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Abstract

Accurate state estimation is essential for autonomous quadrotor navigation in GPS-

denied environments. Although Visual-Inertial Odometry (VIO) systems perform well,

their accuracy depends on the quality and stability of visual features. Classical detec-

tors are efficient but often produce redundant or unstable features, while learning-based

methods are more robust but computationally expensive for embedded platforms.

This thesis presents a lightweight fully onboard navigation framework that improves

estimation accuracy by enhancing feature quality rather than feature density. A compact

adaptive convolutional neural network predicts feature trackability and removes unreli-

able features before Lucas–Kanade optical flow tracking. An adaptive threshold regulates

the retained feature count. Visual velocity estimates, with inertial rotational compensa-

tion, are fused with IMU and range measurements using an Extended Kalman Filter.

Experiments on the Quanser QDrone2 show reduced computational cost, improved

estimation accuracy, and real-time performance above 60 Hz.
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1 Introduction

1.1 Overview and Motivation

Autonomous quadrotors increasingly operate in environments where Global Navigation

Satellite System (GNSS) signals are unavailable or unreliable, including indoor spaces,

urban canyons, and cluttered environments. In such settings, accurate and reliable on-

board state estimation is essential for safe and autonomous flight. Visual–inertial odom-

etry (VIO) has become a cornerstone of navigation in GPS-denied environments, en-

abling quadrotors to estimate position, velocity, and attitude through the fusion of cam-

era and inertial sensor data [7] [8] [9]. These capabilities have enabled a wide range of

real-world applications, including search and rescue, infrastructure inspection, and au-

tonomous flight in cluttered environments [10] [11]. Figure 1 illustrates representative

GPS denied environments where quadrotors must rely primarily on onboard sensing.

Despite significant advances in multisensor fusion and state estimation frameworks,

the performance of VIO systems remains highly dependent on the quality and stabil-

ity of visual features extracted from onboard cameras. Classical feature detectors and

optical flow techniques, such as Shi–Tomasi, FAST, ORB, and Lucas–Kanade tracking,

are widely adopted due to their computational efficiency and suitability for embedded

platforms [12] [13] [14] [15]. However, these methods frequently extract redundant or

short-lived features, particularly in low-texture regions, dynamic scenes, or under chang-

ing illumination conditions. The presence of unstable or low-quality features can inflate

computational cost, degrade data association, and amplify drift over time, ultimately lim-

iting long-term navigation accuracy. Figure 2 provides an example of dense classical

feature extraction and highlights the presence of redundant and short-lived keypoints.

In parallel, learning-based feature detectors and descriptors have demonstrated supe-

rior robustness and repeatability under challenging visual conditions, including motion
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blur, viewpoint variation, and illumination changes [3] [16] [17]. While these approaches

significantly improve feature quality, their high computational demands often make them

impractical for real-time onboard deployment on resource-constrained aerial platforms.

This creates a fundamental trade-off between robustness and efficiency, where highly re-

liable feature extraction is achieved at the cost of increased latency, power consumption,

and reduced onboard autonomy. Figure 3 illustrates examples of learning-based feature

extraction, highlighting their robustness but also their typical computational complexity.

This trade-off motivates the need for a new class of lightweight and adaptive ap-

proaches that explicitly target feature reliability while preserving real-time performance.

Rather than replacing classical pipelines with heavy deep learning models, this thesis is

motivated by the goal of selectively improving feature quality within an efficient, clas-

sical vision framework. By integrating lightweight learning-based feature selection with

classical optical flow and multisensor fusion, this work aims to enable accurate, efficient,

and fully onboard GPS-free quadrotor navigation. The emphasis on feature trackability

and long-term stability, rather than feature density, is central to achieving robust state

estimation on real-world, resource-limited quadrotor platforms.

2



Figure 1: Representative GPS-denied environments for quadrotor navigation, including indoor
spaces and urban canyons. [1]

Figure 2: (a) Fast Keypoint detector. (b) ORB feature detection. [2]

3



Figure 3: Example of learning-based feature detection SuperPoint, showing improved robustness
under challenging visual conditions but with much higher computational time. [3]

1.2 Problem Definition

Despite substantial progress in visual–inertial odometry and multisensor fusion, reliable

quadrotor navigation in GPS-denied environments remains fundamentally constrained

by the quality of visual features used for state estimation. Existing approaches largely

fall into two categories. Classical feature-based pipelines are computationally efficient

and suitable for embedded platforms, but they frequently extract redundant, short-lived,

or visually unstable features, which degrade data association and amplify drift during

long-term operation. In contrast, learning-based feature detectors and descriptors pro-

vide improved robustness and repeatability under challenging visual conditions, but their

high computational cost and memory requirements make them impractical for real-time

deployment on resource-constrained quadrotor platforms.

As a result, there currently exists no widely adopted solution that simultaneously
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achieves high feature reliability, low computational cost, and real-time onboard perfor-

mance for small aerial vehicles. This gap is particularly critical for applications that

require high-frequency, low-latency state estimation, such as agile flight, autonomous

navigation in cluttered environments, and long-duration operation without external in-

frastructure.

The core problem addressed in this thesis therefore is to design a navigation frame-

work that improves the reliability and long-term stability of visual features while pre-

serving the strict computational and real-time constraints imposed by embedded quadro-

tor platforms. Specifically, the challenge is to enhance feature quality in a manner that

directly benefits downstream state estimation, without resorting to heavy deep learning

architectures or sacrificing the efficiency of classical vision pipelines.

1.3 Objectives

The primary objective of this thesis is to develop a lightweight, fully onboard navigation

framework for quadrotors operating in GPS-denied environments that improves state es-

timation accuracy through enhanced visual feature reliability. Rather than increasing

feature density or relying on computationally expensive deep learning models, this work

aims to selectively improve feature quality in a manner that is compatible with real-time

embedded platforms.

Specifically, this thesis seeks to design and integrate a lightweight learning-based fea-

ture selection mechanism within a classical optical flow and multisensor fusion pipeline.

The objective is to reduce the impact of redundant and short-lived features, improve

long-term feature stability, and mitigate drift during extended operation, while preserv-

ing high update rates and low computational latency. Through this approach, the thesis

aims to demonstrate that targeted, efficient learning can significantly enhance navigation

performance without violating the strict resource constraints of small aerial vehicles.

5



1.4 Research Questions

This thesis is guided by a set of focused research questions that address the central chal-

lenge of achieving reliable, real-time quadrotor navigation in GPS-denied environments

under strict computational constraints. These research questions are formulated to inves-

tigate both the algorithmic and system-level impact of lightweight learning-based feature

selection within a classical visual–inertial navigation framework.

RQ1: Can a lightweight learning-based feature selection strategy significantly

improve visual feature stability and state estimation accuracy while satisfying real-time

embedded computational constraints on a quadrotor platform?

RQ2: How can adaptive regulation of visual features be integrated with classi-

cal optical flow to reduce feature redundancy and improve long-term trackability across

varying environmental conditions?

RQ3: To what extent does improved visual feature reliability translate into re-

duced drift and improved velocity and position estimation in a real-world, GPS-denied

quadrotor navigation system?

These research questions provide a structured framework for the experimental eval-

uation and analysis presented in this thesis, enabling quantitative assessment of the pro-

posed methods in terms of accuracy, robustness, and real-time performance.

1.5 Definition of Core Terminology

To ensure clarity and consistency throughout this thesis, key terms used in the formula-

tion, methodology, and analysis are formally defined in this section.

Visual Feature: A visual feature refers to a salient image point detected in the image

plane, typically corresponding to corners or textured regions, that can be reliably local-

ized and tracked across consecutive frames. In this work, features are initially detected

6



using the ORB detector.

Feature Trackability: Feature trackability is defined as the ability of a feature to

be successfully tracked across multiple consecutive frames using optical flow without

significant drift or loss. It reflects the temporal persistence of a feature and its suitability

for motion estimation.

Feature Reliability: Feature reliability refers to the likelihood that a feature con-

tributes accurate and stable information for state estimation. In this thesis, reliability is

modeled as a probabilistic score predicted by a lightweight convolutional neural network,

indicating the expected survival and usefulness of a feature during tracking.

Feature Redundancy: Feature redundancy occurs when multiple features provide

overlapping or highly correlated information, typically due to spatial clustering or similar

geometric constraints. Redundant features do not significantly increase the information

content available to the estimator and may unnecessarily increase computational cost.

Feature Distribution: Feature distribution describes the spatial arrangement of fea-

tures across the image plane. A well-distributed feature set improves observability and

estimation stability by providing diverse geometric constraints, whereas clustered fea-

tures reduce effective information gain.

Lightweight Learning-Based Module: A lightweight learning-based module refers

to a neural network architecture designed to operate under strict computational con-

straints, characterized by low parameter count, minimal memory usage, and real-time

inference capability. In this work, the module performs feature reliability prediction

rather than full feature detection.

Adaptive Thresholding: Adaptive thresholding is a mechanism that dynamically

adjusts the selection threshold applied to feature reliability scores in order to regulate

the number of retained features. This ensures robustness across varying environmental

conditions, preventing both feature scarcity and excessive redundancy.
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Optical Flow-Based Velocity Estimation: Optical flow-based velocity estimation

refers to the computation of planar velocity from pixel displacements of tracked features

between consecutive frames, using camera intrinsic parameters and altitude measure-

ments to recover metric motion.

Rotational Motion Compensation: Rotational motion compensation is the process

of removing apparent image motion caused by angular velocity of the camera, using

inertial measurements. This ensures that the estimated optical flow corresponds to trans-

lational motion only.

State Estimation: State estimation refers to the process of estimating the system

state, including position, velocity, and orientation, by fusing measurements from multi-

ple sensors within a probabilistic framework. In this thesis, an Extended Kalman Filter

(EKF) is used for this purpose.

Real-Time Constraint: The real-time constraint refers to the requirement that all

computations within the navigation pipeline must be completed within a bounded time

interval to support control and navigation. This imposes a strict trade-off between com-

putational complexity and estimation accuracy.

Information Contribution: Information contribution refers to the extent to which

a feature improves the estimation quality by reducing uncertainty in the state estimate.

Features with high information contribution are typically well-distributed, long-lived,

and geometrically informative.

Computation Time: Computation time refers to the total processing time required

to process a single image frame within the navigation pipeline, measured in milliseconds.

It reflects the computational efficiency of the method and is a key indicator of suitability

for real-time deployment on embedded platforms.

Processing Frequency: Processing frequency refers to the number of frames pro-

cessed per second, measured in Hertz (Hz). It represents the real-time capability.
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Root Mean Square Error (RMSE): Root Mean Square Error is a standard met-

ric used to evaluate estimation accuracy. It is defined as the square root of the average

squared difference between estimated values and corresponding ground truth measure-

ments.

Position Estimation Error: Position estimation error refers to the deviation between

the estimated position and the ground truth position over a trajectory. In this thesis, it is

evaluated using RMSE to quantify overall accuracy.

Velocity Estimation Error: Velocity estimation error represents the difference be-

tween the estimated velocity and the ground truth velocity. It is also evaluated using

RMSE to assess the accuracy of motion estimation.

Number of Selected Features: The number of selected features refers to the total

number of visual features retained after the feature selection process and used for optical

flow tracking. This quantity reflects both the computational load and the effectiveness of

the feature selection mechanism.
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1.6 Contributions

The main contributions of this thesis are summarized as follows:

• Lightweight learning-based feature selection: The primary benefit of this mod-

ule is the mitigation of the classical trade-off between robustness and computa-

tional efficiency. By utilizing a compact neural architecture with approximately

136,001 parameters, the proposed approach achieves improved feature reliability

comparable to learning-based methods while maintaining the low-latency require-

ments necessary for real-time quadrotor navigation.

• Adaptive feature regulation: The adaptive thresholding mechanism ensures sta-

ble operation across varying environmental conditions by dynamically regulating

the number of selected features. This prevents feature starvation in low-texture

scenes and reduces computational redundancy in highly textured environments,

resulting in consistent estimator performance.

• Hybrid perception pipeline: The integration of lightweight learning with clas-

sical ORB-based detection and Lucas–Kanade tracking preserves computational

efficiency while improving measurement quality. This enables high-frequency pro-

cessing without the overhead associated with dense deep learning pipelines.

• Improved state estimation performance: By providing higher-quality visual

measurements to the Extended Kalman Filter, the proposed method reduces es-

timation error and improves the statistical consistency of the state estimation pro-

cess, particularly under challenging lighting and motion conditions.
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1.7 Related Work

1.7.1 Visual–Inertial Odometry and Multisensor Fusion

Visual–Inertial Odometry (VIO) has become a cornerstone of autonomous quadrotor nav-

igation in GNSS-denied environments, enabling reliable state estimation through the fu-

sion of camera and inertial measurements. Early filtering-based approaches established

the feasibility of tightly coupled camera–IMU fusion within a computationally efficient

framework. The Multi-State Constraint Kalman Filter (MSCKF) introduced by Mourikis

and Roumeliotis [18] demonstrated that visual constraints could be incorporated with-

out explicitly augmenting the state with landmark parameters, enabling real-time perfor-

mance suitable for embedded platforms.

Bloesch et al. [7] further proposed a direct EKF-based formulation for visual–inertial

state estimation, emphasizing estimator consistency and robustness under challenging

visual conditions.

Optimization-based methods later improved estimation accuracy by jointly minimiz-

ing reprojection and inertial residuals over sliding windows. Leutenegger et al. [8] pro-

posed OKVIS, a keyframe-based nonlinear optimization framework integrating visual

and inertial measurements. Forster et al. [19] introduced IMU preintegration on man-

ifolds, significantly improving computational efficiency and numerical stability. Qin et

al. [20] further developed VINS-Mono, incorporating loop closure and relocalization

capabilities for improved long-term performance. More recently, ORB-SLAM3 unified

visual, visual–inertial, and multi-map SLAM within a consistent framework [21].

Open-source platforms such as OpenVINS [9] and benchmark datasets such as Eu-

RoC MAV [22] have enabled reproducible evaluation of VIO systems.

Despite these advances, both filtering- and optimization-based approaches remain

fundamentally dependent on the quality and stability of visual features provided by the
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front-end. Poor feature selection degrades data association, reduces constraint qual-

ity, and amplifies drift over time. This highlights a critical limitation in existing VIO

pipelines: estimator performance is tightly coupled to front-end feature reliability.

1.7.2 Classical Feature Detection and Optical Flow

Classical feature detection and tracking methods remain widely used due to their com-

putational efficiency and compatibility with embedded systems. Shi–Tomasi corner de-

tection [12] selects features based on the eigenvalues of the image gradient covariance

matrix, while FAST [13] enables high-speed detection through learned intensity compar-

isons. ORB [14] combines FAST detection with oriented binary descriptors, providing

rotation invariance and real-time performance.

For feature tracking, the Lucas–Kanade (LK) optical flow method [15] remains a

standard choice in visual odometry pipelines. The theoretical foundations of optical flow

were formalized by Horn and Schunck [23], while the pyramidal implementation [24]

enables robustness under larger inter-frame motion.

From a geometric perspective, Hartley and Zisserman [25] emphasized that long-

lived, well-distributed features are essential for stable multi-view estimation. However,

classical detectors often extract redundant, clustered, or short-lived features, particularly

in low-texture or dynamic environments. This creates a mismatch between feature quan-

tity and feature utility, where increasing the number of detected features does not neces-

sarily improve estimation accuracy but does increase computational cost.

Importantly, classical methods do not explicitly account for feature trackability over

time. They rely on instantaneous saliency rather than predicting whether a feature will

remain stable across frames, which is a key limitation for optical-flow-based navigation.

Beyond feature detectability, the spatial distribution of features plays a critical role

in estimation quality. From an information-theoretic perspective, features that are spa-
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tially clustered provide redundant measurements, as they are subject to similar noise

sources and geometric constraints. This redundancy limits the effective information gain

provided to the estimator. In contrast, spatially well-distributed features improve observ-

ability across multiple motion directions and contribute to better numerical conditioning

of the estimation problem. Therefore, feature selection should not be driven solely by

local saliency, but also by spatial diversity and long-term trackability, which are more

informative for state estimation.

1.7.3 Learning-Based Feature Detection and Selection

Learning-based feature detectors such as SuperPoint [3], LF-Net [17], and R2D2 [16]

have demonstrated improved robustness under illumination variation, viewpoint changes,

and motion blur by leveraging convolutional neural networks to learn interest points and

descriptors.

More recent work has explored adaptive and reliability-aware feature selection strate-

gies. Zhang et al. [26] proposed adaptive feature selection for visual odometry, highlight-

ing that regulating feature quality is more effective than increasing feature density.

Learning-based methods have also been applied to broader quadrotor navigation prob-

lems. DroNet [10] demonstrated end-to-end learning for agile flight, while Penicka et al.

[11] investigated learning-based trajectory optimization.

Despite their robustness, deep feature detectors are often computationally expensive

and unsuitable for real-time deployment on resource-constrained aerial platforms. This

has motivated hybrid approaches that integrate lightweight learning modules into classi-

cal pipelines. Rather than replacing handcrafted detectors entirely, these methods aim to

selectively improve feature quality while preserving computational efficiency.

An additional challenge in learning-based approaches is generalization across envi-

ronments. Classical feature detectors such as ORB and FAST rely on fixed geometric and
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photometric principles, allowing them to operate consistently across diverse scenes with-

out retraining. In contrast, learned feature representations may suffer from domain shift,

where performance degrades when deployed in environments that differ from the training

data distribution. This introduces a trade-off between robustness and generalization.

The hybrid approach adopted in this thesis mitigates this limitation by preserving

the geometric consistency of classical feature detection while restricting learning to a

lightweight reliability prediction task. By framing learning as a probabilistic scoring

mechanism rather than a full feature replacement, the method reduces the risk of overfit-

ting while maintaining adaptability to varying conditions.

1.7.4 Frequency-Domain Motion Estimation

An alternative class of approaches estimates motion in the frequency domain using phase

correlation techniques. The foundational work by Kuglin and Hines [27] estimates image

translation through Fourier phase differences, while Foroosh et al. [28] extended this

method to achieve subpixel accuracy.

Recent work has applied Fourier-based Phase Correlation (FPC) to UAV velocity esti-

mation in GNSS-denied environments [29]. These approaches operate on global spectral

alignment rather than local feature correspondences, offering robustness to illumination

changes and repetitive textures.

However, frequency-domain methods rely on global assumptions of translational mo-

tion and lack explicit modeling of local feature persistence. They are also sensitive to

aliasing and windowing effects, and provide limited geometric constraints for long-term

drift mitigation compared to feature-based approaches.
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1.7.5 State Estimation and Extended Kalman Filtering

State estimation in multisensor navigation systems commonly relies on the Extended

Kalman Filter (EKF), which provides a recursive framework for nonlinear stochastic es-

timation [30, 31]. In visual–inertial systems, EKF formulations integrate inertial propa-

gation with visual updates, requiring accurate modeling of both process and measurement

uncertainties.

In optical-flow-based navigation, image motion contains both translational and rota-

tional components. Rotational motion induces apparent velocities that must be compen-

sated to obtain physically meaningful measurements. This motion-field decomposition

is well studied in visual–inertial frameworks such as [7].

The effectiveness of EKF-based fusion is therefore directly influenced by the quality

of visual measurements. Unstable or short-lived features degrade the statistical consis-

tency of the estimator and reduce the informativeness of measurement updates.

The EKF framework assumes that measurement noise follows approximately Gaus-

sian distributions. However, unreliable or short-lived visual features introduce outliers

that violate this assumption, leading to biased updates and degraded estimation perfor-

mance. Consequently, the quality of feature selection directly impacts the statistical con-

sistency of the filter.

From this perspective, feature selection can be interpreted as a form of pre-filtering

or implicit outlier rejection, where unreliable measurements are removed before entering

the estimation pipeline. The approach proposed in this thesis enhances this process by

predicting feature reliability prior to tracking, thereby improving measurement quality

and preserving the validity of the EKF assumptions.
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1.7.6 Problem Formalization

The feature selection problem in visual–inertial navigation can be formulated as the task

of identifying an optimal subset of visual features that maximizes estimation performance

under computational constraints. Let Ftotal denote the set of all detected features in an im-

age frame. The objective is to select a subset Fbest ⊂ Ftotal such that the selected features

maximize the information contribution to the state estimator while minimizing redun-

dancy and computational cost.

From an estimation perspective, this can be interpreted as maximizing the information

gain provided to the estimator while minimizing the innovation error yk in the EKF update

step. Features that are spatially clustered or temporally unstable contribute less useful

information and may degrade estimation quality.

The key challenge lies in predicting the future trackability and reliability of features

using limited computational resources. High-dimensional learned descriptors can pro-

vide such predictions but are often impractical for real-time deployment. This motivates

the need for lightweight approaches that approximate feature reliability while preserving

real-time performance.

1.7.7 Discussion and Research Gap

The literature reveals a fundamental trade-off between computational efficiency, robust-

ness, and estimation accuracy. Classical methods are efficient but often produce redun-

dant or unreliable features, while learning-based methods improve robustness at the cost

of significantly higher computational requirements and potential generalization issues.

At the same time, state estimation frameworks remain highly sensitive to the quality,

distribution, and persistence of front-end measurements.

In real-time quadrotor navigation, this trade-off is further constrained by latency re-
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quirements. Accurate estimation that cannot be computed within strict timing constraints

is impractical for control and navigation. This establishes a latency–accuracy Pareto

boundary, where both estimation quality and computational efficiency must be jointly

optimized.

Despite extensive research in VIO and feature learning, there remains a lack of ap-

proaches that explicitly optimize feature reliability under strict real-time and embedded

constraints. In particular, existing methods do not adequately address the problem of se-

lecting features based on their expected temporal trackability and contribution to down-

stream estimation.

This thesis addresses this gap by introducing a lightweight learning-based feature

selection module that operates as a pruning mechanism within a classical ORB–LK

pipeline. By predicting feature reliability and adaptively regulating feature selection, the

proposed approach improves measurement quality without incurring the computational

overhead of full learning-based detectors. This enables a balanced trade-off between

robustness and efficiency, tailored for real-time onboard quadrotor navigation.

1.8 Thesis Organization

The remainder of this thesis is organized to present the proposed navigation framework

in a logical progression from system design to experimental validation and analysis.

Chapter 2 presents the overall system architecture and details the proposed methodology,

including the quadrotor platform, sensor suite, classical feature detection, lightweight

CNN-based feature selection, adaptive feature regulation, optical flow velocity estima-

tion, and multisensor fusion framework. This chapter establishes the technical founda-

tions of the proposed approach and describes how the individual components are inte-

grated into a real-time onboard system.

Chapter 3 describes the experimental setup and evaluation methodology. This in-
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cludes the hardware platform, onboard computational architecture, sensor calibration,

data collection procedures, ground truth acquisition, and the quantitative performance

metrics used for evaluation. This chapter ensures the reproducibility and fairness of the

experimental results and provides the necessary context for interpreting system perfor-

mance.

Chapter 4 presents the experimental results and detailed analysis. This chapter evalu-

ates the proposed method in terms of feature stability, computational efficiency, velocity

and position estimation accuracy, and drift behavior. Comparisons against baseline clas-

sical methods and frequency-domain velocity estimation approaches are provided, along

with ablation studies to assess the impact of individual system components. A compre-

hensive discussion of results, limitations, and practical insights is also included.

Finally, Chapter 5 concludes the thesis by summarizing the main contributions and

key findings. This chapter discusses the broader implications of the proposed frame-

work and outlines directions for future work, including extensions to full visual–inertial

odometry, integration with additional sensing modalities, and deployment on more com-

putationally constrained or higher-speed aerial platforms.
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2 System Architecture

2.1 System Overview

This chapter presents the architecture of the proposed GPS-free quadrotor navigation sys-

tem. The objective of the system is to estimate planar velocity and full state information

in real time using only onboard sensors, while maintaining robustness and computational

efficiency suitable for embedded aerial platforms.

The proposed architecture follows a modular, feed-forward pipeline in which the

output of each processing block serves as the input to the subsequent stage. Starting

from raw sensor measurements, the system performs classical feature detection, learning-

based feature selection, optical flow velocity estimation, inertial compensation, and prob-

abilistic sensor fusion to produce a final state estimate.

ORB 
Feature Detection

CNN 
Feature Selection Adaptive Threshold LK Tracking IMU-Range 

Compensation

Body Velocity

realtime (GT-free)

Sensors Extended Kalman Filter

Figure 4: End-to-end system architecture illustrating the data flow from onboard sensors through
feature detection, CNN-based feature selection, adaptive threshold, Lucas-Kanade optical flow
velocity estimation, inertial compensation, and EKF-based state estimation. [4]

As illustrated in Figure 4 , the system consists of six main stages: classical ORB

feature detection, CNN-based feature pruning, adaptive threshold, Lucas–Kanade opti-

cal flow tracking, IMU–Range false velocity compensation, and Extended Kalman Filter

(EKF) state estimation. Each stage is designed to be computationally efficient and to

directly contribute to improving the reliability of downstream state estimation. The mod-
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ular structure of the pipeline allows each component to be analyzed independently while

maintaining a coherent end-to-end architecture.

2.2 Methodological Advantages of the Hybrid Pipeline

The proposed hybrid architecture offers several key advantages over traditional visual-

inertial front-end designs by explicitly addressing the limitations of both classical and

learning-based approaches.

1) Reduction of Measurement Noise and Outliers: The CNN-based feature selec-

tion module predicts the reliability of candidate features and removes those that are likely

to exhibit poor trackability. This reduces the number of outliers in the visual measure-

ments and improves data association quality. As a result, the Extended Kalman Filter

receives cleaner observations, leading to improved estimation accuracy and enhanced

statistical consistency.

2) Deterministic Real-Time Performance: Unlike dense learning-based feature ex-

tractors that introduce significant computational overhead, the proposed method operates

as a selective filtering stage applied to a classical pipeline. This allows the system to

maintain high processing frequencies (exceeding real-time requirements) while avoiding

the performance degradation typically associated with deep models.

3) Memory-Efficient Architecture: The CNN module is designed with approxi-

mately 136k parameters, enabling the model and intermediate feature representations to

reside within fast-access memory. This reduces latency associated with memory transfer

and ensures predictable execution time, which is critical for real-time control applica-

tions.

4) Balanced Feature Representation: The adaptive thresholding mechanism main-

tains a consistent number of selected features across varying environmental conditions.

This prevents both feature scarcity and redundancy, ensuring that the estimator receives
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a stable and informative set of measurements.

Overall, the proposed approach improves system performance by optimizing feature

quality rather than increasing feature quantity or computational complexity, resulting in

a more efficient and robust navigation pipeline.

2.3 Sensor Suite and Data Sources

The proposed navigation framework relies exclusively on onboard sensing. A downward-

facing monocular camera provides high-rate grayscale image measurements used for op-

tical flow–based velocity estimation. This configuration is well suited for GPS-denied

environments, where ground-plane visual texture is commonly available and stable.

Inertial Measurement Units (IMUs) provide angular velocity and linear acceleration

measurements required for motion propagation and compensation of rotationally induced

image motion. A downward-facing range sensor supplies altitude information, which is

used to scale image-plane motion into metric velocity estimates under the planar motion

assumption.

Together, these sensors provide complementary information that enables reliable ve-

locity estimation and state propagation without reliance on external localization infras-

tructure. The output of this sensing stage forms the input to the feature detection and

tracking components described in the following sections.

2.4 Coordinate Frames and Transformations

Accurate state estimation and meaningful comparison with ground truth measurements

require a clear and consistent definition of coordinate frames and transformations. In this

thesis, three coordinate frames are considered: the camera frame, the body frame, and

the inertial (global) frame. All frames are defined as right-handed coordinate systems and

follow the right-hand rule. Velocity estimates produced by the vision pipeline are succes-
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sively transformed through these frames to ensure consistency with the global reference

used by the external motion capture system.

2.4.1 Camera and Body Frames

The camera frame, denoted by Fc, is attached to the downward-facing monocular camera

used for optical flow–based velocity estimation. Its origin is located at the optical center

of the camera, with the xc and yc axes aligned with the image plane and the zc axis

aligned with the optical axis. Optical flow measurements yield planar velocity estimates

expressed in this frame.

The body frame, denoted by Fb, is rigidly attached to the quadrotor, with its origin lo-

cated at the vehicle’s center of mass. The body-frame axes follow the standard aerospace

convention and are aligned with the vehicle structure. Quantities measured by onboard

inertial sensors, such as angular velocity and specific force, are naturally expressed in

this frame.

Due to the downward-facing mounting configuration of the camera, the camera-frame

axes are inverted relative to the body frame in the horizontal plane. Consequently, a

positive translational motion of the quadrotor along the body-frame xb or yb direction

produces an apparent optical flow in the opposite direction in the camera frame. This

sign inversion must be explicitly accounted for when transforming velocity estimates

obtained from optical flow.

Figure 5 illustrates the relative orientation of the camera and body frames and high-

lights the axis inversion introduced by the downward-facing camera.
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Figure 5: Relative orientation of the camera frame Fc and the body frame Fb for the downward-
facing camera configuration.

The fixed transformation from camera-frame velocity vc to body-frame velocity vb

is described by a constant rotation matrix Rbc ∈ SO(3). For the considered mounting

configuration, this rotation introduces a sign inversion in the horizontal plane and is given

by

Rbc =


−1 0 0

0 −1 0

0 0 1

 . (1)

Accordingly, the body-frame velocity is obtained as

vb = Rbc vc. (2)

2.4.2 Body and Inertial Frames

The inertial frame, denoted by Fg, represents a fixed global reference frame in which

Newton’s laws of motion are valid. This frame is used as the primary reference for

trajectory representation and performance evaluation throughout the thesis.
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The relationship between the body frame and the inertial frame is governed by the

quadrotor attitude. The attitude is estimated online by the state estimator and represented

internally by a unit quaternion q. For clarity, the corresponding rotation matrix Rgb ∈

SO(3) can be expressed in terms of roll φ, pitch θ, and yaw ψ angles as

Rgb =


cθcψ cψsφsθ− cφsψ sφsψ + cφcψsθ

cθsψ cφcψ + sφsθsψ cφsθsψ− cψsφ

−sθ cθsφ cφcθ

 , (3)

where c(·) = cos(·) and s(·) = sin(·).

Figure 6 illustrates the relative orientation between the body frame and the inertial

frame.

Figure 6: Definition of the body frame Fb and the inertial (global) frame Fg.

Using this rotation, the transformation from body-frame velocity to inertial-frame

velocity is given by

vg = Rgb(φ,θ,ψ)vb, (4)

where vg denotes the velocity expressed in the inertial frame.
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2.4.3 External Motion Capture Frame

Ground truth measurements are provided by an external OptiTrack motion capture sys-

tem, which defines its own global coordinate frame. While this frame is inertial, its axis

orientation may differ from the inertial frame Fg adopted in the navigation system.

To enable direct comparison between estimated states and ground truth measure-

ments, the OptiTrack frame is mapped to the inertial frame using a fixed alignment trans-

formation obtained through system calibration. This transformation remains constant

throughout all experiments. Figure 7 illustrates the relationship between the OptiTrack

frame and the inertial frame used in this thesis.

Figure 7: Alignment between the OptiTrack global frame and the inertial frame Fg.

After this alignment, all estimated positions and velocities are expressed in the same

inertial coordinate frame as the ground truth data, ensuring consistent evaluation of tra-

jectory accuracy and state estimation performance.
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2.4.4 Overall Transformation Chain

Combining the above transformations yields the complete mapping from camera-frame

velocity estimates to inertial-frame velocities:

vg = Rgb(φ,θ,ψ)Rbc vc. (5)

This transformation chain guarantees that velocities derived from optical flow are cor-

rectly oriented and directly comparable to ground truth measurements provided by the

external motion capture system.

2.5 Classical Feature Detection (ORB)

The first processing stage in the pipeline performs classical feature detection using the

Oriented FAST and Rotated BRIEF (ORB) algorithm [14]. ORB combines FAST corner

detection with orientation estimation, offering a favorable balance between computa-

tional efficiency and robustness for real-time embedded systems.

ORB identifies salient image locations by detecting pixel intensity patterns that ex-

hibit corner-like characteristics. For each detected keypoint, an orientation is computed

using local image moments, enabling rotation-invariant representation. In the proposed

system, ORB is employed solely as a fast and reliable candidate feature generator rather

than as a full descriptor-based matching framework.
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Figure 8: ORB feature candidates detected in a representative frame. Many features are spatially
clustered or redundant, motivating learned feature selection.

The output of the ORB stage consists of a set of candidate keypoint locations that

serve as inputs to the subsequent feature selection module. While ORB efficiently pro-

duces a large number of features, many of these detections are redundant, short-lived, or

unsuitable for long-term tracking under optical flow. Consequently, ORB detections are

treated as candidates whose reliability must be evaluated before they are used for mo-

tion estimation. This design choice preserves the efficiency of classical feature detection

while enabling learned pruning in the following stage of the pipeline.

2.6 CNN-Based Feature Selection

The CNN-based feature selection strategy introduced in this section builds upon the

lightweight pruning framework presented in [4], and is expanded here with additional

details regarding training data generation, network architecture, and integration within

the navigation pipeline.
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The proposed CNN-based feature selection module operates on candidate features

generated by the classical ORB detector and evaluates their suitability for reliable opti-

cal flow tracking. Rather than performing feature detection or description, the network

functions as a lightweight scoring mechanism that assigns a reliability probability to each

candidate feature based on the appearance of the local image.

The following subsections describe the feature selection process in detail, including

patch extraction and labeling, network architecture design, training objective formula-

tion, and the integration of the network output into the downstream navigation pipeline.

Each component is introduced sequentially to reflect the data flow of the system, from

raw image patches to the final set of selected features used for motion estimation.

2.6.1 Patch Extraction and Label Generation

Given a set of candidate feature locations detected by the ORB detector, local image

patches are extracted around each keypoint to serve as inputs to the feature selection net-

work. For each detected keypoint at pixel location pi = [ui,vi]
⊤ where ui and vi represent

the horizontal and vertical pixel coordinates of the feature in the image frame, respec-

tively. A fixed size grayscale image patch Pi ∈ R32×32 is extracted and normalized to

zero mean and unit variance. The patch size is selected to provide sufficient local spa-

tial context for evaluating feature reliability while maintaining low computational cost

suitable for real-time embedded inference.

Training labels are generated automatically using a tracking-driven supervision strat-

egy. Each candidate feature is tracked across consecutive frames using the Lucas–Kanade

optical flow algorithm. A feature is considered surviving if it remains successfully track-

able for at least L = 5 consecutive frames without exceeding a predefined reprojection

error threshold. Features that satisfy this criterion are labeled as reliable (yi = 1), while

not tracked features are labeled as unreliable (yi = 0).
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This patch-survival labeling approach directly aligns supervision with the down-

stream objective of stable optical flow tracking. By avoiding manual annotation or ex-

ternal ground truth, training data can be collected autonomously during normal system

operation, ensuring that the learned model captures feature reliability as it manifests in

the target navigation scenario.

To generate supervision, each candidate feature is tracked forward in time using the

Lucas–Kanade optical flow algorithm across consecutive frames. A feature is considered

to have survived if it remains successfully trackable throughout all L frames without

exceeding a predefined tracking or reprojection error threshold. Features that satisfy this

criterion are labeled as trackable (yi = 1), while features that fail to track at any point

within the temporal window are labeled as unreliable (yi = 0).

This survival-based labeling strategy directly reflects the objective of the proposed

feature selection module: identifying features that are likely to remain stable under opti-

cal flow tracking. By relying solely on tracking outcomes, the labeling process does not

require manual annotation or external ground truth and can be performed automatically

at scale.

2.6.2 Network Architecture

The feature selection network is designed as a compact convolutional neural network

to satisfy real-time embedded constraints. The network takes a single grayscale image

patch Pi as input and outputs a scalar score representing the predicted reliability of the

corresponding feature.

As shown in Figure 9 the architecture consists of two convolutional layers followed

by fully connected layers.
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Input batch
1 x 32 x 32

Conv1 + ReLU
3x3 , s=1, p=1

1 → 16
16 x 32 x 32

MaxPool(2x2)
16x16x16

Conv2 + ReLU
3x3 , s=1, p=1

16 → 32
32 x 16 x 16

MaxPool(2x2)
32x8x8

Flatten
2048

Model size: ≈ 136,001 params
Conv1: (3×3×1) · 16 + 16 = 160
Conv2: (3×3×16) · 32 + 32 = 4,640
FC1: 2048 · 64 + 64 = 131,136
FC2: 64 · 1 + 1 = 65

FC2 + Sigmoid
64 → 1

probability 𝑠 ∈ [0, 1]
Params: 65

FC1 + ReLU +
Dropout(0.2)
2048 → 64

Params: 131,136

Figure 9: Lightweight CNN architecture used for feature reliability prediction. [4]

• Conv1: Convolutional layer with 3× 3 kernels, mapping from 1 input channel

to 16 output channels, followed by a ReLU activation and a 2× 2 max-pooling

operation.

• Conv2: Convolutional layer with 3× 3 kernels, mapping from 16 input channels

to 32 output channels, followed by a ReLU activation and a 2× 2 max-pooling

operation.

• FC1: Fully connected layer mapping 2048 input features to 64 output units, fol-

lowed by a ReLU activation and dropout with probability p = 0.2.

• FC2: Fully connected layer mapping 64 input features to a single output unit,

followed by a sigmoid activation function.

Each convolutional layer applies a set of learned filters to extract local spatial features

and is followed by a Rectified Linear Unit (ReLU) activation to introduce nonlinearity.

The convolutional layers are responsible for capturing low-level visual cues such as gra-

dients, edges, and texture patterns that are indicative of feature trackability. The total

number of trainable parameters in the network is approximately 1.36× 105; this rela-

tively small parameter count enables high-frequency inference while remaining suitable

for real-time deployment on resource-constrained aerial platforms.

The output of the convolutional stage is flattened and passed through fully connected
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layers, which aggregate the extracted spatial features and produce a single scalar output.

Let fθ(Pi) denote the output of the final linear layer of the network for an input patch

Pi. A sigmoid activation function is applied at the final layer to map this value to a

probability score,

si = σ( fθ(Pi)) ∈ [0,1], (6)

where σ(·) denotes the sigmoid function. The resulting score si represents the predicted

likelihood that the corresponding feature will remain stable and trackable over time, and

is subsequently used for feature selection in the downstream navigation pipeline.

This architecture is intentionally minimal and does not attempt to perform feature

detection or description. Instead, it operates as a learned scoring function that evaluates

the reliability of candidate features generated by the classical detector.

2.6.3 Training Data

Training data for the CNN-based feature selection module is automatically generated us-

ing visual sequences from both the EuRoC MAV dataset [22] and real-world quadrotor

flight experiments conducted on the target platform. The EuRoC dataset provides high-

quality monocular image sequences captured in indoor environments with varying levels

of texture, motion dynamics, and illumination conditions, while the real flight data re-

flect platform-specific visual characteristics and operational conditions encountered dur-

ing onboard navigation. The combination of these two data sources ensures that the

learned model captures feature reliability across both standardized benchmark scenarios

and practical deployment environments.

For each image frame in both datasets, candidate feature locations are first detected

using the ORB detector. Around each detected keypoint, a fixed-size grayscale image

patch Pi ∈ R32×32 is extracted from the first frame of a short temporal window. These
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patches serve as the input samples to the network, and the same tracking-based labeling

and training procedures are applied consistently across both datasets. By leveraging both

benchmark and real-world data during training, the feature selection module is encour-

aged to generalize beyond dataset-specific characteristics, thereby improving robustness

and reliability during real-time quadrotor navigation.

Furthermore, because labels are derived from actual tracking performance, the result-

ing supervision is tightly aligned with the downstream navigation task.

The resulting dataset consists of a balanced set of trackable and unreliable feature

patches, enabling effective training of the binary classification network without bias to-

ward either class. This balance encourages the network to learn discriminative visual

cues associated with long-term feature stability rather than simple visual saliency.

2.6.4 Objective Function

The feature selection network is trained as a binary classifier that predicts the probability

of a feature remaining trackable over time. Given an input patch Pi and its corresponding

survival label yi ∈ {0,1}, the network produces an output score:

si = Fθ(Pi), (7)

where Fθ(·) denotes the network parameterized by weights θ.

Training is performed by minimizing the binary cross-entropy loss:

L(θ) =− 1
N

N

∑
i=1

[yi log(si)+(1− yi) log(1− si)] , (8)

where N is the number of training patches.

The network is trained using the Adam optimizer with a learning rate η = 10−3 and a

batch size of 64 for a fixed number of training epochs. Dropout regularization is applied
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in the fully connected layers to reduce overfitting and encourage generalization across

diverse visual conditions. Owing to the low-dimensional nature of the input patches and

the compact network architecture, the training process converges rapidly while main-

taining stable optimization behavior. These design choices collectively contribute to a

reliable feature scoring mechanism that remains effective across varying environments

and operating conditions.

This objective encourages the network to assign high confidence to features that ex-

hibit consistent and stable visual characteristics under optical flow tracking. By framing

feature selection as a probabilistic prediction problem, the resulting scores provide a

principled measure of feature reliability that can be seamlessly integrated into adaptive

thresholding and downstream motion estimation. This formulation promotes the reten-

tion of features that are more likely to contribute to long-term estimation consistency,

thereby improving the robustness of the visual front-end.

2.7 Adaptive Thresholding

To maintain a stable and sufficient number of selected features across varying visual en-

vironments, an adaptive thresholding mechanism is applied to the CNN output scores

during online inference. Rather than relying on a fixed pruning threshold, the system dy-

namically adjusts the selection threshold τcnn based on the number of features retained at

each time step. This adaptive strategy enables the visual front-end to respond to changes

in scene texture, illumination, and motion dynamics while preserving feature reliability.

At runtime, local image patches are extracted around candidate features detected by

the ORB detector and evaluated by the CNN-based feature selection module. Each can-

didate feature is assigned a reliability score si ∈ [0,1], and only features with scores

exceeding the current threshold τcnn are retained for optical flow tracking. The threshold

is updated online to regulate the number of selected features and prevent both feature
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starvation and excessive redundancy.

Conceptually, the threshold update can be expressed as

τk+1 = τk +α
(
Nk−Ntarget

)
, (9)

where Nk denotes the number of retained features at time step k, Ntarget is a desired feature

count, and α is a small gain that governs the rate of adjustment. When the number

of selected features falls below the target, the threshold is reduced to admit additional

candidates; conversely, when the number exceeds the target, the threshold is increased to

suppress redundancy.

In practice, the threshold τcnn is constrained within predefined bounds to ensure sta-

ble behavior under extreme visual conditions. Specifically, the threshold is restricted to

the interval [0.5,0.8], preventing overly permissive selection in low-texture scenes and

overly aggressive pruning in highly textured environments. The threshold is adjusted

incrementally using a small step size, which is chosen to be sufficiently conservative to

avoid oscillatory behavior while still allowing the system to adapt in real time.

This adaptive thresholding mechanism requires only the current feature count and

operates in constant time, making it well suited for deployment on resource-constrained

embedded platforms. By regulating feature selection based on both learned reliability

scores and instantaneous scene conditions, the method promotes a consistent supply of

high-quality features for downstream optical flow estimation and state estimation. Details

of the threshold update procedure are provided in Appendix 1.

2.8 Optical Flow Tracking and Velocity Estimation

Once a refined set of reliable features has been selected through the CNN-based pruning

and adaptive thresholding stages, these features are tracked across consecutive image
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frames to estimate translational motion. Optical flow tracking is performed using the

classical Lucas–Kanade (LK) method [15], which estimates local image motion under

the assumptions of brightness constancy and small inter-frame displacements.

Let pt
i = [ut

i,v
t
i]
⊤ denote the image-plane pixel coordinates of the i-th retained feature

at time step t. The LK method assumes that the image intensity of a moving point remains

constant between two consecutive frames, such that

I(u,v, t) = I(u+∆u,v+∆v, t +∆t). (10)

Applying a first-order Taylor expansion and neglecting higher-order terms yields the op-

tical flow constraint equation

Iu∆u+ Iv∆v+ It = 0, (11)

where Iu and Iv denote the spatial image gradients and It denotes the temporal image

gradient.

For each feature, the LK method assumes that all pixels within a local window Ω

surrounding the feature undergo the same motion. The pixel displacement vector ∆pi =

[∆ui,∆vi]
⊤ is obtained by solving the following least-squares problem:

∆pi = arg min
∆u,∆v

∑
(u,v)∈Ω

(Iu∆u+ Iv∆v+ It)
2 . (12)

This leads to the closed-form solution

∆pi =

 ∑ I2
u ∑ IuIv

∑ IuIv ∑ I2
v


−1−∑ IuIt

−∑ IvIt

 , (13)

where the summations are taken over the local window Ω. The updated feature location
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in the next frame is then given by

pt+1
i = pt

i +∆pi. (14)

To obtain a robust estimate of global image motion, the pixel displacements are aggre-

gated across the set of retained features F⋆
t . The average pixel displacement is computed

as

∆̄u =
1
|F⋆

t | ∑
i∈F⋆

t

∆ui, ∆̄v =
1
|F⋆

t | ∑
i∈F⋆

t

∆vi, (15)

where |F⋆
t | denotes the number of tracked features. Dividing by the frame interval ∆t

yields an average image-plane velocity expressed in pixels per second.

The image-plane velocity is subsequently converted into a metric translational ve-

locity using altitude information provided by the range sensor. Let fx and fy denote the

focal lengths of the camera in pixel units, and let h represent the altitude of the quadrotor

relative to the observed surface. Under the planar motion assumption, the translational

velocity components in the body frame are given by

vx =
h

fx∆t
∆̄u, vy =

h
fy∆t

∆̄v. (16)

This formulation maps pixel displacements obtained from optical flow into metric

velocity estimates expressed in meters per second. By averaging over multiple reliable

features, the estimation process becomes less sensitive to individual tracking errors and

local disturbances. The resulting planar velocity estimate serves as the input to the subse-

quent inertial compensation and sensor fusion stages described in the following sections.
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2.9 IMU–Range False Velocity Compensation

Optical flow–based velocity estimates are affected not only by translational motion but

also by rotational motion of the quadrotor [32] [33]. In particular, angular rotations of

the camera induce structured image motion that can be misinterpreted as translational

velocity if left uncorrected. Among the various sources of error that affect optical flow

measurements, rotationally induced motion constitutes the dominant and most systematic

contribution, especially during aggressive maneuvers or rapid attitude changes.

Rotational effects are deterministic and can be directly corrected using inertial mea-

surements, exploiting their explicit treatment in other visual inertial navigation systems

[20] [8], and in the proposed pipeline.

Let ω = [ωx,ωy,ωz]
⊤ denote the angular velocity of the quadrotor measured by the

onboard IMU, expressed in the body frame. For a downward-facing camera located

at altitude h above the observed surface, rotational motion induces an apparent planar

velocity component given by the cross product between the angular velocity and the

position vector from the camera to the ground plane [34]:

vrot = ω×


0

0

h

=


ωyh

−ωxh

0

 . (17)

Let vopt = [vopt
x ,vopt

y ]⊤ denote the planar velocity estimate obtained from optical flow

as described in Section 2.8. The corrected translational velocity is then computed by

subtracting the rotational contribution:

vcorr = vopt−

 ωyh

−ωxh

=

vopt
x −ωyh

vopt
y +ωxh

 . (18)
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This compensation removes the dominant structured error introduced by camera ro-

tation, yielding a planar velocity estimate that more accurately reflects true translational

motion. The corrected velocity vcorr is subsequently used as an input measurement to

the sensor fusion framework described in the following section. By explicitly accounting

for rotational effects at the measurement level, the proposed approach significantly im-

proves the consistency and reliability of the visual velocity estimates, particularly during

dynamic flight conditions.

2.10 EKF-Based Multisensor State Estimation

To fuse the heterogeneous sensor measurements into a single, consistent state estimate,

the proposed system employs an Extended Kalman Filter (EKF). The EKF serves as

the backbone estimator of the navigation pipeline, integrating inertial, visual, and range

measurements to produce real-time estimates of the quadrotor state in GPS-denied envi-

ronments.

2.10.1 State Representation

The EKF maintains a 16-dimensional state vector defined as

x =

[
p⊤ v⊤ q⊤ b⊤ω b⊤a

]⊤
, (19)

where p∈R3 denotes the position of the quadrotor in the world frame, v∈R3 is the linear

velocity, q ∈ R4 is the unit quaternion representing attitude, and bω ∈ R3 and ba ∈ R3

represent the gyroscope and accelerometer biases, respectively.

This state formulation explicitly accounts for sensor biases, which is essential for

long-term navigation accuracy when operating without external absolute references.
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2.10.2 Prediction Model

The EKF prediction step propagates the state forward in time using inertial measurements

from the IMU. Let uk−1 denote the IMU input at time step k−1, consisting of measured

angular velocity and linear acceleration. The nonlinear state propagation is given by

xk|k−1 = f (xk−1,uk−1), (20)

where f (·) represents the continuous-time inertial motion model discretized over the

sampling interval.

The corresponding covariance propagation is

Pk|k−1 = FkPk−1F⊤k +Qk, (21)

where Pk|k−1 is the predicted state covariance, Fk is the Jacobian of the motion model

with respect to the state, and Qk is the process noise covariance matrix. The process

noise accounts for IMU measurement noise and bias random walks, and is tuned based

on sensor noise densities obtained from calibration.

2.10.3 Measurement Models

The EKF update step incorporates measurements from multiple onboard sensors. First,

the downward-facing camera provides planar velocity measurements derived from the

corrected optical flow:

zcam =

vx

vy

 , (22)

which directly constrain the horizontal components of the velocity state.

Second, the downward-facing range sensor provides a measurement related to vertical
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motion. In the proposed formulation, this measurement is modeled as

zrange = vz, (23)

providing an additional constraint on the vertical velocity component.

Finally, the gyroscope measurements from the IMU supply angular velocity observa-

tions:

zimu =


ωx

ωy

ωz

 . (24)

Each measurement is related to the state through a nonlinear measurement function

of the form

zk = h(xk|k−1)+nk, (25)

where h(·) is the measurement model and nk denotes measurement noise.

2.10.4 EKF Update Step

Given a measurement zk, the EKF computes the Kalman gain as

Kk = Pk|k−1H⊤k
(

HkPk|k−1H⊤k +Rk

)−1
, (26)

where Hk is the Jacobian of the measurement function with respect to the state, and Rk

is the measurement noise covariance matrix. The measurement noise covariance is de-

rived from sensor calibration statistics, including optical flow variance and range sensor

precision.
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The state and covariance are then updated according to

xk = xk|k−1 +Kk
(
zk−h(xk|k−1)

)
, (27)

Pk = (I−KkHk)Pk|k−1. (28)

2.10.5 Discussion

This EKF formulation enables direct fusion of camera-based velocity estimates with iner-

tial and range measurements, producing a consistent real-time estimate of the full quadro-

tor state.

Importantly, improvements in the visual front-end—achieved through the proposed

feature selection neural network—directly influence the quality of the measurements pro-

vided to the estimator.

The primary benefit of the proposed feature selection strategy to the EKF is the re-

duction of measurement outliers, which helps preserve the validity of Gaussian noise

assumptions in the update step. By pre-filtering unreliable features prior to measurement

fusion, the method improves innovation consistency and reduces the likelihood of biased

state updates.

As a result, the EKF not only serves as a state estimator, but also provides a system-

level validation of the proposed feature-selection framework by reflecting its impact on

navigation accuracy and stability.

2.11 Real-Time Multithreaded Implementation

To ensure real-time performance during onboard operation, the proposed navigation pipeline

is implemented using a multithreaded software architecture. The primary design objec-

tive of this architecture is to maintain high processing throughput while ensuring deter-
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ministic latency, which is critical for stable quadrotor flight and reliable state estimation.

The system employs two main threads operating concurrently. The first is a dedicated

capture thread responsible for continuous image acquisition from the downward-facing

camera. This thread operates independently of the processing pipeline, buffering in-

coming frames at the camera rate and ensuring that image acquisition is not delayed by

downstream computation. By decoupling frame capture from processing, the system pre-

vents frame drops that could otherwise occur during periods of increased computational

load.

The second thread handles all vision and estimation-related processing, including

classical feature detection, CNN-based feature pruning, optical flow tracking, and planar

velocity estimation. This processing thread consumes the most recent available image

frame from the capture buffer, allowing the pipeline to operate on up-to-date visual in-

formation without stalling the sensor input. The corrected velocity estimates produced

by this thread are then passed to the sensor fusion module for state estimation.

This separation of concerns enables the pipeline to sustain processing frequencies

exceeding 120 Hz, even under varying scene complexity and motion dynamics. Im-

portantly, the multithreaded design ensures that variations in processing time do not

propagate back to the sensor interface, thereby maintaining consistent timing behavior

throughout the system. This architectural choice is essential for achieving robust real-

time performance on resource-constrained embedded hardware and allows the proposed

feature selection framework to be deployed reliably during autonomous flight.
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3 Experimental Framework and Validation Methodology

3.1 Hardware Platform

All experimental evaluations are conducted using the Quanser QDrone2 quadrotor plat-

form, which serves as the baseline aerial system for this thesis. The QDrone2 is a

research-grade quadrotor designed for autonomous flight experiments in indoor and GPS-

denied environments, and it provides a tightly integrated hardware and software ecosys-

tem suitable for real-time state estimation and control.

The platform is equipped with an onboard embedded computing unit based on an

NVIDIA Jetson Xavier System-on-Module (SoM), featuring a high-performance ARM-

based CPU and an integrated GPU with native CUDA support. This computational ca-

pability enables the execution of computationally intensive algorithms, including visual–

inertial odometry, real-time optical flow processing, and lightweight neural network in-

ference, entirely onboard without reliance on external processing or communication.

The QDrone2 features a diverse array of sensing modalities. In this work, the pri-

mary sensing components used for state estimation include a downward-facing Omnivi-

sion OV989 grayscale camera, capable of operating at frame rates up to 210 Hz, which

provides high-rate image measurements for optical flow–based velocity estimation. On-

board inertial measurements are obtained from dual 6-DOF Inertial Measurement Units

(IMUs), supplying angular velocity and linear acceleration data required for motion prop-

agation and rotational compensation. A downward-facing time-of-flight (ToF) range sen-

sor provides altitude measurements that are used to scale image-plane motion into metric

velocity estimates and to compensate for rotationally induced false velocities.

In addition to the sensors used in this thesis, the platform is also equipped with a

front-facing Intel RealSense D435 RGB-D camera, three side-facing Sony IMX219 CSI

cameras, and a dedicated optical flow sensor. While these sensors are not utilized in the
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proposed navigation pipeline, their presence highlights the versatility of the platform and

its suitability for a wide range of robotics and autonomous systems research applications.

All components of the proposed navigation pipeline—including classical feature de-

tection, CNN-based feature selection, optical flow tracking, rotational compensation, and

EKF-based state estimation—are executed onboard in real time. A photograph of the ex-

perimental platform and sensor layout is shown in Figure 10.

Figure 10: The QDrone2 platform [5].

Another part of the hardware platform is the Ground-Truth information. To quanti-

tatively evaluate state estimation accuracy, ground truth position and velocity measure-

ments are obtained using a motion capture system based on OptiTrack. The system

consists of 16 OptiTrack Flex 13 infrared cameras, depicted in Figure 11; the cameras

track reflective markers mounted on the quadrotor, providing high-precision six-degree-

of-freedom pose measurements at a high update rate.
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Figure 11: OptiTrack Flex 13 infrared camera [6].

The OptiTrack measurements are expressed in a global reference frame and are time-

synchronized with onboard sensor data. Ground truth velocity is obtained by numerically

differentiating the measured position signals using a low-pass filtered finite-difference

scheme. These ground truth measurements serve exclusively for evaluation and are not

used by the onboard estimator during flight.

The measurement error of the OptiTrack system is negligible compared to the esti-

mation errors evaluated in this work, with manufacturer-reported positional accuracy on

the order of sub-millimeters, ensuring reliable ground truth for quantitative performance

assessment[35].
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Figure 12: Experimental setup showing the QDrone2 operating over a feature-rich surface with a
top-mounted ground truth camera and controlled lighting conditions.

The complete experimental setup shown in Fig. 12 is designed to provide a controlled

environment to evaluate the proposed navigation framework under consistent and repeat-

able conditions. The QDrone2 operates on a feature-rich surface to ensure sufficient

visual texture for reliable feature detection and optical flow estimation. A top-mounted

ground truth camera system is used to capture reference trajectories, enabling quantita-

tive evaluation of estimation accuracy. The onboard downward-facing camera acquires

the frames that will be processed and good features will be extracted for feature tracking

and velocity estimation, while a two level light source exists across all experiments. This

configuration allows for systematic analysis of the proposed method, isolating the impact

of feature selection and ensuring fair comparison across different approaches.
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3.2 Sensor Calibration

Accurate sensor calibration is essential for reliable multisensor fusion and long-term state

estimation, particularly in GPS-denied environments where estimation errors can accu-

mulate over time. Prior to all experimental flights, a comprehensive calibration procedure

is performed for all sensing modalities used by the proposed navigation system.

The intrinsic parameters of the downward-facing monocular camera are calibrated

using a standard checkerboard-based calibration procedure. This process estimates the

camera focal lengths ( fx, fy), principal point (cx,cy), which are (1050,1050) and (640,400)

respectively, likewise the lens distortion coefficients by minimizing reprojection error

over multiple views of a known planar calibration target. The calibrated intrinsics are

used to map image-plane optical flow measurements into metric velocity estimates, as

described in Section 2.8. Camera calibration is performed using widely adopted com-

puter vision calibration tools, and the resulting parameters are validated by inspecting

reprojection residuals.

Extrinsic calibration between the camera, inertial measurement units (IMUs), and

range sensor is obtained from manufacturer specifications and verified experimentally.

The relative orientations and positions of the sensors are assumed fixed with respect to

the quadrotor body frame throughout all experiments. Consistent frame alignment is crit-

ical to ensure that visual, inertial, and range measurements are expressed in compatible

coordinate frames prior to sensor fusion.

IMU calibration is of particular importance due to the susceptibility of inertial sen-

sors to bias and noise, which can lead to drift if left uncompensated. Gyroscope and

accelerometer biases are estimated offline using stationary data collected prior to flight.

During this process, the quadrotor is held at rest, allowing the mean bias terms bω and ba
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to be estimated as

bω = E[ωmeas], ba = E[ameas]−g, (29)

where ωmeas and ameas denote the measured angular velocity and linear acceleration, re-

spectively, and g is the gravity vector expressed in the body frame.

In addition to offline bias estimation, residual bias drift is explicitly modeled within

the EKF state vector as a random walk process. This allows the filter to continuously re-

fine bias estimates online based on sensor measurements and system dynamics, thereby

mitigating long-term drift during flight. IMU noise densities and bias random walk pa-

rameters are identified from sensor datasheets and stationary data, and are incorporated

into the EKF process noise covariance matrix.

The downward-facing range sensor is calibrated to ensure accurate altitude measure-

ments across the expected operating range. Calibration involves validating the sensor

output against known distances and compensating for any systematic offset. Accurate

altitude estimation is essential for metric scaling of optical flow measurements and for

correcting rotationally induced false velocities.

All calibration parameters are fixed prior to experimental evaluation and remain un-

changed throughout all experiments to ensure consistency and reproducibility of results.

3.3 Flight Scenarios

To comprehensively evaluate the proposed navigation system under progressively chal-

lenging conditions, a set of diverse flight scenarios is designed to stress different aspects

of feature tracking, velocity estimation, and multisensor fusion. The selected trajecto-

ries vary in geometric complexity, motion dynamics, and visual conditions, enabling a

systematic assessment of robustness and accuracy.

The first trajectory consists of a one-dimensional back-and-forth motion along a sin-
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gle horizontal axis. This scenario primarily evaluates the accuracy of planar velocity

estimation under simple translational motion, serving as a baseline for subsequent exper-

iments. Although geometrically simple, this trajectory is useful for isolating translational

estimation errors and assessing steady-state performance.

The second trajectory extends this motion to two dimensions, where the quadrotor

performs back-and-forth motion along both horizontal axes. This trajectory introduces

changes in motion direction and requires accurate estimation of velocity components

in both axes. It also challenges feature tracking consistency during repeated direction

reversals.

The third trajectory follows a circular path in the horizontal plane. Circular motion

introduces continuous changes in heading and sustained angular velocity, increasing the

coupling between rotational and translational motion. This scenario directly stresses the

effectiveness of the rotational false velocity compensation and the robustness of optical

flow–based velocity estimation under persistent rotation.

In addition to these trajectories, a cylindrical spiral trajectory is included as the most

challenging flight scenario. In this experiment, the quadrotor simultaneously undergoes

circular motion in the horizontal plane while varying its altitude, producing coupled

translational, rotational, and vertical motion. This trajectory challenges the system’s

ability to maintain accurate velocity estimation under complex three-dimensional motion

and serves as a stress test for the full estimation pipeline.

For each trajectory, experiments are conducted under multiple lighting conditions,

including normal indoor illumination and reduced lighting levels. This variation is in-

tended to assess the robustness of feature detection and selection under degraded visual

conditions. Furthermore, each trajectory is executed at multiple commanded velocities,

allowing evaluation of system performance across different motion intensities. The com-

bination of geometric complexity, lighting variation, and velocity variation provides a
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comprehensive experimental framework for analyzing the strengths and limitations of

the proposed approach.

3.4 Datasets Used

Experimental evaluation of the proposed navigation system is performed exclusively us-

ing real-world flight data collected on the Quanser QDrone2 platform. All quantitative

results reported in this thesis are obtained from onboard experiments conducted in indoor

environments under controlled conditions.

The real flight datasets capture platform-specific dynamics, sensor noise character-

istics, and environmental variations encountered during practical deployment. These

datasets include synchronized measurements from the downward-facing camera, inertial

sensors, range sensor, and OptiTrack motion capture system, enabling direct comparison

between estimated and ground truth states. The evaluated flights cover a range of motion

profiles, including hover, steady planar motion, and aggressive maneuvers, providing a

comprehensive assessment of estimation accuracy and robustness.

Although the EuRoC MAV dataset is utilized during the training phase of the CNN-

based feature selection module, as described in section 3.4, it is not used for experimental

evaluation in this work. This separation ensures that performance metrics reflect real-

world onboard behavior and avoids bias introduced by evaluation on benchmark datasets

used during training.

3.5 Evaluation Metrics

The performance of the proposed navigation system is evaluated along three main pillars:

accuracy, computational efficiency, and robustness. Together, these metrics provide a

comprehensive assessment of the system’s suitability for real-time quadrotor navigation

in GPS-denied environments.
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1) Accuracy: Estimation accuracy is quantified using the root mean square error

(RMSE) [36] between the estimated and ground truth states. For position estima-

tion, the RMSE is defined as

RMSEp =

√
1
N

N

∑
k=1
∥p̂k−pk∥2, (30)

where p̂k and pk denote the estimated and ground truth position vectors at time step

k, respectively, and N is the total number of samples. Velocity accuracy is evalu-

ated in an analogous manner using planar velocity RMSE. These metrics directly

capture the precision of the state estimation pipeline.

2) Computational Efficiency: Computational efficiency is evaluated by measuring

the real-time performance of the system during flight. This includes the average

processing frequency (in Hz) achieved by the full pipeline, as well as the end-to-

end computational time between image acquisition and velocity estimation. These

measurements assess whether the proposed approach meets the real-time con-

straints required for onboard quadrotor operation and highlight the computational

benefits of the lightweight feature selection strategy.

3) Robustness: Robustness is assessed by evaluating system performance across a

various conditions. This includes variations in trajectory complexity, commanded

velocity, and lighting conditions. Consistent estimation accuracy and stable op-

eration under these diverse scenarios indicate the ability of the proposed method

to generalize beyond nominal conditions and to maintain reliable performance in

challenging real-world environments.
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3.6 Quantification of Lightweight Design

The “lightweight” claim in this thesis is formally defined through quantitative criteria that

capture both model-level efficiency and system-level real-time feasibility. Specifically, a

method is considered lightweight if it satisfies the following conditions:

1. Model Compactness: The total number of trainable parameters remains on the

order of 105 (i.e., P < 2×105), ensuring a compact representation that minimizes

memory usage and enables fast inference.

2. Computational Complexity: The number of floating-point operations (FLOPs)

per inference remains in the order of 106, significantly lower than deep feature

extraction networks which typically operate in the range of 109 FLOPs.

3. Throughput Feasibility: The full perception pipeline maintains processing fre-

quencies exceeding 30 Hz, corresponding to the minimum real-time requirement

for stable quadrotor state estimation and control.

These criteria define the operational boundary for lightweight perception in embed-

ded aerial systems, where computational resources are constrained and estimation must

be performed within strict timing limits. The proposed method is evaluated against these

criteria in the experimental results presented in Chapter 4.

Lightweight CNN Design Criteria While the architectural structure of the CNN is

described in Section 2.6.2, its lightweight nature is characterized here in terms of quanti-

tative efficiency metrics. The network processes grayscale image patches of size 32×32

using a shallow architecture composed of two convolutional layers followed by two fully

connected layers.

The total number of trainable parameters is approximately 136,001, which places
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the model well within the defined compactness criterion. Notably, the first fully con-

nected layer (2048→ 64) accounts for approximately 96% of the total parameter count,

indicating that the computational complexity is dominated by a single low-dimensional

projection rather than deep hierarchical feature extraction.

The computational cost of the network is also limited. Due to the small spatial di-

mensions of the feature maps (32× 32 and 16× 16), the total number of floating-point

operations per inference remains on the order of a few million FLOPs. This is several

orders of magnitude lower than conventional deep feature extraction networks.

From a hardware perspective, the compact parameter size (approximately 136k pa-

rameters) enables the model weights and intermediate feature maps (up to 32×8×8) to

reside within fast-access cache memory on embedded processors. This reduces reliance

on slower external memory access and minimizes inference latency.

Furthermore, the network is designed for a targeted binary classification task—predicting

feature reliability rather than dense feature extraction or descriptor learning. This task-

specific formulation allows the network to remain shallow while maintaining sufficient

representational capacity for robust feature selection under real-time constraints.

3.7 Baseline Methods

To rigorously evaluate the effectiveness of the proposed feature selection framework,

comparisons are conducted against representative baseline methods drawn from two

dominant classes of visual motion estimation: classical feature-based approaches and

learning-based approaches. These baselines are selected to reflect established methods

with contrasting computational and robustness characteristics.

The first baseline represents a classical vision-based approach and consists of ORB

feature detection combined with Lucas–Kanade optical flow tracking, without learning-

based feature pruning or adaptive thresholding. This baseline reflects a widely used con-
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figuration for real-time visual velocity estimation on embedded platforms and serves as

a reference for evaluating the benefits introduced by the proposed learning-based feature

selection and regulation mechanisms.

The second baseline represents a learning-based approach and employs the Super-

Point feature detector, which replaces classical feature extraction with a deep neural net-

work trained to detect robust and repeatable keypoints. SuperPoint has demonstrated

strong performance under challenging visual conditions but incurs significantly higher

computational cost. This baseline provides a comparison against state-of-the-art learning-

based feature extraction methods and highlights the trade-off between robustness and

efficiency.

In addition to feature-based approaches, a frequency-domain velocity estimation method

based on Fourier Phase Correlation (FPC) is included as a non-feature-based baseline.

FPC estimates translational motion directly from image sequences in the frequency do-

main, avoiding explicit keypoint detection and tracking. This method offers robustness

to illumination changes but lacks the ability to leverage long-lived local features, making

it particularly suitable for contrasting with feature-based pipelines.

All baseline methods are evaluated under identical experimental conditions using the

same sensor data, ground truth measurements, and evaluation metrics. This ensures a fair

and consistent comparison, allowing the impact of the proposed feature selection strategy

on accuracy, computational efficiency, and robustness to be assessed objectively.
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4 Results

This chapter presents the experimental results and analysis of the proposed navigation

system. The evaluation focuses on three primary aspects: state estimation accuracy, ro-

bustness under varying operating conditions, and computational efficiency. Results are

reported using real-world flight experiments conducted on the Quanser QDrone2 plat-

form and are compared against selected baseline methods under identical conditions.

4.1 Lightweight Performance Evaluation

The experimental results demonstrate that the proposed method satisfies the lightweight

criteria defined in Section 3.6 while achieving a favorable balance between estimation

accuracy and computational efficiency.

The system consistently operates at processing frequencies between 45-62 Hz, sig-

nificantly exceeding the real-time threshold of 30 Hz required for stable quadrotor op-

eration. In contrast, learning-based approaches such as SuperPoint operate at approxi-

mately 5-6 Hz due to their high computational complexity, resulting in nearly an order-

of-magnitude reduction in throughput.

From an accuracy perspective, classical methods such as ORB achieve high process-

ing frequencies but exhibit significantly higher estimation error due to the inclusion of

redundant and unstable features. The proposed method reduces RMSE by at least 50%

compared to ORB while maintaining real-time performance.

These results indicate that the proposed method operates on a favorable latency–

accuracy trade-off curve, achieving substantial improvements in estimation accuracy

without violating real-time constraints.

Efficiency Interpretation The effectiveness of the proposed approach can be further

interpreted in terms of efficiency, defined as the improvement in estimation accuracy per
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unit of computational cost. By combining selective feature pruning with a lightweight

learning-based module, the method improves the quality of visual measurements without

introducing significant computational overhead.

The proposed system effectively shifts the Pareto frontier between accuracy and

computational efficiency, achieving higher accuracy than classical methods and signif-

icantly higher throughput than deep learning-based approaches. This demonstrates that

the lightweight characteristic of the method is not solely defined by low computation

time, but by its ability to maximize estimation performance within strict resource and

timing constraints.

4.2 Overview of Experimental Results

The proposed system is evaluated across multiple flight trajectories with increasing ge-

ometric and dynamic complexity. For each trajectory, position and velocity estimates

are compared against OptiTrack ground truth measurements. In addition, robustness is

assessed by varying lighting conditions and commanded velocities. To provide insight

into the underlying performance gains, the behavior of the feature selection and adaptive

thresholding mechanisms is analyzed separately. Finally, computational performance is

evaluated to verify real-time feasibility.

4.3 Trajectory-Based State Estimation Accuracy

This section evaluates the accuracy of the proposed navigation system across differ-

ent flight trajectories. For each trajectory, representative position, velocity, and three-

dimensional trajectory plots are presented, along with quantitative error metrics. These

experiments assess the system’s ability to estimate motion accurately under progressively

more challenging conditions.
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4.3.1 One-Dimensional Back-and-Forth Motion

The first experiment consists of a one-dimensional back-and-forth motion along a single

horizontal axis. This trajectory serves as a baseline scenario for evaluating planar velocity

and position estimation under simple translational motion. Figure 13 shows the estimated

and ground truth position over time, while Figure 14 presents the corresponding velocity

estimates.

Figure 13: Estimated and ground truth position for one-dimensional back-and-forth motion.
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Figure 14: Estimated and ground truth planar velocity for one-dimensional motion.

In addition to the position and velocity plots shown for the one-dimensional back-

and-forth motion, Table 7 summarizes the quantitative performance of each method. The

table reports the planar position RMSE together with the average per-frame computation

time and the resulting processing frequency. This trajectory represents a baseline scenario

with simple translational motion, allowing a direct comparison of estimation accuracy

and computational efficiency across methods under controlled conditions.

Table 7: Summary of performance for Trajectory 1 (1D back-and-forth). Frequency is computed
as f = 1000/Tms.

Method RMSE (m) Comp. Time (ms) Freq. (Hz)

ORB 0.20 10.48 95.4

FPC 0.16 14.49 69.0

SuperPoint 0.15 172.99 5.8

Ours 0.05 16.23 61.6
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4.3.2 Two-Dimensional Back-and-Forth Motion

The second experiment extends the motion to two horizontal dimensions, requiring accu-

rate estimation of velocity and position in both axes. This trajectory introduces repeated

direction changes and increased sensitivity to feature consistency. Representative posi-

tion and velocity plots are shown in Figures 15 and 16, respectively.

Figure 15: Estimated and ground truth position for two-dimensional back-and-forth motion.
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Figure 16: Estimated and ground truth planar velocity for two-dimensional motion.

For the two-dimensional back-and-forth trajectory, Table 8 presents a quantitative

comparison of estimation accuracy and computational performance. This experiment in-

troduces increased motion complexity due to simultaneous changes along multiple axes,

placing greater demands on feature stability and consistency. The reported metrics com-

plement the trajectory plots by providing a concise numerical comparison across all eval-

uated methods.

Table 8: Summary of performance for Trajectory 2 (2D back-and-forth). Frequency is computed
as f = 1000/Tms.

Method RMSE (m) Comp. Time (ms) Freq. (Hz)

ORB 0.23 16.54 60.5

FPC 0.17 17.76 56.3

SuperPoint 0.11 175.60 5.7

Ours 0.09 19.00 52.6
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4.3.3 Circular Trajectory

The circular trajectory introduces sustained rotational motion and continuous changes in

heading, placing greater emphasis on rotational false velocity compensation. Figure 17

and Figure 18 illustrate the estimated and ground truth position and velocity, respectively.

Figure 17: Estimated and ground truth position for circular trajectory.

Figure 18: Estimated and ground truth planar velocity for circular trajectory.
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Across all evaluated trajectories, the proposed method consistently achieves higher

estimation accuracy compared to classical ORB-based tracking and the frequency-domain

FPC approach, while maintaining substantially lower computational time than the learning-

based SuperPoint method, thereby achieving a favorable balance between accuracy and

real-time performance.

Table 9: Summary of performance for Trajectory 3 (circular). Frequency is computed as f =
1000/Tms.

Method RMSE (m) Comp. Time (ms) Freq. (Hz)

ORB 0.11 14.32 69.8

FPC 0.177 16.07 62.2

SuperPoint 0.16 164.30 6.1

Ours 0.087 22.00 45.5

4.3.4 Cylindrical Spiral Trajectory

The cylindrical spiral trajectory represents the most challenging experiment, combining

circular motion in the horizontal plane with continuous altitude variation. This trajectory

simultaneously stresses translational, rotational, and vertical estimation accuracy. Repre-

sentative position results are shown in Figures 19–20, and representative velocity results

are shown in Figure 21.
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Figure 19: Three-dimensional trajectory for cylindrical spiral motion.

Figure 20: Top-View of clyndrical spiral trajectory.

63



Figure 21: Estimated and ground truth velocity for cylindrical spiral trajectory.

Overall, the cylindrical spiral experiment demonstrates that the proposed system

maintains accurate and stable state estimation under simultaneous translational, rota-

tional, and vertical motion. The velocity estimates closely follow the ground truth, while

the 3D and top-view trajectory plots confirm consistent position tracking in the horizontal

plane. Quantitatively, the achieved RMSE values of 0.07 m in the x direction, 0.109 m in

the y direction, and 0.04 m in the vertical axis indicate reliable performance despite the

increased trajectory complexity. These results are obtained with an average computation

time of 19.32 ms per frame, confirming that the proposed approach preserves real-time

capability even in the most challenging experimental scenario.

4.4 Robustness Analysis

This section evaluates the robustness of the proposed system under varying environmen-

tal and operational conditions, including changes in lighting and commanded velocity.
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4.4.1 Effect of Lighting Conditions

To assess robustness to visual degradation, experiments are conducted under both normal

indoor lighting and reduced illumination. Performance is compared across identical tra-

jectories, and representative results are summarized in Figure 22. Despite reduced visual

quality, the proposed method maintains stable estimation performance.

Figure 22: Comparison of estimation performance under normal and low-light conditions.

4.4.2 Effect of Velocity Variations

Each trajectory is executed at multiple commanded velocities (0.3 m/s, 0.5 m/s, and 0.7

m/s) to evaluate sensitivity to motion intensity. Figure 23 illustrates the effect of velocity

scaling on planar position estimation accuracy. The results indicate that the proposed

system maintains stable performance across a wide range of speeds, with only a marginal

increase in error at higher velocities.
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Figure 23: Position RMSE across different commanded velocities.

4.5 Feature Selection and Adaptive Threshold Analysis

While the previous sections demonstrate improved estimation performance, this section

analyzes the internal behavior of the proposed feature selection mechanism to provide

insight into the source of these improvements.

4.5.1 Qualitative Feature Stability Comparison

This qualitative comparison illustrates the effect of the proposed feature selection mech-

anism at the image level. Classical ORB detection produces a dense set of features, many

of which are clustered in highly textured regions and are prone to short lifetimes. In con-

trast, the proposed CNN-based pruning retains a smaller subset of features that are more

evenly distributed and visually stable, which directly benefits downstream optical flow

tracking and state estimation.
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Figure 24: Qualitative comparison of feature detection on a representative frame. Right: classical
ORB feature detection showing dense and redundant features. Left: CNN-based feature selection
retaining fewer but more stable and well-distributed features.

4.5.2 Feature Count and Distribution

Figure 25 illustrates the number of detected and retained features over time. Compared

to classical feature extraction, the proposed method maintains a stable number of high-

quality features. In addition to Figure 26 shows the distribution of the retained features

versus all the features in a complete flight.

Figure 25: Number of detected and selected features over time.
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Figure 26: Distribution of the features in a flight.

4.5.3 Adaptive Threshold Behavior

The evolution of the adaptive CNN threshold and corresponding feature count is shown in

Figure 27. The threshold adapts smoothly to scene changes, ensuring consistent feature

availability.

Figure 27: Adaptive threshold evolution and corresponding number of selected features.
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4.5.4 Computational Performance

Finally, the computational efficiency of the proposed system is evaluated to assess its

suitability for real-time onboard deployment. Figure 28 presents a comparative analysis

of the average computation time per frame and the corresponding processing frequency

across the evaluated trajectories. The results indicate that the proposed method consis-

tently operates at high processing frequencies, well above the real-time requirements for

quadrotor navigation, while maintaining stable and predictable latency. Compared to

learning-based baselines, the proposed approach achieves a significantly lower compu-

tational cost, and, in contrast to classical methods, it preserves robust estimation perfor-

mance without sacrificing execution speed. These results confirm that the integration of

lightweight learning-based feature selection does not compromise real-time performance

and enables efficient onboard execution on resource-constrained aerial platforms.

Figure 28: Computation time and processing frequency across different trajectories. The pro-
posed method maintains real-time performance while achieving significantly lower computational
cost than learning-based baselines.
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4.6 Discussion and Limitations

While the proposed method demonstrates significant improvements in estimation accu-

racy and computational efficiency, several limitations remain that warrant further inves-

tigation.

Dependence on Visual Texture: The proposed framework relies on feature-based

optical flow, which inherently requires sufficient texture for reliable feature detection and

tracking. In low-texture environments or under poor lighting conditions, the number of

detectable features may be significantly reduced, leading to degraded velocity estimation

performance.

Generalization of the Learning Module: The CNN-based feature selection module

is trained on a specific dataset and may not generalize optimally to unseen environments

with different visual characteristics. Variations in lighting, motion blur, or scene structure

may affect the reliability predictions, potentially reducing the effectiveness of the feature

selection process.

Sensitivity to Dynamic Motion: Although the EKF provides robustness to noise,

the system may still experience performance degradation under aggressive maneuvers or

rapid changes in motion, where assumptions in the motion and measurement models are

violated.
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5 Conclusion and Future Work

5.1 Conclusion

This thesis presented a lightweight and adaptive framework for real-time quadrotor nav-

igation in GPS-denied environments, with a specific focus on improving the reliability

of visual feature tracking for optical flow–based state estimation. The core motivation of

this work was to address a fundamental limitation of classical visual–inertial navigation

systems: their strong dependence on the quality and stability of extracted visual features,

particularly when operating under challenging conditions such as low texture, varying

illumination, and aggressive motion.

To this end, a hybrid classical–learning-based architecture was proposed, combining

the computational efficiency of classical feature detection and optical flow with a com-

pact learning-based feature selection module. A lightweight convolutional neural net-

work was introduced to predict feature trackability using patch-level visual information

and survival-based supervision. Rather than replacing classical pipelines with heavy deep

learning models, the proposed approach selectively improves feature quality by prun-

ing unreliable features while preserving real-time performance on resource-constrained

aerial platforms.

An adaptive thresholding mechanism was further developed to regulate the number

of retained features dynamically, ensuring stable feature availability across different en-

vironments and motion regimes. The resulting filtered optical flow measurements were

combined with inertial and range sensing, with explicit compensation for rotationally in-

duced false velocities, and fused within an Extended Kalman Filter framework to produce

consistent estimates of the quadrotor state.

The proposed system was implemented fully onboard and evaluated through exten-

sive real-world flight experiments on the Quanser QDrone2 platform. Experimental
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results demonstrated that the method achieves improved position and velocity estima-

tion accuracy compared to classical optical flow baselines, while maintaining robust-

ness across multiple trajectories, lighting conditions, and flight speeds. In addition,

the lightweight design enabled real-time operation at high update rates, outperforming

learning-based alternatives that incur significant computational overhead. These results

validate the central hypothesis of this thesis: that selectively improving feature reliabil-

ity, rather than increasing feature density or model complexity, leads to more robust and

efficient navigation in GPS-denied environments.

Overall, this work contributes a practical and scalable solution for real-time onboard

navigation, bridging the gap between classical computer vision methods and learning-

based approaches. The ideas and findings presented in this thesis extend the accompa-

nying ICRA publication by providing deeper theoretical insight, system-level integration

details, and comprehensive experimental validation.

5.2 Future Work

While the proposed framework demonstrates strong performance and practical viability,

several promising directions remain for future research.

One natural extension of this work is the integration of the proposed feature selection

framework into a full visual–inertial odometry or SLAM pipeline. While this thesis fo-

cused primarily on planar velocity estimation and state fusion, incorporating the selected

features into long-term mapping and loop-closure frameworks could further reduce drift

and improve global consistency during extended missions.

Another important direction involves extending the learning-based feature selection

to account explicitly for semantic and geometric context. Incorporating additional cues

such as surface orientation, depth information from RGB-D sensors, or learned scene

semantics could further enhance feature stability in visually ambiguous environments.
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Additionally, exploring self-supervised or online adaptation strategies may allow the net-

work to continuously refine its predictions during deployment without offline retraining.

From a systems perspective, future work could investigate tighter coupling between

the feature selection module and the state estimator. Rather than treating feature pruning

as a preprocessing step, uncertainty-aware integration of feature confidence into the EKF

measurement model could provide more principled handling of visual measurement noise

and outliers.

Finally, the proposed framework is well suited for extension to more aggressive flight

regimes and higher-speed applications such as autonomous drone racing. Evaluating the

system under outdoor conditions, extreme illumination changes, and rapid altitude vari-

ations would further stress-test its robustness and help generalize the approach beyond

controlled indoor environments.

In summary, this thesis lays the groundwork for a new class of lightweight, adap-

tive, and learning-augmented navigation systems that preserve the efficiency of classical

methods while leveraging learning where it is most impactful. The insights gained from

this work open several avenues for future exploration toward fully autonomous, reliable,

and high-performance aerial navigation in GPS-denied environments.
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Appendices

A Appendix 1

Algorithm 1 Adaptive CNN Threshold Update

Require: τk, Nk, Ntarget, α

Ensure: τk+1

1: τmin← 0.50, τmax← 0.80

2: τk+1← τk +α(Nk−Ntarget)

3: if Nk < Ntarget then

4: Lower threshold to admit more features

5: else if Nk > Ntarget then

6: Raise threshold to suppress redundancy

7: else

8: No update

9: end if

10: τk+1←min(τmax, max(τmin,τk+1))

11: return τk+1

The adaptive threshold update operates in constant time and requires only the current

feature count. The bounded update rule prevents oscillatory behavior while ensuring

robust feature availability across varying visual conditions, making it suitable for real-

time deployment on embedded platforms.
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The work presented in this thesis has resulted in the following publication:

• A. Abosaad, J. Shan, “Lightweight Learning-Based Feature Selection for Real-

Time Optical Flow Navigation,” accepted for publication in the IEEE International

Conference on Robotics and Automation (ICRA), 2026.

Parts of this thesis are based on the above publication and have been extended with addi-

tional theoretical analysis, system-level integration, and experimental validation.
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