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ABSTRACT: Autonomous navigation poses a key challenge in Artificial Intelligence (AI), necessitating agents to
plan and execute actions in complex, partially visible surroundings. Simultaneous Localization and Mapping (SLAM)
facilitates autonomous navigation of robots and vehicle objects to construct an unfamiliar environment map while
concurrently monitoring their inside position. This systematic review investigates the nascent convergence of agentic
AI, defined by goal-oriented autonomy, with adaptive decision-making and reasoning, with SLAM-based navigation
systems. This paper utilized Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) method-
ology, which concentrated on peer-reviewed articles published in (2017–2026), particularly in SLAM-based intelligent
agents utilized for autonomous navigation. SLAM has transformed from a geometry-based localization framework
into an advanced perceptual and reasoning paradigm for autonomous navigation. Recent advancements in agentic AI,
semantic perception, multimodal learning, and embodied foundation models have facilitated autonomous agents in
progressing from passive mapping to context-aware decision-making and goal-directed navigation. The emergence of
agentic AI and embodied AI has revolutionized SLAM into a spatial world model that facilitates perception, memory,
reasoning, and autonomous decision-making. Contemporary research emphasizes lifelong SLAM, collaborative multi-
agent mapping, semantic world modelling, and the integration of Large Language Models (LLMs) and Vision-Language
Models (VLMs) for intelligent autonomous agents. Consequently, SLAM has evolved from a localization instrument to
an extensive cognitive framework facilitating advanced autonomous navigation systems.
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1 Introduction
Autonomous navigation is the ability of a modular robotic system, autonomous vehicle, or intelligent

agent to cautiously sense and locate its environment, leading to feasible route planning to execute its motion
towards a defined target without any human intervention. Traditionally realized using a robotic framework
comprising vision, SLAM, route planning, and low-level control, such conventional navigation stacks have
facilitated reliable functionality in structured contexts, such as warehouses, factories, and road environments.
Despite the widespread utilization of this architecture owing to its understandability and simplicity, it is
limited by a significant amount of dependence between modules, resulting in a transmission of errors in
perception or localization throughout the entire pipeline [1,2]. Further, these frameworks depend on static
maps, predefined goals, and manual rules, which restrict their effectiveness in a real-time environment.
Thus, there is a need for accurate autonomy beyond the classical navigation stack paradigm with the
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increasing complexity of environmental applications, such as in autonomous driving, disaster responses, or
service robots.

Advanced autonomous agents in navigation stacks enhance the traditional perception-planning-control
pipeline by combining adaptive decision-making, and reasoning. These agents integrate LLMs, VLMs, and
reinforcement learning to dynamically pick operations, sense specific goals, and analyze semantic context
instead of following predetermined navigation rules [3]. Compared to traditional navigation architectures,
these systems can more successfully engage with unpredictable settings, simplify complicated tasks by
breaking them down, and update plans online. A new generation of intelligent navigation systems that go
beyond merely reactive navigation frameworks and display more autonomous, adaptive, and goal-oriented
behavior has emerged as a result of this shift [4,5]. Agentic AI is one example of an intelligent system that
can see its surroundings, determine goals, and make decisions without the need for human interaction [6].
Traditional autonomous navigation techniques can be effectively improved by agentic AI, which enables
robots to reason about goals and modify their behavior in dynamic, unexpected surroundings rather than
just following preset paths. A dynamic world model that provides spatial memory and environmental context
for decision-making, SLAM serves as a localization and mapping tool in this setting. Agentic systems can
use this representation to understand complex goals, decompose them into smaller tasks, and continuously
optimize navigation techniques in response to changes and ambiguity in the environment [7]. Indeed,
Agentic AI is becoming a paradigm shift in the autonomous navigation field, especially when combined with
SLAM-based frameworks to build smart goal-oriented robotic systems. Recent progress in deep learning
models such as VLMs, LLMs, etc., further enhances these attributes by enabling robots to understand
instructions in natural languages and perform contextual reasoning [4]. This unification brings SLAM into
the realm of agentic reasoning, linking low-level geometric mapping to high-level cognitive intelligence
for optimal performance in real-world environments. SLAM is the imprinted memory of the agent, and
provides a way for sustained situational awareness and interaction between symbolic reasoning and low-level
control. SLAM-based agentic systems are actively researched for applications in autonomous driving, service
robotics, and search-and-rescue, etc., where adaptability, autonomy and robustness are the key features. The
current research has been focused on the integration of SLAM with world models and agentic reasoning,
especially in systems where intelligent agents are actively asking questions, modifying, and utilizing maps to
improve decisions related to navigation.

In the past three decades, research on SLAM-based intelligent agents has been substantially developed.
Early probabilistic models of localization and mapping were proposed in the late 1980s and 1990s. Over the
past few years, the progress has been concentrating on semantic SLAM, dynamic SLAM, and active SLAM,
where robots not only build maps but also analyze objects, manage real-world environment conditions, and
perform active exploration to reduce uncertainty [8–10]. In the current scenario, the combination of AI
techniques such as deep learning and reinforcement learning has resulted in the development of SLAM-based
intelligent agents that combine mapping with perception, learning and decision-making capabilities. Modern
systems integrate semantic knowledge, multimodal perception and world-model representations, enabling
robots to perform tasks in complex environments. Applications of these systems are evident in domains such
as autonomous driving, service robotics, and exploratory tasks. However, open research questions remain on
long-term autonomy, scalability, and robustness in dynamic situations. This paper presented a comprehensive
systematic review of SLAM-based agentic autonomous systems following PRISMA guidelines. The main
contributions of the paper are as follows:

1. The paper provides a systematic overview of how agentic AI-driven navigation systems have replaced
traditional SLAM-based navigation stacks. It proposed a new taxonomy of agentic perception and world
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modelling that combines multimodal representations with uncertainty-aware reasoning and memory-
driven adaptation.

2. A detailed investigation of robust and active SLAM techniques is conducted, emphasizing how risk-
aware decision-making and information-driven exploration can enhance navigation reliability.

3. A systematic viewpoint on experimental procedures and benchmarking on multi-agent SLAM, datasets,
simulation environments, and evaluation metrics is presented.

4. The paper also discusses important domains of application and open research challenges, highlighting
future directions for intelligent autonomous systems.

Furthermore, Fig. 1 shows the paper’s overall layout and provides an overview of the key sections
discussed in the review.

Figure 1: Overall layout of the review paper with the details of each section.

The rest of the paper is structured as follows: The background and foundations of agentic SLAM are
given in Section 2. The review methodology is discussed in Section 3, and Section 4 introduces the proposed
taxonomy of agentic perception and world modelling in SLAM. The function of robust and active SLAM
for agentic navigation is examined in Section 5. Sections 6 and 7 discuss applications for Agentic learning
and reasoning, with multi-agent SLAM and cooperative navigation. Details of datasets, benchmarks and
simulation environments are discussed in Section 8, with applications described in Section 9. Section 10
highlights the open challenges and future research directions, and Section 11 concludes the systematic review.

2 Background and Foundations
For autonomous systems, SLAM is crucial, enabling agents to define their location and create maps

of the environment. Classical SLAM guarantees precise localization by combining probabilistic approaches
such as Extended Kalman Filters and graph-based optimization with geometric features. Traditional SLAM
is embedded within a modular pipeline, consisting of perception, mapping, planning, and control, but those
systems often assume static environments and have difficulties in dynamic, uncertain environments [11].

Recently, deep learning has been used for the development of semantic and object-aware SLAM, which
improves the understanding of the environment with perception modules. These findings are integrated into
a new paradigm for agentic AI systems, so that observation, action and learning can be carried out within
an integrated loop. In agentic systems, based on SLAM perception, geometric and semantic information is
exploited for planning and decision making with the aid of world models built by SLAM. Agentic SLAM is
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a system that allows an autonomous agent to make decisions in navigation, reasoning about goals, remem-
bering past interactions, and selecting actions based on the environment. It learns to handle uncertainties
and improve behavior from feedback. But adding semantic perception or learning policies does not in
itself make a navigation system truly agentic. An agentic SLAM system is a complete system that integrates
perception, world modeling, reasoning, planning, action execution, memory and adaptation into a single
decision-making framework [12]. This method improves navigation reliability in dynamic environments
and overcomes the limitations of traditional SLAM methods. The key elements of agentic SLAM are goal-
directed behavior, reasoning and planning, memory and world-state representation, uncertainty-aware
decision-making, closed-loop adaptation from feedback, and autonomous action selection to achieve tasks.

Fig. 2 shows the evolution of SLAM from classical geometric mapping methodologies to agentic SLAMs,
showing the shift from passive localization to learning-oriented, intelligent decision-making autonomous
agents. Traditional SLAM is about the robot pose estimation and geometric map construction [13]. Newer
paradigms have made it more intelligent and autonomous. Visual SLAM has emerged as a way to perform
localization and mapping through camera-based perception, i.e., the extraction, tracking and loop-closure
detection of visual features [14]. Further, semantic SLAM enhances scene representations with object-level
and contextual understanding, leading to richer scene representations [15]. Learning-based SLAM uses
adaptive navigation policies based on reinforcement and imitation learning to increase adaptability in a
broad set of environments [16]. Building on these ideas, Agentic SLAM integrates perception, semantic world
modeling, reasoning, memory and goal-oriented decision making, transforming SLAM into an intelligent
autonomous system [17]. This evolution allows it to perceive, reason, plan, act and adapt to dynamic
environments. Semantic, active, learning-based and multi-agent SLAM are not independently form an
Agentic SLAM, but they offer complementary capabilities that augment agentic autonomy. An agentic SLAM
system integrates perception, world modeling, reasoning, memory, planning, autonomous action selection
and continuous adaptation in a closed-loop decision-making framework.

Figure 2: Evolution of SLAM-driven agentic autonomous navigation.

Further, Table 1 discusses the distinctions among SLAMs, ranging from classical to agentic.
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Table 1: Comparison of the different SLAMs shift from perception to decision making.

Features Classical
SLAM Visual SLAM Semantic SLAM Learning-Based

SLAM Agentic SLAM

Bases Geometry
based Vision based Context aware Data-driven Intelligent Agents

Key
Focus

Localization
mapping

Visual
perception and

mapping

Environment
understanding

Data-driven
models, learning &

adaptation

Decision-making
agents, autonomy

& reasoning

Limitations
/Challenges

No semantics,
static assump-

tions [13]

Sensitive to
light and

texture [14]

No
decision-making
capability, limited

reasoning [15]

Interpretability,
data

dependency [16]

Generalization,
safety

concerns [17]

Example

Fast-SLAM,
grid mapping,
probabilistic

models

Mono-SLAM,
Feature-based

methods

Object SLAM,
scene graphs,

semantic maps,
object detection

CNN-based
SLAM, End-to-end

models, policy
learning

Active SLAM,
LLM-based

planning, World
Models

3 Review Methodology (PRISMA)
This section delineates the systematic review technique employed in this study. The review adheres to

the PRISMA 2020 guidelines to ensure reproducibility, transparency, and rigor in the selection and analysis
of pertinent material [18].

The review paper is based on the following five research questions:

1. How is Agentic Perception and World Modeling utilized for SLAM-based autonomous navigation?
2. How do active and robust SLAM methods improve agentic autonomous navigation?
3. How do agentic learning and reasoning enhance decision-making, generalization, and long-term

autonomy in SLAM-based navigation?
4. What are the datasets, benchmarks and simulation environments commonly used to assess the

performance of SLAM-based agents?
5. What are the key applications of agentic SLAM for autonomous navigation, and what are the key

challenges of the current agentic SLAM systems?

These questions define the structure of the review paper, and the following sections discuss them in
detail for SLAM-based intelligent agents.

3.1 PRISMA Framework
This review paper utilized the PRISMA-2020 guidelines to conduct a comprehensive, systematic, and

unbiased review [19]. The PRISMA framework is essential for offering a uniform methodology for several
phases of the review, which encompass: Identification entails the aggregation of pertinent studies from
various databases; Screening involves the elimination of duplicates and irrelevant records; Eligibility assesses
studies according to established inclusion and exclusion criteria; and Inclusion culminates in the final
selection of studies for qualitative analysis. The PRISMA flow diagram is illustrated in Fig. 3.
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Figure 3: PRISMA 2020 flow diagram.

3.2 Search Strategy and Databases
The search was conducted across different databases, including IEEE Xplore, GoogleScholar, Scopus,

Web of Science, ScienceDirect, arXiv, etc., to ensure extensive coverage of the pertinent studies. The total
number of articles included in this systematic review is 141, among which 44 are conference articles, and
97 are journal articles, including books. Fig. 4 gives an overview of the number of articles chosen per year
for this review paper. The search period was from 2017 to 2026, and the search execution was done from 10
February 2026, to 12 May 2026.
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Figure 4: Number of articles per year chosen for the review.
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The search was initiated with simple keywords SLAM, Agentic AI, Autonomous Navigation, etc. An
extensive search was done by adding the synonyms of the keywords to enhance the coverage, and the search
was performed using combinations of logical keywords such as “AND” and “OR”. The search was maximized
by adding the formal queries for database search engines and progressively enhancing them to optimize
the retrieval efficiency. Further, boolean operators and filters were utilized to refine the obtained results
based on the type of publication and relevance to the required field. Table 2 shows the search strings for
different databases.

Table 2: Search strings for different databases for the literature review.

Database Complete Search String

IEEE Xplore

(“SLAM” OR “Agentic SLAM” OR “Simultaneous Localization and Mapping”) AND
(“Robot Navigation” OR “Autonomous Navigation”) AND (“Active SLAM” OR

“Semantic SLAM” OR “Object-aware SLAM”) AND (“Agentic AI” OR “Intelligent
Agents” OR “Embodied AI”) AND (“Deep Learning” OR “Reinforcement Learning”
OR “Vision-Language Models”) AND (“CNN SLAM” OR “Transformer SLAM” OR

“Multimodal Fusion SLAM” OR “Large Language Models”).

Web of Science

TS = ((“SLAM” OR “Agentic SLAM” OR “Simultaneous Localization and Mapping”)
AND (“Robot Navigation” OR “Autonomous Navigation”) AND (“Active SLAM” OR

“Semantic SLAM” OR “Object-aware SLAM”) AND (“Agentic AI” OR “Intelligent
Agents” OR “Embodied AI”) AND (“Deep Learning” OR “Reinforcement Learning”
OR “Vision-Language Models”) AND (“CNN SLAM” OR “Transformer SLAM” OR

“Multimodal Fusion SLAM” OR “Large Language Models”)).

Scopus

TITLE-ABS-KEY ((“SLAM” OR “Agentic SLAM” OR “Simultaneous Localization and
Mapping”) AND (“Robot Navigation” OR “Autonomous Navigation”) AND (“Active
SLAM” OR “Semantic SLAM” OR “Object-aware SLAM”) AND (“Agentic AI” OR

“Intelligent Agents” OR “Embodied AI”) AND (“Deep Learning” OR “Reinforcement
Learning” OR “Vision-Language Models”) AND (“CNN SLAM” OR “Transformer

SLAM” OR “Multimodal Fusion SLAM” OR “Large Language Models”)).

Google Scholar
Keywords: “Agentic SLAM”, “Agentic Navigation”, “Semantic SLAM”, “Active SLAM”,

“Learning-Based SLAM”, “Autonomous Navigation”, “Embodied AI”, “Large Language
Models for Robotics”, “Vision-Language Navigation”, “Multi-Agent SLAM”.

ScienceDirect

(“SLAM” OR “Agentic SLAM”) AND (“Robot Navigation” OR “Autonomous
Navigation”) AND (“Active SLAM” OR “Semantic SLAM”) AND (“Agentic AI” OR

“Intelligent Agents” OR “Embodied AI”) AND (“Deep Learning” OR “Reinforcement
Learning” OR “Vision-Language Models”) AND (“CNN SLAM” OR “Transformer

SLAM” OR “Multimodal Fusion SLAM” OR “Large Language Models”).

SpringerLink

(“SLAM” OR “Agentic SLAM”) AND (“Robot Navigation” OR “Autonomous
Navigation”) AND (“Active SLAM” OR “Semantic SLAM”) AND (“Agentic AI” OR

“Intelligent Agents” OR “Embodied AI”) AND (“Deep Learning” OR “Reinforcement
Learning” OR “Vision-Language Models”) AND (“CNN SLAM” OR “Transformer

SLAM” OR “Multimodal Fusion SLAM” OR “Large Language Models”).

(Continued)
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Table 2 (continued)

Database Complete Search String

arXiv

(“Agentic SLAM” OR “Agentic Navigation” OR “Embodied AI”) AND (“SLAM” OR
“Visual SLAM” OR “Semantic SLAM” OR “Navigation”) AND (“Transformer SLAM”

OR “Large Language Models” OR “Vision Language Models” OR “Foundation Models”
OR “Multi-Agent Systems”).

3.3 Inclusion and Exclusion Criteria
The inclusion and exclusion criteria were formulated to ensure the quality of the chosen literature as

per the PRISMA guidelines, which directed the eligibility and screening stages of the review conducted. The
inclusion criteria mandated that literature concentrate on SLAM-based autonomous navigation, integrating
principles of agentic AI, encompassing LiDAR, optical, or multi-sensor SLAM systems, including decision-
making and learning-oriented navigation. Moreover, research should focus on object-aware, semantic or
deep learning-based perception inside SLAM frameworks, explore active SLAM in dynamic settings, and
employ learning paradigms such as deep or reinforcement learning for diverse tasks. Furthermore, inclusion
necessitated experimental validation in either simulated or real-world environments with established eval-
uation metrics. Additionally, eligible literature must be published in peer-reviewed journals or conferences,
high-quality preprints, and must be accessible in English as full-text.

The exclusion criteria have been laid to ensure that the presented review focuses on agentic SLAM,
autonomous navigation, and deep learning. Studies that solely investigated classical SLAM approaches
without addressing navigation or decision-making, or those focused entirely on theoretical elements,
were omitted. Furthermore, the exclusion literature focused primarily on low-level algorithmic advances,
excluding navigation, which has no relevance to real-world applications. The review excludes works that
have not been published in English and brief contributions, such as merely abstracts or a lack of full-text
access. These criteria were developed to ensure that the chosen literature incorporates innovative approaches
in agentic SLAM, emphasizing adaptability, robustness, and practical applicability.

3.4 Study Selection and Data Extraction
The study selection process followed the PRISMA guidelines to ensure transparency and reproducibility.

The method consisted of several stages, such as identification, screening, eligibility and inclusion. A thorough
search across multiple databases was conducted to eliminate duplicate records. The remaining research
underwent a two-stage screening process. Initially, titles and abstracts have been examined for relevance
to SLAM-based autonomous navigation, agentic AI, and learning-driven techniques, with irrelevant pub-
lications excluded. The second stage was a thorough evaluation of the text to determine compliance
with established inclusion and exclusion criteria, with a focus on areas such as agentic perception, world
modeling, SLAM methodologies, and decision making. The study selection process was conducted by the
corresponding author and subsequently verified by the co-authors to ensure consistency. Disagreements
over studies were resolved by discussion among the authors and the reviewers. Data extraction is done
by using important attributes relevant to the presented systematic review to select the final literature. For
better synthesis and comparative analysis relevant data was systematically extracted from each study in the
literature. To ensure consistency throughout the literature, a consistent data extraction procedure was used
by utilizing features as mentioned in Table 3.
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Table 3: Major attributes used for data extraction process.

Attributes Details
Bibliographic Information Authors, publication year, venue (journal/conference)

SLAM Modality Optical, Visual, LiDAR-based SLAM, or multi-sensor fusion
approaches

Agentic Components Presence of decision-making/reasoning, planning, or agent-based
control mechanisms

Perception Strategy Traditional feature-based approaches or deep learning methodologies
(e.g., semantic segmentation, object detection, etc.)

Navigation Approach Active SLAM, Passive SLAM, goal-oriented navigation, or
exploration-centric methodologies

Learning frameworks Reinforcement learning, Deep learning, constant learning, or hybrid
methodologies

Evaluation Setup Datasets used, simulation or real-world experiments, and assessment
metrics

Robustness Characteristics Management of dynamic environments, challenging situations (e.g.,
low illumination, inclement weather), and uncertainty modeling

Key Contributions and
Challenges

Main innovations, enhancements in performance, and recognized
problems and challenges

3.5 Quality Assessment and Bias Analysis
The presented review is based on PRISMA guidelines, and a rigorous bias and quality assessment was

conducted to ensure the reliability and validity of the selected studies. The quality assessment evaluated
each article using criteria such as objectives of the study, originality and technological contributions, dataset,
experimental validation, and reproducibility [20]. These criteria were used to qualitatively grade each study.

Potential biases such as publication, dataset, methodological, model, and selection bias were identified
by the bias research. For instance, dataset bias may develop from reliance on specific benchmarks, while
publishing bias may lead to an emphasis on favorable results. The presented review combined publications
from several databases, including modeling and empirical evaluations. It also conducted comparative
analyses and critically assessed constraints to address these biases as per the predefined inclusion and
exclusion criteria. This methodology facilitates an overview of the agentic SLAM techniques for autonomous
navigation and ensures that the review conclusions are supported by reliable research.

Furthermore, the review protocol was not formally registered in a public repository. However, the review
methodology, inclusion criteria, and screening process were predefined before conducting the literature
search. Moreover, further details can be found in the Supplementary Materials.

4 SLAM-Agentic Perception and World Modeling
This section presents the proposed taxonomy of agentic perception and world modeling in Fig. 5

for SLAM-based intelligent navigation systems. In autonomous systems for SLAMs, agents perceive the
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information of the world model from the environment to develop and sustain themselves for action and
decision-making.

Figure 5: Proposed taxonomy of agentic perception and world modeling.

4.1 SLAM-Based World Modeling and Representations
Agentic SLAM-based world modeling and representation involves better mapping of the world as

compared to traditional systems [7]. Many researchers started working in this field; one such example is
RS-SLAM proposed by Ran et al. [21], a robust semantic localization in dynamic settings by the application
of semantic filtering and robust feature association, leading to enhanced localization stability and less
trajectory inconsistency. Further, an object-centric semantic SO-SLAM framework was presented by Liao
et al. [22], which incorporated object-level constraints into the mapping procedure. The experimental results
showed an 18% decrease in localization drift relative to conventional visual SLAM, resulting in improved
robustness and interpretability by enabling agents to better understand their environments. Moreover, Tian
et al. [23] enhanced semantic world modeling for collaborative multi-agent settings, achieving a 15%–20%
improvement in distributed mapping consistency among robots via shared representations and collabo-
rative semantic fusion. Additionally, Hughes et al. [24] proposed a hierarchical framework by employing
spatial scene graphs and persistent semantic memory for world modelling. The results showed that the
proposed framework attained less than 5 cm of localization drift and improved long-term comprehension
of environments.

4.2 Deep Learning–Based Perception for Agentic SLAM
In agentic perception, deep learning is at the core for enhancing the capabilities of SLAM-driven agents

by utilizing learning-based perception modules for understanding the semantic scene, object detection,
depth estimation, and multimodal sensor fusion. Perception outputs from deep learning networks such as
Convolutional Neural Networks (CNNs) and transformer-based models can be used with SLAM backends to
develop object-aware and semantically enriched maps [25]. The integration provides robustness in dynamic,
unstructured environments where geometric features may be insufficient. The major progress is achieved on
increased functionalities in different perspectives and lighting conditions. Focusing on multimodal thinking
for autonomous agents, Driess et al. [26] presented the PaLM-E approach that combines visual information
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with linguistic understanding and robotic input for contextual reasoning and navigation. The experimental
results demonstrated robust performance with improved task generalization. Martins et al. [27] presented
OVO-SLAM, an open-vocabulary semantic perception method that enhanced semantic localization by
approximately 19% in novel environments. Furthermore, Teed and Deng [28] proposed DROID-SLAM,
a deep learning-based SLAM system with recurrent optimization and deep optical flow estimates, which
achieved an impressive absolute trajectory error of 1.1 cm on the EuRoC MAV benchmark. Finally, Hong
et al. [29] proposed a semantic augmentation for object SLAM by combining multimodal semantic reasoning
with language-guided object association. The experimental results showed that the proposed system was able
to achieve an 18% enhancement in object association accuracy with a better grasp of the context.

4.3 Dynamic and Adverse Environment Understanding
Real environments change, and have moving objects and structural modifications as well. Agentic

perception systems must be able to identify which part belongs to the static map and which one belongs to the
dynamic interaction. SLAM-driven agents improve these capabilities with learning-based dynamic object
detection techniques, motion consistency, object tracking, and scene change detection methods. However,
classical SLAM suffers from adverse conditions, such as poor illumination and motion blur [25]. Significant
implementations such as DynaSLAM [30,31] and StaticFusion [32] improve localization through semantic
segmentation and deformation modeling. Resilient learning-based approaches improve the perception by
training on compromised datasets, integrating multi-sensor data, for example, LiDAR, radar, etc., and
responding to adverse environmental settings [27]. In addition, event-based cameras and learning-based
improvement methods have demonstrated their effectiveness in dealing with motion blur and low-light
conditions, enabling reliable perception in situations where conventional cameras fail.

4.4 Uncertainty, Memory, and Lifelong SLAM
In agentic systems, uncertainty is essential for mapping and perception. An agentic system simulates

uncertainty to make faster decisions and recover from them. Probabilistic SLAM techniques enable the
evaluation of map reliability, localization confidence, and perception uncertainty, which can guide agents
in choosing safer navigation strategies, re-localization or exploratory triggers or adapting to degraded
environments [24]. This integration of uncertainty is fundamental for sustainable autonomy and reliability.
Memory-augmented SLAM systems also provide persistent semantic mapping, adaptability to the environ-
ment, and continuous learning, as mentioned by [26]. Further, to strengthen the details of the considered
literature, these methods, along with the other considered literature, are shown in Table 4.

The results shown in Table 4 demonstrate relative improvements for each method within its evaluation
framework. Due to variations in datasets, benchmarks, metrics, baseline methods, and experimental con-
ditions across the studies, these numerical values are not directly comparable but serve to illustrate each
approach’s effectiveness in its context.
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5 Active and Robust SLAM for Agentic Navigation
Active and robust SLAMs have abilities such as decision making, which help them in better mapping

and perception as compared to the passive and classical SLAMs. The integration, as shown in Fig. 6,
highlights that active exploration, robustness, and task-oriented mapping are essential for autonomous
systems, highlighting the importance of action selection to enhance localization precision and overall task
efficiency during navigation.

Figure 6: Autonomous navigation with active and robust SLAM.

5.1 Active SLAM and Information-Driven Exploration
The core principles of active SLAM are based on information-theoretic exploration strategies like

entropy reduction and mutual information maximization that help agents navigate environments while
minimizing uncertainty [10]. In passive SLAM, map estimation is based on the fact that the system
moves while remaining stationary. In active SLAM motion, the map and uncertainty can be optimized
simultaneously. It integrates decision-making into the agent’s behaviors, allowing for the selection of
techniques that improve mapping efficiency and localization accuracy. Active SLAM is different from the
classical SLAM in that the motion planning is incorporated into the SLAM framework, which allows
agents to improve information gathering, localization and task goals in a goal-oriented fashion. Active
SLAM improves navigation and localization in unfamiliar environments with goals such as coverage-driven
exploration and uncertainty awareness. Chaplot et al. [34] presented an active neural SLAM system that
enhances autonomous exploration with reinforcement learning and a neural occupancy memory to make
exploration more efficient and informative. Further, Ahmed et al. [35] proposed an efficient multi-robot
active SLAM method that focuses on decentralized planning and information sharing to improve the
coverage of the map and minimize the redundancy in exploration. Other advanced techniques, including
learning-based principles, utilizing reinforcement learning to formulate navigation algorithms that adeptly
balance exploration and exploitation within complex, partially observable environments.

5.2 Robust SLAM in Dynamic and Adverse Environments
The real-world environment is dynamic with continuous lighting changes, moving objects, motion blur

and adverse weather, which need to be considered while building any SLAM system. The SLAM systems
must be robust against these real-world challenges. Some researchers focused on the development of robust
SLAM systems [36,37] that incorporate mechanisms to detect, filter, and model these challenges. Bescos
et al. [30] used semantic segmentation to remove dynamic objects to improve localization precision in



Comput Mater Contin. 2026;89(1):3 15

adverse environmental conditions. The experimental results showed that the proposed method reduce 35%
trajectory error, resulting in improved pose estimation and map optimization. Further, performance was
improved by aiding multi-object tracking in extremely dynamic environments [31]. Perception is susceptible
to environmental factors such as low lighting and bad weather, which can be mitigated by deep learning-
based perception modules that adapt to diverse situations and multi-sensor fusion for improved data
collection. You et al. [38] proposed MISD-SLAM, a multimodal semantic SLAM framework that integrates
instance segmentation, multiview geometry, and semantic mapping to improve localization robustness
and mapping accuracy in highly dynamic environments. Moreover, deployment under adverse conditions
requires robust strategies to maintain performance, such as dynamic object identification and filtering.
Agentic SLAM systems consider environmental dynamics instead of ignoring them, resulting in making
more robust systems. In challenging settings, the adaptation of the perspective selection, multi-sensor
integration and real-time re-localization are important strategies [39]. These systems attempt to maintain
accurate maps despite compromised sensing by proactively changing their behavior such as going slower or
moving in the wrong direction.

5.3 Risk-Aware Navigation and Failure Recovery
Agentic SLAM systems improve robustness by leveraging uncertainty estimates to direct navigation and

enable risk-aware decisions. Probabilistic SLAM frameworks, as emphasized by [10] and further extended
by [40], offer essential uncertainty metrics that enhance planning safety. Key strategies of risk-aware
navigation include monitoring localization confidence and map consistency, initiating re-localization or
loop-closure detection, adapting motion strategies to risk-prone areas, and altering sensing modalities when
the confidence falls [41]. Such strategies help agents to avoid catastrophic failures and to keep operations
stable in unpredictable situations. Critical failure recovery solutions in the context of extended deployments
include re-initialization, sensor redundancy and map rectification. Campos et al. [42] utilized visual-
inertial relocalization and loop closure recovery, attaining less than 3 cm trajectory errors on EuRoC MAV
benchmarks. Furthermore, advanced graph optimization techniques such as DRG-SLAM [43] improve the
navigation robustness under bad weather conditions with adaptive recovery procedures. Robust agentic
SLAM prioritizes risk awareness, allowing agents to evaluate the failure probability and take precautionary
measures. During failures, the robust SLAM systems provide continuous localization and monitor the map
integrity with re-exploration and smooth transit between sensing or navigation modes.

5.4 Task-Oriented and Goal-Driven SLAM
In autonomous systems, task-oriented SLAM has evolved from an independent mapping procedure into

a core component of the navigation framework. This method highlights the need to prioritize perception
and to allocate resources according to the goals of the agents, hence encouraging efficient and goal-oriented
behaviors. Unlike classical SLAM, where the environment is systematically mapped, task-oriented SLAM
allows the agent to focus on relevant locations such as traversable paths and target objects, to decrease the
mapping resolution in less relevant areas, and focus on the mission goals [44]. This paradigm aligns with
goal-conditioned exploration, enhancing mapping and navigation for completing assigned tasks instead
of simply exhaustive mapping of the environment. In real-world applications such as search and rescue
operations, where the critical elements of the map for navigation or manipulation are prioritized, while the
rest of the environment is ignored to reduce the computational load, the autonomous SLAM systems play
an important role. Additionally, Table 5 also gives highlights of the comparative analysis of active and robust
SLAM methods discussed in this section. Further, the results mentioned in the table are as per the respective
methods and are presented to highlight the performance in their original experimental settings and they are
not directly comparable due to different benchmarks and metrics used by the respective studies.
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Table 5: Comparison of active and robust SLAM methods for agentic navigation.

Ref. & Year Exploration
Strategy Dataset Dynamic

Handling
Adverse

Conditions
Risk

Awareness
Results

/Findings
Key

Contribution

Labbe and
Michaud [36];

2018

Graph
optimization
exploration

KITTI Moderate Moderate Partial

Loop closure
precision >95%

in long-term
mapping

Long-term
robust

localization

Bescos
et al. [30];

2018

Motion-aware
SLAM

TUM
Dynamic Strong Limited Partial

~35%
reduction in

trajectory error
in dynamic

scenes

Dynamic
object removal

Chaplot
et al. [34];

2020

Reinforcement
learning

exploration

Gibson,
Matterport3D Moderate Partial Strong

~25% increase
in navigation
success rate

Learning-
driven active

SLAM

Campos
et al. [42];

2021

Passive
exploration EuRoC MAV Limited Moderate Limited

ATE < 3 cm in
visual-inertial

sequences

Accurate
visual-inertial

localization

Chang
et al. [37];

2022

Collaborative
exploration DARPA SubT Strong Strong Moderate

>90% mapping
accuracy in

underground
environments

Robust
mapping in

underground
environments

Wang
et al. [43];

2022

Deep robust
mapping

Adverse
weather
datasets

Strong Strong Moderate

~28%
reduction in
localization
failure rate

Adverse-
environment

SLAM

Denniston
et al. [41];

2022

Loop closure
optimization

Large-scale
SLAM

benchmarks
Moderate Partial Moderate

~40%
reduction in
optimization

overhead

Efficient
large-scale

SLAM

Ahmed
et al. [35];

2023

Cooperative
active

exploration

Multi-agent
simulations Strong Moderate Strong

~30% faster
exploration

coverage

Efficient
multi-agent
exploration

Abate
et al. [39];

2024

Semantic
exploration EuRoC MAV Strong Strong Moderate

~20%
robustness

improvement
in low-visibility
environments

Robust
semantic

SLAM

You et al. [38];
2024

Multi-modal
semantic

exploration

TUM RGB-D
Dynamic

Dataset and
real-world
dynamic
indoor

environments

Strong Strong Moderate

improvement
in localization
in real-world

indoor
dynamic
sequence

Robust
navigation

under adverse
conditions

6 Agentic Learning and Reasoning for SLAM-Based Autonomous Navigation
The learning of AI agents is enhanced by transforming systems into goal-oriented, reasoning capable as

compared to the traditional passive estimators SLAM. Classical SLAM emphasizes precise localization and
mapping, whereas agentic SLAM incorporates decision-making, planning, and adaptive learning, making
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it ideal for autonomous robots in dynamic and partially observable environments. Fig. 7 shows an agentic
learning, reasoning and memory framework for SLAM-based navigation environment.

Figure 7: Agentic learning and reasoning for SLAM-based navigation environment.

Recently, researchers started utilizing neural architectures and Deep Reinforcement Learning (DRL) to
learn navigation policies from environmental interaction. Additionally, world models and latent representa-
tions enable the agents to simulate future trajectories, resulting in model-based planning and reduction in
real-world exploration costs [45]. In addition, techniques such as Deep Q-Networks (DQN) and Proximal
Policy Optimization (PPO) allow agents to optimize long-term rewards, including exploration efficiency and
safety [46].

6.1 Learning-Based Navigation and Policy Optimization
Learning-based SLAM incorporates end-to-end perceptual pipelines using differentiable architectures

with control-theoretic formulations by mapping raw sensory inputs such as RGB-D imagery, LiDAR
point clouds, and inertial measurements directly to navigation actions. These architectures use CNNs for
hierarchical spatial feature extraction and Vision Transformers (ViTs) for long-range dependency modeling.
This allows to derive value functions and stochastic policies in a common latent space [47]. Savva et al. [48]
created navigation agents utilizing reinforcement learning and semantic exploration, attaining impressive
metrics in Success weighted by Path Length (SPL) and navigation success. Further, multi-scale feature
pyramids augmented with skip connections (e.g., U-Net-inspired encoders) improve metric map resolution
while preserving semantic context [49]. Chiun et al. [50] presented the improved multi-agent policy for
collaborative exploration and demonstrated 27% improvement in efficiency in simulated environments.
However, these approaches are data-hungry and require millions of samples generated by simulation with
domain randomization to bridge the sim-to-real transfer gap caused by photometric and dynamic discrep-
ancies [51]. Nowadays, researchers have widely utilized PPO and Soft Actor-Critic (SAC) algorithms for
navigation in continuous action space and include entropy regularization to balance exploration-exploitation
in partially observable environments [52]. Moreover, meta-learning paradigms such as Model-Agnostic
Meta-Learning (MAML) [53] are trained to quickly adapt the policy to unseen environments by using few-
shot gradient updates to improve generalization abilities. Simultaneously, Explainable AI (XAI) techniques
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such as SHapley Additive exPlanations (SHAP) and Gradient-weighted Class Activation Mapping (Grad-
CAM) saliency maps rollout are gaining popularity for auditing decision-making procedures and verifying
spatial reasoning in safety-critical navigation domains [54]. Formal verification of the learned policies using
a reachability analysis is still a research challenge, especially for environments that are dense with obstacles
for which collision-avoidance must be guaranteed [55].

6.2 Reasoning, Memory, and Hybrid Architectures
A huge number of agentic SLAM systems are now using neuro-symbolic hybrid architectures that com-

bine sub-symbolic neural perception with symbolic reasoning engines. This combination allows hierarchical
task decomposition and goal-directed navigation in semantically rich environments. High-level planning
on abstract semantic graphs is done with nodes representing objects/landmarks and edges representing
spatial relations. Neural controllers regulate low-level trajectory execution of the raw sensory streams [56].
These architectures separate representational learning from logical reasoning, enhancing interpretability
while maintaining perceptual integrity [57]. Neural Turing Machines (NTMs) and Differentiable Neural
Computers (DNCs) extend standard recurrent architectures with addressable external memory banks,
enabling agents to store and retrieve metric-semantic map embedding across arbitrary time spans [58].
The temporal credit assignment problem inherent in long-horizon navigation tasks is being tackled by
memory-augmented architectures [44,59]. Transformer-based memory tokens implemented as persistent
key-value pairs in cross-attention layers facilitate episodic spatial recall without the vanishing gradient
limitations [60]. Hybrid topological-metric maps encode spatial knowledge at different granularities, i.e.,
coarse topological graphs for navigable connectivity and dense metric submaps for accurate geometric
constraints for localization [61]. These architectures significantly enhance navigation scalability in large-
scale environments at the cost of non-trivial computational overhead due to memory consolidation, graph
maintenance, and inter-level consistency enforcement [62,63]. Lifelong learning mechanisms are used to
mitigate catastrophic forgetting during continual map updates, e.g., Elastic Weight Consolidation (EWC)
and Progressive Neural Networks (PNN) [64]. Furthermore, Table 6 shows the comparison of the studies
with their original results obtained using different benchmarks, metrics and experimental settings for agentic
learning and reasoning in SLAM-based autonomous navigation systems.

Table 6: Comparison of learning and reasoning mechanisms in agentic SLAM.

Ref. &
Year

Learning
Paradigm

Reasoning
Capability Dataset Foundation

Models Adaptation Results
/Findings

Key
Contribution

Haarnoja
et al. [52];

2018

Deep
reinforcement

learning
(maximum
entropy RL)

Moderate

Continuous
control
bench-
marks

No Strong

Improved sample
efficiency and
policy stability
compared with

conventional RL
methods

Robust policy
optimization for

autonomous
decision-making
and navigation

Chen
et al. [47];

2019

Deep
imitation
learning

Moderate
Urban
driving

scenarios
No Strong

Improved
navigation safety

and stable
autonomous

driving in
complex urban

scenarios

Safe policy
learning for
autonomous

urban navigation

(Continued)
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Table 6 (continued)

Ref. &
Year

Learning
Paradigm

Reasoning
Capability Dataset Foundation

Models Adaptation Results
/Findings

Key
Contribution

Savva
et al. [48];

2019

RL + semantic
navigation Moderate Habitat

Challenge Partial Strong
Top-tier SPL and

navigation success
metrics

Benchmark
embodied
navigation

Ahn
et al. [59];

2022

LLM-guided
planning Strong

Real-world
robotics

tasks
Yes Moderate

~84% task
completion

accuracy

Language-driven
embodied
reasoning

Shah
et al. [44];

2023

Vision-
language
learning

High-level
reasoning Habitat Yes Strong

~80% navigation
success rate in

language-guided
tasks

Navigation using
language and
visual priors

Huang
et al. [65];

2023

LLM +
affordance
reasoning

Strong RLBench Yes Moderate

~81% success rate
in language-
conditioned

planning

Task-aware
robotic planning

Brohan
et al. [62];

2023

Foundation
action models Strong

PaLM
robotic
bench-
mark

Yes Strong
Generalized

across >6 unseen
robotic tasks

Web-scale
robotic control

Mu
et al. [63];

2023

Vision-
language-action

learning
Strong

Embodied
AI bench-

marks
Yes Strong

~18%
improvement in

contextual
decision-making

accuracy

Embodied
autonomous

reasoning

Chiun
et al. [50];

2025

Multi-agent
RL

Cooperative
reasoning

Multi-
agent

simulation
Partial Strong

~27%
improvement in

cooperative
exploration
efficiency

Cooperative
autonomous
exploration

7 Multi-Agent SLAM and Cooperative Navigation
Single-agent probabilistic mapping can be extended using Multi-Agent SLAM (MA-SLAM) for dis-

tributed systems in which a heterogeneous team of robots collaboratively build and maintains a globally
consistent representation of the environment. Each agent maintains a local factor graph that encodes pose
constraints from loop closures, odometers, and relative pose measurements between pairs of agents from
common landmark observations [66]. Distributed Bayesian inference on these coupled factor graphs results
in a fused global map that improves coverage, robustness to individual sensor failures, and exploration
efficiency. All these properties are critical for time-sensitive applications such as swarm robotics, autonomous
vehicle platoons and search-and-rescue operations [67]. Further, distributed Pose Graph Optimization
(PGO) algorithms like Distributed Gauss-Seidel (DGS) and Riemannian stochastic gradient descent on
the SE (3) manifold provide scalable solutions for globally consistent map fusion without centralizing
raw sensor data [68]. The inter-agent data association problem of establishing correspondences between
independent observations obtained by different agents under varying viewpoints and temporal offsets is
solved using invariant descriptor matching, such as Signature of Histograms of OrienTations (SHOT) and
Fast Point Feature Histograms (FPFH), combined with RANdom SAmple Consensus (RANSAC)-based
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outlier rejection [69]. Byzantine fault-tolerant consensus protocols provide additional robustness of these
systems to compromised or malfunctioning agents in adversarial environments [70]. Fig. 8 shows framework
of cooperative multi-agent SLAM.

Figure 8: Framework of cooperative multi-agent SLAM.

7.1 Cooperative Mapping and Exploration
For MA-SLAM systems, cooperative exploration approaches are formulated as Decentralized Par-

tially Observable Markov Decision Processes (Dec-POMDPs) in which each agent selects frontier-based
or information-theoretic waypoints to reduce joint map entropy related to communication and energy
constraints [71]. Further, frameworks utilizing centralized value function decomposition methods like Q-
Mixing Networks (QMIX), Value Decomposition Network (VDN), etc., are developed using Multi-Agent
Reinforcement Learning (MARL). These frameworks enable agents to learn coordinated exploration policies
through shared global reward signals encoding mutual information gain over the occupancy grid [72].
The Centralized Training with Decentralized Execution (CTDE) paradigm addresses the non-stationarity
problem in concurrent multi-agent learning. It utilized centralized critics that focus on global state informa-
tion during the training phase, and execution-time policies are limited to local observations and messages
received from communication [73]. Mahboob et al. [74] reduced the communication overhead by emphasis-
ing decentralized map fusion. Graph Neural Networks (GNNs) applied over dynamic agent communication
graphs enable permutation-invariant policy representations that generalize across variable team sizes and
topologies [75]. Schmuck et al. [76] proposed a large-scale collaborative visual SLAM framework based on
shared optimization and distributed loop closure detection. The proposed framework was able to achieve
a loop closure accuracy of 92% by improving collaborative visual SLAM. Active neural SLAM integrates
semantic segmentation outputs with occupancy predictions to prioritize exploration of semantically novel
regions, improving task-relevant coverage metrics over purely geometric approaches [77,78]. Lajoie et al. [79]
provided a distributed SLAM system, robust to outliers, decreasing localization failures by around 30%.
Further, Zuo et al. [80] used centralized optimization to propose Communication-Efficient Centralized
Multi-Robot Dense-SLAM (CCMD-SLAM) for attaining a real-time mapping at 15 frames per second.
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7.2 Communication and Coordination Challenges
In MA-SLAM, communication constraints are a fundamental bottleneck because the raw sensor data

volumes, e.g., 3D LiDAR point clouds at 10–20 Hz per agent, are not compatible with the limited band-
width wireless channels in real-world deployments. Learned map compression techniques with Variational
Autoencoders (VAEs) and discrete tokenization such as Vector Quantized Variational Autoencoder (VQ-
VAE), reduce transmitted payloads by up to two orders of magnitude while preserving localization-relevant
geometric structure [81]. Event-triggered communication protocols based on threshold-gated information
gain metrics are used to suppress redundant transmissions to reduce channel utilization without significant
map accuracy degradation [82]. Asynchronous distributed optimization algorithms such as Alternating
Direction Method of Multipliers (ADMM) with proximal updates can handle delayed gradient infor-
mation and still guarantee convergence under bounded communication latency [83]. Further, stochastic
communication graphs with probabilistic edge weights are used for network topology dynamics such as
packet loss, intermittent connectivity, and variable inter-agent distances [84]. Proper allocation of tasks
is done using combinatorial optimization frameworks such as Nash equilibrium-seeking game-theoretic
protocols, Auction-Based Task Assignment (Consensus-Based Bundle Algorithm (CBBA)), and Hungarian
algorithm variants. These frameworks together confirm deadlock-free mission execution and load-balanced
role distribution among heterogeneous multi-robot teams [85]. Furthermore, due to the rise in the number
of autonomous agents, another issue is scalability in MA-SLAM systems, which complicates the maintenance
of coherent maps and synchronization. To address this issue, Swarm-SLAM [86] and D2SLAM [87] utilized
lightweight decentralized communication protocols. Furthermore, to improve semantic consistency using
shared scene graphs and distributed semantic optimization, Hydra-Multi [88] and multi-robot decentralized
collaborative SLAM [89] are proposed by the researchers. Moreover, Table 7 shows the comparative analysis
of the considered multi-agent and cooperative SALM systems with their obtained results in the original
experimental context.

Table 7: Comparison of multi-agent SLAM and cooperative navigation systems.

Ref. & Year Collaboration
Type Communication Dataset

/Benchmark
Map

Fusion Scalability Results/Findings Key
Contribution

Lajoie
et al. [79];

2020

Distributed
SLAM

Multi-robot
communication

Multi-robot
SLAM

datasets
Moderate Strong

~30% reduction in
outlier-induced

failures

Outlier-resilient
cooperative

SLAM

Schmuck
et al. [76];

2021

Collaborative
VSLAM

Shared
optimization KITTI Strong Moderate >92% loop closure

precision

Large-scale
collaborative

mapping

Mahboob [74];
2023

Distributed
graph

optimization

Distributed
fusion

Distributed
SLAM

benchmarks
Moderate Strong

~35% lower
communication

overhead

Distributed map
optimization

Wang
et al. [78];

2023

Neural
collaborative

mapping

Shared latent
representation Replica Strong Moderate

Improved neural
map reconstruction
accuracy by ~18%

Neural implicit
collaborative

SLAM

Lajoie and
Bel-

trame [86];
2023

Swarm
intelligence

Lightweight
communication

UAV
simulations Moderate Strong

~26%
improvement in

distributed
exploration

coverage

Swarm-based
distributed
mapping

(Continued)
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Table 7 (continued)

Ref. & Year Collaboration
Type Communication Dataset

/Benchmark
Map

Fusion Scalability Results/Findings Key
Contribution

Chang
et al. [88];

2023

Multi-agent
scene under-

standing

Shared semantic
graph Habitat Strong Strong

~20%
improvement in

semantic
consistency

Semantic
cooperative

world modeling

Zuo
et al. [80];

2024

Centralized
SLAM Shared server

Indoor
robotics
datasets

Strong Moderate
Real-time

collaborative
mapping at ~15 FPS

Real-time
collaborative

SLAM

Xu
et al. [87];

2024

Decentralized
VIO Distributed UAV swarm

benchmarks Strong Strong
<5 cm relative

localization error
across UAV swarm

Collaborative
aerial swarm

SLAM

Lajoie
et al. [89];

2025

Cooperative
semantic

SLAM

Distributed
semantic fusion

Cooperative
semantic
datasets

Strong Strong
~24% improvement

in semantic map
consistency

Cooperative
semantic

autonomy

8 Datasets, Benchmarks, and Simulation Environments
Standardized datasets and simulation environments constitute the empirical backbone of SLAM

research, providing reproducible evaluation conditions across perception, localization, and navigation
modalities. The fidelity of a benchmark is determined by sensor diversity, ground truth precision, environ-
mental variety, and trajectory complexity. As algorithmic sophistication increases, benchmark requirements
have expanded from simple monocular odometry sequences to large-scale, multi-modal, multi-agent scenar-
ios incorporating dynamic obstacles and challenging illumination conditions [90]. Dataset diversity enables
robust evaluation of generalization, while well-defined metric protocols ensure comparability across hetero-
geneous algorithmic families, including feature-based, direct, and learning-based SLAM pipelines [91].

8.1 Benchmark Datasets and Metrics
The Karlsruhe Institute of Technology and Toyota Technological Institute (KITTI) Benchmark

Suite [90] remains one of the most widely adopted datasets for evaluating outdoor autonomous driving
systems, providing synchronized stereo imagery, 64-beam Velodyne HDL-64E LiDAR point clouds, and
RTK-GPS ground truth at ±2 cm accuracy across 22 odometry and 43 tracking sequences spanning 39.2
km of urban and rural driving scenarios. The European Robotics Challenge (EuRoC) Micro Aerial Vehicle
(MAV) dataset [92] supports numerous stereo-inertial sequences of varying difficulty (Easy/Medium/Hard)
recorded in an industrial hall and machine room environments with a Leica MS50 laser tracker providing
sub-millimetre pose ground truth for rigorous Visual Inertial Odometry (VIO) evaluation. Further, the
Technical University of Munich (TUM) RGB-D dataset [91] targets indoor visual SLAM with 39 sequences
captured by a Microsoft Kinect v1 at 640 × 480 resolution, with sub-millimetre ground truth provided
by a Vicon motion capture system operating at 100 Hz. More recent benchmarks address open challenges
in SLAM research: the Replica dataset [93] provides 18 photo-realistic synthetic indoor scenes with dense
semantic mesh annotations and zero-noise ground truth, enabling evaluation of semantic SLAM and Neural
Radiance Field (NeRF)-based mapping methods. ScanNet [94] offers 1513 RGB-D scans with instance-level
semantic labels across 707 distinct indoor spaces, supporting 3D reconstruction and semantic segmentation
benchmarking. In contrast, Oxford RobotCar [95] uniquely addresses long-term localization across seasonal
and lighting variations with over 100 repeated traversals of a 10 km urban route, enabling evaluation of
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place recognition and appearance change robustness. Fig. 9 shows a comparison of multi-metric bench-
mark datasets based on sensor diversity, scalability, ground truth quality, environmental diversity, and
community acceptance. In addition, Table 8 provides a structured comparison of these datasets across key
technical dimensions.

Figure 9: Multi-metric benchmark dataset comparison across sensing diversity, scale, ground truth quality, environ-
ment diversity, and community adoption.
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Table 8: Comparative analysis of benchmark SLAM datasets.

Dataset Sensor Modalities Environment Sequences GT Source Best ATE
(m)

Primary
Use

KITTI [90]

Stereo RGB,
LiDAR (64-beam

Velodyne),
GPS/IMU

Outdoor
urban

22 odom-
etry + 43
tracking

GPS/RTK,
±2 cm 0.53

Autonomous
driving,

odometry

TUM
RGB-D [91]

RGB-D (Kinect v1,
640 × 480), IMU

Indoor
structured

39
sequences

Motion
capture

(Vicon), ±1
mm

0.008

Visual
SLAM,
depth

estimation

EuRoC
MAV [92]

Stereo greyscale,
6-DOF IMU
(ADIS16448)

Indoor
(hall/room)

11
sequences

Leica
MS50 laser
tracker, ±1

mm

0.009 Aerial
SLAM, VIO

Replica [93] Synthetic RGB-D,
semantic meshes

Indoor
photo-
realistic

18 scenes
Mesh GT

(zero
noise)

—

Embodied
AI, scene

understand-
ing

ScanNet [94] RGB-D (Structure
Sensor), IMU

Indoor
large-scale

1513
scans

BundleFusion
3D recon-
struction

0.081

3D recon-
struction,
semantic

seg.

Oxford
Robot-

Car [95]

Stereo RGB, 3× 2D
LiDAR, GPS, IMU

Outdoor
long-term

100 +
traversals

GPS/RTK
+HD map 0.71

Long-term
localization,

mapping

Quantitative SLAM evaluation is based on a standard set of metrics for local accuracy and global
consistency. One of the metrics, known as Absolute Trajectory Error (ATE), is used to compare the
absolute distances between the estimated trajectory, described by P1, P2, . . . , Pn ∈ SE(3) and the ground
truth trajectory, described by Q1, Q2, . . . , Qn ∈ SE(3) [91]. In addition, Relative Pose Error (RPE) measures
the local accuracy of the trajectory over a fixed time interval Δ, thus corresponding to the drift of the
trajectory which is in particular useful for the evaluation of visual odometry systems [91]. Additional
metrics include loop closure precision/recall (F1-score), volumetric map completeness, and computational
throughput in frames-per-second (FPS), which together characterize the trade-off space between accuracy,
map fidelity, and real-time feasibility. Table 9 formalizes these metrics with mathematical definitions and an
evaluation context.
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Table 9: SLAM evaluation metrics: definitions and relevance.

Metric Definition Mathematical Formulation Units/Range Relevance

ATE

Absolute Trajectory Error:
compares the absolute
distances between the

estimated and the ground
truth (GT) trajectory for a

rigid-body transformation S

ATE at time step i:
Fi = Q−1

i SPi

Meters (↓
better)

Global
consistency,
loop closure

quality

RPE

Relative Pose Error:
measures the local accuracy
of the trajectory over a fixed

time interval Δ

RPE at time step i:
Ei =

(Q−1
i Qi+Δ)

−1
(P−1

i Pi+Δ)

m/m or ○/m
(↓ better)

Local
odometry
accuracy,

incremental
drift

LC Preci-
sion/Recall

Loop Closure Detection
accuracy: used to evaluate
classification models and

loop closure detection
systems, based on precision

and recall.

P = TP
TP+FP ; R = TP

TP+F N
True Positives (TP): The

system correctly identifies a
true revisited location.

False Positives (FP): The
system incorrectly claims a

loop closure (perceptual
aliasing), which can

catastrophically warp the
map.

False Negatives (FN): The
system fails to recognize a
revisited location, missing
an opportunity to correct

accumulated drift.

[0, 1] (↑
better)

Topological
map

consistency,
re-visitation

Map Com-
pleteness

Fraction of ground-truth
voxels (v) reconstructed

above occupancy threshold
τ

∣v∶ occupanc y (v) > τ∣ ∩
GT

[0, 1] (↑
better)

3D recon-
struction
fidelity

Runtime/FPS
Processing throughput of
front-end and back-end

pipelines

Frames per second (or
ms/frame) Hz (↑ better)

Real-time
capability on

target
hardware

8.2 Simulation Platforms and Emerging Trends
Physics-based simulation environments provide controlled, repeatable testing infrastructure that sup-

ports large-scale algorithmic iteration without the logistical cost of physical hardware experiments. Car
Learning to Act (CARLA) [96] used Unreal Engine 4 to generate photorealistic urban driving scenarios
with configurable weather, dynamic pedestrians, and a comprehensive sensor suite (RGB cameras, depth
sensors, 3D LiDAR, radar), making it the dominant platform for perception research and autonomous vehicle
SLAM. Another platform based on Unreal Engine 4 and Unity is AirSim [97], which enhances simulation
fidelity to aerial and ground vehicles with physically accurate aerodynamic models so that VIO systems
can be evaluated in unconstrained 3D environments. The sim-to-real fidelity is taken to the next level with
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NVIDIA Isaac Sim [98], which uses PhysX for rigid body dynamics and RTX ray tracing for Physically-
Based Rendering (PBR) with complete USD-based digital twin integration to directly import CAD and
BIM models from industrial environments. The Habitat simulation platform [48] is designed for embodied
AI research and provides a highly optimized renderer that can achieve thousands of fps on Replica and
Matterport3D scene meshes to support large-scale training of major Point and Object-Goal navigation
policies. Table 10 shows the comparison of features of simulation platforms, and Fig. 10 shows the architecture
of the complete sim-to-real transfer pipeline. Further, Table 11 provides a simulation feature matrix showing
platform capabilities.

Table 10: Simulation platform feature comparison.

Platform Engine Env. Type Sensor Suite Multi-
Agent ROS Digital

Twin Key Strength

CARLA [96] Unreal 4 Outdoor
urban

RGB, Depth,
LiDAR, Radar,

GNSS
✓

✓ (ROS
bridge) Partial Photo-realistic

urban AV sim

AirSim [97] Unreal
4/Unity

Outdoor +
indoor

RGB, Depth, IMU,
LiDAR, sonar ✓ ✓ Partial Aerial & ground

vehicle sim

Habitat [48] Custom
renderer

Indoor
(Replica,
MP3D)

RGB-D, semantic,
panoramic ✓ ✗ ✗

Embodied
AI/PointNav

research

Isaac
Sim [98] PhysX/RTX Outdoor +

industrial
Full sensor suite +

force/torque ✓ ✓ ✓ (USD)
High-fidelity

physics & digital
twin

iGibson [99] PBR
renderer

Interactive
indoor

RGB-D, LiDAR,
haptic ✓ ✓ Partial Object interaction

& re-arrangement

MORSE [100] Blender/Bullet Outdoor +
indoor

Modular: any
sensor ✓ ✓ ✗

Modular,
scriptable robotics

sim

Note: ✓—Supported, ✗—Not Supported.

Figure 10: End-to-end sim-to-real transfer pipeline.



Comput Mater Contin. 2026;89(1):3 27

Table 11: Simulation platform feature matrix across key capabilities required for SLAM evaluation.

Outdoor Indoor LiDAR RGB-D IMU Multi-Agent Digital Twin ROS
CARLA ✓ ✗ ✓ ✓ ✓ ✓ ~ ✓

AirSim ✓ ~ ✓ ✓ ✓ ✓ ~ ✓

Habitat ✗ ✓ ✗ ✓ ~ ✓ ✗ ✗

Issac Sim ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

iGibson ✗ ✓ ✗ ✓ ✓ ✓ ~ ✓

MORSE ~ ~ ~ ✓ ✓ ~ ✗ ✓

Note: ✓—Supported, ~—Partial, ✗—Not Supported.

The emerging trends in SLAM benchmarking and simulation are mainly focused on three directions.
(i) Digital twin technology leverages high-fidelity 3D scanning, including terrestrial LiDAR, photogram-
metry, etc., and physics simulation to generate dynamically consistent virtual replicas of target deployment
environments [98]. (ii) Procedural generation of scalable training data with perfect ground-truth anno-
tations can be achieved using Generative Adversarial Networks (GANs) and neural rendering, including
NeRF, 3D Gaussian Splatting, enabling infinite variation in scene appearance, lighting, and dynamic agent
behaviour without manual scene authoring [101]. (iii) Domain randomization with curriculum learning
adapts simulation parameters, including sensor noise models, material reflectance, and agent dynamics, to
the current policy performance, accelerating convergence when transferring to reality while maintaining
sample efficiency [102].

9 Applications of SLAM-Driven Intelligent Agents
SLAM-driven intelligent agents have enabled a broad spectrum of real-world applications via the

integration of spatial SLAM-driven intelligent agents have facilitated a wide range of real-world applications
via the combination of spatial mapping with perception, reasoning, and self-directed decision-making.
Through their integration with sensing, learning, and reasoning modules, these agents have established
themselves as key elements of advanced autonomous systems across several application domains.

(i) Terrestrial: SLAM-driven intelligent agents are being widely used for a variety of terrestrial appli-
cations, especially in ever-changing, semi-structured environments that require reliable localization,
mapping, and smart and adaptive decision-making for their functioning. These applications primarily
integrate LiDAR, vision, and odometry to manage dynamic challenges, human interaction, and
real-time decision-making [103].
a. Self-directed Driving: SLAM can enable autonomous driving by facilitating accurate vehicle

localization and environmental perception, particularly in GPS-denied environments. SLAM also
helps vehicles in comprehending lanes, traffic signs, and dynamic objects by enhancing safe
navigation and real-time decision-making [40,104,105].

b. Mining and Underground Exploration: SLAM-based autonomous navigation agents are essential
for tunnel mapping, supporting safe navigation, and monitoring structural integrity in GPS-
denied and dangerous environmental conditions [106]. The SLAM-based agentic systems are
capable of identifying obstacles (e.g., debris in post-blast inspection), structural instabilities,
monitoring deformation in real-time and exploring semantic mapping in mines [37,107].

c. Agriculture: In precision agriculture, SLAM-driven intelligent agents are being extensively
adopted to facilitate autonomous navigation, crop monitoring, field mapping, and intelligent farm
management in complex outdoor environments [108,109]. By integrating multispectral imaging
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and AI-based perception with SLAM, intelligent agents can identify stressed crops, nutrient
deficiencies, and pest infestations at an early stage [110,111].

d. Storage automation: Autonomous robots in warehouses use SLAM to avoid obstacles, optimize
logistics, and navigate dynamic layouts without fixed infrastructure. These intelligent agents
increase the efficiency and scalability of logistics by optimizing routes and adapting to layout
changes [19,112].

e. Service Robots: SLAM-based intelligent agents are used to enable effective indoor navigation
and human interaction for service robots used in hotels, hospitals, and households. These
robots exhibit agentic characteristics that enable them to interpret user commands, find the
most efficient routes for delivery, and adapt to complex scenarios such as crowded environ-
ments [113–115]. They also allow task prioritization and adaptive routing in dynamic clinical
environments [116,117]. Further, SLAM-based intelligent agents can actively build semantic maps
of indoor home environments. By combining active exploration with semantic understanding,
the system improves household robot efficiency in tasks such as navigation, object search, and
human–robot interaction [118–120]. In addition, these service robots are also widely used in hotels
for indoor autonomous navigation with real-time mapping and localization, with hospitality tasks
such as cleaning rooms, delivering and collecting food orders in diners to improve operational
efficiency and enable contactless services [121,122].

f. Self-directed delivery Robots: SLAM-based intelligent agents play a vital role in autonomous
delivery robots, assisting with efficient navigation in sophisticated environments such as urban
locales and indoor spaces. By employing SLAM, these robots can generate and modify maps while
identifying their exact location, thus alleviating the necessity for GPS or pre-installed infrastruc-
ture [123,124]. Further, these sophisticated agents are capable of augmenting task scheduling and
route optimization for effective last-mile delivery [125,126].

(ii) Aerial (UAV): SLAM-enabled intelligent agents are being substantially exploited for various aerial
applications, such as aerial robots, smart city monitoring, etc. Aerial SLAM emphasizes efficient,
lightweight computing, resilience to quick movements, and real-time mapping [127–129].
a. Autonomous Drones (UAVs): SLAM-driven intelligent agents play a critical role in aerial

robotics, specifically in the field of unmanned aerial vehicles (UAVs), where reliable and pre-
cise navigation must be implemented in three-dimensional, GPS-denied, and highly dynamic
environments [130,131]. Visual and LiDAR-based SLAM techniques facilitate UAVs to estimate
pose and generate real-time maps in complex environments, such as dense forests, canyons,
etc. Enhanced by SLAM-based intelligent agent capabilities, these systems enable high-level
reasoning, adaptive path planning, and decision-making to allow drones to replan trajectory
autonomously, avoid dynamic obstacles, and optimize exploration strategies [132].

b. Smart City Monitoring: SLAM-based UAVs are employed in surveillance and smart city moni-
toring for various tasks such as traffic analysis, crowd monitoring, and infrastructure inspection.
They have the capability to generate georeferenced maps and improve situational awareness across
wide areas. These aerial robots are efficient in minimizing the requirement for manual inspections
in dangerous or difficult-to-reach locations by automatically inspecting infrastructure including
wind turbines, bridges, power lines, and high-rise buildings [133].

c. Space and Extreme Environment Applications: In space and extreme environments, SLAM-
driven intelligent agents are essential in various fields by allowing autonomous operations,
especially in situations where human accessibility is restricted [134]. Using optical, LiDAR, and
inertial sensing to navigate barriers and identify important scientific areas, rovers with SLAM
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systems may autonomously locate and survey uncharted territory on celestial planets such as Mars
and the Moon [135].

(iii) Augmented Reality (AR) and Virtual Reality (VR): For AR and VR, SLAM-based intelligent agents
are essential embodied AI systems by enabling precise spatial understanding, real-time environment
mapping, and context-aware interactions between digital agents and the physical world [136]. SLAM
is a key component for AR applications, where it is used to simultaneously track the position and
orientation of devices and build a map of the surrounding environment so that virtual objects can be
stably anchored in real-world scenes [137]. Whereas in VR systems, SLAM enables spatial interaction,
room-scale tracking, and dynamic scene reconstruction, improving user immersion and interaction
accuracy [138]. These systems are widely studied in autonomous robotics, virtual simulation platforms
and studies in Human-Robot Interaction [139].

(iv) Underwater Applications: SLAM-based intelligent agents are essential for underwater applications,
such as underwater robots, due to their capability to function in challenging real-world environments
such as with no GPS and poor visibility [140,141].
a. Gas and oil industries: SLAM-based agents have potential for use in the offshore oil and gas

industry for inspection of pipelines and subsea infrastructure, where they move along pipelines
autonomously, look for anomalies such as corrosion or leaks, and produce complex 3D recon-
structions [140]. They take high-resolution 3D photos of unknown areas for deep-sea exploration
despite the extreme pressure and poor visibility [142].

b. AUVs and ROVs: Robots such as Autonomous Underwater Vehicles (AUVs) and Remotely
Operated Vehicles (ROVs) use SLAM techniques based on sonar, acoustic sensors, Doppler
Velocity Logs (DVL), and Inertial Measurement Units (IMUs) for generating maps in under-
water conditions [141,143]. Recent advancements include multi-robot cooperative SLAM, where
multiple AUVs can cooperate to share mapping information, leading to improved coverage and
efficiency over large underwater spaces [86,144,145].

10 Open Challenges and Future Research Directions
Despite the advances in SLAM-based intelligent agents, for autonomous navigation, there are still many

challenges in this area. The challenges include integration of semantic reasoning, geometric mapping and
limitations of the current frameworks. Some of the other prominent challenges in the current SLAM-based
autonomous navigation agentic systems are as follows:

(i) Robustness is one of the key challenges in ever-changing, unstructured scenarios. Moving objects,
variations in lighting conditions, sensor noise and weather can cause high degradation of localization
and mapping accuracy. Classical SLAM systems often assume static environments and are therefore
susceptible to errors in disaster-response scenarios, indoor public spaces, and crowded city centers.

(ii) The computational efficiency and scalability of SLAM-based intelligent agents are another important
challenge. Systems nowadays rely increasingly on deep learning, multimodal sensing and large-
scale semantic mapping. These techniques require significant computational resources and energy
consumption. Collaboration of multiple agents also leads to challenges in synchronization between
robots, distributed mapping, and communication constraints.

(iii) Semantic understanding and contextual reasoning also pose significant challenges in current SLAM-
driven methods. Although recent semantic SLAM approaches incorporate object recognition and
scene comprehension, most of the systems continue to face problems in reconciling geometric map-
ping with advanced cognitive reasoning. Addressing these challenges requires enhanced integration
among SLAM, LLMs, VLMs, and embodied AI frameworks.
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(iv) Moreover, ethical and security issues such as data privacy, secure human-robot interaction, and adver-
sarial attacks are gaining significance as intelligent agents function inside shared human discourse.

In future, SLAM-based intelligent agents are expected to evolve to the creation of lifelong SLAM
systems that can continuously learn, update the maps, and correct the drift in dynamic settings. One major
trend is to combine SLAM with foundation models, such as VLMS, LLMs, etc., that enable agents to
understand natural language instructions and perform goal-oriented navigation. Furthermore, multi-robot
collaboration, uncertainty-aware mapping, and secure and explainable decision-making are becoming major
areas to ensure scalability, robustness, and reliable deployment in real-world scenarios.

11 Conclusion
This paper provided a comprehensive systematic review based on PRISMA 2020 guidelines for SLAM-

based autonomous navigation agentic systems. The review was conducted with a total of 1870 articles
explored for consideration, resulting in 141 chosen articles with 70 studies included in the review process.
The review highlighted the background and evolution of agentic SLAM, starting from classical SLAM. The
paper proposed a taxonomy for agentic perception and world modeling with details of active and robust
SLAM for agentic navigation. Agentic SLAM functions as an intelligent decision-maker in an adverse and
real-world environment. The paper also discusses dynamic and effective SLAM approaches with multi-
agent SLAM, demonstrating the benefit of risk-aware planning, multi-sensor fusion and information-driven
exploration for increased reliability in real-world applications. The paper also includes benchmark datasets
and simulation platforms used for SLAM-based intelligent agents for autonomous navigation. Furthermore,
different application areas of agentic SLAM in autonomous navigation, including agriculture, robotics, UAV,
etc., were discussed. The paper also highlighted the open challenges and future directions for researchers who
intend to work in this field. Future research should focus on integrated frameworks that include perception,
reasoning and learning, as well as advances in multimodal and lifelong learning.
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