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Integration of a Laser Precision Landing System for UAVs in All-Weather and Dy-
namic Environments
Department of Microtechnology and Nanoscience
Chalmers University of Technology

Abstract

Autonomous unmanned aerial vehicle (UAV) landings in GPS-denied and visually
degraded environments remain a signi�cant challenge. Standard Global Navigation
Satellite System (GNSS) solutions are susceptible to multipath interference near
metallic structures and provide absolute rather than relative positioning, making
them unsuitable for landing on dynamic platforms. Passive visual sensors fail under
low light, fog, and direct glare, and introduce signi�cant processing latency.
This thesis integrates an active infrared precision landing system based on the Sixdof
Space Kipa optical sensor, which operates at up to 400 Hz across all lighting condi-
tions. A decentralized control architecture was developed combining a LattePanda
Mu companion computer with a Pixhawk 6C �ight controller. A custom C++ appli-
cation implements a three-stage signal processing pipeline (median �lter, chi-squared
outlier gate, 1D Kalman �lter), weather-adaptive proportional-integral-derivative
control with gain scheduling, a hierarchical descent governor, and a �nite state ma-
chine enforcing safe behavior under sensor loss and extreme conditions. Velocity
commands are transmitted to the �ight controller via the MAVLink protocol.
Simulation-in-the-loop across 24 test con�gurations demonstrated sub-centimeter
mean landing error under calm conditions, Excellent classi�cation (landing accuracy
within 300 mm) at steady wind speeds up to 15 m=s, and Excellent classi�cation at
turbulence intensities up to 7. Under a combined worst-case scenario of 15 m=s wind
and turbulence intensity 5, all �ve runs con�rmed touchdown with a mean error of
181:4 mm. The end-to-end pipeline latency was measured at 52 ms, satisfying the
75 ms design objective. Physical characterization of the Kipa sensor con�rmed sub-
3 cm depth accuracy at touchdown range and near-zero position noise. Hardware
bench integration was veri�ed through con�rmed motor spin-up under algorithmic
control.

Keywords: Unmanned Aerial Vehicles, Precision Landing, Active Infrared Tracking,
PID Control, MAVLink, GPS-Denied Navigation.
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1
Introduction

Autonomous unmanned aerial vehicle's (UAV) use in real-time monitoring, search
and rescue, security and surveillance, agriculture, civil infrastructure inspection and
emergency service has been expanding quickly and signi�cantly [1]. With its high-
speed growth and its versatile nature, UAV technology has also been improving
rapidly to satisfy the demands. Though UAVs are nowadays highly reliable in many
operations, landing them can still be very challenging [2] which the industry phrases
it as the "last meter problem".
Especially, when it comes to landing a drone on a moving platform, this "last meter
problem" can be even more challenging due to newly incurred external disturbances
and localization errors [3]. Apart from that, there are many missions conducted in
GPS-denied (Global Positioning System) environment (eg. around large structures
or inside warehouse ) which compels the industry to develop new landing techniques
such as vision-based landing. However, the environment of landing can sometimes
be even more unpredictable and complicated because situations like fog, heavy rain,
dark environment are common and can negatively a�ect certain types of sensors and
camera helping land the drone. Consequently, a robust system for UAV's landing
is urgently needed to mitigate or perhaps completely solve the environmental and
dynamic disturbances.

1.1 Problem Statement

Landing techniques that are currently widely used are standard global navigation
satellite system (GNSS) and real-time kinematic (RTK). But they inherently present
some limitations. In ideal conditions, they can achieve real-time centimeter-level
kinematic navigation. However, when environmental conditions deteriorate�such
as poor sky visibility or severe multipath e�ects near large metal structures�GPS
performance degrades, leading to signi�cant variations in the drone's tracking qual-
ity [4].
Another solution to avoid using GPS is vision-based landing and often links to the
use of �ducial markers (e.g., AprilTags [5]) which is capable of achieving high pre-
cision landing but at the same time, inevitably limited by its landing environment.
Fiducial markers, in essence, are arti�cial patterns like QR code or a certain reference
pattern for on board camera to recognize and help UAV to ascertain its position.
However, those markers often fail in low light conditions since it is passive system
(�ducial markers in the landing pad do not actively emit light or send signals to the
drone). More importantly, they are images and require image processing for the on
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1. Introduction

board computer, which can introduce signi�cant latency and make it less e�ective
in dynamically controlling the UAV when it comes to landing in a moving platform.

1.2 Proposed Solution

To overcome the limitations of GPS and vision-based landing in challenging envi-
ronments, we propose an active infrared precision landing system based on Sixdof
Space technology. The whole system comprises an onboard kipa sensor for real-time
detecting IR signals, and a ground map on which more than three IR beacons spread.
The system can update the UAV's six-degrees-of-freedom (6DoF) position at up to
400 Hz which is suitable for landing in challenging conditions like windy day and
moving platform needing very fast feedback for stable control. Instead of using pas-
sive markers on the ground, it uses beacons to emit infrared pulses actively on the
ground to function robustly from total darkness (0 lx) to direct sunlight (100 000 lx).

1.3 Objectives and Contributions

Our primary objective is to integrate our IR equipment on a multirotor drone and
validate the whole landing system is achievable by ensuring the data gathered by
the sensor can ultimately turn into commands to control UAV's individual mo-
tor. Since a typical moving landing platform (e.g. a ship deck or ground vehicle)
moves at frequencies well below 1 Hz, meaning its position changes meaningfully
over timescales of seconds. Against that movement, we set up a benchmark for the
su�cient real-time update rate.
Speci�cally, our goals include:

ˆ Overall system functionality: Integrate each component of the system to
fully realized actual landing ability. Once the sensor collects the data, the
system should be able to set drone's motors in motion in accordance with the
control algorithm.

ˆ Control algorithm: Develop a control algorithm that is robust to �ght
against adverse weather and environment. Ideally, the control algorithm should
land the drone within 0:5 m of the landing position, withstand strong wind up
to 7 m=s. The design should refrain from using any GPS data to prove it work
in GPS-denied environment.

ˆ Safety: Even if there is occasional malfunctions in software or the landing
condition is not met, the system should keep the UAV steady and avoid losing
control, i.e. causing the drone to crash or uncontrolled �ip-over.

ˆ Latency: Make sure the latency of the whole work�ow, from sensor's data to
ultimately sending the control commands, is less than 75 ms.

2



2
Theoretical Background

2.1 Six-Degree-of-Freedom Tracking

A rigid body in three-dimensional space has six degrees of freedom (6DoF) [6],
consisting of three translational degrees of freedom and three rotational degrees of
freedom. The translational degrees of freedom describe the position along the X, Y ,
and Z axes, while the rotational degrees of freedom describe the orientation about
these axes, commonly represented by roll, pitch, and yaw.

2.2 Infrared Beacon-Based Tracking

Infrared (IR) beacons can be used as active reference points for determining the
position of a mobile platform. By placing multiple beacons at known locations and
detecting their emitted signals using a sensor mounted on the platform, the relative
position of the platform can be estimated [7]. This principle has also been investi-
gated for autonomous UAV landing, where infrared beacons provide a cooperative
reference for landing guidance in environments where conventional positioning sys-
tems may be unavailable or unreliable.
In this thesis, an IR beacon-based tracking system is used to provide the UAV with
6DoF measurements during the landing process. The speci�c tracking hardware and
its con�guration are described in both Method chapter and Design and Implemen-
tation chapter.

2.3 MAVLink Communication Protocol

MAVLink (micro air vehicle link) is a lightweight binary communication protocol [8]
designed for communication between unmanned vehicles and external systems. It
is commonly used to exchange telemetry, state information, commands, and con�g-
uration data between a �ight controller, companion computer, and ground control
station.
MAVLink communication is message-based. Di�erent message types are de�ned for
di�erent categories of information, including vehicle state, position, velocity, �ight
mode, and control commands. This allows external systems to communicate with a
�ight controller using a standardized protocol.
In a UAV system containing a companion computer, MAVLink can be used to trans-
fer high-level commands from the companion computer to the �ight controller. The

3



2. Theoretical Background

�ight controller can also transmit vehicle-state information back to the companion
computer, providing feedback for the high-level control algorithm.
The use of MAVLink therefore allows the high-level control logic and low-level �ight-
control system to operate as separate components while maintaining a standardized
communication interface. The speci�c MAVLink messages and communication con-
�guration used in this thesis are described in the Method chapter.

2.4 Flight Controller

A �ight controller is responsible for the low-level control and stabilization of a UAV.
It receives desired motion or attitude commands and uses measurements from on-
board sensors to determine the actuator outputs required to achieve those com-
mands.
A typical �ight controller contains an IMU (inertial measurement unit), which pro-
vides measurements of acceleration and angular velocity. Additional sensors, such
as a barometer and magnetometer, may also be used to estimate the vehicle's state.
The �ight controller combines sensor measurements with an estimation algorithm
to obtain an estimate of the UAV's state. State estimation is necessary because
individual sensors provide incomplete or noisy measurements. The estimated state
can then be used by the �ight-control loops to stabilize the vehicle and control its
motion.
Extended Kalman �lters (EKFs) are commonly used in UAV �ight controllers for
state estimation. An EKF combines measurements from multiple sensors with a
model of the vehicle dynamics to estimate quantities such as position, velocity, and
attitude.
In the system considered in this thesis, the �ight controller is responsible for the
low-level stabilization of the UAV, while higher-level landing control is performed
externally. The speci�c �ight-controller hardware and its con�guration are described
in the Method chapter.

2.5 Sensor Filtering

Sensor measurements are a�ected by noise and disturbances. In a feedback-control
system, noisy measurements can result in unstable or undesirable control behavior
because the controller responds not only to the actual motion of the UAV but also
to measurement errors.
Filtering can therefore be applied to sensor measurements before they are provided
to the control algorithm. Di�erent �ltering methods are suited to di�erent types of
disturbances. In this thesis, a multi-stage �ltering approach consisting of a median
�lter, a statistical outlier gate, and a one-dimensional Kalman �lter is considered.

2.5.1 Median Filter

A median �lter is a nonlinear �ltering technique commonly used to suppress impul-
sive noise and isolated outliers. Instead of calculating the arithmetic mean of a set

4



2. Theoretical Background

of measurements, the median �lter sorts the measurements and selects the middle
value [9].
For a sliding window containing N measurements, the output can be expressed as

yk = median (x k ; xk�1 ; : : : ; xk�N+1 ) ; (2.1)

where xk is the current measurement and yk is the �ltered output.
The median �lter is particularly e�ective against isolated spikes because an extreme
measurement has limited in�uence on the median. However, its ability to reject
disturbances depends on the size of the sliding window and the duration of the
disturbance. A disturbance that persists over a su�ciently large portion of the
window may therefore pass through the �lter.

2.5.2 Chi-Squared Outlier Detection

Statistical outlier detection can be used to determine whether a new sensor mea-
surement is consistent with previously observed measurements. One approach is to
evaluate the measurement using a chi-squared statistical test [10].
Given a set of historical measurements hi , the sample mean can be calculated as

� =
1
N

NX

i=1

hi ; (2.2)

while the corresponding variance is

� 2 =
1
N

NX

i=1

(h i � �) 2: (2.3)

For a new measurement zk , its normalized squared deviation from the historical
mean can be expressed as

� 2 =
(zk � �) 2

� 2
: (2.4)

A su�ciently large value indicates that the new measurement deviates signi�cantly
from the distribution of the recent measurements. A threshold can therefore be used
to classify the measurement as either valid or an outlier.

2.5.3 Kalman Filter

The Kalman �lter is a recursive state-estimation method used to estimate the state
of a dynamic system from noisy measurements. It combines a prediction based on
a mathematical model with incoming measurements to produce an updated state
estimate.
For a discrete-time linear system, the state and measurement models [11] are given
by

xk = F kxk�1 + B kuk + w k ; (2.5)

5



2. Theoretical Background

zk = H kxk + v k ; (2.6)

where xk is the system state, uk is the control input, zk is the measurement, and
Fk and Hk are the state-transition and observation matrices. The terms wk and vk

represent process and measurement noise, respectively.
The �lter operates in two steps. First, the state is predicted using the system model:

x̂kjk�1 = F k x̂k�1jk�1 + B kuk : (2.7)

When a new measurement becomes available, the prediction is corrected using the
Kalman gain:

x̂kjk = x̂kjk�1 + K k

�
zk � H k x̂kjk�1

�
: (2.8)

The Kalman gain determines the relative in�uence of the prediction and the mea-
surement based on their respective uncertainties. The speci�c state model and �lter
parameters used in this thesis are described in the Method chapter.

2.6 Ground Control Station

A ground control station (GCS) is a software application used to communicate with
and monitor a UAV �ight controller. GCS software can provide information about
vehicle state, �ight mode, position, and system status while also allowing the user
to con�gure �ight-controller parameters.
GCS applications commonly communicate with the �ight controller using MAVLink.
Depending on the �ight-control software, a GCS can also be used for tasks such
as sensor calibration, parameter con�guration, mission planning, and �ight-mode
selection.
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3.1 The Sixdof Space Falcon Tracking System

Sixdof Space Falcon is the speci�c product type we are using to provide precise
and real-time 6DoF data [12]. By attaching the Kipa sensor (optical sensor) to the
drone[13], the Sixdof Space Falcon is able to collect the 3D coordinates (X; Y; Z) and
orientation angles (Roll, Pitch, Yaw) of a UAV. With centimeter-level accuracy and
an angle detection with less than 0:5� deviation, the system is suitable for precision
drone landing[14].

Figure 3.1: Sixdof Architecture

3.1.1 Hardware Architecture

The Falcon hardware development kit consists of three crucial components which
are the beacons, the beacon driver board and the Kipa sensor (see Fig. 3.1) [13].
The beacons and its driver board are set on the ground to provide spatial references
to the Kipa sensor[14].
There are a wide range of beacon types to choose between. However, they are
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fundamentally three types, which are low-power (0:5 W) beacons for close tracking
(up to 7:6 m), high-power (4:6 W) HYF beacons for tracking up to 23:5 m and even
very-high-power (144 W) HYFS16 beacons for tracking up to 100 m [15]. In our case,
we use 4 low-power beacons (see Fig. 3.2) for close-range tracking and 4 high-power
HYF beacons (see Fig. 3.3) for tracking over 10m height.

These beacons are powered by the beacon driver board. Using di�erent driver board
means di�erent power consumption and di�erent maximum tracking distance even
for the same type of beacon. The driver board powers our low-power beacons at
0:5 W with maximum tracking distance of 7:6 m and our high-power beacons at 4:6 W
with maximum tracking distance of 23:5 m. The receiving end of Falcon system is
the Kipa sensor, which is equipped with optical �lters to eliminate noise caused by
ambient light[14].

Figure 3.2: Low Power Beacon Figure 3.3: HYF Beacon

3.1.2 Falcon's Advantages

One area where the Falcon system distinguishes itself from vision-based system is
that the Kipa sensor directly detects the pulses from the beacons. Although this
active tracking requires a power source on the landing pad, it accelerates the whole
tracking by not needing to process pixel-based image which could be very slow. It
also requires less ambient light since the beacons emit IR signals on their own.

The Falcon system is also inherently better than a GPS-based landing procedure
because it works in GPS-denied environment. After the Kipa sensor receives the
IR signals, it streams the compressed optical data through User Datagram Protocol
(UDP) to the host computer, where the Falcon's software will calculate the 6DoF
pose in 2:5 ms (400 Hz refresh rate) [14]. Operating at this refresh rate, which
signi�cantly surpasses the typical 10-20 Hz refresh rate [16] of RTK or GNSS based
landing, the Falcon ensures near-zero latency which is crucial for steady control in
challenging tasks.
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3.2 LattePanda Mu and Lite Carrier Platform

The LattePanda Mu with Lite Carrier is our host computer on-board for processing
the raw 6DoF data and ultimately turning them into commands that are recog-
nized by the �ight controller. It has a Intel N100 x86 processor running Ubuntu
Linux [17]. The Lite Carrier board is equipped with a Gigabit Ethernet port [18]
for receiving 6DoF data from the Kipa sensor via UDP. The board also has multiple
USB ports that can supply 5 V power to the Kipa sensor. Once the data received,
the control algorithm on LattePanda will start processing and sending commands
to �ight controller (Pixhawk).

3.3 MAVLink and Pixhawk Flight Controller

While LattePanda Mu does the heavy-lifting of our control logic, Pixhawk is respon-
sible for low-level control. MAVLink is the communication protocol to make them
work together.

3.3.1 MAVLink Communication Protocol

In our project, MAVLink bridges the LattePanda host computer and the Pixhawk
�ight controller. That means when the control logic �nishes the calculation based
on the sensor data and starts generating velocity commands to correct the path of
the UAV, all of those commands are packaged into MAVLink messages and then
transmitted to the Pixhawk �ight controller. Pixhawk will recognize these MAVLink
messages and execute the low-level control to spin the motors. Pixhawk also uses the
MAVLink protocol to stream back the drone's status so that the control algorithm
can make adjustment based on the commands to drone.

3.3.2 Pixhawk 6C

Pixhawk 6C is the �ight controller that executes the lowest-level control in our sys-
tem. It translates the commands sent by our control algorithm, into pulse width
modulation (PWM) signals that physically drive the motors on the drone. It con-
tains a STM32H743 ARM Cortex-M7 processor working at 480 MHz and is itself a
sensor too with inertial measurement units, a barometer and a magnetometer [19].
It is also equipped with a vibration isolation system that can �lter high-frequency
mechanical noise from the motors to ensure its sensors are reading correct data dur-
ing �ight. Inside the Pixhawk, there is also an EKF that continuously estimates the
state of the drone such as velocity, position and altitude. EKF essentially serves as
the 'glue' to combine all the Pixhawk's sensor data and produces accurate informa-
tion about the drone's status.
Pixhawk also communicates with ground control. In our actual hardware integra-
tion, the QGroundControl is used. Ground control can override the UAV's �ight
mode if necessary, and the Pixhawk is continuously sending the Armed status (i.e.,
motors are enabled and ready to spin) and �ight mode information back to our
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control algorithm in LattePanda, enabling the algorithm to adjust the generated
commands.

Figure 3.4: Pixhawk 6C

3.4 Ground Control Station Software

GCS is the application used for communicating with the �ight controller via MAVLink.
It plays a vital role in UAV's mission because it not only monitors the �ight status
and �ight mode of the UAV, but also con�gures the �ight controller such as calibrat-
ing sensors on the �ight controller, overriding the �ight mode of the drone, changing
the parameters of �ight controller, etc. Two di�erent GCS applications are used in
this project which are Mission Planner and QGroundControl (QGC).

3.4.1 Mission Planner

Mission Planner is a open-source GCS based on ArduPilot �rmware. The key fea-
ture we need in our project is its built in software-in-the-loop (SITL) simulation
environment [20]. It can simulate a virtual ArduPilot-based �ight controller and
drone in its software so we can easily simulate our control logic on a PC. It allows
our algorithm in LattePanda to directly send velocity commands via MAVLink to
control the virtual drone on its software. Mission Planner also sends back the drone's
position data as a feedback to our control algorithm without using an actual sensor.
This simulation set up allows us to test the functional correctness of our control
algorithm without setting up any physical component.

3.4.2 QGroundControl

QGroundControl (QGC) is an open-source GCS applicaiton as well which is com-
patible with our PX4-based [21] �ight controller Pixhawk 6C. We used it during
our physical hardware integration and bench test. Essentially, it clearly states the
Pixhawk's arm status and its �ight mode to the users and allows users to con�gure
the EKF2 (second-order extended Kalman �lter) parameters to instruct Pixhawk
how to fuse position data from our Kipa sensor to determine the drone's arm status
and �ight mode.
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3.5 Multi-Stage Filtering

In dynamic outdoor environment, optical sensor is susceptible to signal degradation,
including impulse noise from rain drops and Gaussian noise from nearby environ-
ment. To ensure the control stability, raw positional data must go through the
�ltering pipeline consisting of a median �lter, a chi-squared outlier gate, and a 1D
Kalman �lter.

3.5.1 Median Filter

The �rst stage of the �lter pipeline addresses impulse noise caused by momentary
obstruction that blocks the Kipa sensor. The median �lter is a technique that guards
the data reading from isolated spikes. For a sliding window of size N, it outputs the
middle value [9]:

yk = median(x k ; xk�1 ; : : : ; xk�N+1 ) (3.1)

However, it does not protect against sustained bad readings last more than or equal
to half of the total frames. We use in total N = 5 frames so it cannot protect bad
readings last more than 2 frames.

3.5.2 Chi-Squared Outlier Gate

To counter sustained bad readings or multiple spikes in the data that bypass the
median �lter, we employed a chi-squared outlier gate [10] to evaluate the plausibility
of a new measurement zk coming from the Median Filter. It keeps a history of last
20 validated readings and calculates their sample mean � and variance �2.

� =
1
N

NX

i=1

hi (3.2)

� 2 =
1
N

NX

i=1

(h i � �) 2 (3.3)

where N = 20 is the history window size and hi denotes the i-th validated reading
in the history bu�er. Then it computes the squared Mahalanobis distance between
the newly read data and the mean of the recent 20 validated history data:

� 2 =
(zk � �) 2

� 2
(3.4)

If � 2 exceeds a prede�ned threshold � (in this case, � = 9:0 for a 3� con�dence
interval), the measurement is rejected, and the �lter outputs the last validated data.

3.5.3 1D Kalman Filter

The �nal stage applies a discrete-time 1D Kalman �lter [22] independently to each
spatial axis to reduce residual Gaussian noise and produce a velocity estimate along-
side the cleaned position output.
The �lter has a two-element state vector of position and velocity on a single axis:
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xk =

"
pk

vk

#

(3.5)

where pk 2 R denotes the position estimate and vk 2 R the velocity estimate along
a single axis at time step k. Since the Kipa sensor measures only position, velocity
is not directly observed but inferred from how all the position changes between two
successive callbacks. The �lter operates in two steps on every sensor update:
Prediction: It uses a constant-velocity kinematic model, the �lter estimates where
the drone should be before the new measurement arrives:

p̂kjk�1 = p̂ k�1 + v̂ k�1 � �t (3.6)

v̂kjk�1 = v̂ k�1 (3.7)

where p̂kjk�1 and v̂kjk�1 are the predicted position and velocity at step k given all
information up to step k � 1, p̂ k�1 and v̂k�1 are the previous estimates, and �t is
the time elapsed since the preceding sensor callback.
Update: Upon receiving a validated measurement zk from the chi-squared outlier
gate, the �lter corrects its prediction. The Kalman gain Kk determines how much
weight is given to the new measurement versus the kinematic prediction � a high
gain trusts the sensor measurement more, while a low gain relies more on kinematic
prediction when the sensor signals are degraded:

K k = P kjk�1 H T (HP kjk�1 H T + R) �1 (3.8)

x̂kjk = x̂kjk�1 + K k(zk � H x̂kjk�1 ) (3.9)

where Pkjk�1 2 R2�2 is the predicted error covariance matrix, H 2 R1�2 is the
observation matrix that maps the state vector to the scalar measurement space,
R 2 R is the measurement noise variance, and zk 2 R is the validated position
measurement passed by the chi-squared outlier gate. The term (zk � H x̂kjk�1 ) is
the innovation which is the signed discrepancy between the observed and predicted
position. The updated state estimatex̂kjk blends the prior prediction with this
innovation, weighted by the Kalman gain Kk 2 R2�1 . The �lter produces two
outputs that feed directly into the control pipeline. The noise-reduced position p̂k
replaces the raw sensor reading as the input to the PID error calculation. The
velocity estimate v̂k , derived fully from observing position changes over time, is
given to the PID to help anticipate the drone's current motion and issue smoother
velocity commands during descent.

3.6 PID Control

The proportional-integral-derivative (PID) controller is a robust feedback control
mechanism utilized to drive a system's actual state toward a target state (Set-
point) [23]. In the context of 6DoF drone tracking and precision landing, the sys-
tem requires independent control across 3 spatial dimensions. Consequently, three
separate PID controllers are deployed for the X, Y (Altitude), and Z axes [24].
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For a speci�c axis, the controller continuously calculates an error signal, e(t), which
represents the di�erence between the target position and the current sensor reading
at time t:

e(t) = Target � Current(t) (3.10)

The control signal u(t), which corresponds to the velocity commands sent to the
�ight controller via MAVLink, is the sum of three distinct operational terms:

u(t) = K pe(t) + K i

Z t

0
e(� )d� + K d

de(t)
dt

(3.11)
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4
Design and Implementation

4.1 System Overview

To understand the various subsystems of this project, there is a visualization of the
whole system as shown in Figure 4.1. The core processing takes place on the host
computer (LattePanda), which runs the control algorithm for landing.

The position data comes directly from the Sixdof Kipa optical sensor mounted on
the UAV, which tracks the ground-based IR Beacons. The LattePanda processes
these real-world coordinates through three �lters alongside PID control logic and
generates velocity commands. These commands are sent via the MAVLink from
UDP to the physical serial/UART connection on the Pixhawk Flight Controller to
actuate the drone motors.

Figure 4.1: System Architecture
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4.2 Hardware Integration

The physical integration of this precision landing system relies on a decentralized
computing architecture. The LattePanda companion computer acts as the primary
processing node, interfacing simultaneously with the Sixdof Kipa optical sensor and
the Pixhawk �ight controller.

The Kipa sensor is connected to the LattePanda through a Ethernet cable, trans-
mitting high-frequency compressed optical data via UDP packets, and through a
USB-MicroUSB cable for power supply. At the same time, the LattePanda is con-
nected to the Pixhawk �ight controller through a USB-MicroUSB (for bench test
only) or serial interface (TELEM2 for actual �ying). Because the control algorithm
generates MAVLink velocity commands via a UDP port, a routing utility known
as MAVProxy is deployed in the background on LattePanda. MAVProxy acts as a
network bridge, capturing the UDP packets generated by the the control algorithm
and forwarding them through the physical cable to the Pixhawk �ight controller,
while simultaneously routing telemetry data back to the ground control station via
an Ethernet cable (for bench test only) or a telemetry radio (for actual �ying).

During hardware operation, QGroundControl (QGC) runs on a ground operator lap-
top and connects to the telemetry radio. QGC provides the operator on ground with
the Pixhawk's arm status, active �ight mode, EKF2 health, and sensor diagnostics.
Before each �ight the operator need to use QGC to con�rm that: (1) The EKF2 has
accepted the position data feed from the Kipa sensor. (2) The host computer has
successfully commanded Offboard mode, visible in QGC's �ight mode indicator.
(3) The drone is armed, con�rmed by the arm status indicator. If these conditions
are not met, the operator can abort the mission before the autonomous precision
landing begins.

4.2.1 Optical Tracking Con�guration

As mentioned in Chapter 2, the proprietary Kipa sensor actively tracks the 6DoF
data of the UAV. However, in the con�guration of it, it is worth to note that unlike
the usual perception of the axes, X and Z constitute the horizontal position data,
while Y constitutes the altitude data.

To provide a robust spatial tracking, a constellation of eight IR beacons is geometri-
cally distributed around the corners or boundary of the landing pad. Normally, The
e�ective tracking range is proportional to the extent of separation between the bea-
cons. The longer the tracking distance, the larger separation space is needed which
means a larger landing pad is needed. For our tracking range (approximately 20 m),
The precise coordinates of the beacons (x; y; z), measured in meters, are con�gured
as Table 4.1.

As illustrated in Table 4.1, the beacons are taped on a landing pad which has a
perimeter of 0:5 m � 0:4 m, on the ground (Y = 0). This speci�c con�guration
guarantees that the Kipa sensor maintains line-of-sight (LoS) with multiple beacons
simultaneously, regardless of the UAV's yaw orientation during the descent.
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Table 4.1: Spatial Coordinates of the IR Beacon Constellation

Beacon ID X (meters) Y (meters) Z (meters)

B1 0.25 0.00 0.20

B2 -0.25 0.00 0.20

B3 -0.25 0.00 -0.20

B4 0.25 0.00 -0.20

B5 0.00 0.00 0.20

B6 -0.25 0.00 0.00

B7 0.00 0.00 -0.20

B8 0.25 0.00 0.00

4.2.2 MAVLink Routing Architecture

The Pixhawk 6C connects to the LattePanda via a USB serial cable. Since both the
control application and QGroundControl need to communicate with the Pixhawk
simultaneously over this single cable, the mavlink-router runs as a background
daemon on the LattePanda to manage the tra�c.
mavlink-router sits between three endpoints. It connects to the Pixhawk over
the serial port. It forwards telemetry to QGroundControl on the ground laptop via
UDP. It also communicates with the control application locally on the LattePanda.
For incoming telemetry, mavlink-router forwards HEARTBEAT messages from the
Pixhawk to the control application via UDP. The application reads these to monitor
�ight mode and arm status.
For outgoing commands, the control application sends computed velocity commands
to mavlink-router via transmission control protocol (TCP). The mavlink-router
then forwards them to the Pixhawk over the serial cable. The TCP_NODELAY option
is set to ensure that each command is sent immediately without bu�ering.

4.2.3 EKF2 Vision Integration

For the Pixhawk to use the Kipa sensor as its position reference instead of GPS, the
�ltered position data must be sent to the Pixhawk's EKF2 in a format that it under-
stands. PX4 �rmware provides a dedicated MAVLink message for this purpose: The
control application sends the VISION_POSITION_ESTIMATE message to the Pixhawk
every 20 ms, carrying the Kipa's �ltered (x; y; z) position. Upon receiving it, the
EKF2 treats this as an external vision position source and fuses it with the IMU
data to maintain a stable state estimate without GPS.
This replaces GPS as the primary position data source in the EKF2, which simply
tells Pixhawk that the autonomous landing does not need any GPS to work. The
relevant PX4 parameters are con�gured via QGC as follows:

ˆ EKF2_EV_CTRL = 15 � enables the fusion of vision position data and velocity
into the EKF2 state estimate

ˆ EKF2_HGT_REF = 3 � sets vision as the primary height reference, replacing
the barometer
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ˆ EKF2_EV_DELAY = 0 � instructs the EKF2 not to apply any time-delay com-
pensation for the incoming vision position data and indicates the delay is neg-
ligible.The end-to-end delay from sensor capture to EKF2 receipt is reasonably
small so that compensation would not improve state estimation accuracy for
a low-speed precision landing approach.

4.2.4 Ground Station Monitoring

During hardware integration and bench testing, QGroundControl runs on a ground
operator laptop and connects to the LattePanda via Ethernet (bench) or a telemetry
radio (�ight). The user needs QGC to verify three conditions before each test:

1. The EKF2 has accepted the Kipa vision position estimate, indicated by
Ready-to-Fly status.

2. The host computer has successfully commanded Offboard mode, in QGC's
�ight mode indicator.

3. The drone is Armed, con�rmed by the arm status indicator turning green.
If any condition is not met, the operator aborts before the autonomous landing
begins.

4.3 Software Architecture

The precision landing application is developed in C++ to guarantee low-latency
execution and e�cient memory management.

4.3.1 Dual-Execution Modes

The control application supports two execution con�gurations in our self-de�ned
mode selection (#define SIMULATION_MODE).
In simulation mode, the application connects to Mission Planner's ArduPilot SITL
environment via TCP, receiving simulated drone position from the
LOCAL_POSITION_NED MAVLink stream. This con�guration was used for the sys-
tematic robustness testing reported in the result chapter, where con�gurable wind
disturbances parameters were con�gured into the simulation physics model to eval-
uate the control algorithm across a wide range of conditions before physical deploy-
ment.
In hardware mode, the application subscribes to the Sixdof SDK's Pose6Dof call-
back, receiving live 6DoF position data from the physical Kipa sensor. This con-
�guration runs on the LattePanda with the PX4-powered Pixhawk 6C, using QGC
as ground control. The control logic is identical between both modes � only the
position data source and communication target di�er.

4.3.2 Concurrency Model

To ensure the high-frequency control loop is never blocked by network latency,
the application uses three concurrent threads communicating through std::atomic
shared variables [25]:
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ˆ Sensor thread: It reads the �lter pipeline and PID controllers on each new
Kipa frame at up to 400 Hz and writes computed velocity commands to atomic
variables.

ˆ TX thread: It reads velocity atomics and transmits
SET_POSITION_TARGET_LOCAL_NED MAVLink messages at a �xed 10 Hz, in-
dependent of sensor state. This rate is chosen for two reasons: it satis�es
PX4's Offboard mode keepalive requirement, which triggers a Failsafe if
nothing is received within 500 ms, while remaining well within the serial link's
115 200 Bd bandwidth constraint. Transmitting at the full 400 Hz sensor rate
would exceed the available serial bandwidth and is unnecessary for the rela-
tively low-speed precision landing approach.

ˆ RX thread: It waits for HEARTBEAT messages from the Pixhawk, forwarded
via mavlink-router. The HEARTBEAT is a standard MAVLink message that
the Pixhawk broadcasts automatically at 1 Hz. It is a health signal that con-
�rms the �ight controller is still active [26]. Other than that, it also carries the
Pixhawk's current �ight mode and arm status. The RX reads these two values
and writes them to atomic variables, allowing the state machine (Section 4.3.3)
to monitor the Pixhawk's operational state and trigger the appropriate transi-
tions. For example, it con�rms that Offboard mode has been accepted before
it needs to start landing phase.

4.3.3 Finite State Machine

The system's operational behavior is governed by a Finite State Machine (FSM)
implemented as an std::atomic<SystemState> variable, ensuring safe reads across
all three threads. Four states are de�ned:

ˆ STANDBY � The system remains in this state on startup, waiting until
three conditions are met: the EKF2 has a valid position estimate, the Pixhawk
has accepted Offboard mode, and the motors are armed.

ˆ LANDING � The active landing state in which the PID controllers issue
continuous velocity commands toward the pad center. The system remains
in this state as long as the Kipa sensor maintains locking on the landing
pad's beacons and the weather severity (in Section 4.4.2) is within acceptable
bounds.

ˆ LOITER � Entered this state when either the Kipa sensor loses tracking on
the beacons or the weather severity reaches EXTREME. The descent is halted
and all velocity commands are set to zero, causing the drone to hold its current
position until the conditions are improved.

ˆ TOUCHDOWN � Entered this state when both the horizontal and verti-
cal errors is in the tolerance limit, con�rming a successful landing. Velocity
commands are zeroed and the system waits for the operator to disarm the
motors.

Key state transitions based on the conditions discussed above:
ˆ STANDBY ! LANDING
ˆ LANDING ! LOITER
ˆ LOITER ! LANDING
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ˆ LANDING ! TOUCHDOWN

4.3.4 Automated Arming and O�board Switching

As described in Section 4.3.3, the system exits STANDBY only when EKF2 has position
data, Offboard mode is con�rmed, and the motors are armed. This subsection
describes how those three conditions are achieved through our control application,
independent of the FSM:

1. EKF2 stability check � the RX thread closely monitors the altitude data
reported by LOCAL_POSITION_NED. Once it reports non-zero values (greater
than 5 cm) for at least 3 s, the EKF2 has produced a valid position estimate
and the sequence proceeds.

2. O�board mode switch � A mode change command is sent to the Pixhawk
6C via MAV_CMD_DO_SET_MODE, requesting it to enter Offboard mode. PX4
has a very strict safety requirement for this: it will accept the switch into
Offboard mode only if velocity setpoint messages are being streamed to it
continuously. Without an active stream, PX4 rejects the request to prevent the
drone from entering autonomous control without a solid command source. This
requirement is satis�ed by the TX thread, which transmits velocity commands
at 10 Hz continuously once the program starts. When the sensor is tracking, it
sends the latest computed velocity commands. When the sensor loses lock, it
continues streaming the last known values, keeping the Offboard connection
alive until the state machine detects the dropout and zeros the commands by
transitioning to LOITER.

3. Arm command � once Offboard mode is con�rmed by the incoming
HEARTBEAT, MAV_CMD_COMPONENT_ARM_DISARM is sent to arm the motor. If the
drone is subsequently disarmed unexpectedly, all �ags reset and the sequence
restarts automatically.

4.4 Control Algorithm Implementation

4.4.1 Control Objective

The objective of the control algorithm is to guide the UAV to the geometric center
of the landing pad. Let the UAV's position at time t be P(t) = [X(t); Y (t); Z(t)] T .
The algorithm continuously computes corrective velocity commands to drive the
spatial error vector to zero:

lim
t!T land

E(t) = lim
t!T land

2

6
4

0 � X(t)
0 � Y (t)
0 � Z(t)

3

7
5 =

2

6
4

0
0
0

3

7
5 (4.1)

4.4.2 Signal Processing Pipeline

Raw position data from the Kipa sensor needs to go through three sequential stages
before reaching the PID controllers. Each axis (X; Y; Z) is processed independently.
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Median Filter
The median �lter is instantiated with a sliding window of N = 5 samples, rejecting
single-frame impulse anomalies. For example, a raindrop that momentarily obscures
an IR beacon.

Chi-Squared Outlier Gate
The outlier gate is con�gured with a 20-sample history window and threshold � = 9:0
(� 3�). If a new measurement causes the Mahalanobis distance to exceed � , it is
rejected and the last valid coordinate is held, preventing the PID from reacting to
erroneous bursts caused by environmental occlusions.
However, a prior implementation of this gate introduces a deadlock problem. If the
drone is genuinely displaced to a new position by a sustained gust, every subsequent
reading from that new position will be rejected because the 20-sample history still
re�ects the old position. The history never updates because only accepted values
enter it, causing the gate to permanently report the old position regardless of how
long the drone remains at the new one.
To resolve this, a consecutive rejection counter was added. If �ve consecutive mea-
surements are rejected, the gate concludes the drone has genuinely moved to a new
position rather than experiencing a transient spike. It then resets the history win-
dow, accepts the new position, and resumes normal operation:

ẑk =

8
>><

>>:

zk if � 2 � � (accepted)

zk if rejection count � 5 (history reset)

zlast otherwise (rejected)

(4.2)

The �ve-rejection threshold corresponds to approximately 100 ms at the sensor call-
back rate. A displacement persisting longer than 100 ms is treated as genuine drone
movement rather than sensor noise, allowing the gate to track the drone's true po-
sition under sustained wind disturbance while still rejecting brief transient spikes.

Kalman Filter and Weather Estimation
The 1D Kalman �lter is for mitigating residual Gaussian noise that passes through
the previous two stages and produces a velocity estimate used by the PID controller
during descent. An important tuning parameter is the measurement noise R, which
controls how much can the �lter trust the incoming sensor measurements versus its
own kinematic prediction. A higher R indicates less trust in the sensor. The baseline
values are set to R = 0:020 for the horizontal axes (X; Z) and R = 0:010 for the
vertical axis (Y ). This smaller R in Y means the higher importance of altitude
accuracy during descent.
To adapt the �lter's behavior to changing outdoor conditions, a WeatherEstimator
module runs alongside the �lter and continuously estimates the current level of
disturbances in environment. It achieves this by measuring how much the raw sensor
readings deviate from the Kalman �lter's output. Larger deviations indicate more
turbulent or noisy conditions. Speci�cally, for each sensor callback, the horizontal
residuals rx and rz which are the di�erences between the raw chi-squared outlier
gate output and the Kalman �lter's smoothed estimate on the X and Z axes, are
combined together into a single magnitude:
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mi =
q

r 2
x;i + r 2

z;i (4.3)

The root mean square (RMS) of this magnitude is then computed over a rolling
window of the last N = 40 samples:

s =

vu
u
t 1

N

NX

i=1

m2
i (4.4)

Based on the s, the environment is divided into four severity levels. This sever-
ity level is then used to dynamically adjust both the Kalman �lter's measurement
noise R and the PID gain scaling factors throughout the descent, as described in
Section 4.4.4.

4.4.3 Discrete-Time PID Implementation

Three independent AdaptivePID instances control the X, Y , and Z axes. Although
digital controllers inherently operate in discrete time, we implement a dynamic time
step �t rather than a �xed time step. The Kipa sensor keeps sending position data
at up to 400 Hz but with minor variations due to scheduling jitter, described in
Section 5.4.2. Using a �xed �t would introduce systematic errors into the integral
accumulation and derivative calculation on every callback. Instead, �t is measured
precisely on each callback using a high-resolution clock, ensuring mathematically
correct integration and di�erentiation regardless of timing variations.
The discrete approximations at the k-th callback are as follows.
Proportional term:

Pk = K p � ek (4.5)

Integral term:

IntegralErrork = IntegralError k�1 + (e k � �t); I k = K i � IntegralError k (4.6)

Derivative term:
Dk = K d �

ek � e k�1

�t
(4.7)

Output:
uk = P k + I k + D k (4.8)

The base gains were determined empirically through iterative tests in the Mis-
sion Planner's SITL environment. We progressively increase each gain from zero
while observing the drone's convergence behavior under simulated wind conditions.
The �nal values are (Kp; K i ; K d) = (0:80; 0:15; 0:06) for the horizontal axes and
(1:00; 0:10; 0:00) for the vertical axis. The vertical axis uses zero derivative gain be-
cause altitude control takes precedence. A smooth, steady descent is more important
than fast error correction which could lead to erratic throttle commands.
It should be noted that these gain values are speci�c to the drone simulated. UAVs
of di�erent frame sizes, motor con�gurations, or payload weights will have di�erent
responses to the same velocity commands. Generally, a heavier drone accelerates
more slowly, while a lighter drone may overshoot more easily. Consequently, the
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base gains in here should be treated as a starting point rather than universal prac-
tices. Any change in drone or payload variation would require the gain values to be
reconsidered and retested before any implementation.

4.4.4 Weather-Adaptive Gain Scheduling

The gain scheduling mechanism depends on a real-time severity classi�cation pro-
duced by a WeatherEstimator module. The estimator continuously calculates the
RMS of the horizontal positional residuals which are the di�erence between the chi-
squared gate's accepted output and the Kalman �lter's smoothed prediction in over
a rolling window of N = 40 samples:

s =

vu
u
t 1

N

NX

i=1

m2
i ; mi =

q
r 2

x;i + r 2
z;i (4.9)

This residual is large only when the position signal changes faster than the Kalman
�lter can track, which occurs under turbulent gusts rather than steady wind. Be-
cause a constant wind speed of any magnitude produces a smooth, predictable tra-
jectory that the Kalman �lter follows closely, keeping the residual near zero. There-
fore, the score s is a indicator for turbulence intensity rather than the absolute wind
speed.
Based on this score, the environment is divided into four severity levels:

ˆ CALM � s < 0:03 m: signal stable, no disturbance detected
ˆ MODERATE � s < 0:08 m: mild turbulence, slightly degraded signal
ˆ SEVERE � s < 0:18 m: signi�cant turbulence, �lter prediction less reliable
ˆ EXTREME � s � 0:18 m: heavy turbulence, position signal highly erratic

Because the score is averaged over 40 samples, spikes dilute progressively into them
as new calm samples enter the window while the old spike samples age out. Hence,
severity levels re�ect a short-term history of disturbance rather than instantaneous
noise.
At each control cycle, the e�ective PID gains are scaled by the current severity [27]:

Table 4.2: PID Gain Scaling Factors per Weather Severity Level

Severity CALM MODERATE SEVERE EXTREME

� p 1.00 0.85 0.70 0.55

� i 1.00 0.70 0.40 0.15

� d 1.00 0.80 0.60 0.40

Under SEVERE or EXTREME conditions the integral accumulator is nearly frozen in
order to prevent windup. That means when the position signal is highly erratic,
allowing the integral to continue accumulating would cause it to build commands
based on corrupted measurements, which potentially, can drive the drone in the
wrong direction once conditions improve. The complete control output at severity
level � is:

uk = � pK p ek + � i K i I k + � dK d
ek � e k�1

�t
(4.10)
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4.4.5 Derivative Filtering and Velocity Feed-Forward

The derivative term of a PID controller reacts to how quickly the error is chang-
ing. In theory this helps the controller reduce oscillation. The raw �nite-di�erence
approximation is shown as follows:

ek � e k�1

�t
(4.11)

But it creates a problem in actual practice. The position data from the Kipa sensor,
even after our 3 stage �lters, still contain small residual noise or �uctuations between
consecutive readings. When two noisy readings are subtracted and divided by a
very small time step at 400 Hz, those tiny di�erences become large numbers. The
derivative term therefore sees rapid and probably random �uctuations that have
nothing to do with actual drone motion, but it commands the drone to correct noise
that is too small and should be ignore in practice. This will lead to a drone that
twitches and jerks rather than making a smooth descent.
To address this problem, a �rst-order exponential moving average (EMA) �lter is
applied in the derivative term before it enters the PID output. Rather than using
the raw derivative directly, the �lter mixes it with the previous result:

d�lt
k = �

ek � e k�1

�t
+ (1 � �) d �lt

k�1 (4.12)

Values of � = 0:20 for the horizontal axes and � = 0:40 for the vertical axis are used
in this case. Stronger smoothing is applied to the horizontal axes since horizontally,
the X, Z position data tend to carry more noise from environmental disturbances.
The vertical axis smoothing is not as great as horizontal axes because altitude data
are tend to be more stable. Also, the descent governor uses the horizontal error
to decide whether the drone's vertical descent is permitted at all, that means the
vertical PID must respond cleanly to altitude changes once descent is allowed.
Besides the �ltering, the derivative channel in PID also includes a velocity term.
The standard PID only reacts once a position error already exists. But by the
time it detects those errors, the drone is moving fast toward the pad, which might
be overshot slightly. The Kalman �lter provides a real-time velocity estimate vKF

that tells the PID how fast the drone is currently moving which provides a timely
information for the output result:

u� = �K d � vKF � 0:5 (4.13)

The feed-forward term is added directly to the total PID output with the propor-
tional, integral, and the �ltered derivative terms. So the complete velocity command
for each axis is as follows:

uk = P k + I k + D �lt
k + u � (4.14)

4.4.6 Descent Governor

The descent governor enforces our speed limits on altitude.It is there to make sure
the drone achieves a certain level of horizontal alignment to the landing pad's center
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before further descent [28]. Three gates are de�ned as:

Table 4.3: Descent Governor Gate Con�guration

Gate Altitude Max _y e h limit e h (SEVERE)

1 > 3 m 0:45 m=s 0:50 m 0:35 m

2 > 1 m 0:22 m=s 0:30 m 0:20 m

3 � 1 m 0:10 m=s 0:15 m 0:10 m

The maximum descent rate is further multiplied by a weather severity factor f 2
f1:0; 0:80; 0:60; 0:40g for CALM through EXTREME. If weather reaches EXTREME
below 5 m, descent is suspended entirely and the FSM transitions to LOITER.

4.4.7 Velocity Clamping and Cross-Axis Descent Hold

A hard saturation of 0:5 m=s is applied to all velocity commands:

Vcmd = max(�V max ; min(Vmax ; uk)) (4.15)

Horizontal velocity is additionally bounded by an altitude-proportional limit to en-
sure gentle corrections near the ground:

vh;max = clamp(0:8 jyj; 0:15; 1:0) m/s (4.16)

To prevent descent before horizontal alignment is achieved, the vertical velocity
command VY is overridden to zero whenever the horizontal Euclidean error exceeds
a threshold:

Ehorizontal =
q

(0 � X) 2 + (0 � Z) 2 > 0:20 m=s ) V Y = 0 (4.17)

This compels the drone to hover and correct horizontal position before resuming
descent, which signi�cantly reduces the risk of a misaligned touchdown.
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5
Results

This chapter presents results from three distinct evaluation streams: software-in-
the-loop (SITL) simulation experiments validating the control algorithm, physical
characterization of the Kipa optical sensor's range performance, and a computational
latency measurement of the full sensor-to-command pipeline.

5.1 SITL Simulation Results

5.1.1 Test Methodology

All simulation experiments were in Mission Planner with the ArduPilot environment.
This simulation replaces the Kipa sensor data with the data in the SITL environment
including position, velocity, attitude. The reason the Kipa sensor cannot be used
in this simulation is because the drone's position are in the simulated environment
and cannot be fed in with the real world data.
The sensors in the simulation constitute the three kinds of data above. Since there is
no Kipa sensor input, the GPS, barometer data have to be used in this case to imitate
the feedback of the Kipa sensor. This simulation is only for testing the functional
correctness and a certain degree of robustness of our control algorithm. Therefore,
it does not contradict with our GPS-denied environment landing because in real-
world implementation of the control algorithm, the input data will be replaced by
the Kipa sensor data.
We applied a range of sensor noises in the simulation environment including IMU
accelerometer noise (� = 0:3 m=s2), gyroscope noise (� = 0:05 rad=s), GPS position
noise (1:0 m), and barometer altitude noise (0:5 m). The frame type was set to X-
con�guration quadrotor UAV (FRAME_TYPE = 1). All of the landings are from 5 m
height, either spawning at North, East or North-East (all about 30 m away from the
landing origin).
It is also critical to note that even if all of these noises are implemented in the
simulation sensors, there is still a huge gap between the simulation �delity and
the real-world condition. For example, the environment of real world is constantly
changing (light condition, wind speed and direction), the weight distribution of
each drone are di�erent, and each drone's maintenance conditions are di�erent,
Kipa sensor cannot have the exact data of the drone as in the simulated case (even
though noises are added, the data in simulation case is still far more precise), the
battery's remaining capacity can also a�ect the drone's motors, etc.
Hence, it is important to stress that the SITL results should not be used for com-
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parison with the actual landing mission's precision, but only for the proof that our
control algorithm, mathematically, maintains a certain level of convergence in di�er-
ent wind and turbulence condition and provides the basis for future implementation
on the real landing mission.
All results are evaluated in these two thresholds based on our 40 cm �50 cm landing
pad:

ˆ Pass � horizontal landing error < 500 mm
ˆ Excellent � horizontal landing error < 300 mm

The horizontal error is the Euclidean distance in the XZ plane: Eh =
p

X 2 + Z 2,
measured at the moment the drone reaches the set altitude of landing mission,
regardless of lateral position.

5.1.2 Phase 1: Baseline Accuracy

Phase 1 is our fundamental precision under very ideal conditions with no wind, no
turbulence. It is our baseline accuracy of the control algorithm. The drone approach
to the landing origin from 3 di�erent directions which are north, east and north-east.
Every direction was tested with 3 runs.

Table 5.1: Phase 1 � Baseline results (no wind, no turbulence, 3 runs per approach
direction).

Test Spawn Horizontal Error (mm) Mean (mm) Result

R1 R2 R3

P1-N North 0.4 4.8 22.3 9.2 Excellent

P1-E East 18.4 24.2 4.7 15.8 Excellent

P1-NE Diagonal 13.9 10.9 12.7 12.5 Excellent

Figure 5.1: Phase 1 baseline landing errors
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All 9 runs in this ideal con�guration achieved excellent result. Mean errors are
ranged from 9:2 mm to 15:8 mm. This proves the theoretical correctness of our
control algorithm which reveals that mathematically, our algorithm converges to
the designated origin point.

5.1.3 Phase 2: Horizontal Wind Test

In Phase 2, we apply a horizontal wind with di�erent speed to our landing missions.
All runs use the diagonal north-east spawn with East wind direction (DIR_Z = 0°,
which is a simulation parameter of the vertical angle of the wind direction. DIR_Z
= 0° meaning no vertical component of wind direction) and no turbulence.

Table 5.2: Phase 2 � Horizontal error across wind speeds (NE spawn, East wind,
no turbulence, DIR_Z = 0°).

Test Wind (m/s) Horizontal Error (mm) Mean Std Result

R1 R2 R3 (mm) (mm)

P2-A 2 0.6 20.1 9.8 10.2 8.0 Excellent

P2-B 5 26.9 29.4 3.7 20.0 11.6 Excellent

P2-C 8 21.4 22.8 15.7 20.0 3.1 Excellent

P2-D 10 32.3 23.1 19.3 24.9 5.5 Excellent

P2-E 13 16.7 34.7 15.9 22.4 8.7 Excellent

P2-F 15 23.0 24.1 33.6 26.9 4.8 Excellent

Figure 5.2: Landing error across wind speeds from 0 m/s to 15 m/s

All Phase 2 tests achieved the Excellent result. Mean error increased from 10:2 mm
at 2 m=s to 26:9 mm at 15 m=s wind speed. This is still far under our Excellent
threshold. The recorded landing times were stable at approximately 35:6 s across
all con�gurations. A single-direction steady wind is essentially a constant o�set
force pushing the drone continuously at a �xed magnitude. This can be easily
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solved by the integral term of the PID control because over some control cycles, the
integral accumulates the persistent error and builds a counter-command to precisely
eliminate the disturbance. Therefore, even at 15 m=s wind speed, which is certainly
a very extreme condition in the real world, the algorithm is still able to solve it
mathematically in simulation. It is critical to warn that in a real environment, the
speci�c drone can vary in its ability to withstand 15 m=s wind speed, especially
with additional disturbances. Therefore, this result cannot serve as proof of a real
landing in 15 m=s wind, but only as validation for the functional correctness of the
PID algorithm. It is not recommended to �y drones in extreme wind conditions.

5.1.4 Phase 3: Turbulence Test

Phase 3 tests slightly more closely resemble real wind conditions but are still far
from real. The wind speed parameter is �xed at 10 m=s (East, DIR_Z = 0� , no
vertical component) while turbulence intensity is increased from 1 m=s to 9 m=s. At
each level, random wind velocity turbulence with a mean deviation of 1 m=s to 9 m=s
is imposed on the base wind speed.

Table 5.3: Phase 3 � Landing error across turbulence intensities (NE spawn,
10 m/s East wind, DIR_Z = 0°).

Test Turb Horizontal Error (mm) Mean Std Time (s) Result

R1 R2 R3 (mm) (mm)

P3-A 1 46.7 42.1 61.0 49.9 8.0 35.7 Excellent

P3-B 3 144.8 188.0 151.3 161.4 19.0 35.7 Excellent

P3-C 5 137.1 54.3 122.1 104.5 36.0 37.1 Excellent

P3-D 7 79.9 351.0 240.8 223.9 111.3 38.6 Excellent

P3-E 9 592.2 1263.8 230.7 695.6 428.0 46.1 Fail

The system maintained the Excellent classi�cation through turbulence 7, with mean
errors rising from 49:9 mm to 223:9 mm. The high deviation at turbulence 7 m=s
(111:3 mm) reveals the stochastic nature of this disturbance, with Run 1 record-
ing 79:9 mm while Run 2 recorded 351:0 mm under identical nominal conditions.
Therefore, each test may yield results of varying accuracy since the wind speed is
randomly distributed within the turbulence range.
The large XZ errors observed at turbulence intensity 9 arise from a combination of
limitations in our algorithm. The TX thread dispatches velocity commands at 10 Hz,
which means up to 100 ms may elapse between successive updates. At � � 9 m=s,
the drone can be physically displaced very far within a single command interval,
causing each correction to become obsolete before it reaches the drone. Simultane-
ously, the integral term accumulates error in one direction across multiple cycles.
When the turbulent wind reverses its course, the integral opposes the necessary
corrective command until it has fully drained and reversed. This is a process that
takes several further cycles. Moreover, the weather condition and cross-axis descent
hold thresholds are met at certain moments as gusts momentarily reduce and the
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Figure 5.3: Landing error across turbulence intensity levels from 0 (P2-D
baseline) to 9.

drone aligns to the XZ origin, permitting a period of time for descending. However,
when the Y (altitude) is about to touch the landing altitude, the drone can still
be blown signi�cantly o� course due to the high turbulence. After reaching the
landing altitude, there is no more room to maneuver the XY position because the
drone is considered landed, and there is no regaining of height in our algorithm to
create more space for realignment in the horizontal position. Together, these e�ects
produce the huge landing errors in this test.

5.1.5 Phase 4: Vertical Wind Test

Phase 4 examines the algorithm under more complex wind condition by adding
vertical component of the wind vector. With windspeed = 10 m=s and DIR_Z =
90� (East Wind) �xed, the parameter DIR_Z was used to de�ned the angles of the
wind from �45 � (downdraft) through 0� to +90 � (pure updraft). The wind vector
decomposes as:

vh = v cos(windspeeed); vv = v sin(DIR_Z) (5.1)

All nine con�gurations achieved the Excellent classi�cation, including the pure up-
draft case (P4-I) and both downdraft extremes (P4-A). Mean errors ranged from
15:1 mm to 58:3 mm with no systematic trend correlated with elevation angle.
This result, combined with Phase 2 results, reveals the coherence of our algorithm's
ability to counteract the wind from di�erent direction. The vertical component of
the wind had no observable e�ect on our landing process which is treated merely
as a constant vertical components added to form wind coming from any direction.
The control algorithm can handle it well and clean mathematically.
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Table 5.4: Phase 4 � Landing error across vertical wind elevation angles (NE
spawn, 10 m=s, TURB = 1).

Test DIR_Z Vert. Horizontal Error (mm) Mean (mm) Result

(deg) (m/s) R1 R2 R3

P4-A �45 �7:1 23.1 54.6 28.2 35.3 Excellent

P4-B �30 �5:0 39.9 36.7 34.0 36.9 Excellent

P4-C �15 �2:6 60.1 47.1 67.8 58.3 Excellent

P4-D 0 0:0 58.7 11.7 38.5 36.3 Excellent

P4-E +15 +2:6 34.8 60.3 65.3 53.5 Excellent

P4-F +30 +5:0 21.6 41.3 27.9 30.3 Excellent

P4-G +45 +7:1 5.5 8.4 31.4 15.1 Excellent

P4-H +60 +8:7 14.1 26.6 21.6 20.8 Excellent

P4-I +90 +10:0 37.6 26.6 45.1 36.4 Excellent

5.1.6 Phase 5: Combined Worst-Case Stress Test

Phase 5 applies the maximum combined disturbance: 15 m=s wind at DIR_Z =
30� (yielding 13:0 m=s horizontal and 5:0 m=s vertical components) with turbulence
intensity 5. Five runs were conducted to obtain a statistical distribution of worst-
case performance.

Table 5.5: Phase 5 � Combined worst-case results (NE spawn, 15 m=s, DIR_Z =
+30� , TURB = 5, 5 runs).

Run Horizontal Error (mm) Time (s) Result

P5-1 153.4 41.7 Excellent

P5-2 37.2 38.2 Excellent

P5-3 166.7 35.6 Excellent

P5-4 361.9 39.2 Pass

P5-5 187.6 39.0 Excellent

Mean � Std 181.4 � 104.3 38.7 4/5 Excellent

All �ve runs successfully con�rmed touchdown within the pass threshold. The mean
error of 181:4 mm with a standard deviation of 104:3 mm re�ects the stochastic
nature of combined turbulence and high wind: Run 2 recorded only 37:2 mm while
Run 4 recorded 361:9 mm under nominally identical conditions. This variance is
intrinsic to the turbulence model rather than algorithmic instability. The mean
error represents a 14:5� increase over the no-wind baseline (12:5 mm) but remains
well within the pass threshold. This re�ects a high theoretical feasibility of operating
in demanding conditions. However, it should be noted again that these results only
represent a probabilistic likelihood of achieving a desirable outcome when actually
implementing the algorithm. They should not be directly compared with real-world
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Figure 5.4: Landing error across vertical wind elevation angles.

results, as the simulation conditions remain signi�cantly more ideal than an actual
�eld environment.

5.1.7 Overall Performance Summary

The simulation results reveal two key �ndings. First, pure horizontal or vertical
wind speed has a minor e�ect on our landing accuracy. The mean error increases by
only 2:6� across the full 0 m=s to 15 m=s range, which validates the e�ectiveness of
our algorithm to counter constant disturbances. Second, turbulence is the dominant
limiting factor in our tests. Errors grow as turbulence intensity increases, and the
results start to degrade severely at intensity 7 and above, with the failure boundary
identi�ed at intensity 9.

5.2 Sensor Range Characterization

5.2.1 Test Setup

After validating the control algorithm through simulation, this section reports the
physical characteristics of the Kipa optical sensor hardware. The experiments were
conducted under standard indoor household lighting conditions. Unlike the simu-
lation tests where position feedback was provided by the SITL simulator, this test
used the actual Kipa sensor and an infrared beacon landing pad to directly measure
the sensor's tracking performance at di�erent distances.
The landing pad � a rectangular board measuring 50 cm � 40 cm � was placed
vertically against a wall with its base resting on the �oor as in Fig. 5.6. Eight IR
beacons are distributed across the pad surface: four at the corners, and one at the
midpoint of each edge, as de�ned in the beacon map (Table 5.6). The coordinate
origin of the beacon map is at the geometric center of the pad, with the Y axis
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Figure 5.5: Phase 5 combined worst-case results.

pointing outward (perpendicular to the pad surface), X pointing laterally, and Z
pointing vertically within the pad plane.

Table 5.6: IR beacon map spatial coordinates.

Beacon ID Position X (m) Y (m) Z (m) Description

0 Corner 0.25 0 0.20 Top-right
1 Corner -0.25 0 0.20 Top-left
2 Corner -0.25 0 -0.20 Bottom-left
3 Corner 0.25 0 -0.20 Bottom-right
4 Midpoint 0.00 0 0.20 Top-centre
5 Midpoint -0.25 0 0.00 Left-centre
6 Midpoint 0.00 0 -0.20 Bottom-centre
7 Midpoint 0.25 0 0.00 Right-centre

The Kipa sensor (housing dimensions: 98 mm � 44 mm � 21 mm) was placed on the
ground, facing the landing pad, with one side against the adjacent wall. This corner
position places the sensor's optical center approximately at (X � 0:25 m; Z �
�0:20 m) relative to the landing pad's origin�aligned with the beacon at the lower
right corner. Since the sensor is a physical object rather than a point, there is a
small inherent o�set between the sensor's edge and its optical center, which a�ects
the X and Z measurements. Therefore, a certain deviation from the exact corner
beacon coordinates is expected.
To evaluate the sensor's performance over varying ranges, the physical distance
between the sensor face and the landing pad surface was measured with a tape
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