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Abstract—The development of autonomous navigation methods for unmanned aerial vehicles (UAVs) is
driven by the need to ensure reliable positioning, orientation, and trajectory planning without
dependence on external infrastructure. This task is particularly critical in environments with partial or
complete uncertainty—such as indoor, underground, or GPS-denied areas. Over the last decade,
numerous approaches to autonomous UAV navigation have been proposed and implemented, ranging
from traditional geometric and algorithmic techniques to intelligent systems and sensor fusion
architectures. The objective is t analyze and systematize modern approaches to autonomous UAV
navigation and to highlight the potential of correlation-extreme navigation methods in uncertain
environments. The paper presents a structured overview of state-of-the-art navigation methods, their
classification by operational principles, and their strengths and limitations in different use cases. Special
attention is paid to correlation-extreme navigation methods, which rely on optimizing similarity functions
between sensory data and reference maps. These methods demonstrate high potential for fully
autonomous navigation in GPS-denied or signal-jammed environments. A comparative matrix highlights
the trade-offs between accuracy, computational cost, robustness, and flexibility for each method.
Correlation-extreme navigation is a promising direction for achieving robust autonomy in UAV systems
operating in uncertain and complex conditions.

Keywords—Autonomous navigation, unmanned aerial vehicle, correlation-extreme navigation, inertial

navigation system, GNSS, SLAM, sensor fusion.
. INTRODUCTION

In modern conditions of the rapid development of
unmanned aerial vehicles (UAVs), the task of
ensuring their full or partial autonomy is becoming
increasingly important. The application domain of
UAVs covers a wide range of fields, including
reconnaissance, territory monitoring, environmental
research, agriculture, mapping, and search-and-
rescue operations, among others [1]. In all these
cases, a critical requirement is the ability of the
vehicle to orient itself in space and provide
navigation solutions without operator involvement
or with minimal external intervention. This creates a
demand for reliable autonomous navigation methods
capable of operating in complex and dynamic
environments, often under conditions of uncertainty.

Traditionally, UAV navigation is based on the use
of global navigation satellite systems (GNSS), inertial
navigation systems (INS), as well as sensor suites
(cameras, lidars, radars, etc.). However, such systems
have significant limitations, including dependence on
external signal sources (GNSS), error accumulation
(INS), and reduced efficiency under adverse weather
conditions or in the absence of visual features. In real-
world scenarios — such as flights in canyons, in areas

of radio jamming, or under electromagnetic
interference — these methods lose effectiveness or
may become completely unusable. Therefore, there is
a need to develop new autonomous navigation
methods capable of functioning under conditions of
partial or complete uncertainty.

One of the directions that has attracted increasing
attention in recent years is correlation-extreme
navigation (CEN/CENS) methods [2]. These
methods are based on the idea of determining an
object's position by finding the extremum of a
similarity function (e.g., correlation) between
current measurements and reference information
stored in the navigation system memory. This
approach enables navigation without external signals
and under conditions of significant noise. However,
CENS also has several drawbacks, including high
computational complexity, sensitivity to
measurement errors, and dependence on the
accuracy of the reference database.

In addition to CENS, a large number of other
approaches to autonomous navigation have been
developed in scientific and engineering practice —
both classical and intelligent ones, including
artificial neural networks, fuzzy logic, reinforcement
learning methods, and hybrid models. Each of these
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approaches has its own strengths and weaknesses,
and the choice of an optimal solution depends on the
specific task, application conditions, computational
resources, and available sensor data [3].

In this regard, there is a need for a systematic
analysis of modern approaches to autonomous
navigation, with particular attention to their
effectiveness under conditions of uncertainty.

The purpose of this paper is to analyze modern
approaches to solving autonomous navigation
problems, to evaluate the advantages and
disadvantages of existing solutions, to outline the
unresolved part of the scientific problem, and to
substantiate the relevance of further research in the
field of correlation-extreme navigation.

Special attention is given to correlation-extreme
navigation methods as a promising direction for
overcoming existing limitations. The paper
systematizes knowledge on autonomous navigation
methods, provides their comparative analysis
according to key criteria, and substantiates the
further development of research in this field.

II. CLASSIFICATION OF APPROACHES TO
AUTONOMOUS NAVIGATION

Solving the problem of autonomous navigation of
UAVs requires the selection and implementation of
methods that enable the vehicle to determine its
position, orientation, and trajectory without
continuous operator involvement. Over the past
decades, a large number of approaches to
autonomous navigation have been proposed, which
can be conditionally classified according to their
operating principles and the type of data used. This
section presents a systematization of the main
methods applied in modern UAV navigation systems.

Geometric approaches are based on the direct use
of geometric relationships between spatial objects,
sensor data, and mathematical motion models [4].
Global navigation satellite systems (GNSS) (GPS,
GLONASS, Galileo, BeiDou, etc.) provide high-
precision positioning in open environments.
However, their effectiveness decreases in urban
areas, indoor environments, or under signal
jamming. Inertial navigation systems (INS) use data
from accelerometers and gyroscopes to compute
position through the integration of accelerations and
angular velocities. The main limitation of INS is the
accumulation of errors, especially during long-
duration missions.

Simultaneous Localization and Mapping (SLAM)
is a method for simultaneously constructing a map
of the environment and determining the vehicle’s
position within it. Visual (Visual SLAM), laser-

based (LiDAR SLAM), and hybrid approaches have
been developed. SLAM performs well in structured
environments but has limited accuracy under
disturbances or when the field of view is restricted
[5], [6]. Visual odometry is based on analyzing
changes in camera images to estimate motion [7].
This approach requires high-quality images and
sufficiently textured environments [8].

Algorithmic and heuristic methods rely on
mathematical algorithms for trajectory planning and
obstacle avoidance. Search algorithms are widely
used to construct optimal paths in known or partially
known environments. These methods are effective
for planning but often require a complete map or
may become computationally expensive in complex
environments. Kinematic and dynamic planning
methods take into account the physical constraints of
the vehicle when generating trajectories and are used
in real-time autonomous navigation systems.
Reactive methods are based on immediate responses
to obstacles and environmental changes without
constructing a complete map. A typical example is
the artificial potential field method. Their advantage
is high computational efficiency, while their main
drawback is the risk of getting trapped in local
minima.

Intelligent systems have been rapidly developing
and involve the use of artificial intelligence for
autonomous navigation. Neural networks and deep
learning are used for object recognition, semantic
segmentation of the environment, motion prediction,
and decision-making. Their main advantages include
generalization capability, the ability to work with
unstructured data, and adaptability. However, they
require large datasets and significant computational
resources [9]. Fuzzy logic is used for navigation
under uncertainty, where classical logical rules are
not applicable, and performs well in hybrid control
systems [10]. Bayesian networks, Monte-Carlo
methods, and particle filters provide robust state
estimation based on probabilistic posterior analysis
and are key components in SLAM and sensor fusion
systems. Reinforcement learning enables an agent to
learn optimal behavior through interaction with the
environment. It is highly promising for autonomous
control in dynamic conditions but requires extensive
training.

Sensor fusion involves combining data from
multiple sensors (INS, GNSS, cameras, lidars,
radars) to obtain a more reliable estimate of the
vehicle’s state [11]. Common approaches include the
Kalman filter and its extensions (EKF, UKF), graph-
based architectures, and neural networks for
nonlinear fusion. Sensor fusion helps compensate for
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the weaknesses of individual sensors but requires
complex processing and precise calibration.

Correlation-extreme  navigation (CEN/CENS)
constitutes a distinct class of methods due to its
unique operating principle. It involves determining
the spatial position of the vehicle by optimizing a
similarity function between current observations (e.g.,
camera images or radar signals) and a reference map
(pre-collected or synthetic). This approach does not
require GNSS, demonstrates high robustness to
interference, and can potentially provide high
accuracy even in challenging conditions.

Thus, modern approaches to autonomous
navigation can be classified, according to their
operating principles, into geometric, algorithmic,
intelligent, sensor fusion-based, and correlation-
extreme methods. Each of these classes has both
successful practical implementations and inherent
limitations, especially under conditions of
uncertainty.

III. CORRELATION-EXTREME NAVIGATION
(CEN/CENS)

Correlation-extreme navigation (CEN, sometimes
also referred to as CENS) is a class of methods that
enables autonomous determination of an object's
spatial position by searching for the extremum
(maximum or minimum) of a similarity function
between current sensor data and pre-known
reference information about the environment. In
most implementations, normalized cross-correlation
or specialized similarity metrics are used, allowing
robustness to noise, scaling, and other distortions.

In general form, the CEN problem is formulated
as finding the coordinate r at which the similarity
function C(r) between the current sensor observation
and the corresponding fragment of a reference map
(or template) reaches its extreme value [12].

In the case of image-based navigation,
correlation is computed between the current camera
image and a reference image (or terrain model)
corresponding to a specific spatial position. In radar-
based navigation, a similar procedure is applied to
signals or their reflections [13].

Correlation-extreme navigation methods have a
long history dating back to the 1960s. Initially, they
were applied in rocketry and space technology—for
example, in the DSMAC (Digital Scene Matching
Area Correlation) system developed by NASA for
trajectory  correction of spacecraft through
correlation-based terrain matching [14], [15]. Unlike
GNSS, which require external signals, CEN
provides full autonomy, making it suitable for
operation in complex or isolated environments.

With the advancement of computational
capabilities and the emergence of higher-quality
sensors (high-speed cameras, radars, lidars), CEN
methods have experienced renewed interest. In the
21st century, they are applied in unmanned aerial
systems, autonomous ground vehicles, space landing
missions (e.g., planetary probes), and other
autonomous platforms [14], [16].

A typical navigation system based on CEN
methods includes several key components. A sensor
module provides current measurements (images,
radar signals, altitude data, etc.) [16]. A reference
database contains pre-collected maps, orthophotos,
elevation data, magnetic nmaps, or other
environmental templates. A preprocessing unit
performs normalization, filtering, scaling, and other
transformations to ensure comparability of current
and reference data [17]. A correlation analysis
module computes similarity function values for
different candidate positions. An extremum search
algorithm determines the most probable position
through optimization techniques (e.g., gradient-
based methods, stochastic algorithms, Monte Carlo
methods). Finally, a state estimation and filtering
module integrates correlation results into navigation
filtering (e.g., using a Kalman filter), ensuring robust
trajectory estimation [18].

The general operating scheme of a CEN system
is shown in Fig. 1.
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Fig. 1. CEN system operation scheme
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The most significant advantage of CEN is its
ability to operate without access to GNSS or any
external infrastructure. This is critically important in
conditions of signal jamming, underground
environments, or beyond satellite coverage (e.g.,
during missions to the Moon or Mars). Correlation-
based methods can operate with noisy, incomplete,
or distorted data, making them suitable for use in
harsh environments (smoke, dust, rain, signal
interference). The CEN methodology can be applied
to various types of data, including images, radar
signals, magnetometric maps, gravimetric profiles,
thermal imagery, and others. Reference information
may be obtained experimentally or generated
synthetically (e.g., using 3D terrain models or
satellite imagery).

The computation of the correlation function over
a large number of candidate positions is
computationally intensive, especially for high-
resolution data. This limits the applicability of CEN
for real-time onboard processing in resource-
constrained platforms. The effectiveness of the
method directly depends on the accuracy, relevance,
and completeness of the reference map. In the
presence of significant discrepancies between the
template and the actual environment (e.g., terrain
changes, urban development, seasonal variations),
the method may produce incorrect results. CEN also
encounters difficulties in environments with rapidly
changing objects (e.g., traffic flows, crowds,
illumination changes), as the correlation structure of
the signal wvaries. Depending on the selected
similarity function and initial conditions, the
extremum search may converge to a local maximum
that does not correspond to the true position,
requiring adaptive search strategies or integration
with other navigation methods.

Correlation-extreme navigation has been applied
in navigation systems for intercontinental ballistic
missiles (ICBMs) and spacecraft, where GNSS is
unavailable or unreliable. For example, NASA has
used vision-based correlation landing systems for
Mars missions. In UAV applications, CEN is used
for autonomous terrain-following and navigation,
especially in areas with unstable GPS signals
(mountains, forests, tunnels), where terrain-
referenced matching improves positioning accuracy.
Underwater vehicles employ CEN based on
bathymetric and magnetic maps, enabling navigation
in complete absence of satellite communication. In
combination with INS, CEN data can be used to
correct navigation solutions through external
referencing, thereby reducing inertial drift.

Thus, correlation-extreme navigation methods
have strong potential for enabling autonomous UAV

navigation under uncertainty. Their autonomy,
robustness to interference, and independence from
external systems make them highly valuable in many
practical scenarios. At the same time, existing
limitations — particularly high computational
complexity and dependence on reference data —
continue to motivate further research and
development in this area.

Autonomous navigation of UAVs requires high
reliability, robustness to external disturbances,
flexibility, and adaptability under uncertainty.
Therefore, a comparative analysis of the main
navigation approaches discussed in previous sections is
conducted to identify their advantages, limitations, and
suitability for different conditions. Particular attention
is given to correlation-extreme navigation
(CEN/CENS) as a potentially key solution for
navigation tasks under partial or complete uncertainty.

Advantages and limitations of different methods:

e Global Navigation Satellite Systems (GNSS).

Advantages: simplicity, high accuracy in open
environments, widespread availability.

Limitations: complete dependence on external
signals, vulnerability to jamming, unsuitability for
indoor or tunnel environments [16].

e Inertial Navigation Systems (INS).

Advantages: autonomy, high update rate, ease of
integration.

Limitations: error accumulation over time, need
for periodic correction.

e SLAM.

Advantages:  simultaneous  mapping and
localization, effectiveness in unknown
environments.

Limitations: high computational requirements,
poor performance in weakly structured or highly
dynamic environments.

e Intelligent systems.

Advantages: ability to learn and adapt, high
accuracy with proper training.

Limitations: large training datasets required, risks
of overfitting or poor generalization, validation
complexity [17].

e Sensor fusion.

Advantages:  increased reliability
combining multiple data sources.

Limitations: complexity of tuning, requirement
for precise sensor calibration.

e CEN/CENS.

Advantages: autonomy, robustness to signal loss,
suitability for complex environments.

Limitations: implementation complexity, high
computational cost, dependence on reference data
quality [18].

through
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None of the analyzed methods fully satisfies all
requirements for autonomous navigation under
uncertainty. Therefore, hybrid navigation systems
that combine the advantages of multiple approaches
are actively being developed.

For example:

o INS + GNSS - a classical solution where
GNSS corrects INS drift [18];

e SLAM + deep learning — improving mapping
using neural networks;

e CEN + INS - periodic correction of
accumulated INS errors using CEN [19];

e CEN + reinforcement learning — adaptation of
navigation to changing environments in real time [19].

Such combinations improve system robustness,
reduce dependence on individual sensors, and enable
more reliable operation under partial information
conditions.

Comparative analysis shows that no single
technology is universal, but each has its own domain
of optimal application [20]. CEN/CENS methods,
despite their implementation complexity, possess
unique properties that make them promising for
navigation in challenging, noisy, and GNSS-denied
environments [19].

However, to fully realize their potential, several
engineering and scientific challenges must be
addressed, including increasing processing speed,
reducing computational complexity, and adapting
algorithms to environmental changes.

Uncertainty in the context of autonomous UAV

navigation refers to incomplete, inaccurate,
inconsistent, or noisy information about the
environment, the system state, or dynamic

conditions. It arises due to:

o limitations or imperfections of sensors (e.g.,
low resolution, limited field of view, noise);

o loss of external signals (GPS, communication,
maps);

e dynamic environmental changes (moving
objects, weather, lighting, seasonal variations) [21];

e internal errors (inertial drift, software and
hardware failures);

e unpredictable behavior
(vehicles, humans, drones).

These factors reduce the reliability of classical
positioning and orientation methods, especially in
long-duration navigation tasks in unknown or poorly
structured environments without GNSS.

Sensor uncertainty arises from noise, limited
accuracy, or partial data loss. Structural uncertainty
is associated with incomplete or inaccurate
environmental knowledge (e.g., missing or outdated
maps). Dynamic uncertainty results from time-
varying conditions. Algorithmic uncertainty stems

of other agents

from limitations of computational models (e.g., local
extrema, ambiguous interpretations). Contextual
uncertainty relates to insufficient understanding of
the operational scenario.

Inertial navigation systems are prone to drift
accumulation, especially without external correction.
In the absence of GNSS, positioning errors grow
significantly, leading to trajectory deviations. Map-
based correlation methods (including CEN) depend
on the relevance and accuracy of reference data,
which may degrade in rapidly changing
environments.

Real-time methods such as CEN and SLAM
require significant computational resources [22],
limiting their use on lightweight UAV platforms.
CEN methods also suffer from local extrema issues,
particularly in repetitive environments (e.g., forests,
urban grids) [22]. Moreover, real-world conditions
are too complex for perfect modeling, making fully
predictable navigation behavior unattainable.

Modern methods under uncertainty have clear
limitations: GNSS is unusable under jamming or
underground conditions; INS alone lacks long-term
accuracy [23]; SLAM is limited in highly dynamic
environments; intelligent methods may fail in
unseen conditions [24]; sensor fusion depends on
data availability; and CEN depends on map quality
and optimization performance.

As a result, recent research focuses on adaptive
navigation systems that adjust behavior based on
available information, hybrid models combining
multiple methods, reinforcement learning for
adaptability, self-diagnostic systems, and integration
of CEN with deep neural networks for improved
robustness [25].

The analysis shows that among all methods,
correlation-extreme navigation has the greatest
potential for operation under high uncertainty. It
does not rely on external signals, can utilize diverse
sensor data, and is capable of operating in dynamic
and adversarial environments.

Despite its limitations, further development of
this approach — through optimization of similarity
functions, integration with machine learning, and
adaptive search strategies — can make it a key
component of next-generation navigation systems.

Modern UAVs are increasingly used in military
applications, agriculture, environmental monitoring,
logistics, mapping, and rescue operations. The
success of their missions directly depends on the
accuracy and reliability of navigation systems,
especially in complex or unpredictable environments
where traditional positioning methods such as GNSS
become ineffective.
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Based on the analysis presented in previous
sections, it can be concluded that none of the
existing navigation methods provides a universal
solution for autonomous positioning under
uncertainty. This issue becomes particularly critical
in the absence of external positioning sources, under
high sensor noise, environmental variability, or
when operating in previously unseen locations.

Therefore, autonomous navigation systems
capable of self-localization based on internal data
and reference information are of particular scientific
and practical importance. One of the most promising
directions in this field is correlation-extreme
navigation.

IV. CONCLUSION

A systematic analysis of modern approaches to
autonomous navigation of UAVs under conditions
of uncertainty has been conducted. Navigation is a
key component of UAV operation, as it ensures safe
movement, accurate positioning, and adaptation to
changes in the external environment.

In modern technical systems, there is a practical
need to ensure reliable autonomous navigation under
uncertainty. The application of UAVs in
reconnaissance, search-and-rescue operations,
environmental monitoring, agriculture, and logistics
requires navigation systems capable of operating

without continuous access to external signals
(GNSS), under noisy conditions, dynamic
environmental changes, and limited onboard

computational resources.

To address these challenges, a wide range of
approaches and methods have been proposed. These
include classical GNSS-based and INS; geometric
approaches and kinematic planning; simultaneous
localization and mapping (SLAM) and visual
odometry; LiDAR- and radar-based mapping
methods; sensor fusion techniques using Kalman
filtering; intelligent approaches based on machine
learning, including deep neural networks,
reinforcement learning, and fuzzy logic; as well as
relatively recent CEN methods, which determine
position by searching for extrema of similarity
functions between measurements and reference
maps. In practice, hybrid architectures combining
several of these approaches are often employed to
improve reliability and accuracy.

However, existing methods do not always meet
the requirements of specific practical applications.
The main limitations observed in practice include:
dependence on GNSS and vulnerability to jamming;
error accumulation in INS; reduced effectiveness of
SLAM and visual odometry in low-texture, low-

visibility, or dynamically changing environments;
high computational demands of deep learning-based
methods; and the dependence of CEN on the
relevance and completeness of reference data, along
with its computational complexity. These limitations
reduce the effectiveness of existing solutions in real-
world flight scenarios with constrained hardware
resources.

Thus, a contradiction arises: there is a clear
practical demand for autonomous navigation in real-
world applications, yet existing methods do not fully
provide the required universality, reliability, and
efficiency. This contradiction defines the scientific
problem: to develop and improve autonomous
navigation methods — particularly through the
optimization and hybridization of correlation-
extreme approaches with inertial, visual, and
intelligent methods — to ensure robust and efficient
UAYV navigation under conditions of uncertainty.

Therefore, research in this direction is highly
relevant, both theoretically and practically justified,
and opens new opportunities for the development of
truly autonomous UAVs capable of operating
without external references in real, dynamic, and
uncertain environments.
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M. B. CoaosiioB, M. M. Komap. AHanai3 cyyacHUX HiAX0JiB A0 po3B’s3aHHS 3aBAaHb AaBTOHOMHOI HaBiraumii
BILJIA

Po3BuTOK MeTOniB aBTOHOMHOI HaBiramii ans Oe3mimoTHuX nitamsHUX amapatiB (BIIJIA) 3yMoBieHwid HEOOXiHICTIO
3a0e3neueHHs HaJIHHOTO BU3HAYECHHS IIOJIOKEHHS, OpI€HTAlil Ta IUIaHYBaHHS TPAEKTOpii Oe3 3aleXHOCTI BiA
30BHILIHBOI 1H(pacTpykTypH. Lle 3aBnaHHs € 0COONMBO KPUTUYHUM B yMOBAX 4aCTKOBOI 200 IMOBHOI HEBU3HAYEHOCTI,
30KpeMa B MpPUMILIEHHSX, MiJ3EMHHUX CEpeloBUINaX a00 30HAaxX i3 BIACYTHIM 4Yd mHpurHiueHnMm curHaiom GPS.
[IpoTsiroM OCTaHHBOTO NECATHIITTS OYJIO 3aIPONOHOBAHO Ta Peasli30BaHO YHMCIICHHI IiJXOJH 10 aBTOHOMHOI HaBiramii
BITJIA — Bix TpanuuiiHUX reOMETPUYHUX 1 aITOPUTMIYHUX METOMIB J0 IHTEJIEKTyaJbHUX CHCTEM Ta apXiTEKTYp 37HUTTS
CEHCOPHHUX JaHUX. METOI CTAaTTi € aHaJli3 Ta CUCTEMaTH3allisi CyYacHUX MiAXOJIB JO aBTOHOMHOI HaBiramii BITJIA, a
TaKOXX BHUCBITJIICHHS ITOTEHIliay METOIB KOPEJAMiifHO-eKCTpeMaIbHOI HaBirailii B yMoBax HeBU3HaueHOCTi. [IpoBeneHo
MOPIBHAUTBHUI aHalli3 TeOMETPUYHUX, allTOPUTMIUYHUX, IHTEICKTyalbHIX, 3aCHOBAHUX Ha 3JMTTI CCHCOPHHUX JaHUX Ta
KOpEJIiHHO-eKCTPEeMaIbHUX HaBIrallifHUX MiAXOJiB; BUKOHAHO aHANI3 CyYaCHHX HAyKOBUX IyOJiKalii; 3MiHCHEHO
CHHTE3 KpHUTEpiiB e(EeKTHBHOCTI Ta CIEHAPiiB 3acTOCyBaHHA. Y pOOOTI MOJAHO CTPYKTYPOBAaHHUH aHANi3 CydaCHHX
METOZIB HaBiramii, ix kmacudikamiro 3a mpuHIHUIAME (YHKIIOHYBaHHS, a TAaKOXK IepeBard Ta OOMEeKEHHS B Pi3HHX
MPUKIAAHUX cleHapisx. OcoOmuBy yBary NPHUAUICHO METOJaM KOpeIALiifHO-eKCTpeMalbHOI HaBiramii, IIIo
IPYHTYIOTbCS Ha ONTUMi3alii (QyHKHIH MOAIOHOCTI MK CEHCOPHMMH JaHMMH Ta ONOPHMMH KapTamu. Lli meromu
JIEMOHCTPYIOTh BHCOKHMH TOTEHILIaN Juls peaji3alii MOBHICTIO aBTOHOMHOI HaBiramii B yMOBaxX BiJCYTHOCTI a0o
NPUTHIYEHHST CYIyTHUKOBHX CHrHajiB. KopemnsuiliHO-eKcTpeMajbHA HaBIraliss € IMepCIeKTUBHUM HAIpsIMOM IS
JIOCSITHEHHS BUCOKOTO PiBHS aBTOHOMHOCTI BITJIA B ckiiafiHUX 1 HEBU3HAYEHHX yMOBAX €KCILTyaTallil.

KarouoBi ciioBa: aBTOHOMHa HaBiramisi, OE3MUIOTHI JTaNbHI amapatd, KOpeILiiHO-eKCTpeMallbHa HaBiraiis,
iHepmianeHa cucrema, GNSS, SLAM, sensor fusion.
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