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Abstract

This paper introduces a novel theoretical framework for classifying Autonomous Mobile Robots
(AMRs) into three hierarchical layers: Perception, Cognition, and Operation. Unlike prior hardware-
centric taxonomies, our approach, grounded in a structured review of seminal works, foundational
methodologies, and state-of-the-art advances, explicitly integrates locomotion mechanisms (wheeled,
legged), application domains (industrial, agricultural), and autonomy levels with navigation strategies.
The framework unifies terrestrial navigation techniques into a cohesive taxonomy, clarifying modular
boundaries and interdependencies. Serving as both a conceptual guide and educational tool, it
empowers researchers to evaluate trade-offs in sensor configurations, decision-making algorithms, and
trajectory execution under real-world constraints. A comparative analysis positions this framework
against established navigation architectures, highlighting its role as a high-level reference design
for modular implementations. By bridging theoretical principles with system optimization, the
framework enhances interoperability across robotic platforms. Ultimately, this work delivers a practical
design atlas, structuring the end-to-end pipeline of autonomous navigation to guide researchers and
practitioners in selecting algorithms suited to their specific robotic platforms and mission requirements.

Keywords: autonomous mobile robots; Perception-Cognition-Operation framework; navigation taxon-
omy; sensor fusion; path planning; locomotion mechanisms; modular robotics

1. Introduction
Autonomous Mobile Robots (AMRs) are becoming increasingly essential in various sectors. They

help humans perform complex, hazardous, or repetitive tasks. Initially created to improve productivity
and safety in industrial settings, their scope has significantly broadened. Initially focusing on path
planning for industrial manipulators [1], AMRs now use advanced algorithms to navigate without
collisions. This expansion enables their operation in diverse and dynamic environments, extending
beyond industrial settings [2,3]. Despite considerable advances, existing AMR navigational strategies
are often focused on specific domains: terrestrial, aerial, or aquatic. These strategies typically adopt
layered approaches from perception to control, each tailored to distinct operational environments, such
as industrial settings [4], uneven terrains [5,6], and underwater exploration [7,8]. There is no unified
framework that can be seamlessly integrated across all domains, a gap that this work aims to address.

Emerging modular self-reconfigurable robots, which can change morphology to tackle diverse
tasks and terrains [9], further underline the need for platform-agnostic navigation frameworks such as
the Perception–Cognition–Operation stack proposed here.

By adopting modular packages, the proposed classification improves the reusability and interop-
erability of components, facilitating easier integration across all domains of autonomous navigation
[10,11].
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This paper introduces a new comprehensive classification system aimed at streamlining the
various aspects of autonomous navigation. The system acts as a fundamental framework, organizing
the intricate relationships between phases, modules, and layers. It improves the comprehension and
execution of autonomous navigation strategies, providing clear insights and ultimately providing
a complete set of tools for practitioners to choose the best solution for a wide range of operational
scenarios.

Here, we place particular emphasis on terrestrial robots, while retaining the applicability of the
classification to broader AMR domains. We also explore how autonomy levels, inspired by the SAE
J3016 guidelines, intersect with sensor selection, path-planning approaches, and control mechanisms.

Paper organisation. Section 2 introduces a multi-axis taxonomy of Autonomous Mobile Robots,
spanning locomotion types, application domains and autonomy levels. Section 3 details the structured
literature screening strategy and corpus construction criteria adopted to assemble the reference base
used in this study. Building on this, Section 4 classifies ground robots by environment (indoor, hybrid,
outdoor) and mission context. Section 5 presents the proposed Perception–Cognition–Operation
(PCO) framework, while Section 6 surveys the key sensors and algorithms that populate each layer.
Section 7 critically benchmarks mainstream navigation frameworks against the PCO architecture,
highlighting relative strengths, gaps and integration pathways. Emerging trends, such as multi-modal
locomotion, collaborative mapping and AI-driven decision-making, are explored in Section 8. Finally,
Section 9 summarises the main findings and outlines future research avenues to advance autonomous
navigation.

2. Autonomous Mobile Robots
Autonomous mobile robots (AMRs) are conventionally analyzed with respect to three interde-

pendent axes: locomotion mechanisms, application domains, and autonomy levels. This tripartite
framework is grounded in foundational references like the Springer Handbook of Robotics [12], which
provides detailed typologies based on motion strategy and system architecture. Jahn et al. [13] extend
this framework by linking robot capabilities with implementation requirements, while Ben-Ari and
Mondada [14] emphasize how operational environments, structured (predictable) versus unstructured
(dynamic), directly influence system design and functional expectations. Together, these perspectives
enable a multidimensional analysis that guides sensor placement, control strategies, and algorithmic
complexity, as detailed in Section 6.

2.1. Locomotion Mechanisms

The physical mode of locomotion shapes how robots interact with the environment and deter-
mines their suitability for specific terrains and missions. Each type reflects trade-offs between mobility,
energy consumption, and mechanical complexity.

Wheeled Systems:

• Differential Drive: Common in structured indoor spaces such as factories and warehouses, offering
mechanical simplicity and efficient planar navigation [15].

• Omnidirectional Wheels: Provide enhanced maneuverability in confined spaces, supporting appli-
cations in logistics and healthcare settings [16].

• Tracked Bases: Used in rugged or mixed terrains such as search-and-rescue missions, prioritizing
stability over speed [17].

Legged Systems:

• Quadrupeds: Enable dynamic gait control over unstructured ground, with notable deployment in
defense and exploration tasks [18].

• Bipeds: Retain anthropomorphic benefits but are generally confined to research laboratories due
to current stability limitations [19–21].
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• General advantages: On highly rugged terrain, legs enable true point-to-point mobility, clearing
steps and minimising soil compaction, albeit at the price of higher energy consumption and more
complex control [22].

Biomimetic Hybrids:

• Octopod-Inspired: Combine rolling and climbing locomotion to traverse debris-laden or obstacle-
rich environments [23].

• Articulated Configurations: Snake-like and inchworm robots address confined inspection tasks,
such as pipeline assessment or offshore infrastructure monitoring [24,25].

As noted by Sostero [26], wheeled configurations dominate indoor and flat industrial settings,
while legged and hybrid systems provide more advantages in uneven or semi-structured outdoor
environments.

2.2. Application Domains

Robotic deployment varies significantly by sector, depending on mission goals, environmental
complexity, and system constraints. The following categories reflect the most prominent areas of
implementation:

Industrial Automation:

• Structural Inspection: Robots reduce human exposure to risk by automating infrastructure evalua-
tions [27].

• Smart Logistics: Material handling systems improve warehouse throughput and efficiency [28].

Agricultural Robotics:

• Precision Farming: RTK-GNSS-based platforms enable centimeter-level crop row alignment and
optimized planting [29].

• Selective Harvesting: Vision-guided mechanisms automate yield-enhancing tasks like fruit detec-
tion and grasping [30].

Defense & Rescue:

• Subterranean Exploration: Autonomous mapping in GNSS-denied environments supports tactical
reconnaissance [31].

• Hazardous Response: Robots equipped with adaptive control schemes assist in the recovery of
casualties and scanning of disaster areas [32].

These sectors exemplify the structured/unstructured operational dichotomy highlighted in the
taxonomy by Ben-Ari and Mondada [14], and are further explored in Section 4.

2.3. Autonomy Metrics

Autonomy reflects the ability of a robot to operate with minimal external intervention. It is
assessed using both theoretical models and practical validation strategies:

• Theoretical Frameworks: ALFUS [33] decomposes autonomy into mission complexity, environmen-
tal difficulty, and human independence. The SQuAL model [34] provides a structured autonomy
rating based on decision granularity and developmental maturity.

• Empirical Metrics: Pittman [35] introduces a metric based on edit-distance to track real-time
compliance with SAE J3016 levels. Hwang [36] expands this by evaluating autonomy “enablers,”
offering new techniques to assess the architectural robustness independent of the target system.

• Human-Robot Collaboration: Beer et al. [37] propose the LORA (Levels of Robot Autonomy) scale,
which maps autonomy onto the classic SENSE-PLAN-ACT cycle, distinguishing supervisory from
full autonomy. Gervasi et al. [38] improves this by integrating adaptivity, training, and decision
authority into a multidimensional framework that assesses collaborative fluency.
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2.4. Synthesis: Taxonomy-Implementation Nexus

The interaction among locomotion, application, and autonomy becomes evident in robotic system
design, further discussed in the Perception-Cognition-Operation framework (Section 5):

• Locomotion choice influences sensor layout and physical capabilities.
• Application context defines mapping, localization, and mission profiles.
• Autonomy level impacts planning architecture and the required adaptability.

Although autonomy levels remain a common yardstick for robot intelligence, the first design driver is
usually where the robot must operate. We therefore adopt a three-layer perspective: Environment,
Application, and Locomotion (E-A-L).

Autonomy remains an attribute of the Application level, as it depends on the cognitive abilities
required for each task (see Figure 1).

Figure 1. Dual-axis pyramid that links design layers to the information flow in autonomous mobile robots.

Vertically, each layer is influenced by the one below. An indoor scenario favors dense vision-based
localization; the cleaning mission calls for mid-level autonomy and task-oriented planning; the selected
skid-steer chassis determines the kinematic controller. Horizontally, perception supplies the maps
and state estimates required by cognition, which generates waypoints and commands executed by
operation. Taken together, the two axes reconcile physical design with the algorithmic flow, serving as
a reference map for the review developed in Section 4.

3. Methodology for Structured Literature Screening
To support the development of the proposed PCO framework, this study adopted a structured,

concept-driven literature review approach. The reference base was assembled through searches in
major academic sources, including ScienceDirect, IEEE Xplore, arXiv, Scopus, Web of Science, and
Google Scholar, combined with iterative manual selection, citation chaining from relevant works, and
the inclusion of seminal references considered foundational to the field.

The screening process prioritized studies directly related to autonomous navigation for ground
mobile robots, with aerial and underwater robotics excluded when outside the scope of the proposed
framework. In addition to topical relevance, the selected works were curated to preserve a balanced

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 March 2026 doi:10.20944/preprints202603.0528.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0528.v1
http://creativecommons.org/licenses/by/4.0/


5 of 41

corpus containing seminal contributions, well-established and highly cited studies, and recent state-of-
the-art publications representative of current research trends.

The final reference corpus comprises 263 works covering wheeled, tracked, legged, and
biomimetic systems. This corpus supports the comparative discussion and the mapping of robotic
systems onto the E-A-L framework introduced in Section 2, which in turn underpins the PCO synthesis
developed throughout the following sections.

Each subsequent subsection discusses the prevailing sensing, planning, and control strategies for
indoor, hybrid, and outdoor missions, highlighting how application requirements modulate autonomy
and, finally, influence the locomotion mode design.

4. Bibliographic Review and Classification of Mobile Robots
In this section, we categorize ground-based mobile robots, often referred to as Unmanned Ground

Vehicles (UGVs), by reviewing their sensor configurations, algorithmic approaches, locomotion methods,
and existing robotics frameworks. We revisit and extend previous classifications through the unified
Environment-Application-Locomotion (E-A-L) perspective, structured clearly into three concentric layers:

(i) Environment Layer - the outer boundary conditions

• Indoor: highly structured and controlled;
• Hybrid: partially structured, partially unstructured;
• Outdoor: largely unstructured and open.

(ii) Application Layer - the mission context and its implicit autonomy demands. Grouping
real-world use-cases (industrial inspection, agriculture, urban delivery, etc.) by environment clarifies
the sensing, control, and navigation solutions most often adopted in practice.

(iii) Locomotion Layer - the mechanical means selected to meet those demands. Although the
overall diagram (Figure 2) lists wheeled, tracked and legged options, detailed mechanical design lies
beyond the scope of this review and does not modify the environment-centered taxonomy above.

Figure 2. Sunburst Chart of Mobile Robots: Distribution by environment, application, and locomotion types
(wheeled, tracked, legged). Estimations based on the synthesis of the selected reference corpus, industry trends
(IFR World Robotics Report [39]), and comparative analysis of locomotion features [40].
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4.1. Indoor Environments

Indoor environments generally offer predictable boundaries, such as walls and corridors, yet
present challenges, including narrow passageways, limited GNSS signals, and human-robot interaction.
Within this category, we identify several key application domains:

4.1.1. Industrial Inspection

Robotic systems designed for industrial inspection often navigate confined metallic surfaces
and vertical structures (e.g., tanks and pipelines). Karelics [41], for example, offers radar-equipped
robots and autonomy software that detect structural anomalies in metal surfaces. Dissanayake [42]
introduced a chain-climbing robot equipped with ultrasonic NDT sensors, enhancing inspection
safety and efficiency. Meanwhile, Bui et al. [27] proposed a steel-bridge climbing platform with a
magnetic array-based distance sensor that enables inch-worm adhesion and autonomous navigation.
Furthermore, Eldemiry et al. [25] presented an autonomous solution using 3D LiDAR and ground-
penetrating radar (GPR) to inspect bridges, achieving both surface and subsurface mapping for damage
detection (e.g. corrosion). Although these structures can be outdoors, the navigation itself relies on
fully structured surfaces and does not require external signals (e.g. GPS). Since we focus on algorithms
rather than mechanical or environmental effects (like adverse weather), we classify this solution as
“Indoor” for algorithmic purposes.

4.1.2. Logistics

In warehouses and large factories, wheeled platforms are widely used for material handling and
delivery. Automated Guided Vehicles (AGVs) and Autonomous Transport Robots (ATRs) rely on
predefined pathways and short-range sensors. Gueaieb and Miah [43] introduced an RFID-based fuzzy
logic system for corridor navigation, while Montiel et al. [44] fused artificial potential fields (APF) with
a bacterial evolutionary algorithm to enhance local obstacle avoidance. Logistics applications are also
not restricted to traditional indoor settings; for instance, Shen et al. [45] proposed a sensor-network-
based navigation system for baggage-handling robots in international airports, improving efficiency in
complex indoor environments. Recent innovations in indoor logistics include air-bearing-based robotic
platforms, significantly reducing wheel load and friction, thus improving efficiency and lowering
maintenance requirements in heavy-duty internal logistics operations [46].

4.1.3. Service & Assistance

Indoor service robots deployed in corporative or household environments require precise naviga-
tion and robust human-robot interaction. Recent advances focus on sensor fusion, adaptive planning,
and multi-modal perception for improved assistance capabilities.

For household applications, autonomous vacuum cleaners have become widely adopted, with
models like Roomba and Bobsweep leading the market. Recent research has explored low-cost
mapping algorithms for these robots, improving obstacle avoidance and efficiency [47].

In structured indoor environments, Toyota’s Human Support Robot (HSR) [48] integrates visual
and force sensors to assist individuals with mobility impairments, performing tasks such as fetching
objects and monitoring environments. Similarly, mobile hospital robots like Aethon’s TUG [49]
automate logistics in medical facilities, handling medication delivery, linen transport, and lab sample
distribution with autonomous elevator operation.

Meanwhile, advances in bipedal robotics have enabled service robots to operate in more complex
and dynamic settings. Karkowski et al. [50,51] proposed an improved A* footstep planner integrated
with 3D segmentation and prediction maps for real-time adaptation in cluttered indoor scenes. Simi-
larly, [52] applied a self-adaptive differential evolution approach to optimize the static force capability
of humanoid robots, improving their ability to push and pull objects in constrained environments.
Their method explores kinematic redundancy and torque distribution to maximize interaction forces
while ensuring stability, highlighting the potential of bioinspired optimization in legged robot control.
Ruscelli et al. present COMAN+, a torque-controlled humanoid that combines compliant series-elastic
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actuators with the XBot2 middleware and the CartesI/O whole-body controller, enabling safe manipu-
lation and bipedal locomotion in indoor assistance tasks [53]. One of the most advanced examples
is Boston Dynamics’ Atlas, which leverages whole-body control and deep reinforcement learning to
navigate complex terrains and perform dexterous manipulation tasks. Although primarily a research
platform, Atlas showcases the future of humanoid robots in assistance and industrial applications.
These modern service robots integrate autonomy and human collaboration, enhancing efficiency in
structured indoor spaces.

4.2. Outdoor Environments

Outdoor environments are diverse and often unstructured, which poses significant challenges for
perception, planning, and control. Here, we identify several prominent application domains.

4.2.1. Agriculture

Field robots in agriculture perform tasks such as planting, weeding, and harvesting in semi-
structured farmlands. These robots typically rely on RTK-GNSS for precise positioning and LiDAR for
obstacle detection. Redhead et al. [28] introduced the AgBot concept, a fleet of cooperative agricultural
robots designed for large-scale autonomous farming. These lightweight, unmanned machines are
developed to mitigate soil compaction and improve productivity through distributed operations.

Li et al. [29] reviewed autonomous agricultural vehicle guidance systems, highlighting the
integration of GPS, machine vision, and inertial sensors for robust navigation. Meanwhile, Lopes et al.
[30] applied deep learning-based instance segmentation using YOLOv8 for enhanced autonomous
navigation in sugarcane fields, demonstrating significant improvements in obstacle avoidance and
route optimization.

These advances demonstrate the increasing role of robotic systems in precision agriculture,
leveraging sensor fusion and AI to enhance field operations while minimizing environmental impact.

4.2.2. Surveillance & Defense

In surveillance and defense applications, terrestrial robots must operate in hostile outdoor en-
vironments characterized by dynamic obstacles and harsh conditions. Quadruped platforms, such
as Boston Dynamics’ Spot, employ multi-sensor fusion to navigate unpredictable terrains and detect
potential threats. In this context, precise force modeling and torque distribution have been shown
to enhance dynamic stability [54]. Moreover, hexapod designs that leverage multiple contact points
to improve stability have been explored to achieve robust locomotion in unstructured environments
[55,56].

Recent advances in land-robot technologies further underscore the importance of integrating
cognitive systems into military and defense applications. As demonstrated by Sanaullah et al. [18],
the incorporation of advanced sensor arrays, including high-definition cameras, thermal sensors, and
LiDAR, enables ground robots to autonomously generate detailed environmental maps, recognize
threats, and perform real-time decision-making. Complementing these developments, Ghute et al.
[57] presented a design for a military surveillance robot that uses Arduino and Raspberry Pi-based
platforms, coupled with a suite of sensors for enhanced video transmission and obstacle detection.
Together, these innovations highlight the synergy between robust mechanical design and cognitive
integration, significantly enhancing the operational reliability and situational awareness of terrestrial
robotic systems in complex combat scenarios.

4.2.3. Remote Exploration

Exploration in remote regions requires robots to handle extreme and heterogeneous conditions. In
polar terrains, advanced sensor fusion and specialized mobility strategies are essential to navigate icy,
GNSS-challenged environments, addressing issues such as sensor freezing and energy management, as
demonstrated by the polar rover developed by He et al. [58]. Ant-inspired navigation approaches have
also shown promise in extreme outdoor settings, for example, Dupeyroux et al. [59] demonstrated that
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a hexapod robot can achieve precise homing using minimalistic, bioinspired sensors. Long-duration
explorations in challenging environments have been validated by platforms such as Nomad [60], which
successfully traversed the Atacama Desert. Furthermore, in remote areas characterized by rugged
terrain, such as those found in the Amazon forest, robots must maintain effective traction control. For
example, the Hybrid Environmental Robot (RAH) described by Silva [61] is an amphibious mobile
robot designed primarily for terrestrial navigation, demonstrating significant adaptability on rough
and heterogeneous ground. Moreover, innovative mobility strategies have been developed for polar
operations. Luo et al. [62] introduced a polar robot that uses scalable wing sailing and snowboarding
to enhance energy-efficient mobility, and Lever et al. [63] presented a polar rover equipped with ski
and track mechanisms for autonomous GPR surveys.

4.2.4. Urban Autonomous Vehicles

Autonomous vehicles operating on highways require high-precision localization, real-time percep-
tion, and advanced motion planning to ensure safety and efficiency in high-speed environments. These
systems integrate multi-sensor fusion, including GNSS, LiDAR, Radar, and vision-based methods, to
achieve robust localization and obstacle avoidance.

Kuutti et al. [64] conducted a comprehensive review of localization techniques for autonomous
vehicles, highlighting the importance of multi-sensor fusion and cooperative localization strategies.
Similarly, Kuwata et al. [65] developed real-time motion planning algorithms for autonomous vehicles,
ensuring safe and efficient trajectory execution in dynamic highway scenarios.

Li et al. [66] explored multi-vehicle cooperative local mapping, demonstrating how vehicle-to-
vehicle (V2V) communication improves situational awareness and mapping accuracy, crucial for
autonomous platooning systems. Yang et al. [67] introduced deep convolutional control strategies,
significantly improving AVs’ ability to perform real-time path planning and collision avoidance.

These advances collectively contribute to the development of autonomous trucking, highway
platooning, and cooperative driving systems, enabling safer and more efficient transportation solutions.

4.3. Hybrid Environments

Hybrid environments exhibit characteristics of both structured and unstructured settings, re-
quiring robots to adapt across varying conditions. Two notable application domains in such contexts
are:

4.3.1. Rescue Operations

Rescue operations often require ground robots capable of quickly accessing and traversing
unstable, irregular terrains under harsh, unpredictable conditions. Hybrid robotic systems for rescue
tasks combine multiple modes of locomotion to maximize mobility in environments that blend indoor
and outdoor features. For example, kangaroo-inspired robots use hopping mechanisms to achieve
dynamic, energy-efficient control in challenging terrains [68,69], while octopod systems that integrate
walking, rolling, and climbing modes offer versatile solutions to access debris-laden or partially
collapsed areas [23,70]. These advances highlight the potential of hybrid platforms to improve rescue
operations in scenarios where conventional wheeled or tracked vehicles might be inadequate.

Early real-world deployments, such as those during the World Trade Center disaster, demon-
strated the feasibility of using teleoperated, tracked systems to penetrate narrow voids and navigate
complex rubble environments, providing critical situational awareness to rescue teams [71]. Compre-
hensive surveys have mapped the evolution of rescue robotics [72], emphasizing improvements in
locomotion, sensor integration, and human-robot interaction. Moreover, specialized studies reveal
tailored solutions: mine rescue robots designed for confined spaces and hazardous environments [73]
and integrated systems developed in Japan that combine climbing and tracked locomotion to overcome
obstacles in urban disaster scenarios [74]. Together, these developments underscore the promise of
modern tracked platforms, often enhanced with climbing capabilities, as decisive, energy-efficient
tools in terrestrial rescue operations.
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4.3.2. Delivery Systems

Terrestrial delivery robots are increasingly deployed in hybrid environments, such as beaches,
shopping malls, and airports, where they must navigate semi-structured terrains and dynamic human
interactions. In coastal tourist areas, solar powered UGVs deliver chilled beverages and pre-packaged
meals, using LiDAR and sand-resistant locomotion to efficiently avoid obstacles [75], while integrating
customer satisfaction models in route optimization frameworks for tourist hubs [76].

In indoor and outdoor spaces, such as airport terminals and large malls, UGVs leverage multi-
robot coordination and real-time pedestrian tracking to dynamically adjust routes for efficient parcel
delivery, while ensuring regulatory compliance (e.g. speed limits and GDPR through encrypted
data transmission and teleoperation safeguards) [77,78]. Furthermore, Wei et al. [79] developed a
deep reinforcement learning approach with heuristic corrections for UGV navigation that significantly
enhances collision avoidance and path efficiency in dynamic, unstructured settings, a key improvement
for robust autonomous logistics in crowded or hybrid indoor-outdoor areas.

Recent advances in terrain-specific designs, such as reinforced treads for sandy conditions, silent
propulsion for indoor use, and predictive crowd navigation algorithms, further enable UGVs to bridge
last-mile logistics gaps where traditional vehicles face access restrictions or spatial constraints [80].

4.3.3. Subterranean Exploration

Subterranean exploration embodies an inherent duality. On the one hand, it shares several
characteristics commonly associated with indoor environments, confined spaces, lack of GPS, and
limited illumination. However, it involves irregular terrain and topographic variability often found in
unstructured outdoor settings. This confluence of features demands robust navigation and mapping
strategies that integrate advanced sensor-fusion techniques and adaptive algorithms. The significance
of these subterranean scenarios was highlighted by the DARPA (Defense Advanced Research Projects
Agency) Subterranean (SubT) Challenge, which accelerated the development of technologies capable of
operating under adverse conditions, such as dust, smoke, and poor lighting, thus compelling robotics
teams to innovate in terms of mobility, perception, and communication.

Recent studies underscore this integrative perspective. For example, Chung et al. [81] discuss
systems engineered to endure degraded subterranean conditions, whereas Tranzatto et al. [31] provide
a comprehensive overview of the CERBERUS system. This framework employs hybrid platforms,
including the quadrupedal ANYmal C SubT, adapted for humid and dusty environments, and tracked
units designed to extend network coverage, to conduct exploration, mapping, and artifact detection.
Together, these solutions highlight how combining diverse mobility modes and advanced sensors can
effectively overcome the distinctive obstacles posed by subterranean domains, paving the way for
continued advances in autonomous robotics.

4.4. Locomotion and Upper Layers Overview

Mobile robots exhibit various locomotion modes: wheeled, tracked, legged, and biomimetic,
which are intrinsically linked to their operating environments, applications, and specific tasks. Figure 2
consolidates insights from the structured synthesis of a 263-reference corpus, together with trend
observations from industry reports such as the International Federation of Robotics World Robotics
2021 report [39], as well as the comparative analysis provided by Bruzzone and Quaglia [40]. These
references highlight that wheeled platforms typically excel in structured or semi-structured environ-
ments due to high speed and energy efficiency, whereas tracked, legged, or hybrid systems offer
enhanced mobility and obstacle-crossing capabilities in unstructured or challenging terrains, albeit
with increased mechanical and control complexity.

Figure 2 results from an effort to map locomotion types according to specific applications and
environments, given the scarcity of previous comprehensive studies addressing this precise correla-
tion. It synthesizes insights from available literature and industry reports, acknowledging explicitly
that the distribution depicted is inherently dynamic, evolving in response to technological advance-
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ments, design preferences, and specific application demands. Factors such as mobility features
(speed, obstacle-crossing, climbing capabilities, and energy efficiency, as outlined by Bruzzone and
Quaglia [40]) significantly influence the choice of locomotion type. As discussed in Section 8, emerg-
ing trends indicate an increasing adoption of hybrid and multi-modal locomotion solutions, as well
as variations within each locomotion type, such as articulated passive frames in wheeled robots,
independently controlled tracks, and adaptive dynamic gait modeling in legged systems.

4.5. Robotics Frameworks

Several autonomous navigation frameworks have been proposed, each characterized by distinct
emphases, specializations, or application contexts. To categorize these approaches, we propose a
structured classification:

4.5.1. Domain-Specific Frameworks

Domain-specific frameworks are tailored explicitly for particular robotic domains or tasks. Raja et
al. [82] propose an architecture for handling complex urban intersections. Apollo [83] and Autoware
[84,85] offer comprehensive autonomous driving solutions. Liu et al. [86] integrate classical and
reinforcement learning techniques for robust lunar rover navigation. CLARAty, the reusable two-layer
architecture adopted in NASA’s Mars Exploration Rovers [87], exemplifies the same category for space
robotics. In the maritime domain, MOOS-IvP delivers a nested-autonomy scheme for AUVs and USVs
[88]. ARMAR-6, a high-performance humanoid that relies on the ArmarX software stack to fuse 3-D
perception, bimanual manipulation, and mobile base navigation for collaborative industrial tasks,
illustrates a modern domain-specific framework tailored to humanoid assistance [89].

Youakim et al. [90] present a detailed software architecture for the Girona 500 AUV, emphasizing
sensor fusion and precise navigation. Gonzalez et al. [91] propose a supervisory control-based
framework optimized for Industry 4.0 environments. Similarly, the ROS2 Navigation Stack (Nav2)
[92] provides robust navigation functionalities for industrial robots.

4.5.2. Application-Oriented Frameworks (Highly Specific)

Application-oriented frameworks target specific functionalities or operational conditions. Alam et
al. [93] introduce an approach using fiducial markers and particle filters for reliable indoor localization.
Sandeep et al. [94] propose CANTAV, emphasizing cloud-based navigation and traffic management.

4.5.3. Generalist Frameworks

Generalist frameworks are designed for broad applicability across various robotic platforms.
Muñoz et al. [95] employ layered abstractions to rapidly validate navigation algorithms. Goodwin [96]
develops a unified framework encompassing software, hardware, environment, and user interactions,
facilitating reusability and modularity across robotic systems. In addition, NVIDIA Isaac offers a
GPU-accelerated SDK and physics-accurate simulation that targets both manipulators and mobile
robots [97]. Open-source autopilots such as ArduPilot/PX4 further extend generality to aerial, ground
and marine vehicles through a unified code-base [98].

Engine-agnostic stacks are also emerging: EAGERx exposes a graph-based API that runs un-
changed on PyBullet, Gazebo and real hardware, providing multirate synchronisation, delay simulation
and domain-randomisation for sim-to-real RL [99].

4.5.4. Abstract and Complex Frameworks

Abstract and complex frameworks provide high-level, hierarchical frameworks offering con-
ceptual rather than practical guides. The BERRA System by Örebäck [100] combines reactive, task
execution, and deliberative layers in a complex hierarchical design. Fleury et al. [101] propose a global
architecture conceptualizing task planning and functional modules without detailed implementation
guidelines.
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4.5.5. Ambiguous or Intricate Representations

Frameworks with ambiguous or intricate representations are characterized by unclear or overly
complicated inter-module connections. Examples include UML-based implementation diagrams by
Örebäck [100], often illustrating complex interconnections challenging to interpret, and automatically
generated hierarchical structures [100] frequently introducing unnecessary complexity.

4.5.6. Benchmarking-Focused Frameworks

Benchmarking-focused frameworks are dedicated primarily to evaluating and comparing nav-
igation algorithms. Ugwoke et al. [102] develop a comprehensive simulation platform to evaluate
classical, heuristic, and metaheuristic planning algorithms. For co-simulation and HIL/SIL testing of
automated-driving stacks, IPG CarMaker offers an integrated framework linking vehicle, environment
and sensor models [103].

4.5.7. Frameworks Focused on Specific Technical Aspects

Frameworks focused on specific technical aspects concentrate on particular elements such as
decision-making, behavior trees, or computing architectures. Wang et al. [104] employ hierarchical
state machines for efficient decision-making in autonomous vehicles. Godin [105] presents ArMoR, a
minimalist architecture that emphasizes simplicity and modularity, making it well suited to educational
and experimental contexts. Axelsson et al. [106] propose a participatory co-design framework explicitly
tailored for social-robot applications. Mingo Hoffman et al. introduce OpenSoT, an open-source
prioritized-QP library that delivers hierarchical whole-body control for legged, mobile-manipulator,
and humanoid robots [107]. Similar to the other task-oriented frameworks, its scope is confined to the
control layer, leaving perception, mapping, and navigation to external stacks.

Despite the significant diversity of frameworks presented, a notable gap remains: most approaches
address only specific tasks or domains and often lack clear modular boundaries and well-defined
interdependencies. Furthermore, the comprehensive integration of hardware, software, and environ-
mental interactions across varying levels of autonomy is still limited. Our review therefore highlights
the need for a unified, modular, and pedagogically oriented framework that systematically links
Environment–Application–Locomotion (E-A-L) characteristics with Perception–Cognition–Operation
(PCO) modules. Addressing this gap can provide clearer educational guidance, simplify algorithm
interchangeability, and enhance interoperability across diverse robotic platforms and environments.

Trajectory-Optimisation Toolkits

Beyond full-blown navigation stacks, several open–source SDKs focus on a single step of the
PCO pipeline. Horizon [108] wraps CasADi, Pinocchio, and state-of-the-art SQP/iLQR solvers into a
lightweight API that lets users transcribe and solve optimal–control problems: walking, jumping, or
agile base motions— for platforms such as Spot®, TALOS, or Centauro in just a few lines of Python.
In the path-planning realm, the Open Motion Planning Library (OMPL) [109] plays an analogous role,
offering a large collection of sampling-based planners (RRT, PRM, KPIECE, FMT) through a common
interface readily embedded in ROS or proprietary stacks. These toolkits exemplify the growing trend
toward high-modularity “building blocks” that can be slotted into broader frameworks rather than
replacing them outright.

5. Proposed Unified Architecture (Framework)
In this section, we introduce a layered architecture that organizes autonomous navigation into

three main layers: Perception, Cognition, and Operation. This framework consolidates prior studies
from the literature, which traditionally divided navigation into five phases (Phases I-V) [10,110,111].
By grouping these phases into three cohesive layers, we emphasize the interdependencies between
sensing, planning, and control. Figure 3 illustrates this conceptual mapping, adapted from established
classifications in the field.
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Figure 3. Unified architecture for autonomous mobile robot navigation, structured in three hierarchical layers:
Perception, Cognition, and Operation. The framework integrates and renames the original Phases II and III from
prior literature to improve clarity. Additionally, it explicitly visualizes the influence of system design constraints:
locomotion type, application domain, and autonomy level, on each functional layer. Each module is enriched
with representative hardware or software components to support interpretability and modular analysis.

5.1. Overview of the Three Layers

The proposed framework organizes autonomous navigation into three hierarchical layers (Fig-
ure 3), while the vertical E-A-L coupling is conceptually summarized in Figure 1:

• Perception Layer (Phase I: Environment Perception, Self-Location, Data Processing)
• Cognition Layer (Phases II–III: Path Planning and Obstacle Avoidance)
• Operation Layer (Phases IV–V: Motion Control and Trajectory Execution).

Each layer interfaces with the vertical axis of the pyramid (Environment–Application–Locomotion),
creating a cohesive design paradigm:

• Perception ↔ Environment: Sensor selection and perception algorithms are dictated by environ-
mental constraints (indoor/outdoor/hybrid).

• Cognition ↔ Application: Task complexity and autonomy requirements drive planning strategies.
• Operation ↔ Locomotion: Control mechanisms are tailored to the robot’s kinematic design

(wheeled/legged/tracked).

5.2. Perception Layer

The Perception Layer encompasses the complete sensing and interpretation pipeline, corre-
sponding to Phase I of the navigation process. As detailed in Figure 3, this phase comprises four
interconnected sub-phases:

1a Environment Sensing: LiDAR, cameras (RGB-D, thermal), IMUs, radar, and other sensors gather
raw data.

1b Self-Localization: Pose estimation via GNSS, SLAM, or dead-reckoning odometry.
1c Data Fusion and Filtering: Kalman/Bayesian filters and HDR algorithms reduce noise and

extract features.
1d Mapping: 2-D or 3-D grid representations built from fused data.

This layer realises the Environment ↔ Perception coupling (Figure 1), where sensor selection and
algorithms are dictated by environmental constraints (indoor/hybrid/outdoor). Indoor robots thus
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rely on dense vision and proximity sensing, whereas outdoor platforms add GNSS and robust LiDAR
(see Table 1). The output of this layer (maps, state estimates) directly feeds the Cognition Layer.

Table 1. Phase I – Well-established Sensors

Sensor (Category)
Indoor Hybrid Outdoor

General Sensor Overview (Survey) [2,112] [113]
Exteroceptive Sensors
Acoustic-Based Sensors

Audio Sensor (Microphone, Speaker) [57,114]
Ultrasonic Sensor [47,49,115–123] [80,124,125] [42,57,64,126,127]

Cooperative Localization Devices
Automatic Dependent Surveillance-
Broadcast (ADS-B), Zigbee, Wireless

[128] [66]

PetriNet Model [129]
Wireless Router (V2V Communication) [66]

Electromagnetic Waves Based Devices
Force Sensing Resistor (FSR) [122]

Global Positioning System (GPS) and/or
DGPS

[72,80,130] [11,18,29,58,62–64,66,78,
114,126,131–143]

Ground Penetrating Radar (GPR) [25] [63,132,142]
Joint Position Sensor [122]
Pressure Sensor [20]

Radar [124,130,144] [64,126,131,133,134,137,
138,141]

Ultra Wide Band (UWB) [45] [64]
WiFi [49,123,145]

Ground Beacon-based Locators
Radio Frequency Identification (RFID) [43,49,52,146]

Optical and Laser-based Sensors
Distance Measurement Sensor [25,27] [61,74]
Ground Sensors (Reflectivity) [14]
Infrared Sensor / Thermal Camera [49,123,147,148] [71,73,129,149] [57]

Laser Scanner (2D) [4,49,120,128,150–160] [71,77,79,125,161] [18,29,66,126,131,134,
136]

LiDAR (3D) [25,27,159,160,162,163] [72,130,149,164,165] [6,29,64,114,131,134,141,
142,166]

Optical Particle Counter (OPC) [132]
Optical Velocity Sensor (Corsys) [135]
Panospheric Camera (360 view) [30,60]

Scientific Sensors
Toxic Gas Sensor, Aethalometer, Wind [62,73,132]

Visual Sensors

Kinect, 3D Depth Camera [4,19,50,151,157,163,
167] [73,125,165] [5,20,168]

RGB Camera [21,48,118–121,163,169–
171]

[3,27,71,72,77,80,124,
130,165,172–174]

[18,29,30,64,74,78,114,
126,131,133,134,137–
139,141,142,166,168,175,
176]

UV Solar Based [59]
Proprioceptive Sensors
Geo-referencing Systems

Current Sensor (Motor) [135]
Haptic Sensor [177] [57]
Force/Torque Sensor [53]

Inertial & Attitude Sensors (INS & AHRS:
IMU, Gyroscopes, Accelerometers, Compass,
Magnetometers, Altimeter)

[2,19,27,53,121–123,145,
170] [20,72,130,144,145]

[5,6,11,18,29,42,57,58,62,
64,78,127,131,133,134,
136,139,140,176]

Self Localization Apparatus (for Dead Reckoning Estimation)

Encoders (Odometer, Encoder, Optical En-
coder)

[19,53,118,119,123,151,
156,178] [27,61,72,129,172–174] [29,58,66,127,139,176]

5.3. Cognition Layer

The Cognition Layer (Phases II–III) aligns with application requirements (Figure 1):
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1. Path Planning: Industrial robots often rely on deterministic methods such as A∗ for structured
navigation, whereas agricultural and off-road robots more frequently employ sampling-based
planners such as RRT∗ to cope with uneven terrain and partial observability. Thus, task complexity
directly affects the balance between global and local planning granularity [179].

2. Obstacle Avoidance: While path planning defines feasible routes, obstacle avoidance addresses
immediate threats in dynamic scenes. Depending on autonomy requirements, this may range
from reactive methods, such as potential fields, to more adaptive learning-based approaches
(Table 6) [1].

The Application ↔ Cognition link ensures mission-driven adaptability, balancing computational
efficiency with task performance [179]. Within the proposed framework, autonomy level is treated as a
task-dependent input to the Cognition Layer: lower levels favor supervisory and reactive strategies,
whereas higher levels require greater planning depth, tighter perception–planning integration, and
broader decision authority. This interpretation is consistent with the autonomy literature discussed in
Section 2.3, where ALFUS and SQuAL frame autonomy in terms of mission complexity and decision
granularity [33,34], while Pittman and Hwang support viewing autonomy as an architectural driver
rather than only a classification target [35,36].

5.4. Operation Layer

The Operation Layer integrates Phase IV (Motion Control) and Phase V (Trajectory Execution) to
enact navigation commands, embodying the Locomotion ↔ Operation coupling (Figure 1):

• Motion Control: translates planned trajectories into hardware commands. Wheeled and tracked
systems employ PID or Model Predictive Control (MPC) for precise speed and steering regulation
[65,139], while legged robots utilize whole-body controllers with gait adaptation for dynamic
stability on rough terrain [54,56]. Machine learning approaches, particularly deep reinforcement
learning, are increasingly deployed to adaptively regulate heading and steering in uncertain
environments, enabling wheeled platforms to autonomously optimize traction on slippery sur-
faces [180] and legged systems to learn complex locomotion policies through high-dimensional
continuous control [181].

• Trajectory Execution: is adapted to environmental constraints [10]. In structured environments,
offline dead reckoning ensures repeatable paths [49]. In unstructured settings, real-time Model
Predictive Path Integral (MPPI) handles slippage at high speeds [182]; for hazardous missions (e.g.,
subterranean exploration), episodic execution enables teleoperation switches when autonomy
limits are exceeded [183].

This Locomotion ↔ Operation coupling highlights hardware-algorithm co-design: Ackermann
steering constraints in wheeled robots demand curvature-compliant paths, while legged systems
prioritize foothold safety over speed. Industrial robots optimize for precision [184], whereas rescue-
oriented hybrid platforms sacrifice efficiency for obstacle negotiability [81].

5.5. Advantages of the Unified Framework

By grouping Phases I–V into these three layers, we emphasize:

• Clear separation of sensor/data processing tasks (Perception) from algorithmic decision-making
(Cognition) and real-world execution (Operation).

• Better interoperability: modules in each layer can be replaced or upgraded (e.g. switching from
A* to RRT*, or from PID to MPC) without overhauling the entire system.

• Easier mapping to different autonomy levels, since each layer can support more or fewer features
as required.

This architectural view offers a simpler blueprint for practitioners aiming to design or analyze
terrestrial AMRs, ensuring that changes in one layer, such as adding a new sensor or adopting a new
control strategy, are logically encapsulated.
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6. Sensors and Algorithms for Terrestrial Robots
In Section 5, we introduced a three-layer architecture (Perception, Cognition, Operation) to

organize the tasks involved in autonomous navigation. These layers can be further detailed into five
sequential yet interdependent phases (Phases I–V), each targeting a specific subset of sensing, planning,
or control functions. In this section, we provide an in-depth look at the key sensors and algorithmic
strategies relevant to each phase, referencing the environment-based considerations (Section 4).

6.1. Phase I: Environment Perception, Self-Location, and Data Processing

The Perception Layer discussed earlier corresponds to Phase I. Autonomous robots must acquire
raw sensor data and fuse it into meaningful representations (e.g. occupancy grids and point clouds).
Table 1 highlights well-established sensor technologies crucial for both indoor, outdoor, and hybrid
domains.

Table 1 presents a broad overview of sensor utilization in robotic applications. A key observa-
tion is the predominant use of inertial sensors (IMU, AHRS) and GPS in outdoor robotics, where
precise geo-referencing and dead reckoning are essential. GPR appears primarily in specialized ap-
plications like subterranean and polar exploration, while radar is mainly found in outdoor settings.
Wireless localization technologies are clearly segmented, with RFID, Zigbee, and ADS-B used in indoor
environments, whereas WiFi-based localization is confined to enclosed spaces.

Regarding LiDAR technology, a clear shift is observed: 2D LiDAR sensors remain common
in older and cost-sensitive applications, particularly for indoor navigation where affordability and
simplicity are prioritized. In contrast, 3D LiDAR is increasingly prevalent in modern and complex
robotic systems, especially in outdoor environments where detailed environmental representation is
crucial.

Figure 4. Normalized sensor usage heatmap by category and environment. Each cell represents the relative
frequency (0–1) of grouped sensor entries across indoor, hybrid, and outdoor applications. This figure visualizes
trends and does not imply absolute counts.

Thermal and infrared cameras are predominantly found in military, security, and industrial inspec-
tion applications, spanning both indoor and outdoor settings. Their ability to detect heat signatures
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makes them particularly valuable in surveillance, search-and-rescue, and hazardous environment
monitoring, where traditional optical sensors may struggle.

The increasing integration of RGB cameras across various environments, particularly in outdoor
robotics with machine learning-based perception techniques (e.g. YOLO), further highlights evolving
trends in robotic sensing.

Table 2. Phase I – Perception (a) Object Detection, (b) Sensor Fusion & Data Processing

a Object Detection

Method
Indoor Hybrid Outdoor

LiDAR disparity / gap extraction [161]
Camera-based Detection

Boundary Extraction [158]
Canny Edged Detection [174]
CNN-Based Multi-Object [162] [149]
Color Marker-based Recognition [119]
Edge Based Terrain Classification [131]
Faster R-CNN [133]
Haar Cascade Classifier [174]
Hough Transform (Lane Detection) [72] [29,176]
Image Processing and Enhancement [112]
Online Boosting and Haar-like Features [151]
Point Cloud–based Detection [133]
Single Shot Detectors (YOLO/SSD) [30,133,166]
SVM-based Mobility Hazard [135]

b Sensor Fusion & Data Processing

Filter (Category)
Indoor Hybrid Outdoor

General Sensor Fusion Overview [2]
Probabilistic Fusion Filters

Extended Kalman Filter (EKF) [120,121,150,151,
157] [130] [64,131]

Kalman Filter [121,145] [72] [29,64]
Particle Filter (PF) [115,121] [1] [64,131]
Unscented Kalman Filter (UKF) [1]

Other Fusion Methods
Information Matrix Fusion [126]
Iterative Closest Point (ICP) [164]
Multi-Level Sensor Fusion [166]
SVD + ICP [158]
Track-to-Track Fusion (T2TF) [126]
Vector Auto-Regressive (VAR) Prediction [185]

Vision-Based Fusion Filters
Bayesian-based Filters [121,146,186] [64]
Complementary Filter State Estimator [53,171]
Dempster–Shafer [121] [64]
Extended H∞ Filter (EHF) [187]
Gaussian-based Filters [188]
High Dynamic Range (HDR) [175]

Deep Learning–based Fusion Filters
CNN-based Sensor Fusion [180]
Hierarchical NN Fusion [123]
LSTM-based Predictive Fusion [189]

Optimization-based State Estimation
Genetic Algorithm (GA) [170]
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The latest advancements in sensor technology and perception algorithms are primarily driven by
the demanding requirements of extreme applications, such as autonomous racing. High-performance
platforms, including Roborace and the Indy Autonomous Challenge (IAC), have catalyzed unprece-
dented developments in sensor fusion, real-time data processing, and robust failure-mode management.
Under conditions characterized by intense vibrations, extreme temperatures, high velocities, and chal-
lenging lighting, these environments significantly accelerate hardware-software co-evolution, pushing
the limits of algorithmic precision, reliability, and adaptability [130].

The analysis of detection strategies highlights a strong presence of deep learning-based meth-
ods, such as YOLO, particularly in outdoor applications where robust multi-object recognition is
required. Traditional methods, such as edge-based techniques and Hough Transform, remain relevant
in structured environments, especially for lane detection and feature extraction.

In sensor fusion, probabilistic approaches like Extended Kalman Filters (EKF) and Particle Filters
(PF) are the most widely adopted across different environments due to their effectiveness in multi-
sensor integration and state estimation. Kalman-based filters appear frequently in indoor and hybrid
applications, while Particle Filters are more common in outdoor settings where handling non-Gaussian
noise is crucial. Bayesian-based filters and Dempster-Shafer methods are mainly used in vision-based
fusion tasks, whereas high-level integration methods, such as Track-to-Track Fusion and Information
Matrix Fusion, are found in specialized applications requiring multi-source data synchronization.

Recent surveys report a gradual transition from classical probabilistic filters (EKF, UKF, PF) to
deep-learning based fusion, often organised as hierarchical CNN/LSTM blocks that act on coarse sensor
cues before refining pose estimates [190]. This shift mirrors the Environment↔Perception link in
Figure 1: highly occluded indoor scenes or texture-poor outdoor areas increasingly favour neural
fusion, whereas well-structured settings still benefit from lightweight Kalman or particle schemes.

Table 3 highlights self-localization and mapping methods.
SLAM-based localization is widespread, particularly in indoor environments where external

positioning references are limited. Monte Carlo Localization (MCL) and Markov Localization are
frequently used for probabilistic position estimation. In mapping, occupancy grid mapping remains
predominant indoors, while Octomap and voxel grid methods appear in hybrid and outdoor scenarios
due to their flexibility in 3D representation. Recently, merging grids techniques have been employed
to optimize mapping, while collaborative localization approaches, including V2V and V2I, are being
explored to enhance position estimation accuracy.

Several contemporary navigation architectures incorporate a concise prediction micro-phase log-
ically positioned between Perception 5.2 and Cognition 5.3. This micro-phase transforms the fused
detections produced in Phase I into short-horizon probabilistic forecasts of nearby agents or obstacles
(e.g., position–velocity distributions). These forecasts are forwarded to the path/trajectory planner,
enabling it to reason about imminent collisions rather than relying exclusively on the current scene.
Such prediction mechanisms have been adopted in general-purpose frameworks, for instance, the
Nav2 prototype that combines Vector Auto-Regressive (VAR) forecasts with MPC-based tracking [185],
as well as in high-speed, safety-critical domains such as autonomous racing, where sensor parameters
are actively tuned to deliver millisecond-level forecast updates [130].
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Table 3. Phase I – Perception (c) Self-Localization, (d) Mapping

a Self-Localization

Method
Indoor Hybrid Outdoor

Visual Place Recognition: survey [191]
Ant-inspired PI-Full mode [59]
Evidence-Grids Continuous [192]
Kalman Filter-based Localization [131]
Landmark Localization [112]
Markov Localization [120]
Monte Carlo Localization (MCL) [120,156] [131]
NDT-based LiDAR Localization [187]
RFID-based Localization [43]
SLAM-based Localization [25,115,157,160] [140,142]
Vehicle-to-Vehicle (V2V) [64]

b Mapping

Method
Indoor Hybrid Outdoor

C-SLAMMODT: Cooperative Factor-Graph
SLAM

[193]

Centralized Map Builder [162]
Color-Depth Map [151]
Continuous Metric Mapping [146]
Elevation Map [19] [20] [194]
Feature Map-Based Framework [133]
Local Perceptual Space (LPS) [118]
Merging Occupancy Grid [158] [66]
NDT-based LiDAR Mapping [187]

Occupancy Grid Mapping [120,150,152,169,
195] [30,112]

Octomap (3D Mapping) [159]
Uncertainty Map [160]
SLAM-based Mapping (e.g. Gmapping) [163] [112] [18,196]
Stereo ORB-SLAM2 [168]
Voxel Grid based [4] [131,166]

6.2. Phase IIa: Path Planning: Graph Construction

Once the robot has a preliminary map or fused data from Phase I, the Cognition Layer refines it
into graph structures or potential fields for planning feasible paths. Table 4 lists popular map-building
methods.

Indoor robots typically rely on grid or mesh-based approaches, leveraging corridor geometry,
while outdoor robots favor approximate decomposition or layered maps for large, unstructured
spaces. Probabilistic roadmaps and potential fields are preferred in hybrid scenarios, whereas genetic
algorithms and bioinspired methods are mainly used for optimization. Digital maps and lane marking-
based approaches are common in structured outdoor environments.
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Table 4. Phase IIa – Path Planning: Graph Construction

Method
Indoor Hybrid Outdoor

General Path Planning Overview (Survey) [113]
Classical, Heuristic and Meta-heuristic Planners
(Survey)

[102]

Genetic Algorithms
Bioinspired based [59]
Chaotic + Co-evolutionary GA (Swarm robots) [197] [197]
Genetic Algorithm for Map Merging Optimiza-
tion

[66]

Particle Swarm Optimization (PSO) [124]
Graph Search Maps

3D Delaunay Triangulation [168]
Boundary Planning [126]
Breadth-First Search (BFS) [10] [113]
Convex Feasible Region Mapping [21]
Depth-First Search (DFS) [10]
Exact Cell Decomposition [124,179]
Free-space Volume Extraction [168]
Grid-based Path Planning [195] [20] [11,58,132]
Lattice based Graph [152] [42,137,198]
Probabilistic Roadmaps [179]
Rapid Exploring Random Tree (RRT) based [27] [136]
Uncertainty Frontier Map (UM) [160]
Visibility Graphs [179]
Voronoi Diagram [116] [124,147,179]

Others Methods of Map Building
3D Segmentation [19,50]
Digital Map [126]
Elastic Bubble Band [199] [92] [200]
Elevation Map based [60,194]
Fast Marking Tree (FMT)* [3]
Gaussian Mixture Model (GMM) [131]
Hierarchical Finite State Machine (HFSM) [138]
Hybrid Walking Pattern Generator [53]
Lane Marking Based Mapping [176]
NF1 Algorithm [154]
Probabilistic Roadmap (PRM) [3] [5]
State Vector Machine (SVM) [135]
SuperVoxel Graph [5,6]
Uncertainty Map (UM) [160]

Potential Field Maps
Artificial Potential Field [147,179]

6.3. Phase IIb: Path Planning: Graph Search Algorithms

After constructing a suitable map, the robot must compute an optimal (or near-optimal) route.
Table 5 shows widely adopted path-planning algorithms.
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Table 5. Phase IIb – Path Planning: Graph Search Algorithms

Method
Indoor Hybrid Outdoor

General Path Planning Overview (Survey) [113]
Derived Algorithms from the previous graph search methods

Bacterial Potential Field [44]
High Autonomous Driving (HAD) Algorithms [138]
Multi-criteria Path Fusion Planner [60]
Particle Swarm Optimization (PSO) [141]
Potential Field based Algorithms [186]

Deterministic Graph Search

A* based Algorithms [4,19,25,50,116,
152,195,201] [3,20,92,112,173] [5,42,58,131,137,

141,176]
D* based Algorithms [120,150,156,202] [3] [5,126]
Dijkstra’s based Algorithms [185] [112,201] [141]
GPS based Coverage Approach [132,143]
Greedy and Heuristic Quadratic Programming
(GH-QP)

[21]

Smac Planner [173]
State Lattice Search [92,173] [198]
Utility-Based Decision Making [138]

Genetic/Evolutionary Based Algorithms
Firefly Algorithm (FA) [129]
Genetic Algorithm (GA) [76] [141]

Randomized Graph Search
OMPL and SBO Planners [109] [203]
Probabilistic Roadmap [141]
Rapidly Exploring Random Tree (RRT) based [45,160] [3] [136,141]
Spider Monkey Optimization (ISMO) [122]
Wall Follow & Random Walk [47]

A* and its variants appear in all environments, reflecting their reliability and adaptability. RRT-
based planners are prominent in outdoor settings due to their ability to handle high-dimensional spaces.
State lattice search and D*-based algorithms are frequently used in hybrid and outdoor environments,
ensuring structured yet dynamic path planning. Genetic algorithms and particle swarm optimization
focus primarily on optimizing routes rather than primary path planning.

Selecting the “Best” Planner Is a Mission–Specific Trade-Off

Although Tables 4 and 5 catalogue the path–planning methods most frequently adopted for
terrestrial robots, no single algorithm is universally superior. Instead, the selection must reflect the
dominant requirements of the target Operational Design Domain (ODD), whether that is computational
frugality on resource-constrained hardware, trajectory smoothness for passenger comfort, energy efficiency
in long-duration agricultural tasks, or millisecond responsiveness on high-speed racing platforms.

Carvalho et al. [204] provide an empirical illustration of these trade-offs: in a controlled urban
simulation they benchmarked several widely used planners and observed that improvements in safety
margins or ride comfort often came at the expense of increased path length, energy consumption,
or CPU load. Their findings underscore that planner selection is not a matter of choosing the “most
advanced” algorithm, but of matching the algorithm’s cost envelope to the specific performance
priorities and risk tolerance of the intended application.

In some frameworks, an intermediate phase between path planning 6.3 and motion control 6.5
is included, primarily focused on velocity optimization. Such methods are essential in real-time,
high-speed, or safety-critical applications [182], and are also employed in general-purpose navigation
frameworks like ROS 2 Navigation Stack (Nav2) [185]
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6.4. Phase III: Obstacle Avoidance and Trap Landscapes

Even with a planned path, dynamic or unknown obstacles may appear. Phase III addresses
collision avoidance, guaranteeing safe local navigation.Table 6 surveys established Collision Avoidance
Systems (CAS) algorithms.

Table 6. Phase III: Obstacle Avoidance and Trap Landscape, CASs.

STRATEGIES CASs
Indoor Hybrid Outdoor

Anti-target Approach Laws
Cone’s Geometry-based Calculated Rule [124]
Piecewise Continuous Bezier Curves [136]
Visibility Constraints-based Space Carving [168]

Genetic based Algorithms
Artificial Neural Networks [112]
BeeClust Algorithm [112]
Biological Approach (incl. Cockroach-Inspired
Neural Escape Circuit)

[127]

Evolutionary Behavior based on Genetic Pro-
gramming

[147,170]

Geometrical Methods
Collision Cone [144]
η3-Spline [151]
Foot Collision Check [19,195] [20]
GPS-Based Path Correction [132]
GH-QP (Greedy and Heuristic QP in Convex
Regions)

[21]

Hybrid Regression Analysis-ISMO [122]
Markov Random Fields (MRF) [131]
Occupancy Likelihood-Based Merging [66]
SuperVoxel-based Cost Model [5]

Traditional Algorithms
Boundary Following (i.e. walls) [112,147]
Bug Algorithms [205–207] [147] [141]
Curvature Velocities Techniques (CVM) [208]
DWA + Elastic Band [154] [141]
Dynamic Windows Approaches [4,117] [124] [137,209]
Elastic Band Concept [4,25]
Follow the Gap (FTG) [161]
Machine Learning based [72,79,210] [29]
Nearness Diagram [155,156] [125]
Reactive Methods [147]
Vector Field Histogram (VFH) based algorithms [211] [124,147,212] [18]

Virtual Force Field (VFF) Methods
Costmap Segmentation based [30]
Dynamic Cost Map Refinement [131]
ML based Obstacle Detection via Haar Cascade
Classifier

[174]

Potential Field (Gradient Based) Methods [1,116,118,170,186,
213] [3] [11,42,141]

Potential field-based methods are widely used in indoor settings due to their efficiency in struc-
tured environments. Machine learning-based obstacle avoidance is more common in hybrid and
outdoor settings, leveraging data-driven adaptation. Traditional methods like vector field histograms
and dynamic window approaches are versatile and can be applied across multiple environments.
Outdoor applications also frequently employ spline optimization techniques, such as Bezier curves,
for smooth obstacle avoidance. Autonomous vehicles, in particular, rely on these techniques to ensure
smoother motion, reduce jerk, and improve passenger comfort during trajectory execution.
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6.5. Phase IV: Motion Control and Robot Relocation

Phase IV translates planning outcomes into actuator commands for velocity, steering, or leg
movement. Table 7 summarizes representative controllers.

Table 7. Phase IV – Motion Control and Robot Relocation

Controllers
Indoor Hybrid Outdoor

Behavior Based Controllers

Fuzzy Logic [21,43,151,167,
174] [112,214]

Motion Generator / Shape Corrector [125]
Rotation Shim [92]
FTG Heuristic (model–free) [161]

Control-Theory Based Controllers
DCC, ACC, LCGA [138]
Robust/Optimal State-Feedback (LQR / H∞ /
LMI)

[171,215,216]

Active / Optimised Disturbance-Rejection [217] [61]
Solar-Adaptive Speed [132]

Hybrid Controllers
Image-Segmentation Path-Following [172]
MPPI [218] [92] [139]

Linear Controllers
Lane Detection + Sliding Mode [147]
Lateral & Longitudinal PID [126]
Preview LQR [176]
Whole-Body QP [53]
PID (Pose / Velocity) [20,27,112,164] [18,42,58,135]

Machine Learning
CNN [133]
MobileNet [166]
Neural-Network (generic) [151] [127]
Reinforcement Learning [20]

Nonlinear Controllers
Bio-Inspired [116]
Dining Philosopher [122]
Exact Feedback Linearisation (FBL / Backstep-
ping)

[219,220]

Gradient-Based Speed & Steering [118]
iLQR [108,221]
Loop-Closure Pose Optimisation [168]
Lyapunov-Based [170]
Sliding-Mode Family (SMC / VG-NTSMC) [222,223]
MPC [185] [3,72,147,182] [5,6,11,18,131,137]
MSaDE-Static Force Opt. [52]
Nonlinear Optimal SDRE [213]
Optimized Sail Assistance [62]
Passivity-Based Formation / Tracking [224]
Pure Pursuit [218,225] [92] [11,18,114,226]
Rate / Nonlinear Pos. Mapping [177]
SC Impedance (SCIC) [53]
State Lattice Policy [198]
Time Elastic Band [4,218]

PID and fuzzy logic controllers dominate structured indoor environments due to their simplicity.
In contrast, outdoor robots require more advanced control methods, such as Model Predictive Control
(MPC) and nonlinear techniques, to handle dynamic and high-speed conditions. Bioinspired models
appear less frequently due to their complexity and lower determinism. Machine learning-based
controllers, while still emerging, are being explored for adaptive control and robust navigation.
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A recent study by Schena [218] highlights the merits of automated, repeatable benchmarking
frameworks for motion-control evaluation. Using a standardized test-bench, the work quantifies
how alternative controllers emphasise distinct regions of the performance space, whether trajectory-
tracking accuracy, obstacle-clearance margins, energetic efficiency, or computational latency. The
results underscore that no controller is universally superior to an Operational Design Domain (ODD);
rather, the optimal choice depends on the mission’s dominant requirements. Robust benchmarking
infrastructures are therefore indispensable, providing objective data that exposes these trade-offs and
enabling practitioners to align controller selection with application-specific priorities.

6.6. Phase V: Trajectory Execution

Finally, Phase V enacts the chosen trajectory, either via offline (predefined) or online(adaptive)
methods. Table 8 lists examples of trajectory-execution algorithms:

Table 8. Phase V: Trajectory Execution Methods.

Method/Algorithm
Indoor Hybrid Outdoor

Episodic Planning (Deferred Execution) [21,119,154] [14] [63]
Hybrid Mode Switching (Autonomous-Manual
Transitions)

[227] [172] [18,78,138]

Integrated Planning and Execution (Continuous
Replanning)

[4,19,25,116,118,
152,169,170,213] [20,72,182] [5,11,44,66,132,

141,168,176]

Offline Trajectory Execution (Predefined Paths or
Teleoperation)

[164,177] [74] [42,135,200]

Real-Time Reactive Trajectory Execution (Local
Adjustments)

[53,171,195] [3,49,122,125,182] [30,126,127,131,
137,166,209]

Integrated Planning and Execution (Continuous Replanning) refers to methods involving frequent
updates to planned trajectories in response to significant environmental or mission-level changes. In
contrast, Real-Time Reactive Trajectory Execution (Local Adjustments)typically handles immediate,
localized adjustments to trajectories for obstacle avoidance and path tracking in highly dynamic
scenarios.

Episodic and offline planning methods are commonly employed in structured environments
where predefined routes or event-triggered decision-making suffice, as in museum robots and tour
guides. Fully autonomous systems depend on integrated planning and real-time reactive trajectory
execution for continuous adaptation to dynamic conditions. Outdoor robots frequently utilize these
real-time capabilities to respond promptly to unpredictable terrains and hazards. In high-risk appli-
cations such as defense and rescue, Hybrid Mode Switching facilitates smooth transitions between
autonomous and manual control, ensuring flexibility in mission-critical scenarios.

Recent industrial AMRs combine a velocity multiplexer with a ROS-based finite–state machine
to arbitrate seamlessly between execution modes. The Q-CONPASS prototype [227], for instance,
employs high-priority safety controllers that override lane–following or teleoperation commands,
alongside velocity smoothing in densely populated areas. Such priority–based arbitration exemplifies
modern implementations of Hybrid Mode Switching, ensuring uninterrupted transitions among
autonomous, shared, and manual control modes within operational workflows.

Complementary Surveys by PCO Phase

Up to this point we have detailed representative algorithms. Readers who need broader surveys to
compare methods within each PCO phase or follow research trends, we encourage to check Table 9.
Each entry points to a recent, high-impact review mapped to its corresponding module.
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Table 9. Complementary Surveys by PCO Layer / Phase

Layer : Phase (module)
Survey References

Perception : Detection & Self-Localization (Ia+Ib) [2,228]
Perception : Mapping & SLAM (Id) [229]
Perception : Sensor Fusion & Data Processing (Ic) [121,230–232]
Cognition : Graph Representation Builder (IIa) [233]
Cognition : Route Search Module (IIb) [3,102,113,124,234,235]
Cognition : Obstacle Avoidance – Reactive Module
(IIc)

[236]

Cognition : Decision-Making (III) (Adaptive Be-
haviour Selector)

[237,238]

Operation : Motion Control (IV) [239,240]
Operation : Trajectory Execution (V) [241]
Perception–Cognition : Prediction (Ic→II) [242]
Perception–Operation : Sensor–Control Integration
(I→IV)

[243]

Cognition–Operation : Task & Motion Planning
(II→IV)

[244]

Perception–Cognition–Operation : End-to-end DL
navigation

[245]

6.7. Summary of Phases vs. Layers

The relationship between perception, cognition, and operation layers structures how autonomous
robots process sensor data, plan actions, and execute trajectories. Indoor robots often depend on
structured localization techniques such as SLAM and occupancy grids, where ultrasonic sensors,
2D LiDAR, and depth cameras are generally sufficient for navigation and obstacle avoidance in
controlled environments. In contrast, outdoor robotic systems, particularly those operating in complex
or safety-critical scenarios, require more detailed environmental perception. These systems rely on a
combination of GNSS, 3D LiDAR, radar, and machine learning-based perception using RGB cameras to
enhance situational awareness and enable safe operation in unstructured and dynamic environments.

By integrating perception-driven data acquisition with cognitive decision-making and operational
execution, this framework highlights the interdependencies between sensing technologies, algorithmic
strategies, and control paradigms. The growing demand for autonomy underscores the need for
adaptive multi-modal sensor fusion, hybrid planning approaches, and flexible control mechanisms,
ensuring reliable robotic operation across diverse environments.

7. Discussion and Comparison
Section 5 introduced the Perception–Cognition–Operation (PCO) framework and detailed its

internal workflow. Now, we compare the proposed framework with literature mobile-robot navigation
architectures. This section fulfils two complementary goals:

1. Benchmarking insight: Table 10 details key architectural properties of representative frameworks
- ranging from minimalist finite-state machines to large-scale autonomous-driving stacks - thereby
clarifying the design space in which PCO operates.

2. Conceptual mapping: Figure 5 provides a visual taxonomy based on level of abstraction and
domain adaptability. By anchoring each quadrant with well-known examples (e.g., Autoware,
Apollo, Nav2), the plot helps researchers infer where unreviewed or future frameworks might
fall and, importantly, underscores PCO’s role as a high-level reference design intended to guide
forthcoming functional implementations.

Together, these features highlight an opportunity for the scientific community: instantiating PCO
as runnable code and rigorously benchmarking it against the alternatives listed in this paper will
provide a shared baseline for quantitative evaluation - an essential step to accelerate reproducible
research in autonomous mobile robots.
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Table 10. Concise comparison of representative navigation frameworks by clusters presented in Figure 5. Bold
cells mark the highest score per row.

Criteria

Decision
patterns
(FSM, BT)

Academic /
conceptual

(ArMoR,
AuRA, TCA,

NASREM,
CLARAty)

Generalist /
Control
SDKs
(MoveIt,

Nav2, Isaac,
EAGERx,
OpenSoT)

Domain
stacks

(Autoware,
Apollo,
Waymo,

CarMaker,
ArmarX)

Cross-
domain
pilots

(ArduPilot/PX4,
MOOS-IvP)

Proposed
PCO

General architec-
ture

State graph /
tree

Layered or
hybrid

concepts

Plugin-
based ROS /

GPU SDK

Large multi-
module

monolith

Real-time
autopilot

core

Three
orthogonal

layers
Structural modu-
larity

Low Moderate High High High High

Domain adaptabil-
ity

Low–
Moderate Low High Low Moderate–

High High

Scalability Poor–Good Moderate High High High High

Ease of reuse /
config.

Limited
Low

(concept
only)

High (launch
+ plugins)

Moderate
(heavy
setup)

Moderate
(parameter

files)

High (clear
APIs)

Typical scope Toy demos,
game AI

Research
prototypes,

rovers

Arms,
AMRs,

factories

L4/L5 road
vehicles

UAVs,
AUVs, UGVs

Reference
design for
multiple
domains

The synthesis in Table 10 and the taxonomy plotted in Figure 5 stem directly from the classification
survey presented in Section 4.5.
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CANTAV

PCO

Figure 5. Representative robotics frameworks mapped by structural modularity (X-axis) and domain adaptability
(Y-axis). Colors denote: decision patterns (red/orange), academic or historic architectures (yellow/grey), general-
purpose SDKs (pink), domain-specific stacks (magenta/cyan), and the proposed PCO concept (green, bold).
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The comparison in Table 10 and the conceptual map in Figure 5 indicate that the PCO model
bridges the gap between highly specialised industrial stacks (e.g. Autoware, Apollo) and low-level
symbolic controllers (FSM, BT). By clearly decoupling perception, reasoning, and actuation, PCO offers
a promising reference blueprint for both research prototypes and production-grade systems.

Future work could fruitfully explore three directions: (i) publishing open-source implementations
of PCO across heterogeneous robot-middleware platforms; (ii) benchmarking those implementations
against the alternatives surveyed here; and (iii) reporting quantitative evidence on cross-domain
transferability, maintenance effort, and real-time performance. Such results would clarify the practical
benefits of a layered navigation architecture and accelerate its adoption in autonomous mobile robotics.

8. Emerging Trends and Future Directions
Recent advances in AMRs reveal several key trends and challenges that will shape the future of

robotics. This section highlights these aspects, structured under two main perspectives: emerging
trends that drive innovation and critical challenges that must be addressed to enable safe and efficient
deployment of AMRs across diverse environments.

8.1. Trends in Autonomous Robotics

As robotic applications expand into more complex environments, certain emerging trends stand
out, defining the next generation of autonomous systems.

8.1.1. Electronics-Free Robots

Recent developments highlight an emerging class of robotic systems that operate entirely without
onboard electronic components. Particle-armored liquid robots exhibit remarkable capabilities such as
deformation, splitting, merging, and cargo engulfing, potentially enhanced with magnetic particles
for precise external control, broadening their applications in biomedical fields and challenging envi-
ronments [246]. Similarly, monolithic pneumatic robots fabricated via desktop 3D printing achieve
autonomous locomotion through integrated pneumatic logic circuits, suited to environments where
electronic components may pose risks or interference, such as explosive environments or strong elec-
tromagnetic fields [247]. Complementing these developments, recent research explores mobile robots
actuated through external alternating magnetic fields, allowing precise manipulation of magnetizable
materials. Such innovations further illustrate the potential diversity and adaptability of electronic-free
robotic systems, particularly for specialized industrial and medical applications [248].

8.1.2. Multi-modal Locomotion and Task Adaptability

Robotic systems are increasingly adopting multi-modal locomotion to dynamically adapt to
diverse terrains and mission requirements. This versatility is exemplified by hybrid wheeled-legged
platforms, amphibious robots, and transformative UAV-ground systems, proving particularly valuable
in search and rescue, disaster response, and planetary exploration. Ground-based hybrids combine
wheeled, legged, and tracked locomotion into four key configurations (leg-wheel, leg-track, wheel-
track, leg-wheel-track) [40], merging the energy efficiency of wheels with the obstacle navigation
capabilities of legs/tracks. Beyond terrestrial solutions, platforms integrating aerial-terrestrial, aquatic-
terrestrial, or aerial-aquatic domains further extend operational versatility.

Recent advances reveal distinct design paradigms driving deployment. Ramirez et al. categorize
>60 aerial-terrestrial prototypes into additive, adaptive, and multi-vehicle patterns, enabling field
applications from construction to subterranean rescue [249]. These align with biological trade-offs
in energy-morphology-control co-evolution identified by Low et al. [250]. Industry initiatives like
Audi/Airbus’s Pop-Up Next exemplify the multi-vehicle approach, combining autonomous ground
sleds with detachable eVTOL modules [251].

Validated prototypes demonstrate cross-domain benefits:

• - Morphological adaptation: DALER’s flight-to-"whegs" (wheel+legs) transition [252]
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• Energy efficiency: TIE’s passive-castor rolling [253]
• Cooperative logistics: UAV-UGV parcel delivery formations [254]
• Multi-domain fusion: Loon Copter’s air-underwater propulsion [255].

Complementing these approaches, emerging research explores unconventional locomotion prin-
ciples, including internal mass-driven systems, vibro-robots, and snake-like multilink designs, to
enhance maneuverability in highly constrained environments [256].

8.1.3. Collaborative Mapping and Localization

Multi-robot systems are increasingly being used for collaborative mapping, where multiple robots
share localization and mapping tasks to enhance accuracy and coverage, with approaches such as
C -SLAMMODT that achieve centimetre-level multi-vehicle LiDAR SLAM in dense traffic [193]. This is
especially beneficial in large-scale industrial sites, urban environments, and underground exploration,
where individual robots may struggle with GNSS-denied conditions.

8.1.4. Scientific Sensor Payloads

AMRs are now carrying specialized scientific sensors for environmental monitoring, pollutant
detection, and space exploration. Robots equipped with gas analyzers, GPR, and OPC are being
deployed for planetary research, deep-sea exploration, and autonomous environmental assessments.

Increased interaction between robots and humans is shaping service robotics. Applications
in museums, healthcare, and customer service require robots to perform tasks episodically, with
adaptive trajectory execution that allows operator intervention when necessary. Recent humanoid
demonstrators,ARMAR-6, which merges bimanual manipulation with mobile navigation for industrial
assistance [89], and Tesla’s Optimus Gen 2, envisioned for supply-chain co-working scenarios [257],
underline the growing push toward close-proximity human–robot collaboration. This trend now
goes beyond humanoids: ride-on quadrupeds such as Kawasaki’s CORLEO concept place the human
directly onboard a hydrogen-powered robotic “horse”, transforming the operator into an integral part
of the mobility system [258].

8.1.5. Learning-Enabled Navigation

Data-driven techniques are rapidly permeating every stage of the navigation pipeline. Deep
networks already surpass classical probabilistic filters in perception (semantic segmentation, Li-
DAR–camera fusion), power end-to-end planners for highly dynamic scenes, and refine low-level
control through on-board reinforcement learning. A recent survey catalogues applications ranging
from GAN-assisted inertial navigation to Transformer-guided MPC, covering perception, localisation,
planning, and control [245]. Tang et al. (2023) observe that recent work couples lightweight CNN
perception with geometry-aware mapping and multimodal deep-RL policies, enabling model-free
navigation while preserving real-time performance [259].

This evolution foreshadows hybrid architectures in which learned modules operate alongside or
on top of deterministic blocks, enhancing robustness under extreme environmental complexity.

8.2. Energy Optimization and Sustainability

Sustainability in autonomous robots is progressing on two fronts: smarter algorithms and cleaner
power. Suh et al. recast hybrid motion planning: rolling, crawling, swimming, as an approximate
dynamic-programming problem, demonstrating a 17% Such planners are especially attractive for
long-range outdoor deployments, from precision farming to polar science.

Hardware research follows suit. Musa and Mashori integrate lightweight photovoltaic panels
directly into the robot chassis, enabling continuous self-recharge under sunlight [260]. Cha et al.
embed piezoelectric composites in humanoid joints to harvest gait energy without adding dedicated
electronics [261]. Together with thermoelectric and other bio-inspired harvesters, these approaches
point toward robots that travel farther while relying less on conventional batteries.
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8.3. Challenges in Autonomous Robotics

Despite these advances, several challenges remain critical for the widespread adoption of au-
tonomous robots.

8.3.1. Decision-Making and Ethical Considerations

Autonomous robots must make ethical decisions in uncertain environments. This is particularly
relevant for autonomous vehicles, defense robots, and medical-assistive robotics, where safety and
legal implications require advanced AI-driven decision making aligned with IEEE P7001 and other
ethical guidelines.

8.3.2. Autonomous Recovery from Failures

Robots must handle unexpected situations, recover from localization errors, and adapt their
navigation strategies when faced with unforeseen obstacles. The ability to self-correct movement errors
and dynamically replan trajectories is essential for maintaining reliability in real-world applications.

8.3.3. Adaptive Algorithm Switching for Diverse Operational Conditions

Autonomous robots typically rely on predefined planning, localization, and control algorithms
tailored for a specific operational design domain (ODD). However, real-world environments often
exhibit substantial variability, even within a single deployment. A key challenge lies in enabling
robots to autonomously switch between different navigation strategies to optimize performance across
varying conditions, such as structured indoor layouts, semi-confined industrial settings, uneven out-
door terrains, or low-visibility environments. While some research has explored hybrid planning and
multi-modal perception, the development of robust and widely applicable frameworks for adaptive
algorithm selection remains an open challenge in autonomous robotics.

8.4. Discussion of Results

The comparative analysis presented in Tables 1 through 8 highlights how sensor selection, path
planning strategies, and control methodologies are highly dependent on the operating environment.
Indoor robots tend to leverage structured navigation approaches such as grid-based mapping and
SLAM, while outdoor robots rely on GNSS, probabilistic planning, and robust obstacle avoidance
mechanisms to handle unpredictable terrains.

Additionally, this study reinforces the increasing demand for advanced sensor fusion, improved
decision-making frameworks, and adaptive autonomy. The challenge of achieving reliable autonomous
behavior across varying environments remains a primary research focus, emphasizing the need for
real-time perception, robust trajectory execution, and ethical AI decision making.

These findings also highlight recurring design trade-offs across the proposed PCO layers. In
perception, higher-fidelity sensing and richer sensor fusion generally improve robustness and situa-
tional awareness, but often increase latency and computational demand. In cognition, planners that
emphasize smoother and safer trajectories may improve navigation quality at the cost of longer paths
or higher energy expenditure. In operation, more advanced control strategies can enhance tracking
accuracy and stability, yet typically require greater computational resources and tighter real-time
integration. As a result, effective navigation design depends not only on algorithm selection, but on
balancing performance, resource constraints, and operational demands within the target environment.

Future research directions should address these challenges by integrating multi-robot collabora-
tion, improving energy-efficient operation, and refining real-time AI-driven decision-making processes.
As robotic deployments grow, ensuring safety, interoperability, and adaptability will be crucial in
defining the next phase of autonomy.

9. Conclusion
This survey consolidates the state of the art in terrestrial robot navigation through the proposed

Perception–Cognition–Operation (PCO) framework. By synthesizing a structured corpus of 263
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references and cross-referencing sensing configurations, planning strategies, control methods, and
environmental domains, the study provides a structured and platform-aware reference for analysing
autonomous navigation systems. In contrast to fragmented or domain-specific formulations, the
proposed architecture organizes the navigation pipeline into modular functional boundaries that
help practitioners balance robustness, cost, adaptability, and algorithmic complexity in real-world
applications.

The rise of modular self-reconfigurable robotic platforms further reinforces the need for hardware-
agnostic navigation stacks [262]. In this context, the PCO architecture contributes a clearer design
perspective by explicitly linking the algorithmic flow of autonomous navigation to the Environment–
Application–Locomotion (E-A-L) axis. This integration helps reconcile physical platform constraints
with sensing, planning, and execution requirements, offering a practical design guide for researchers
and engineers working across indoor, hybrid, and outdoor domains.

Beyond summarizing prior work, this review highlights how the layered structure of the PCO
framework supports interoperability and algorithm interchangeability within well-defined modular
boundaries. Such organization enables the substitution or upgrade of individual modules, for example,
replacing classical probabilistic fusion with deep-learning-based approaches, or switching planning
and control strategies, without requiring a complete restructuring of the navigation architecture. In
this sense, the framework serves not only as a survey synthesis, but also as a pedagogically oriented
blueprint for the co-design of future autonomous robotic systems.

9.1. Limitations and Future Work

This review intentionally remains focused on algorithmic organization and literature synthesis. It
does not benchmark hardware components such as motors, batteries, ECUs, or communication buses,
and it does not yet address computational-resource constraints in detail, including CPU/GPU load,
latency, or real-time scheduling trade-offs. Likewise, the proposed three-layer architecture remains
theoretical at this stage, and its full end-to-end validation on physical robotic platforms is left for future
work.

These scope boundaries define a clear roadmap for the next phase of research. Future investi-
gations should validate the full PCO stack experimentally on real robots, including assessments of
real-time performance, computational efficiency, and robustness under field conditions. Additional
extensions should incorporate application-level tags through automated text-mining pipelines, en-
abling the taxonomy to evolve dynamically as new literature emerges. The framework can also be
broadened to cover truly heterogeneous and cooperative systems, including UAV–UGV teams and
other multi-robot configurations, where distributed optimisation, shared mapping, and decentralised
task allocation become central architectural requirements [263]. In this direction, swarm-oriented
and co-evolutionary planning strategies [197] provide a promising basis for examining how PCO
modules may scale from single-platform navigation to resilient, cooperative autonomy in complex and
mission-critical environments.
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