method for predicting pressure

and RH. The proposed approach improves reliability and performance compared to physical

models and does not require precise wind estimates, temperature, and pressure parameters
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from radiosonde data that are not always available. The results show that this approach

can provide reasonably accurate humidity estimates. In addition, the cascaded ML solution

produces an intermediate training stage with ”synthetic” pressure data, which is applied to

the humidity estimation problem for the first time. The findings of this study demonstrate

the significant potential of machine learning techniques in enhancing atmospheric humidity

estimation, particularly when traditional physical models face limitations due to data gaps

or uncertainties. The successful application of the bagged learning tree algorithm and the

innovative cascading ML approach in this context not only highlights the adaptability and

robustness of ML models but also sets a precedent for future research in atmospheric science

and related fields.
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Chapter 4

Improvement of Cloud Liquid Water Content Profiling

4.1 Introduction

The Earth’s atmosphere is a dynamic system that constantly interacts with and influences

the environment and human society. Cloud Liquid Water Content (CLWC), expressed in

grams per cubic meter (g/m3), represents the liquid water concentration within a cloud

and holds special significance within this system (Wallace and Hobbs 2006). Clouds’ liquid

water content is pivotal in numerous atmospheric and environmental processes. It defines

cloud features, influences global climate patterns, and critically affects precipitation and

extreme weather events, such as typhoons, hurricanes, and severe storms (Shukla and Sud

1981; Wang et al. 2021). Such climatic phenomena can dramatically impact agricultural pro-

duction, infrastructure, and the economy (Ogunjo et al. 2019). Its significance extends to

the Earth’s hydrological cycle, impacting evaporation, condensation, and precipitation pro-

cesses. This balance has implications for water reserves, agricultural yields, ecosystems, and

human habitation patterns (Techel and Pielmeier 2011). In aviation, specific LWC values can

lead to ice accretion on aircraft components, posing significant safety threats (Korolev et al.

2007). Additionally, inaccurate LWC observations can lead to poor predictions of visibility

conditions, further increasing risks in aviation scenarios (Gultepe et al. 2019). LWC is also

crucial in remote sensing. The calibration and interpretation of satellite-based instruments
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heavily rely on accurate LWC measurements (Guo et al. 2023). The importance of LWC

estimation extends to urban planning, especially in densely populated regions where precise

LWC estimates are essential for developing effective drainage systems and flood mitigation

strategies (Notaro et al. 2015).

Predicting and understanding CLWC levels remains a substantial challenge due to the

influence of LWC on cloud microphysics, as a process that regulates cloud optical proper-

ties (Morrison et al. 2020). This interaction affects both shortwave and longwave radiations

and affects the Earth’s energy balance and major climate cycles (Brun 1989; Thies et al.

2017). This challenge is highlighted in urban areas such as Hong Kong, where diverse

geography, complex terrain, and closeness to large bodies of water produce a network of

microclimates, making accurate LWC estimation more challenging using traditional physical

models. CLWC retrieval has achieved important advancements over the past decades. Ini-

tial efforts by (Grody 1976) using a scanning microwave spectrometer (SCAMS) established

a relationship between brightness temperatures at various frequencies and CLWC. During

this time, there was an advancement in determining cloud liquid water and total precip-

itable water (TPW), which improved both modeling and measuring capabilities (Alishouse

et al. 1990; Greenwald et al. 1993; Nimnuan et al. 2017; Weng and Grody 1994; Weng et al.

1997). Notably, techniques for recovering LWC data from visible wavelengths over land

were introduced and summarized in the integrated approach by (Weng and Grody 1994).

This approach was effective at retrieving CLWC under diverse atmospheric conditions (Weng

et al. 1997). Advances in radar technology have provided the path for new approaches to

estimate LWC in clouds, such as employing single-wavelength cloud radar (Ge et al. 2023).

In particular, notable work by (Grody et al. 2001) and (Weng et al. 2003) has supported

obtaining CLWC from low-Earth orbit satellites. Satellite-based remote sensing, despite its

broad geographic coverage, faces limitations due to its spatial resolution. This resolution is

often too broad to accurately detect the rapid changes in clouds or their fine-scale structures.

This limitation occurs because satellite sensors cannot identify features smaller than their
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resolution threshold (Zhu et al. 2018). In contrast, ground-based data sources like CloudNet

offer detailed local insights but are subject to biases such as sensor wetting and evaporation

losses (Illingworth et al. 2007). Recent technological developments have combined active and

passive remote sensing approaches (Dong et al. 2022; Nandan et al. 2022).

Though challenges persist, some satellite-based low-cloud liquid-water path retrieval tech-

niques have adopted machine learning (ML) models to enhance accuracy. The study by

(Kim et al. 2020) provides a clear example of this approach, introducing a machine-learning

method for retrieving the Liquid Water Path (LWP). LWP measures the total amount of

liquid water per unit area in a column of air extending from the cloud base to the top height,

which is obtained by integrating the liquid water content (LWC) from the cloud base to the

top height. The method uses data from the Spinning Enhanced Visible and Infrared Imager

(SEVIRI) satellite and has been validated against ground truth data from CloudNet stations.

Nevertheless, the study also reveals limitations, such as difficulties in accurately handling

high LWP values due to a lack of comprehensive training samples, resulting in increased bias

at these levels. Additionally, the model’s performance in different geographical regions or

under diverse cloud conditions remains to be tested, suggesting that the method requires

further refinement and validation.

The study in this chapter addresses these challenges with a novel ML approach for predict-

ing CLWC profiles using radar profilers, utilizing a large dataset of 2,592,950 samples. This

is a significant improvement over previous studies, many of which relied on smaller, more

regionally constrained datasets and did not specifically use radar profilers, limiting their

accuracy and applicability across diverse atmospheric conditions. In contrast, this study fo-

cuses on radar profiler data, ensuring that the model is robust and generalizable in real-world

meteorological settings. One of the key advancements of this work is the introduction of in-

novative data preprocessing techniques that significantly improve the correlation between
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local radiosonde measurements and global satellite-based ERA5 data. Previous models of-

ten suffered from biases due to the mismatch between different data sources, resulting in

less accurate CLWC predictions. This study achieves greater accuracy and consistency by

addressing these biases, especially in complex geographic regions like Hong Kong, where

microclimates can complicate traditional models. Furthermore, many prior studies relied on

static physical models, which are limited by assumptions about atmospheric behavior and

often struggle to capture the dynamic, non-linear relationships between atmospheric param-

eters. This study, however, leverages the power of machine learning to model these complex

relationships more effectively, particularly by utilizing radar profiler data, which provides a

more direct and reliable source for CLWC prediction. The scale and depth of the dataset

used in this study surpass previous efforts, enabling more comprehensive training of the

ML model, which leads to better performance in real-world applications. In comparison to

earlier works, this study provides improved accuracy, better generalizability, and the ability

to handle a wide range of atmospheric conditions—particularly important for regions with

complex terrains and climates. The novel approach introduced here sets a new standard for

CLWC estimation by addressing the weaknesses of past methodologies and leveraging radar

profiler data to offer a robust, scalable solution.

This chapter is organized as follows: Section 4.2 introduces the overview of the approach

and processing flow. Section 4.3 provides detailed descriptions of the datasets used in this

study. Section 4.4 covers the climatology of the Hong Kong area and data groups. Section

4.5 provides detailed information about the approach and methodology developed. The

results and discussions are presented in Section 4.6. Further conclusions and a summary are

provided in Section 4.7.
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4.2 Overview of Approach and Processing Flow

ERA5 climate dataset from the European Centre for Medium-Range Weather Forecasts

(ECMWF) is used as a basic data source. This dataset includes atmospheric measurements

such as temperature, pressure, and humidity, which are essential for the detailed profiling

of CLWC. The ERA5 dataset is carefully cross-verified using radiosonde observations from

the Hong Kong Observatory (HKO). These radiosonde measurements, known for their preci-

sion, are interpolated using machine learning algorithms, guaranteeing that the ERA5 data

quality is consistent with the observed atmospheric parameters. A critical component is the

data cleaning procedure, in which a carefully selected metaheuristic optimization method is

used to refine the ERA5 dataset parameters. This approach improves the dataset’s quality

by enhancing the correlation between the ERA5 input features, including pressure, temper-

ature, relative humidity, and specific humidity, and the CLWC values. This ensures that

the machine-learning algorithms are trained on a representative dataset with minimal noise.

With the pre-processed dataset, ML algorithms are then trained to predict the CLWC levels.

Figure 4.1 provides a flow chart that illustrates all the steps involved in the methodology.

Each of these steps will be explored in greater detail in the following sections.
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Figure 4.1: A flowchart illustrating the complete processing flow for predicting Cloud Liquid

Water Content (CLWC) profiles.

4.3 Data Description and Analysis

4.3.1 ERA5 Data

The ERA5 dataset from the ECMWF offers full atmospheric coverage from pole to equator.

Its temporal resolution is achieved through hourly updates of various factors relating to
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the atmosphere, land, and seas. This resolution is beneficial for observing the intricate

nature of weather systems and detecting subtle climate change variations (Albergel et al.

2018; Malardel et al. 2016). Regarding spatial resolution, ERA5 datasets cover about 31 km

horizontally and 37 vertical levels up to an altitude of 80 km. The data is distributed on a

0.25° x 0.25° grid. ERA5 includes a 10-member ensemble to enhance its robustness, offering

insights into the reanalysis’s uncertainty, both temporally and geographically (Malardel et al.

2016). The study focuses on the Hong Kong region for the year 2021. The ERA5 data selected

for this study encompassed the exact latitude and longitude coordinates forming a targeted

grid over the Hong Kong area at the following coordinates: 113.49E - 22.33N, 113.74E -

22.33N, 113.99E - 22.33N, 114.24E - 22.33N, 113.49E - 22.08N, 113.74E - 22.08N, 113.99E -

22.08N, 114.24E - 22.08N. The investigation spanned a range of atmospheric parameters at

37 different pressure levels, encompassing temperature profiles, relative and specific humidity

levels, and cloud liquid water content profiles derived using the ideal gas law and specific

cloud liquid water content profiles. Figure 4.2 shows the study region with all the longitudes

and latitude coordinates in the Hong Kong area.

Figure 4.2: Map showing the study region within Hong Kong, highlighted by the shaded

area. The coordinates mark the boundaries of the area.
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Figure 4.3 plots the frequency distributions of CLWC (Kg/m³), relative humidity (%),

specific humidity (Kg/kg), and temperature (K) from the ERA5 dataset for 2021 in the

HK area to represent these data visually at various pressure levels. The histograms display

hourly data occurrences, providing a detailed view of the atmospheric parameters through-

out the year without averaging into daily or monthly means. The CLWC plot indicates a

predominance of lower values, suggesting that less cloud water content is more frequent. The

distribution for relative humidity shows higher frequencies of lower values, which gradually

decrease as humidity levels increase, while specific humidity trends towards lower values

with an extended tail at higher levels, reflecting varied atmospheric moisture conditions.

The temperature’s multimodal distribution reflects the diverse thermal conditions experi-

enced over different seasons and geographical locations throughout the year. These detailed

distributions capture the diversity and consistency of atmospheric conditions and serve as a

statistical foundation for this climatological investigation.
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(a) (b)

(c) (d)

Figure 4.3: Frequency distributions of atmospheric parameters in the ERA5 dataset for the

Hong Kong area throughout 2021. The histograms display the hourly occurrences of atmo-

spheric parameters at various pressure levels, illustrating the distributions of (a) temperature

(K), (b) relative humidity (%), (c) specific humidity (Kg/kg), and (d) Cloud Liquid Water

Content (CLWC) (Kg/m³).

4.3.2 Radiosonde Data

Radiosonde data from the Hong Kong Observatory (HKO) served as the ground truth to

validate the integrity of the ERA5 dataset. These observations are obtained every twelve
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hours, with each sample comprising around 2,331 measurements from 66 meters up to 30,215

meters above ground level. In addition to the primary observations of temperature, relative

humidity, and pressure, the radiosondes provide data on wind direction, dew point, and wind

speed, which helps to understand the atmospheric profile up to about 24 kilometers above

ground level (Amaireh et al. 2023a).

4.4 Climatology and Data Groups in Hong Kong

Hong Kong is characterized by a subtropical climate that shifts towards temperate for nearly

half the year. Gentle winds, abundant sunlight, and moderate temperatures mark the late

autumn and early winter months, making November and December the most favorable. Con-

versely, January and February often bring cloudier skies and cold fronts that can drop tem-

peratures below 10°C in urban areas and below freezing in higher terrains. The spring months

introduce higher humidity and reduced visibility, complicating air and ferry transportation.

Conditions are hot and humid from May to August, interrupted by frequent morning showers

and thunderstorms. Afternoon temperatures often exceed 31°C, with nights around 26°C.

July sometimes offers a brief break with a dry spell lasting one or two weeks. Typhoon season

extends from May to November, peaking between July and September. Annually, about 30

tropical cyclones form, with half reaching typhoon strength, significantly influencing local

weather when they approach or pass near Hong Kong. The region’s annual rainfall shows

dramatic spatial variation, heavily concentrated between May and September (Hong Kong

Observatory 2021).

The year 2021, on the other hand, was consistently warm in Hong Kong. January was

cooler and drier than usual, with an average temperature of 16.2°C and lots of sunshine. The

warming trend began in February due to a weak northeast monsoon, leading to an unusu-

ally mild winter. March was the hottest on record, with significantly higher temperatures
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and minimal rainfall. This continued into April, marked by dry conditions and an upper-

air anticyclone. Because of low rainfall, May was the warmest on record, making spring

(March to May) the warmest ever. Heavy rain from tropical influences arrived in June, but

temperatures remained above average. July’s heat was caused by a strong upper-air anti-

cyclone, leading to high temperatures and slightly less rain than usual. August had more

clouds and some heavy rains, but overall, there was less rainfall than expected. September’s

dry conditions resulted in record heat, influenced by the subtropical ridge. October saw

increased rainfall due to tropical cyclones, making it a wetter month. In November, the

weather returned to being sunny and dry. December’s high temperatures helped make 2021

the hottest year on record for Hong Kong, highlighting a year of intense heat and notable

climate differences from the average (Hong Kong Observatory 2021).

Figure 4.4 shows the monthly variation of four meteorological parameters in 2021. Tem-

perature remained stable throughout the year, with slight changes with seasons. Relative

humidity varied widely due to temporary weather patterns. Specific humidity was more con-

sistent, with occasional spikes with increased atmosphere moisture. The CLWC subfigure

shows a distinct seasonal trend in CLWC, with major peaks occurring between March and

October. These months have higher median values and a wider range of CLWC, indicating

a time of more frequent cloud formation and more precipitation events. Outliers, which

appear across all months, represent periodic exceptional CLWC values that might be con-

nected to specific weather phenomena. The range of data within each month and the use of

a logarithmic scale highlight CLWC’s significant variability.
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(a) (b)

(c) (d)

Figure 4.4: Monthly Distributions of Key Meteorological Parameters in ERA5 for 2021.

Subfigures display (a) temperature (K), (b) relative humidity (%), (c) specific humidity

(kg/kg), and (d) cloud liquid water content (CLWC)(Kg/m³), showcasing seasonal variability

and trends.

A detailed analysis of each month’s weather parameters is important for effective data

grouping and training of the ML algorithm. It examines meteorological factors from the

ERA5 dataset that have influences. Table 4.1 provides a statistical summary of the selected

meteorological parameters from the ERA5 dataset for each month of the year. It includes the
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mean and standard deviation (STD) of Cloud Liquid Water Content (CLWC), temperature,

specific humidity (SH), and relative humidity (RH).

Next, the ML training approach categorizes months with similar weather patterns into

groups, i.e., January and February from Group 1, characterized by cooler, drier conditions.

Group 2 includes March and April, marking the start of warmer weather and increasing

humidity, signaling spring. Group 3, from May to August, represents the summer peak

with the highest moisture and temperatures. Group 4, comprising September and October,

reflects the transition from peak summer. Finally, Group 5, with November and December,

indicates the onset of cooler, drier winter weather. This grouping allows machine learning

models to be tailored to the data trends of each group category.
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Table 4.1: Monthly mean and standard deviation values of CLWC, Temperature, Specific

Humidity, and Relative Humidity for Hong Kong in 2021 based on ERA5 data.

Month

CLWC

Mean

(kg/mˆ3)

CLWC

STD

(kg/mˆ3)

Temp

Mean

(K)

Temp

STD

(K)

SH

Mean

(kg/kg)

SH

STD

(kg/kg)

RH

Mean

(%)

RH

STD

(%)

Jan 5.26E-06 3.13E-05 250.64 31.08 0.0018 0.0029 30.24 31.37

Feb 4.66E-06 2.54E-05 252.24 31.33 0.0024 0.0035 32.71 31.00

Mar 7.13E-06 2.77E-05 253.38 31.80 0.0034 0.0047 38.63 35.38

Apr 8.66E-06 3.26E-05 254.29 32.28 0.0039 0.0052 45.08 36.09

May 4.28E-06 1.59E-05 256.08 33.48 0.0047 0.0063 49.12 34.71

Jun 6.56E-06 2.36E-05 256.71 33.30 0.0054 0.0068 56.16 37.33

Jul 4.93E-06 1.82E-05 256.80 33.26 0.0054 0.0069 51.26 37.22

Aug 5.71E-06 2.00E-05 256.14 33.19 0.0055 0.0068 55.90 37.59

Sep 3.15E-06 1.03E-05 255.98 33.33 0.0049 0.0065 46.83 34.11

Oct 8.75E-06 3.28E-05 254.68 32.56 0.0045 0.0057 49.97 37.36

Nov 3.53E-06 2.22E-05 252.85 31.90 0.0030 0.0041 37.87 32.02

Dec 5.94E-06 2.83E-05 251.85 30.95 0.0024 0.0035 35.17 33.84

4.5 Detailed Methodology

4.5.1 Correlation Between ERA5 and Radiosonde Data

Establishing a reliable correlation between the data sources is crucial for proving that ERA5

can dependably recreate actual atmospheric conditions observed by verified ground-based

instruments. The agreement between ERA5 and radiosonde measurements is validated by

calculating the correlation factors of temperature and relative humidity profiles obtained
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from ERA5 and radiosonde observations. Among the challenges of such correlation is the

problem of matching each sensor’s different sample times and altitudes. Attempts to align

these differences using methods such as interpolation and nearest-value assignment could

have been more effective as they resulted in poor correlations and low confidence in the

quality of the data alignment for both temperature and relative humidity.

To address the challenge, Machine Learning (ML) techniques were used to predict the

radiosonde data values for any date at 0 and 12 hours, as well as at various altitudes, even

without direct measurements. Figure 4.5 illustrates the flow chart detailing the process of

interpolating the in-between data for radiosonde temperature and relative humidity. This

is achieved through two entirely separate training processes, with inputs including altitude,

months, days, and hours. The outputs for training the ML models are the true radiosonde

values: temperature for the first model and relative humidity for the second. Two Fine Tree

decision tree models, with a defined minimum leaf size of 4, were developed to predict and

interpolate temperature and relative humidity. These algorithms were designed to output

weather parameters that align with those recorded by radiosonde instruments. A total of

958,617 samples were incorporated throughout the training and testing phases. The data was

partitioned such that 15% constituted the testing dataset while the remaining 85% was used

for training. Additionally, the training process was enhanced with 5-fold cross-validation to

ensure the robustness and generalizability of the models.
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Figure 4.5: Flow chart representing the separate ML training processes for interpolating

radiosonde temperature and relative humidity data. Inputs include altitude, months, days,

and hours, with true radiosonde values serving as outputs for ML models’ training.

According to Table 4.2, which presents the performance of the trained ML models for

interpolating temperature and relative humidity in the testing dataset, the Fine Tree (FT)

model demonstrated high accuracy. It achieved an R-squared value of 0.9983 and a correla-

tion coefficient of 0.9992 in estimating temperature. Despite the various variables affecting

atmospheric moisture, it maintained its accuracy in humidity prediction, as indicated by an

R-squared of 0.9894 and a correlation value of 0.9965. The models’ robust predictive ability

is shown by low RMSE and MAE values for temperature (1.3007 °C and 1.0164 °C, respec-

tively) and slightly higher values for relative humidity (3.0501% and 1.8297%, respectively).
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Table 4.2: The performance of machine learning models in interpolating the temperature

and relative humidity for the radiosonde data in the testing dataset.

Model Type RMSE MSE RSquared MAE Correlation coefficient

Fine Tree

(Temperature (℃))

1.3007 1.6917 0.9984 1.0164 0.9992

Fine Tree

(Relative Humidity (%))

3.0501 9.3032 0.9894 1.8300 0.9965

Figure 4.6 shows density plots that display the accuracy of decision tree models in predict-

ing temperature and humidity values. In both plots, the x-axis represents the true classes,

and the y-axis represents the predicted classes. Classes were used instead of real values to

simplify the visualization and highlight prediction accuracy. The diagonal trend indicates

that predicted values closely align with actual measurements. The color intensity reveals the

frequency of predictions, with brighter areas marking the most common predictions. The

temperature plot shows a more even distribution, suggesting high accuracy across various

values. The humidity plot, with its focused bright area, indicates precise predictions within

a narrower range.
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(a) (b)

Figure 4.6: 2D histogram plots showing the interpolated (predicted) vs. true values for (a)

temperature and (b) relative humidity of the testing radiosonde dataset using fine trees. The

color map indicates the frequency of data points, with different colors representing varying

densities.

Figure 4.7 presents a comparison of the ML-based interpolation method against actual

radiosonde profiles for relative humidity and temperature. The decision tree model’s in-

terpolation for these parameters shows high precision, closely matching the actual data.

Specifically, Figure 4.7 (a) illustrates how well the model captures the variability of hu-

midity with altitude, while Figure 4.7 (b) demonstrates the model’s ability to accurately

reproduce temperature profiles, reflecting sharp variations across different altitudes. For the

profiles shown in this figure, the ML model achieves correlation coefficients of 0.99422 for

temperature and 0.9953 for relative humidity. The values demonstrate the higher prediction

capability of the fine tree for the shown data.

107



(a) (b)

Figure 4.7: Comparison of the ML-based interpolation method against actual radiosonde

profiles for (a) relative humidity and (b) temperature. The predicted data via fine trees

strongly correlates with actual data (temperature: 0.99422, RH: 0.9953).

These results verified the fine trees’ ability to predict temperature and relative humidity at

any time and any height within the 0-25 km range. Thus it is used to interpolate temperature

and relative humidity within the radiosonde dataset. As a result, a matched dataset was

created that included temperature and relative humidity measurements from both ERA5

and radiosonde data at the same altitudes, dates, and times. The selection of ERA5 data

was strategically based on the coordinates of the radiosonde data in Hong Kong, specifically

North 22.4°, West 113.9°, South 22.3°, and East 114°.

The next step is to calculate the correlation coefficient between the temperature and

relative humidity from the interpolated radiosonde data and ERA5 sources for January,

February, March, April, May, and June datasets, as well as for all six months combined,

as shown in Table 4.3. According to Table 4.3, the calculated correlation coefficients from

January to June 2021 displayed an average of 0.7808 for relative humidity when comparing

ERA5 and radiosonde data. Monthly correlations for this period showed values of 0.7435 in

January, 0.7495 in February, 0.7697 in March, 0.7404 in April, 0.7976 in May, and 0.8159

in June, respectively. Temperature data correlations for the same months were consistently
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higher, with January at 0.9486 and June at 0.96666, indicating a strong alignment of the

two data sources. Only the first six months of temperature and relative humidity data are

mentioned because this is all the radiosonde data obtained from the Hong Kong Observatory

(HKO).

Table 4.3: Correlation coefficients between ERA5 and radiosonde measurements.

Temperature correlation Relative humidity correlation

January 0.9486 0.7435

February 0.9570 0.7495

March 0.9683 0.7697

April 0.9686 0.7404

May 0.9686 0.7976

June 0.9667 0.8159

All six months 0.9632 0.7808

In addition, Figure 4.8 compares the profiles of temperature and relative humidity from

ERA5 measurements and predicted radiosonde values using a machine learning interpola-

tion method. Profiles 1 and 2 exhibit a strong correlation in temperature data and show

correlation coefficients of 0.96959 and 0.97004, respectively, which indicate high accuracy in

ERA5-based profile estimates across different altitudes. Regarding relative humidity, Pro-

files 3 and 4 also show significant agreement, with correlation coefficients of 0.954 and 0.933,

respectively, despite the inherent variability of atmospheric moisture.
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(a) (b)

(c) (d)

Figure 4.8: Atmospheric parameter profiles from ERA5 and Radiosonde Data. Subfigures

(a) and (b) show temperature profiles 1 and 2, while subfigures (c) and (d) illustrate relative

humidity profiles 3 and 4.

4.5.2 Data Quality Control and Prepossessing

4.5.2.1 Data Quality Enhancement: Overview

Outlier data can significantly impact the reliability and accuracy of predicting results (Teh

et al. 2020). Excessive readings can cause these outliers due to exposure to sunlight or

malfunctions working during critical data-collecting periods (Teh et al. 2020). Given these
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challenges, data cleaning has evolved as an essential element of the preprocessing step. Data

cleaning improves model accuracy, including removing or correcting data anomalies. It also

enhances model robustness and interpretability, allowing more precise and more relevant in-

sights into the relationships between input features and outputs (Kumar and Khosla 2018).

Advanced metaheuristic algorithms are used in the data quality control process. Metaheuris-

tic algorithms are motivated by high-level methods, allowing them to explore significant and

complex solution spaces. These methods often involve generating diverse initial solutions,

which are then iteratively improved through processes inspired by natural phenomena or

human-designed heuristics (Amaireh et al. 2023c). Metaheuristics’ fundamental strength re-

sides in its ability to balance exploration and exploitation. This dual strategy enables them

to avoid local optima while aiming for global optima.

In this study, a hybrid optimization algorithm combining Antlion (ALO) and Grasshopper

(GOA) algorithms was enhanced for better performance (Amaireh et al. 2019, 2023c). The

hybrid algorithm balances exploration and exploitation effectively, offering fast convergence

in high-dimensional problem spaces. By leveraging the strengths of ALO’s exploitation

capabilities and GOA’s exploration techniques, the algorithm is well-suited for data cleaning

tasks, ensuring improved data reliability and quality.

4.5.2.2 Metaheuristic Data Preprocessing

As part of the hybrid optimization algorithm, an objective function is formulated as in

equation 4.1:

fitness = min

(
1

|corr(cleaned input feature,Output target)|

)
(4.1)

This function aims to minimize the inverse of the absolute correlation between the cleaned

input feature and the output target. The objective function is critical in guiding two key

preprocessing steps, which are carried out with the help of two MATLAB functions; fillout-

liers and smoothdata. The filloutliers function is used to handle outliers, which is necessary
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for identifying and correcting discrepancies in data, resulting in an intermediate cleaned

dataset, cleaned input feature0. The smoothdata function then addresses short-term fluc-

tuations, resulting in the final preprocessed feature set, cleaned input feature. Overall, the

preprocessing is implemented using the following algorithm:

Metaheuristic Optimization for Data Preprocessing

Require: Dataset from weather sensors

Ensure: Optimized preprocessed dataset

• Initialize the metaheuristic algorithm parameters

• Generate initial population of solutions for input feature cleaning

• Define the objective function:

fitness(solution) = 1
|corr(cleaned input feature(solution),Target)|

• while not end of algorithm do

– For each solution in population do

∗ Apply filloutliers function with a method from {’linear’, ’spline’, ...,

’makima’}

∗ Apply smoothdata function with a method from {’movmean’, ’movmedian’,

..., ’sgolay’}

∗ Calculate fitness of the cleaned input feature

– Select best-performing solutions based on fitness scores

– Perform crossover and mutation on selected solutions to create new population

– Check termination criteria for input feature cleaning:

if criteria met then

Break and proceed to target data cleaning
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else

Continue with new population

end if

• Initialize parameters for target data cleaning using optimized input features

• Repeat steps for target data cleaning

• Apply best cleaning parameters from both stages to the dataset

• Return the optimized preprocessed dataset

end while

The algorithm optimizes the correlation between the input features and the output target.

The optimization process initializes the parameters for the metaheuristic algorithm, which

prepares a diverse pool of potential solutions for cleaning the input features. The fitness of

each solution is evaluated based on the improvement of the input-target correlation scores.

Solutions with higher fitness are further refined. A termination check assesses whether

the criteria for the first stage have been met. If not, the process is repeated. Once the

requirements are met, it transitions to the second stage, which focuses on cleaning the target

data. After completing both steps, optimum cleaning parameters are applied to the dataset.

Figure 4.9 shows a flowchart that displays the complete optimization process, from the

start of the metaheuristic algorithm to the iterative enhancement of solutions to the appli-

cation of optimal parameters.
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Figure 4.9: A flowchart that displays the complete cleaning optimization process.

4.5.2.3 Results of Hybrid Optimization Algorithm for Data Cleaning

MATLAB was used for all optimization runs during this study. The results here are from

40 independent runs, each consisting of 200 iterations. Forty search agents have been used

in the optimization process. These runs were designed to find the most effective data-

cleaning parameters using the hybrid optimization technique, as indicated by the objective
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function described in previous subsections. The following two subsections discuss the results

of preprocessing the entire 2021 ERA5 dataset and the individual data groups.

Data Cleaning Results of the Full-Year Dataset The effectiveness of the hybrid op-

timization technique in improving the entire 2021 ERA5 data is summarized in Table 4.4,

which shows the correlation coefficients between the ML input features (Pressure, Temper-

ature, Relative Humidity, and Specific Humidity) and the target output, CLWC, before

and after cleaning. Notably, the ’Old’ column represents the original correlations before

cleaning, whereas the ’new’ column represents the correlations after applying the optimized

cleaning parameters. The fourth column explains the optimal parameters selected by the

algorithm for data cleaning, presented in the format: [fillMethod, findMethod, smooth-

Method, windowLengthForSmooth, percentileThresholdLower, percentileThresholdUpper,

smoothingFactor]. Each entry consists of two sets of parameters: the first for cleaning

the input features and the second for cleaning the target output.

Applying the hybrid optimization technique to the 2021 dataset resulted in improved

data quality, as indicated by the increase in the correlation coefficients between the input

features and the target variable (CLWC). For example, the correlation coefficient for pressure

with CLWC increased from 0.21106 to 0.67546. Similar improvements were observed in

temperature, relative humidity, and specific humidity after cleaning. These changes suggest

that the optimization method effectively addressed data abnormalities, leading to a more

accurate representation of the variables.

Data Cleaning and Preprocessing Results for Individual Groups The data pre-

processing is then applied to the grouped datasets. Table 4.5 highlights the improvements

in correlation coefficients between various input features and the target for all five dataset

groups. Specifically, the optimization algorithm enhanced correlations across variables for
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Group 1, with temperature increasing to 0.63219, specific humidity rising to 0.62938, and rel-

ative humidity increasing to 0.76979. Temperature and humidity correlations increased sig-

nificantly in Group 2, with relative humidity achieving the maximum correlation of 0.79723.

The results of Group 3 have been identified by a significant increase in pressure correlation

to 0.81672. Group 4 improved effectively across variables, with relative humidity achieving

a correlation of 0.74477. Group 5 continued the same significant enhancements, especially

for relative humidity, which reached a correlation of 0.79155.

4.5.3 ML Algorithms and Methods Used in This Study

In this chapter, a diverse array of machine learning models was utilized to predict CLWC,

including linear regression, regression decision trees, ensemble trees, and neural networks,

each tailored to different complexities of the dataset. One key aspect of this study is the

thorough evaluation of different machine learning models, where the ensemble trees, partic-

ularly Random Forests and Gradient Boosting, demonstrated the best performance. These

models were chosen for their ability to manage high-dimensional atmospheric data and cap-

ture complex, non-linear relationships between features. Ensemble trees excelled at reducing

overfitting and generalizing across diverse weather conditions, making them particularly

well-suited for CLWC prediction. In contrast, neural networks did not perform as well as ex-

pected in this study. Despite their flexibility and capacity to model non-linear relationships,

the neural network models struggled with overfitting and failed to generalize the complex

atmospheric data used in this analysis effectively. This was likely due to the limited ability

of the neural network to handle the high variability in the training data and the absence

of sufficient data points to leverage the deep learning model’s potential fully. Thus, the

decision tree-based models, especially ensemble trees, emerged as this study’s most reliable

and effective approach for CLWC prediction. The combination of interpretability, robust-

ness, and generalization ability made them the optimal choice for handling the intricacies of

cloud microphysics and atmospheric processes, areas where traditional physical models have

116



struggled. These models are similar to those used in Chapter 3. The specific models and

their hyperparameters can be found in Table 3.1.

4.6 Results and Discussion

This section describes the results of using various machine learning algorithms to predict

Cloud Liquid Water Content profiles. The study utilizes meteorological data from Hong

Kong for the year 2021. This dataset (containing 2,592,950 samples) originated from ERA5

data gathered across eight specific locations in Hong Kong and is analyzed at 37 atmospheric

pressure levels throughout the year. It was then organized into one comprehensive dataset for

the entire year, as well as five distinct groups based on specific meteorological characteristics

described earlier. For the analysis, the data were partitioned into two distinct subsets:

85% was employed for a detailed cross-validation process, utilizing a k=5 fold method for

thorough training and validation, while the remaining 15% was reserved for testing the

models’ performance.

To mitigate overfitting, the K-fold cross-validation technique was implemented. The

former divides the data into five subsets, each used once as validation data, offering a reliable

performance estimate on unseen data. This technique effectively balances bias and variance,

limiting overfitting and ensuring accurate model performance evaluation. The first subsection

of this analysis focuses on the outcomes of applying these algorithms to the full-year dataset.

The second subsection shifts to analyzing the grouped data, adhering to the previously

described categorization process. These analyses were conducted on a desktop computer

equipped with an i7-2600K CPU @ 3.40 GHz and 24 GB of RAM.

4.6.1 Analysis of Results Based on the Full-Year Data

Table 4.6 shows detailed results of predicting CLWC based on the full-year data. The Fine

Tree was the most accurate decision tree model, with the lowest RMSE and MSE, indicating
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minimum prediction errors, and it has a high R-squared value, meaning a good fit to the

data. The Medium Tree had slightly lower correlation coefficients than the Coarse Tree,

with higher error metrics and a worse data fit.

In terms of ensemble models, the Bagged Tree outperformed the Boosted Tree, which

had more prediction errors and a poorer data fit. However, the neural network models (Nar-

rowNN, MediumNN, WideNN, BiLayeredNN, and TriLayeredNN) struggled significantly,

evidenced by high RMSE and MSE values and negative R-squared scores. These outcomes

suggest that while preventing the vanishing gradient problem, the ReLU activation function

could not prevent “dead neurons” (inactive neurons causing zero gradients during backprop-

agation). This problem was made worse by the simple architecture of these networks, which

was likely insufficient to capture the complex nonlinear dynamics of CLWC data, as well

as inadequate complexity or improper initialization. Meanwhile, while linear regression has

results that are more accurate than those of neural networks, it trails behind tree-based

models.

These findings are consistent with the findings from the testing dataset, as reported in

Table 4.7. Decision tree models (the Fine, Medium, and Coarse Trees) performed consistently

and accurately with low MAE, MSE, and RMSE. The Fine and Medium Trees had similar

R-squared and correlation values. Despite its effectiveness, the Coarse Tree had higher error

metric values and a lower R-squared value.

The Bagged Tree succeeded again in the ensemble category, with the lowest error values

and the most outstanding R-squared value, confirming its superior predictive accuracy and

fit. The Boosted Tree, on the other hand, had larger error rates and a substantially lower R-

squared value. In the testing dataset, neural network models continued showing limitations,

with much larger error values and severely negative R-squared scores. Linear Regression

performed well, exceeding neural networks but not matching the tree-based and bagged

models.

118



Table 4.6: Performance results of Various Machine Learning Models for Predicting Cloud

Liquid Water Content (CLWC) in 2021 Training Dataset.

Model Type

RMSE

(kg/m3)

(Valid)

MSE

((kg/m3)2)

(Valid)

R2

(Valid)

MAE

(kg/m3)

(Valid)

Corr

(Valid)

Fine Tree 1.41E-07 1.98E-14 0.85895 7.56E-08 0.9736

Medium Tree 1.39E-07 1.92E-14 0.86302 7.82E-08 0.9579

Coarse Tree 1.43E-07 2.03E-14 0.85525 8.34E-08 0.9392

Boosted Tree 1.71E-07 2.93E-14 0.79147 1.13E-07 0.8926

Bagged Tree 1.25E-07 1.57E-14 0.8880 7.42E-08 0.9678

NNN 0.000937 8.78E-07 -6260004 0.0006 0.2017

MNN 0.000995 9.91E-07 -7061305 0.0006 0.0104

WNN 0.000999 9.97E-07 -7109489 0.0006 0.0112

BiNN 0.000909 8.27E-07 -5892127 0.0004 0.0267

TriNN 0.000916 8.39E-07 -5982461 0.0005 0.0198

LR 2.16E-07 4.66E-14 0.667978 1.60E-07 0.8173
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Table 4.7: Performance results of various machine learning models for predicting cloud liquid

water content (CLWC) in 2021 testing dataset.

Model Type

MAE

(kg/m3)

(Test)

MSE

(kg/m3)2

(Test)

RMSE

(kg/m3)

(Test)

R2

(Test)

Corr

(Test)

Fine Tree 7.26E-08 1.84E-14 1.36E-07 0.8692 0.9331

Medium Tree 7.58E-08 1.82E-14 1.35E-07 0.8704 0.9332

Coarse Tree 8.17E-08 1.96E-14 1.40E-07 0.8608 0.9279

Boosted Tree 1.14E-07 2.93E-14 1.71E-07 0.7913 0.8925

Bagged Tree 7.26E-08 1.50E-14 1.23E-07 0.8932 0.9452

NNN 0.00067 9.37E-07 0.00097 -6.665E6 0.2016

MNN 0.00064 9.51E-07 0.00098 -6.762E6 0.0114

WNN 0.00062 1.00E-06 0.001 -7.117E6 0.0127

BiNN 0.00039 9.84E-07 0.00099 -6.996E6 0.0273

TriNN 0.00064 9.84E-07 0.00099 -6.998E6 0.0227

LR 1.60E-07 4.67E-14 2.16E-07 0.6675 0.817

The bar plot in Figure 4.10 serves as an extended illustration of the Tables 4.6 and 4.7,

capturing the comparative performance of the various machine learning algorithms across

the entire 2021 year data. It visually compares the RMSE, MSE, and MAE across training

and testing datasets, highlighting the better performance of decision tree models, especially

Bagged Trees. In this figure, the decibel (dB) scale is used to represent error metrics such as

RMSE, MSE, and MAE. Lower dB values indicate reduced error and, consequently, better

model performance.
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Figure 4.10: Comparative performance of various machine learning models on training and

testing datasets for 2021, as measured by RMSE, MSE, and MAE metrics, presented on a

logarithmic decibel (dB) scale. Lower dB values indicate smaller errors and better model

performance.

Figures 4.11, 4.12, 4.13 and 4.14 present scatter and 2D histogram plots that pro-

vide a comprehensive visual narrative of multiple machine learning models’ effectiveness in

predicting CLWC across training and testing datasets.

The Fine Tree and Bagged Tree models result in good accuracy in the training dataset

analysis, as shown in Figure 4.11. Their scatter plots are characterized by densely packed dots

along the diagonal, suggesting that most predictions closely match the actual measurements.

The Bagged Tree, in particular, has a tighter cluster of data points, suggesting its somewhat

higher accuracy. The Medium Neural Network (MNN) and Linear Regression (LR) models

have greater dispersion in their plots. The scatter plot of the MNN displays points that

deviate significantly from the diagonal, especially at the extremities of the response axis,
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demonstrating its negative R-squared values. Meanwhile, the LR model’s figure shows a

dense concentration at lower values that progressively disperses at higher levels.

(a) (b)

(c) (d)

Figure 4.11: Scatter density plots with color maps of the expected vs. actual CLWC of the

2021 year training dataset using different ML algorithms; (a) Bagged tree, (b) Fine tree, (c)

Linear regression, and (d) Medium neural network.

Figure 4.12 re-configures this visual analysis by displaying 2D histogram plots for the full-

year training dataset. The plot of the Bagged Tree model shows a diagonal concentration

of high-density values, particularly at lower response ranges, indicating its low-error, high-

correlation profile estimations. The Fine Tree plot, on the other hand, while still showing
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high diagonal density, has a slightly wider color spread. The MNN plot deviates significantly

from the predicted diagonal pattern, illustrating the model’s relatively poor performance.

(a) (b)

(c) (d)

Figure 4.12: 2D histogram plots with color maps of expected vs. actual CLWC based on the

2021 year training dataset using different ML algorithms; (a) Bagged tree, (b) Fine tree, (c)

Linear regression, and (d) Medium neural network. The color map indicates the frequency

of data points, with different colors showing varying densities.

The scatter density plots for the testing dataset, as shown in Figure 4.13, present the

tested and verified performances of the ML algorithms. The Bagged Tree model provides

accurate predictions that closely match actual responses, producing a dense cluster along the
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center line, which supports the high R-squared and Correlation Coefficient values. Although

the Fine Tree model has a slightly more distributed scatter of points, it still has good

prediction accuracy. In contrast, the MNN model’s plot for the testing dataset deviates

significantly from the predicted diagonal, with predictions dispersed over the plot, showing

difficulty in generating correct predictions and potential overfitting or structural problems.

The plot of the LR model indicates a band of modest density at the lower end of the predicted

values, gradually decreasing with larger values, confirming the model’s limits in capturing

the entire complexity of the dataset.
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(a) (b)

(c) (d)

Figure 4.13: Scatter density plots with color maps of expected vs. actual CLWC based on

the 2021 year testing dataset using different ML algorithms; (a) Bagged tree, (b) Fine tree,

(c) Linear Regression (LR), and (d) Medium Neural Network (MNN) .

The 2D histogram plots in Figure 4.14 for the testing dataset reflect the same patterns

observed during the training phase. The Fine Tree and Bagged Tree models maintain high-

density values at decreasing response levels. The MNN model, on the other hand, continues

to have fitting issues, with its plot displaying significant deviations from the diagonal even

during testing. The LR model’s 2D histogram plot shows a density gradient comparable to

the training phase data.
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(a) (b)

(c) (d)

Figure 4.14: 2D histogram plots with color maps of expected vs. actual CLWC based on the

2021 year testing dataset using different ML algorithms; (a) Bagged tree, (b) Fine tree, (c)

Linear regression, and (d) Medium neural network. The color map indicates the frequency

of data points, with different colors showing varying densities.

The group of profiles presented in Figure 4.15 offers a comparative visualization of CLWC

predictions from three distinct machine learning models (Bagged Trees, Fine Tree, and Linear

Regression) against actual measured values from Radiosondes across varying pressure levels.

These profiles are selected randomly at various times and under different environmental
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conditions. The y-axis in each subfigure has been reversed to represent the actual altitudes

accurately.

These sample profiles demonstrate that the Bagged Trees and Fine Tree models closely

follow the actual CLWC values across the pressure levels. This consistency is particularly ev-

ident in profiles like a, b, d, and e, where the correlation coefficients are very high, suggesting

high prediction accuracy. In contrast, the Linear Regression model, while generally matching

the trend of actual CLWC values, tends to diverge at specific pressure levels. For instance,

profiles b, e, and g show scenarios where Linear Regression predictions differ significantly

from the real observations at nearly all pressure levels, resulting in the lowest correlation

coefficients. This divergence highlights the model’s limitations in adapting to the non-linear

nature of atmospheric data, as linear techniques may not adequately capture the dynamics

of cloud formation.
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(a) (b) (c)

(d) (e) (f)

(g) (h)

Figure 4.15: Vertical profiles of actual vs predicted CLWC values using Fine tree, linear

regression, and Bagged tree.

Figure 4.16 shows Partial Dependency Relationship (PDR) plots generated by the Bagged

Tree model for both training and testing datasets and provides a deeper understanding of how
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different meteorological factors impact the prediction of the CLWC. These subfigures depict

a visual link between the input features (pressure (kPa), temperature (k), relative humidity

(RH) (%), and specific humidity (SH) (kg/kg)) and the predicted CLWC, demonstrating the

interpretability and prediction capability of the Bagged Tree model.

The pressure dependency plot correlates with expected atmospheric conditions: as pres-

sure decreases with altitude, predicted CLWC generally increases. This trend reflects the

higher moisture capacity of warmer air at lower altitudes. However, between 200 to 700 hPa,

CLWC first increases then decreases as altitude decreases, indicating the nuanced impact of

temperature changes and condensation at different atmospheric layers. The temperature

correlation exhibits a sharp CLWC increase as temperatures warm from 240 K to 250 K,

aligning with the air’s enhanced moisture capacity. However, between 250 K and 270 K,

this upward trend in CLWC moderates, signaling a nearing saturation point. Beyond 270

K, a slight decrease in CLWC could indicate the beginnings of condensation, where the air’s

capacity for water vapor declines.

Similarly, the relationship with relative humidity is marked by a steady CLWC ascent

from low RH levels, with a significant increase from 60% RH to full saturation, reflecting

the exponential increase in moisture content as the air becomes fully saturated. The most

notable increase in CLWC is observed as RH nears 100%, the point at which the air holds

the maximum water vapor before excess moisture condenses.

Finally, the plot against specific humidity underscores an initial sharp CLWC rise with

increasing SH up to 0.003 kg/kg, followed by a gradual decrease, where moisture addition is

in equilibrium with the air’s holding capacity.

129



(a) (b)

(c) (d)

Figure 4.16: Partial Dependency Relationship (PDR) plots between predicted CLWC and

(a) pressure (kPa), (b) temperature (K), (c) relative humidity (RH) (%), and (d) specific

humidity (SH) (kg/kg) of the 2021 dataset.

4.6.2 Performance Evaluations Based on Grouped Datasets

The results from the grouped training dataset, as listed in Table 4.8, indicate that the Bagged

Tree model has the best performance for the Group 1 dataset. It achieves the lowest RMSE

(4.5517E-10 kg/m³) and MSE (2.0718E-19 (kg/m³)²), a high R-squared (0.9214) as well

as a strong Correlation Coefficient (0.9602). The Fine Tree and Medium Tree outperform
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the Coarse Tree regarding lower RMSE and MSE. The WNN model, on the other hand,

has a high RMSE and a negative R-squared, indicating a poor fit to the training data.

The Bagged Tree model also performs better in the other groups, with the lowest RMSE

and MSE and the greatest R-squared and Correlation Coefficient. While significantly less

exact, the Fine Tree and Medium Tree still show good R-squared values. The WNN model

continually trails, with a poor predicting ability. Similar results are observed when focusing

on the testing dataset in Table 4.9. In Group 1, the Bagged Tree model has the lowest RMSE

(4.4232E-10 kg/m³) and MSE (1.9565E-19 (kg/m³)²), as well as a high R-squared (0.9257)

and Correlation Coefficient (0.9624). The Fine Tree and Medium Tree models also perform

well but with slightly higher RMSE and MSE values. The WNN model, on the other hand,

suggests significant errors due to its very high RMSE and MSE and negative R-squared.

In Groups 2 and beyond, the Bagged Tree model has the lowest RMSE and MSE and the

greatest R-squared and Correlation Coefficient.

Both tables confirm the Bagged Tree model’s better accuracy and consistency in pre-

dicting CLWC profiles across all groups. The Fine Tree and Medium Tree also demonstrate

effective predictive capabilities, while the WNN model constantly underperforms, indicating

its unsuitability for this specific task.
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Table 4.8: Performance results of machine learning models across different groups in the

2021 training dataset for CLWC prediction.

Model Type

RMSE

(kg/m3)

(Valid)

MSE

(kg/m3)2

(Valid)

R2

(Valid)

MAE

(kg/m3)

(Valid)

Corr

(Valid)

Group 1 Bagged Tree 4.5517E-10 2.0718E-19 0.9214 2.4597E-10 0.9602

Group 1 Coarse Tree 5.8547E-10 3.4278E-19 0.8699 3.1239E-10 0.9328

Group 1 Fine Tree 5.0861E-10 2.5869E-19 0.9018 2.3183E-10 0.9502

Group 1 MTree 5.2819E-10 2.7898E-19 0.8941 2.6449E-10 0.9458

Group 1 WNN 0.0010 1.0007E-06 -3.8E+11 0.0007 -0.0061

Group 2 Bagged Tree 5.0486E-08 2.5488E-15 0.9431 2.9379E-08 0.9713

Group 2 Coarse Tree 6.5912E-08 4.3443E-15 0.903 3.7781E-08 0.9503

Group 2 Fine Tree 5.6928E-08 3.2408E-15 0.9276 2.8926E-08 0.9634

Group 2 MTree 5.9069E-08 3.4892E-15 0.9221 3.2124E-08 0.9603

Group 2 WNN 0.0010 1.0022E-06 -2.2E+07 0.0006 0.0011

Group 3 Bagged Tree 1.7075E-07 2.9154E-14 0.9143 1.1475E-07 0.9564

Group 3 Coarse Tree 2.0711E-07 4.2896E-14 0.8739 1.3579E-07 0.9348

Group 3 Fine Tree 1.7442E-07 3.0422E-14 0.9105 1.0308E-07 0.9546

Group 3 MTree 1.8390E-07 3.3820E-14 0.9005 1.1515E-07 0.9491

Group 3 WNN 0.0010 9.9355E-07 -2.92E+5 0.0006 -0.0227

Group 4 Bagged Tree 1.1477E-07 1.3173E-14 0.9468 6.8201E-08 0.9733

Group 4 Coarse Tree 1.5916E-07 2.5333E-14 0.8977 9.1938E-08 0.9475

Group 4 Fine Tree 1.2584E-07 1.5837E-14 0.936 6.4137E-08 0.9677

Group 4 MTree 1.3629E-07 1.8575E-14 0.925 7.4436E-08 0.9618

Group 4 WNN 0.0010 1.0086E-06 -4.07E+5 0.0006 0.0093

Group 5 Bagged Tree 6.2127E-09 3.8598E-17 0.8962 3.4750E-09 0.9467

Group 5 Coarse Tree 7.1115E-09 5.0573E-17 0.864 3.9856E-09 0.9296

Group 5 Fine Tree 7.3600E-09 5.4169E-17 0.8543 3.7778E-09 0.9257

Group 5 MTree 7.0198E-09 4.9277E-17 0.8674 3.7834E-09 0.9317

Group 5 WNN 0.0010 1.0161E-06 -2.7E+09 0.0007 0.0222
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Table 4.9: Performance results of machine learning models across different groups in the

2021 testing dataset for CLWC prediction.

Model Type

RMSE

(kg/m3)

(Test)

MSE

(kg/m3)2

(Test)

R2

(Test)

MAE

(kg/m3)

(Test)

Corr

(Test)

Group 1 BaggedTree 4.4232E-10 1.9565E-19 0.9257 2.3492E-10 0.9624

Group 1 CoarseTree 5.7609E-10 3.3188E-19 0.8739 3.0211E-10 0.9349

Group 1 FineTree 4.8980E-10 2.3991E-19 0.9089 2.1636E-10 0.9538

Group 1 MTree 5.1583E-10 2.6608E-19 0.8989 2.5191E-10 0.9483

Group 1 WNN 0.0010 1.0331E-06 -3.9E+11 0.0007 -0.0107

Group 2 BaggedTree 4.7743E-08 2.2794E-15 0.9493 2.7651E-08 0.9745

Group 2 CoarseTree 6.3104E-08 3.9821E-15 0.9113 3.5952E-08 0.9547

Group 2 FineTree 5.3840E-08 2.8988E-15 0.9355 2.6836E-08 0.9674

Group 2 MTree 5.5793E-08 3.1128E-15 0.9307 2.9933E-08 0.9648

Group 2 WNN 0.0010 1.0192E-06 -2.3E+07 0.0006 0.0212

Group 3 BaggedTree 1.6658E-07 2.7749E-14 0.9188 1.1128E-07 0.9588

Group 3 CoarseTree 2.0082E-07 4.0330E-14 0.8819 1.3069E-07 0.9391

Group 3 FineTree 1.6676E-07 2.7808E-14 0.9186 9.8072E-08 0.9587

Group 3 MTree 1.7551E-07 3.0804E-14 0.9098 1.0907E-07 0.9539

Group 3 WNN 0.0010 9.7717E-07 -2.86E6 0.0006 -0.0011

Group 4 BaggedTree 1.1017E-07 1.2138E-14 0.9509 6.5126E-08 0.9754

Group 4 CoarseTree 1.5279E-07 2.3343E-14 0.9057 8.8267E-08 0.9517

Group 4 FineTree 1.2018E-07 1.4443E-14 0.9416 6.1437E-08 0.9706

Group 4 MTree 1.2948E-07 1.6765E-14 0.9323 7.0355E-08 0.9656

Group 4 WNN 0.0010 1.0013E-06 -4.05E6 0.0006 0.0028

Group 5 BaggedTree 6.1384E-09 3.7680E-17 0.8988 3.4144E-09 0.9481

Group 5 CoarseTree 7.0506E-09 4.9711E-17 0.8665 3.9368E-09 0.9309

Group 5 FineTree 7.2182E-09 5.2102E-17 0.8601 3.6885E-09 0.9286

Group 5 MTree 6.8916E-09 4.7494E-17 0.8724 3.7042E-09 0.9343

Group 5 WNN 0.0010 1.0099E-06 -2.7E+09 0.0007 -0.0277
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The bar plots in Figure 4.17 summarize the comparative study of the performance mea-

sures for the machine learning models, as discussed before in the discussion on grouped

datasets. The visual representation of each statistic through different colored bars empha-

sizes the Bagged Tree model constantly presents the lowest RMSE and MSE values, aligning

with the findings based on Tables 4.8 and 4.9.

(a) (b)

Figure 4.17: Performance metrics comparison across machine learning models for grouped

data, shown for validation and test datasets. Metrics are presented on a logarithmic decibel

(dB) scale, where lower dB values signify reduced errors and improved model performance.

Next, Figures 4.18 and 4.19 show the scatter density plots for Groups 1 to 5 in both the

training and testing phases, respectively. The Fine Tree and Bagged Tree models in Group

1 align well with the actual CLWC values throughout the training period. This alignment

is most noticeable in the Bagged Tree model, especially at lower CLWC values. In contrast,

the WNN model has a widely dispersed distribution of predictions that deviates significantly

from the diagonal. In Group 2, the Bagged Tree model maintains better predictive symmetry

and clear clusters along the diagonal, strengthening its reliability and consistency. The Fine

Tree model, while still closely matching the actual data, has a broader range. The WNN

model, continuing the pattern from Group 1, shows extensive dispersion. These observed

behaviors are consistent in the remaining groups and the testing phase results.
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Figure 4.18: Scatter density plots with color maps within of expected vs. actual CLWC of

the groups’ training dataset using different ML algorithms; (a) Group 1, Bagged tree, (b)

Group 1, Fine tree, (c) Group 1, Wide Neural network, (d) Group 2, Bagged tree, (e) Group

2, Fine tree, (f) Group 2, Wide Neural network, (g) Group 3, Bagged tree, (h) Group 3,

Fine tree, (i) Group 3, Wide Neural network, (j) Group 4, Bagged tree, (k) Group 4, Fine

tree, (l) Group 4, Wide Neural network, (m) Group 5, Bagged tree, (n) Group 5, Fine tree,

(o) Group 5, Wide Neural network.
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(m) (n) (o)

Figure 4.19: Scatter density plots with color maps within of expected vs. actual CLWC of

the groups’ testing dataset using different ML algorithms; (a) Group 1, Bagged tree, (b)

Group 1, Fine tree, (c) Group 1, Wide Neural network, (d) Group 2, Bagged tree, (e) Group

2, Fine tree, (f) Group 2, Wide Neural network, (g) Group 3, Bagged tree, (h) Group 3,

Fine tree, (i) Group 3, Wide Neural network, (j) Group 4, Bagged tree, (k) Group 4, Fine

tree, (l) Group 4, Wide Neural network, (m) Group 5, Bagged tree, (n) Group 5, Fine tree,

(o) Group 5, Wide Neural network.
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Furthermore, in examining the CLWC predictions, Figures 4.20 and 4.21 display the 2D

histogram plots for the Fine Tree, Bagged Tree, and WNN models. Figure 4.20 illustrates

the data from the training dataset, while Figure 4.21 focuses on the testing dataset data.

During the training phase, Groups 1–3 illustrate the Fine Tree and Bagged Tree models’

ability to predict CLWC values, as evidenced by the intense colors around the middle diagonal

line. The Bagged Tree model, in particular, presents a constant and uniform distribution

over the CLWC range, implying a reliable performance regardless of climatic variability.

This robust predictive capability is reinforced in Groups 4 and 5, where the Bagged Tree

model maintains its broad and uniform distribution pattern. The WNN model, on the other

hand, continues to deviate significantly from expected predictive behaviors in each group.

Its density plots consistently show a clustering of predictions away from the diagonal line,

proving this model’s inaccuracy in CLWC predictions. Similar results are also demonstrated

in the testing phase results.
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Figure 4.20: 2D histogram plots with color maps within of expected vs. actual CLWC of the

groups’ training dataset using different ML algorithms; (a) Group 1, Bagged tree (BT), (b)

Group 1, Fine tree (FT), (c) Group 1, Wide Neural network (WNN), (d) Group 2, BT, (e)

Group 2, FT, (f) Group 2, WNN, (g) Group 3, BT, (h) Group 3, FT, (i) Group 3, WNN, (j)

Group 4, BT, (k) Group 4, FT, (l) Group 4, WNN, (m) Group 5, BT, (n) Group 5, FT, (o)

Group 5, WNN. The color map indicates the frequency of data points, with different colors

showing varying densities.
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Figure 4.21: 2D histogram plots with color maps within of expected vs. actual CLWC of the

groups’ testing dataset using different ML algorithms; (a) Group 1, Bagged tree (BT), (b)

Group 1, Fine tree (FT), (c) Group 1, Wide Neural network (WNN), (d) Group 2, BT, (e)

Group 2, FT, (f) Group 2, WNN, (g) Group 3, BT, (h) Group 3, FT, (i) Group 3, WNN, (j)

Group 4, BT, (k) Group 4, FT, (l) Group 4, WNN, (m) Group 5, BT, (n) Group 5, FT, (o)

Group 5, WNN. The color map indicates the frequency of data points, with different colors

showing varying densities.
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Figure 4.22 contains 15 plots comparing the predicted CLWC profiles against the actual

CLWC profiles. This figure illustrates the Bagged Tree model’s ability to predict CLWC

across various atmospheric pressures for five distinct climatological groups. Figure 4.22

starts with the first three subfigures showing the comparison of CLWC profiles for group 1,

followed by the next three subfigures for group 2, and so on for the remaining groups. The

y-axis in each subfigure has been reversed to represent the actual altitudes accurately. For

each climatological group, the predicted CLWC profiles are presented alongside the actual

CLWC values at different times. The Bagged Tree model consistently aligns its predictions

with the actual CLWC profiles across all examples, evidenced by the high correlation coeffi-

cients ranging from 0.983 to 0.996. This indicates the model’s robust performance across all

atmospheric pressure levels and adaptability in varying climatic conditions.
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Figure 4.22: Vertical profiles of actual vs predicted CLWC values for the groups’ data using

the Bagged tree.
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4.7 Conclusions

This chapter developed a machine learning (ML)-based methodology for estimating Cloud

Liquid Water Content (CLWC) profiles by integrating ERA5 climatic data from the Eu-

ropean Centre for Medium-Range Weather Forecasts (ECMWF) with detailed atmospheric

observations from Hong Kong throughout 2021. One important aspect of this work was

the use of ML-driven interpolation methods to align ERA5 data with radiosonde measure-

ments. By effectively handling discrepancies in altitude, date, and time, these interpolation

models ensured the reliable integration of both datasets. This method allowed for accurate

temperature and relative humidity predictions, making it a vital part of the data validation

process. The ability of the interpolation models to bridge data gaps contributed significantly

to the overall accuracy of CLWC predictions, demonstrating their effectiveness in real-world

applications. A key novel contribution of this study was the development of a metaheuristic

algorithm for preprocessing the ERA5 data, which significantly enhanced the correlation

between input features such as temperature, pressure levels, relative humidity, and spe-

cific humidity, and the target CLWC. This data-cleaning approach was designed to remove

anomalies and noise, ensuring that the patterns modeled by the ML algorithms reflected

true atmospheric phenomena rather than data artifacts. The novelty of this approach lies

in its ability to preserve both linear and non-linear relationships between the observations

and CLWC, which is an improvement over traditional methods that may oversimplify these

complex relationships. As a result, this preprocessing step ensured that the ML models

could predict CLWC more accurately. Furthermore, the dataset was segmented into groups

based on similar atmospheric features, allowing for the use of specific ML models tailored

to different climatic conditions. A comprehensive evaluation of the 2021 data revealed that

decision tree models, particularly the Fine Tree, exhibited high accuracy, with the lowest

RMSE and MSE values, and showed a strong fit to the data through high R-squared val-

ues. Among the ensemble models, the Bagged Tree model demonstrated the best predictive

accuracy across both full-year and grouped monthly datasets. These results indicate the
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superiority of tree-based models for handling the complex, dynamic nature of CLWC data.

In contrast, shallow neural network (NN) architectures, particularly those using the ReLU

activation function, underperformed due to inactive neurons, leading to degraded results.

This highlights the limitations of certain neural network architectures for this particular

problem and underscores the strength of ensemble models in this study. Looking ahead,

the methods developed in this study will be extended to test their effectiveness in diverse

environmental scenarios and to explore their integration into operational forecasting sys-

tems. Future efforts will involve refining the models with more advanced data preprocessing

techniques and incorporating additional atmospheric parameters to improve the accuracy of

CLWC predictions further. An important future step will be comparing ML predictions of

CLWC with data from ground-based instruments and satellites, such as microwave radiome-

ters and MODIS, to validate and enhance the models. Additionally, this work will explore

real-time applications of these models, with the aim of incorporating them into disaster

management systems and climate monitoring frameworks. Finally, exploring adaptive ML

models that can be updated in real-time as new data becomes available will help improve

the models’ robustness and adaptability to dynamic atmospheric conditions. These adaptive

models would offer more scalable solutions and could further extend the operational use of

ML in atmospheric prediction.
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Table 4.4: Enhanced CLWC Correlations Post-Cleaning for the Full-Year Data. ρ is the

Correlation Coefficient.

CLWC

Old ρ

CLWC

New ρ

Parameters

Pressure 0.21 0.68 [next, percentiles, movmean, 29.87, 6.63, 91.37,

1.32]; [center, percentiles, movmean, 92.41,

0.43, 82.82, 1.17]

Temperature 0.20 0.69 [center, percentiles, gaussian, 166.88, 17.80,

90.84, 1.20]; [center, percentiles, movmean,

92.41, 0.43, 82.82, 1.171]

Relative Hu-

midity

0.27 0.76 [next, percentiles, gaussian, 169.08, 4.68, 96.75,

1.62]; [center, percentiles, movmean, 92.41,

0.43, 82.82, 1.17]

Specific Hu-

midity

0.22 0.73 [linear, percentiles, movmedian, 157.10, 1.64,

91.09, 1.18]; [center, percentiles, movmean,

92.41, 0.43, 82.82, 1.171]
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Table 4.5: CLWC Correlation Improvements by Climatic Group Post-Optimization.

CLWC Old ρ CLWC New ρ

Pressure (Group 1) 0.17138 0.61926

Temperature (Group 1) 0.15363 0.63219

RH (Group 1) 0.32388 0.76979

SH (Group 1) 0.27575 0.62938

Pressure (Group 2) 0.27649 0.7771

Temperature (Group 2) 0.24738 0.74314

RH (Group 2) 0.34682 0.79723

SH (Group 2) 0.33006 0.77009

Pressure (Group 3) 0.21278 0.81672

Temperature (Group 3) 0.21516 0.63519

RH (Group 3) 0.21088 0.71134

SH (Group 3) 0.18394 0.72645

Pressure (Group 4) 0.21288 0.77817

Temperature (Group 4) 0.20554 0.60512

RH (Group 4) 0.25367 0.74477

SH (Group 4) 0.20274 0.66778

Pressure (Group 5) 0.1898 0.63489

Temperature (Group 5) 0.17305 0.66359

RH (Group 5) 0.30275 0.79155

SH (Group 5) 0.27845 0.72957
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Chapter 5

Identification and Mitigation of 5G Interference for

Radar Altimeters

5.1 INTRODUCTION

Radar Altimeters (RAs), also known as radio altimeters, are critical commercial and civil

aircraft sensors that improve safety and navigation at all phases of flight (ITU 2003). These

devices enhance situational awareness by measuring clearance height above terrain and po-

tential obstacles, assisting Automatic Flight Guidance and Control Systems (AFGCS) during

instrument approaches, and contributing to systems such as the Engine-Indicating and Crew-

Alerting System (EICAS), Predictive Wind Shear (PWS), and Electronic Centralized Air-

craft Monitoring (ECAM) (Benveniste 2011). In civil and commercial aircraft, up to three

radar altimeters can be employed simultaneously to guarantee accurate altitude measure-

ments. These altimeters, which include pulsed and frequency-modulated continuous-wave

(FMCW) radars, measure the aircraft’s above-ground level (AGL) height by emitting radio

frequency (RF) energy to the ground and measuring the round-trip propagation time of the

reflected energy (Coleman 2001).

The introduction of 5G technology marks an advancement in communication capabilities,

providing higher data speeds and connectivity for diverse applications worldwide (Shafi et al.

2017). As countries rapidly deploy these networks, using the C-band spectrum for 5G systems
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has not fully considered the electromagnetic compatibility issues with other systems using

the C-band spectrum. For example, agencies are reallocating a portion of the 3.7–4.2 GHz

frequency band for 5G use, with the 3.7–3.98 GHz spectrum being assigned to new licensees

since December 2020. This reallocation places the 5G frequencies close to those used by

radar altimeters, raising concerns about potential signal interference (Amaireh and Zhang

2023). Such interference could degrade altimeter functionality, significantly endangering

aviation safety. Two types of 5G fundamental radiations might cause interference to the radar

altimeter: emissions within the source’s operating frequency band (in-band) and spurious

emissions falling inside the 4.2-4.4 GHz band (out-of-band) (RTCA 2020).

As part of the existing solutions, band-pass filters (BPF) were incorporated to control

the interference in the 3.7 to 3.98 GHz range. These filters are suitable for direct integration

with radar altimeter systems. However, while these static filters provide an immediate

solution, they cannot adapt to the rapidly evolving 5G spectrum and unexpected signal

variations. Also, another study in (Electronics 2023) discusses using BPFs optimized for

minimal propagation delays and sharp transitions, which are effective in controlled scenarios

but require precise engineering to match specific interference profiles, making them less

adaptable in variable conditions. Furthermore, the study in (Kyriakos 2023) employs a more

dynamic approach by adjusting its frequency response based on altitude measurements.

While this is an improvement over static filters, it still cannot handle unexpected conditions.

In contrast, the digital-signal-processing method offers significant advantages by continually

adapting and learning from data, making it highly effective in environments with variable

5G interference (Jiang et al. 2023). ML models effectively handle complex, non-linear data

relationships, making them suitable for aviation environments where traditional filters may

fail (Cai et al. 2021). ML enhances radar system efficiency by automating adjustments and

leveraging real-time data, which reduces costs and minimizes errors (Lang et al. 2020). The

initial data and computing infrastructure investment pays off by decreasing the need for

manual re-calibrations and lowering maintenance costs. ML’s scalability allows for ongoing
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updates without hardware modifications, offering cost-effectiveness over time (Lang et al.

2020).

This chapter uses Machine Learning (ML) models and algorithms to classify radar al-

timeter signals subjected to 5G NR interference and improve the accuracy of altitude mea-

surements in the presence of potential 5G interference in radar altimeters. Figure 5.1 shows

a flow chart detailing all of the steps included in this chapter. The technique begins with

careful signal collection and validation using a low-cost Software-Defined Radio (SDR), re-

sulting in a dataset that supports examining interference risks such as spurious emissions,

receiver front-end overloading, receiver desensitization, and inter-modulation products. The

study simulates radar altimeter signals and refines the dataset to include around 20,000 sig-

nals across a 1.676-kilometer range to ensure a wide variety of data for training and testing.

The preprocessing step begins with segmenting the 5G base station signals and re-scaling

them to emulate various interference levels, followed by mitigating outliers from the data

before employing them in the ML processes. Subsequently, ML classification models are im-

plemented to differentiate between the radar altimeter signals and 5G NR interference while

also considering the particular challenges presented by different waveform characteristics.

After detecting interference, two ML models are used to estimate flight altitudes for radar

waveforms using down and up-frequency sweeps. By averaging the altitude predictions from

these two models, a more accurate and consistent measurement is achieved. The chapter

concludes with a detailed comparison of the ML models’ performance, illustrating their ef-

fectiveness and the effect of frequency modulation sweep direction on altitude prediction in

the presence of 5G interference.

The key novelty in this work is the use of machine learning to effectively classify radar

altimeter signals and mitigate interference caused by 5G networks. Unlike previous studies

that focused on static or hardware-based filtering solutions, this study demonstrates that

ML models can successfully distinguish radar signals from interference while also providing

accurate altitude estimations under varying interference conditions. To the best of our
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Figure 5.1: Complete processing flow for classifying and mitigating 5G interference in radar

altimeter signals using a machine learning framework.

knowledge, this is the first work to address the issue of 5G interference in radar altimeters and

resolve it using ML. While the real-time application was not implemented in this research,

the ML models trained and tested here show potential for integration into real-time systems,

offering more flexible and adaptive solutions than conventional methods. By leveraging

the strengths of ML, this work presents a promising solution for handling high-interference

environments, which could improve aviation safety in future applications.
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The rest of this chapter is organized as follows: Section 5.2 describes the data collection

process, including the methods for 5G signal collection, verification, and using a radar al-

timeter simulator to emulate 5G interference. Section 5.3 details the methodology, covering

feature extraction from time-domain and frequency-domain data, preprocessing steps, per-

formance evaluation metrics, and the machine learning algorithms and methods utilized in

this study. Section 5.4 presents the results and discussion, including classification and alti-

tude prediction results, with specific cases for up-sweep and down-sweep scenarios. Finally,

Section 5.5 concludes the chapter and suggests future work.

5.2 Data Collection

5.2.1 5G Signal Sampling and Data Collection

The ADALM-PLUTO Software-Defined Radio (SDR) was used to collect 5G signals at a

center frequency of 3.7 GHz, which is adjacent to the aviation radar altimeter range of 4.2-

4.4 GHz. The ADALM-PLUTO, which has an operating range of up to 3.8 GHz, was tuned

to a central frequency of 3.7 GHz and configured for high-precision capture at 2 million

samples per frame. This configuration enabled us to collect a diverse dataset of 1000 signal

frames across various times, locations, and weather conditions, providing insights into 5G

signal behavior and its potential for interference with adjacent bands. Focusing on the 3.7

GHz band, particularly the n77/n78 5G bands, allowed us to explore possible interference

with radar altimeters.

5.2.1.1 Verification of 5G Signal

To confirm that the collected signals are from actual 5G base stations, the cross-correlation

with key 5G synchronization signals: the Primary Synchronization Signal (PSS) and the

Secondary Synchronization Signal (SSS) was investigated. These signals, broadcast by base

stations, are critical for mobile devices to identify and synchronize with the network, hence
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initiating the cell search process. The PSS, with its high autocorrelation and specific struc-

ture, aids in accurate time synchronization and identifies the cell’s Physical Layer Cell Iden-

tity Group (PCI Group). Following PSS detection, the SSS refines the cell identification

and is required to determine the frame boundary and access broadcast channel information.

Cross-correlating the received signal with PSS and SSS sequences effectively confirms their

presence. Distinct peaks in the correlation output signal the alignment of the received signal

with these sequences, indicating genuine 5G NR signals.

In addition, the power spectrum density plots shown in Figure 5.2 display a prominent

peak at the center, characteristic of the carrier frequency used in 5G communications. The

shape of the power spectrum, with its distinct roll-off, further supports the spectral profiles

expected of 5G NR transmissions. The cross-correlation analysis using the PSS, as shown in

Figure 5.3 (a), produces noticeable peaks that rise above the noise level. These peaks indicate

the PSS within the received signal. Similarly, Figure 5.3 (b) shows that the cross-correlation

with the SSS. The presence of significant peaks at specified lags verifies the detection of the

SSS.

Figure 5.2: Power Spectrum of the Received 5G Signal.
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Figure 5.3: Cross-Correlation Analysis with (a) Primary Synchronization Signal (PSS), and

(b) Secondary Synchronization Signal (SSS).

5.2.2 Simulation of Radar Altimeters

A system simulation of an FMCW radar altimeter was developed and used to generate radar

I/Q data. The radar parameters are detailed in Table 5.1. Waveform and sensor parameters

are set to simulate the airplane landing process beginning at an altitude of 1,676 meters.

The simulation includes the ability to adjust different losses, terrain types, etc. Around

20,000 radar signal samples are simulated for various aircraft altitudes. Standard FMCW

radar signal processing (Boris Atayants 2014) is applied for the altitude estimations, which

are updated at a 10 Hz rate.

Figure 5.4 displays spectrograms of the received radar altimeter signals at altitudes of

1493.29 m, 969.68 m, 371.51 m, and 76.57 m, respectively. Signal strength visibly increases

as altitude decreases, marked by the values changing in warmer colors. The pattern structure

in the spectrograms at higher altitudes is potentially caused by the radar’s antenna beam

coverage at higher altitudes. This spreads across frequencies, particularly when the radar

approaches its maximum altitude of 1,676 meters. As the altitude decreases, the radar’s

footprint narrows, and the spectrum spreading decreases, leading to “straight line” type

152



Table 5.1: Parameters of the FMCW radar altimeter used in the simulation.

Parameter Value

Center Frequency 4.3 GHz

Bandwidth 150 MHz

Chirp Repetition Frequency (CRF) 22 KHz

Antenna Beamwidth 40 degrees

Transmitter Power 0.4 W

Maximum Range 1,676 m

Sweep Direction Triangle

Noise Figure 8 dB

of spectral patterns. This characteristic is one of the possible features used in the ML

algorithms to discriminate radar signals from 5G-base station signals from the ground.

5.2.3 Emulating Radar Altimeter Signals and 5G RFI

Integrating real 5G and simulated radar signals through time-domain superposition of In-

phase and Quadrature (IQ) data was performed. A segmentation approach was applied to

handle the challenge of time sampling in the captured 5G signals. This technique maintained

the integrity of 5G interference characteristics while simplifying the number of input features

for effective machine learning (ML) training. Following segmentation, the airplane landing

process was simulated with two critical factors: the increase in radar altimeter signal power

as the aircraft descends and the rise in 5G interference levels caused by the aircraft’s prox-

imity to the 5G base stations. For the detection and 5G-RFI classification, the interference

was classified into four level categories during descent: low (for altitudes between 1,676 and

1,138 meters), moderate (for altitudes between 1,138 and 782.6154 meters), high (for alti-

tudes between 782.6154 and 427.5399 meters), and extreme (for altitudes between 427.5399
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Figure 5.4: Spectrogram of the sample FMCW radar altimeter signals at the following

altitudes: (a) 1493.29 meters, (b) 969.68 meters, (c) 520.92 meters, and (d) 76.57 meters.

meters and the ground). The raw 5G signal segments were rescaled to match the simulated

aircraft altitudes, using statistical power values from radar altimeter signals at each altitude.

Furthermore, the re-scaled 5G and radar altimeter signals were randomly combined for each

interference category. Mixing the adjusted 5G interference signals with the simulated radar

altimeter signals produced a dataset reflecting the full range of interference levels correlated

with the aircraft’s altitude. Figure 5.5 illustrates spectrograms for different signals at dif-

ferent altitudes before (“pure” signal) and after adding the interference signals to the pure
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radar altimeter signals. As the simulated spectrum shows, the Radio Frequency Interference

(RFI) from the 5G signals mainly affects the radar altimeter through the out-of-band (OOB)

spectrum. It can be more significant at some time due to its noise-like nature. At a lower

altitude of 371.51 meters with high interference, there is a noticeable distortion in the signal’s

spectral components, illustrating the interference’s significant impact. The effect of interfer-

ence is less significant at higher altitudes. Figure 5.6 shows an example of signal segments

in the time domain before and after adding the interference. Notably, at the lower altitude

of 371.51 meters, the interfered radar signal displays significant fluctuations in amplitudes.
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Figure 5.5: Spectrograms Showing the Effect of 5G Interference on Radar Altimeter Signals

at Various Altitudes: (a) 1419.11 meters, (b) 1119.24 meters, (c) 745.19 meters, and (d)

371.51 meters.
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Figure 5.6: Time-Domain Analysis of Radar Altimeter Signals with and without 5G Inter-

ference: (a) 1419.11 meters, (b) 1119.24 meters, (c) 745.19 meters, and (d) 371.51 meters.

5.3 Detailed Methodology

5.3.1 Feature Extraction

5.3.1.1 Time-domain features

Based on typical signal feature analysis (Houidi et al. 2020), Time-domain signal features

include peak amplitude, Root Mean Square (RMS) amplitude, kurtosis, skewness, standard
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deviation, variance, signal power, and Signal-to-Noise Ratio (SNR). Peak amplitude detects

important signal reflections, and RMS amplitude, which distinguishes signals from noise, is

critical for altitude determination. Kurtosis and skewness provide insights into the signal’s

amplitude distribution, showing potential outliers and asymmetry that could be introduced

by interference (Blanca et al. 2013). Standard deviation and variance measure amplitude

variations and signal power, together with SNR, measuring the signal’s overall strength and

prominence over noise. The statistical distributions of the “pure” and interfered signals for

down and up sweeps are shown in Figure 5.7, in form of the boxplots for peak amplitude,

Root Mean Square (RMS) amplitude, signal kurtosis, skewness, standard deviation (STD),

and signal power, which collectively present the effects of 5G interference on radar altimeter

signals with clear attenuation in features during down sweeps. The peak amplitude boxplots

show attenuation in the presence of interference, especially during down sweeps, indicating

possible difficulty in identifying ground reflections at lower altitudes, especially important

during takeoff and landing. Kurtosis and skewness variations in the interfered radar signals

show clear non-normal distributions with heavier tails and asymmetric amplitude values.

Figure 5.8 illustrates the impacts 5G-RFI on the radar signal amplitude and power fea-

tures at different altitudes. The power profile does not show a consistent reduction across all

altitudes. Instead, there is a substantial difference between the original and interfered signals

at lower altitudes, which narrows as altitude increases. This pattern indicates a complex

relationship between interference strength and altitude. Furthermore, the peak amplitude

profile shows that interference has the greatest influence in the critical lower altitude zones,

affecting important aircraft operations such as takeoff and landing. Integrating these time-

domain features into machine learning models improves prediction accuracy, allowing for a

more accurate estimate in the presence of interference. This approach assures that machine

learning algorithms can handle the complexity of signal variance, keeping the integrity and

reliability of radar altimetry in aircraft.
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Figure 5.7: Boxplots of the time-Domain Features used by the ML processing for the original

and interfered radar altimeter signal for altitude = 317.5 meters. All the features are based

on the amplitudes of one time-frame capture. (a) Peak amplitudes, (b) Signals power values,

(c) RMS amplitude values, (d) Signal Kurtosis, (e) Signals’ skewness, (f) Signal amplitudes’

standard deviation (STD).

5.3.1.2 Frequency domain features

Spectral features have been computed for the original (or “pure”) and interfered radar al-

timeter signals across the up and down sweeps. The calculated features include the Spectral

Centroid, Bandwidth, Flatness, Rolloff, Slope, Crest, Decrease, Entropy, Energy, Edge Fre-

quency, and Zero Crossings. These features are essential to machine learning (ML) frame-

works that aim to improve the accuracy of altitude predictions and interference detection.

Spectral features have been computed for the pure and interfered radar altimeter signals
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Figure 5.8: Altitude-Dependent Profiling of (a) Peak Amplitudes, and (b) Power levels for

the Original Radar Altimeter Signals and the Signals with the 5G-RFI Effects.

across up and down sweeps. The calculated features include the Spectral Centroid (Schu-

bert et al. 2004), Bandwidth, Flatness (Johnston 1988), Rolloff (Scheirer and Slaney 1997),

Slope, Crest, Decrease, Entropy, Energy, Edge Frequency, and Zero Crossings. Among these

features, Spectral Decrease and Entropy are critical to evaluate amplitude decline and ran-

domness in the spectral distribution, respectively (Misra et al. 2004; Peeters 2004). Spectral

energy and spectral edge frequency further enrich the analysis by representing the total sig-

nal power and defining the upper-frequency boundary of the signal’s energy, respectively

(Stoica et al. 2005). Finally, spectral zero crossings indicate frequency stability or instability

(Stoica et al. 2005). Figure 5.9 illustrates the spectral centroid, bandwidth, and entropy

features. Interference usually increases spectral bandwidth, as seen by the broadened fre-

quency spread, and introduces variability in the spectral centroid, indicating variations in

the energy distribution within the spectrum. Spectral entropy increases to imply that in-

terference causes more uncertainties. This study used time-domain and frequency-domain

signal features for RFI detection and possible future mitigation. However, more weighting

was placed on the time-domain features based on computational efficiency considerations.
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Figure 5.9: Altitude-Dependent Profiling of (a) Spectral BW, (b) Spectral Entropy, and (c)

Spectral Centroid for Up and Down Sweeps for the Original Radar Altimeter Signals and

the Signals with the 5G-RFI Effects.

5.3.2 Prepossessing

The preprocessing step extracts and combines both time-and-frequency domain features into

training and testing datasets. A signal classification approach based on time-domain samples

and features is proposed by maintaining the original radar receiver sampling frequency of

149.996 MHz within a 150 MHz bandwidth. The dataset was segmented for altitude esti-

mations based on sweep direction (up or down) before ML model training. This technique
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makes creating specific ML models for each sweep direction easier, using the unique altitude

information within each. Training separate models for up and down sweeps also allowed for

capturing distinct altitude aspects more effectively. Next, a five-fold cross-validation across

classification and altitude prediction phases was implemented for enhanced model reliability

and generalizability. This technique, critical for assessing model performance consistently

across various scenarios, was complemented by outlier detection and removal to refine data

quality.

5.3.3 ML Algorithms and Methods Used in This Study

This study applies various ML algorithms to classification (detecting the presence of 5G-RFI)

and regression (estimating the approaching altitudes in the presence of 5G-RFI). Table 5.2

details the machine learning models applied for classifying pure and interfered signals, in-

cluding their hyperparameters. These ML models were selected to balance classification

accuracy and computational efficiency. Tree-based models like Fine, Medium, and Coarse

Trees were chosen for their interpretability and effectiveness in managing complex, high-

dimensional data, making them ideal for distinguishing between pure and interfered signals.

Ensemble trees, such as Bagged Trees, were favored for their robustness and ability to pre-

vent overfitting by combining the predictions of multiple trees. Neural Networks (NN) were

included due to their ability to capture non-linear relationships, though simpler NN architec-

tures, such as Narrow and Medium NN, were preferred to avoid overfitting in this relatively

smaller dataset. The Tri-layer Neural Network (TriNN), a more complex model, was tested

for its ability to manage intricate data relationships. To prevent overfitting, the model was

carefully tuned, adjusting parameters like the number of neurons and layers to maintain

optimal performance.

For regression altitude prediction, the models employed and their respective hyperpa-

rameters are detailed in Table 3.1. The methodology was executed on a computer with an
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i7-2600K CPU and 24 GB of RAM. The integration of these strategies highlights a sophis-

ticated balance between maintaining signal integrity and computational practicality.

Table 5.2: List of the hyperparameters of the classification models.

Model Parameters

Fine Tree Splits: 100, Criterion: Gini, Surrogate: Off

Medium Tree Splits: 20, Criterion: Gini, Surrogate: Off

Coarse Tree Splits: 4, Criterion: Gini, Surrogate: Off

Narrow NN Layers: 1 (10), ReLU, Iter: 1000, λ: 0, Std: Yes

Medium NN Layers: 1 (25), ReLU, Iter: 1000, λ: 0, Std: Yes

Wide NN Layers: 1 (100), ReLU, Iter: 1000, λ: 0, Std: Yes

Bi NN Layers: 2 (10, 10), ReLU, Iter: 1000, λ: 0, Std: Yes

Tri NN Layers: 3 (10, 10, 10), ReLU, Iter: 1000, λ: 0, Std: Yes

Fine KNN Neighbors: 1, Metric: Euclidean, Weight: Equal, Std: Yes

Gaussian NB Distribution: Gaussian

Logistic Reg None

5.4 Results and Discussion

5.4.1 5G-RFI Detection Results

The signal samples with various levels of RFI and without RFI are divided into testing

(20%) and training datasets (80%). The first objective is to discriminate the radar signal

samples containing any levels (low, moderate, high, and extreme, called Class 1) of RFI from
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the “pure” radar altimeter signals (called Class 2). Table. 5.3 compares machine learning

models’ performance in radar signal classification under interference. The Fine Tree model

has remarkable accuracy both in validation (98.24%) and testing (98.36%), as well as the

lowest total cost in testing (187), making it the most effective model for exact classifications

with few misclassification errors. Its prediction speed (11618.28 observations per second) and

comparatively low training time (369.22 seconds) highlight its effectiveness. The Medium

Tree and Coarse Tree models exhibit a decreasing pattern in accuracy and an increasing

pattern in total cost over the validation and testing phases. Despite its lower accuracy, the

Coarse Tree model has the fastest prediction speed (13788.99 obs/sec). Neural Network

models perform differently, with the Narrow, Medium, and Wide configurations achieving

test accuracies of 93.44%, 92.59%, and 92.85%, respectively. Notably, increasing network size

does not directly correspond with higher accuracy, as seen by the Wide Neural Network’s

lengthy training period (21754.53 seconds), but only modestly better test accuracy than

its narrower counterparts. The Bilayered and Trilayered networks underscore the declining

results on increasing complexity, with test accuracies of 91.95% and 92.21%, respectively,

with the Trilayered Neural Network having the longest training time (28930.28 seconds).

The Fine KNN model significantly fails in accuracy and cost parameters; In contrast, the

Gaussian Naive Bayes and Logistic Regression models provide feasible alternatives. However,

they also demonstrate trade-offs between accuracy and computational demands.
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Table 5.3: Performance of Radar Signal RFI Level Classification for Different ML Models.

Model Accuracy (%) Total Cost Speed Time

Val Test Val Test (obs/sec) (sec)

F. Tree 98.2 98.4 1138 187 11618 369

M. Tree 97.0 97.3 1926 313 12587 287

C. Tree 95.2 95.7 3096 490 13789 223

N. NN 91.4 93.4 5535 748 9651 9910

M. NN 91.5 92.6 5516 845 9375 8397

W. NN 91.7 92.9 5387 815 4283 21755

BiNN 91.2 91.9 5689 918 9554 10210

TriNN 91.0 92.2 5831 888 3834 28930

F. KNN 21.4 11.0 50755 10148 14 29474

G. NB 79.4 89.1 13303 1244 1120 29685

L. Reg. 90.6 87.2 6061 1459 2987 40387

Figure 5.10 depicts the confusion matrices of the training dataset for several ML models.

The Fine Tree model’s confusion matrix shows good accuracy, with true positives for Class

1 and Class 2 stated at 31325 and 32137, respectively, compared to very low false negatives

and false positives (248 and 890). In contrast, the KNN model does much worse, with true

positives of 4756 for Class 1 and 9089 for Class 2, but misclassification is significantly greater,

particularly for false positives in Class 1 (27459). The Gaussian Naive Bayes model performs

well, with true positives of 30913 for Class 1 and 20384 for Class 2. Given its performance,

the model shows limits with 1,302 false negatives for Class 1 and 12,001 false positives for

Class 2. Logistic regression performs effectively, with true positives of 28697 for Class 1

and 29842 for Class 2, indicating that it can classify accurately. The false positives and

false negatives for Class 1 are 3518 and 2543, respectively, showing an acceptable degree of
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accuracy. The Narrow Neural Network has true positives of 29329 for Class 1 and 29736

for Class 2, and there are false negatives (2649) and false positives (2886). The Tri-layered

Neural Network’s confusion matrix shows true positives 29320 for Class 1 and 29449 for Class

2, with fewer false negatives (2936) and false positives (2895). These results demonstrate the

advantages of neural network architecture for certain classification tasks and the capability

to leverage deeper networks to attain greater classification accuracy.

(a) (b) (c)

(d) (e) (f)

Figure 5.10: Training dataset confusion matrices for (a) Fine Tree, (b) Fine KNN, (c) Gaus-

sian Naive Bayes, (d) Logistic Regression, (e) Narrow Neural Network, and (f) Trilayered

Neural Network.

The confusion matrices in Figure 5.11 summarize the ML algorithm performance for the

test data sets. The Fine Tree model demonstrates a good classification ability, with 5638

true positives for Class 1 and 5575 true positives for Class 2, suggesting a high accuracy

in detecting accurate classifications. The misclassifications are 147 for Class 1 and 40 for
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Class 2, indicating a low error rate, making the Fine Tree model very dependable for both

classes. KNN performed significantly lower, with 391 true positives for Class 1 and 861

for Class 2. The higher misclassification, 5394 false positives for Class 1, emphasizes the

model’s difficulty in classifying classes. The GNB model has a better result, with 5223 true

positives in Class 1 and 4933 in Class 2, with false positives and negatives of 562 and 682,

respectively. Although not as good as the FT, the GNB achieves an acceptable performance

between accurate classifications and errors. The LR model reveals 4967 true positives for

Class 1 and 4974 for Class 2, with a larger number of false positives and negatives, specifically

818 false positives for Class 1. Furthermore, the NNN works well, with 5387 true positives

for Class 1 and 5265 for Class 2, with slightly higher but still low misclassification counts

of 398 and 350 for Class 1 and Class 2, respectively. This illustrates that the model takes a

balanced approach to both classes. The TNN has 5311 true positives for Class 1 and 5201

for Class 2, with 474 and 414 mis-classifications, respectively. These results show that the

TNN maintains strong predictive performance but slightly higher error rates than the Fine

Tree model.

Figures 5.12 and 5.13 display confusion matrices for the training and test datasets,

presenting essential metrics such as True Positive Rate (TPR) and False Negative Rate

(FNR) to illustrate classification performance across various models. The Fine Tree model

shows excellent accuracy in both datasets, with TPRs of 97.2% and 97.5% for Class 1 and

99.2% and 99.3% for Class 2 in training and testing datasets, respectively. Corresponding

FNRs remain low at around 2.4% and 0.8% in training, with a slight increase to 2.5% and

0.7% in testing. In stark contrast, the KNN model struggles significantly, demonstrating

extremely low TPRs of 14.8% and 6.8% for Class 1 and 28.1% and 15.3% for Class 2,

alongside high FNRs, highlighting its poor performance in both datasets. The Gaussian

Naive Bayes (GNB) model performs well for Class 1 with TPRs of 96.0% in training and

90.3% in testing but shows a preference for Class 1 as indicated by lower TPRs for Class

2. Logistic Regression (LR) exhibits strong predictive abilities, especially for Class 2 with
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Figure 5.11: Testing dataset confusion matrices for (a) Fine Tree, (b) Fine KNN, (c) Gaussian

Naive Bayes, (d) Logistic Regression, (e) Narrow Neural Network, and (f) Trilayered Neural

Network.

TPRs of 88.6% in testing, despite a higher tendency to miss Class 1 instances. The Narrow

Network model (NNN) maintains a solid balance with consistent TPRs of approximately 93%

for both classes in testing, indicating effective generalization across datasets. Similarly, the

TriLayered Neural Network (TNN) shows high and balanced TPRs, maintaining performance

with minimal bias between the classes across the training and testing phases.

Figure 5.14 shows confusion matrices in a percentage format, including Positive Predictive

Value (PPV) and False Discovery Rate (FDR) for the training dataset. The FT has an

outstanding PPV of 99.2% for Class 1 and 97.3% for Class 2, with extremely low FDRs of

0.8% and 2.7%, respectively. The KNN model has significantly worse performance. The GNB

model has a PPV of 72.0% for Class 1 and 94.0% for Class 2, indicating better performance

in correctly recognizing Class 2 cases. However, the FDR of 28.0% for Class 1 suggests a high
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Figure 5.12: Confusion matrices representing the classification performance of machine learn-

ing models on the training dataset, showing the True Positive Rate (TPR) and False Negative

Rate (FNR) for each class. Models include the (a) Fine Tree, (b) Fine KNN, (c) Gaussian

Naive Bayes, (d) Logistic Regression, (e) Narrow Neural Network, and (f) Trilayered Neural

Network.

percentage of false detections. Furthermore, the LR model has a high PPV value of 91.9%

for Class 1 and 89.5% for Class 2, indicating that it can predict positive cases accurately.

Nevertheless, the FDR for Class 2 is 10.5%, implying a significantly greater probability of

false positives in Class 2 predictions compared to 8.1% for Class 1. The NNN model has a

slightly better PPV for Class 1. The FDR rates are somewhat lower for Class 1. The results

from TNN show that the model is equally capable of predicting both classes with the same

degree of precision and misclassification rates.

Figure 5.15 shows the similar confusion matrices as Figure 5.14 for the testing dataset.

The FT model performs well in the test dataset as well, with a PPV of 99.3% for Class 1 and

97.4% for Class 2 and very low FDR rates of 0.7% for Class 1 and 2.6% for Class 2. KNN,

like earlier results, receives a significantly lower PPV of 7.6% for Class 1 and 13.8% for Class
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Figure 5.13: Confusion matrices representing the classification performance of machine learn-

ing models on the testing dataset, showing the True Positive Rate (TPR) and False Negative

Rate (FNR) for each class. Models include the (a) Fine Tree, (b) Fine KNN, (c) Gaussian

Naive Bayes, (d) Logistic Regression, (e) Narrow Neural Network, and (f) Trilayered Neural

Network.

2 and high FDRs of 92.4% and 86.2%, respectively. Additionally, the GNB model shows a

higher PPV for Class 2 at 89.3% compared to 85.5% for Class 1. The FDR for GNB is 11.5%

for Class 1 and 10.2% for Class 2, showing that it performs better at Class 2 predictions

while producing a moderate number of false detections. LR has a lower PPV of 88.6% for

Class 1 and 85.9% for Class 2, with FDRs of 11.4% for Class 1 and 14.1% for Class 2. This

suggests that, while LR is effective, it is more likely to produce false positives, especially for

Class 2 predictions. The confusion matrix of NNN demonstrates a PPV of 93.9% for Class

1 and 93.0% for Class 2, demonstrating an ability for RFI detection but with a little higher

FDR for Class 2 (7%) than Class 1 (6.1%). TNN results exhibit comparable performance

and indicate a slightly higher misclassification rate for predicting Class 2.
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Figure 5.14: Confusion matrices representing the classification performance of machine learn-

ing models on the training dataset, showing the Positive Predictive Value (PPV) and False

Discovery Rate (FDR) for each class. Models include the (a) Fine Tree, (b) Fine KNN, (c)

Gaussian Naive Bayes, (d) Logistic Regression, (e) Narrow Neural Network, and (f) Trilay-

ered Neural Network.

Figure 5.16 displays the Receiver Operating Characteristic (ROC) curves for the models

in the test dataset. The Fine Tree has a remarkable Area Under the Curve (AUC) of 0.9923,

indicating excellent classification performance. KNN has a lower AUC of 0.1105 than the

other models, implying this dataset’s worst classification performance. GNB achieves an

AUC of 0.947, showing that it is a competent classifier. The LR model, with an AUC of

0.955, shows strong predictive performance despite being slightly lower than NN. The NNN

also has a high AUC of 0.973, the TNN has a robust AUC of 0.959.
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Figure 5.15: Confusion matrices representing the classification performance of machine learn-

ing models on the testing dataset, showing the Positive Predictive Value (PPV) and False

Discovery Rate (FDR) for each class. Models include the (a) Fine Tree, (b) Fine KNN, (c)

Gaussian Naive Bayes, (d) Logistic Regression, (e) Narrow Neural Network, and (f) Trilay-

ered Neural Network.

5.4.2 Results of Altitude Estimation

Once the 5G-RFI is detected in the radar signals, the interfered signals proceed to a sec-

ond stage involving regression ML models, which use the I/Q signals from radar and the

additional features to estimate the radar altitudes. Altitudes are calculated by dividing

the sampled FMCW signal recording into down and up frequency sweeps, creating unique

models for each direction, and then averaging the results of the radar signals’ up and down

sweeps. This approach ensures models are finely tuned to the specific characteristics of each
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Figure 5.16: Receiver Operating Characteristic (ROC) curves for various ML algorithms

evaluated with the testing dataset, with Area Under the Curve (AUC) metrics. Models

displayed include the (a) Fine Tree, (b) Fine KNN, (c) Gaussian Naive Bayes, (d) Logistic

Regression, (e) Narrow Neural Network, and (f) Trilayered Neural Network.

sweep direction. Note that the results for not using ML algorithms for mitigation are only

briefly listed in the following sections since they are unacceptable for navigational functions

(> 500 meters in MAE). The purpose is to examine the improvements in altitude estimations

through ML processing. Again, the training and testing data sets comprise RFI levels from

low to extreme that are randomly mixed.

5.4.2.1 Up-Sweep Cases

Table 5.4 compares the performance of altitude estimations for training and testing datasets.

The units for RMSE and MAE are in meters; the units for MSE are m2, and R2 and Corr
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are unitless metrics. The Fine Tree (FT) model has a significant advantage with a validation

RMSE of 39.0623 m and a slightly higher R-squared of 0.9909 over the Medium Tree (MT).

The Coarse Tree (CT) model’s validation RMSE of 40.2454 shows a balance between model

simplicity and accuracy in variance capture. The Bagged Tree model shows how ensemble

methods may improve prediction, as indicated by its excellent stability (validation RMSE =

24.6151 m, test RMSE = 24.1991 m). It shows the benefit of aggregating multiple models to

minimize variance and increase generalization. Linear Regression (LR)’s advantage of having

a clear model structure is offset by its relatively high RMSE. The Wide Neural Network

(WNN), with lower RMSE scores than the Narrow Neural Network (NNN), demonstrates

the benefits of employing many neurons in the network for better variance modeling. The

Medium Neural Network (MNN) achieves an excellent mix of depth and variance, while the

Tri-layered Neural Network (TriNN) outperforms the Bi-layered Neural Network (BiNN).

The Boosted Tree, with a larger RMSE of 49.9384 m, still presents a solid R-squared of

0.9851and shows its ability to represent variance at the expense of more complexity.

Table 5.4: Comparative Performance of Machine Learning Models for Altitude Prediction

from Up Sweep Radar Signals.
Model

Type

RMSE

(Train) (m)

MSE

(Train) (m2)

R2

(Train)

MAE

(Train) (m)

Corr

(Train)

MAE

(Test) (m)

MSE

(Test) (m2)

RMSE

(Test) (m)

R2

(Test)

Corr

(Test)

Fine

Tree
39.1 1525.86 0.9909 18.0 0.9996 18.1349 1635.4 40.4 0.9905 0.9953

Medium

Tree
39.4 1550.753 0.9908 18.9 0.9989 17.5095 1386.3 37.3 0.992 0.996

Coarse

Tree
40.2 1619.69 0.9903 20.2 0.9976 19.6519 1595.8 39.4 0.9907 0.9954

Boosted

tree
49.9 2493.848 0.9851 42.6 0.9975 42.3625 2530.1 50.3 0.9853 0.9968

Bagged

tree
24.6 605.9048 0.9964 12.6 0.9996 12.1279 585.6 24.2 0.9966 0.9983

LR 104.8 10982.02 0.9345 74.7 0.9889 70.3131 9348.6 96.7 0.9458 0.9728

NNN 54.4 2955.964 0.9824 40.7 0.9954 38.3673 2559.1 50.6 0.9852 0.9926

MNN 47.0 2210.816 0.9868 35.3 0.9989 31.289 1809.7 42.5 0.9895 0.9947

WNN 43.9 1934.249 0.9885 32.2 0.9982 30.9583 1712.4 41.4 0.9901 0.995

BiNN 52.3 2738.892 0.9837 39.2 0.9973 35.497 2265.7 47.6 0.9869 0.9934

TriNN 43.6 1900.082 0.9887 32.5 0.9984 29.1337 1613.4 40.2 0.9906 0.9953
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Figure 5.17 shows scatter density plots with color gradients for the testing dataset based

on up-sweep signals. The Bagged Tree (BT) model’s graphic displays dense clusters along the

line of equality, with minor deviations reflected by cooler colors. Again, the FT plot shows

a similar behavior. The NNN and TNN scatter plots show larger color density distributions.

While the major concentration remains along the line of equality.

(a) (b)

(c) (d)

Figure 5.17: Comparative scatter plots with color gradients for Altitude Prediction (in me-

ters) on up-sweep Test data of the following models: (a) Bagged Tree, (b) Fine Tree, (c)

Narrow neural network, and (d) TriLayred neural network.
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5.4.2.2 Down Sweep Case

Table 5.5 evaluates the altitude estimation performance based on down-sweep radar signals.

The Fine Tree (FT) model has a notable prediction accuracy with an RMSE of 94.3654

m during validation, suggesting a small decrease in accuracy compared to its up-sweep

performance. This trend is also reflected in its test results, with an RMSE of 90.2243 m,

which, though greater than the up-sweep analysis, still demonstrates significant improvement

from non-mitigation results. The Medium and Coarse Tree models support the trend that

greater simplicity in the tree model’s structure leads to improved management of the down

sweep signal variance. This is especially obvious in the Coarse Tree’s higher performance

on test data, which has an RMSE of 79.4652 m. The Bagged Tree (BT) model outperforms

its peers, and Linear Regression (LR) reveals its decreased effectiveness. This issue becomes

more apparent when comparing its performance on down and up sweeps. The NNN achieved

an RMSE of 83.9502 on validation, indicating a noticeable but insignificant decrease from

its up-sweep analysis. The WNN and the TriNN both perform excellently consistently.

Figure 5.18 depicts scatter plots with color gradients from the testing dataset, demon-

strating the predictive ability of four models when applied to down-sweep radar signals.

The Bagged Tree model has a dense region of warm colors that matches the line of perfect

prediction, indicating a good connection between actual and predicted responses. This plot

shows that the model is good at generalizing to new, unseen data. The FT model produces

a slightly more dispersed pattern, particularly at higher response values. Nevertheless, most

data points are near the ideal prediction line, consistent with their high-performance scores.

Similar to the previous figures, the LR plot exhibits a broader dispersion of data points

along the response values. The spreading of warmer colors into cooler ones, particularly in

the lower and higher ends of the response spectrum, indicates the model’s poorer accuracy,

consistent with the larger RMSE and lower R-squared values from the results table. Finally,
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Table 5.5: Comparative Performance of Machine Learning Models for Altitude Prediction

from Down Sweep Radar Signals.
Model

Type

RMSE

(Train) (m)

MSE

(Train) (m2)

R2

(Train)

MAE

(Train) (m)

Corr

(Train)

MAE

(Test) (m)

MSE

(Test) (m2)

RMSE

(Test) (m)

R2

(Test)

Corr

(Test)

Fine

Tree
94.4 8904.8 0.9469 70.5 0.9575 66.9 8140.4 90.2 0.9528 0.9596

Medium

Tree
87.8 7715.3 0.954 66.1521 0.9673 64.7 7426.5 86.2 0.9569 0.9692

Coarse

Tree
81.6 6654.6 0.9603 61.8912 0.9691 60.4 6314.7 79.5 0.9634 0.9703

Boosted

tree
83.1 6911.4 0.9588 65.2022 0.976 65.5 7050.0 83.9 0.9591 0.9766

Bagged

tree
68.4 4674.7 0.9721 52.3225 0.9764 51.3 4509.5 67.2 0.9739 0.9765

LR 161.9 26237.5 0.8435 114.5206 0.9162 109.6 23357.2 152.8 0.8646 0.9196

NNN 83.9 7047.6 0.958 64.1611 0.943 56.8 5658.2 75.2 0.9672 0.945

MNN 75.4 5685.9 0.9661 57.2915 0.9545 54.7 5050.0 71.1 0.9707 0.9558

WNN 72.9 5312.6 0.9683 54.328 0.9541 52.7 4754.7 68.9 0.9724 0.9553

BiNN 81.2 6593.8 0.9607 61.8341 0.9669 76.1 9655.9 98.3 0.944 0.9664

TriNN 63.5 4031.7 0.976 47.5646 0.957 45.8 3658.3 60.5 0.9788 0.9576

the TriNN produces a dense line of high-density predictions nearly matching the ideal diag-

onal. This pattern demonstrates the model’s ability to capture the complex relationships in

the data, resulting in a strong predictive performance as supported by its test metrics.
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(a) (b)

(c) (d)

Figure 5.18: Comparative scatter plots with color gradients for Altitude Prediction (in me-

ters) on down-sweep Test data of the following models: (a) Bagged Tree, (b) Fine Tree, (c)

Linear regression, and (d) TriLayred neural network.

The summary of altitude estimation performance is provided in Table 5.6. It shows the

performance of altitude estimation utilizing down-sweep and up-sweep and their average

estimation compared to not applying any ML-based RFI mitigation techniques. For down

sweep predictions using the TriNN model, validation metrics show a robust R-squared value

of 0.976 and an MSE of 4031.706, indicating a strong model fit to the data without overfitting.

This performance carries into the testing phase with an R-squared of 0.9788. In contrast,

the best up-sweep model (Bagged Trees) outperforms the down-sweep with a notably higher
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R-squared of 0.9964 in validation and 0.9966 in testing, along with lower RMSE values. The

averaged altitude estimations based on optimal up and down sweep estimations produce

the most balanced results during validation, with an R-squared of 0.99762 and the lowest

MSE (398.2082) among the setups. In the testing phase, the average approach maintains

high accuracy with an R-squared of 0.9907. However, it does not reach the accuracy of

the best up-sweep predictions alone, evidenced by an RMSE of 40.0318. While this is an

improvement over the down sweep’s RMSE of 60.4839, averaging the results of multiple

models may slightly reduce some of the model’s strengths. The last row of the table, which

represents altitude estimations derived directly from signals with 5G interference without

applying any ML methods, shows severe performance degradation. The RMSE increases to

808.1 while the R-squared falls to -2.8, emphasizing the significant impact of 5G interference

on measurement accuracy.

Table 5.6: Summary of Performance of Aircraft Altitude Estimation Under 5G RFI.

Model
Training Results Testing Results

RMSE (m) MSE (m2) R2 MAE (m) Corr RMSE (m) MSE (m2) R2 MAE (m) Corr

Best Down (TriNN) 63.5 4032 0.976 47.6 0.957 60.5 3658 0.979 45.8 0.958

Best Up (Bagged) 24.6 606 0.996 12.5 1.000 24.2 586 0.997 12.1 0.998

Mean 19.9 398 0.998 14.2 0.999 40.0 1603 0.991 29.5 0.995

With Interf. 821.3 674606 -3.02 553.8 0.440 808.1 653004 -2.80 552.2 0.445

Figure 5.19 presents altitude profiles for both the training and testing datasets, offering

a detailed examination of model performance in altitude estimation using the altimeter

signals with 5G RFI, up sweep signals, down sweep signals, and their average. The plots

show that the up-sweep predictions align best with the truth data, as indicated by the

red line, especially at higher altitudes. However, some variability in predictions emerges at

lower altitudes. On the other hand, the down-sweep predictions display a slightly reduced

accuracy, with notable variations across different altitudes and some peaks at lower altitudes.

The averaged predictions further improved the accuracy, suggesting that integrating up and

down-sweep predictions leads to a more precise estimation. For the result plots based on
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testing datasets, although there is a slight increase in the variation of altitude predictions

across all methods compared to the training dataset, the overall performance closely aligns

with the training results. The up-sweep method achieves the best performance with the

least variation in altitude predictions, while the down-sweep shows increased variations across

different altitudes. The averaged predictions maintain a balance between the down-sweep and

the up-sweep estimations. These observations suggest that while the down-sweep and average

predictions offer a smoother predictive trend, they might not entirely address the overfitting

or specific biases in the testing data environment. On the other hand, 5G interference

significantly impacts altitude measurements, as seen in the pink-colored traces in training

and testing datasets that consistently deviate from the true data.

5.5 Conclusions

This study addresses the issue of 5G base station interference with radar altimeters during

approaching flights. A two-step machine learning (ML) approach is developed to detect RF

interference and mitigate the impact of interference on altitude estimations. The method

begins by classifying altimeter signals to distinguish between the “pure” and interfered states

using computationally effective ML algorithms, then uses various regression models for al-

titude estimation. The study utilizes three types of data: real 5G signals from a Norman,

Oklahoma base station, emulated FMCW radar altimeter signals during an airplane’s landing

process, and a combination of them to simulate radar altimeter signals with 5G interference.

A novel approach estimates altitudes by models trained separately from up-sweep and down-

sweep radar signals and then averages the estimations from these models. The performance

results validate the two-step and dual-model approach: The Fine Tree (FT) model achieved

98.3596% accuracy in classification. In altitude prediction, the Bagged Tree (BT) model ap-

plied to up-sweep signals demonstrated a correlation coefficient of 0.9983. The best results

for down-sweep signals were obtained with TriLayred Neural Network (TriNN), achieving a
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(a) (b) (c)

(d) (e) (f)

Figure 5.19: Comparative analysis of altitude estimations and actual vs. predicted altitudes:

(a) Training dataset including the impact of 5G interference on altitude predictions, (b)

Testing dataset including the impact of 5G interference on altitude predictions, (c) Training

dataset without the impact of 5G interference, (d) Testing dataset without the impact of 5G

interference, (e) Actual vs. predicted altitudes from downs-weep, upsweep, and their mean

for the training dataset without the impact of 5G interference, and (f) Actual vs. predicted

altitudes from down-sweep, upsweep, and their mean for the testing dataset without the

impact of 5G interference.

correlation coefficient of 0.9576. Future work should focus on incorporating real-time ML

processing to allow for dynamic interference mitigation during flight. Additionally, expand-

ing the dataset to include more realistic 5G signal collections and radar measurements across

a wider range of flight conditions would further strengthen the robustness of the models. Fu-

ture studies should also explore advanced ML algorithms and hybrid methods to handle
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more complex interference patterns, potentially improving both the accuracy and efficiency

of interference mitigation in radar systems. By doing so, this approach holds promise for

broader adoption in aviation safety systems amid the global expansion of 5G networks.
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Chapter 6

Conclusions and Future Work

This dissertation explored integrating machine learning (ML) techniques with radar appli-

cations to address atmospheric sciences and aviation challenges. Through a series of studies,

this research demonstrated the potential of ML to enhance atmospheric measurements, im-

prove cloud physics profiling, and mitigate 5G interference in radar sensing. In conclusion,

this dissertation has demonstrated the substantial benefits of integrating machine learning

with radar technology as a foundation for exploring atmospheric science and aviation appli-

cations.

6.1 Key Findings and Contributions

6.1.1 Chapter 2: Theoretical Foundations of Machine

Learning Methods

This chapter provided an overview of the evolution of ML and its role in scientific research.

It discussed various types of ML, including supervised, unsupervised, and reinforcement

learning, and examined common ML models like regression and classification. The chapter

also introduced the evaluation metrics for regression and classification used throughout the

dissertation, such as RMSE, MSE, and R-squared for regression and accuracy and precision
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for classification. Additionally, the chapter provided an overview of metaheuristic algorithms

in optimizing objective functions.

6.1.2 Chapter 3: Atmospheric Humidity Estimation from Wind

Profiler Radar

Chapter 3 developed and validated a novel ML approach for estimating atmospheric relative

humidity (RH) profiles using wind profiler radar data. The study introduced a cascaded

ML framework that used only Doppler moment data, avoiding reliance on temperature. An

intermediate pressure estimation stage improved RH prediction accuracy across different

seasons. This chapter demonstrated the significant potential of ML techniques to refine

atmospheric measurements.

The findings of this work have been published in the IEEE Journal of Selected Topics in

Applied Earth Observations and Remote Sensing (JSTARS) under the title ”Atmospheric

Humidity Estimation From Wind Profiler Radar Using a Cascaded Machine Learning Ap-

proach” (Amaireh et al. 2023a).

6.1.3 Chapter 4: Improving Cloud LiquidWater Content Profiling

Chapter 4 enhanced Cloud Liquid Water Content (CLWC) profiling using novel ML tech-

niques. By cross-validating space-based remote sensing (ERA5) data with high-precision ra-

diosonde observations and applying a metaheuristic algorithm for data cleansing, the study

improved the correlation between input features (such as pressure, temperature, relative

humidity, and specific humidity) and CLWC. Various ML models, including decision trees,

ensemble trees, and neural networks, were used to predict the CLWC profiles, with deci-

sion tree and ensemble models outperforming the others. This chapter demonstrated the

potential for global improvements in weather prediction models.
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The findings of this work have been published as a preprint and are currently under

review in the Journal of Atmospheric and Oceanic Technology (JTECH) under the title

”A Novel Approach for Improving Cloud Liquid Water Content Profiling with Machine

Learning” (Amaireh et al. 2023b).

6.1.4 Chapter 5: Identification and Mitigation of 5G

Interference for Radar Altimeters

As an application for aviation safety, Chapter 5 addressed the issue of interference from

5G base stations with radar altimeter signals. The study developed and applied an ML

framework to identify and mitigate the effects of 5G interference by categorizing signals as

pure or interfered and employing regression models to predict altitudes when interference

was present. The study demonstrated the framework’s robustness in real-world conditions

using real 5G signals collected from base stations with Software-Defined Radio (SDR) and

emulated radar signals. The findings of this chapter are crucial for ensuring aviation safety

amid the rise of 5G technology.

The research has been published in IEEE Access under the title ”Novel Machine Learning-

Based Identification and Mitigation of 5G Interference for Radar Altimeters” (Amaireh and

Zhang 2024), as well as in two conference papers presented at SPIE conferences: ”Investiga-

tion of potential 5G RF interference with C-band radar operations and mitigation solutions”,

and ”Improved investigation of electromagnetic compatibility between radar sensors and 5G-

NR radios” (Amaireh et al. 2024; Amaireh and Zhang 2023).
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6.2 Future works

Future research would explore more advanced ML models and techniques, integrating real-

time data processing and applying these methodologies to other atmospheric and environ-

mental measurements. For example, as telecommunications technology evolves, further inves-

tigation into the long-term impacts of 5G interference on radar systems and the development

of more sophisticated mitigation strategies will be necessary. Enhanced data integration,

combining data from radar systems and other sensors such as satellite and ground-based

observations, could create more comprehensive datasets for training ML models. This could

improve the accuracy and reliability of predictions in diverse atmospheric conditions. Devel-

oping adaptive and online learning algorithms that update ML models in real-time as new

data becomes available would allow for continuous improvement in prediction accuracy and

adaptability to changing conditions. Extending the ML and radar integration framework to

interdisciplinary applications, such as environmental monitoring, disaster management, and

climate change studies, could leverage improved data accuracy and predictive capabilities.

Exploring advanced ML techniques, such as reinforcement learning, generative adversarial

networks (GANs), and transfer learning, could further enhance radar systems’ capabilities,

addressing complex problems and improving model performance.
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Appendix A - List Of Symbols

y Predicted output

β0 Intercept

βi Coefficients or weights of the model

xi Input features

ε Error term

E(p) Prediction error

N Number of samples

ui Learning sample input

vi Learning sample output

p Predictor

k Number of smaller samples for cross-validation

ECV(p) Cross-validation error

Nk Size of the k-th sample

Xk k-th sample

p(k)(ui) Predictor derived from the k-th sample

Ets(p) Test sample error

R(t) Node impurity

Nw(t) Weighted number of instances in node t

wi Weight of the i-th instance

fi Frequency variable

z Linear combination of input features in logistic

regression
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σ(z) Sigmoid function

d(p, q) Euclidean distance between points p and q

p Data point in feature space

q Data point in feature space

C Number of classes

pi Proportion of instances of class i in the node

t Parent node

tk Child nodes

K Number of child nodes

zi Output score for class i

yi True label

pi Predicted probability

yij Binary indicator for correct classification

pij Predicted probability for class j for sample i

ρ Correlation coefficient

Xtrue True data points

Xpredicted Predicted data points

µtrue Mean of the true data

µpredicted Mean of the predicted data

σtrue Standard deviation of the true data

σpredicted Standard deviation of the predicted data

R2 Coefficient of determination

u Horizontal wind vector component

v Horizontal wind vector component

w Vertical wind vector component

q0 Humidity at level z0

T Temperature
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P Pressure

θ Potential temperature

M Vertical gradient of atmospheric refractivity

C2
n Turbulence structure parameter

α2 Scalar constant dependent on specific regions

dV
dz

Vertical shear of the horizontal wind vector

ϵ Turbulent kinetic energy

q(z) Humidity profile

α Scalar constant

β Regression coefficient
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Appendix B - List Of Acronyms and Abbreviations

ACO Ant Colony Optimization
AFGCS Automatic Flight Guidance and Control Systems
AI Artificial Intelligence
AGL Above Ground Level
ALO Antlion Optimization
ANN Artificial Neural Network
Bagged Bootstrap Aggregating
BET Bagged Ensemble Tree
BiNN Bi-layered Neural Network
BoostedET Boosted Ensemble Tree
BPF Band-Pass Filter
CINRAD China’s new-generation weather radar
CLAAS-2 Cloud Archive User Service - 2
CLWC Cloud Liquid Water Content
CNN Convolutional Neural Network
CRF Chirp Repetition Frequency
CT Coarse Tree
DL Deep Learning
DNN Deep Neural Networks
ECAM Electronic Centralized Aircraft Monitoring
ECMWF European Centre for Medium-Range Weather

Forecasts
EICAS Engine-Indicating and Crew-Alerting System
FDR False Discovery Rate
FFT Fast Fourier Transform
FMCW Frequency-Modulated Continuous-Wave
FN False Negative
FNR False Negative Rate
FP False Positives
FSK Frequency-Shift Keying
FT Fine Tree
FAA Federal Aviation Administration
GA Genetic Algorithms
GBDT Gradient Boosting Decision Tree
GNB Gaussian Naive Bayes
GNSS-RO Global Navigation Satellite System-Radio Occul-

tation
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GOA Grasshopper Optimization Algorithm
GPR Gaussian Process Regression
GPS Global Positioning System
GPU Graphics Processing Unit
HKO Hong Kong Observatory
I/Q In-phase and Quadrature components
ILR Interactions Linear Regression
k-NN k-Nearest Neighbors
LMA Levenberg-Marquardt
LR Linear Regression
LSTM Long Short-Term Memory
LWC Liquid Water Content
LWP Liquid Water Path
MAE Mean Absolute Error
ML Machine Learning
MSE Mean Squared Error
MT Medium Tree
MLP Multilayer Perceptron
MWHS-2 Microwave Humidity Sounder-2
NNN Narrow Neural Network
OLS Ordinary Least Squares
OOB Out-of-Band
PCA Principal Component Analysis
PCI Physical Layer Cell Identity
PDR Partial Dependency Plot
Pr Pressure
PPV Positive Predictive Value
PSK Phase-Shift Keying
PSO Particle Swarm Optimization
PSS Primary Synchronization Signal
PWS Predictive Wind Shear
RA Radar Altimeter
RCS Radar Cross Section
ReLU Rectified Linear Unit
RF Radio Frequency
RFI Radio Frequency Interference
RH Relative Humidity
RL Reinforcement learning
RMSE Root Mean Squared Error
SCAMS scanning microwave spectrometer
SDR Software-Defined Radio
SEVIRI Spinning Enhanced Visible and Infrared Imager
SGD stochastic gradient descent
SNR Signal-to-Noise Ratio
SH Specific Humidity
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SSS Secondary Synchronization Signal
STD standard deviation
SW Spectrum Width
SVM Support Vector Machine
TC Total Cost
TN True Negatives
TP True Positives
TPR True Positive Rate
TriNN Tri-layered Neural Network
5G-NR Fifth Generation-New Radio
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