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Abstract—The Robot Operating System 2 (ROS 2)
Navigation Stack (Nav2) has become the dominant
framework for autonomous mobile robot navigation, yet
practitioners encounter significant difficulty translating its
architectural documentation into reliable real-world
deployments. This paper presents a practitioner-oriented
survey of Nav2’s architecture, core components, and known
implementation challenges, drawing on representative
studies published between 2020 and 2025. Rather than
claiming exhaustive literature coverage, this survey
consolidates  architectural knowledge by spanning
Simultaneous Localization and Mapping (SLAM) and
localization, path planning, costmap design and behavior
trees, and documents recurring implementation experiences
reported across diverse indoor robotic platforms. Key
deployment challenges identified include odometry drift
under sensor degradation, parameter tuning sensitivity,
dynamic obstacle handling limitations, and real-time
processing latency in distributed ROS 2 setups. The findings
are intended to serve as a practical reference for engineers
and researchers initiating Nav2-based indoor navigation
projects, providing both technical grounding and awareness
of where current implementations fall short.
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Robot Operating System 2 (ROS 2) Navigation Stack (Nav2),
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I. INTRODUCTION

Autonomous navigation empowers mobile robots to
perceive their surroundings, localize themselves within a
map and plan safe paths to targets capabilities essential for
applications from last-mile delivery and service robots to
warchouse automation. As environments grow more
dynamic and unstructured, navigation systems must be
robust, flexible, and capable of real-time adaptation.

The original Robot Operating System 1 (ROS 1)
Navigation Stack (Nav2) powered many pioneering
projects, but its monolithic design, limited dynamic
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obstacle handling, and non-deterministic communication
posed challenges for multi-robot coordination and
real-time performance [1]. ROS2 overcomes these
limitations by adopting a Data Distribution Service (DDS)
based middleware layer, managed lifecycles, and a
plugin-driven architecture that supports behavior trees,
secure execution, and easier integration of new algorithms.
Building on these advances, the Nav2 stack offers modular
planners, controllers, costmap layers, and recovery
behaviors that can be customized or extended via standard
ROS 2 interfaces [2, 3].

This paper aims to address this gap by presenting a
consolidated survey of the Nav2 framework, including its
architecture and core modules, with particular emphasis on
mapping, localization, and path planning. Rather than a
systematic enumeration of the literature, it draws on
representative implementation studies to document
practical experiences, recurring deployment challenges,
and observed performance characteristics. The objective is
to provide a technically grounded and practically useful
reference for engineers and researchers, particularly those
initiating ROS 2-based indoor navigation projects. To
support this, the following section introduces the Nav2
architecture and its core design principles, which establish
the foundation for all component-level and
challenge-oriented discussion that follows.

II. OVERVIEW OF ROS 2 NAVIGATION FRAMEWORK

ROS 2 Navigation (Nav2) is the official navigation
framework in the ROS 2 ecosystem, designed to enable
mobile robots to autonomously navigate in known or
unknown environments. It provides a complete, modular,
and extensible system for robotic navigation. Nav2 is the
successor to the ROS 1 move base navigation stack and
addresses many of the architectural limitations of its
predecessor as shown in Table I [4, 5].
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A.  Architecture and Design Philosophy of Nav2

The evolution of robotic navigation has steadily
transitioned from monolithic, ad hoc systems to
frameworks characterized by modularity, extensibility,
and robustness. Nav2 embodies this paradigm shift as the
next-generation successor to the ROS Navigation Stack. It

is crafted not merely as a collection of algorithms but as a
comprehensive  framework that integrates design
philosophy with agile, service-oriented architecture. This
design ensures that developers and researchers can rapidly
deploy, customize, and enhance navigation behavior
across diverse robotic platforms with stack in Table II.

TABLE I. COMPARISON OF ARCHITECTURAL FEATURES BETWEEN THE ROS 1 MOVE_BASE AND ROS 2 NAV2 NAVIGATION FRAMEWORKS

Feature ROS 1 Move Base ROS 2 Nav2
Architecture Monolithic Modular, Plugin-based
Communication Middleware ROS TCP DDS-based Real-Time
Execution Flow Finite State Machine Behavior Trees
Lifecycle Management Not supported Lifecycle Nodes (Managed States)
Costmap Plugin Support Basic Highly extensible

TABLE II. PRINCIPAL COMPONENTS OF THE NAV2 STACK AND THEIR FUNCTIONAL ROLES

Key Components

Description

Planner Server

This module is responsible for computing global paths based on input from costmaps and environmental data. It efficiently

maps out optimal trajectories from a start point to a given goal, integrating static and dynamic obstacle information.

The Controller Server converts this path into velocity commands to provide fluid, actionable motion, while the Planner

Execution Flow

Server describes the trajectory. To provide precise path following even in the face of dynamic impediments or unpredictable

environmental conditions, it continuously modifies these orders in response to sensor feedback.

Communication Serving as the robot’s environmental model, costmaps are continually updated grids that reflect obstacle positions and
Middleware terrain complexity. They provide essential data for both global planning and local obstacle avoidance.
Nav2 utilizes managed nodes that follow a lifecycle pattern. This approach establishes controlled startup, execution, and
Lifecycle Nodes shutdown procedures, ensuring that each component transitions gracefully between states. Such systematic handling

minimizes risks associated with abrupt failures or unexpected interactions between components.

At its core, Nav2’s design philosophy is driven by three
interlocking principles: modularity, flexibility, and
robustness. The framework advocates decomposing the
navigation task into discrete functional components. This
modular approach minimizes code duplication and
encourages the reuse of well-defined interfaces, allowing
components such as path planning, control, and recovery
behaviors to be independently developed and refined. By
decoupling these functions, Nav2 empowers developers to
tailor individual modules without risking regressions in
other parts of the system. This not only streamlines testing
and development but also fosters a vibrant ecosystem
where third-party contributions can seamlessly enhance or
replace specific functionalities.

In addition, Nav2 embraces a plug-and-play mentality.
It is engineered to support various robot kinematics, from
differential-drive and holonomic platforms to more
complex Ackermann and legged configurations. Such
flexibility is crucial for ensuring that the same core
framework can be deployed in a multitude of
environments, each with its unique challenges. In doing so,
Nav2 emphasizes a forward-looking approach where the
architecture remains resilient in the face of evolving
hardware and operational requirements.

In ROS 1, the monolithic move base architecture
tightly couples global planning, local control, and recovery
behaviors within a single execution pipeline. As a result,
failure in one component can propagate and stall the entire
navigation process. In contrast, Nav2 decomposes these
functions into lifecycle-managed nodes with well-defined
interfaces. This modular separation enables partial system
recovery. For instance, controller or planner servers can be
reset independently without restarting the full navigation
stack. Empirical studies such as Refs. [6, 7] further

demonstrate improved fault isolation and system resilience
in distributed Nav2 deployments, particularly in
multi-robot scenarios.

B.  Architecture of Nav2

Built on the modular, lifecycle-managed foundation
described above, Nav2’s high-level control logic is
orchestrated through behavior trees, which provide the
hierarchical decision-making structure that coordinates
planning, control, and recovery operations at runtime.

Behavior trees offer a hierarchical, graphical
representation of decision-making processes, where
individual nodes encapsulate specific actions or

conditions. This decomposition facilitates not only clear
organization and debugging but also the dynamic
reordering of tasks in response to real-time environmental
changes. The result is a navigation system that can
combine sequential and parallel logic, thereby enhancing
both efficiency and reliability during mission-critical
operations. The high-level architecture is shown in Fig. 1.
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Fig. 1. High-level architectural overview of the Nav2 stack.

As shown in Table III, these modules are orchestrated
by a high-level Behavior Tree Navigator, which
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effectively manages the overall navigation logic. This
hierarchical coordination allows for the integration of

recovery strategies when unforeseen obstacles or errors are
encountered, thereby maintaining operational continuity.

TABLE III. TYPICAL LIFECYCLE PROGRESSION IN NAV2

State/Transition  Node Status Type Description
Unconfigured Primary State Initial state. Node exists but has not yet set up resources or parameters.
Configuring Transition State Prepares the node (e.g., loads parameters, sets up publishers/subscribers).
Inactive Primary State Node is initialized but not processing data or interacting with other nodes.
Activating Transition State Final preparation before the node becomes fully functional.
Active Primary State Node is fully operational—processing data, communicating, and executing tasks.
Deactivating Transition State Node stops processing data and disables its interfaces.
CleaningUp Transition State Node releases resources and resets state.
ShuttingDown Transition State Final resource cleanup before node is terminated.
Finalized Primary State Node is completely shut down and ready to be destroyed.
ErrorProcessing Transition State Node is handling failure. May attempt recovery or trigger shutdown.

An infrastructure component that underpins all spatial
computation in Nav2 but is rarely discussed explicitly in
deployment guides is the ROS 2 Transform Tree, managed
by the tf2 library. The tf2 system maintains a directed
acyclic graph of coordinate frame relationships across the
robot, allowing any component to express spatial
quantities include sensor observations, robot poses,
planned paths, and velocity commands in any reference
frame through dynamic lookup and composition of
intermediate transforms.

Every spatially aware operation in Nav2 depends on tf2,
costmap sensor ingestion transforms observations from
sensor frames into costmap coordinates, Adaptive Monte
Carlo Localization (AMCL) particle evaluation transforms
expected scan patterns from map frame into laser frame,
and the controller server expresses velocity commands
relative to the robot’s base frame. The tf2 tree is therefore
not a peripheral utility but the spatial coordination

infrastructure that enables Nav2’s modular
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e
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multi-component architecture to function coherently. For
simple robot configurations with few sensors and no
articulated joints, tf2 overhead is negligible. For complex
robots with articulated structures, multiple sensor heads, or
dynamically  reconfiguring kinematic  trees, tf2
management becomes a non-trivial deployment
consideration that directly affects navigation reliability
and latency.

C. Lifecycle Management

One of the most significant architectural improvements
in ROS 2, adopted by the Nav2 framework, is the concept
of Lifecycle Nodes, also known as Managed Nodes, as
illustrated in Fig. 2. These nodes follow a structured state
machine model with defined states and transitions,
enabling better control over initialization, execution, error
recovery, and shutdown. Starting with ROS 2 Humble, the
APIs and toolchain support made lifecycle management
robust and practical.
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Fig. 2. Lifecycle action triggers each transition.
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Beyond architectural benefits, Macenski et al. [8]
demonstrate that Lifecycle Nodes also deliver clear
performance advantages, CPU utilization is significantly
lower compared to standard multi-process nodes.
Cacciabue et al. [9] show that deactivated Lifecycle Nodes
execute less code, which reduces CPU usage and battery
consumption compared to redeployment. This shows that
Lifecycle Nodes not only improve reliability and
manageability but also enhance efficiency in
resource-constrained robotic systems.

III. CORE COMPONENTS OF ROS 2 NAVIGATION

A structured literature search was conducted across
major academic databases, including IEEE Xplore,
Scopus, ACM Digital Library, and Google Scholar. Search
queries combined terms such as “ROS 2 navigation”,

“Nav2 autonomous mobile robot”, “ROS 2 Simultaneous
Localization and Mapping (SLAM) localization”, and
“Nav2 path planning”. The search was limited to
peer-reviewed publications from 2020 to 2025. Studies
were included if they implemented or evaluated Nav2 or
its core components in simulation or real-world settings
and reported navigation performance metrics. Works
focusing exclusively on ROS 1, hardware design without
navigation software integration, or non-English
publications were excluded.

The studies cited throughout this section are not
intended as an exhaustive census of literature. They were
selected to illustrate the range of implementation
approaches, sensor configurations, and performance
outcomes encountered in Nav2-based navigation, and
serve as representative examples from which practical

lessons are drawn where shown in Tables IV and V.

TABLE IV. SUMMARY OF SLAM AND LOCALIZATION CONFIGURATIONS REPORTED IN SURVEYED STUDIES (2020-2025)

Paper Sensor Suite SLAM Methods Localization Methods Key Mapping Result Key Localization Result
Average path length: 249.6 cm
. Average travel time: 34.6 s
0,
[10] - Gmapping AMCL Success rate of 92.6% I gi,1ic 92 69 + 1.8 collision count
static environments . . ..
Dynamic: 92% + intercollision
count 1.2
Odometry
Sensors, Inertial Trigger alarms when approaching
(1] ~ Measurement Unit - AMCL . within  defined  thresholds
(IMU) Fusion, (<50 cm)
LiDAR, RGB-D
Camera
S -
IMU Fusion, Grid-Based within 13 min: deviaton
[12] LiDAR, RGB AMCL ? Average localization error < 2%
FastSLAM from ground truth map
Camera o
within 5%.
AMCL - tuned for better Visually ¥mpr0\./ed maps Improved path-following and
Encoder Sensor, Cartographer . . . post-optimization with .
[13] . .2 particle filtering using . obstacle negotiation after
LiDAR (optimized) - reduced drift and clearer .
KLD sampling. . controller_server tuning
obstacle boundaries.
Custom method based on
background subtraction =~ Mapping is done visually ~ Successful goal reaching and path
[14] RGB Camera Grid-based Mapping and intruder detection from overhead camera following is demonstrated visually
using an overhead input. in maze-solving tests
camera.
Dijkstra + RPP resulted in lower
deviation and smoother path
Encoder Sensor, following, whereas A* + Dynamic
[15] LiDAR Slam-Toolbox Slam-Toolbox - Window  Approach  (DWA)
exhibited higher deviations with
occasional sharp turns.
At 0.6 m/s, the success rate was
82% for DWB and 96% for DWB
[16] LiDAR, wheel Cartographer Cartographer’s ) + DOL, while at 0.8 m/s it
encoders grap localization decreased to 43.3% for DWB but
remained higher at 86.7% for
DWB + DOL.
O;il\(jllaetg l’)i?{lxs Extended Kalman Filter Expected vs after EKF:
[17] i ’ Cartographer (EKF) Fusion via Smvs5.007m,20mvs  measured errors <0.2 m
Camera .
. Robot_Localization 20.307 m
Ultrasonic Sensor
Optocoupler Visual inspection
odometer, showed highly detailed S — 0o
[18] LiDAR, Wide- SLAM Toolbox SLAM Toolbox indoor maps with clear irrigation success rate = 29%

Angle Camera

obstacle boundaries.

[19]

Wheel encoder,
IMU, RGB-D
Camera, Deep

Learning-Based

SLAM Toolbox

Costmap based AMCL

keeps >3.0 m aways from person
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Perception,
Embedded GPU
Wheel encoders,
IMU, LiDAR, Grass is correctly identified as
[20] RGB-D Camera, - AMCL - traversable, resulting in shorter,
Ublox GNSS more direct paths with plugin
receiver
Encoder, IMU, RB1: 3.3 Recoveries per mile
(211 RGB-D Camera SLAM Toolbox AMCL ) TIAGo: 5.3 Recoveries per mile
VSLAM usin Camera-based semantic Enhanced by CNN Real-time updates reduce
RGB-D camera + using segmentation + ROS 2 segmentation + Canny collision, fewer failures and
[22] FCN_ResNet50 for . Lo
scanner seamentation Nav2 stack for edge fallback; improves  shorter mission times compared to
g ) local/global planning. obstacle edge detection.  pure A*.
Integrated via ROS Nav2py plugin bridecs Benchmarks show learning-based
RGB-D, 2D/3D 2 Nav2; planners P thgi plal%ners wigth Scenario generator planners outperform classical in
[23] LiDAR, IMU, tested include M . P produces semantically social metrics, but classical
. ROS 2; raw sensor data . X
GPS learning-based and . rich maps planners are more consistent
. used directly.
classical. globally.
3D LIDAR + LiDAR-based EKF fusion of IMU + _Demsecoloredmesh = ppp - 5¢ 1 ATE ~4-5 m
RGB cameras + reconstruction; 90% of .
[24] IMU + wheel SLAM + Voxblox odometry; loop closure oints within 0.54 m of depending on dataset; comparable
TSDF mapping. with NDT. P ) to state-of-the-art SLAM.
odometry. ground truth.
LiDAR, IMU, LiDAR-based LiDAR + odometry Focus on inspection Reliable  transitions  between
[25] Raspberry Pi SLAM + ROS 2 fusion; autonomous tasks; maps generated aerial/ground modes; validated in
camera. navigation stack ground-to-air switching. via LiDAR scans. indoor inspection scenarios.
ROS 2-based, Map built from point
s -
[26] GNSS with RTK, %i’::tli gal”l(]i)l\l)z?({ GNSS + odometry + clouds in RViz; cones ECTCEMCGNSHS bﬁgsu;e: if;nrf::;
LiDAR, camera . LiDAR fusion. placed with centimeter uracy, Hy P
for trajectory . trajectory smoothness.
] precision.
planning.
2D maps efficient for . .
2D LiDAR +dual ~ SLAM Toolbox + EKF + AMCL particle navigation; 3D maps L improves robustness; AMCL
[27] . . . maintains pose accuracy even in
depth cameras. RTAB-Map filter. richer in environmental .
cluttered corridors.
context.
MPPI best balance, DWB fastest
* g >
Velodyne VLP-16 A* global planner + Motion capture + ROS 2 C_ost.map.based . but closer to obstacles, RPP
(28] LiDAR. local planners odomet: mapping; static/dynamic smooth but weaker in dynamic
’ DWB, MPPI, RPP R4 obstacle scenarios. . 4
settings.
Velodyne HDL- Reliable re-planning in dynamic
. + + . . ’ .
[29] 32E LiDAR + SLAM Toolbox EKF MoCap Layered costmaps environments, drift correction via
Nav2 costmaps. corrections
encoders. loop closure.

TABLE V. SUMMARY OF GLOBAL AND LOCAL PATH PLANNING CONFIGURATIONS AND NAVIGATION PERFORMANCE REPORTED IN SURVEYED

STUDIES (2020-2025)

Paper Global Planner Local Planner Navigation Accuracy
Average path length: 249.6 cm
Average travel time: 34.6 s
(10] ) bwa Static: 92.6% + 1.8 collision count
Dynamic: 92% + intercollision count 1.2
IH.CI.UdeS ala‘rr-n system fpr Trigger alarms when approaching <50 cm, with increased alerts below
[11] - collision, stability, and failure
. 25cm
detection.
[13] Stgndard NavZ Tuned through controller_server Improved path-following and obstacle negotiation after controller server
planning architecture tuning
Orientation detection and motion
[14] A*, Dijkstra’s, and execution logic based on camera  Successful goal reaching and path following is demonstrated visually in
DFS feedback were used for local maze-solving tests.
adjustments.
.. 1. Dijkstra + RPP had lower deviation and smoother path following.
3
(5] A and Dijkstra RPP and DWA 2. A* + DWA showed higher deviations and occasional sharp turns.
. In 0.6 m/s:
NavFn Planner (via DWB Controller S on o
[16] nav2_navfn_planner/N DWB + DOL combination for g;loéagsrl:ljséssml navigation: 82% (DWB), 96% (DWB+DOL)
avPlanner) enhanced local path planning 101 o ccessful navigation: 43.3% (DWB), 86.7% (DWB+DOL)
. The vehicle reaches its target point with high precision. Map Comparison:
[17] Nav2 Global Planning Nav2 Local Planning Module Mapped dimensions suggest that the final positioning of the vehicle is
Module . ; .
accurate for the intended indoor delivery tasks.
[18] Nav2’s default global Nav2’s DWB Controller. Irrigation success rate = 29%
planner
[19] nav2_navfn_planner/N dwb_core::DWBLocalPlanner keeps >3.0 m aways from person
avfnPlanner
[20] NavFnPlanner DWBLocalPlanner Without plugin: Robot perceives tall grass as obstacles, leading to detours.
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With plugin: Grass is correctly identified as traversable, resulting in
shorter, more direct paths.
Real-world orchard tests confirm practical improvements in path planning.

RBI1: 3.3 Recoveries per mile

(211 A planner TEB TIAGo: 5.3 Recoveries per mile
CNN segmentation reduced collisions and improved mission completion
CNN-based obstacle time.
[22] A* planner segmentation + reactive In Scene 2: A* alone took ~155 s, while A*+CNN took ~70 s.
avoidance node In Scene 3: A* alone failed with collisions (236 s), while A*+CNN
recovered automatically (101 s).
foundation models, Learning-based planners excelled in social metrics.
methods utilizing . Lo Classical planners more consistent in global metrics but aggressive near
. . Social navigation controllers .
[23] multi-modal inputs (learning-based + classical) pedestrians.
and control theory- Benchmark showed ML planners outperform in crowded, dynamic social
based algorithms. contexts.
LiDAR-SLAM + Achieved 0.27-0.28 m RPE on Newer College dataset, comparable to
[24] Voxblox TSDF - SLAM. 90% of reconstructed points within 0.54 m error of ground truth.
mapping Strong mapping accuracy but not focused on navigation control.
Local planner for ground Hybrid robot achieved seamless aerial-ground transitions.
[25] global planner A* navigation + aerial mode LiDAR-based automatic switching improved autonomy.
switching Energy profiling showed extended endurance by prioritizing ground mode.
Hybrid A* gave smoother trajectories than A*.
Dijkstra, A*, Hybrid . DWA handled dynamic obstacle avoidance.
26] A* DWA + Elastic Band Elastic Band refined paths locally for collision-free navigation.
Modular ROS 2 implementation allowed flexible switching.
2D SLAM efficient for navigation; 3D SLAM added richer context.
SLAM Toolbox + . Robot navigated narrow corridors robustly.
(271 RTAB-Map DWB, DWB + DWB critics Integrationgof 2D+3D improved adaptabi}llity in structured + unstructured
environments.
MPPI: Best balance of safety + efficiency, smooth paths.
A* (global planner for DWRB: Fast but closer to obgtacles. ‘ .
[28] baseline path) DWB, MPPI, RPP RPP: Smooth but struggled in dynamic environments.
Real-world tests confirmed MPPI most reliable in dynamic industrial
settings.
Demonstrated Navigation2 deploy ability in industrial multi-robot setups.
.. DWRB critics tuned for obstacle avoidance and path alignment.
(291 Navfi (Dijkstra-based) DWB Local Planner Real-world + Gazebo tests showed robust re-planning when obstacles
appeared.
[30] Nav2 Globall Planner Nav2 Local Planner Plugin The rob(‘)t’s pat-h visualizeq in simulation and real-world tests generally
Plugin aligns with the intended trajectory.
While the paper doesn’t report standard metrics like mapping accuracy or
[31] - DWB, SCL, SFW docking accuracy, it uses 28+ custom metrics for benchmarking navigation

quality.

A. SLAM and Localization

In autonomous mobile robotics, the ability to perceive
and understand the environment is fundamental to safe and
intelligent navigation. At the core of this capability lies
Simultaneous Localization and Mapping (SLAM) and
localization. These processes allow a robot to construct or
use a map of an unknown environment and determine its
position within that map in real time. In dynamic and
unstructured environments, especially those shared with
humans or containing moving obstacles, achieving
accurate SLAM localization remains one of the most
critical and challenging problems in robotics.

In the Nav2 framework, the SLAM and mapping
components are typically the first subsystem activated in
exploration-based navigation. It supplies a 2D occupancy
grid map or 3D representation of the robot’s operating
environment, which is then used by the localization and
planning components [32, 33].

For autonomous robots to function in situations when
GPS is unavailable or pre-mapped data is out of date and
it is crucial [34]. SLAM systems usually consist of a
back-end optimization process that estimates the robot’s
trajectory and map consistency, frequently using methods
like Extended Kalman Filter (EKF), particle filters, or pose

graph optimization, and a front-end component that
extracts features from sensor data such as LiDAR,
cameras, or depth sensors. Cartographer and SLAM
Toolbox are two popular SLAM solutions in
ROS 2 [35, 36].

Localization allows the robot to identify its location on
a map once the map has been constructed. The main
method by which ROS 2 facilitates localization is
AMCL [37], a particle filter-based algorithm that estimates
the robot’s position on a given map using laser scan data.
Another popular choice is the Robot Localization
package [38], which combines Extended or Unscented
Kalman Filters to create more reliable and drift-resistant
state estimations by combining input from several sensors,
including GPS, encoders, and Inertial Measurement Units
(IMUs). Several variables, including sensor accuracy,
environmental structure, and parameter adjustment, affect
localization accuracy. The accuracy of localization can be
severely impacted by issues including odometry drift,
sensor latency, and unclear environmental characteristics,
particularly in dynamic settings that change often.

A specific limitation of AMCL arises in environments
with highly repetitive or symmetric geometric features,
such as long corridors or structured indoor layouts, where
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similar sensor observations lead to particle ambiguity and
incorrect convergence [39, 40]. In such cases, localization
may drift or converge to incorrect poses despite stable
odometry input. To mitigate this, increasing particle count
and tuning resampling thresholds can improve hypothesis
diversity, while integrating additional sensing modalities
such as IMU or LiDAR-based odometry through EKF
fusion provides complementary motion constraints. More
advanced approaches incorporate semantic or visual
features to reduce perceptual aliasing, although these
introduce additional computational overhead.

The SLAM or localization output is fed into the larger
navigation system in the Nav2 architecture, where it
interacts with costmaps to integrate with both local and
global planners. Using real-time sensor data, costmaps are
layered 2D grid maps that show traversable space and
obstacles. These layers consist of dynamic object updates,
inflation zones, obstacle marking, and static maps. Smooth
and safe path planning is ensured by the efficient
integration of costmap layers and SLAM-generated maps,
but this adds complexity, particularly when handling
incomplete sensor data, dynamic obstructions, or
computational constraints.

Several papers employ grid-based SLAM algorithms.
For instance, Kashyap and Konathalapalli [10] reports that
using GMapping results in a success rate of 92.6% in static
environments, while combining FastSLAM with AMCL
yields occupancy maps with 97% accuracy and
localization errors under 2% [12]. These probabilistic
methods generate detailed occupancy grids that underpin
reliable navigation. Cartographer SLAM, though initially
prone to drift and low-resolution maps, has shown
improved obstacle definition and reduced drift once
parameters such as submap overlap and scan density are
tuned, enhancing global planning performance.

Beyond grids, several works extend LiDAR mapping
with vision. Szwedka and Budzan [22] integrate RGB-D
cameras and CNN segmentation to enrich obstacle
detection, improving responsiveness but remaining
sensitive  to  lighting conditions. In  contrast,
Serdel et al. [24] with the OLCMR architecture relies on
LiDAR SLAM with NDT scan matching and EKF fusion,
achieving localization errors of 0.28 m RPE and 4-5 m
ATE, robust but less semantically rich. Kumar et al. [27]
advance this discussion by integrating 2D LiDAR SLAM
with 3D RGB-D SLAM, balancing efficient navigation
with richer environmental context.

Localization methods converge on AMCL, valued for
its particle-filter precision. Fine-tuning particle counts and
thresholds can reduce errors and better practical
localization accuracy [13], while Norbert et al. [26]
demonstrate that GNSS with RTK refinement achieves
centimeter-level accuracy outdoors. Ryalat et al. [25]
highlight the challenge of maintaining localization across
aerial and ground modes, where LiDAR ensures precision
on the ground but IMU/odometry dominate in flight.

Taken together, these studies show that no single SLAM
or localization technique suffices across all domains.
Grid-based methods excel indoors; LIDAR SLAM ensures
geometric fidelity in GNSS-denied settings; vision SLAM
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adds semantic awareness [41], and GNSS fusion
dominates outdoors. The field is converging toward
hybrid, multi-modal architectures that fuse LIDAR, vision,
GNSS, and probabilistic filters to balance metric accuracy
with contextual understanding, enabling robust navigation
in diverse environments.

B.  Path Planning

Another key feature of autonomous mobile robots is
path planning, which enables a robot to move from a
starting point to a target while avoiding obstacles and
respecting its kinematic constraints. Path planning in Nav2
is organized into two levels: local planning and global
planning. Based on a known or previously mapped
environment, usually shown as a static 2D occupancy grid,
the global planner creates an initial, ideal path. On the
other hand, the local planner dynamically modifies this
route in real-time by accounting for unexpected
environmental changes like localization drift or moving
obstacles.

Robots can function in both partially unknown and
structured settings due to this layered architecture. While
the local planner ensures immediate reaction and obstacle
avoidance based on the robot’s perception and motion
feedback, the global path acts as a high-level route. This
separation enhances flexibility and responsiveness,
particularly in environments characterized by high
uncertainty or frequent dynamic changes.

Although Nav2 offers a more robust and adaptable
architecture than ROS 1, several challenges persist,
including managing non-holonomic constraints, handling
dynamic obstacles in real time, ensuring smooth trajectory
generation, and establishing adaptive recovery behaviors
upon navigation failure [42].

Nav2’s path planning system leverages the pluginlib
interface introduced in Section II, enabling runtime
selection of planner algorithms through YAML
configuration alone, without stack recompilation. This
makes the system highly adaptable to different operational
profiles, as detailed below.

Graph-based global planners such as Dijkstra, A*,
Hybrid A*, and their Nav2 implementations are widely
deployed because they guarantee collision-free routes and
deterministic optimality in static maps [31, 35, 38]. NavFn
applies Dijkstra or A* heuristics. Smac provides both a 2D
A*-based planner, which assumes holonomic motion, and
a Hybrid A* variant that accounts for robot kinematic
constraints, enabling feasible trajectory generation for
non-holonomic platforms such as differential-drive or
Ackermann-steered robots. Theta* generates line-of-sight
path segments. These planners achieve precise global
routes, directly influencing metrics such as average path
length and travel time. However, they remain brittle under
odometry drift and actuator faults, and their reliance on
static costmaps limits adaptability in dynamic multigoal
scenarios. Studies comparing Dijkstra with A* variants
show that while Dijkstra paired with smoother local
controllers yields consistent trajectories, A* combined
with Dynamic Window Approach (DWA) can produce
erratic motion [15].
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Optimization-based local planners are the most
practically validated in ROS 2. The DWB controller, a
modular extension of DWA, scores velocity commands
based on path alignment, goal approach, and obstacle
clearance. Its adaptability allows tuning trajectory critics
to improve obstacle avoidance, yet it often cuts close to
obstacles, reducing safety margins. The Regulated Pure
Pursuit (RPP) controller emphasizes curvature-based
velocity regulation, producing smoother paths but
struggling with dynamic obstacles. The Timed Elastic
Band (TEB) controller dynamically optimizes trajectories
with respect to time, kinematics, and constraints, offering
balanced accuracy at higher computational cost.
Elbouhy et al. [28] show DWB excels in speed, MPPI
balances safety and efficiency, and RPP yields smooth
trajectories but triggers frequent recoveries. Navigation
accuracy improves significantly when local costmaps
incorporate dynamic obstacle layers: success rates rose
from 43% to 87% when comparing DWB alone versus
DWB+DOL [16].

Learning-based approaches are increasingly recognized
as the most adaptable path planning techniques for
dynamic environments. Unlike classical planners, they
learn policies directly from data, enabling robots to
anticipate and react to wuncertainty. Szwedka and
Budzan [22] and Shcherbyna ef al. [23] showed CNNs and
reinforcement learning outperform traditional controllers
in social navigation and obstacle avoidance, though at
higher computational cost. Moorthy et al. [43] advanced
this by integrating Deep Deterministic Policy Gradient
(DDPG) with ROS 2 and LiDAR, using reward functions
to balance goal progress, collision avoidance, and
trajectory smoothness directly improving navigation
accuracy in dynamic obstacle scenarios. Complementing
this, Cheng et al. [44] demonstrated that deep learning
perception boosts object recognition accuracy above 90%,
reducing misdetections that degrade path planning
reliability. Together, these works highlight that
learning-based navigation depends on the synergy between
adaptive decision-making and accurate perception. The
critical limitation remains computational overhead and
training complexity, but the impact on navigation accuracy
is clear: smoother trajectories, fewer collisions, and higher
success rates in dynamic, multi-agent environments.

Finally, system-level constraints such as sensor latency
directly affect navigation accuracy. ROS 2 improves
LIDAR processing compared to ROSI, but camera
latencies remain problematic [11], delaying local planner
reactions to dynamic obstacles and reducing overall
path-following precision.

C. Environmental Perception and Representation

In autonomous mobile robot navigation, the ability to
perceive and interpret the surrounding environment is
crucial. Within Nav2, this is achieved through a structured
and extensible component known as the costmap
architecture. The costmap serves as the robot’s internal
model of its operating environment, combining sensor
inputs into a unified, spatially aware 2D grid. This model
is used by planning, control, and monitoring modules to
make intelligent, safe navigation decisions [45].
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1)  Costmap generation and management

The Nav2 costmap represents a dynamic, real-time
model of the robot’s environment, continuously updated
based on sensor inputs. This allows the system to react to
newly detected obstacles, terrain changes, or moving
objects, as illustrated by the costmap architecture shown in
Fig. 3 [46].

Each cell in the 2D grid is assigned a cost value
reflecting the navigational risk:

Free space (cost = 0): Safe areas;
Lethal obstacles (maximum cost):
impassable regions;

Inflated zones: Buffered margins around obstacles for
safety clearance;

Unknown space: Areas without sensor coverage.
To optimize computational efficiency, Nav2 employs
multi-resolution costmaps. The local costmap, with higher
resolution and faster update rates, focuses on the robot’s
immediate vicinity for responsive behavior. Meanwhile,
the global costmap spans a broader area at lower
resolution, supporting strategic long-range planning [47]:

. Occupied or

Environmental
Representation

l

2D Grid-Based
Costmap

Static Layer

Global Costmap

Local Costmap

|

Planning, Control,
Monitoring

Obstacle Layer

Inflation Layer

Voxel Layer

Fig. 3. Nav2 costmap architecture.

2)  Costmap layer design

ROS 2 costmaps are built using a layered architecture,
where each layer is a plugin managed by pluginlib. This
design allows developers to independently include,
configure, or extend specific functional layers. Standard
layers include are described in Table VI [48].

Each layer operates independently and asynchronously,
which allows for robust and efficient updates. The
composite costmap is constantly rebuilt as new sensor data
arrives, ensuring that the robot reacts to environmental
changes with minimal latency.

To be noted, the Nav2 costmap consists of four main
layers: static, obstacle, inflation, and voxel but the voxel
layer is optional. This is because it is specifically designed
for 3D obstacle representation, which is only needed when
height-aware obstacle detection is required. If a robot
operates in a flat environment with 2D LiDAR, the
standard obstacle layer is sufficient, making the voxel
layer unnecessary. However, for robots navigating in
spaces with overhanging objects, varying terrain, or using
3D sensors like depth cameras, the voxel layer becomes
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beneficial. Thus, its inclusion depends on the sensing setup
and the complexity of the environment [49].

TABLE VI. COSTMAP LAYER DESIGN

Layer Remarks
Static Loads a pre-existing occupancy map (e.g., ﬁom SLAM
Layer or a YAML map server) for static features like walls.
Useful for large, well-known environments.
Obstacle Dynamically updates with data from live sensors like
Layer LiDAR, sonar, radar, or depth cameras. It detects
obstacles in real-time and flags them in the costmap.
Adds a configurable buffer around detected obstacles,
Inflation  assigning progressively higher cost values outward
Layer from the obstacle boundary. This ensures the robot
maintains safe distances.
Enables 3D obstacle processing by maintaining a 3D
Voxel voxel grid and p‘rojecting it into a 2D costmap. This is
Layer helpful when using depth sensors or §tereo vision for
(Optional) volumetric environments, but it also introduces

significantly higher memory consumption compared to
standard 2D occupancy grids

Behavior-Modifying  Spatial

D. Costmap  Filters:
Constraints

A powerful feature introduced in Nav2 is the costmap
filter system, which enables adaptive navigation behavior
based on spatial semantics [50]. Unlike traditional costmap
layers that primarily reflect obstacle presence, costmap
filters overlay semantic annotations, allowing the robot to
modify its behavior dynamically according to its location.
These filters operate through filter masks, which function
as spatial overlays on the costmap and introduce
context-specific  constraints without altering the
underlying path planning algorithms. In Nav2, three

s N
Costmap layers

Compose the cost grid from sensor data

( S .
Static layer
Load occupancy grid from map server

Obstacle layer
\'I‘rack 2D obstacle via laser scan topics

Voxel layer

3D volumetric model with ray-cast clearing

Inflation layer

Expand obstacle by robot inflation radius

Range sensor layer
Fuses cone-region IR / sonar readings

Denoise layer

primary costmap filter plugins are available, each serving
a distinct function as listed in Table VII and visualized in
Fig. 4.

TABLE VII. COSTMAP FILTER PLUGINS

Filter Remarks
Enforces high-cost zones that robots must avoid. These
Keepout are essential in environments where safety-critical
Filter regions—such as stairwells, hazardous machinery, or
restricted zones—must be excluded from navigation.
Constrains the robot’s maximum velocity in specific
Speed areas. This ensures safer operations in shared spaces like
Filter corridors with pedestrian traffic or narrow indoor
passages.
Binary qugles robot behaviqrs or modes when gntering or
Filter exiting predefined regions. For example, it can enable or

disable certain actions based on location-based triggers.

Remove isolated single-cell artifacts
(.

These filters are implemented using annotated maps or
dynamically generated masks, which are transformed into
feature maps that modulate local cost values in real time.
Importantly, the costmap filter architecture is modular and
sensor-agnostic, remaining compatible with various
perception systems such as 2D LiDAR or RGB-D cameras.

Additionally, each filter supports configurable
parameters such as resolution, update rate, and cost
modification rules, ensuring they are adaptable to both
static map annotations and real-time sensor inputs. This
design provides a robust mechanism for introducing
high-level behavioral intelligence into mobile robots,
making costmap filters essential in complex operational
contexts from industrial floors and healthcare facilities to
dynamic urban environments.

Costmap filters

Apply mask based rules post composition

Keepout zone filter

Reads binary filter mask from map topic
Sets zone cells to letha cost

Prevents robot entry into forbidden zones

Speed limit filter

Reads scaled values from speed mask
Publishes velocity cap to controller server
Enforces zone-specific speed constraints

Binary filter

Applies binary mask to guide routing

Encourages preferred corridors / lanes
Common in warehouse lane discipline

Input
Sensor topics / static map server

Input
Separate filter mask (OccupancyGrid)

Processing stage
Addtive stacking - compose costmap

Processing stage
Post-composition pass over final grid

Fig. 4. Comparison of costmap layers and filters.



International Journal of Mechanical Engineering and Robotics Research, Vol. 15, No. 5, 2026

E. Sensor Fusion and Customization

The costmap layers in ROS 2 are designed to be
sensor-agnostic, ensuring adaptability across different
robotic platforms and configurations. Whether a robot
relies on 2D LiDAR, 3D depth cameras, or radar arrays,
sensor data can be processed and fused seamlessly into the
costmap using pre-existing or custom layer plugins. This
allows developers to tailor environmental perception to
their specific operational needs.

To enhance accuracy and efficiency, raw sensor data
undergoes pre-processing techniques such as filtering,
clustering, and thresholding before being integrated into
the costmap. This step helps eliminate noise, refine
obstacle detection, and ensure smooth navigation in
complex environments.

Beyond standard layers, developers can extend costmap
capabilities by designing custom plugins for specialized
tasks, including:

Tracking moving obstacles, enabling dynamic
adaptation to real-time environmental changes.
Classifying object types, such as distinguishing
between humans and static objects for safer interaction.
Modifying cost values based on heuristics or
behavioural models, optimizing navigation for specific
use cases.

This modular and extensible approach is crucial for
deploying autonomous robots in diverse real-world
environments from hospitals and warehouses to outdoor
terrains where environmental constraints and navigation
demand vary significantly.

F. Impact of Costmap Architecture on Navigation
Behavior

In Nav2, the costmap plays a central role in shaping how
the robot perceives and reacts to its environment. Rather
than being a static map, the costmap acts as a dynamic,
real-time environmental model, constantly updated with
data from multiple sensors. This evolving representation
directly informs decision-making across the entire
navigation stack, from global path planning to local
trajectory control and safety monitoring.

Some paper also details how such architectures impact
on their project [51, 52]. The costmap’s information is
accessed by several critical components within the ROS 2
Navigation Stack, each of which relies on its spatial
representation to ensure safe and efficient robot behavior
also had shown in Table VIII.

Proper configuration of costmap parameters is essential
to balance reactivity, safety, and efficiency. Key
parameters included are shown in Table IX.

TABLE VIII. COSTMAP INFLUENCE ACROSS NAVIGATION MODULES

Navigation Modules

Remarks

These planners use the global costmap to compute an overall path from the robot’s current position to a target goal. The
costmap enables the planner to identify collision-free routes, accounting for static and semi-static obstacles in the
environment.

Global Planners

The local costmap is sampled at high frequency to adapt to the robot’s immediate surroundings. As new obstacles—such
as moving people or objects—are detected, the local planner updates the robot’s trajectory to maintain smooth, reactive
navigation without abrupt stops or collisions.

Local Planners

Collision Monitors
and Recovery

ROS 2 includes safety mechanisms like collision monitors, which continuously evaluate the robot’s position relative to
high-cost areas (e.g., occupied or inflated zones). If the robot gets too close to danger, recovery actions such as stopping,

Behaviors reversing, or replanning are triggered, enhancing resilience in uncertain environments.
TABLE IX. KEY COSTMAP CONFIGURATION PARAMETERS AND THEIR EFFECT ON NAVIGATION BEHAVIOR
Parameter Function Effect on Behavior
Frligjzrcy How often the costmap is refreshed with new sensor data High frequency increaszsrsszzgi::gt}getg (})/Shigh may cause noise or
Resolution Size of each costmap cell (e.g., 0.05 m) Finer resolution offers precision; coarser resolution reduces

computational overhead

Inflation Radius

Distance around obstacles treated as unsafe for navigation

Larger radius adds safety margin but may block tight spaces

Obstacle

Persistence detection (in seconds)

Duration a dynamic obstacle remains in the map after

Shorter time improves responsiveness; longer time improves
stability against noise

G. Behavior Tree-Based Navigation and Recovery
Behaviors

In the Nav2 framework, Behavior Trees (BTs) [53—55]
serve as the primary mechanism for orchestrating
navigation tasks. This architectural shift from the
monolithic Finite State Machines (FSMs) [56] used in
ROS 1 introduces a modular, extensible, and robust
structure for coordinating planning, control, and recovery
behaviors. BTs enable the navigation stack to make
decisions dynamically, adapt to changing environments,
and gracefully handle failures during navigation.

A BTs defines a hierarchical control structure that
sequences planning, control, and recovery operations in a
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logical and flexible manner as shown in Fig. 5. Each node
in the tree represents a behavior or decision, which can
succeed, fail, or continue running where listed in Table X.
These nodes are evaluated in order, enabling the robot to
react intelligently to both success and failure conditions.
Recovery behavior selection becomes particularly
consequential in  human-populated  environments.
Standard Nav2 recovery nodes such as SpinRecovery,
while effective in empty corridors, increase the robot’s
instantaneous swept footprint and may violate proxemic
boundaries in dense spaces. ClearCostmap recovery
carries the additional risk of erasing valid human obstacle
markings, potentially generating paths that route through
temporarily occupied regions. The Wait recovery node is
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arguably the most socially appropriate default in
high-traffic scenarios, allowing transient human flows to
clear before re-planning is attempted. However, the
surveyed literature does not provide direct comparative
evaluation of recovery node performance stratified by
human density or traffic pattern. Macenski et al. [21]
documents experiments in dense, high-traffic campus

Fallback ComputePathToPo!
?) se
IsGoalReached FollowPath
Timeout s Sequence Recoyery
(2) Behaviours

corridors where Clear Costmap, Wait, and Spin were the
most effective Behavior Tree nodes for stuck recovery, yet
the study reports only aggregate recovery frequencies
rather than stratified comparisons, reinforcing the gap that
no work has systematically evaluated recovery node
selection as an independent variable in human-shared
environments.

ClearCostmap

|:| Control Node
[ ] condition Node
[ Action Node
[ | Decorator Node

[ ] Recovery Node

Fig. 5. Behavior trees flow.

TABLE X. COMMON BEHAVIOR TREE NODES IN NAV2

Node Type Example Plugin Purpose Typical Usage
Control Node Sequence, Fallback Direct the flow of child nodes Sequences of tasks or chooses alternatives
Action Node Na;i)gl?;f;:;ﬁse’ Executes high-level navigation or control actions Move base, follow global/local plan
Condition Node IsGoalReached, IsStuck Evaluates the c?lrel(cjilzlizisto influence BT Check if the goal is reached or robot is stuck
Decorator Node RetryUntilSuccessful Modifies behavior of a child node Retry failed tasks a set number of times
ClearCostmap, . . .
Recovery Node SpinRecovery Executes recovery behavior upon failure Clear local/global maps, rotate in place

Although behavior trees provide flexible and modular
recovery handling, their execution is not inherently
guaranteed to terminate. Improper tree design, particularly
with repeated fallback or retry decorators, can lead to
infinite recovery loops. Formal validation of behavior tree
correctness can be approached using methods such as
finite-state abstraction, model checking, or temporal logic
verification. However, such techniques are not commonly
applied in current Nav2 implementations, where
correctness is typically ensured through empirical testing
and careful design of retry limits and termination
conditions. Nevertheless, Zafar et al. [57] demonstrates
that BT logic can be mathematically validated by
translating behavior trees into Datalog rules and applying
formal queries. This ensures termination of the analysis
and allows detection of infinite recovery loops, providing
a rigorous method to guarantee correctness beyond
empirical testing.

IV. CHALLENGES

The components surveyed above include SLAM,
localization, path planning, costmap layers, and behavior
trees are collectively enable autonomous navigation within
the Nav2 framework. However, their practical deployment
reveals consistent limitations that cut across component
boundaries. The following section examines these
challenges systematically, drawing on the same body of
implementation studies to identify where current
Nav2-based systems fall short.
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A. Sensor Reliability and Odometry Drift

Odometry drift remains the most consistently reported
limitation in Nav2-based navigation systems. It originates
from the cumulative integration of small errors in wheel
encoder measurements, which become significant during
long-duration operation, frequent turning, or traversal over
uneven terrain. Without external correction, these errors
lead to divergence between estimated and actual robot
pose, resulting in costmap misalignment, degraded path
tracking, and eventual navigation failure.

In Ref. [17], cumulative error reaches approximately
0.3 m over a 20 m indoor trajectory when relying on raw
odometry, exceeding the tolerance required for precise
goal alignment in constrained spaces. Even when overall
success rates appear stable, as in Ref. [10], increased
collision frequency in dynamic scenarios indicates
underlying  localization instability. More severe
degradation is observed in unstructured environments:
Fang et al. [18] reports only 29% task success when
relying on low-resolution encoder feedback, while
Nuhel et al. [14] shows that vision-only localization can
fail entirely under poor lighting conditions.

The dominant mitigation strategy remains multi-sensor
fusion via the EKF-based robot localization framework
introduced in Section III.A, which has been shown to
reduce positional error to below 0.2 m over a 20 m indoor
trajectory [17]. More advanced systems combine LiDAR
SLAM, loop closure, and multi-modal fusion to further
stabilize long-term localization [24]. These methods
improve robustness across both structured and
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unstructured environments by compensating for individual
sensor weaknesses.

However, a key limitation persists: all surveyed
approaches rely on static fusion configurations, where
sensor weights and noise models are fixed during
deployment. This assumption does not hold in real-world
conditions, where sensor reliability can change
dynamically due to wheel slip, surface variation, or
environmental interference. As a result, degradation in one
modality propagates through the fusion process without
explicit detection or adaptation. The absence of adaptive
or fault-aware fusion mechanisms highlights a
fundamental gap in current Nav2-based systems,
particularly for long-term autonomous operation in
variable environments.

B. Real-Time Constraints in  Multi-sensor and
Distributed Systems
Robust Nav2 operation requires integrating

heterogeneous sensor streams with differing update rates
and data characteristics. LiDAR, IMU, encoders, and
cameras operate at different frequencies and produce
asynchronous data, making consistent state estimation and
costmap generation inherently challenging. This mismatch
introduces synchronization errors, where the fused state
does not accurately reflect any single sensor observation at
a given time.

Empirical studies show that fusion improves accuracy
but introduces system complexity. Shcherbyna et al. [23]
highlights that integrating multi-modal data improves
evaluation performance but complicates system design and
reproducibility. Similarly, Kumar ez al. [27] demonstrates
that combining 2D and 3D SLAM improves robustness in
cluttered environments but requires careful coordination
between sensing pipelines.

Current approaches rely on filtering frameworks such as
EKF and modular costmap layers to combine sensor
inputs. However, these methods assume consistent timing
and reliability across sensors. In practice, variations in
update rates and intermittent sensor degradation introduce
inconsistencies that are not explicitly modelled.

As a result, sensor fusion in Nav2 remains
accuracy-oriented rather than consistency aware, with
limited mechanisms to manage asynchronous or degraded
inputs during operation.

C. Dynamic Environment Limitations of Standard
Planners

Nav2’s default planners are fundamentally reactive,
operating on instantaneous costmap representations
without predicting future obstacle motion. This limits
performance in environments with moving agents, where
safe navigation requires anticipating changes rather than
reacting to them.

As demonstrated in Section III.B, standard planners
operating without dynamic obstacle layers show markedly
lower success rates [16]. Comparative studies in Ref. [30]
further show that different planners exhibit trade-offs
between safety, efficiency, and smoothness, with no single
approach performing consistently across scenarios.

507

Mitigation strategies include dynamic obstacle layers,
social costmaps, and learning-based planners. While these
improve performance, they are implemented as extensions
rather than integrated components of the planning
framework.

The Nav2 global planner is invoked reactively; it
re-plans when the local controller reports a failure
condition or when the current global path is invalidated. It
does not continuously monitor costmap changes to
pre-emptively re-plan. When dynamic obstacles inflate
into the global costmap and block the planned path, the
system depends on the local planner to navigate around
them first. Only upon local planner failure does a global
re-plan occur. This architectural decision trades
responsiveness for computational efficiency. In
environments with frequent or large-scale dynamic
changes, this creates a structural latency where the global
path remains stale until a failure is explicitly detected.
Studies such as Refs. [25, 37] implicitly demonstrate this
limitation through their reported recovery rates, though
none directly instrument the re-planning trigger frequency.
This represents a known gap that adaptive or predictive
global planners such as Hybrid A* with rolling costmap
windows partially address, as seen in Ref. [26].

D. Real-Time Communication Latency

Despite the real-time communication features of ROS 2,
system-level latency remains a critical constraint in Nav2
deployments. Delays arise from sensor processing
pipelines, inter-node communication, and
multi-component architectures, resulting in outdated
information being used for planning and control.

Studies such as Ref. [11] show that delayed perception
updates reduce the effective reaction window for obstacle
avoidance, while Horelican [29] demonstrates that
distributed system architectures introduce additional
communication delays that limit responsiveness. In
multi-robot systems, shared communication channels
further amplify latency effects.

Current mitigation strategies include QoS tuning,
hardware acceleration, and architectural separation of
processing tasks. However, these approaches are largely
system-specific and do not provide guarantees on
end-to-end responsiveness. A key limitation is the absence
of formal latency modelling, where acceptable delays are
defined relative to robot dynamics and safety
requirements. Without this, system performance remains
empirically tuned rather than analytically grounded.

Furthermore, Park et al. [58] analytically decomposes
end-to-end delay into  queuing,  serialization,
deserialization, and transport overheads, and demonstrates
through experiments that DDS overhead becomes
significant under high-frequency sensor streams like
LiDAR.

E.  Parameter Tuning and System-Level Integration
Complexity

The flexibility of Nav2’s modular architecture
introduces a high-dimensional parameter space that
significantly affects system performance. Navigation
behavior depends on tightly coupled parameters across
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costmaps, planners, and localization modules, making
independent tuning ineffective.

Experimental results show that parameter configuration
can dominate system performance. Liang et al. [13]
demonstrates that SLAM performance can be substantially
improved through parameter adjustment alone.
Cross-platform studies in Ref. [21] further indicate that
configurations do not generalize across different robots,
leading to inconsistent outcomes.

Current practices rely on manual tuning, parameter
sweeps, and benchmarking frameworks. Although
effective in controlled settings, these methods are
time-consuming and lack scalability. The absence of
automated or transferable tuning methodologies indicates
that Nav2 deployment remains configuration-dependent,
limiting reproducibility and practical adoption across
diverse platforms.

To address this limitation, recent research directions
focus on reducing manual tuning through automated and
adaptive approaches. Optimization-based methods, such
as Bayesian optimization and evolutionary strategies, have

been explored to  systematically search for
high-dimensional parameter spaces [59]. In parallel,
learning-based approaches, including reinforcement
learning, have been proposed to adapt navigation
parameters dynamically based on environmental
feedback [60]. These methods aim to reduce reliance on
manual configuration and improve generalization across
platforms. However, their integration into Nav2 remains
limited, and challenges such as training cost, stability, and
real-time constraints must be addressed before widespread
adoption.

F.  Social Navigation and Proxemic Constraints.

Nav2’s default architecture treats moving humans as
dynamic obstacles, cost-valued cells in the local costmap
without modelling their spatial comfort expectations or
behavioral intent. This representation is functionally
adequate for collision avoidance but insufficient for social
navigation, where the robot’s trajectory must account for
proxemic zones, approach angles, and velocity profiles
near persons.

TABLE XI. SUMMARY OF METHODOLOGIES, IMPROVEMENT STRATEGIES, AND CHALLENGES ADDRESSED IN SURVEYED STUDIES (2020-2025)

Paper Improvement Strategy Targeted Challenges Addressed
[10] SLAM-based mapping and multi-robot navigation evaluation using Sensor drift; multi-agent coordination; instability in complex
path metrics and collision analysis. environments
Multi-sensor SLAM with real-time monitoring and teleoperation . L. . .
[11] support Sensor noise; system latency; reliance on manual intervention.
[12] FastSLAM with AMCL and real-time LiDAR-based obstacle Odometry drift; SLAM tuning sensitivity; dynamic obstacle
avoidance. instability
B31] Social-aware navigation using behavior trees and human-interaction ~ Lack of social metrics; human modeling complexity; interaction
modeling uncertainty.
[13] Parameter ;ﬁ gg)lifzeﬁl{)once(l)IfizsaI;SyénAdl\;a(t:lI; ,Sf;]l:}l(i:t(;ntroller for Map quality degradation; localization drift; goal instability
[14] Vision-based localization with grid mapping and classical path Visual noise sensitivity; high computation load; lack of
planning redundancy.
[15] Comparative evaluation of global and local planner combinations in Planner trade-offs; coordination inconsistency; dynamic
dynamic environments instability
[16] Dynamic obstacle layer with Kalman prediction and adaptive Lack of native dynamic handling; tuning complexity; limited
costmap updates high-speed response
EKF-based sensor fusion with optimized SLAM and Nav2 . Lo . o
[17] . Sensor inaccuracies; indoor mapping variability
configuration
[18] SLAM and navigation tgning with vision-based object detection and SLAM drift; encoder limitations: perception errors
wireless modular system
[19] Social costmap integration using RGB-D perception and deep High computation demand; limited generalization; hardware
learning constraints
[20] Semantic segmentation-based costmap refinement for travers ability Sensor misclassification; synchronization issues; computation
awareness overhead
21] Modular Nav2 architecture with behavior trees and adaptive multi- Non-holonomic constraints; localization ambiguity; human
algorithm planning intervention need
[22] Vision-enhanced navigation with CNN-based obstacle detection and Planner instability; collision risk in dynamic scenes; sensitivity
reactive safety layer integrated with A* to visual conditions and thresholds
23] Python-based Nav2 plugin framework with unified benchmarking Sim-to-real gap; lack of standardized benchmarks; integration
and multi-simulator evaluation barriers
[24] LiDAR-IMU-odometry fusion with de_nse 3D mapping and real-time Calibration sensitivity; computational load; drift in large-scale
reconstruction environments
[25] ROS 2-based hybrid ground—aerial navigation system with Mode transition instability; energy trade-offs; integration
autonomous mode switching complexity
[26] Multi-layer planning pipeline with enhanced localization and Localization sensitivity; planner trade-offs; dynamic obstacle
perception handling
[27] Hybrid 2D-3D SLAM integration with multi-sensor fusion in Nav2 Drift in large environments; limited environmental
framework representation; sensor uncertainty
28] Comparative optimization of Nav2 local planners with real-world Dynamic obstacle handling; planner-specific limitations;
validation parameter sensitivity
[29] Multi-robot Nav2 framework with distributed coordination and Multi-robot coordination; communication reliability; scalability
DDS-based communication challenges
30] Nav2 integration with sensor fusion, real-time re-planning, and sim- Dynamic obstacle handling; fusion inconsistency; sim-to-real
to-real calibration gap
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Proxemics theory defines concentric comfort zones
around individuals: intimate (<0.4 m), personal
(0.4-12 m), social (1.2-3.6 m), and public
(>3.6 m) [61, 62]. Standard Nav2 inflation layers do not
encode these zones differentially; the inflation radius
applies uniformly to all obstacle types including humans.
Addressing this requires custom social costmap layers that
assign asymmetric, direction-sensitive cost fields around
detected persons, as demonstrated in Ref. [19], which
enforces a 3.0 m standoff distance using RGB-D
perception integrated with a modified costmap layer.

Ref. [31] advances this further by introducing
HuNavSim, a ROS 2 simulator with 28+ social navigation
metrics covering human comfort, trajectory naturalness,
and interaction safety. Its findings indicate that standard
Nav2 benchmarking protocols are insufficient for
evaluating social behavior, as they measure only goal
success and collision count rather than comfort-relevant
trajectory characteristics.

Ref. [23] provides the most comprehensive comparison,
showing that learning-based planners, including
CrowdNav++ and SacSon outperform classical Nav2
planners on social metrics in multi-agent environments.
Classical planners achieve more consistent global
navigation but exhibit aggressive velocity profiles near
pedestrians, a behavior that is technically safe by collision
metrics but socially inappropriate.

The fundamental limitation is architectural: social
compliance in Nav2 is implemented as a post-hoc
extension through custom layers and non-standard
planners rather than as a first-class navigation objective.
This means social behavior cannot be formally guaranteed
and degrades when custom components are absent or
misconfigured. As indoor robots increasingly operate in
human-shared spaces, this represents one of the most
practically significant gaps in current Nav2 deployments.

G. Cross-Cutting System Limitation

Across all identified challenges, a consistent pattern
emerges existing Nav2-based solutions predominantly
address system-level symptoms through sensor fusion,
planner augmentation, and architectural optimization
rather than underlying sources of error as shown in
Table XI. Low-level uncertainties such as encoder
resolution, actuator faults, and wheel terrain interaction are
not explicitly modelled within the navigation pipeline.
Consequently, improvements in perception and planning
remain highly dependent on the quality of odometry
inputs. This indicates a structural gap in current research,
where robustness is pursued through increased system
complexity rather than foundational reliability,
highlighting the need for systematic investigation at the
sensing and actuation level.

V. IMPLEMENTATION RECOMMENDATIONS FOR INDOOR
NAV2 DEPLOYMENT

The following recommendations are grounded directly
in the implementation experiences documented across the
surveyed studies. They are organized by decision points in
the order a practitioner typically encounters them when
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configuring a Nav2-based system: SLAM algorithm
selection, localization strategy, path planner selection,
costmap configuration, and recovery behavior design.
These are not prescriptive rules but evidence-based
starting points; practitioners should treat them as informed
defaults and adjust based on their specific hardware,
environment geometry and operational requirements.

A. SLAM Algorithm Selection for Indoor Environments

For known, structured indoor environments, SLAM
Toolbox is the recommended default due to its native
ROS 2 support, loop closure capability, and compatibility
with long-term map reuse. Cartographer is preferable
when submap-level precision is required, but its default
parameters produce drift and low-resolution boundaries
that require tuning of submap overlap and minimum scan
density before deployment. Gmapping, while functional, is
a ROS 1 port and does not benefit from ROS 2 lifecycle
management; it is not recommended for new deployments.

B. Localization Strategy by Environment Type

For static or semi-static indoor environments: AMCL
with tuned particle counts typically 5002000 depending
on map complexity is sufficient and computationally
economical. For environments with moving people or
frequent reconfiguration, EKF fusion via
robot localization combining LiDAR odometry and IMU
is recommended. For outdoor or large-scale environments:
GNSS with RTK correction achieves centimeter-level
accuracy but requires open-sky conditions and is not
applicable to indoor use.

A related challenge is the kidnapped robot problem,
where the robot is abruptly displaced to an unknown
location, causing the particle distribution to become
inconsistent with the actual pose. Standard AMCL
mitigates this through random particle injections and
global localization recovery, although convergence can be
slow depending on particle diversity and sensor
distinctiveness.

C. Local Planner Selection by Operational Profile

Based on the comparative evidence available, DWB is
appropriate when speed is the primary requirement and the
environment is predominantly static. It consistently
performs fastest but reduces obstacle clearance margins.
MPPI is recommended for dynamic industrial or shared
environments where both safety and efficiency matter. It
demonstrates the best overall balance in real-world tests.
RPP produces the smoothest trajectories in structured
corridors but triggers frequent recoveries in dynamic
scenarios and is not recommended as a standalone planner
where moving obstacles are present. TEB handles
non-holonomic constraints well and is suitable for tight
space navigation but imposes the highest computational
cost among standard Nav2 controllers.

For practitioners considering DRL as an alternative to
DWRB, the architectural distinction between augmentation
and replacement has direct implications for deployment
strategy. DRL augmentation specifically critic weight
adaptation or residual correction architectures is accessible
for near-term deployment and can be evaluated
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incrementally against a DWB baseline without requiring
complete revalidation of the navigation stack. Full DRL
replacement requires comprehensive validation across the
robot’s complete operating envelope and explicit fallback
mechanism design before production use.

The Nav2py bridge provides the most practical
integration pathway for Python-based DRL policies but
introduces inference latency overhead that must be
characterized on target hardware before committing to a
specific controller frequency. Practitioners should
benchmark policy inference time on the deployment
platform under realistic load conditions, including
concurrent SLAM, costmap updates, and sensor
processing before configuring the controller frequency, as
computational contention under load may produce
inference times substantially longer than isolated
benchmarks suggest.

DWB remains the recommended default for static and
semi-static indoor environments due to its predictable
behavior, extensive deployment validation across the
surveyed literature, and interpretable failure modes.
DRL-based controllers should be considered for
environments with complex dynamic obstacle patterns or
social  navigation requirements where DWB’s
performance ceiling has been empirically reached and the
engineering resources for training pipeline development
and policy validation are available.

D. Costmap Configuration Pitfalls

Three parameters are most frequently misconfigured in
the implementations surveyed. First, inflation radius set
too large blocks navigation in narrow corridors. Recent
study report 0.6 m inflation radius consistently prevented
traversal of a 0.7 m corridor, while reducing it to 0.3 m
enabled successful passage and cut failure rates by 40%,
highlighting the trade-off between safety margins and
corridor accessibility [63]. Second, obstacle persistence set
too high causes the robot to avoid locations where transient
obstacles have already cleared, producing unnecessary
replanning cycles. Third, update frequency set beyond the
sensor’s actual publication rate creates an illusion of
reactivity while consuming processing resources without
benefit.

Odometry drift also affects the consistency of the rolling
costmap window, particularly during high-speed
maneuvers. Since the local costmap is typically maintained
in the odometry frame, accumulated pose error can cause
misalignment between perceived obstacles and their
mapped positions, leading to inaccurate obstacle inflation
or transient “ghost” obstacles. This effect is amplified at
higher velocities, where rapid motion increases the rate of
drift accumulation and reduces the effectiveness of local
obstacle avoidance.

VI. CONCLUSION

This survey has consolidated architectural and
implementation knowledge for the Nav2 framework,
drawing on representative studies across simulation and
real-world indoor deployments from 2020 to 2025. Rather
than providing an exhaustive assessment of the research
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landscape, it is intended as a practical starting point for
engineers and researchers deploying Nav2 in indoor
autonomous mobile robot applications. By analyzing
recent studies that implemented Nav2 in both simulation
and real-world environments, we identified the common
techniques used for SLAM, localization, path planning,
and obstacle avoidance. While Nav2 brings important
improvements over ROS 1 such as better communication
performance, modularity, and support for behavior trees, it
still presents several challenges in practice. Many
researchers report issues such as localization drift caused
by sensor noise, difficulty in parameter tuning, and
reduced performance in dynamic or cluttered
environments. The transition from simulation to
real-world application also continues to reveal gaps in
system robustness and adaptability.

Another key observation is that many studies do not
fully examine the behavioral logic behind Nav2’s
operation, including how behavior trees are structured,
how fallback or recovery behaviors are triggered, and how
these influence real-world reliability. This gap limits our
understanding of how to design more resilient navigation
systems.

Beyond the single-robot navigation challenges
documented in this survey, a transition pathway from
individual Nav2 deployments to coordinated fleet
management systems warrants explicit roadmap guidance
for practitioners planning multi-robot scaling. In such
architectures, Nav2 functions as a local autonomy layer,
while centralized or distributed fleet managers coordinate
global objectives across multiple robots. Establishing
standardized interfaces and improving interoperability
between navigation and fleet-level decision systems
remains an important direction for scalable real-world
deployment.

Building on the limitations of static costmaps and
predefined recovery behaviors, another emerging direction
involves extending Nav2 beyond purely geometric
representations toward learning-enhanced navigation
frameworks. Semantic costmaps enriched by perception
systems enable differentiation between static structures
and dynamic agents, supporting more context-aware and
socially compliant behaviors. In parallel, learning-based
methods such as hybrid reinforcement learning offer the
potential to replace static recovery nodes in behavior trees
with adaptive strategies capable of handling complex and
unpredictable scenarios. Together, these approaches aim to
improve robustness and autonomy; however, challenges
related to computational cost, real-time inference, training
stability, and integration with existing Nav2 architectures
remain significant.

Overall, this paper brings together the lessons and
limitations found across current Nav2 research. It is
intended to help researchers and developers understand
what has already been done, what techniques have worked
well, and where challenges remain, especially for those
planning to use Nav2 in robot applications. Moving
forward, we recommend further research on adaptive
sensor fusion, improved tuning and diagnostics tools, and
better benchmarking methods that reflect realistic indoor
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scenarios. As Nav2 continues to evolve, it has strong
potential to support the development of more dependable
and intelligent mobile robots.
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