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AUTONOMOUS UAV NAVIGATION: TECHNOLOGIES
FOR ORIENTATION AND LOCALIZATION

Navigation of autonomous vehicles and particularly unmanned aerial vehicles (UAV) remains one of the core
challenges in achieving full autonomy. Autonomous vehicles must independently analyze an environment, react on the
dynamic change of surroundings, create optimal trajectories, and perform mission-critical tasks independently. That is
why drones need to precisely understand their pose (position and orientation). While in case of error, ground and marine
drones might stop the performance, the error of UAV has significant consequences due to the high working speed and
heights. It may lead both to losing UAV and harming infrastructure, nature, and civilian houses in accordance to the area,
where the UAV is operating.

Localization and orientation issues require information from both the state of the drone and information from the
environment, as the vehicle's position in relativeness with other objects is necessary for path planning tasks. This article
analyzes the sensors and navigation systems that might give convenient data about both inertial parameters and sur-
roundings. Solutions for both known, partially known, and unknown environments are described. Special attention is paid
to Visual SLAM (Simultaneous Localization and Mapping) and Visual-Inertial Odometry, which are key for map creation
and relative movement estimation in unknown environments. These approaches enable drones to navigate in GPS-denied
or dynamic environments by fusing visual data with inertial measurements.

This article also gives a comprehensive review of the map-based sensors, which greatly simplify the UAV perfor-
mance in pre-known environments. Map-based sensors are applicable for both indoor and outdoor scenarios.

The final section of the article introduces the sensor fusion technics, which are necessary for all kinds of UAVs to
reduce drifting error and improve navigation accuracy. It enables the comparison of measurements from different sensors
or navigation systems with two levels of filtering. Selecting an observer must be done with consideration of the nonlinear
nature of autonomous vehicles.
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1.0. JOBBMUIII, O.B. MYPABIOB, A.C. MOMOT, I A. BOIJIAH
HamionanpHui TeXHIYHAN YHIBEpCUTET YKpaiHu
«KniBchkuii moniTexHIYHUH iIHCTUTYT iMeHi Iropst Cikopcbkoro»

ABTOHOMHA HABITAIIS BIIJIA: TEXHOJIOT'IT OPIEHTAIII TA JIOKAJII3AIIT

Hasieayis asmonomnux mpancnopmuux 3acobis, 30kpema i be3ninomuux nimanvuux anapamis (bILJIA) sanuwa-
€MbCSL OOHIEI0 3 OCHOBHUX NPOOIeM V O0CACHEHHI YLIKOGUMOI A8MOHOMHOCMI. ABMOHOMHI MeXAHI3MU NOBUHHI CAMO-
CMIUHO AHANIZY8AMU HABKONUUWHE cepedosuule, peazysamu Ha OUHAMIYHI 3MIHU YMO6 HABKOIUUHLO2O Cepedosuyd,
CMBOPIOBAMU ONMUMALLHI MPAEKMOPIL PYXY Ma CAMOCMILIHO BUKOHYBAMU KPUMUYHO 8adcausi 3ae0anns. Omoice, Opo-
HaM HeOOXIOHO UIMKO PO3YMImu C80I NONOJNCEHHs ma opieHmayir y npocmopi. Akwo 3a HecnpasHocmi HazemHi ma
MOPCHKI OPOHU MONCYMb NPURUHUMU pOOOMY, NOXUOKA Oe3NiIOMHUX JTIMAlIbHUX anapamis MAe 3HAYHI HACTIOKU Yepe3
8UCOKY poboyy weuokicms i gucomy nonvomy. Lle modce npuzgecmu ax 0o empamu 6e3niI0OMHUX TIMATbHUX anapamis,
mak i 00 3a60aHHsL WKOOU IHGpacmpykmypi, npupooi ma YusLivHum 6yOUHKAM, 6ION0BIOHO 00 Micyegocmi, 0e npayo-
1omb 6e3niomHI IIMaibHi anapamu.

Humanns noxanizayii ma opieumayii nompebytoms iHghopmayii npo cman OPoHa, a MAKOHC i3 HAGKONUUHLO2O
cepedosuLyd, OCKLIbKU GIOOMOCHI NPO PO3MAULY8AHHA MPAHCHOPHHO20 3AC00Y U000 IHWUX 00 €KMi6 € HeoOXIOHUM
0151 NIAHYBAHHS MPAEKMOPIL nodansuio2o pyxy. ¥ cmammi npoananizosani 0amuuxu ma HAgieayitini cucmemu, sKi
MOHCYMb HA0ABAMU HeOOXIOHI OaHi K Npo iHepYitiHi napamempu, max i npo HaAeKOIUWHE cepedoguuye. Onucari piuienns
5K 051 8IOOMUX, YACMKOBO Gi0omMux, max [ 0 Hesioomux cepedosuny. Ocobrusa ysaea npudinsemocs Visual SLAM
(Simultaneous Localization and Mapping) ma Visual-Inertial Odometry, sixi € Knouo8umu mexHono2ismu 0Jisi CMeopPeHHs.
Kapmu Ul OYIHIO8AHHS BIOHOCHO20 PYXY 6 HeslooMux cepedosuuiax. Lli nioxoou 003601110me Oe3niIOMHUM TIMATbHUM
anapamam opieHmy8amucs 8 OUHAMIYHUX cepedosuuax oes sukopucmanns GPS, 3a noeonanns izyanvuux oanux 3 inep-
YIUHUMU BUMIDIOGAHHAMU.

Y pobomi nooano suuepnnuii oenad damuuxis, ujo npayomMs Ha 0CHO8I Kapm micyesocmi. Bonu 3nauno cnpouyy-
10Mb poOOMY 6E3NINOMHUX TIMATLHUX ANapamis y 3a30aneciob 8i0oMux cepedosuwax. Jamuuxu na 0CHOBI Kapm Micye-
60CMI MOJICHA 3ACMOCO8Y8aMU SIK YcepeOuHi 6yoieeib, max i Ha 6IOKPUMoMY npoCmopi.
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Ocmanniti po30in cmammi npeoCmaeiac MexHiKy CUHme3y OamuuKis, aKa HeoOXiOHa O1s 6CIX Munie 0e3NiOMHUX
JHMANBHUX anapamis, woo 3vMeHuumy eniug opetigyy UMIpro8ans i niosuwumu moynicms Hagieayii. Lle 0oseonse nopisHro-
B8amu GUMIPIOBAHHSL GI0 PI3HUX OAMUUKIE ADO0 HABI2AYIIHUX CUCEM 13 BUKOPUCMAHHAM 080X PidHie (hinbmpayii. Bubip memody
@inompyeanus daHux nouHeH 30IUCHIOBAMUCS 3 YPAXYBAHHAM HENIHIIHOT NPUPOOU A8MOHOMHUX MPAHCHOPIHUX 3ACO0IS.

Knrouosi cnosa: besninomnuil limanbHull anapam, opieHmayis, Hagieayis, IOKAI3ayis, 31Umms 0amyuKie, 00oMempisi.

Introduction

One of the technological trends of 2020s is the integration of autonomous vehicles into various
sectors to optimize operations and minimize risks to human life and health. They became widely
adopted in agriculture and military tasks and are increasingly being employed in rescue operations,
disasters response and logistics of critical supplies. The most promising area is unmanned aerial vehi-
cles (UAV), as their operation in air usually does not require additional infrastructure, allows to avoid
traffic and reach remote or inaccessible regions.

The global goal of UAV’s development might be formulated as increasing the autonomy of the
UAV to the level, in which human operator is not required for the successful mission completion. One
of the most critical and enduring challenges in achieving this goal is reliable navigation. It remains
the complex problem through decades, as real-world scenarios vary in the observability of environ-
ments, external disturbances and used sensors features. Errors in UAV navigation are particularly
crucial as they can influence system stability and lead to potential loss of control.

Analysis of the latest research and problem statement

The highest of the defined levels of aircraft autonomy implies the independent completion of
tasks in observed, partially observed, and unknown environments [1]. Advancement in autonomy is
achieved by various types of sensors and cameras, some of which aim to provide accurate navigation.
To be more precise, the most common navigation systems used are inertial navigation systems and
the Global Positioning System (GPS) [2].

The navigation problem can be divided into 4 parts:

—localization (defining accurate position and orientation of the drone on the exciting or created
map of the environment);

— estimation of various inertial parameters of flight (the parameters of the aircraft, that influence
the flight);

—mapping of surroundings (it can be used for localization purposes and/or for environment
exploration);

—path planning.

Successful implementation of these issues leads to autonomous flight [3]. However, consider-
ing possible bias and fairness in physical sensors, the main issue remains the attitude estimation and
sensor fusion. One of the common biases eliminating technics is using nonlinear observers, that are
using feedback loops to get rid of random values and noise [4; 5].

Since there is no sensor, that can directly measure the attitude of a three-dimensional rigid body,
the fusion of different technics is used [6; 7].

The aim and objectives of the research
This paper is intended to give a comprehensive review and comparison of the sensors used
for navigation purposes in different environments. Moreover, the work studied multi-sensor fusion
technics, that are used for increasing the efficiency of location and orientation estimation algorithms.

Research results
Measurement of inertial parameters
Considering that UAVs operate in 3-dimentional space, controlling the rotation with respect to
three axis x, y and z is crucial. Losing balance for the tiniest period of time might led to the undesirable
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movements or even loss of control. Orientation is difficult to be controlled by human operator, as it
requires smooth movement and quick reaction. Drones, that unable to estimate orientation on their
own requires complex training for human operators before flying.

The majority of drones are equipped with at least one inertial measurement unit (IMU), which
consists of accelerometer, gyroscope and, optionally, magnetometer. Relatively new MEMS technol-
ogies allows to equip even the smallest drone with IMU.

The orientation parameters are extracted from IMU accelerometer measurements as follows:

o = arctan (Z—yJ , (1)
0 = arctan [%J , (2)
Ja,’ +a,

where ¢ —roll, 6 — pitch, a,,a,,a, — measured accelerations with respect to axis x, y and z.
Euler angles are also extracted from gyroscope measurements as follows:

b [o.
6o |, 3)
v |o,

where y —yaw, and o,,0,,0, —measured angular velocities with respect to axis x, y and z.
From magnetometer measurements only yaw may be extracted:

v = arctan? (m)f ,m, ) , 4)

where m/,m; —magnetometer measurements calculated for inertial frame [8].

IMU is the only system that may give information about rotations with respect to all three axes.
That is why sensor fusion technics between accelerometer, gyroscope and magnetometer are used to
make the obtained data more accurate. The most popular technics are complementary filter [8] and
nonlinear filters such as Extended Kalman Filter and observers [9].

In addition to orientation the information about drone localization is also required. When the pre-
made map is not available, the start point is considered as (0; 0; 0) coordinate, from which UAV is
preforming a desired, usually, pre-programmed trajectory. To understand the movement with respect the
axis x and y optical flow sensors are widely used. Its output is displacement in position, which is relative.
For scaling the measurements from Optical Flow to the real-world units, the altitude is required.

Altitude, or the height of the flight, might be obtained from barometer or distance sensors, such
as sonar or LIDAR, which are located at the bottom of drone. The selection of the sensor depends on
the estimated height of flight and characteristics of environment.

The described set of sensors might be considered as an inertial navigation system for small
UAVs, when the environment is known.

Localization and mapping
Distance sensor are essential for localization tasks when the map of environment is unavailable.
These sensors are crucial for constructing a map of unknown surroundings, which can subsequently
be used for both environmental analysis and localization purposes. The widely used approach is
SLAM (Simultaneous Localization and Mapping).
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As SLAM does not rely on any pre-made landmarks and does not correct measurements with
map-based sensors, exploration of the environment might lead to the drifting bias. This issue is
resolved by revisiting previous locations. UAV's match new data with previously observed landmarks,
creating a closed loop of exploration. Moreover, Kalman-based filters are applied.

Instead of distance sensors, cameras might be used for exploring the environment, which is
applied in Visual SLAM. The key feature of this algorithm is that it is working with video or image
data, what requires high computational resources, but might lower the cost of onboard equipment.
The most commonly used are stereo, monocular, and RGB-D cameras. Visual SLAM is also sensitive
to environment changes, as landmarks might not be identified if the light or visibility conditions differ.

Moreover, integrating Artificial Intelligence (AI) technologies allows to identify and classify
objects, observed by UAV's cameras.

In scenarios where the drone operates repeatedly in a known environment, the map can be gen-
erated during the initial deployment and later updated if changes are detected. This reduces computa-
tional load and improves localization performance over time.

Cameras might also be used for Visual Inertial Odometry (VIO), which combines the visual data
with the measurements from IMU. Odometry algorithms are used when the map of environment is
not required, and knowledge or relative position is enough to complete the task.

VIO requires pre-made visual landmarks, which will be further identified in image and video
frames. From media data features like the position and size of landmark, angle of observability, gra-
dient, etc.) are extracted. Comparing the features movement in different frames allows to understand
the relative position and orientation of the UAV.

Map-based sensors

When it comes to the large territories of operation and limited available time, which are usually
connected with delivery, optimal path planning tasks, or disaster response, the pre-existed map is
required. Map-based sensors are developed both for outdoor and indoor operation. The most com-
monly used is Global Navigation Satellite System (GNSS), which can provide geo-spatial position.
The main issue of this system is the existence of GNSS — denied environments, and the possibility to
block signal in desired regions.

Indoor solutions are working on the same principle as the GNSS. Instead of satellites, space is
equipped with based stations, precise positions of which are known. The position is relative and user
can select the initial point as it will be optimal for task completion. Operating in this space, UAV’s
onboard systems calculate the distance to each anchor and defines its location in defined space. The
minimum required number of anchors is 3, while the recommended one is 6.

Commonly used indoor solutions are:

— Lighthouse Positioning System — is made using technologies of Steam VR Positioning;

— Motion Capture System — allows to get position and orientation of the rigid body, works using
infrared light, requires markers to be installed on the drone;

— Ultra-Wideband (UWB) Positioning System — uses radio frequency waves to determine the
position and send information to UAV;

— Bluetooth Navigation System — uses Bluetooth Low Energy (BLE) Beacons, which can work
on distances up to 30 meters.

The most precise and costly solution is Motion Capture System, which usually considered as
ground-truth. It allows also to consider obstacle for path planning algorithms. More low-cost solu-
tions, that are working on radio waves, have a high level of uncertainties.

Access to the pre-existed map also simplifies the task of path planning, as it enables finding an
optimal trajectory.

Sensor fusion
Considering advantages and disadvantages of internal and external navigation systems, which
are mentioned in [2], sensor fusion technics are required. As sensors may differ according to the
objective, the main idea of sensor fusion technic remains the same. It is demonstrated in Figure 1.
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Fig. 1. Multi-sensor fusion architecture

Based Sensors

In Figure 1 Environment Data Based Sensors (EDBS) stands to all devices, that are interacting
with an environment to get measurements: distance sensors, cameras, map-based sensors, and the
IMU represents the internal navigation system, which does not receive any information from sur-
roundings and measures only inertial parameters of the drone.

Both IMU and EDBS must have local observers, which are usually Kalman-based filters. These
filters are eliminating random values and noise, as they are comparing current values with previous.
Even though some of Kalman-based filters are made for nonlinear systems (such as Extended Kal-
man Filter or Unscented Kalman Filter), they require linearization for computation, what can lead to
inconsistent results. Moreover, these observers cannot identify measurement drift over time. That is
why the comparison of outputs from different sources is done.

Sensor Fusion Technics may be performed with Kalman-based filters as well. However, in mod-
ern applications the nonlinear observer design is usually required. Nonlinear observers compare the
current measured state of the UAV with the estimated one, what allows them to correct bias and
undesired drift of measurements. Considering the high frequency of IMU outputs and low work fre-
quencies for other devices, sensor fusion is performed not on each step, but with the specific period.
Which is why, while using sensor fusion technics, the timing of outputs from each sensor should be
considered. If the UAV is working on high speeds, asynchronous measurements might lead to huge
errors in final results. This issue is resolved by defining the specific frequency for taken outputs, in
which data from all existed on board sensors can be taken.

Working frequencies for the sensors, described in this paper are as follows:

—IMU - 200-1 000 Hz;

— Optical Flow Sensor — 50-100 Hz;

—GNSS - 5-10 Hz;

—LiDAR - 100-500 Hz;

— Sonar — 100-500 Hz;

— Lighthouse Positioning System — 300750 Hz;

— Motion Capture System — 30-500 Hz;

— Ultra-Wideband (UWB) Positioning System — 10—40 Hz;

— Cameras — 1-5 Hz.

Considering the complexity of the nonlinear observers designs, attitude estimation algorithm
might be also created with Reinforcement Learning usage. This method does not require the math-
ematical model of the UAV and can adapt to dynamic environments. However, the required time,
resources for training and reliability of the model must be considered before implementation.

Conclusions
Localization and orientation technologies might be divided into two groups in accordance to the
perception of the environment:
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— Sensors and systems that are giving relative position;

— Sensors and systems that are giving global position.

Type of localization may vary in accordance with the task features and the observability of
working environment. In some cases, measuring only inertial parameters of UAV will be enough for
successful performance. However, we must consider that the environment is pre-known, stable and
feedback filters are implemented.

However, in most of the cases we expect to have multiple disturbances and partially observable
or unknown environments. In that case the analysis of environment is required, what allows to esti-
mate the position and orientation of the drone.

While there is no exact sensor, which directly measures UAV’s pose, the growing error in meas-
urements is expected. To decrease the error sensor fusion technics are used. One system, that works
based on sensor fusion, must have a set of sensors, that measures inertial parameters (usually IMU)
and environment state.

Considering, that the majority of modern filtering technics requiring linearization of the system
before estimation, design of the nonlinear observers remains open.
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