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Abstract

The precise measurement of wind within the planetary boundary layer (PBL) is es-

sential for enhancing weather forecasts, comprehending atmospheric phenomena, and

facilitating various applications,. Traditionally, researchers have depended on radioson-

des, tower-mounted instruments, and remote sensing technologies like Doppler lidar to

get kinematic and thermodynamic characteristics of the lower atmosphere. While these

methodologies yield significant data, they are frequently limited by cost, mobility, or

temporal resolution, resulting in limitations in our knowledge of the PBL’s intricate and

swiftly changing circumstances. Uncrewed Aircraft System (UAS) present a viable op-

tion owing to their adaptability, cost-effectiveness, and capacity for precise and targeted

in situ measurements. Nevertheless, affixing wind sensors to small drones may result in

weight and aerodynamic drawbacks, in addition to being vulnerable to disturbances or

flow distortion around the aircraft. The CopterSonde, a drone developed by meteorol-

ogists and engineers at the University of Oklahoma, has been designed and optimized

for kinematic and thermodynamic measurements of the PBL. Unlike conventional mul-

ticopter platforms, the CopterSonde employs a model-based 3D wind estimation tech-

nique that relies on mathematical models. This method uses aerodynamic principles

to infer wind vectors from the drone’s own response against wind and control inputs.

Early phases of the presented study, building on the foundation of previous works, fo-

cused on refining parameters of the model-based methods by calibration through the

use of Differential Evolution Optimizer (DEO), a cost function optimization technique.

xix



Calibration was performed using a combination of Doppler wind lidars, providing a

robust reference for validation. These efforts highlighted the DEO method’s ability

to optimize the CopteSonde’s dynamic model, yielding wind estimates with accuracy

comparable to Doppler wind lidars. by minimizing the root mean square error (RMSE)

between the ground truth and the CopterSonde’s estimations. The integration of a Lin-

ear Extended State Observer (LESO) into the model helped to reduce the influence of

autopilot-induced perturbations and enhance the overall quality of the wind estimates.

Extending upon this previous research, the presented work introduces advanced

machine learning (ML) approaches to avoid reliance on complex mathematical models,

offering a platform-agnostic and data-driven characterization of UAS for wind esti-

mation. A selection process to determine an adequate machine learning method was

described and implemented. After evaluating several candidate techniques based on

predictive accuracy and computational efficiency, machine learning techniques were

employed to analyze and learn patterns and relationships in an extensive pre-collected

dataset that model-based methods fail to capture. ML methods may offer a better way to

distinguish wind perturbations from coupled UAS dynamics. The resulting ML models

not only refined the CopterSonde’s 3D wind estimation capabilities but also provided a

new perspective on how to integrate data-driven methods with mathematical models.

The combined efforts in this study present a comprehensive evaluation of various

wind estimation techniques, from initial drag coefficient refinement using DE to ad-

vanced ML implementations. This holistic approach not only highlights the progress

made in enhancing wind-sensing accuracy but also provides valuable insights and

guidelines for future applications to avoid reliance on complex mathematical models,

offering a platform-agnostic and data-driven characterization of UAS for wind estima-

tions. Through a comparison of different methodologies, the work establishes a solid

foundation for ongoing research in wind estimation and sets the stage for future ad-

xx



vancements in UAS technology.
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Chapter 1

Introduction

1.1 Motivation

The study of air mass kinematics and dynamics is essential for advancing understanding

of the planetary boundary layer (PBL) [1]. These are essential for predicting meteo-

rological processes [2], optimizing wind energy performance [3], understanding wake

interactions within the planetary boundary layer (PBL) in large wind farms [4–6], and

defining boundary conditions for modeling gas dispersion in the PBL [7]. Commonly

used systems for obtaining wind velocity data at different heights within the PBL in-

clude traditional mast-mounted anemometers (primarily cup and sonic types), weather

balloons (radiosondes), sonic detection and ranging (SODAR), and light detection and

ranging (lidar) [1]. These methods are suitable for measuring wind velocities across

various temporal and spatial scales, producing complementary datasets that are fre-

quently compared [8].

Despite the wide range of existing measurement techniques, observational gaps re-

main in wind data collection within the planetary boundary layer (PBL), driving the

development of small UASs equipped with sensors for measuring wind velocities [2,

9–13]. UASs offer three-dimensional mobility, ease of deployment, cost-effectiveness,

and operational flexibility while providing time- and space-resolved wind measure-
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ments [14]. Moreover, advancements in fabrication and prototyping methods, such

as the accessibility of 3D printing technologies and open-source autopilot codes, have

made UAS development more affordable, user-friendly, and rapid. They are also highly

versatile and can be equipped with additional sensors to map various atmospheric prop-

erties in three-dimensional space. UASs have become essential tools for addressing

observational gaps in the PBL by providing high-resolution, in-situ measurements with

greater flexibility than traditional methods. Unlike meteorological towers or weather

balloons, UASs enable continuous profiling across various altitudes and terrains, in-

cluding inaccessible or hazardous regions [12, 13]. Their capability of carrying pay-

load like sensor packages to measure key atmospheric parameters, such as temperature,

humidity, pressure, and wind speed, has been demonstrated in field campaigns such as

LAPSE-RATE, where multiple UAS systems effectively captured fine-scale meteoro-

logical variations [13]. Small UASs, such as the Multi-purpose Airborne Sensor Car-

rier (MASC), have proven particularly valuable for studying turbulence, wind shear,

and wake structures, making them integral to wind energy research and boundary-layer

studies [15]. Advancements in sensor integration and wind estimation algorithms have

improved the accuracy of UAS-based observations, enabling precise assessments of

PBL dynamics [12]. Additionally, UASs provide a cost-effective and rapidly deploy-

able alternative to conventional monitoring systems. Despite challenges related to sen-

sor calibration and flight optimization, recent studies has demonstrated UASs to be a

promising bridge to fill up critical gaps in PBL observations and enhance the under-

standing of boundary-layer processes [12, 13, 15]. Consequently, UASs are expected

to contribute valuable data to PBL research [11–13, 15, 16].

Atmospheric wind kinematics can be determined using two different approaches

in UASs. Direct methods rely on dedicated wind sensors mounted on the UAS [1].

Various types of sensors have been employed to measure wind speeds using UASs.
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Figure 1.1: Schematic showing the in situ data gap present in the lower atmosphere.
Conventional meteorological instruments are illustrated with their respective measure-
ment type and range. ABO stands for Airborne Observations using manned aircraft.
Image was taken from [17].

Differential pressure sensors, such as Pitot tubes and multi-hole pressure probes, are

particularly suitable for wind measurements covering large areas, especially when the

UAS maintains a constant forward motion at elevated speeds. However, strong turbu-

lence has been found to reduce measurement accuracy, as Pitot tube readings depend

on dynamic pressure management, introducing additional complexity to UAS operation

[12]. Mechanical anemometers (e.g., cup anemometers) are rarely used on UASs.

Most mechanical anemometers cannot be used for accurate measurements of a 3D

wind vector [1]. Cup anemometers, for instance, are highly susceptible to interference
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from airflow disturbances caused by the UAS’s nearby rotors, which can significantly

alter the local wind field and introduce measurement errors. Additionally, mechani-

cal anemometers generally have a low response time, making them less suitable for

capturing rapid fluctuations in wind velocity, particularly in turbulent conditions [1].

Arrays of multiple sensors in different orientations would need to be analyzed, re-

sulting in a bulky setup and a large measurement volume. Additionally, the low tempo-

ral resolution of mechanical anemometers makes them unsuitable for capturing rapid

wind velocity fluctuations, particularly in the dynamic environment of a flying UAS

[18]. Hotwire anemometers can be used for high-frequency wind speed measurements;

however, their accuracy deteriorates beyond 7 kHz, and the fragility of these sensors in-

creases the handling difficulty of rapidly deployable UASs in harsh environments [19].

Sonic anemometers mounted on rotary-wing UASs have demonstrated accurate wind

measurements; however, time series data collected along a horizontal circular trajectory

introduce variability in wind speed measurements due to the continually changing ori-

entation of the aircraft during each orbit and potential inhomogeneities in the wind field

[20]. Historically, full-sized sonic anemometers were rarely used on UASs due to size

and weight constraints [10]. An exception is the deployment of a full-sized 1.7 kg sonic

sensor (R.M. Young 81000 % 3D ultrasonic anemometer) on a large, 12 kg commercial

multirotor (DJI M600). However, data from this setup indicated significant inaccura-

cies under challenging conditions, with wind speed measurements deviating by up to

50 % and azimuth errors reaching 15 ◦ compared to a lidar reference [21]. Wind mea-

surements obtained from sensor-equipped UASs are further compromised by the high

contribution of vertical flow, even when the sensor is mounted on a stabilizing gimbal

[1]. Indirect methods estimate wind characteristics by analyzing the UAS’s response

to airflow, determining wind speed, azimuth, and elevation based on onboard sensors

primarily used for flight control. However, these methods require precise knowledge of

4



the UAS’s inertia and drag coefficients across various flight conditions, which are chal-

lenging to determine but significantly impact measurement accuracy. A key advantage

of this approach is the potential to extend flight duration and increase the maximum

sustainable wind speed, as no additional wind payload is required [2, 22–25].

Given the complexities associated with wind measurement using physical wind

sensors, engineers and meteorologists at the University of Oklahoma developed the

CopterSonde, a weather-sensing UAS that employs a dynamic model-based 3D wind

estimation approach without relying on physical wind sensors. By eliminating addi-

tional payloads, this design enabled the development of a more compact UAS with an

improved power-to-weight ratio, enhancing its tolerance to higher wind speeds. In-

stead of physical wind sensors, the CopterSonde utilizes mathematical models of its

body and propellers to estimate external forces acting on the CopterSonde [26]. A Lin-

ear Extended State Observer (LESO) incorporating a modified ideal Rayleigh equation

was employed to compute external force estimates using motion data from the autopilot,

which is subsequently translated into wind measurements. While previous studies have

demonstrated the effectiveness of LESO at lower wind speeds, its performance declines

as wind speed increases due to nonlinearities in the relationship between aerodynamic

drag and wind velocity, as well as extrapolation errors resulting from the limited wind

speed range used for calibration. Additionally, as a mathematical model, the LESO

relies on inherent assumptions, which may further contribute to estimation errors [26].

In recent years, machine learning techniques have increasingly been adopted as

powerful tools in environmental sciences. Numerous applications demonstrate the use

of these methods for forecasting meteorological parameters and their derivative prod-

ucts. Machine learning has become widely employed not only to correct biases aris-

ing from the high non-linearity of wind dynamics but also as stand-alone predictive

models [27]. Several examples highlight the application of machine learning in this

5



field. For instance, neural networks were used in 2020 to generate monthly wildfire

predictions, providing valuable insights for long-term fire planning and management

[28]. Additionally, incorporating principal component analysis (PCA) improved vis-

ibility prediction accuracy in Sichuan [29]. Demonstrating the potential of machine

learning, a classification approach for wind gust occurrences successfully enhanced

prediction accuracy [30]. Despite these advancements, predicting wind speed remains

challenging due to its inherently unpredictable nature. A study conducted in 2024 found

that Long Short-Term Memory (LSTM) networks outperformed other machine learn-

ing algorithms in wind estimation. However, LSTM was observed to be limited in its

effectiveness at higher wind speeds and altitudes [27].

In order to find the estimation approach that is best suited for this particular UAS,

the CopterSonde, the primary purpose of this work is to continue evaluating alterna-

tive estimation methods. The Doppler wind lidars, an Oklahoma Mesonet tower, and

radiosondes, provided by the National Severe Storms Laboratory and supported by the

National Oceanic and Atmospheric Administration at the National Weather Center of

the University of Oklahoma, are the components that make up the calibration and val-

idation dataset. The innovative method that is introduced in this work is an Artificial

Neural Network (ANN), which has the ability to learn detailed patterns in wind dy-

namics that traditional models might not be able to capture. This approach leverages

a variety of machine learning techniques to develop a new method for wind estimation

without relying on wind sensors or dynamic models. The goal is to create a calibration

and implementation process that is more straightforward while maintaining or improv-

ing wind measurement performance and quality. Neural network models have the abil-

ity to capture the extremely non-linear dynamics of the CopterSonde UAS and produce

a more accurate prediction of the wind flow around the platform. In this work, a com-

prehensive comparison is made between all of the approaches that have been described,
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and suggestions for putting them into practice are provided.

1.2 Literature Review

UASs have been increasingly utilized in several civil applications due to their ease of

deployment, low maintenance costs, high mobility, and hovering capability [31]. As a

result, new opportunities have emerged for exploring novel solutions in fields such as

agriculture, land surveying, surveillance, and package delivery [32].

In meteorology, severe weather events—including thunderstorms with hail and

strong winds, tornadoes, extreme rainfall, floods, tropical storms, ice storms, heavy

snowstorms, and blizzards—cause billions of dollars in economic losses annually in

the United States alone [33–35]. The impact of severe weather, exacerbated by cli-

mate change [36, 37], extends to biodiversity [38] and public health [39], particularly

affecting vulnerable populations [40]. To mitigate societal and infrastructural damage,

weather researchers have emphasized the need for developing novel atmospheric mon-

itoring techniques [41].

Among these advancements, the integration of UASs into weather research has been

widely recognized as a promising approach to address the existing in situ observational

gap in the lower atmosphere. Recent technological advancements have facilitated con-

trolled and targeted atmospheric soundings, generating momentum within the scientific

community to further enhance observational capabilities [42]. Furthermore, in 2019 %,

the National Weather Service (NWS) released a strategic plan advocating the adoption

of cutting-edge science, technology, and engineering to enhance meteorological obser-

vations, forecasting, and warning systems [43]. Similarly, the National Severe Storms

Laboratory (NSSL) has outlined a vision for integrating large volumes of weather data

from multiple sources while ensuring scalability to accommodate future measurement
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techniques. This initiative, known as Multiple Radar/Multiple Sensor (MRMS), aims

to improve atmospheric monitoring and forecasting capabilities [44, 45].

With the increasing use of UASs for atmospheric data collection and the evolving

challenges in modern meteorological research, several recent collaborative field experi-

ments have encouraged researchers and engineers to assess the effectiveness of UASs in

weather measurements while identifying challenges to improving measurement accu-

racy [20, 46–48]. This initiative has driven the development of innovative UAS designs

for atmospheric sampling [49, 50] and has fostered discussions on future operational

concepts [51] and research collaborations [52, 53], particularly concerning the applica-

tion of UASs in meteorological studies.

The earliest recorded attempts at utilizing UASs for atmospheric research date back

to the 1970s, when Konrad proposed the use of hobby-level radio-controlled aircraft to

measure weather parameters on convective days [54]. However, progress in this field

was limited at the time due to the bulky and heavy meteorological sensors, as well as the

absence of autopilot-assisted flights. Despite these technological constraints, this early

work represented a significant milestone in demonstrating the feasibility of the con-

cept, highlighting the unique advantages of UASs over conventional instruments, and

establishing preliminary operational procedures for their use in atmospheric research.

One of the first UASs designed for planetary boundary layer (PBL) measurements

was the Small Unmanned Meteorological Observer (SUMO), an autonomous fixed-

wing system developed at the University of Bergen as a cost-effective atmospheric

measurement platform. The SUMO was first deployed in 2007 during the FLOHOF

field campaign in Iceland, demonstrating atmospheric measurement results comparable

to those obtained from conventional radiosondes. Additionally, SUMO is recognized

as one of the first open-source UASs capable of recording both weather and flight data

through its autopilot system.
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SUMO integrates inertial measurement unit (IMU) readings (accelerations and an-

gular rates) with GPS velocity and multi-hole probe measurements within a filtering

framework, typically an extended or unscented Kalman filter, to estimate the 3D wind

vector. However, its primary drawback is the demanding operational requirements, in-

cluding the necessity for a large, open, and unobstructed space for takeoff and landing,

as well as the need for skilled operators to pilot the system effectively [50, 55].

Commercially available UAS-based solutions exist today. Meteomatics AG, a com-

pany based in Switzerland, has been developing and offering the weather UAS “Meteo-

drone” since 2012. The onboard sensor suite integrates IMU data, GPS, and pressure

readings in real time to infer wind speed and direction. The collected data can be as-

similated into numerical weather prediction models, such as the Weather Research and

Forecasting (WRF) model, or specialized short-range forecast models. However, its

functionalities are restricted to those provided by the manufacturer, and access to raw

data may be unavailable due to trade secrets, potentially limiting its applicability for

research [56].

The Coyote drone, developed by Raytheon and deployed by NOAA, is an air-

launched small UAS (sUAS) designed for hurricane observations. It provides high-

resolution wind, pressure, temperature, and turbulence data at low altitudes (<150 m),

where manned aircraft cannot safely operate. Wind measurements are obtained using

GPS-derived velocity, inertial motion sensors, and a pitot-static system, enabling tur-

bulence and momentum flux calculations. The Coyote has been successfully deployed

in Hurricanes Maria (2017) and Michael (2018). However, its short flight duration

(∼1 hour), limited payload (1.8 kg), reliance on a NOAA P-3 aircraft for deployment,

and expendable nature pose significant challenges [57].

The NASA Global Hawk estimates wind using a combination of in situ and remote-

sensing instruments, including Meteorological Measurement Systems (MMS) for GPS-
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and inertial-based wind tracking, Microwave Temperature Profilers (MTP) for temper-

ature gradient analysis, Cloud Physics LIDAR (CPL) for aerosol and cloud motion

characterization, and dropsondes for vertical wind profiling. With its long-endurance

capability (31+ hours) and high-altitude range (up to 65,000 ft), it facilitates extensive

atmospheric observations over remote regions, making it highly valuable for hurricane

monitoring, climate studies, and upper-atmosphere research. Advantages include au-

tonomous operation, a large payload capacity (1,500 lbs), and the ability to access

extreme weather conditions without endangering human pilots. However, challenges

include high operational costs, lengthy mission planning (up to six months for FAA

approval), limited low-altitude wind measurements, and dependence on ground control

for real-time adjustments [58, 59].

The CopterSonde estimates wind using an integrated sensor fusion approach, com-

bining inertial measurement units (IMUs), GPS, onboard pressure sensors, and a wind

vane mode algorithm. This system enables the UAS to maintain orientation into the

wind while calculating wind speed based on pitch and roll angles, eliminating the

need for dedicated anemometers. The wind estimation algorithm employs a kinematic

model, utilizing the UAS’s tilt to derive wind velocity, with post-processing refining

these measurements through calibration against reference meteorological stations. The

CopterSonde offers several advantages, including high-resolution vertical profiling ca-

pability, adaptability to real-time atmospheric conditions, modular payload configura-

tions for sensor flexibility, and efficient low-altitude wind measurements, making it

particularly suitable for boundary layer research. However, limitations include battery

constraints leading to short flight durations (∼ 60 min), susceptibility to turbulence and

rotor wash effects, limited spatial coverage per flight, and operational restrictions due

to visual-line-of-sight regulations. Despite these challenges, the CopterSonde’s pre-

cise wind estimation, cost-effective deployment, and autonomous adaptability make it
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a valuable tool for meteorological studies and atmospheric profiling [26, 60].

Limited research has been conducted in this domain to estimate wind using machine

learning. In 2020, scholars applied a long short-term memory (LSTM) recurrent neural

network, leveraging Doppler lidar observational datasets from three sites over complex

terrain. The model was trained using wind speed and direction data from 40 m and

60 m, along with turbulence kinetic energy (TKE) and diurnal cycle information, to

predict wind profiles up to 230 m. The LSTM approach outperformed the traditional

power-law method, particularly at greater heights, achieving an R2 above 90 % up to

100 m when using only the 40 m input data, with further improvements observed when

incorporating 60 m wind speed data. However, limitations included the model’s sen-

sitivity to site-specific training data, necessitating retraining for new locations, and its

reduced accuracy in capturing abrupt wind profile changes. Additionally, complex ter-

rain effects, local wind patterns such as low-level jets, and data availability constraints

posed challenges for generalizing the model across diverse environments [27]. Another

study in 2020 applied an LSTM neural network to estimate wind velocity using quad-

copter state measurements without a wind sensor, relying on roll and pitch angles and

position data as inputs. However, this study was based on simulated quadcopter flights

using the Dryden gust model, a stochastic wind model, and Large Eddy Simulation

(LES) of the planetary boundary layer. The approach was constrained by its depen-

dence on specific flight paths, systematic biases in certain cases, high computational

costs, and the lack of real-world validation data [61].

Research on estimating three-dimensional (3D) wind fields using machine learning

remains limited, particularly in conjunction with UASs for vertical profiling in the plan-

etary boundary layer (PBL) and traditional weather measurement instruments such as

radiosondes, mesonets, and lidars in open-field environments. Most existing studies fo-

cus either on wind estimation in the PBL or rely on a single measurement method, often
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lacking an integrated approach that combines remote sensing and in situ observations.

This thesis addresses this gap by integrating machine learning techniques with UAS-

based wind profiling alongside conventional meteorological instruments in real-world

conditions. Significant efforts have been made to develop a comprehensive framework

that leverages both observational data sources and machine learning models to enhance

wind estimation accuracy.

1.3 Research Scope

After establishing the motivation and reviewing the relevant literature, it was deter-

mined that significant potential exists to improve both horizontal and vertical wind es-

timation using the CopterSonde weather-sensing UAS. The current approach for wind

estimation relies on the Linear Extended State Observer (LESO), a mathematical model

based on various assumptions that may constrain its applicability. Leveraging machine

learning presents an opportunity to enhance wind estimation accuracy by reducing de-

pendence on these assumptions. Consequently, the primary objectives of this research

are outlined as follows:

1. Enhance and refine the calibration of existing wind estimation methods across

two distinct platforms: CS 3D and CSWX WxUAS.

2. Conduct a performance analysis of current methodologies, considering platform-

specific differences and operational constraints.

3. Investigate machine learning techniques capable of capturing the complex inter-

actions between flight control dynamics and wind effects.

4. Perform a comprehensive evaluation of all algorithms, including machine learn-

ing approaches, to assess performance trade-offs and operational feasibility.
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The UASs utilized in this thesis are designed for weather research. The first stage

of this study focused on collecting wind data using CopterSondes. Given that a wind

tunnel was not available at the university, the work relied on alternative meteorological

instruments, including Doppler wind lidar, a 3D mesonet tower, and radiosondes, pro-

vided by the Cooperative Institute for Severe and High-Impact Weather Research and

Operations (CIWRO) at the NSSL, located at the National Weather Center. As data

collection was conducted in an open-field environment, it was dependent on weather

conditions and the calibration of the CopterSondes.

The instruments were assumed not to be colocated. Consequently, it was presumed

that large-scale wind motions were equivalent across measurement locations, while

small-scale features and turbulence were considered negligible, as the objective was to

capture the mean structure of horizontal winds and small-scale variations in vertical

winds. This dataset facilitated the development of a Differential Evolution Optimizer

(DEO) function, a cost function optimizer that determined the optimal aerodynamic

force coefficients acting on the UAS during ascent and descent. These coefficients were

then integrated into the LESO algorithm to compute aerodynamic forces on the Copter-

Sonde and convert them into wind velocity estimates. Additionally, other perturbation-

based approaches, specifically the Linear and Quadratic algorithms, were evaluated.

In the second phase, the collected dataset was utilized alongside DE and ground-

truth data to optimize coefficients for the Linear and Quadratic models. After deriving

the optimal coefficients for the LESO, Linear, and Quadratic approaches, a compre-

hensive RMSE comparison against the ground truth was conducted to determine which

model most accurately predicted wind velocity.

Once the most effective algorithm was identified, the next step was to develop a

machine learning model capable of estimating both horizontal and vertical wind using

only the UAS’s dynamic information (i.e., flight telemetry). The objective was to sur-
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pass the accuracy of existing wind estimation methods while reducing dependence on

complex or rigid mathematical assumptions.

As the proposed solution is based on an experimental prototype, some minor lim-

itations may remain unresolved. Therefore, the final stage of this research outlines a

roadmap for future work, including discussions on potential improvements, existing

limitations, and additional strategies to further refine the current weather UAS concept

and enhance its operational capabilities.

1.4 Chapter Summary

This chapter underscores the importance of accurately characterizing wind kinemat-

ics and dynamics within the PBL for applications such as meteorological forecast-

ing, air-quality assessment, and wind estimation. While traditional measurement plat-

forms—including mast-mounted anemometers, radiosondes, SODAR, and lidar—offer

valuable observational datasets, they often leave spatial and temporal gaps in the lower

atmosphere. To address these limitations, small UASs have emerged as promising tools

for high-resolution, three-dimensional wind profiling.

Following a review of direct and indirect sensing techniques, the CopterSonde plat-

form, developed at the University of Oklahoma, is introduced. This system avoids the

use of dedicated wind sensors by employing a dynamic model–based estimator that

infers external wind forces from the UAS’s own motion. Although such perturbation-

based algorithms perform adequately at low wind speeds, they rely on simplifying as-

sumptions and platform-specific calibration. These limitations reduce their accuracy

under more challenging atmospheric conditions, motivating the development of alter-

native estimation strategies

A comprehensive literature review traces the evolution of UAS-based atmospheric
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profiling, from early hobby-grade aircraft experiments to advanced autonomous plat-

forms such as SUMO, commercial systems like Meteodrone, and NOAA’s deployment

of the Coyote UAS. Recent efforts to integrate machine learning—particularly using

neural networks—have shown potential for wind estimation in lidar-assisted and simu-

lated environments. However, these approaches remain limited by site-specific training,

lack of validation against real-world datasets, and insufficient integration with conven-

tional remote sensing platforms such as lidar, mesonet towers, and radiosondes.

The chapter concludes by outlining the objectives of this thesis: to refine the cali-

bration of the CopterSonde platform, evaluate traditional dynamic and kinematic esti-

mation algorithms using Differential Evolution optimizer, and develop artificial neural

networks that capture the platform’s nonlinear dynamics for improved horizontal and

vertical wind estimation.

The structure of this thesis is as follows. Chapter 2 provides a detailed description

of the instrumentation used in this study, including the UAS platforms and ground-

based remote sensing systems. Chapter 3 presents a comparative analysis of established

baseline algorithms for wind estimation. Chapter 4 introduces the proposed machine

learning framework for UAS-based wind estimation, highlighting model development,

training strategies, and evaluation. Chapter 5 concludes the thesis by summarizing the

key findings and outlining potential directions for future research.
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Chapter 2

Description of Supporting Instruments

This chapter provides a comprehensive overview of the instruments utilized in this

study. The discussion begins with the earlier generation of the CopterSonde, des-

ignated as CS3D, and subsequently introduces the latest version, CSWX, which was

specifically engineered for deployment in severe weather conditions. The chapter then

details the DWL, which served as the primary ground truth instrument for wind profile

validation as the experiments were carried out in an open field environment. Two DWL

systems were deployed which were provided by the National Weather Center (NWC) at

the University of Oklahoma (OU): one system was operated by the Cooperative Insti-

tute for Severe and High-Impact Weather Research and Operations (CIWRO) and the

other by the National Severe Storms Laboratory (NSSL) [62].

2.1 Evolution of the CopterSonde Platform

The CopterSonde UAS was developed to enable high-resolution vertical profiling

of thermodynamic and kinematic atmospheric properties, with a particular focus on

the planetary boundary layer (PBL). Since its initial deployment in 2017, the plat-

form has undergone substantial development, resulting in two primary iterations: the

CopterSonde-3D (CS3D) [63] and the CopterSonde-SWX (CSWX), the latter intro-
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duced as a prototype in 2024 and currently in the testing phase. While both platforms

are designed for meteorological observations, the CSWX incorporates significant im-

provements in aerodynamic design, propulsion systems, and operational robustness,

making it better suited for deployment in severe weather environments.

2.1.1 CopterSonde-3D UAS

The CS3D platform was developed through iterative design improvements upon learn-

ing from field campaign deployments where observations allowed for aerodynamic

evaluations of sensor placement [26, 64]. The system features a rotary-wing quad-

copter architecture with a modular weather sensor payload , referred to as the “scoop,”

which houses thermodynamic sensors shielded from direct solar radiation and actively

aspirated using a fan. The sensor array is mounted at the front of the airframe and ac-

tively oriented into the incoming relative wind using a custom wind vane flight mode

(WVFM), thereby minimizing platform-induced thermal biases [63].

Figure 2.1 illustrates the CS3D design concept developed in early 2022, along with

a sectional view of the front shell from the computer-aided design (CAD) model. The

scoop structure and integrated sensor package are visibly incorporated into a stream-

lined airframe to promote consistent airflow over the measurement elements.

The CS3D platform is equipped with a Wind Vane Flight Mode (WVFM) that pas-

sively aligns the airframe with the prevailing wind direction during flight. This align-

ment ensures that the sensor array remains exposed to undisturbed ambient airflow,

which is critical for accurate retrieval of horizontal wind speed and direction, as well as

precise thermodynamic measurements such as temperature and humidity. By minimiz-

ing aerodynamic disturbances around the sensing elements, the WVFM substantially

improves the fidelity and reliability of the CS3D’s atmospheric observations during
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Figure 2.1: (a) Conceptual design of the CopterSonde-3D quadcopter UAS from early
2022, configured for in situ thermodynamic measurements and vertical profiling of the
lower atmosphere. (b) Cross-sectional view of the front fuselage from the CopterSonde-
3D CAD model, showing the solar radiation shield and internal sensor bay. Positions
of thermodynamic instruments and other essential components are indicated, with the
dashed box marking the section plane. Image is adapted from [63].

vertical profiling missions.

Table 2.1 presents the complete set of CS3D specifications, including its airframe

properties, propulsion components, and operational performance metrics as estimated

and stated by [63].

Although the aerodynamic design of the CopterSonde-3D represented a substantial

advancement over its earlier iterations, several operational limitations were observed

during its deployment in the PERiLS 2022 field campaign. The most critical constraint

emerged under persistently elevated wind conditions, which frequently activated the

platform’s automatic return-to-launch (RTL) failsafe mechanism. This safety protocol

was triggered when the aircraft’s control stability or GPS accuracy became compro-

mised due to external wind forces exceeding its design thresholds. As a result, the

CS3D was unable to ascend beyond altitudes of approximately 1000 m above ground

level (AGL), thereby restricting the vertical extent of atmospheric profiles during sev-

eral critical observation windows [63].

Despite demonstrating limited success in light precipitation events—where the elec-
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Table 2.1: Airframe, propulsion components, and operational specifications of the
CS3D platform.

Category Specification

Operational Performance
All-up Weight 2.36 kg
Hover Time 18 min
Maximum Forward Speed 28.4 m s−1

Maximum Sideways Speed 22.3 m s−1

Maximum Sustained Wind Speed 22 m s−1

Maximum Wind Gust Tolerance 26 m s−1

Maximum Climb Rate 12.2 m s−1

Maximum Descent Rate 6.5 m s−1

Maximum Input Voltage 17.5 V
Minimum Input Voltage 12.5 V
Maximum Peak Current 94.4 A
Maximum Continuous Current 61.5 A
Maximum Mechanical Vibration 27 m s−2

Maximum Motor Temperature 52◦C
Maximum Operating Altitude (AMSL) 3210 m
Maximum Altitude Above Ground Level (AGL) 1800 m
Operating Temperature Range −20◦C to 40◦C
Maximum Operating Humidity 100% (light rain)

trical components remained functional without failure—the structural design of the

CS3D proved insufficient for prolonged exposure to the dynamically evolving and tur-

bulent conditions characteristic of deep convective environments. Specifically, the use

of PLA in the airframe shell and the absence of enhanced motor redundancy or aero-

dynamic shaping contributed to the platform’s vulnerability to both mechanical stress

and flight instability. Moreover, the propulsion system lacked the necessary thrust-

to-weight ratio to maintain controlled ascent in wind regimes exceeding 20–25 m s−1.

These cumulative factors ultimately underscored the need for a more resilient and

power-efficient platform, motivating the development of the CopterSonde-SWX as a

next-generation solution tailored for severe weather deployment [63].
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To address these limitations, the CSWX platform was developed with several key

enhancements. These included refined aerodynamic shaping to reduce drag, rein-

forced structural components for improved survivability, increased propulsion capac-

ity to maintain altitude in strong winds, and modular sensor integration designed to

minimize flow disturbances. Together, these upgrades aimed to improve operational

robustness and ensure reliable performance in severe weather conditions.

2.1.2 CopterSonde-SWX UAS

The CSWX represents a significant aerodynamic and structural advancement over the

CS3D. Developed specifically for high-resolution vertical profiling tailored to severe

weather environments, the CSWX integrates a high-power propulsion system and re-

fined aerodynamic elements to improve resilience and measurement accuracy under

extreme wind conditions [65].

One of the most notable aerodynamic improvements is the incorporation of a fixed

upward body tilt of 15◦, which serves to reduce drag during forward flight and en-

hances efficiency in strong wind environments. This configuration was informed by

rotor-tilting studies, which demonstrated enhanced flight stability and speed with mod-

erate tilting angles [66]. The airframe was further elongated and narrowed to minimize

frontal area, allowing improved penetration through turbulent atmospheric layers.

The CSWX platform retained the quadcopter configuration of the CS3D, but incor-

porated key aerodynamic and propulsion enhancements. The airframe is constructed

from carbon-fiber plates joined by aluminum standoffs, while the external shell was re-

fined and 3D-printed in polycarbonate to reduce aerodynamic drag and increase struc-

tural stiffness [65]. Each arm integrates a 3110-size-10 900 KV brushless motor paired

with a high-performance electronic speed controller, enabling a higher thrust-to-weight
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Figure 2.2: The CopterSonde-SWX (CSWX), developed in 2024, represents the next
evolution of weather-sensing UAS technology, extending the capabilities of the earlier
CopterSonde-3D platform. Developed for deployment in severe weather environments,
the CSWX incorporates an advanced aerodynamic design tailored to enhance flight
stability and improve measurement accuracy under high-wind atmospheric conditions.

ratio [65].

In its high-performance configuration, the platform is powered by a 6000 mAh 6S

LiPo battery rated for a continuous discharge of 168 A, which provides sufficient thrust

to maintain flight stability under high-wind conditions. For extended-duration missions,

a secondary 9000 mAh 6S Li-ion battery, rated for a continuous discharge of 90 A,

is employed [65]. Comparative testing against DWL confirmed the improved wind

estimation accuracy of the CSWX across both low- and high-wind regimes.

Figure 2.3 shows the side view of the CSWX platform following a night flight,

highlighting its streamlined aerodynamic design optimized for high-wind performance.

Table 2.2 presents the full technical specifications of the CSWX platform, high-

lighting both measured and theoretical performance capabilities [65].
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Figure 2.3: Side view of the CSWX on the launchpad after a night flight, illustrating
the platform’s streamlined airframe designed to enhance aerodynamic efficiency and
operational stability in high-wind environments.

Table 2.3 summarizes the key design and performance differences between the

CS3D and CSWX CopterSonde platforms, highlighting the enhancements made to en-

able reliable deployment in severe weather and high-wind environments.

2.1.3 CLAMPS Doppler Wind Lidar System

The Collaborative Lower Atmospheric Mobile Profiling System (CLAMPS) is a

ground-based, mobile observational platform designed for high-temporal-resolution

profiling of the PBL . Developed collaboratively by the University of Oklahoma and

the National Severe Storms Laboratory (NSSL), CLAMPS provides critical thermody-

namic and kinematic measurements essential for mesoscale meteorological studies and

severe weather monitoring [62].

CLAMPS consists of a compact 4.9 m trailer that supports rapid deployment and

autonomous operation. Equipped with onboard diesel generators, the system can
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Table 2.2: Measured and theoretical specifications defining the flight envelope of the
CopterSonde-SWX. Values in parentheses indicate theoretical maximums.

Specification Value

Maximum All-up weight 2.8 kg
Maximum Hover time (10% batt.) 15.6 min
Maximum Forward speed 35.4 m s−1

Maximum Mean wind tolerance 25 (30) m s−1

Maximum Gust tolerance 28 (35) m s−1

Maximum Climb rate 5 (12.5) m s−1

Maximum Descent rate 7 (10) m s−1

Maximum Input voltage 26 V
Maximum Peak current 110 (264) A
Maximum Continuous current 65 (140) A
Maximum Mechanical vibration 30 m s−2

Maximum Motor temperature 65 (80)◦C
Maximum Min. air density 0.95 (0.85) kg m−3

Maximum Altitude above ground 1500 (3000) m
Maximum Temperature range −20 to 45◦C
Maximum Relative humidity range 0 – 100%
Maximum Payload weight range 300 – 450 g

Table 2.3: Comparison of CS3D and CSWX CopterSonde Platforms.

Feature CS3D CSWX

Primary Application Moderate weather pro-
filing

Severe weather profiling

Tilt Configuration No tilt Fixed 15◦ upward tilt
Airframe Material Aluminum/carbon fiber

with PLA shell
Carbon-fiber frame with
polycarbonate shell

Maximum Gust Tolerance 26 m s−1 35 m s−1

Operating Temperature Range −20◦C to 40◦C −20◦C to 45◦C
Sensor Integration Modular “scoop” with

WVFM
Refined scoop with
WVFM

Propulsion and Power T-Motor MN3110-780
with 5870 mAh LiPo
battery

900 KV motors with
6000 mAh (LiPo) and
9000 mAh (Li-ion) dual
batteries

All-Up Weight 2.36 kg 2.80 kg
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function independently and requires no commercial licenses for transport or setup.

Two nearly identical units, CLAMPS-1 and CLAMPS-2, facilitate either simultaneous

multi-location observations or redundancy within a single experiment.

Instrumentation. CLAMPS integrates several remote sensing and in situ instru-

ments, including an Atmospheric Emitted Radiance Interferometer (AERI), a Doppler

Wind Lidar (DWL), a microwave radiometer (MWR), surface weather sensors, and a

radiosonde launch system.

Of these, the Doppler Wind Lidar and radiosonde systems were primarily utilized

in this study. The DWL operates by transmitting laser pulses into the atmosphere and

analyzing the Doppler shift in the backscattered signal from aerosols and particulates.

Through the application of Velocity–Azimuth Display (VAD) techniques, the DWL

provides high-temporal-resolution vertical profiles of horizontal and vertical wind com-

ponents, which are essential for resolving fine-scale boundary layer dynamics and val-

idating UAS-based wind retrievals.

The radiosonde system complements the DWL by delivering in situ measurements

of pressure, temperature, humidity, and wind throughout the troposphere. Radiosondes

are carried aloft by weather balloons and yield high-vertical-resolution atmospheric

profiles, which serve as calibration references and ground truth for both remote sensing

instruments and UAS-based observations.

Operational Role. CLAMPS has been deployed in several major meteorological

field campaigns, including VORTEX-SE and PECAN, to provide high-frequency, near-

storm environmental observations. Its capability for continuous monitoring enables de-

tailed analysis of boundary layer processes that are often under-resolved by traditional

radiosonde launches or radar systems. Due to its well-validated vertical wind profiling
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capability—particularly through DWL—CLAMPS was selected as the ground truth for

this study. Its ability to deliver high-temporal-resolution wind profiles in open-field en-

vironments made it an ideal benchmark for evaluating the accuracy and robustness of

the wind estimation algorithms developed for the CopterSonde platforms.

Table 2.4: CLAMPS instrumentation summary [62].

Component CLAMPS-1 CLAMPS-2

Thermodynamic Profiling AERI v4, HATPRO AERI v4, MP-3000A
Wind Profiling Halo Stream Line Halo Stream Line XR
Aerosol Profiling – –
Surface Weather Vaisala WXT530 (3 m) Vaisala WXT530 (5 m)
Radiosonde System iMet Vaisala RS-41 compatible
Power Source Diesel Generator / Grid Diesel Generator / Grid
MWR Support Yes Yes

In this study, CLAMPS-provided Doppler Wind Lidar data served as the primary

ground truth during the initial phase of wind estimation model development.

In the final phase of this study, WINDoe [67]—an advanced post-processing wind

estimation system developed at the Cooperative Institute for Severe and High-Impact

Weather Research and Operations (CIWRO)—was used as the ground truth for both

horizontal and vertical wind estimation. WINDoe incorporates DWL data collected by

the CLAMPS system along with additional meteorological observations from radioson-

des, Mesonet towers, and UAS platforms to generate reliable wind profiles through

multi-source data fusion.

The primary phase of this thesis focused on estimation of horizontal wind. However,

restricting wind estimation research solely to horizontal wind is insufficient for com-

prehensive atmospheric studies or practical UAS-based applications. Accurate vertical

wind estimation is equally important for turbulence characterization, boundary layer

analysis, and numerical weather prediction. Traditional approaches to vertical wind
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estimation typically rely on dedicated DWL, but the logistical and resource limitations

associated with deploying multiple DWLs in the field posed a significant challenge in

this research.

To address this, WINDoe was employed as a surrogate reference system. Using

optimal estimation theory, WINDoe integrates data from diverse platforms and sensors

to retrieve consistent and physically constrained estimates of the full three-dimensional

(3D) wind field. Unlike single-instrument systems, which are often susceptible to mea-

surement noise or spatial gaps, WINDoe offers smoother and more stable wind profiles

suitable for training data-driven models.

2.2 Chapter Summary

This chapter presented a detailed overview of the instruments employed in this study

for atmospheric wind profiling and validation. The discussion began with the evolu-

tion of the CopterSonde platform, highlighting the development and capabilities of two

CopterSonde UASs: the CS3D and the CSWX. The CS3D, although effective under

moderate conditions, demonstrated limitations in high-wind environments, prompting

the design of the CSWX. The CSWX incorporated significant improvements in aero-

dynamic shaping, propulsion capacity, and structural resilience, making it suitable for

deployment in severe weather scenarios.

The chapter then introduced the CLAMPS platform, a ground-based mobile pro-

filing system developed by the the National Severe Storms Laboratory. CLAMPS in-

tegrates a suite of passive and active remote sensing instruments, among which the

DWLs and radiosonde systems were of central relevance to this study. These systems

provided high-temporal-resolution wind profiles and in situ atmospheric soundings, re-

spectively, and served as the primary ground truth for evaluating CopterSonde-based
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wind estimation.

CLAMPS’s validated performance in prior field campaigns and its ability to oper-

ate autonomously in open-field conditions established it as the ideal reference system

for benchmarking UAS-derived wind estimates. In the latter phase of this research, the

WINDoe system—developed by CIWRO—was used to further enhance ground truth

fidelity through multi-sensor data fusion. Overall, this chapter established the foun-

dational instrumentation and reference systems used to assess and validate the perfor-

mance of the proposed wind retrieval methodologies.
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Chapter 3

Comparative Analysis of Established Baseline Wind Estimation

Algorithms

In the last decade, several UAS-based wind estimation algorithms have been proposed

in the literature, wherein wind vector is derived from onboard sensor measurements in

a direct way [68] and kinematic/dynamic modeling in an indirect way [69]. Among

these, the Linear, Quadratic [70], and Linear Extended State Observer (LESO)-based

[26, 65] approaches—comprising both kinematic and dynamic models—have been de-

veloped and tailored to the CopterSonde platform to infer wind vectors from external

aerodynamic forces acting on the airframe.

The objective of this chapter is to fine-tune or calibrate these current wind esti-

mation methods of the CopterSonde UAS against a known ground-truth observation.

Consequently, the results of the calibration was used as a metric to compare the perfor-

mance between the methods.

Since this study did not have access to controlled wind tunnel facilities, all calibra-

tion and validation activities were conducted under open-field conditions. To ensure the

reliability of the results, field experiments were strategically performed on windy days

and co-located with high-quality remote sensing instrumentation—including DWLs,

Oklahoma Mesonet towers, and radiosonde launches. These instruments are proven
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technology in the atmospheric science community and, thus, were considered as the

observational ground truth for this study necessary for evaluating the performance of

the UAS-based wind estimation algorithms under realistic atmospheric conditions.

In addition to these co-located measurements, the WINDoe (Wind Information from

Optimally-merged Datasets) system—maintained by CIWRO at the University of Okla-

homa—was also available for use in this study [67]. WINDoe [67] is a post processing

technique that was developed to fuse together data from DWLs, radiosondes, Okla-

homa 3D Mesonet towers, and UAS-based platforms, providing high-resolution wind

retrievals with lower uncertainty that could served as a reference dataset for this chap-

ter’s UAS-based wind calibration and validation purposes and also to train the machine

learning models.

Unlike DWL measurements alone, which may be affected by noise or spurious

spikes, WINDoe provides smoother and more stable wind estimates. By synthesiz-

ing these diverse datasets, WINDoe produces continuous wind profiles that are deeper,

more complete, and include uncertainty estimates at each vertical level. This blended

retrieval significantly reduces data gaps and enhances vertical resolution, particularly

in challenging conditions where individual instruments alone may fail to provide com-

plete measurements. As such, WINDoe could be adopted as the primary reference for

calibrating and validating the LESO, Linear, and Quadratic wind estimation algorithms

on both the CS3D and CSWX platforms. Its ability to integrate diverse observational

datasets made it especially suitable for serving as ground truth in the development and

evaluation of machine learning models for three-dimensional wind estimation.

The co-located DWLs, Mesonet towers, and radiosondes provided high-quality

wind vector measurements, which were treated as the most accurate representations

of the atmospheric wind field information available and thus served as ground truth

for calibrating and validating the CopterSonde’s onboard wind estimation algorithms.
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These reference observations were used as targets against which the performance of the

estimation methods could be quantitatively assessed.

Moreover, procedures for calibration and validation of UAS-based wind estima-

tion algorithms were established and described in the following sections. In short, a

series of coordinated field experiments were conducted in which the CopterSonde plat-

forms performed vertical profiling of the PBL under windy conditions. These flights

were co-located with ground-based and remote sensing instruments, including a DWL,

an Oklahoma Mesonet tower [51], and radiosonde launches provided by CIWRO. The

vertical profiles typically extended from the surface to several hundred meters above the

ground level (AGL) to capture a representative range of wind conditions. CopterSonde

observations were time-synchronized and geospatially aligned with the co-located at-

mospheric instruments to ensure data consistency across platforms.

In the case of the LESO-based approach, wind speed estimation is derived indirectly

through aerodynamic modeling. The LESO reconstructs external forces acting on the

CopterSonde—such as aerodynamic drag and lift—based on motion data recorded by

the autopilot. These reconstructed force vectors are then converted into wind veloci-

ties using simplified aerodynamic formulations [26, 65]. In contrast, the Linear and

Quadratic models bypass force reconstruction altogether and empirically relate the plat-

form’s tilt angle to horizontal wind speed through regression-based relationships [70].

Once the experimental datasets were collected and synchronized with the ground-

truth wind profiles, a Differential Evolution Optimizer (DEO) scheme was implemented

to fine-tune the coefficients in each estimation algorithm. DEO was selected for its

robustness in solving noisy, nonlinear, and multi-dimensional optimization problems

where gradient information is either unavailable or unreliable [71, 72]. The objective

of the optimization was to minimize the root mean square error (RMSE) between the

algorithm-estimated wind vectors and the reference wind measurements.
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The primary advantages of DEO include its simplicity, minimal parameter tuning,

and effective global search capabilities. However, it is not without limitations; DE can

be sensitive to population size and may exhibit reduced efficiency in high-dimensional

or constrained optimization landscapes [71]. By introducing DEO as a general-purpose

optimization method, this study evaluates whether both empirical and model-based

wind estimation techniques can be enhanced to match or exceed the accuracy of physi-

cally derived models under realistic operational conditions.

The structure of this chapter is as follows: first, the LESO, Quadratic, and Lin-

ear algorithms are reviewed to provide background on traditional wind estimation ap-

proaches. This is followed by an introduction to the proposed DEo based optimization

method, which is used to find the optimal method parameters that best approach the out-

put to the reference. Finally, a quantitative comparison is presented across all methods,

evaluating both computational efficiency and wind estimation performance.

3.1 Description of the UAS-based Wind Methods

This section presents an overview of three wind estimation algorithms that have been

used with the CopterSonde platform. Each method utilizes the tilt angle of the air-

craft—typically the pitch in wind-vane mode—to estimate horizontal wind speed. The

algorithms considered here include the historically used Linear method, a more recent

Quadratic approach, and the Linear Extended State Observer (LESO)-based method

discussed separately.

This study examined three baseline algorithms—Linear, Quadratic, and

LESO—chosen for their prominence in current UAS-based wind estimation studies

and their particular relevance to the CopterSonde platform. The Linear and Quadratic

methods are kinematic methods that estimate horizontal wind speed based on the tilt of
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the UAS, and they have gained widespread acceptance because to their simplicity and

limited dependence on dynamic system modeling [69, 70]. These methods are com-

putationally efficient and ideally suited for small UASs functioning in real-time. The

LESO algorithm is a dynamic force-based observer that predicts horizontal and vertical

wind components by modeling the external aerodynamic forces acting on the vehicle

[26]. LESO has exhibited enhanced performance in turbulent conditions by integrating

motor RPM, air density, and attitude data. These three methods collectively embody

a range of complexity and capacity in wind estimation, therefore serving as a solid

comparison basis for assessing performance enhancements facilitated by optimization

approaches [26].

3.1.1 Linear Extended State Observer

The CopterSonde is equipped with a wind vane flight mode (WVFM), enabling it to

estimate wind direction in real-time and continuously reposition itself pointing into

the wind. The elongated shape of the CopterSonde body enhances aerodynamic sta-

bility, particularly under active WVFM operation. The use of WFM simplifies the

formulation of wind estimation by maintaining the CopterSonde’s orientation into the

prevailing wind. This orientation ensures that the platform presents a pseudo-constant

cross-sectional area to the incoming airflow, thereby stabilizing the aerodynamic con-

figuration and enhancing the predictability of the resulting drag forces. This operational

assumption improves the consistency and reliability of force-to-wind relationships uti-

lized in model-based estimators such as LESO [26].

The LESO method, adapted to the CopterSonde configuration, estimates wind by

leveraging from the aircraft’s response to external forces while maintaining position. It

uses the computed position and velocity from the autopilot in the North-East-Down

32



(NED) frame, using fused GNSS and IMU (Inertial Measurement Unit) data. The

LESO-based method relies on multiple onboard measurements to estimate the exter-

nal aerodynamic forces acting on the CopterSonde. Key parameter inputs to the LESO

include rotor’s angular velocity (RPMs), air density, platform position and velocity in

the NED frame, and attitude information (i.e., roll, pitch, and yaw angles). These in-

puts are used to solve the system’s dynamic equations of motion, allowing the built-in

observer system to isolate and estimate the aerodynamic drag and lift forces. The result-

ing force estimates are then mapped to wind vectors using a Rayleigh’s aerodynamic

friction equation [73], under the assumption of steady-state equilibrium between thrust

and aerodynamic drag.

In the hovering or slow ascent/descent regime, when no horizontal motion is com-

manded, any tilt compensation produced by the aircraft is primarily induced by wind

drag. This drag force D is balanced by a thrust component as a result of the tilt.

Therefore, if the thrust component is known, then the drag force can be calculated

using Newtonian physics’s free-body diagram vector math. The thrust vector can then

be translated to wind vector using Rayleigh’s aerodynamic friction equation. Under

these conditions, the aircraft’s dynamic response serves as a proxy for estimating three-

dimensional wind vector, including the vertical component [63].

The underlying dynamic model in the LESO assumes that the CopterSonde’s posi-

tion P⃗ and velocity V⃗ are directly measurable, and that the total external disturbance

force D⃗—consisting mainly of wind-induced forces—can be represented as an addi-

tional state variable. After applying Observer theory to the system of equations that

defined the CopterSonde’s dynamic model, the matrix formulation is given by [74–76]:
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ẋ = (A− LC)x+B

u
h

+ Ly

y = Cx

(3.1)

with system matrices:

A =


0 1 0

0 0 1
m

0 0 0

 , B =


0

1

0

 , C =

1 0 0

0 1 0


where x = [x1 x2 x3]

T ≡ [P⃗ V⃗ D⃗]T is the state vector, u is the control input derived

from thrust and gravity in the inertial frame, and h(t) is the unknown rate of change of

the disturbance which is assumed to be zero. The matrix L is the observer’s gain that

weighs how reliable the dynamic model’s prediction is compared to the direct measure-

ments. By adjusting this parameter, the system may drive the error to zero and converge

to an estimate [63]:

L =


βp1 βv1

βp2 βv2

βp3 βv3

 (3.2)

The elements of L are first-guessed and defined based on observer’s bandwidths for

position and velocity [63, 77]. However, this parameter is then fine-tuned in this study

with the use of cost-function-based optimizers which is described in a later section.

To convert the estimated aerodynamic disturbance D⃗ into wind velocity U⃗ , a modi-

fied Rayleigh drag model was applied:

D = ρCdU
1/b (3.3)
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where Cd is generalized drag coefficient , ρ is the humid air density, and b is a fitted

exponent. This formulation generalizes the classic quadratic Rayleigh model to account

for surface roughness and geometric irregularities of the CopterSonde [26, 63, 73].

Drag coefficients Cd and exponents bwere obtained by fitting LESO-estimated drag

against reference measurements from DWL, with the optimal coefficients identified

using the DEO algorithm. The results indicated near-linear behavior in the vertical

component and a more quadratic response in the horizontal plane, consistent with the

classical Rayleigh drag formulation.

Figure 3.1 illustrates the core working principle of the LESO algorithm. In WVFM,

the CopterSonde aligns itself with the wind. Using motion data from the autopilot, ex-

ternal forces acting on the airframe are estimated through a mathematical model of the

vehicle dynamics. A LESO processes these estimates to isolate external force contribu-

tions. Since these forces are primarily due to wind, the LESO output is then translated

into wind estimates using an aerodynamic drag equation.

3.1.2 Linear-Regression Method

The linear-regression approach was originally proposed by Neumann and Bartholmai

[68], where a wind tunnel was used to determine a relationship between pitch and roll

angles—measured by the onboard IMU of a given platform—and the corresponding

known wind speed in the tunnel. An empirical relationship between wind speed and

tilt angle was later refined to facilitate field-based calibration without the need for wind

tunnel access [69].

This method is derived from the force balance acting on the aircraft during steady-

state or constant-velocity ascent. Under the assumption of negligible acceleration, the

net force on the system can be approximated by:
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Figure 3.1: Visual representation of the WVFM in action and free-body diagram used
for the LESO calculations. The CopterSonde aligns into the wind using WVFM, and
motion data from the autopilot are fed into a UAS dynamic model. A state observer,
defined in Eqns. (3.1), estimates the net external force, which is then translated into
wind speed using an aerodynamic drag relationship as shown in Eq. (3.3). Image taken
from [26]

0 = G+D+T (3.4)

where G is the gravitational force, D is the aerodynamic drag, and T is the thrust [70].

Expanding each of these terms:

G = mg eD (3.5)

D = −D ev (3.6)

T = Tv ev + TD eD = |T | sin(ψ) ev + |T | cos(ψ) eD (3.7)

Here, ψ is the tilt angle, eD is the unit vector in the downward (gravitational) direc-

tion, and ev is the unit vector in the direction of the relative wind velocity. Solving for
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Figure 3.2: Illustration of the coordinate system used to derive wind speed from the tilt
angle of the CopterSonde. When wind vane mode is active, the tilt angle ψ corresponds
to the pitch of the aircraft. The unit vectors ev and eD represent the directions of the
relative wind (assumed horizontal) and gravitational force, respectively. Image taken
from [70]

the drag force D:

D = mg tan(ψ) (3.8)

Subsequently, applying the quadratic Rayleigh drag equation from Eq. 3.3 using

b = 2. The wind speed U can then be expressed as:

U =

√
2mg tan(ψ)

CDρA
(3.9)

For practical implementation, the constant parameters are grouped into a calibra-

tion coefficient C1 [69, 78] while also adding a free term C0 to correct any offset,

yielding the linear expression that linearly approximates the physical behavior of the
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UAS caused by wind effects:

U = C1

√
tan(ψ) + C0 (3.10)

The linear method has been shown to achieve wind speed accuracy within approx-

imately ∼0.5 m s−1 in calm wind conditions (0–5 m s−1), making it relatively robust,

although accuracy tends to degrade at higher wind speeds [69, 70].

3.1.3 Quadratic-Regression Method

The quadratic method was introduced to enhance wind estimation accuracy by fitting a

second-degree polynomial to observed relationships between tilt angle and wind speed.

In contrast to the linear regression method, this approach is entirely empirical and does

not rely on any underlying physical force balance assumptions [70]. However, these

observations were obtained under very low wind speed conditions (less than 5 m s−1),

and it remains unclear whether the method is broadly applicable to higher wind speeds

[79].

The method is mathematically simple, as it does not incorporate physical modeling

of the aircraft’s dynamics [70]. Instead, the Quadratic methods is an expansion of

the Linear method. In the Linear method, the
√
tan(ψ) is seen as the independent

parameter. Therefore, the Quadratic method simply adds a quadratic term to Eq. (3.10)

as a function of this independent parameter.

The wind speed is modeled as:

U = B1

√
tan2(ψ) +B0

√
tan(ψ) (3.11)

where B0 and B1 are empirically derived coefficients obtained through regression
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against reference wind measurements, similar to the Linear method. Although the

Quadratic method has shown improved accuracy over the linear model, particularly

under moderate wind conditions, the absence of a physical basis limits its adaptability

and robustness across different platforms [70].

3.2 Wind Calibration and Performance Evaluation using Differen-

tial Evolution Optimizer

DEO, a population-based stochastic optimization algorithm, was employed to minimize

the root mean square error (RMSE) between CopterSonde-estimated winds and refer-

ence observations by iteratively adjusting the method’s unknown parameters, generally

dependent on aerodynamic properties, to meet a predefined error threshold. The DEO

is used to dial the coefficients for each of the CopterSonde-based wind algorithms for

both CopterSonde-3D and CopterSonde-SWX platform editions. A quantitative com-

parison was performed across different wind speed regimes presented on a windy day

to assess the performance of each combination of algorithm and platform. This eval-

uation aims to identify the most accurate and robust method suitable for operational

deployment.

To perform calibration using the DEO framework, both CopterSonde plat-

forms—CS3D and CSWX—were deployed simultaneously to ensure that each expe-

rienced similar atmospheric conditions. These profiling flights were conducted during

windy periods and co-located with DWLs, the Oklahoma Mesonet tower in Washing-

ton, and a few radiosonde launches, enabling synchronized data acquisition between

onboard sensors and ground-based reference systems. The collected datasets were sub-

sequently aligned in time and space to extract valid vertical profiles suitable for cali-

bration. The DEO algorithm was applied in post-processing to optimize the empirical
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coefficients specific to each wind estimation algorithm—LESO, Linear, and Quadratic.

For each extracted profile, DEO iteratively minimized the RMSE between the wind

vectors estimated by the algorithm and those measured by the DWL. This optimization

process adjusted the model-dependent coefficients until a predefined convergence cri-

terion was satisfied. The outcome of this calibration procedure was a set of optimized

coefficients tailored for each algorithm–platform combination. These coefficients were

tuned to reduce bias and minimize estimation error under the observed atmospheric

conditions. The resulting calibrated models are expected to enhance wind retrieval ac-

curacy in future deployments by aligning algorithmic predictions more closely with

reference measurements, both in similar and in diverse environmental scenarios.

3.2.1 Differential Evolution Optimizer

DEO is a stochastic, population-based cost function optimization method that is well-

known for its ability to solve difficult, non-differentiable, and multimodal problems.

It does not require gradient information and can effectively explore high-dimensional

parameter spaces, making it especially helpful for optimizing algorithmic coefficients

in dynamic systems such as wind estimates for UASs. DEO was used to optimize the

adjustable parameters of three baseline wind estimation techniques. By minimizing

the RMSE between algorithm outputs and ground truth reference data, DEO allows for

empirical model calibration for enhanced accuracy throughout flight regimes.

DEO is a widely used evolutionary algorithm inspired by Darwin’s theory of natural

selection. It has been extensively studied and applied to a variety of optimization prob-

lems and engineering applications [71]. The algorithm was first introduced by Storn

and Price in 1997 [80]. Given the ubiquitous nature of optimization, most real-world

engineering systems can be formulated as complex models characterized by nonlinear-
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ities, multimodality, discontinuities, and non-differentiability [71, 80]. To effectively

address these challenges, an optimization process is typically employed to identify the

optimal combination of decision variables that maximizes or minimizes a given cost

function, while satisfying both technical and non-technical constraints within a reason-

able timeframe [71, 80].

Existing optimization techniques such as linear programming, dynamic program-

ming, and Newton’s methods have proven effective only for certain problem types and

often require prior knowledge of the problem structure [81]. These methods are limited

by poor global search capabilities, sensitivity to initial conditions, and their reliance on

gradient information.

Literature shows that DEO has been used in several complex applications and re-

viewed in the context of artificial intelligence [82], swarm and evolutionary computa-

tion [83], dynamic economic dispatch problems [84], and intelligent, software-intensive

systems [71]. A comprehensive state-of-the-art survey is also available in [72]. In prac-

tice, DEO has been successfully applied to structural optimization, parameter tuning in

control systems, image processing, and deep learning, demonstrating its versatility and

robustness across domains [85]. Despite its widespread success, DEO is not without

limitations. It can suffer from premature convergence into local maxima or minima, in-

cluding sensitivity to parameter settings, particularly in complex, noisy, or constrained

environments [71, 85].

As CopterSonde-based wind estimation algorithms rely on empirical coefficients

that are sensitive to both platform-specific aerodynamics and environmental variability,

selecting an effective optimization strategy is essential for achieving accurate calibra-

tion. DEO was selected for this task due to its proven capability in handling nonlin-

ear, non-convex objective functions without requiring gradient information or explicit

prior knowledge of the parameter space. These characteristics make DEO particularly
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well-suited for tuning UAS-based wind estimation models, where the underlying aero-

dynamic relationships are often complex or poorly defined, and the observational data

are subject to measurement uncertainty [71].

The DEO algorithm proceeds through four main stages: initialization, mutation,

crossover, and selection [80]. In DEO, each candidate solution represents a set of

algorithm-specific coefficients being optimized, and the population refers to a group

of these solutions—each encoded as a D-dimensional vector—evaluated in parallel to

minimize wind estimation error for the CopterSonde.

Initialization: The initial population is generated uniformly at random within pre-

defined bounds:

x
(0)
i,j = xmin

j + randi,j · (xmax
j − xmin

j ) (3.12)

where x(0)i,j is the j-th component of the i-th vector, and randi,j is a uniformly distributed

random number in [0, 1].

Mutation: For each target vector xi, a donor vector vi is created by randomly

selecting three distinct vectors from the population and adding the scaled difference of

two of them to the third:

vi = xr1 + F · (xr2 − xr3) (3.13)

where r1, r2, and r3 are distinct indices different from i, and F ∈ (0, 2] is the scaling

factor.

Crossover: The trial vector ui is formed by combining components from the target

and donor vectors, commonly using binomial crossover:

ui,j =


vi,j if randj ≤ CR or j = jrand

xi,j otherwise
(3.14)
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Here, CR ∈ [0, 1] is the crossover rate.

Selection: The trial vector competes with the target vector, and the one with better

fitness proceeds to the next generation:

x
(g+1)
i =


ui if f(ui) ≤ f(xi)

xi otherwise
(3.15)

This evolutionary process continues until a stopping criterion is met, such as a max-

imum number of generations or a satisfactory error threshold, such as a maximum num-

ber of generations or achieving a user-defined RMSE threshold criteria. If this threshold

is unattainable, the optimization aims to minimize the RMSE below another secondary

user-defined threshold. Given that this study is related to wind-sensing atmospheric in-

struments, the DEO’s threshold targets were set in compliance with the World Meteo-

rological Organization’s (WMO) recommended accuracy standards for horizontal wind

measurement. WMO defines the wind speed accuracy standard as Goal (<1ms−1),

Breakthrough (<2ms−1), and Threshold (<8ms−1) as listed in [86].

3.2.2 Implementation of Differential Evolution Optimizer

In this study, DEO was implemented as an initial step toward integrating machine learn-

ing methodologies into the wind estimation framework of the CopterSonde UAS. As

described in previous sections, the LESO, Linear, and Quadratic algorithms each rely

on empirical coefficients that link kinematic and dynamic responses of the platform to

estimate wind.

The objective of the DEO algorithm was to optimize these coefficients by minimiz-

ing the discrepancy between estimated and observed wind measurements. Specifically,

DEO was employed to fit each presented model to the DWL’s wind observations col-
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lected in open-field environments. The DWL data, captured during programmed CI-

WRO and NSSL field deployments, served as the reference or ground truth for both

horizontal and vertical wind in the first part of this work, allowing for the fine-tuning

of the established UAS-based wind estimation models.

To ensure robustness during optimization and mitigate the influence of measure-

ment noise, the DWL data were filtered using a quality mask labeled good lidar.

This excluded anomalous spikes typically present in the DWL observations when the

concentration of aerosols in the atmosphere is low and, hence, backscattering is poor.

The DEO algorithm was configured to minimize a cost function defined by the RMSE

between model-estimated and DWL-measured wind vectors. The optimization pro-

ceeded iteratively until convergence was achieved as per the WMO standard, yielding

the coefficient set that minimizes the estimation error across the dataset.

To keep this document concise, only the implementation of DEO with the LESO

wind estimation is described below. The Linear and Quadratic methods follow the

same procedures but are presented only through their results. Therefore, to evaluate

the performance of the LESO-based wind estimation and guide the DEO optimization

process, the RMSE was computed between LESO-estimated and DWL-measured hor-

izontal and vertical wind.

The RMSE calculations for the wind estimation algorithms were systematically

conducted by comparing wind estimates from the CopterSonde against reference mea-

surements obtained from the DWL. RMSE was computed separately for the horizontal

and vertical wind components and then aggregated into a global RMSE metric to assess

the overall performance of each algorithm.

For each vertical profile, the estimated horizontal wind speed from the CopterSonde

was compared against the corresponding DWL reference measurements. The horizon-

tal wind RMSE, denoted as RMSEU,wspd, was computed iteratively using a weighted
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formula that accounts for both the cumulative and current profile errors. The RMSE

update rule for horizontal wind U (RMSEU,wspd) was defined as:

RMSEU,wspd =

√√√√√√NU ∗ RMSE2
U,wspd +

n∑
i=1

(
Uleso,i − Ulidar,i

)2
NU + n

, (3.16)

where,

RMSEU,wspd = RMSE of Uleso relative to Ulidar,

NU = Cumulative data for horizontal wind from previous profiles,

Uleso,i = horizontal-wind estimate from LESO (sample i),

Ulidar,i = horizontal-wind measurement from LiDAR (sample i),

n = valid LESO horizontal-wind samples in the current profile.

A similar approach was applied to update the RMSE for vertical wind W

(RMSEW,wspd):

RMSEW,wspd =

√√√√√√NW ∗ RMSE2
W,wspd +

m∑
i=1

(
Wleso,i −Wlidar,i

)2
NW +m

, (3.17)
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where,

RMSEW,wspd = RMSE of Wleso relative to Wlidar,

NW = Cumulative data for vertical wind from previous profiles,

Wleso,i = vertical-wind estimate from LESO (sample i),

Wlidar,i = vertical-wind measurement from LiDAR (sample i),

m = valid LESO vertical-wind samples in the current profile.

The global RMSE, which served as the overall cost function for DEO, was com-

puted as a weighted aggregate of the horizontal and vertical components, which is up-

dated at every iteration of the DEO and compared to the defined threshold. Using the

global RMSE as the cost function in the DEO framework provides a comprehensive

metric for evaluating and minimizing discrepancies between CopterSonde-estimated

wind vectors and ground-truth measurements. By aggregating errors from both hori-

zontal and vertical wind components, the global RMSE ensures a balanced optimiza-

tion process that does not disproportionately prioritize one component over the other.

This balanced formulation is essential for achieving accurate 3D wind estimations, as

neglecting either component can result in significant inaccuracies, particularly in appli-

cations requiring high-fidelity wind estimation. The update rule for the global RMSE:

RMSEG,wspd =√
(NU +NW )RMSE2

G,wspd + (NU + n)RMSE2
U,wspd + (NW +m)RMSE2

W,hspd

2NU + 2NW + n+m

(3.18)
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where,

RMSEG,wspd = Combined RMSE of both horizontal and vertical wind,

Similar to the LESO-based approach, the Linear and Quadratic wind estimation al-

gorithms rely on empirical coefficients—denoted as A and B—that relate the tilt angle

of the UAS to estimate wind. In both methods, DEO was employed to optimize these

coefficients by minimizing the discrepancy between model-estimated wind speeds and

reference values obtained from DWL measurements. The cost function used for these

two methods is similar to Eq. (3.16) where Uleso is replaced with the model’s respec-

tive horizontal wind estimates. There’s not vertical wind estimation for the Linear and

Quadratic methods and, thus, ignored for the calculations of the global RMSE.

This work also took the opportunity to compare two CopterSonde designs using the

methods presented in this chapter under similar atmospheric conditions. Both Copter-

Sonde platforms (CS3D and CSWX) were deployed simultaneously during multiple

flight operations. These coordinated flights were conducted to observe similar atmo-

spheric states, thereby allowing for a fair comparison of performance and parameter

tuning. Table 3.1 summarizes the number of Intensive Observation Periods (IOPs) car-

ried out during this study, along with their corresponding dates.
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Table 3.1: Number of IOPs conducted for DEO-based optimization under comparable
atmospheric conditions.

Date Number of IOPs

22 May 2024 6

07 August 2024 4

08 September 2024 20

22 October 2024 5

20 November 2024 8

Total IOPs 43

The objective of the DEO algorithm was to determine the optimal values unknown

coefficients for all presnted wind-estimation methods that minimize RMSEG, wspd,

thereby yielding the best agreement between model estimation and observed wind

speeds.

The optimization was performed independently for each model, with DEO iterating

until convergence, defined by the minimum achievable RMSE for the selected DWL

dataset. This process was applied to all three algorithms on both CopterSonde plat-

forms (CS3D and CSWX) to enable comparative performance analysis. The resulting

optimized coefficients were then used to compute RMSE values, providing an objec-

tive assessment of each algorithm’s wind estimation accuracy under open field, windy

conditions.

In regards of the LESO-based method, Table 3.2 summarizes the optimized coef-

ficients for both horizontal and vertical wind estimation, as well as the observer gains

applied along the longitudinal and vertical axes, as defined in Eq. 3.3 and Eq. 3.2. The

aerodynamic coefficients from Equation 3.3, denoted as C and b, are represented here
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as Cd, bd for vertical wind estimation, and Ch, bh for horizontal wind estimation. The

LESO observer gains corresponding to the longitudinal and vertical dynamics are de-

noted as lxy and lxz, respectively. The table also includes the resultant RMSE values

associated with each CopterSonde platform, reflecting the performance of the LESO

model under the optimized parameter configuration.

Table 3.2: Optimized drag coefficients for horizontal wind (Ch, bh) and vertical wind
(Cd, bd), observer gains (lxy, lxz), and RMSE values for each CopterSonde platform.

Platform Cd bd Ch bh lxy lxz RMSE

CS3D 6.72 0.40 6.62 0.54 1.8 4.2 1.1077
CSWX 6.50 0.4228 4.51 0.94 2.0 1.5 0.8841

The parameters in Table 3.2 can be interpreted by recalling that drag is generally

proportional to the square of velocity, as seen when setting the b coefficient in Eq. (3.3)

to 0.5. Most of the b values in the table approximate the 0.5 value, indicating minor

non-linearities that do not warrant adopting a different dynamic model. An exception

is observed in the CSWX’s horizontal bh coefficient, which approaches a linear re-

lationship (bh → 1) in addition to the lower Ch or Cd compared to the CS3D. This

is attributed to the CSWX’s narrower fuselage, which reduces air resistance from the

body. Additionally, induced drag from fast-spinning propellers tends to behave linearly,

as shown in previous wind tunnel studies [87]. Thus, the CSWX design may effectively

minimize fuselage drag, with the rotor disk area dominating the aerodynamic forces.

Although DEO-based optimization was carried out independently for both the

CS3D and CSWX platforms, the overall convergence behavior and distribution of eval-

uated parameters were qualitatively similar across the two cases. To avoid redundancy

from here, the results from the CSWX are presented as representative examples. Fig-

ures 3.3 to 3.5 illustrate the search space exploration and convergence characteristics of

the DEO process, emphasizing the regions where drag coefficients and observer gains

49



converge to values that minimize the RMSE.

Figure 3.3 depicts the distribution of evaluated drag coefficients for the horizontal

wind (Ch, bh), while Fig. 3.4 corresponds to the vertical wind (Cd, bd). Lastly, Fig. 3.5

shows the distribution of LESO’s observer gains in the longitudinal and vertical axes

(lxy, lxz). In all cases, darker regions indicate parameter combinations associated with

lower estimation error, reflecting convergence behavior and the sensitivity of the opti-

mization to initial conditions.

Figure 3.3: Evaluated distribution of drag coefficients for horizontal wind (Ch, bh) ob-
tained through DEO for the CSWX platform. Convergence is observed near (Ch, bh) ≈
(4.5, 0.9), with the minimum RMSE achieved at Ch = 4.51 and bh = 0.9448. These
optimized coefficients were subsequently incorporated into the LESO framework for
horizontal and vertical wind estimation. The coeffient, bh = 0.9448 suggest a shift to a
linear drag regime for the CSWX due to its improved design.

Switching to the Linear and Quadratic algorithms case. These methods can only
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Figure 3.4: Evaluated distribution of drag coefficients for vertical wind (Cd, bd) ob-
tained through DEO for the CSWX platform. Convergence is observed near (Cd, bd) ≈
(6.50, 0.42), with the minimum RMSE achieved at Cd = 6.60 and bd = 0.4224. These
optimized coefficients were subsequently incorporated into the LESO framework for
vertical wind estimation. The coefficients meet the theoretical threshold that drag is
proportional to the square of the wind.

output horizontal wind speed estimates based on the tilt angle of the platform. Similarly,

the objective was to determine the optimal coefficients C1 , C0 , B1 and B0 for each

deduced regression-curves in Eq. (3.10) and Eq. (3.11), respectively, that minimize the

RMSE relative to DWL observations. Tables 3.3 and 3.4 summarize the optimized co-

efficients for the Linear and Quadratic methods with their corresponding RMSE values

for both the CS3D and CSWX platforms. To avoid redundancy from here, the results

from the C3D are presented as representative examples. Figures 3.6 and 3.7 illustrate

the search space exploration and convergence characteristics of the DEO process, em-
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Figure 3.5: Evaluated distribution of the gain of the observer (lxy, lz) obtained through
DEO for the CSWX platform. Convergence is observed near (lxy, lz) ≈ (2, 1.5), with
the minimum RMSE achieved at lxy = 2 and lz = 1.5. These optimized coefficients
were subsequently incorporated into the LESO framework for vertical wind estimation.

phasizing the regions where regression coefficients converge to values that minimize

the RMSE.

Table 3.3: Optimized coefficients for the Linear algorithm applied to CS3D and CSWX
platforms. The model approximates horizontal wind speed using the tilt angle of the
UAS.

Platform C1 C0 RMSE

CS3D 39 4.5 1.650
CSWX 37.6 6.8 1.106

Similar to the LESO-based approach, both the Linear and Quadratic algorithms gen-

erated parameter space visualizations that illustrate how DEO explored and evaluated
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Table 3.4: Optimized coefficients for the Quadratic algorithm applied to CS3D and
CSWX platforms. Like the Linear model, this model also approximates horizontal
wind speed using the tilt of the UAS , which is caused due to wind.

Platform B1 B0 RMSE

CS3D 36.3 10.0 1.520
CSWX 37.1 3.8 1.106

Figure 3.6: Evaluated distribution of coefficients (C1, C0) for the Linear algorithm ob-
tained through DEO on the CS3D platform. Convergence is observed near (C1, C0) ≈
(39, 4.5), with the minimum RMSE achieved at C1 = 39 and C0 = 4.5. These opti-
mized coefficients were subsequently incorporated into the Linear algorithm for hori-
zontal wind estimation.

combinations of coefficients A and B to minimize RMSE. Figures 3.6 and 3.7 show

the evaluated distributions for the CS3D platform. A well-defined convergence region

is evident in both cases, indicating that optimal coefficient values reliably yielded the

53



lowest estimation errors during the DEO process.

Figure 3.7: Evaluated distribution of coefficients (B1, B0) for the Quadratic algo-
rithm obtained through DEO on the CS3D platform. Convergence is observed near
(B1, B0) ≈ (36, 10), with the minimum RMSE achieved at B1 = 36.3 and B0 = 10.0.
These optimized coefficients were subsequently incorporated into the Quadratic algo-
rithm for horizontal wind estimation.
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3.2.3 Quantitative Comparison between Kinematic and Dynamic

Wind Estimation Methods

Following the optimization of coefficients for all presented wind estimation algorithms,

a quantitative analysis was conducted to evaluate their performance on both Copter-

Sonde platforms—CS3D and CSWX. The optimized coefficients of the DEO were

applied to real-time wind estimation, and the resulting outputs were assessed against

reference DWL observations.

The primary objective of this comparison was twofold: (i) to determine which

CopterSonde platform delivered superior estimation accuracy across the full range of

observed wind speeds, and (ii) to assess the relative performance of the LESO, Linear,

and Quadratic algorithms under real-world operational conditions.

This evaluation establishes a performance benchmark that will inform subsequent

phases of this research, particularly the integration of machine learning models. These

future models aim to improve upon the current best-performing algorithm-platform

combination by leveraging data-driven techniques for wind estimation. As such, the

findings presented here serve as a critical foundation for the transition toward a ma-

chine learning solution.

The RMSE-based performance comparison across platforms and algorithms was

conducted under two wind regimes: low wind (up to 10 m s−1) and high wind (up to

20 m s−1). For the low wind regime, data from all platforms and instrumentation were

available and a complete evaluation was performed for all three algorithms—LESO,

Linear, and Quadratic—across both CopterSonde platforms (CS3D and CSWX). How-

ever, in the high wind regime, a key limitation emerged: technical difficulties made the

CS3D platform lack rotor RPM data, which is essential for LESO-based wind estima-

tion. Consequently, LESO could only be evaluated using the CSWX platform under
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high wind conditions. Despite this limitation, LESO had already been shown to out-

perform the other methods in earlier analyses and was, therefore, used as a reference

for evaluating the performance of the Linear and Quadratic models on both platforms

in the high-wind regime.

Figure 3.8 presents a histogram of the number of valid DWL data points available

for the eight vertical profiles collected during the IOPs on August 7 and October 22,

2024. Given the limited number of available IOPs, wind speed binning was performed

using 1 m s−1 intervals to enable a more granular and statistically meaningful compari-

son across algorithms. The analysis was constrained to wind speeds up to 10 m s−1, due

to the limitations described above. For each wind speed bin, the RMSE was computed

along with the their standard deviation, providing a measure of both average algorithm

performance and variability within each wind speed bin.

Table 3.5 and Table 3.6 and Fig. 3.9 summarize the average RMSE and correspond-

ing standard deviation for each 1 m s−1 wind speed bin for the CS3D and CSWX

platforms, respectively, using the low-wind profile dataset.Although the majority of

valid data points were concentrated within the 3–8 m s−1 wind speed range, as illus-

trated in Figure 3.8, bins outside this range were retained in the analysis despite their

reduced statistical robustness. The inclusion of these bins enabled a broader evaluation

of algorithmic performance, providing insight into the resilience and stability of each

method under data-sparse conditions. This approach facilitated a more comprehensive

assessment of estimation robustness across diverse wind regimes.

In addition to the dataset from August 7, vertical profile data collected during the

IOP on May 22, 2024, were also incorporated into the high wind speed analysis. There-

fore, Fig. 3.10 shows the number of valid data points available across the eight vertical

profiles collected during the IOPs on August 7 and May 22, 2024. Due to the limited

number of available IOPs, wind speed binning was performed in 2 m s−1 intervals, as
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Figure 3.8: Number of valid data points per wind speed bin (1 m s−1 intervals) for
vertical profiles collected during IOPs on August 7 and October 22, 2024. These bins
were used to compute RMSE and standard deviation across different wind regimes for
the evaluation of each UAS-based wind estimation method. Most of the data collected
were in between 3-8 m s−1, whereas the extremities may have low data; this could be
useful to show how robust each algorithm is when low data is present.

Table 3.5: RMSE and standard deviation split into wind-speed bins for each algorithm
on the CS3D platform in low wind.

Bin m s−1) LESO Linear Quadratic
RMSE Std RMSE Std RMSE Std

1–2 0.2808 0.0002 3.1950 1.7984 1.0992 0.1502
2–3 0.6591 0.0118 2.1183 1.0628 0.5806 0.0365
3–4 1.7365 0.0028 1.1308 0.9171 0.8526 0.3749
4–5 2.1184 0.7218 1.4902 1.6024 1.6594 0.7114
5–6 2.8527 0.2611 1.7906 0.5577 2.0889 1.0602
6–7 3.7751 0.3562 1.8850 0.7557 2.4741 2.3075
7–8 4.2042 0.6328 2.2293 1.9637 3.9118 2.5959
8–9 5.1396 0.0983 4.2571 0.0760 5.8101 0.3431

9–10 No Data No Data 5.2512 0.0000 6.0547 0.0000
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Table 3.6: RMSE and standard deviation split into wind-speed bins for each algorithm
on the CSWX platform.

Bin (m s−1) LESO Linear Quadratic
RMSE Std RMSE Std RMSE Std

1–2 1.1517 0.0000 1.1261 0.0000 1.7788 0.0000
2–3 0.7957 0.0758 0.9387 0.0560 0.8912 0.0679
3–4 0.7633 0.0021 0.9687 0.0324 0.8334 0.0239
4–5 0.6199 0.0372 0.8232 0.0891 0.6737 0.0472
5–6 0.7130 0.0489 0.7360 0.0665 0.5203 0.0191
6–7 1.0887 0.3099 1.1665 0.3680 0.8951 0.2246
7–8 1.0095 0.5217 0.9794 0.4489 0.8526 0.4471
8–9 1.5000 1.7891 1.4443 1.9022 1.5317 1.3952

9–10 3.1186 1.1379 3.1513 1.5062 3.1693 0.7921
10–11 2.8213 0.0000 2.6979 0.0000 3.0570 0.0000

Figure 3.9: RMSE comparison of LESO, Linear, and Quadratic algorithms across
CS3D and CSWX platforms under low wind speed conditions. The CSWX platform
consistently exhibited lower RMSE values than CS3D, particularly under elevated wind
regimes. Among all algorithms, LESO demonstrated the best overall performance in
both low wind conditions.

the number of data available was higher this time, to enable a more granular and statis-

tically meaningful algorithm comparison. The analysis was restricted to wind speeds

58



up to 22 m s−1. Similar to the low-wind case, the RMSE and its corresponding standard

deviation were calculated for each wind-speed bin, providing insights into both the av-

erage performance and variability of each algorithm which are showed in Table 3.7 and

Table 3.8.

Figure 3.10: Number of valid data points per wind speed bin (2 m s−1 intervals) for
vertical profiles collected during the IOPs on May 22 and August 7, 2024. These bins
were used to compute RMSE and standard deviation across wind regimes for algorithm
comparison. Most data points were concentrated in the 3–8 m s−1 and 10–18 m s−1

ranges, resulting in a bimodal distribution that represents both low and high wind speed
regimes.

Figure 3.11 illustrates the RMSE under wide range of wind speed conditions for

all three algorithms—LESO, Linear, and Quadratic—across both CS3D and CSWX

platforms. The most reliable comparisons were derived from the 3–8 m s−1 and

10–18 m s−1 bins, as other bins contained significantly lower data for robust evalua-

tion of the absolute accuracy comparison. As a result, the CSWX platform consistently

outperformed CS3D in the low and high wind conditions, likely due to its enhanced

aerodynamic characteristics, improved propulsion system, and enhanced flight stability

in strong winds.
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Table 3.7: RMSE and standard deviation split into wind-speed bins (high and low) for
each algorithm on the CS3D platform.

Bin (m s−1) Linear Quadratic
RMSE Std RMSE Std

0–2 1.1517 0.0000 1.1261 0.0000
2–4 0.7957 0.0758 0.9387 0.0560
4–6 0.7633 0.0021 0.9687 0.0324
6–8 0.6199 0.0372 0.8232 0.0891
8–10 0.7130 0.0489 0.7360 0.0665

10–12 1.0887 0.3099 1.1665 0.3680
12–14 1.0095 0.5217 0.9794 0.4489
14–16 1.5000 1.7891 1.4443 1.9022
16–18 3.1186 1.1379 3.1513 1.5062
18–20 2.8213 0.0000 2.6979 0.0000
20–22 2.8213 0.0000 2.6979 0.0000

Table 3.8: RMSE and standard deviation per wind speed bin (high and low) for each
algorithm on the CSWX platform.

Bin (m s−1) LESO Linear Quadratic
RMSE Std RMSE Std RMSE Std

0–2 0.8143 0.0888 0.9459 0.0000 0.9142 0.0877
2–4 0.7109 0.0070 0.9567 0.0560 0.7144 0.0549
4–6 0.7795 0.3469 0.8685 0.0324 0.6676 0.1975
6–8 0.6322 0.0334 0.7652 0.0891 0.6459 0.0745

8–10 1.1768 0.4243 1.1558 0.0665 1.1857 0.6507
10–12 1.3352 0.4443 1.5078 0.3680 1.7564 1.2926
12–14 1.1644 0.0898 1.1869 0.4489 1.4670 0.3405
14–16 1.2665 0.3176 1.2064 1.9022 1.5061 0.2499
16–18 1.2698 0.5523 1.1995 1.5062 1.4970 0.4244
18–20 1.2833 0.5748 1.4970 0.0000 1.3149 0.5863
20–22 0.5547 0.0000 1.4870 0.0000 0.5111 0.0000

While the Quadratic method initially demonstrated comparable performance to

LESO under low wind, LESO’s advantage became increasingly evident as wind speed

increased. LESO ultimately provided the most accurate estimates across the entire

wind spectrum relative to the DWL observations, establishing it as the most reliable
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Figure 3.11: RMSE comparison of LESO, Linear, and Quadratic algorithms across
CS3D and CSWX platforms under high wind speed conditions. The CSWX platform
consistently exhibited lower RMSE values than CS3D, particularly under elevated wind
regimes. Among all algorithms, LESO demonstrated the best overall performance in
both low and high wind conditions.

algorithm tested in this study . Although limited data were available in the 6–10 m s−1

and 16–22 m s−1 wind speed bins, these regimes were still included in the analysis to

evaluate the resilience of each algorithm under sparse observational conditions. In the

high-wind regime (16–18 m s−1), the LESO algorithm exhibited relatively low RMSE,

indicating robust performance despite the reduced sample size. However, its accu-

racy began to degrade beyond this range, where the Quadratic method demonstrated

improved results. In the lower wind-speed range (6–10 m s−1), LESO on the CSWX

platform and the Linear method on CS3D performed comparably, suggesting that cer-

tain algorithms retain calibration effectiveness even with limited data. Nonetheless,

when considering overall performance across all wind regimes, LESO implemented on

the CSWX platform consistently delivered the most stable and accurate results among

all algorithm–platform combinations.

Figure 3.12 presents a comparative evaluation of wind estimation performance be-
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Figure 3.12: Comparison of the CSWX and CS3D platforms in wind estimation per-
formance, averaged across all existing algorithms (LESO, Linear, and Quadratic). The
analysis was based on 10 co-located vertical profiles with DWL reference measure-
ments and employed 2 m s−1 binning. The CSWX shows lower RMSE in both low and
high wind regimes, particularly beyond 16ms−1, indicating better aerodynamic perfor-
mance and stability.

tween the CSWX and CS3D platforms across various wind speed regimes. Binning

was performed in 2 m s−1 intervals from 2 to 22 m s−1 to ensure statistical robustness.

By averaging across all estimation methods, the influence of algorithm-specific biases

was minimized, enabling a fair assessment of each platform’s aerodynamic sensitiv-

ity and response. The results indicate that CSWX consistently outperformed CS3D in

both low- and high-wind conditions, with comparable performance observed only in

the mid-range wind regime.

3.3 Chapter Summary

This chapter presented a quantitative evaluation of three wind estimation algo-

rithms—LESO, Linear, and Quadratic—implemented on the two different editions of
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the CopterSonde platform. Each method was examined with respect to its theoretical

basis and computational structure, emphasizing how aerodynamic forces and platform

attitude and position behaviors are used to infer horizontal and vertical wind compo-

nents.

The DEO framework was employed in this study due to its effectiveness in tun-

ing parameters within complex, non-linear, and non-differentiable optimization land-

scapes—conditions commonly encountered in aerodynamic modeling. By iteratively

adjusting algorithm-specific coefficients to minimize the RMSE relative to DWL-

derived wind measurements, DEO facilitated the calibration of the LESO, Linear, and

Quadratic wind estimation methods for both the CS3D and CSWX platforms.

Beyond its calibration utility, interpretation of the DEO-optimized parameters of-

fered additional physical insights into each platform’s aerodynamic characteristics.

Most of the drag model coefficients converged near the theoretical threshold of 0.5,

consistent with the assumption that drag is proportional to the square of velocity.

This observation supports the adequacy of a quadratic model in representing aerody-

namic forces. However, the horizontal drag coefficient for the CSWX platform no-

tably trended toward a value of 1.0, suggesting a shift toward a linear drag regime.

This deviation is attributed to the CSWX’s refined structural design—particularly its

narrower fuselage—which likely reduces form drag and amplifies the contribution of

rotor-induced aerodynamic forces. In this context, DEO not only functioned as a cal-

ibration tool but also provided diagnostic value by revealing platform-specific aerody-

namic behavior.

Using DEO-optimized coefficients, algorithm performance was assessed through

RMSE and standard deviation relative to colocated DWL observations across differ-

ent windy days. The evaluation revealed that the LESO algorithm—particularly when

implemented on the CSWX platform—yielded the highest estimation accuracy, espe-
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cially under high wind conditions. This performance advantage is attributed to both

the LESO algorithm’s capability to estimate three-dimensional wind vectors and better

predict platform behavior using a more complex dynamic model and the aerodynamic

refinements of the CSWX airframe.

These results establish a performance benchmark for future wind estimation strate-

gies. Building upon this foundation, the next chapter will introduce machine learn-

ing–based models designed to estimate wind velocity using flight telemetry data and

trained using historical datasets. The objective will be to explore a new approach to

estimate wind without relying on complex mathematical models tailored to the UAS

platform that requires extensive characterization. Opposed to the presented methods

in this chapter, machine learning techniques offer platform-agnostic techniques with-

out relying on mathematical models that describe the behavior of the aircraft under

assumptions. It only requires abundant datasets to reliably learn and adjust its internal

parameters and predictions, potentially making its calibration procedures much more

straightforward.
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Chapter 4

UAS-based Wind Estimation using Machine Learning

As mentioned in Chapter 1, Machine Learning (ML) techniques have shown strong po-

tential in meteorological applications, particularly for wind estimation. Among these,

neural networks offer a flexible and data-driven modeling framework capable of cap-

turing the non-linear interactions between UAS dynamics and the surrounding wind

environment that the presented physics-based models, under assumptions, may fail to

capture accurately. However, challenges remain in developing models that can effec-

tively adapt to diverse flight conditions, platforms, and altitude regimes.

This chapter studies the use of machine learning (ML) approaches to estimate hori-

zontal and vertical wind profiles from onboard UAS sensors. A series of progressively

improved neural network models have been developed with the purpose of overcom-

ing significant drawbacks of existing wind estimating techniques, such as their reliance

on aerodynamic assumptions and poor generalization under non-linear and high windy

conditions. Three guiding concepts were used to pick the models: interpretability,

performance scalability, and domain shift robustness. Simpler models, such as multi-

layer perceptrons (MLPs), were initially accepted due to their ease of implementation

and low computing demand. More advanced architectures, such as domain-adversarial

neural networks (DANNs), were later added to explicitly account for mismatches in

training (source) and testing (target) distributions. Other deep learning models, such
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as convolutional or recurrent networks, were eliminated since the UAS input data was

low-dimensional and tabular, lacking the spatial or temporal structures required to jus-

tify their usage and to keep the models easier to interpret. DWL was used as the ref-

erence instrument to which the neural network models were calibrated, with initial fo-

cus on horizontal wind estimation alone. A baseline neural network was implemented

using the Levenberg–Marquardt optimization algorithm, with hyperparameters and ar-

chitecture refined through an iterative trial-and-error process. This baseline configura-

tion was further extended into three variants: a ReLU (Rectified Linear Unit)-activated

feedforward network, a batch-trained model, and a domain adversarial neural network

(DANN) designed to address domain shifts between source and target datasets.

Subsequently, WINDoe [67]—a multi-source wind estimation framework that in-

tegrates DWL, Mesonet tower, radiosonde, and UAS-derived data—was adopted again

(like in the previous Chapter 3 as a more reliable and accurate ground truth reference

for wind observations. Under this framework, two distinct tasks were defined: (1) three-

dimensional (3D) wind estimation using CSWX data to estimate both horizontal and

vertical wind , and (2) two-dimensional (2D) horizontal wind estimation using CS3D

data.

Model performance was quantitatively evaluated through RMSE analysis and

benchmarked against the existing LESO wind estimation algorithm, which resulted in

the best existing wind estimation algorithm as demonstrated in Chapter 3 of this thesis.

In addition, cross-platform comparisons were conducted under simultaneous and colo-

cated flight conditions to assess model portability and to characterize platform-specific

performance for wind vector estimation.
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4.1 Field Deployment and Experimental Setup for Model Training

The selection of appropriate input parameters to the model was a critical step in prepar-

ing the machine learning pipeline. Emphasis was placed on CopterSonde’s flight

parameter observations that exhibit high correlation to wind-induced disturbances,

thereby enabling the neural networks to learn the implicit relationships between wind

effects and UAS platform dynamics. The underlying rationale was to ensure that the

input-variable space reflects the fundamental physics governing wind–platform inter-

action.

The following seven features were selected based on their physical relevance and

empirical utility for wind estimation:

1. Rotor’s Angular Velocity: Rotor’s speed (RPM) varies in real time to produce

changes in the thrust vector to maintain platform stability controlled by the au-

topilot. This parameter changes significantly and rapidly at any given wind dis-

turbance.

2. Air Density: Air density, which usually decreases with altitude, particularly

within the PBL, is a key environmental variable that modulates aerodynamic

forces. It is a parameter that cannot be assumed to be constant due to the wide

range of weather conditions and altitudes in which the CopterSonde may oper-

ate. This is measured by combining temperature, relative humidity, and pressure,

which are all measured by the CopterSonde.

3. Roll and Pitch Angles: These attitude control variables are adjusted by the flight

controller in response to wind-induced aerodynamic drag. By tilting the aircraft,

the thrust vector of the rotors does too, effectively redirecting the lifting force to

compensate for drag. This keeps the UAS flying through its intended path at the
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desired velocity.

4. Three-Dimensional Velocity Components (North, East, Down): These com-

ponents are useful to determine how much the UAS was pushed away from its

intended flight path due to wind. It can help to distinguish between intentional

autopilot commands from actual wind disturbances.

The presented set of input variables, which involves aerodynamic, environmental,

and inertial parameters, ensures that the model is exposed to physically meaningful and

interpretable stimuli. Such a configuration not only supports the development of robust

and generalizable neural network models for wind estimation across a wide range of

atmospheric conditions but also helps the model to identify the underlying physical

relationships between the input variables and wind dynamics.

Preparing the dataset for training and evaluating our machine learning models was

another key component of this study. Because the University of Oklahoma lacked ac-

cess to a wind tunnel, we instead collected data in an open-field environment alongside

other atmospheric instruments at the flight site. This approach allowed us to capture

realistic, operational wind dynamics, but it also introduced several caveats. Taylor’s

hypothesis of a frozen turbulent wind field was assumed to hold across the experimental

area, where all instrument measurements were considered perfectly co-located—even

though they were actually spaced up to 20 m apart. As a result, uncertainty increases

at smaller spatial scales of the wind field. Consequently, the minimum success crite-

rion set for any wind-estimation method is to reproduce the average wind observations

recorded by our reference instruments.

The input parameters were acquired from the flight logs generated by two UAS

platforms—CS3D and CSWX—while the ground truth wind measurements were ob-

tained using a DWL system deployed in the field provided by the CIWRO and NSSL.
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All flight operations took place at the Oklahoma Mesonet Washington site, a designated

research facility affiliated with the University of Oklahoma.

Consistent with the data collection strategy described in Chapter 3, a standardized

flight preparation and deployment protocol was followed for all UAS operations. This

included battery charging, radio communication checks, structural inspections, and

the issuance of NOTAMs Several datasets used for model evaluation in this chapter

were also utilized in Chapter 3, thereby ensuring consistency and enabling valid cross-

method comparisons. The observed horizontal wind speeds during these operations

typically averaged around 10 m s−1, with peak values approaching 20 m s−1.

Table 4.1 summarizes the flight campaign dates and the number of IOPs conducted

on each date. A total of 43 flight profiles were collected, of which 37 were allocated to

the training dataset and 6 were retained for independent validation tests.

Table 4.1: Flight dates, number of IOPs conducted, and their partitioning into training
and test datasets.

Date Number of IOPs Training Set Test Set

22 May 2024 6 5 1
07 August 2024 4 3 1
08 September 2024 20 18 2
22 October 2024 5 4 1
20 November 2024 8 7 1
Total IOPs 43 37 6

After flight operations, post-processing was performed on the raw flight logs. Both

CS3D and CSWX were equipped with onboard SD cards that functioned as black

boxes, logging detailed flight information. Custom scripts, adapted from ArduPilot’s

open-source codebase [88], were used to extract relevant parameters—including posi-

tion, velocity, orientation, and control inputs—from the binary log files.

The DWL data were recorded in NetCDF format and processed to match the Copter-
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Sonde’s data refresh rate of 10 Hz. A final processing pipeline was developed to syn-

chronize the flight telemetry with DWL measurements and to export the combined

dataset in CSV format for seamless ingestion by machine learning models. Figure 4.1

shows both CS3D and CSWX platforms in action along with the DWL at the Oklahoma

Mesonet Washington site.

Figure 4.1: Field deployment setup showing the CS3D and CSWX UAS platforms op-
erating in coordination with the DWL system at the KAEFS site. Both CopterSonde
platforms ascended to altitudes of up to 1000 m and were flown simultaneously, main-
taining an approximate lateral separation of 10 m from each other and 20 m from the
DWL unit.

4.2 Machine Learning Algorithm

A fixed algorithmic workflow was followed to ensure consistency and reproducibility

in training the neural network models. The process began with data collection, wherein

both CS3D and CSWX UAS platforms were flown in coordination with the DWL to

ensure synchronized measurements. Following each flight, relevant data were extracted

from the CopterSonde binary log files and the DWL NetCDF outputs.
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The next step involved identifying usable vertical profiles, as the present work is

focused exclusively on vertical wind profiling. Only those flight segments that exhib-

ited vertical ascent of the UAS were retained, while discarding the descent leg due to

low measurement reliability. Once selected, input–output datasets were constructed by

merging UAS telemetry data with the corresponding wind measurements from the ref-

erence instruments, into a CSV file. These structured CSV files formed the historical

database for model training.

Before training the machine learning models, the dataset was randomly divided into

training and validation subsets. Approximately 80% of the data were used for training,

and the remaining 20% were set aside for validation. This separation ensured that the

models were evaluated on previously unseen data during training. The validation set

was used to monitor the cost function. To improve convergence and reduce compu-

tational cost, both input features and output variables were normalized. This prepro-

cessing step was critical to enhance numerical stability, particularly for deep neural

architectures.

Model training was performed using Mean Squared Error (MSE) as the primary cost

function. A convergence threshold based on validation MSE was defined to determine

the optimal stopping point. Once the model meets this criterion, the trained weights are

saved.

In the final stage, the trained model was deployed to predict wind profiles from

datasets that were not used during the training stage. The reconstructed wind fields were

then compared against ground truth measurements to evaluate the model’s performance.

Figure 4.2 shows the algorithm that was followed in this study to train the ML models.
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Figure 4.2: General workflow of the machine learning algorithm with CopterSonde
datasets, including synchronized data collection, vertical profile selection, CSV con-
struction, normalization, model training using MSE thresholding, and validation using
untested IOPs.

4.3 Neural Network Architectures

To evaluate the viability of machine learning for wind estimation using UAS-derived

data, four different neural network architectures consisting of several numbers of neu-

rons were developed, each representing a progressively more advanced modeling strat-

egy. In this context, a neuron refers to a computational unit that performs a weighted

summation of the input features—collected from the UAS—and applies a non-linear

activation function to enable the network to learn complex, non-linear relationships be-

tween flight dynamics and wind estimation. The design of these models was guided by

three main objectives: improving output estimation accuracy, accelerating convergence

during training, and mitigating domain shift effects between training and testing con-

ditions. In this context, domain shift refers to the discrepancy between the statistical

distributions of the training data (source domain) and the test environment (target do-

main). This shift can arise due to variations in atmospheric conditions. If not properly

addressed, domain shift can degrade the performance of machine learning models, as

the learned relationships from the source domain may not generalize well to the target
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domain.

The first model served as a baseline and employed the Levenberg–Marquardt op-

timization algorithm—a second-order technique well-suited for nonlinear regression

problems. This network utilized a piecewise positive linear transfer function (poslin)

as the activation function, which is a built-in library in MATLAB [89] and incorpo-

rated regularization to reduce overfitting. While effective under controlled conditions,

the baseline model exhibited limited generalization across different flight scenarios and

atmospheric regimes.

To enhance the model’s ability to capture the nonlinear interactions between the

UAS dynamics and the ambient wind field, the second architecture adopted the ReLU

activation function [90] and used the Adam (Adaptive Moment Estimation) optimizer

[91]. This combination provided more stable convergence and better adaptability to

diverse hyperparameter configurations. As a result, the model achieved improved gen-

eralization under a broader range of meteorological conditions.

Recognizing that performance could still degrade due to distributional shifts of fea-

tures in between training and validation flight data, the third architecture introduced

a simple domain adaptation mechanism. This third model retained the ReLU–Adam

configuration but included a fine-tuning stage using a subset of the labeled test data

i.e., input samples from the target domain accompanied by their corresponding ground

truth wind estimates [92]. This step allowed the model to adapt to new domains with

minimal computational overhead, thereby enhancing training robustness.

The fourth and final architecture implemented a DANN [93], specifically designed

to learn domain-invariant features through adversarial training. This model consisted

of a shared feature extractor, a label predictor, and a domain classifier, trained using a

gradient reversal layer. By explicitly accounting for domain shift during the training

process, this architecture aimed to provide one of the most consistent generalization
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performances across varying platforms and environmental conditions.

4.4 Optimizers and Activation Functions

Optimization algorithms play a fundamental role in training deep neural networks by

minimizing the cost function through iterative parameter updates, similar to the DEO

implemented in Chatper 3. The choice of an optimizer directly influences the conver-

gence rate, computational efficiency, and generalization capability of a neural network

model [94]. In this study, several optimization algorithms were tested across the dif-

ferent neural network models. The following section briefly discusses the theoretical

foundation and characteristics of the optimizers utilized in this work.

Activation functions also play a crucial role in neural networks by introducing non-

linearity, allowing the network to model complex patterns and relationships within the

data. In this study, ReLU [90] activation function was employed extensively across all

developed models due to its simplicity, computational efficiency, and proven effective-

ness in deep learning applications.

Levenberg–Marquardt

The Levenberg–Marquardt (LM) algorithm is a second-order optimization method

specifically designed for solving nonlinear problems through a least-squares method.

Initially introduced by Levenberg and later refined by Marquardt [95], the algorithm

combines the rapid convergence properties of the Gauss–Newton method with the sta-

bility of gradient descent [95].

The LM algorithm is particularly well-suited for applications where the cost func-

tion is expressed as the sum of squared errors, as is typically done in supervised regres-

sion tasks such as Linear and Quadratic wind estimation from Eqns (3.10) and (3.11).
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It operates by solving a local trust-region subproblem at each iteration, minimizing a

linearized approximation of the objective function within a constrained step size.

Given a nonlinear real function F : Rn → Rm and its corresponding Jacobian

matrix J , the parameter update p is computed by solving the linear system:

(
J⊤J + λX⊤X

)
p = −J⊤f (4.1)

where λ is the damping parameter that controls the step size, andX is a diagonal scaling

matrix that accounts for the relative sensitivity of each parameter. For small values

of λ, the algorithm behaves similarly to the Gauss–Newton method, promoting faster

convergence when near the optimal solution. For larger values of λ, it approximates

gradient descent, offering increased stability in the early stages of training or when far

from the minimum. The damping parameter is dynamically adjusted at each iteration

based on the agreement between the estimated and actual reductions in the residual

norm, guiding the optimization toward convergence [95].

In the present study, the LM algorithm was applied to the first neural network model

due to its ability to provide rapid and stable convergence on moderately sized networks

with relatively low-dimensional input features. This baseline model used a (poslin)

activation function and incorporated regularization to mitigate overfitting. While the

LM-based network performed effectively in structured and controlled settings, it exhib-

ited limited generalization in the presence of domain shifts. These limitations motivated

the transition to alternative optimizers and architectures in subsequent models.

Stochastic Gradient Descent (SGD)

SGD is one of the earliest and most widely used optimization algorithms for training

neural networks [94, 96]. It updates model parameters based on the gradient of the
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cost function computed over a mini-batch of data. The update rule for SGD is given by

Qt+1 = Qt − η∇QL(Qt) (4.2)

where Qt denotes the model parameters at iteration t, η is the learning rate, and L

represents the cost function [94]. While SGD is computationally efficient and robust,

its convergence can be slow, particularly in the presence of noisy gradients or non-

convex loss landscapes.

RMSprop Optimizer

RMSprop, introduced by Hinton [97], improves upon SGD by using an adaptive learn-

ing rate for each parameter. It maintains a decaying average of past squared gradients

to normalize the parameter updates. The update rules for RMSprop are given by:

Pt = βPt−1 + (1− β)g2t (4.3)

Qt+1 = Qt −
η√
Pt + ϵ

gt (4.4)

where gt is the gradient at iteration t, Pt is the moving average of squared gradients, β

is the decay rate, and ϵ is a small constant for numerical stability. RMSprop accelerates

convergence in non-stationary problems or those with sparse gradients, although it may

exhibit limited generalization capability in certain tasks [94].

Adam Optimizer

Adam, proposed by Kingma and Ba [91], combines the advantages of RMSprop and

momentum-based methods. It maintains exponential moving averages of both the gra-
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dients (mt) and the squared gradients (Pt). The update rules are given by:

mt = β1mt−1 + (1− β1)gt (4.5)

Pt = β2Pt−1 + (1− β2)g2t (4.6)

where β1 and β2 represent the decay rates for the first and second moments, respectively.

The bias-corrected estimates are computed as:

m̂t =
mt

1− βt
1

(4.7)

P̂t =
Pt

1− βt
2

(4.8)

The parameter update is performed as:

Qt+1 = Qt −
η√
P̂t + ϵ

m̂t (4.9)

Adam has become a widely adopted optimizer in deep learning tasks due to its fast

convergence and stability. However, its generalization performance may be inferior to

SGD in some applications [94].

AdamW Optimizer

AdamW, introduced by Loshchilov and Hutter [98], modifies the original Adam algo-

rithm by decoupling weight decay from the gradient update step. In the standard Adam

algorithm, weight decay interacts with the adaptive learning rate, potentially degrading

regularization effectiveness. AdamW addresses this by applying weight decay directly
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to the parameter values:

Qt+1 = Qt − η

(
m̂t√
P̂t + ϵ

+ λQt

)
(4.10)

where λ is the weight decay coefficient. This decoupling improves the generalization

capability and regularization performance of the optimizer.

Table 4.2 summarizes the key characteristics and performance considerations of the

optimizers employed in this study, as reported in prior research [96].

Table 4.2: Summary of optimization algorithms used in this study.

Optimizer Key Characteristics

SGD Simple and robust; sensitive to learning rate; slow convergence without
momentum enhancement.

RMSprop Adaptive learning rate with moving average of squared gradients; ef-
fective for non-stationary or sparse gradient problems.

Adam Combines RMSprop and momentum; fast convergence; requires care-
ful hyperparameter tuning for generalization.

AdamW Decouples weight decay from gradient update; improved generaliza-
tion and regularization performance.

ReLU Activation Function

The ReLU activation function, introduced by Hahnloser [99], is mathematically defined

as:

f(x) = max(0, x) (4.11)

where x denotes the input to a neuron. The function outputs zero for negative inputs

and returns the input value unchanged for non-negative inputs. This simple threshold-

ing mechanism promotes sparsity within the network and facilitates efficient gradient

propagation during the training phase. Figure 4.3 shows the working procedures for

78



the ReLU function. The derivative of the ReLU function, which is essential for the

backpropagation algorithm, is given by:

f ′(x) =


1, if x > 0

0, otherwise
(4.12)

ReLU has become the default activation function in deep learning due to its ability

to mitigate the vanishing gradient problem, which commonly affects traditional acti-

vation functions such as sigmoid and tanh (Hyperbolic Tangent) [90] [100]. The

vanishing gradient problem occurs when gradients used for updating model parameters

during backpropagation become exceedingly small as they are propagated backward

through many layers. This often leads to negligible updates in early-layer weights, ef-

fectively stalling learning and causing the network to fail in capturing important lower-

level features [100]. Unlike those functions, ReLU preserves gradient flow for positive

activations, allowing for faster and more stable convergence during optimization.

Moreover, ReLU enables the network to learn piecewise linear functions, providing

enhanced capability to approximate complex non-linear mappings between inputs and

outputs. This property was particularly advantageous in the present study, given the

non-linear nature of the wind estimation problem using UAS telemetry data.

Despite its advantages, ReLU is susceptible to the “dying ReLU” problem, where

neurons may become inactive (outputting zero for all inputs) if weight updates lead

to predominantly negative activations. However, with proper weight initialization and

learning rate tuning, this issue can be effectively mitigated [90].

In this work, the ReLU activation function was employed in all hidden layers of

Models 2 (FF-NN), 3 (FT-NN), and 4 (DANN), enabling the neural networks to ef-

ficiently learn the complex wind dynamics associated with CopterSonde operations

79



under diverse atmospheric conditions.

Figure 4.3: The ReLU activation function produces 0 as an output when x < 0, and
produces a linear output with slope 1 when x > 0. Image taken from [90].

Domain-Adversarial Neural Network

The DANN (Domain-Adversarial Neural Network), introduced by Ganin [93], came up

with a framework for unsupervised domain adaptation by embedding domain invariance

directly into the feature learning process of deep neural networks. The fundamental ob-

jective of DANN has been used to learn feature representations that are simultaneously

discriminative for source domain classification and invariant across domains, thereby

reducing the discrepancy between source and target distributions.

The theoretical foundation of DANN has been established upon the domain adap-

tation theory proposed by Ben-David [101], which provides a generalization bound on

the target domain risk. For a hypothesis class η ∈ H (set of all possible functions or

models that a learning algorithm can explore to find a solution), the risk in the target

domain RDT
(η) has been bounded as:
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RDT
(η) ≤ RDS

(η) +
1

2
dH(DX

S ,DX
T ) + λ, (4.13)

where RDS
(η) denotes the source risk, dH represents theH-divergence between the

marginal feature distributions of source and target domains, and λ corresponds to the

risk of the ideal joint hypothesis across both domains. TheH-divergence is defined as:

dH(DX
S ,DX

T ) = 2 sup
η∈H

∣∣∣∣PrDX
S

[η(x) = 1]− Pr
DX

T

[η(x) = 1]

∣∣∣∣ . (4.14)

This theoretical result implies that low source risk alone is insufficient to guarantee

robust generalization on the target domain. Instead, minimizing both the source risk

and the domain discrepancy is essential.

To achieve domain-invariant representation learning, DANN incorporates a domain

classifier in parallel with the label predictor and employs a novel component known as

the Gradient Reversal Layer (GRL) [93]. The model architecture is composed of the

following modules:

• Feature extractor Gf (x; θf ),

• Label predictor Gy(Gf (x); θy),

• Domain classifier Gd(Gf (x); θd), connected via the GRL.

• (θf ) , (θy) , (θd) are the learnable parameters in the feature extractor, label pre-

dictor, and domain classifier.

During training, the network simultaneously minimizes the classification loss on

the labeled source data and maximizes the domain classification loss to encourage in-

distinguishability between domains. The GRL functions as the identity operator during

the forward pass and multiplies the gradient by −1 during the backward pass. This
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adversarial mechanism forces the feature extractor to learn representations that confuse

the domain classifier, thus promoting domain invariance.

Model parameters are updated using stochastic gradient descent as follows:

θf ← θf − µ
(
∂Ly

∂θf
− λ∂Ld

∂θf

)
, (4.15)

θy ← θy − µ
∂Ly

∂θy
, (4.16)

θd ← θd − µ
∂Ld

∂θd
, (4.17)

where µ denotes the learning rate.

Figure 4.4 presents the DANN architecture, illustrating the adversarial interaction

between the domain classifier and feature extractor through the GRL.

Figure 4.4: The DANN architecture includes a deep feature extractor (green) and label
predictor (blue) forming a conventional feedforward model. A domain classifier (red)
is connected through a gradient reversal layer that inverts the gradient during backprop-
agation. This setup enforces domain invariance by encouraging the feature extractor to
confuse the domain classifier while optimizing classification performance. Image taken
from [93]

In this study, DANN was used to address the limitations imposed by data scarcity
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across the full range of observed winds in the field. Conventional neural networks

trained on specific datasets often exhibit degraded performance when deployed in op-

erational environments that differ from the training conditions—a phenomenon com-

monly known as domain shift. Wind estimation tasks are particularly susceptible to

this issue, as atmospheric conditions encountered during post-training deployment can

vary substantially from those present during data collection for the ML training, both

in terms of wind intensity and broader meteorological variability.

The DANN framework addresses this challenge by learning domain-invariant fea-

ture representations, thereby enabling the model to generalize effectively across dif-

ferent operating conditions. This approach is especially beneficial when training data

are disproportionately concentrated in low-wind regimes while high-wind observations

remain sparse. Through the integration of adversarial training with a domain classifier,

the DANN facilitates the extraction of features that are predictive of wind yet agnos-

tic to the domain origin of the input. As a result, the model demonstrates enhanced

adaptability to unseen or underrepresented wind scenarios, offering more resilience to

low-data training and more reliable wind estimation under diverse environmental con-

ditions.

4.5 Implementation of Machine Learning for CopterSonde UAS

Wind Estimation

This section presents the implementation of ML techniques for estimating wind from

CopterSonde UAS telemetry data. The following subsections describe the design, train-

ing, and evaluation of multiple neural network architectures, each tailored to estimate

wind, address specific challenges s domain variability, and real-time deployment feasi-

bility
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4.5.1 Model 1: Levenberg–Marquardt Feed Forward Neural Net-

work

The first neural network model (LM-NN) was developed using the Levenberg–

Marquardt (LM) optimization algorithm, which is particularly suited for nonlinear re-

gression tasks where the cost function is formulated as the sum of squared errors [95].

This model served as the baseline framework for wind estimation using CopterSonde

UAS data.

The network architecture was configured as a fully connected feedforward neural

network consisting of six hidden layers. The number of neurons in each layer followed

a pyramidal structure with the configuration [128, 64, 32, 16, 8, 4] from the first to the

sixth hidden layer, respectively. This configuration was selected, after performing ex-

tensive trial and error to balance model complexity, computational cost, and estimation

accuracy.

All hidden layers employed the positive linear transfer function (poslin) as an ac-

tivation function, equivalent to the ReLU, to capture non-linear system dynamics. The

output layer utilized a linear activation function (purelin), appropriate for continu-

ous regression tasks.

To mitigate overfitting, regularization (a technique to prevent overfitting) was ap-

plied using a weight decay parameter of 0.0009. The input data were normalized using

z-score normalization based on the statistics of the training and validation datasets. The

test data were normalized using the same parameters to ensure consistency.

Model training employed an early stopping strategy based on validation perfor-

mance, with a maximum limit of 150 training epochs and a patience threshold of 10

consecutive validation failures. The final trained model was stored and subsequently

used to infer wind profiles from flight logs not part of the training set.
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While the LM-based model demonstrated stable convergence, its generalization ca-

pability was limited when applied to unseen flight conditions, particularly under domain

shift scenarios. This observation motivated the development of more advanced models

utilizing alternative optimization strategies and domain adaptation techniques.

Table 4.3 summarizes the detailed network architecture and configuration parame-

ters of Model 1 (LM-NN). The table outlines the optimizer, activation functions, layer

configuration, and regularization techniques and highlights the strengths and limitations

associated with this model.

Table 4.3: Configuration and performance summary of Model 1 (LM-NN), including
network architecture, training strategies, and key observations.

Parameter Details

Optimizer Levenberg–Marquardt (LM)
Activation Function (Hidden Layers) poslin (ReLU equivalent)
Activation Function (Output Layer) purelin (Linear)
Hidden Layers 6 layers: [128, 64, 32, 16, 8, 4] neurons
Regularization Weight decay = 0.0009
Data Normalization Z-score normalization based on training data

statistics
Training Strategy Early stopping with a maximum of 150

epochs and a patience of 10 validation fail-
ures

Used Platform MATLAB + GPU (NVIDA A100)
Computing Time 4 hrs.
Strength Stable convergence for moderate-sized

datasets; simple architecture
Limitation Limited generalization capability under do-

main shift and higher computational cost
during training
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4.5.2 Model 2: Rectified Linear Unit and Adaptive Moment Esti-

mation Optimized Feed Forward Neural Network

The second neural network model (FF-NN) was developed using the PyTorch frame-

work, incorporating several architectural and optimization improvements over the base-

line LM-based model. This model employed the Adam optimizer, which combines the

advantages of adaptive learning rates with weight decay regularization, thereby offering

increased robustness for training deep neural networks.

Prior to selecting Adam, several other optimization algorithms were evaluated,

including SGD, SGD with momentum, RMSprop, and AdamW. The Adam opti-

mizer demonstrated superior performance in capturing the underlying dynamics of the

CopterSonde UAS and was therefore adopted for this model.

The network architecture retained a fully connected feedforward structure consist-

ing of five hidden layers. Neurons were configured in a pyramidal pattern with the

structure [64, 32, 16, 8, 4]. The ReLU activation function was applied after each hid-

den layer, chosen for its effectiveness in modeling non-linear relationships and mitigat-

ing the vanishing gradient problem commonly encountered in deeper networks. The

model employed the MSE as the cost function, defined as the average of the squared

differences between the predicted wind values and the corresponding reference mea-

surements. Input parameters and target outputs were normalized using z-score normal-

ization, with scaling parameters derived exclusively from the training dataset to ensure

consistency across both training and testing phases.

The optimal model configuration was selected based on the minimum loss achieved

on the validation dataset during the training process. Early stopping was applied using

a learning rate scheduler, and overfitting was implicitly avoided by saving the model

weights and biases corresponding to the epoch yielding the lowest test loss.
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Table 4.4 summarizes the detailed network architecture and configuration parame-

ters of Model 2 (FF-NN). The table outlines the optimizer, activation functions, layer

configuration, and regularization techniques and highlights the strengths and limitations

associated with this model.

Table 4.4: Configuration and performance summary of Model 2 (FF-NN) , including
network architecture, training strategies, and key observations.

Parameter Details

Optimizer Adam optimizer with learning rate
=0.0000005

Activation Function (Hidden Layers) ReLU
Activation Function (Output Layer) Linear
Hidden Layers 5 layers: [64, 32, 16, 8, 4] neurons
Regularization Weight decay weight decay = 0.00001
Learrning Rate Scheduler ReducedLROnPlateau
Data Normalization Z-score normalization (StandardScaler) us-

ing training set statistics
Used Platform Python + CPU (I5-133U)
Computing Time 4 hours of Optuna modeling and 2 hours of

model training .
Strength Improved generalization performance and

robustness across unseen data
Limitation Requires careful tuning of hyperparameters

for optimal performance

4.5.3 Model 3: Feed Forward Neural Network Using Pretrained

and Fine-Tuning

The third model (FT-NN) developed in this study extends the architecture and training

strategy of Model 2 (FF-NN), introducing a fine-tuning approach designed to mitigate

domain shift between the source (training) and target (testing) datasets. This strategy

could be applicable in UAS-based wind estimation, where a small quantity of labeled

target domain data may be available to improve model adaptability and generalization
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performance.

The architecture of this model remained identical to that of Model 1 (LM-NN),

consisting of a fully connected feedforward neural network with six hidden layers con-

figured in a pyramidal structure of [128, 64, 32, 16, 8, 4] neurons. ReLU activation

functions were applied after each hidden layer to capture non-linear system dynamics

effectively.

The initial training phase was conducted on the source domain data using the RM-

Sprop optimizer with a learning rate of 0.00001. Model selection was based on the

lowest validation loss observed during training, thereby avoiding overfitting and ensur-

ing generalization within the source domain.

Following the initial training, a fine-tuning phase was introduced. A small set of la-

beled target domain samples was fed to the model to adjust the model weights, enabling

the network to adapt to the characteristics of the target environment. Fine-tuning was

performed using the Adam optimizer at a learning rate of 0.0001 for 5000 iterations.

This step preserved the knowledge learned from the source domain while allowing for

improved adaptability to the target domain.

Compared to the DANN, this model provides a computationally simpler approach

to domain adaptation, particularly when labeled target domain data are available.

Table 4.5 summarizes the detailed network architecture and configuration parame-

ters of Model 3 (FT-NN). The table outlines the optimizer, activation functions, layer

configuration, and regularization techniques and highlights the strengths and limitations

associated with this model.
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Table 4.5: Configuration and performance summary of Model 3 (FT-NN), including
network architecture, training strategies, and key observations.

Parameter Details

Optimizer (Initial Training) RMSprop optimizer with learning rate = 0.00001
Optimizer (Fine-Tuning) Adam optimizer with learning rate = 0.0001
Architecture Components Feedforward Neural Network with Fine-Tuning Strat-

egy
Activation Function ReLU in all hidden layers
Hidden Layers 6 layers: [128, 64, 32, 16, 8, 4] neurons
Training Strategy Initial training on source domain; fine-tuning on small

labeled target domain samples
Used Platform Python + CPU (I5-I33U)
Computing Time 4 hours for the feedforward network and 2 hours for

the batch tuned network.
Strength Practical domain adaptation with minimal computa-

tional cost
Limitation Requires labeled target data for fine-tuning; adaptation

performance is limited by the quantity and quality of
target samples

4.5.4 Model 4: Domain-Adversarial Neural Network

The fourth neural network model (DANN) implemented in this study is the DANN,

designed to explicitly address do main shift between the source (training) and target

(testing) datasets. This challenge is particularly relevant for UAS-based wind estima-

tion, where flight conditions, environmental variability, and sensor characteristics may

differ significantly between the data collection and deployment phases.

The network architecture employed ReLU activations in all hidden layers to ef-

fectively capture non-linear system dynamics. The feature extractor contained three

hidden layers configured with [128, 64, 32] neurons, while the label predictor included

three layers with [16, 8, 1] neurons. The domain classifier was designed with two

hidden layers of [16, 2] neurons for binary classification of the domain labels.

Model training was performed using two separate cost functions: MSE loss for
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wind estimation and cross-entropy loss for domain classification. The total loss was

computed as the sum of the label loss and the domain loss. The Adam optimizer was

employed with a learning rate of 0.0009 and a batch size of 16.

This adversarial training strategy enabled the model to learn robust features that

were less sensitive to domain-specific variations, thereby improving generalization per-

formance across diverse flight scenarios.

Table 4.6 summarizes the detailed network architecture and configuration parame-

ters of Model 4 (DANN). The table outlines the optimizer, activation functions, layer

configuration, and regularization techniques and highlights the strengths and limitations

associated with this model.

Table 4.6: Configuration and performance summary of Model 4 (DANN), including
network architecture, training strategies, and key observations.

Parameter Details

Optimizer Adam optimizer with learning rate = 0.0009
Architecture Components Feature Extractor, Label Predictor, Domain Classifier
Activation Function ReLU in all hidden layers
Feature Extractor Layers [128, 64, 32] neurons
Label Predictor Layers [16, 8, 1] neurons
Domain Classifier Layers [16, 2] neurons with Gradient Reversal Layer
cost functions MSE Loss (Regression) + Cross-Entropy Loss (Domain

Classification)
Data Normalization Z-score normalization (StandardScaler) using source

domain statistics
Training Strategy batch size of 16, best model selected based on wind pre-

diction performance
Strength Explicit handling of domain shift, improved generaliza-

tion across varying flight conditions
Platform Python + GPU (NVIDIA A100)
Computing Time 10 hrs.
Limitation Higher computational cost and increased model com-

plexity due to adversarial training setup
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4.6 Comparison of the Machine Learning Models with the Baseline

Wind Estimation Algorithms

Following the training of the neural network models described in the previous sec-

tions, the learned model weights and biases were saved for subsequent deployment and

evaluation. The final comparison between the machine learning-based wind estimation

models and the existing wind estimation algorithms was performed during an indepen-

dent testing phase. In this section of the study, the saved model weights were utilized

to estimate horizontal wind speed from CopterSonde input flight parameters.

In this section, Figure 4.7 to Figure 4.11 show the wind estimation results from

multiple test flights conducted on different days. The outputs from all four machine

learning models were compared against the Linear, Quadratic, and LESO wind esti-

mation algorithms. Additionally, ground truth wind measurements obtained from the

DWL were included as a reference benchmark.

A quantitative assessment of model performance conducted using RMSE analysis

is also shown in Figure 4.6. The RMSE was calculated in a bin-wise manner across dif-

ferent wind speed intervals to evaluate the accuracy of each algorithm. This approach

facilitated a comprehensive comparison between the traditional wind estimation meth-

ods and the machine learning-based models, thereby highlighting the strengths and lim-

itations of each approach under varying wind conditions. The results reveal that among

the machine learning models, Model 2 (FF-NN) and Model 4 (DANN) consistently

outperformed the traditional methods in low-to-moderate wind regimes (0–12 m s−1),

achieving RMSE values comparable to or lower than the LESO algorithm. Notably,

Model 4 maintained relatively strong performance even in high-wind bins (exceeding

12 m s−1), likely due to its domain adaptation capability, whereas the performance of

Model 3 showed moderate performance in low wind and deteriorated significantly as
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wind increased.

The procedure for estimating horizontal wind speed using the saved trained neural

network weights and new input data collected from the CopterSonde platform is out-

lined in Algorithm 1. This algorithm was used for the first three models to retrieve wind

from the real time inputs by using the saved weights after training the models.

Algorithm 1 Wind Estimation using Trained Neural Network Weights
1: Load the trained model weights and biases.
2: Load the mean and standard deviation values used during model training for input

and output normalization.
3: Extract the required input paramters from the UAS’s flight log file (binary format).
4: Normalize the new input data using:

Xnorm =
Xnew −Xmean

Xstd

5: Pass the normalized input through the trained neural network in a sequential, layer-
wise manner.

For each hidden layer:
Multiply input by weights, add bias, and apply ReLU activation.

6: At the final output layer, apply a linear activation to obtain the predicted normalized
wind speed.

7: Denormalize the predicted output using:

Tpred = Tpred norm × Tstd + Tmean

8: Apply bias correction if required based on the model calibration (This is done only
for Model 1 (LM-NN)).

9: Output the final estimated horizontal wind speed.

For the DANN model, the wind estimation procedure differs from the previous

models due to the presence of two distinct components: a feature extractor and a label

predictor. The feature extractor is responsible for learning domain-invariant representa-

tions, while the label predictor estimates the horizontal wind speed from these extracted

features. Algorithm 2 describes the procedure for estimating horizontal wind speed us-

ing the trained DANN model weights.
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Algorithm 2 Wind Estimation using Trained DANN Model Weights
1: Load the trained weights and biases of the feature extractor and label predictor

networks.
2: Load the mean and standard deviation values used during model training for input

and output normalization.
3: Extract the required input features from the drone’s onboard binary log file.
4: Replace any missing (NaN) or infinite values in the input data with zero.
5: Normalize the new input data using :

Xnorm =
Xnew −Xmean

Xstd

6: Pass the normalized input through the feature extractor network:
For each layer:
Multiply input by weights, add bias, and apply ReLU activation.

7: Pass the extracted features through the label predictor network to obtain the pre-
dicted normalized wind speed.

8: Denormalize the predicted wind speed using:

Tpred = Tpred norm × Tstd + Tmean

9: Output the final estimated horizontal wind speed.

An extended RMSE analysis was conducted to compare the performance of the

developed machine learning-based wind estimation models with the existing wind es-

timation algorithms with the CSWX. The RMSE analysis was designed to evaluate

model performance across different wind speed regimes, with particular focus on dis-

tinguishing between low-wind and high-wind scenarios.

To achieve this, a binning approach—applied similarly to the method used in the

DEO-based evaluation (see Chapter 3)—was adopted. In addition to computing the

RMSE, the number of data points within each wind speed bin was recorded to assess

model performance in data-sparse regimes, particularly under high-wind conditions.

Table 4.7 presents the bin-wise RMSE comparison between the existing wind es-

timation algorithms (LESO, Linear, and Quadratic) and the four developed machine

learning models (ML Model 1 (LM-NN) to Model 4 (DANN)) for the CopteSonde
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CSWX. Table 4.8 provides the corresponding standard deviation of errors within each

bin to evaluate the consistency and stability of each model’s predictions.

The RMSE analysis indicated that the LESO algorithm consistently performed as

the most accurate of the existing methods, yielding lower RMSE values across the ma-

jority of wind speed bins. Among the machine learning models, Model 2 (FF-NN)

(a feedforward neural network using ReLU activation) and Model 4 (DANN) demon-

strated performance comparable to the LESO algorithm, particularly under low-wind

conditions.

As wind speed increased and the number of available data points within each bin de-

creased, Model 4 (DANN) exhibited superior performance over the LESO algorithm.

This highlights the capability of the DANN architecture to leverage domain adapta-

tion and maintain estimation accuracy in high-wind conditions. Model 2 (FF-NN) also

maintained performance close to LESO across different wind speed bins, with indica-

tions of improved estimation capability at higher wind speeds.

Table 4.7: Bin-wise RMSE comparison between baseline wind estimation algorithms
and the proposed machine learning models (ML) for horizontal wind estimation.

Bin (m s−1) LESO Linear Quadratic ML1
LM-
NN

ML2
FF-NN

ML3
FT-NN

ML4
DANN

0–2 1.5768 1.4950 1.8218 2.5602 2.5339 4.2520 2.1466
2–4 0.6929 0.9858 0.8790 1.2157 1.9841 2.7869 1.1843
4–6 0.4907 0.5953 0.4857 0.9671 1.5389 1.4424 0.9003
6–8 0.4734 1.5219 0.8462 0.4885 1.0493 2.5438 0.9886
8–10 0.3671 0.8296 0.3298 0.3305 0.4259 3.5157 0.2329
10–12 0.9486 0.9227 0.9189 0.9638 0.7562 5.1222 0.8145
12–14 0.7494 0.4155 0.6980 1.2601 0.7484 6.2294 0.3553
14–16 2.0746 1.7251 2.2654 2.7431 2.0440 8.1974 1.2866
16–18 3.0096 2.5865 2.8722 3.1665 2.5180 10.007 1.6420

Figure 4.5 presents the bar chart illustrating the distribution of the number of data
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Table 4.8: Standard deviation of errors within each wind speed bin for baseline algo-
rithms and proposed machine learning models (ML), illustrating model consistency and
stability.

Bin (m s−1) LESO Linear Quadratic ML1
LM-
NN

ML2
FF-NN

ML3
FT-NN

ML4
DANN

0–2 0.6206 0.8119 0.5485 0.3430 3.0575 0.0208 1.0053
2–4 0.0294 0.0458 0.0472 0.5874 2.3660 0.0896 0.6938
4–6 0.0630 0.0318 0.0084 0.1624 0.6164 0.1106 0.1002
6–8 0 0 0 0 0 0 0
8–10 0 0 0 0 0 0 0
10–12 0 0 0 0 0 0 0
12–14 0 0 0 0 0 0 0
14–16 0 0 0 0 0 0 0
16–18 0 0 0 0 0 0 0

points available within each wind speed bin. It is evident from the figure that the ma-

jority of the collected data correspond to wind speeds within the range of 2–6 m s−1.

Conversely, the highest wind speed bin (16–18 m s−1) contained the fewest data points,

emphasizing the scarcity of measurements in higher wind conditions.

Figure 4.6 shows the RMSE comparison between the baseline wind estimation al-

gorithms and the developed machine learning models across various horizontal wind

speed bins. It can be observed that Model 2 (FF-NN) and Model 4 (DANN) emerged

as the best-performing machine learning models among the four models developed in

this study.

Model 3 (FT-NN) demonstrated moderate performance in low wind speed bins

where sufficient data were available; however, its accuracy degraded as wind increased

due to its failure to adapt to the new domain. This behavior aligns with expectations,

as Model 3 (FT-NN) represented the initial attempt to incorporate domain adaptation

within this framework.

In contrast, both Model 2 (FF-NN) and Model 4 (DANN) exhibited superior per-
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Figure 4.5: Distribution of the number of data points in each wind speed bin. The
figure illustrates that the majority of the data were collected within 2–6 m s−1, while
significantly fewer data points were available at higher wind speeds (16–18 m s−1).

formance, maintaining accuracy even at higher wind speeds despite limited data. These

models successfully estimated wind speeds with high accuracy and, in several cases,

outperformed the LESO algorithm.

Figure 4.7 illustrates the wind estimation performance of the four proposed ma-

chine learning models on a low wind speed day (during the SCALES field campaign),

where the average wind speed was approximately 5 m s−1. In this scenario, Model

1 (LM-NN) and Model 4 (DANN) demonstrated the best performance, achieving the

lowest RMSE among all models. Notably, Model 1 (LM-NN) and Model 4 (DANN)

even outperformed the LESO algorithm, which has been identified as the most accurate

among the existing traditional wind estimation methods, and also showed the potential

of the ML models in wind estimation.

Table 4.9 presents a quantitative comparison of the proposed machine learning mod-

els and the baseline wind estimation algorithms (LESO, Linear, and Quadratic). The
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Figure 4.6: RMSE comparison of existing wind estimation algorithms and developed
machine learning models (ML). The figure highlights that Model 2 (FF-NN) and Model
4 (DANN) provided the most accurate wind estimation across all wind speed bins, par-
ticularly outperforming existing algorithms at higher wind speeds where data availabil-
ity was limited.

evaluation metrics include the MAE, RMSE, and standard deviation (StdDev) of the

estimation errors.

Table 4.9: Performance comparison of the machine learning models with the baseline
wind estimation algorithms (LESO, Linear, and Quadratic) for a low wind day in terms
of MAE, RMSE, and standard deviation (StdDev) of the error.

Method MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML1 LM-NN 0.4863 0.6223 0.6077
ML2 FF-NN 0.7730 1.0440 0.9900
ML3 FT-NN 2.7950 3.0213 1.6004
ML4 DANN 0.5462 0.6975 0.6609
LESO 0.5593 0.6897 0.6516

Figure 4.8 presents the wind estimation performance of the developed machine

learning models for another low wind speed day, where the maximum observed wind

speed was approximately 4.5 m s−1. In this scenario, Model 1 (LM-NN) achieved the
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Figure 4.7: The wind estimation performance of the proposed machine learning mod-
els and baseline algorithms was evaluated for a representative low-wind case (wind
speed ≈ 5 m s−1). Under these conditions, the LESO algorithm exhibited reliable per-
formance, serving as a strong baseline. Among the machine learning models, all ex-
cept Model 3 demonstrated encouraging results. Both Model 1 (LM-NN) and Model 4
(DANN) achieved RMSE lower than those of LESO, indicating their effectiveness in
capturing low-wind dynamics. Model 2 (FF-NN) also performed well, although its
RMSE was marginally higher than that of LESO. In contrast, Model 3 (FT-NN) failed
to represent the wind profile accurately and exhibited poor performance in this low-
wind scenario.

best performance among the machine learning models. However, the LESO algorithm

outperformed all models, attaining the lowest RMSE and MAE values.

Table 4.10 provides the detailed error metrics, including MAE, RMSE, and standard

deviation (StdDev) of the estimation errors for the developed models and the existing
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wind estimation algorithms.

Figure 4.8: The wind estimation performance of the developed machine learning mod-
els and existing algorithms was also evaluated for the same low windy day (wind speed
≈ 4.5 m s−1). In this scenario, Model 1 (LM-NN) and Model 4 (DANN) again delivered
the most accurate results, both outperforming the LESO algorithm. Model 2 (FF-NN)
achieved a performance nearly identical to LESO, indicating reliable but non-superior
generalization. Model 3 (FT-NN) demonstrated moderate success; however, its higher
RMSE suggests an inability to effectively capture domain adaptation under these con-
ditions.

Figure 4.9 presents the wind estimation performance of the developed machine

learning models for another low windy day, where the maximum observed wind speed

was approximately 6 m s−1. In this scenario, Model 1 (LM-NN) achieved the best

performance. Model 4 (DANN) and LESO were performing identically, and Model
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Table 4.10: Performance comparison of the machine learning models with the existing
wind estimation algorithms (LESO, Linear, and Quadratic) for a low wind day in terms
of MAE, RMSE, and standard deviation (StdDev) of the error.

Method MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML1 LM-NN 1.0520 1.2575 1.2183
ML2 FF-NN 1.2905 1.5841 1.4932
ML3 FT-NN 2.1772 2.6307 2.0696
ML4 DANN 1.0788 1.2924 1.2303
LESO 1.1783 1.4366 1.4336

2 (FF-NN) was having a slightly higher RMSE, likewise on the other low windy day.

Once again, the Model 3 (FT-NN) had the highest RMSE.

Table 4.11 provides the detailed error metrics, including MAE, RMSE, and standard

deviation (StdDev) of the estimation errors for the developed models and the existing

wind estimation algorithms.

Table 4.11: Performance comparison of the machine learning models with the existing
wind estimation algorithms (LESO, Linear, and Quadratic) for a low wind day in terms
of MAE, RMSE, and standard deviation (StdDev) of the error.

Method MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML1 LM-NN 1.5248 1.9240 1.9065
ML2 FF-NN 2.0715 2.4968 2.496(m s−1)0
ML3 FT-NN 3.4013 3.8825 2.0864
ML4 DANN 1.7872 2.1975 2.1973
LESO 1.7838 2.1920 2.1418

Figure 4.10 shows the wind estimation performance of the developed machine

learning models for a moderate wind speed day, where the maximum observed wind

speed was approximately 9 m s−1. On this day, Model 2 (FF-NN) outperformed all

other algorithms, including the existing LESO algorithm, achieving the lowest RMSE

and MAE values.

Additionally, Model 1 (LM-NN) and Model 4 (DANN) also demonstrated excellent
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Figure 4.9: The wind estimation performance of the developed machine learning mod-
els and existing algorithms was also evaluated for another low-wind case (wind speed
≈ 6 s−1). In this scenario, Model 1 (LM-NN) delivered the most accurate results by out-
performing the LESO algorithm. Model 4 (DANN) and LESO were performing iden-
tically. Model 2 (FF-NN) achieved a performance nearly identical to LESO likewise
on the other windy days, indicating reliable but non-superior generalization. Model 3
(FT-NN) demonstrated poor estimation, and its higher RMSE suggests an inability to
effectively capture domain adaptation under these conditions.

performance, producing results comparable to the LESO algorithm. This highlights the

robustness of the developed machine learning models, also in moderate wind condi-

tions. However, the highest RMSE was achieved by Model 3 (FT-NN), which showed

its failure to domain adaptation for moderate wind also.

Table 4.12 presents the detailed performance metrics, including MAE, RMSE, and

standard deviation (StdDev) of the estimation errors for the machine learning models
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and the existing wind estimation algorithms.

Figure 4.10: The wind estimation performance of the developed machine learning mod-
els and existing algorithms was further evaluated for a moderate wind day (wind speed
≈ 9 m s−1). Among all models, Model 2 (FF-NN) provided the most accurate wind
estimates, outperforming the LESO algorithm. Models 1 (LM-NN) and 4 (DANN) pro-
duced results comparable to LESO, indicating consistent performance across varying
wind intensities. Model 3 (FT-NN), however, yielded the highest RMSE, confirming
its continued inability to capture wind dynamics effectively, even under moderate wind
conditions.

Figure 4.11 illustrates the wind estimation performance of the developed machine

learning models compared to the existing wind estimation algorithms for a high wind

day, where the maximum observed wind speed reached approximately 20 m s−1.

In this scenario, the DANN (Model 4 (DANN)) demonstrated its capability to
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Table 4.12: Performance comparison of the machine learning models with the existing
wind estimation algorithms (LESO, Linear, and Quadratic) for a moderate wind day in
terms of MAE, RMSE, and standard deviation (StdDev) of the error.

Method MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML1 LM-NN 0.7205 0.7798 0.7486
ML2 FF-NN 0.6931 0.8905 0.8163
ML3 FT-NN 5.4215 5.5924 1.3719
ML4 DANN 0.7057 0.8856 0.7198
LESO 0.6044 0.7988 0.7988

handle domain shift effectively, transitioning from low-wind to high-wind conditions.

Though the Model 2 (FF-NN) provided the least RMSE for this case, even lower than

the LESO , Model 4 (DANN) also provided high performance in wind estimation, be-

ing trained with few high-wind data and achieving almost similar RMSE to LESO. This

result highlights the advantage of domain adaptation techniques for real-world wind es-

timation applications.

Additionally, Model 1 (LM-NN) also performed well compared to the existing

LESO algorithm, confirming that a feedforward network can also achieve high per-

formance when trained with a good number of data across varying wind regimes. Con-

versely, Model 3 (FT-NN) exhibited poor performance in this high-wind scenario, fail-

ing to capture the wind dynamics accurately.

Table 4.13 presents the detailed performance metrics for this high-wind day, report-

ing the MAE, RMSE, and standard deviation (StdDev) of the estimation errors for each

model and existing algorithm.

4.7 2D Wind Estimation Using CopterSonde CS3D

The ReLU-activated neural network architecture initially developed for the CSWX plat-

form was adapted for horizontal wind estimation using data from the CS3D platform.
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Figure 4.11: The wind estimation performance of the developed machine learning mod-
els and existing algorithms was also assessed for a high-wind scenario, with maximum
wind speeds reaching approximately 20 m s−1. Model 2 (FF-NN) delivered the most
accurate wind estimates, demonstrating strong robustness under extreme conditions.
Model 4 (DANN) also exhibited high performance by effectively handling domain shift
through its adversarial training framework. Model 1 (LM-NN) produced results com-
parable to the LESO algorithm, maintaining stable performance. In contrast, Model 3
(FT-NN) failed to capture the high-wind dynamics, likely due to its limited capacity for
domain adaptation.

WINDoe was utilized as the ground truth reference for this case. This cross-platform

adaptation enabled a direct comparison between the legacy CS3D system and the newer

CSWX platform under identical atmospheric and operational conditions. During field

deployments, both UAS platforms were flown simultaneously for most of the days,

ensuring consistency in environmental exposure and flight dynamics.

The model architecture and training methodology were retained from the CSWX
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Table 4.13: Performance comparison of the machine learning models with the existing
wind estimation algorithms (LESO, Linear, and Quadratic) for a high-wind case in
terms of MAE, RMSE, and standard deviation (StdDev) of the error.

Method MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML1 LM-NN 1.7268 2.3545 2.0155
ML2 FF-NN 1.3991 1.9654 1.9383
ML3 FT-NN 4.5249 4.9794 2.0784
ML4 DANN 1.6814 2.2111 2.1989
LESO 1.6010 2.1731 2.0478

Figure 4.12: Horizontal wind estimation on CS3D for the IOP conducted on Novem-
ber 20, 2024, with a peak wind speed of approximately 9m s−1. The ReLU-activated
machine learning model significantly outperforms the LESO, Linear, and Quadratic al-
gorithms in representing wind dynamics.
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implementation; the only modification involved substituting the input dataset with

flight telemetry from CS3D. The objective of this section is to evaluate whether the

machine learning model preserves its performance advantage over traditional algo-

rithms—namely LESO, Linear, and Quadratic—when applied to a different hardware

configuration.

Figure 4.12 displays the estimated horizontal wind profile generated by the CS3D-

based machine learning model, alongside the outputs of the existing algorithms. The

results correspond to an IOP conducted on November 20, 2024, under moderate wind

conditions with a peak wind speed of approximately 9m s−1. As shown, the machine

learning model markedly outperforms all conventional methods in estimating wind

speed.

Table 4.14 presents the statistical evaluation of horizontal wind prediction accuracy

using RMSE, MAE, and standard deviation. The ML-based model not only achieved

the lowest RMSE but also demonstrated reduced bias and variability compared to

LESO.

Table 4.14: Performance metrics for horizontal wind estimation using CS3D-based
input data.

Method MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML2 FF-NN 0.4103 0.5462 0.5368
LESO 2.2962 2.3151 0.2952

4.7.1 Comparison of CS3D and CSWX with Machine Learning in

Horizontal Wind Estimation

A comparative analysis was conducted between the CS3D and CSWX platforms for

horizontal wind estimation using machine learning models. To ensure the validity of
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this comparison, it was essential to select flight profiles with minimal temporal offset,

thereby maintaining consistency in environmental conditions and ensuring the reliabil-

ity of WINDoe-interpolated reference data.

A case from November 20, 2024, was selected in which the time lag between the

two flights was approximately 77 seconds. This minimal offset allowed WINDoe to

generate consistent wind profiles for both platforms, enabling a fair and accurate cross-

platform evaluation.

Figure 4.13 illustrates the horizontal wind estimation results for CS3D and CSWX

using both machine learning and LESO algorithms. The CSWX platform exhibited su-

perior performance, likely due to its improved aerodynamic configuration and enhanced

flight stability, which contribute to more accurate wind retrieval.

Table 4.15 presents the quantitative evaluation using MAE, RMSE, and standard

deviation (StdDev). Both the machine learning model and LESO algorithm produced

more accurate estimates on the CSWX platform, reaffirming its design advantages over

the legacy CS3D system.

Table 4.15: Performance comparison between CS3D and CSWX for horizontal wind
estimation using machine learning and LESO.

Method MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML2 FF-NN CS3D 0.6173 0.7949 0.7347
ML2 FF-NN CSWX 0.7056 0.8985 0.7736
LESO CS3D 1.0125 1.1703 0.6182
LESO CSWX 0.5887 0.7617 0.7550

Figure 4.14 presents a horizontal wind profile obtained on August 7, 2024, dur-

ing which a radiosonde was launched concurrently with the DWL. The comparison

highlights that both the machine learning-based model and the LESO algorithm, when

applied to the CS3D platform, provided wind estimates that closely aligned with the

radiosonde and lidar measurements. In contrast, the CSWX platform exhibited higher
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Figure 4.13: Comparison of horizontal wind estimation between CS3D and CSWX
using machine learning and LESO algorithms on November 20, 2024. The CSWX
platform demonstrates improved performance, attributed to its aerodynamic enhance-
ments and optimized sensor integration.

estimation errors on this particular day, which is likely attributable to the complexity of

local atmospheric conditions affecting model accuracy.

4.8 Extension to 3D Wind Vector Estimation

Following the development of machine learning models for horizontal wind estimation

and their performance comparison against existing wind estimation algorithms, it was

consistently observed that Model 2 (FF-NN) and Model 4 (DANN) outperformed the

other two machine learning models. In particular, Model 4 (DANN) demonstrated

superior performance under high wind conditions and in data-scarce environments due
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Figure 4.14: Horizontal wind estimation comparison for CS3D and CSWX on Au-
gust 7, 2024, validated against DWL and radiosonde observations. The CS3D machine
learning model showed strong agreement with reference data, while CSWX experi-
enced higher variability, likely due to complex atmospheric conditions.

to its domain adaptation capability.

However, restricting wind estimation studies solely to horizontal wind is insufficient

for comprehensive atmospheric studies or practical UAS-based sensing applications.

Accurate vertical wind estimation is equally important, especially for tasks such as

turbulence characterization, boundary layer analysis, and numerical weather prediction.

Conventionally, vertical wind estimation requires the deployment of an additional

DWL to directly measure the vertical wind component. In this research, the availability

of multiple DWLs for field deployment posed a significant operational challenge due

to resource limitations. Therefore, an alternative solution was necessary.

Due to the unavailability of a second DWL during field operations, acquiring verti-
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Table 4.16: Performance metrics for horizontal wind estimation on August 7, 2024,
including MAE, RMSE, standard deviation (StdDev), and correlation with reference
data.

Method MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML FF-NN CS3D 2.2801 2.8071 2.5793
ML FF-NN CSWX 2.3960 2.9306 2.9360
LESO CS3D 2.7855 3.3567 3.4567
LESO CSWX 2.2182 2.7211 2.6355

cal wind profiles for model training presented a significant challenge. To address this

limitation, WINDoe [67] was employed as a post-processing framework capable of

reconstructing both horizontal and vertical wind components. By integrating data from

radiosondes, 3D Mesonet towers, DWLs , and UAS observations, WINDoe [67] gen-

erated comprehensive reference wind fields. This integration enabled the development

and evaluation of machine learning models for 3D wind estimation without the need

for an additional lidar system. Using WINDoe as the ground truth, two new neural

network models were developed to predict three-dimensional (3D) wind fields encom-

passing both horizontal and vertical wind components — solely from the dynamics and

kinematics of the CopterSonde CSWX platform. These models enabled real-time 3D

wind estimation without relying on dedicated wind sensors, using only the telemetry

and flight data recorded onboard the UAS.

This advancement demonstrated the potential of machine learning-based models to

perform 3D wind estimation from UAS platforms, significantly enhancing their opera-

tional utility for future atmospheric sensing missions and boundary-layer research.
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4.8.1 Model 1: Feed-Forward ReLU Network for 3D Wind Estima-

tion

Model 1 (3D FF-NN) for three-dimensional wind estimation was developed to simul-

taneously predict both horizontal and vertical wind components using only onboard

measurements from the CopterSonde CSWX platform. The model was trained in a

supervised learning setting using WINDoe-retrieved wind profiles as the ground truth,

eliminating the need for multiple DWLs during field deployments.

The architecture consists of two dedicated but jointly deployed neural sub-networks,

which work in conjunction to estimate horizontal and vertical wind together:

• Mh: A horizontal wind sub-network for estimating the horizontal wind speed

component.

• Mv: A vertical wind sub-network for estimating the vertical wind speed compo-

nent.

Both sub-networks share the same 7-dimensional input vector, which includes dy-

namic and kinematic parameters derived from the CSWX drone’s onboard sensors. The

horizontal wind modelMh comprises five hidden layers with neuron dimensions [64,

32, 16, 8, 1], while the vertical wind modelMv consists of a shallower four-layer archi-

tecture: [32, 16, 8, 1]. All hidden layers utilize the ReLU activation function, while the

output layers employ a linear activation appropriate for continuous-valued regression

outputs.

Target outputs for horizontal and vertical wind components were normalized sepa-

rately using z-score normalization based on their respective training distributions. The

models were trained independently using the Adam optimizer with a small learning rate

and weight decay to ensure stable convergence. A Reduce-on-Plateau scheduler was
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employed to decrease the learning rate by a factor of 0.5 if validation loss plateaued for

10 consecutive epochs. Early stopping was activated to prevent overfitting.

Both Mh and Mv were optimized using the MSE cost function. After training,

the models were exported in MATLAB-compatible ‘.mat‘ format, allowing them to be

jointly loaded for real-time 3D wind prediction tasks. Table 4.17 shows the architecture

of the Model 1 (3D FF-NN), which is developed to estimate horizontal and vertical wind

simultaneously.

Table 4.17: Configuration of 3D Wind Estimation Model 1 (3D FF-NN) with indepen-
dent horizontal and vertical sub-networks trained on WINDoe wind profiles.

Attribute Details

Input Features 7-dimensional CopterSonde CSWX dynamics and
kinematics

Outputs Horizontal and vertical wind speeds (referenced to
WINDoe)

Model Structure Two independently trained sub-networks deployed
jointly

Hidden Layers (Horizontal) [64, 32, 16, 8, 1]
Hidden Layers (Vertical) [32, 16, 8, 1]
Activation Function ReLU (hidden layers), Linear (output layer)
cost function MSE
Optimizer (Horizontal) Adam (learning rate = 0.0038977053188954313,

weight decay = 3.265140046530239e-06)
Optimizer (Vertical) Adam (learning rate =0.016966116172149402,

weight decay = 1.2245854568144616e-05)
Scheduler Reduce-on-Plateau (patience = 10, reduction factor =

0.5)
Early Stopping Enabled based on validation loss trend
Normalization Z-score using training statistics (separate for u and w

components)
Platform Python + GPU (NVIDIA A100)
Computing Time 8 hours and 4 hours Optuna search
Deployment Format MATLAB-compatible .mat file for real-time infer-

ence
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4.8.2 Model 2: Domain-Adversarial Neural Network for 3D Wind

Estimation

Model 2 (3D DANN) was developed to address the problem of domain shift between

training and deployment conditions, particularly when the majority of training data

are concentrated in low-wind environments. This imbalance poses a risk that a model

trained exclusively under such conditions may generalize poorly to high-wind scenar-

ios encountered during real-world deployment. To mitigate this limitation, a DANN

framework was implemented for three-dimensional (3D) wind estimation similarly to

the horizontal wind estimation model of the previous section.

The model was trained to simultaneously predict horizontal and vertical wind com-

ponents using WINDoe-retrieved wind profiles as ground truth in the source domain.

A separate, unlabeled dataset was designated as the target domain, simulating future

deployment conditions. Unlike conventional supervised training, DANN exploits both

labeled source domain data and unlabeled target domain data to learn domain-invariant

representations through adversarial learning.

The architecture consists of three primary components:

• A feature extractor that processes the 7-dimensional input vector of drone-

derived kinematic and dynamic features into a shared latent representation.

• A label predictor that maps the extracted features to two continuous outputs:

horizontal and vertical wind speeds.

• A domain classifier that attempts to classify whether the extracted features orig-

inate from the source or target domain, while the feature extractor is trained ad-

versarially to confuse it.

To enable adversarial learning, a GRL was inserted between the feature extractor
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and the domain classifier. During training, the model minimizes the regression loss

(MSE) on wind predictions from the source domain while maximizing domain con-

fusion through the domain classifier using a cross-entropy cost function. This joint

optimization encourages the feature extractor to produce domain-invariant representa-

tions.

The model was trained using the Adam optimizer with a learning rate of

4.215540073900586e-05. The source dataset was split into 85% for training and 15%

for validation. The same split was applied to the target dataset, although only the vali-

dation subset was used for post-training evaluation, as the target domain remains unla-

beled during training. Table 4.18 shows the architecture of the DANN model developed

to estimate vertical and horizontal wind.

Table 4.18: Configuration of 3D Wind Estimation Model 2 (3D DANN) for learning
domain-invariant features.

Component Architecture / Details

Input Features 7-dimensional CSWX drone dynamics and kinematics
Feature Extractor [128, 64, 32] neurons, ReLU activation
Label Predictor [16, 8, 2] neurons, ReLU activations; linear output for 2D

wind components
Domain Classifier Gradient Reversal Layer + [16, 2] neurons (binary domain

classification)
cost functions MSE(regression), Cross-Entropy (domain classification)
Optimizer Adam (learning rate = 1× 10−4)
Training Strategy Joint optimization on labeled source and unlabeled target do-

mains
Normalization Z-score normalization using source training statistics
Platform Python + GPU (NVIDA A100)
Computing Time 2 hours and 8 hours Optuna search
Deployment Format MATLAB-compatible .mat file

The trained DANN model demonstrated strong generalization in data-scarce regions

and under high-wind conditions. Its ability to adapt to new domains without requiring
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labeled target data makes it particularly well-suited for operational UAS-based wind

profiling across diverse environmental regimes.

4.8.3 Performance Analysis of the 3D Wind Estimation Models

The WINDoe dataset used for training the 3D models primarily consisted of low-to-

moderate wind profiles. Given this distribution, it was anticipated that Model 1 (3D

FF-NN)—a dual-regression feedforward neural network trained directly on WINDoe-

labeled data—would perform more effectively under such conditions compared to

Model 2 (3D DANN), which incorporates domain adaptation to address distributional

shifts. However, from the analysis, it turned out the Model 2 (3D DANN) performed

better in 3D wind estimation when averaging profiles from several flights.

Evaluation of the test profiles collected on 20 November 2024 confirmed this ex-

pectation. For horizontal wind estimation, Model 1 (3D FF-NN) slightly outperformed

the LESO algorithm. More notably, in vertical wind estimation, both Model 1 (3D

FF-NN) and Model 2 (3D DANN) exhibited superior accuracy relative to LESO. These

machine learning models demonstrated the ability to resolve finer-scale wind features,

particularly in the vertical direction, which the LESO framework failed to capture.

Figure 4.15 illustrates the comparative performance of the models and LESO, show-

ing both horizontal and vertical wind profile predictions. It is evident that Model 1 (3D

FF-NN) tracks the WINDoe-derived ground truth more closely, especially in represent-

ing vertical wind gradients.

The corresponding statistical evaluation is provided in Tables 4.19 and 4.20, with

metrics including MAE, RMSE, and standard deviation of error. In horizontal wind

estimation (Table 4.19), Model 2 (3D DANN) slightly outperformed LESO across all

metrics. In vertical wind estimation (Table 4.20), both machine learning models sig-
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Figure 4.15: Horizontal and vertical wind profile predictions on 20 November 2024
using both machine learning models and the LESO algorithm. Model 1 (3D FF-NN)
exhibited superior agreement with WINDoe profiles, particularly in vertical wind esti-
mation.

nificantly reduced estimation error compared to LESO, reinforcing their potential for

improved 3D wind reconstruction in UAS-based sensing applications.

Table 4.19: Performance comparison of horizontal wind speed estimation on 20
November 2024.

Method MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML1 3D FF-NN 0.7188 0.9271 0.9173
ML2 3D DANN 0.6479 0.8346 0.7664
LESO 0.6580 0.8673 0.8574

To enable a robust statistical assessment, five test profiles from different days were

selected—most of which featured low to moderate wind conditions. For each model,

the average RMSE, MAE, and standard deviation (StdDev) were computed across these

days to evaluate generalization performance.
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Table 4.20: Performance comparison of vertical wind speed estimation on 20 Novem-
ber 2024.

Method MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML1 3D FF-NN 0.9150 1.7582 1.5698
ML2 3D DANN 0.7637 1.6700 1.5570
LESO 1.5442 2.2416 1.6635

Tables 4.21 and 4.22 summarize the average performance metrics for horizontal

and vertical wind estimation, respectively, comparing Model 1 (3D FF-NN), Model 2

(3D DANN), and the LESO algorithm. As shown in Table 4.21, Model 1 (3D FF-

NN) achieved horizontal wind prediction accuracy that closely matched LESO, while

Model 2 (3D DANN) outperformed the LESO. This degradation in Model 1 (3D FF-

NN)’s performance may be attributed to mild overfitting or increased sensitivity to spe-

cific test profiles

In contrast, vertical wind estimation—typically a more challenging task due to the

lack of reliable direct measurements—was where both machine learning models sig-

nificantly outperformed LESO. Table 4.22 indicates that both Model 1 (3D FF-NN)

and Model 2 (3D DANN) produced lower RMSE and MAE values, with Model 1 (3D

FF-NN) demonstrating the most accurate and stable performance.

Figures 4.16 and 4.17 visually illustrate these results. The bar plots reaffirm

that Model 2 (3D DANN) consistently delivers reliable predictions in both horizon-

tal and vertical wind components, while Model 1 (3D FF-NN) remains effective but is

marginally less accurate.
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Table 4.21: Average horizontal wind estimation performance across five test days.

Model MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML1 3D FF-NN 1.1213 1.4935 1.3760
ML2 3D DANN 1.0492 1.2818 1.1399
LESO 1.0297 1.2799 1.2149

Table 4.22: Average vertical wind estimation performance across five test days.

Model MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML1 3D FF-NN 0.5893 0.8604 0.7176
ML2 3D DANN 0.5440 0.8192 0.6897
LESO 1.0397 1.3503 1.0141

Figure 4.16: Average RMSE, MAE, and standard deviation for horizontal wind estima-
tion across five test days. Model 2 (3D DANN) matches LESO in performance, while
Model 1 (3D FF-NN) exhibits slightly higher prediction error.
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Figure 4.17: Average RMSE, MAE, and standard deviation for vertical wind estimation
across five test days. Model 1 (3D FF-NN) outperforms both Model 2 (3D DANN) and
LESO, demonstrating its effectiveness in capturing vertical wind dynamics.

4.9 Performance Evaluation of the Proposed Machine Learning

Models

Although the developed machine learning models demonstrated strong performance

across low and moderate wind regimes, limitations were identified under high-wind

conditions—primarily due to the imbalance in the training dataset. The majority of

training profiles featured horizontal wind speeds between 2 and 12 m s−1, with signifi-

cantly fewer data points available for speeds exceeding 12 m s−1. This limited exposure

to high-wind dynamics hindered the models’ ability to generalize effectively in such

regimes.

To evaluate model performance under high-wind conditions, two test cases were

selected. Figure 4.18 presents the first case from an IOP flown on May 19, 2025, where

horizontal wind speeds reached approximately 24 m s−1. Due to the absence of DWL
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on this day, the LESO model was used as a reference. The figure shows that both

Model 1 (3D FF-NN) and Model 2 (3D DANN) closely followed the LESO estimates

and effectively captured the wind dynamics up to 15 m s−1. Although a slight offset

was observed beyond 15 m s−1, this result is encouraging given that the models were

trained predominantly on low-wind data.

Figure 4.18: Performance of Model 1 (3D FF-NN) and Model 2 on a high-wind case
(IOP from May 19, 2025) with a maximum horizontal wind speed of approximately
24 m s−1. Despite limited high-wind training data, both models could estimate wind up
to 15 m s−1.

A second case was analyzed from a fire hazard warning day shown in Figure 4.20,

during which CopterSonde flights were restricted to a 250 m altitude ceiling. Wind

speeds on this day reached up to 20 m s−1; however, both models exhibited performance

degradation below 15 m s−1—particularly Model 2, which showed a pronounced under-

estimation. Upon further inspection, it was noted that there were significant variations

in atmospheric humidity shown in Figure 4.19, as there was a fire hazard warning on

that day, and it is known that fire days are denser, and it contributed to a shifted in-

put distribution compared to the training set. This case underscores the sensitivity of
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data-driven models to unseen environmental conditions.

To further investigate these limitations, another unseen IOP was evaluated with peak

wind speeds approaching 16 m s−1. As shown in Figure 4.20, Model 2 (3D DANN)

accurately captured wind dynamics up to approximately 12 m s−1, but displayed in-

creasing underestimation at higher speeds. This trend reinforces the need for targeted

inclusion of high-wind profiles in the training dataset to enhance generalization.

Table 4.23 summarizes the model performance for all test cases with wind speeds

exceeding 12 m s−1. Both Model 1 (3D FF-NN) and Model 2 exhibited higher RMSE

and MAE values relative to LESO, with Model 2 (3D DANN) in particular showing

reduced robustness. These results confirm that the limited representation of high-wind

scenarios in the training dataset impairs the models’ ability to generalize effectively.

Figure 4.19: Comparison of input feature distributions between two flights: May 19,
2025 (red) and a fire hazard warning day (blue). Substantial differences in humidity
that contributed to increased estimation bias in the latter case.
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Table 4.23: Performance of the machine learning models and LESO algorithm under
high-wind conditions (>12 m s−1), highlighting the effect of limited training data.

Method MAE(m s−1) RMSE(m s−1) StdDev(m s−1)

ML1 3D FF-NN 4.1308 5.1615 4.8467
ML2 3D DANN 4.0747 5.2046 3.2575
LESO 3.6297 4.5893 4.0809

Figure 4.20: Wind estimation for an unseen IOP with peak wind speeds of approxi-
mately 16 m s−1. Model 2 performs well up to 12 m s−1, but increasingly underesti-
mates above this threshold, reflecting the lack of high-wind examples in the training
data.

The quality and variety of the training dataset are directly related to how well the

machine learning models in this study work. One key limitation is the distribution of

wind conditions: the majority of flight profiles captured horizontal wind speeds in the

2–12 m s−1 range, while high-wind conditions above 15 m s−1 were underrepresented.

This imbalance reduced the models’ ability to generalize in extreme conditions. Addi-

tionally, the vertical wind component had no direct ground truth except from WINDoe

reconstructions, which could introduce additional uncertainty.

Other sources of error may include:
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• Inherent noise or bias in UAS sensor data (e.g., RPM drift),

• Environmental factors such as turbulence or rapid weather transitions not cap-

tured in the training data,

• Temporal mismatch or lag between reference instruments (e.g., WINDoe or

Doppler Lidar) and UAS measurements during data collection,

• Limitations of the flight envelope, including altitude constraints during windy

conditions.

In summary, while the developed machine learning models demonstrated high fi-

delity in low-to-moderate wind regimes, their performance under high-wind conditions

was constrained by insufficient training data coverage. These results emphasize the

importance of dataset representativeness in machine learning applications and suggest

that future work should consider augmenting the dataset with targeted high-wind flights

and improving synchronization between instruments to reduce observational noise.

4.9.1 Operational Implications and Real-World Feasibility

Each of the machine learning models developed in this study presents specific trade-

offs and practical considerations for real-time deployment in field operations. Model 2

(FF-NN) provides a favorable balance between prediction accuracy and computational

efficiency, making it suitable for integration with existing uncrewed aircraft system

(UAS) flight controllers. Its simplicity supports onboard inference with minimal pro-

cessing overhead, rendering it a viable choice for real-time applications.

Model 3 (FT-NN) represents a preliminary attempt to incorporate domain adapta-

tion by retraining the model with a limited set of labeled target data. However, this
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model requires a considerable amount of labeled data and additional architectural re-

finement. Given its underperformance in practical evaluations, it is not recommended

for operational use without further development.

Model 4 (DANN) is designed to address domain shift scenarios, such as seasonal

changes or transitions between low- and high-wind environments. Although it is more

computationally intensive than FF-NN models, it offers improved generalization in sit-

uations where labeled target data are unavailable. This makes it a promising candidate

for deployment in regions with poorly characterized meteorological conditions.

For three-dimensional (3D) wind estimation, both Model 1 (3D FF-NN) and

Model 2 (3D DANN) demonstrated strong performance, particularly under low-to-

moderate wind conditions. Notably, both models outperformed the LESO algorithm

in vertical wind estimation. Either model could be utilized for real-time applications;

however, Model 1 is better suited for immediate deployment due to its regression-based

architecture and stable performance. Model 2, once trained on a more diverse dataset

that includes high-wind scenarios, may offer enhanced generalization via its domain

adaptation capability.

In summary, the findings of this study confirm that data-driven models can signifi-

cantly improve wind estimation accuracy for small UAS platforms, particularly under

real-world conditions where conventional aerodynamic assumptions or sensor limita-

tions restrict the utility of traditional methods.

4.10 Chapter Summary

This chapter presented the development, implementation, and evaluation of machine

learning-based wind estimation models using data collected from the CopterSonde

UAS platform. Four distinct neural network architectures were proposed and assessed:
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(1) a baseline model trained using the Levenberg–Marquardt algorithm, (2) a ReLU-

activated feedforward neural network trained with the Adam optimizer, (3) a fine-tuned

variant incorporating domain adaptation, and (4) a DANN explicitly designed to ad-

dress domain shift.

The initial phase of the study employed DWL as the reference for horizontal wind

estimation. Comparative analyses with existing model-based algorithms—LESO, Lin-

ear, and Quadratic—revealed that Models 2 and 4 (FF-NN and DANN, respectively)

consistently outperformed traditional methods, particularly under high-horizontal wind

estimation and in data-sparse regimes. RMSE-based evaluations confirmed their en-

hanced generalization capability.

To extend the framework to three-dimensional wind estimation, WINDoe—a multi-

instrument optimal estimation system—was utilized to generate comprehensive wind

profiles serving as ground truth. Using these profiles, two models were developed to

estimate both horizontal and vertical wind components from CopterSonde CSWX input

features. Among them, Model 2 (3D DANN) achieved comparable accuracy to LESO

in horizontal wind estimation and significantly outperformed LESO in vertical wind

prediction, particularly in capturing fine-scale dynamics. Model 1 (3D FF-NN) also

demonstrated competitive performance in 3D estimation, though it exhibited slightly

higher variability across different test profiles.

A cross-platform analysis further indicated that the CSWX platform—owing to its

improved aerodynamic design and enhanced flight stability—yielded more accurate

wind estimates than the legacy CS3D system under matched environmental conditions.

Machine learning models trained on CSWX data consistently produced lower RMSE

and MAE values when compared to both CS3D-based models and conventional esti-

mation algorithms.

In summary, this chapter demonstrated that machine learning—particularly domain-
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aware architectures such as DANN—can serve as robust alternatives to traditional wind

estimation algorithms for UAS-based sensing. These models achieved high estimation

accuracy without relying on mechanical wind sensors or predefined aerodynamic as-

sumptions, thereby enhancing the flexibility and operational performance of the Copter-

Sonde platforms.

A primary advantage of the developed models lies in their use of real-time onboard

telemetry. These inputs, comprising dynamic and environmental parameters that are

directly influenced by wind disturbances, enable the models to learn representations that

reflect the underlying physical interactions between the platform and the atmosphere.

Unlike conventional algorithms, which typically depend on simplifying assumptions,

the machine learning approach remains assumption-free, allowing for accurate data-

driven estimation across a broader spectrum of flight conditions.

However, the analysis also identified a performance limitation under high-wind

regimes, primarily due to the scarcity of training data for wind speeds exceeding

15 m s−1. While the models performed reliably under low to moderate wind condi-

tions, systematic underestimation and increased estimation error were observed in high

wind. To address this gap, future work should focus on collecting additional high-wind

training profiles.
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Chapter 5

Conclusions

5.1 CopterSonde Accuracy Based on the World Meteorological Or-

ganization Standards

A standardized reference for the validation of any meteorological measurement method

or instrument were established by the World Meteorological Organization (WMO) [86].

These thresholds are strong considerations in stating the reliability of wind estima-

tion models and potentially produce a positive impact when assimilated into numerical

weather models. In this study, a bin-wise RMSE analysis was conducted for 5 verti-

cal test profiles from several moderately windy days, with the results compared against

WMO performance categories. WINDoe was assumed as the valid ground truth for the

measurement purpose. Table 5.1 outlines the WMO criteria regarding wind observa-

tions.

Based on a relatively reasonable dataset size collected during this study, wind speed

Table 5.1: WMO’s categorization of horizontal wind speed accuracy criteria.

Category RMSE (m s−1)

Goal ≤ 1
Breakthrough ≤ 2
Threshold ≤ 8
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Table 5.2: Averaged RMSE within wind-speed bin ranges comparing the proposed ML
models with respect to WMO criteria.

Bin (m s−1) Model 1 (3D FF-NN) Model 2 (3D DANN)

RMSE WMO Category RMSE WMO Category

0–2 0.85 Goal 0.64 Goal
2–4 0.66 Goal 1.23 Breakthrough
4–6 1.58 Breakthrough 1.22 Breakthrough
6–8 1.20 Breakthrough 1.23 Breakthrough

8–10 1.66 Breakthrough 2.26 Breakthrough
10–12 1.59 Breakthrough 1.84 Breakthrough

bins of 2 m s−1 were defined, extending up to 12 m s−1 as most of the valid measure-

ments were done in this range based on the presented comparisons from Chapter 4.

Table 5.2 presents the bin-wise RMSE for the two proposed ML-based horizontal wind

estimation models, along with their classification according to the WMO standards

[86].

Similarly, the instrument accuracy criteria for vertical wind estimation, as defined

by the WMO [102], was also adopted in this study. Table 5.3 presents the WMO per-

formance criteria for vertical wind estimation, which serve as standardized benchmarks

for instrument validation. These criteria are particularly stringent and are meant for flux

observations, with the goal threshold requiring uncertainties below 1 cm s−1. However,

CopterSonde is meant for convective-scale observations, and achieving this level of

precision remains difficult due to platform-scale turbulence, sensor noise, and flight

dynamics.

In this study, vertical wind uncertainties were evaluated over broader spatial scales

to reflect practical deployment conditions. Under this framework, the developed ma-

chine learning models achieved mean uncertainties ranging between 1 and 2 m s−1

which is suitable for updrafts and downdrafts produced in convective environments.
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Table 5.3: WMO uncertainty criteria for vertical wind estimation.

Criterion Goal Breakthrough Threshold

RMSE (cm s−1) ≤ 1 ≤ 2 ≤ 5

5.2 Conclusion

This thesis investigated the development and evaluation of machine learning–based

wind estimation models for UAS, with a focus on the CopterSonde platforms CS3D

and CSWX. Traditional wind estimation techniques—including the Linear, Quadratic,

and LESO algorithms—were initially evaluated and finely calibrated using DEO and

historical flight logs from past field experiments. Comparative analyses indicated that

while the LESO algorithm remained the most robust among the traditional baseline

methods, its accuracy diminished under varying wind conditions and complex flight

environments. Furthermore, LESO is based on simplifying aerodynamic assumptions

that may not be valid across all operational scenarios, thereby imposing additional lim-

itations on its general applicability.

To address these limitations, four neural network architectures were developed

and evaluated for horizontal wind estimation: (1) a Levenberg–Marquardt optimized

baseline model (Model 1, LM-NN), (2) a ReLU-activated feedforward neural network

(Model 2, FF-NN), (3) a fine-tuned variant incorporating limited domain adaptation

(Model 3, FT-NN), and (4) a Domain Adversarial Neural Network (Model 4, DANN).

All models were initially trained using Doppler Wind Lidar (DWL) data as the refer-

ence for supervised learning.

Among these, Model 2 (FF-NN) and Model 4 (DANN) consistently outperformed

the LESO algorithm, particularly in high-wind regimes and under conditions with lim-

ited training data. RMSE-based evaluations confirmed their superior generalization
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performance, with Model 2 (FF-NN) showing optimal results in low-to-moderate wind

scenarios, while Model 4 (DANN) exhibited strong robustness in the presence of do-

main shift.

Building on these findings, the two best-performing models were extended to esti-

mate three-dimensional (3D) wind fields: (1) Model 1 (3D FF-NN) and (2) Model 2

(3D DANN). The WINDoe system was utilized as the reference framework for both

training and evaluation, enabling accurate prediction of both horizontal and vertical

wind components under real-world atmospheric conditions.

5.2.1 Key Findings

This subsection summarizes the key findings from the development, evaluation, and

deployment of the machine learning-based wind estimation models. It highlights their

practical applicability across different wind regimes and limitations observed during

training, offering a concise guide for future real-world implementation and further re-

search.

• Although the LESO algorithm is based on specific aerodynamic assumptions,

the machine learning models operate solely through data-driven learning without

such assumptions. Despite this distinction, the machine learning models achieved

performance levels comparable to LESO in horizontal wind estimation. This

finding suggests that the assumptions embedded in LESO do not significantly

impair its horizontal wind prediction capabilities.

• For vertical wind speed estimation, machine learning models substantially out-

performed LESO, demonstrating their superior capacity to model complex,

multi-dimensional wind dynamics. This result highlights the potential of ma-
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chine learning for more accurate 3D wind estimation in atmospheric sensing ap-

plications.

• Based on the findings of this research, practical recommendations can be pro-

posed for future field deployments. If the goal is to estimate the horizontal wind

only, assuming that there is no effect from the vertical wind, Model 4 (DANN)

should be applied because of its ability to perform domain adaptation from train-

ing in the source domain to estimate the wind in the target domain shifted.

• In low-wind conditions, both Model 1 (FF-NN 3D) and Model 2 (DANN 3D)

demonstrated comparable performance, particularly in estimating vertical wind

more accurately than the existing LESO algorithm. However, Model 2 (DANN

3D) is preferred due to its training on a larger dataset spanning low to moderate

wind regimes and its built-in domain adaptation capability, which enhances gen-

eralization when field conditions differ from those encountered during training.

In contrast, for high-wind scenarios, Model 1 (FF-NN 3D) is recommended, as its

regression-based architecture enables more consistent wind estimation. Model 2

(DANN 3D), being a domain-adversarial neural network, exhibited performance

degradation in high-wind regimes—likely due to limited high-wind data during

training—which may cause deviation from true wind conditions under such ex-

tremes.

• Comparisons across platforms revealed that the CSWX system, owing to its en-

hanced aerodynamic design and flight stability, consistently produced more accu-

rate wind estimates than the CS3D. Machine learning models trained on CSWX

data yielded lower RMSE and MAE values, further highlighting the importance

of hardware optimization in improving wind estimation outcomes.
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• A key challenge faced in this study was the limited number of available DWL

systems, which restricted the resolution of high-quality training data, especially

in high wind regimes. Collecting adequate datasets for machine learning devel-

opment was resource-intensive due to the complexity of deploying and coordi-

nating UAS and ground-based DWLs operations when weather was favorable for

experiments. Nonetheless, the developed machine learning models still achieved

performance within the “breakthrough” category as defined by WMO standards,

demonstrating their strong potential. It is expected that with access to larger

and more diverse datasets—encompassing a wider range of meteorological con-

ditions—these models could better capture the UAS/wind dynamics which may

lead to greater measurement accuracy.

In summary, this thesis demonstrates that machine learning, particularly with the

integration of domain adaptation techniques, offers a viable and accurate alternative to

conventional wind estimation algorithms. These models eliminate dependency on pre-

defined aerodynamic assumptions and can operate effectively without wind sensors as

payload, paving the way for more flexible and scalable atmospheric sensing using UAS

platforms. Future work should focus on expanding the dataset to include more varied

weather conditions, exploring real-time deployment capabilities, and integrating these

models into operational forecasting and decision-support systems.

5.3 Future Work

This thesis demonstrated that machine learning techniques provide a robust alterna-

tive to conventional UAS-based wind estimation algorithms. These data-driven models

eliminate reliance on predefined aerodynamic assumptions and dedicated wind sensors,

thereby offering a flexible and scalable solution for any uncrewed aircraft systems of
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the multirotor type.

Future work should focus on the development of wind estimation models that are re-

silient to sparse calibration datasets and capable of supporting rapid deployment work-

flows, allowing for timely UAS operations following fabrication and system testing.

While the acquisition of additional high-wind and complex-flow datasets remains ad-

vantageous for improving model generalization, the primary objective should be to

develop methodologies that preserve high predictive accuracy under limited-data con-

ditions. Toward this goal, techniques such as transfer learning and attention-based net-

works could be investigated to enable reliable wind estimation with minimal calibration

overhead. These approaches could facilitate model adaptation across different plat-

forms, sensor configurations, or environmental regimes with minimal additional data

collection.

Additionally, pathways for real-time deployment should be explored by embedding

trained models within onboard or ground-based processing systems, with particular em-

phasis on minimizing latency, managing computational load, and ensuring operational

robustness.

Furthermore, the evaluation framework developed in this study was designed to be

compatible with the real-time wind estimation from the Graphical User Interface (GUI)

developed at the CIWRO. This GUI facilitates the transfer of UAS telemetry data to

a computer program that displays live-data to the user for real-time data verification.

This ensures that the presented ML methods remain consistent with ongoing efforts

to operationalize weather-sensing UAS and provide reliable data to weather forecast

systems.

Finally, future model iterations should incorporate additional features extracted

from UAS flight logs. One promising direction involves leveraging the discrepancy be-

tween commanded and actual UAS trajectories—induced by wind disturbances—as an
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indirect measure of ambient wind forcing. Incorporating such control deviation metrics

may improve model sensitivity to wind effects and enhance estimation accuracy across

a broader range of flight scenarios
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