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 A B S T R A C T

Semantic Visual Simultaneous Localization and Mapping (Semantic vSLAM) is a critical area of research in 
robotics and computer vision, focusing on the simultaneous localization of robotic systems and the association 
of semantic information to construct the most accurate and comprehensive model of the surrounding 
environment. Since the first foundational work on Semantic vSLAM appeared more than two decades ago, 
the field has attracted increasing attention across various scientific communities. Despite its significance, the 
field lacks comprehensive surveys encompassing recent advances and persistent challenges. In response, this 
study provides a thorough examination of the state-of-the-art of Semantic vSLAM techniques, with the aim 
of illuminating current trends and key obstacles. Beginning with an in-depth exploration of the evolution 
of visual SLAM, this study outlines its strengths and unique characteristics while also critically assessing 
previous survey literature. Subsequently, a unified problem formulation and evaluation of the modular solution 
framework is proposed, which decomposes the problem into discrete stages, including visual localization, 
semantic feature extraction, mapping, data association, and loop closure optimization. Moreover, this study 
investigates alternative methodologies such as deep learning and the utilization of large language models, 
alongside a review of relevant research about contemporary SLAM datasets. Concluding with a discussion on 
potential future research directions, this study serves as a comprehensive resource for researchers seeking to 
navigate the complex landscape of Semantic vSLAM.
1. Introduction

Autonomous robotic systems play a vital role in diverse applica-
tions such as search and rescue, exploration, augmented reality, and 
autonomous navigation. These systems must possess a comprehensive 
understanding of their environment, which entails creating detailed 
maps, localizing themselves within these maps, and interpreting se-
mantic information about their surroundings. Semantic Visual Simul-
taneous Localization and Mapping (Semantic vSLAM) addresses these 
challenges by integrating traditional SLAM capabilities with semantic 
perception, thereby enabling robots to construct detailed, high-level 
representations of their environment. Such semantic maps are essential 
for executing complex tasks efficiently and accurately while balancing 
computational and memory constraints.

I This work was supported in part by JST SPRING, Japan Grant Number JPMJSP2102 , and in part by the Asian Office of Aerospace Research and Development 
under Grant/Cooperative Agreement Award No. FA2386-25-1-4034.
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(N.Y. Chong).

Semantic vSLAM has gained increasing attention in the robotics and 
computer vision communities over the past decades. This interest stems 
from the growing demand for autonomous systems capable of operating 
in dynamic, unstructured, and complex environments. The field has 
expanded significantly, driven by advances in sensor technologies, 
computational capabilities, and artificial intelligence (AI). While this 
growth has broadened the scope of research, it has also introduced 
challenges related to integrating diverse methodologies and ensuring 
cross-disciplinary collaboration. This survey seeks to address these gaps 
by providing a unified perspective on Semantic vSLAM, analyzing key 
advancements, and identifying critical research challenges.

Semantic vSLAM is currently at a transformative juncture, propelled 
by novel developments in spatial perception and AI. Breakthroughs 
in deep learning have enabled robots to extract high-level semantic 
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features, enabling them to recognize objects, infer relationships, and 
interact more intelligently with their surroundings. These advances 
include neural network models for beyond-line-of-sight prediction, rea-
soning over dynamic environments, and processing deformable scenes. 
By leveraging these technologies, Semantic vSLAM has the poten-
tial to transcend traditional limitations and offer robust solutions for 
real-world applications.

However, the integration of semantic information introduces sig-
nificant challenges. These include maintaining accuracy in dynamic 
settings, achieving real-time processing efficiency, and developing ro-
bust data fusion algorithms. Moreover, the field lacks standardized 
benchmarks and reproducible research practices, which are essential 
for evaluating and comparing different approaches. This survey aims 
to highlight these challenges, propose potential research directions, and 
emphasize the importance of interdisciplinary collaboration to advance 
the state-of-the-art in Semantic vSLAM.

1.1. Visual SLAM evolution

The concept of Simultaneous Localization and Mapping (SLAM) 
was first introduced by Smith and Cheeseman in the 1980s [1]. In 
addition, since the advent of mobile robots in the late 1960s, the 
goal of enabling them to execute tasks autonomously has remained a 
central theme in robotics research [2]. Since then, SLAM has become 
a cornerstone technology in robotics, enabling autonomous systems 
to navigate and interact with their environments. Inspired by human 
spatial perception – the ability to localize, map, and adapt to unfa-
miliar settings – robots equipped with SLAM algorithms can perform 
similar tasks using various sensors, such as cameras, LiDAR, and in-
ertial measurement units (IMUs). This ability can be enhanced with 
acquired training and plays a crucial role in human cognition and 
robot control development. SLAM technology has found applications 
across diverse domains, including underwater vehicles (UWVs) [3], 
unmanned aerial vehicles (UAVs) [4], autonomous driving [5], service 
robots [6], augmented reality (AR) [7], and virtual reality (VR) [8]. 
These applications underscore the versatility and importance of SLAM 
in enabling autonomy.

Based on the type of sensors, traditional SLAM systems can be 
broadly categorized into LiDAR-based SLAM (L-SLAM) and vision-based 
SLAM (vSLAM). LiDAR sensors excel at precise distance measurements 
and high-frequency updates, making them ideal for applications re-
quiring low-drift motion estimation [9,10]. However, LiDAR systems 
are costly and computationally intensive. In contrast, vSLAM leverages 
cameras to capture rich visual information, allowing for feature extrac-
tion and environmental understanding at lower cost [11,12]. Despite 
its advantages, vSLAM is sensitive to lighting conditions and strug-
gles in textureless or dynamic environments. In recent days, various 
SLAM technologies have focused on vSLAM due to its low hardware 
cost, high accuracy in small scenes, and the ability to obtain rich 
environmental information. On the other hand, there are still many 
challenges, especially those that come with dynamic object movements 
and environments lacking textures.

To overcome these limitations, researchers have explored multi-
sensor fusion approaches, combining cameras, IMUs, and GPS to im-
prove localization robustness. Recent advancements in vSLAM have 
emphasized graph-based methodologies [13], in which the front end 
constructs graphs from sensor data and the back end optimizes them to 
determine the most probable pose configuration.

While traditional vSLAM focuses on geometric map construction 
and localization, it lacks semantic understanding. The integration of
semantic information – enabled by advancements in deep learning – 
has opened new avenues for vSLAM. By extracting semantic features, 
researchers have improved pose estimation, map accuracy, and en-
vironmental understanding [14–16]. Semantic vSLAM systems enable 
robots to perform tasks such as semantic localization and mapping, 
significantly enhancing their adaptability to complex and dynamic 
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environments. The rise of these systems represents a paradigm shift, 
bridging the gap between geometric and semantic approaches in SLAM. 
In tandem with its geometric foundation, SLAM has steadily evolved to 
incorporate higher-level information about the environment – termed
semantic information – giving rise to the field of Semantic vSLAM. Fig.  1 
illustrates a taxonomy based on the coupling level between geometric 
and semantic components.

Early SLAM solutions largely centered on geometric cues, such as 
points, lines, and planar structures, using various sensor modalities 
like cameras or LiDAR for feature extraction [11,17]. This approach, 
often referred to as traditional or geometric SLAM, excels when the envi-
ronment remains static and well-defined. However, real-world settings 
inherently involve illumination changes, dynamic obstacles, and com-
plex scenes with sparse textures. These conditions can undermine the 
robustness and accuracy of purely geometric methods, which typically 
rely on handcrafted features or geometric primitives. Consequently, the 
research community has increasingly focused on more holistic solutions 
that integrate vision sensors (e.g., monocular, stereo, RGB-D cameras) 
and other sensor data, thereby enhancing SLAM’s adaptability and 
reliability across diverse and challenging operational domains [2,17,
18].

In parallel with these sensor-fusion strategies, breakthroughs in 
deep learning have led to significant leaps in semantic understanding. 
By leveraging neural networks for object detection, semantic segmen-
tation, and scene recognition, SLAM systems can move beyond con-
structing raw geometric maps to encoding rich descriptive information 
about encountered objects and scene layouts [16,19]. This synergy 
– combining geometric estimation with semantic cues – paves the 
way for systems that can better handle moving objects, reinterpret 
ambiguous features, and enable robust long-term mapping in dynamic 
or partially known environments [14,15]. Notably, Semantic vSLAM
not only locates and maps entities in the scene but also categorizes 
and attributes them with meaningful labels, thereby supporting higher-
level tasks such as scene understanding, path planning, human–robot 
interaction, and task-oriented manipulation. In instances where the 
aim is to enhance localization, mapping, or both, these challenges 
are known as semantic localization, semantic mapping, and Semantic 
vSLAM, respectively.

Semantic Mapping augments traditional SLAM by embedding high-
level contextual and categorical information about the environment 
into the spatial map, enabling a shift from purely geometric represen-
tations to cognitively meaningful scene understanding. This concept 
was first introduced by Dellaert and Bruemmer [19], highlighting the 
importance of associating semantic entities – such as object classes, 
scene layouts, and terrain types – with spatial locations. Unlike con-
ventional occupancy grids or point clouds, semantic maps provide sym-
bolic abstractions that facilitate complex reasoning, task planning, and 
human–robot interaction [4,20–22]. Recent advances in deep learn-
ing, particularly in semantic segmentation and instance-level object 
detection, have significantly improved the granularity and accuracy 
of semantic labels. This has enabled near-real-time semantic map con-
struction, even in dynamic environments, using data from RGB, RGB-D, 
or multimodal sensors. Techniques such as Bayesian fusion of per-
frame segmentation [15] and learned feature embeddings for instance 
tracking [23] have further enhanced map coherence and consistency 
over time.

However, despite its potential, semantic mapping introduces sev-
eral open challenges that hinder scalable deployment in real-world 
robotics. One major concern is the increased computational complexity 
associated with maintaining and updating semantic labels, especially 
under limited hardware and power constraints [2,17,24]. Moreover, 
inaccurate or incomplete semantic predictions can introduce drift and 
inconsistency into the SLAM pipeline, particularly when these labels 
are used for loop closure or data association. Loop closure refers to the 
process of recognizing that a robot has returned to a previously visited 
location and using this information to correct accumulated drift errors 
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Fig. 1. Taxonomy of Semantic Visual SLAM approaches based on coupling level between geometric and semantic components.
in the trajectory estimate, thereby achieving global map consistency. 
Data association refers to the process of establishing correspondence 
between current sensor observations and existing elements in the map, 
determining whether a detected object or feature corresponds to a 
previously observed landmark or represents a new entity. Handling 
dynamic objects adds further complexity, as semantic information must 
be continuously validated and updated to prevent map corruption. 
Another critical limitation lies in the scarcity of standardized bench-
marks and evaluation protocols focused specifically on the quality 
and consistency of semantic maps. This gap restricts fair comparison 
and reproducibility across approaches [19]. Additionally, memory-
efficient representations, such as OctoMap-based semantic trees [25,26] 
or voxel hashing [27,28], must balance rich semantic encoding with 
storage constraints, especially for long-term autonomy or large-scale 
environments.

Semantic Localization aims to enhance pose estimation accuracy and 
robustness by incorporating high-level semantic information such as 
object classes, spatial relationships, and scene context, moving be-
yond low-level geometric features. This paradigm enables more reliable 
localization in perceptually ambiguous or dynamically changing envi-
ronments, where traditional SLAM approaches based on handcrafted 
features often degrade. Semantically-aware localization leverages ad-
vances in deep neural networks (DNNs) for object detection, semantic 
segmentation, and scene classification to extract robust, discriminative 
features that are invariant to viewpoint and appearance changes. Early 
works such as SuMa++ [29,30] integrated semantic segmentation into 
the SLAM pipeline using a semantic ICP framework, demonstrating 
improved alignment accuracy in cluttered and unstructured environ-
ments. Probabilistic approaches have also been explored, where seman-
tic information augments traditional observation models. For instance, 
extensions of the Markov localization framework [31,32] incorporated 
object-level semantics into the sensor likelihood model to improve 
robustness against perceptual aliasing.

A significant limitation of these early models lies in their determin-
istic treatment of semantic observations, which disregards the inherent 
uncertainty in perception systems. To mitigate this, Akai et al. [33] 
proposed a Bayesian localization approach that integrates supervised 
object recognition into a probabilistic graphical model. Their frame-
work models classification uncertainty using a Dirichlet distribution, 
allowing for a more principled fusion of semantic cues. Subsequently, 
Akai [34] introduced a probabilistic treatment of depth regression er-
rors, improving pose inference in scenes with noisy depth observations.

Recent efforts [35–38] have focused on leveraging dense semantic 
maps to enhance global consistency and robustness under appearance 
changes. These approaches often encode semantic priors into factor 
graph-based SLAM systems (a bipartite graphical model used for rep-
resenting probabilistic inference problems) or utilize metric-semantic 
fusion for long-term localization. Nevertheless, many of these methods 
still depend on planar scene assumptions and handcrafted features, 
which limit their generalization to complex, 3D-structured environ-
ments. As highlighted in [39], such limitations can result in projection 
inconsistencies and scale-dependent feature degradation, underscoring 
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the need for learning-based spatial representations capable of modeling 
geometric and semantic uncertainty jointly.

Semantic vSLAM unifies the principles of semantic mapping and 
semantic localization into a cohesive framework, enabling intelligent 
robotic systems. By fusing low-level geometric data with high-level 
semantic cues, Semantic vSLAM systems can achieve more accurate 
and robust localization based on object-level features, generate high-
resolution and context-aware maps, and maintain compact and efficient 
storage representations. These systems exhibit improved robustness 
to occlusions, lighting variations, and viewpoint changes, while also 
facilitating semantic-level interaction with dynamic and unstructured 
environments [40,41]. Recent works have demonstrated the utility of 
Semantic vSLAM for active exploration [42], object-centric localiza-
tion [43], and robust relocalization under appearance and structural 
changes [44]. In general, Semantic vSLAM can be decomposed into four 
primary sub-problems that define its core functionality:

1. Semantic extraction and mapping: Leveraging semantic seg-
mentation, object detection, and scene parsing to extract mean-
ingful features and incrementally integrate them into a globally 
consistent map.

2. Semantic data association: Establishing correspondences be-
tween semantic entities across time and viewpoints, often using 
probabilistic models, learned feature descriptors, or graph-based 
optimization to maintain label consistency.

3. Semantic uncertainty and representation: Modeling percep-
tual uncertainty from semantic predictions (e.g., classification 
confidence, depth variance) using probabilistic frameworks such 
as Bayesian filters, Dirichlet distributions, or Gaussian Mixtures 
to ensure reliable integration.

4. Semantic cost function: Designing loss functions or objective 
terms that encode semantic priors and constraints – such as 
object geometry, label consistency, or topology – for use in 
optimization-based SLAM back-ends.

Finally, Semantic vSLAM extends traditional SLAM by simultane-
ously estimating the 3D geometry of a scene while attaching semantic 
labels to observed objects and structures. This unified framework in-
tegrates both metric and symbolic understanding of the environment, 
enabling robots not only to map where things are but also what 
they are. One of the earliest systems to leverage both spatial and 
semantic representations was proposed by Galindo et al. [80], which 
introduced a layered cognitive map architecture to incorporate con-
ceptual knowledge into the mapping process. Contemporary Semantic 
vSLAM approaches typically extend the SLAM state vector to include 
semantic entities or incorporate semantic constraints into the optimiza-
tion process. Some works introduce novel object-level representations, 
such as ellipsoids (quadrics) [54], planar landmarks [81], or mesh 
models [82], allowing compact and expressive 3D scene encoding. 
Others focus on semantic data association strategies to maintain map 
consistency under ambiguity and perceptual noise. Probabilistic mod-
els based on maximum likelihood estimation [41,83], max-mixture 
frameworks [84], and multi-hypothesis k-assignment methods [85] 
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Table 1
A detailed comparison of representative and state-of-the-art Semantic vSLAM algorithms across multiple criteria. Architecture Descriptions: PG — Optimizes 
robot poses as graph nodes with relative pose constraints as edges, FG — Generalized graphical model representing probabilistic relationships between variables 
(poses, landmarks, semantics) through factor nodes, BA — Joint nonlinear optimization of 3D structure and camera parameters by minimizing reprojection errors,
JO  — Simultaneous optimization of geometry, appearance, or semantics in a unified framework, commonly used in neural implicit and Gaussian splatting 
methods, F2M — Tracking approach that aligns each new frame directly against the accumulated 3D map rather than frame-to-frame. Library Descriptions:
g2o [45] — General Graph Optimization framework for pose graph (a simplified factor graph specifically representing robot trajectory estimation, where nodes 
correspond to robot poses at different time steps and edges encode relative pose constraints) and bundle adjustment (a nonlinear optimization technique that 
jointly refines 3D structure and camera parameters by minimizing the sum of reprojection errors between observed image features and their predicted projection) 
optimization, Ceres [46] — Google’s nonlinear least squares solver for large-scale optimization problems, GTSAM [47] — Georgia Tech Smoothing and Mapping 
library for factor graph-based probabilistic inference and optimization, PyTorch [48] — Deep learning framework commonly used for neural network-based SLAM 
components and end-to-end learning.
 Reference Year SLAM 

Approach
Semantic 
Perception

Map Repr. Dyn. 
Aware

Open 
Vocab.

Arch. Library Env. Onl. Loop 
Clos.

Large 
Scale

Public 
Avail.

 

Classic, Object-based, and Early Dense SLAM
 CNN-SLAM [49] 2017 DD CNN DP DM − − PG g2o + + − 3  
 SemanticFusion [15] 2017 DF CNN SS SM − − F2M __ + − − 3  
 Co-Fusion [50] 2017 OF CNN SS SM + − F2M __ + − − 3  
 VSO [51] 2018 F SS SpM − − BA g2o + + + 7  
 DS-SLAM [52] 2018 F SegNet SP + − PG+BA ceres/g2o + + + 3  
 MaskFusion [53] 2018 OF Mask R-CNN SM + − F2M __ + − − 3  
 CubeSLAM [40] 2019 OBA O 3D Cuboids + − PG+BA GTSAM + + + 3  
 QuadricSLAM [54] 2019 OBA O DQ − − FG GTSAM − + + 3  
 EAO-SLAM [55] 2020 OBA O 3D Cuboids − − JO GTSAM + − + 3  
 Fusion++ [23] 2018 OF Mask R-CNN TSDF − − PG g2o + + − 7  
 PanopticFusion [56] 2019 DF P PV − − F2M __ + − − 7  
 Kimera [57] 2020 F P 3D SeM + − FG GTSAM + − + 3  
 Hydra [58] 2022 F SS 3D SG − − FG GTSAM + + + 3  

Continuous Representation SLAM
 iMAP [59] 2021 I C MLP − − JO PyTorch + − − 3  
 NICE-SLAM [60] 2022 I C FeG+MLP − − JO PyTorch + − − 3  
 Point-SLAM [61] 2023 I C FeG+MLP − − JO PyTorch + − − 3  
 H2-Mapping [62] 2023 I C FeG+MLP − − JO PyTorch + − + 3  
 SNI-SLAM [63] 2024 I SS VGM+MLP − − __ __ + − − 3  
 H3-Mapping [64] 2024 I C FeG+MLP − − JO PyTorch + − + 3  
 DynaMoN [65] 2024 I SS FeG+MLP + − JO PyTorch + − − 3  
 SplaTAM [66] 2024 GS C 3D G − − JO PyTorch + − − 3  
 NEDS-SLAM [67] 2024 GS SS SeG − − JO PyTorch + − + 7  
 GS-SLAM [68] 2024 GS C 3D G − − JO+BA PyTorch + − + 3  
 SGS-SLAM [69] 2025 GS S SeG + − JO PyTorch + − − 3  
 SemGauss-SLAM [70] 2025 GS SS SeG − − JO PyTorch + − + 7  

Foundation Model-based SLAM Systems
 ConceptFusion [71] 2023 DF CLIP DFF − + F2M PyTorch − − − 3  
 FM-Fusion [72] 2024 DF SAM + CLIP VGM − + F2M PyTorch + − − 3  
 ConceptGraphs [73] 2024 SG CLIP SM − + PG PyTorch + − − 3  
 LOSS-SLAM [74] 2024 OF DINO OM − + FG GTSAM + − − 7  
 LEXIS [75] 2024 LD VLM TM − + PG PyTorch + + − 7  
 Hier-SLAM++ [76] 2025 GS LLM+GM SeG − + JO+PG PyTorch + − + 7  

Multi-Robot Semantic vSLAM Systems
 Kimera-Multi [77] 2022 F SS D SeM − − PG GTSAM + + + 3  
 SlideSLAM [78] 2024 OF IS D OM − − PG GTSAM + + + 3  
 HAMMER [79] 2025 GS CLIP SeG − + PG BA + − + 7  
 BA: Bundle Adjustment F: Feature based JO: Joint Optimization PV: Panoptic Voxels TM: Topological Map  
 C: Color Only FeG: Feature Grid LD: Language Driven SeG: Semantic Gaussian TSDF: Truncated Signed Distance 

Function
 

 D: Distributed FG: Factor Graph LLM: Large Language Model SeM: Semantic Mesh VLM: Vision Language Model  
 DD: Dense Direct F2M: Frame to Model MLP: Multi-Layer Perceptron SfM: Structure from Motion VGM: Voxel Grid Map  
 DF: Dense Fusion G: Gaussians O: Object Detection SG: Scene Graph + : Present  
 DFF: Dense Feature Field GM: Generation Model OF: Object Fusion SM: Surfer Map – : Absent  
 DM: Dense Map GS: Gaussian Splatting OM: Object Map SpM: Sparse Map : Indoor  
 DP: Depth Prediction I: Neural Implicit P: Panoptic Segmentation SP: Sparse Point : Outdoor  
 DQ: Dual Quadrics IS: Instance Segmentation PG: Pose Graph SS: Semantic Segmentation : Indoor/Outdoor  
have been developed to handle uncertain object detection and multi-
instance association. Approaches can also be categorized based on how 
semantics are modeled: explicitly through symbolic labels or object 
poses, or implicitly via learned feature embeddings or volumetric pri-
ors. While explicit [4,86,87] representations facilitate interpretability 
and planning, but they often demand increased storage and suffer 
from brittleness under perceptual uncertainty. Implicit representations, 
learned through DNNs [60,88], offer improved robustness but pose 
challenges for explainability and optimization within SLAM back-ends.
4 
Recently, 3D Gaussian Splatting has emerged as a promising repre-
sentation for capturing scene geometry and appearance. 3D Gaussian 
Splatting is an explicit scene representation technique that models the 
environment as a collection of anisotropic 3D Gaussian primitives, 
each characterized by its position (mean), covariance matrix (defining 
shape and orientation), color, and opacity. This representation enables 
efficient differentiable rendering through a splatting operation that 
projects these 3D Gaussians onto the 2D image plane, allowing for 
real-time novel view synthesis and high-fidelity scene reconstruction. 
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Table 2
Comparison of topic coverage across related works.
 Topic Kostavelis [91] Sualeh [92] Chen [93] Chen [94] Pu [95] Wang [96] Chen [17] Our  
 Introduction Historical review Briefly Yes Yes Yes Yes Briefly Yes Yes  
 Problem formulation No No No No No No Briefly Yes  
 

Modular scheme

Semantic Extraction Briefly Briefly Briefly Yes Yes No Yes Yes  
 Semantic Localization No No No No Briefly Briefly No Yes  
 Semantic Mapping Yes No Yes Briefly Yes Yes Briefly Yes  
 Semantic Data Association No No No No Briefly No Yes Yes  
 Semantic Back-end Optimization No Briefly Yes No Briefly No Yes Yes  
 
Alternative approaches

Learning-based and Foundation Model No No No No No No No Yes  
 Continuous Representations No No No No No No No Yes  
 Multi-Robot Systems No No Briefly No Briefly No No Yes  
 

Open problems

Semantic benchmarks Briefly No No Briefly No No No Yes  
 Active Semantic vSLAM No No No No No No No Yes  
 Lifelong learning No No No No No Yes Briefly Yes  
 Generalization & robustness No No Briefly No Briefly Briefly Briefly Briefly 
 Reproducible research No No No No No No No Briefly 
 Practical applications Yes No No Briefly No Briefly No Briefly 
By modeling the scene as a collection of anisotropic 3D Gaussians, 
this approach supports continuous view synthesis and efficient ren-
dering while offering potential as a compact SLAM representation. Its 
integration into SLAM frameworks remains an active area of research, 
with early efforts exploring its suitability for semantic reconstruc-
tion and localization [68,69,89,90]. A detailed comparison of these 
Semantic vSLAM systems is presented in Table  1, summarizing core 
characteristics such as sensor modality, representation type, semantic 
modeling technique, back-end architecture, and suitability for dynamic 
or large-scale environments.

1.2. Previous works

Several recent surveys [17,91,92,94–102] have investigated the 
progression of visual SLAM, particularly highlighting its evolution from 
traditional geometric approaches to those that incorporate deep learn-
ing and semantic scene understanding. However, the majority of these 
studies emphasize the importance and the limitations of classical vS-
LAM, especially in dynamic environments, and the potential of se-
mantic cues to enhance scene interpretation. Few offer a systematic 
breakdown of Semantic vSLAM as a unified framework, and most do 
not examine its subcomponents in detail, such as semantic data asso-
ciation or loop closure optimization. Table  2 summarizes the themes 
covered by each study and contrasts them with the scope of this survey.

The earliest among them, by Kostavelis and Gasteratos [91], offers 
a comprehensive survey on ‘‘semantic mapping for mobile robots’’. 
This work analyzes the trends and main aspects of semantic map-
ping and identifies three core research challenges: (1) defining the 
minimal criteria for a map to be considered semantic, (2) developing 
semantic mapping evaluation metrics, and (3) integrating semantic 
maps for knowledge representation. However, this review primarily 
focuses on augmenting traditional 2D or 3D maps (e.g., topological 
maps) with semantic labels and does not address components such as 
semantic localization, data association, or back-end optimization. More 
recent works [94,99,100] acknowledge the limitations of geometric 
SLAM and advocate for deep learning as a data-driven paradigm for 
sensor interpretation and scene understanding. These surveys trace 
the chronological evolution of SLAM technologies and paradigms but 
stop short of delving into the architecture or mathematical modeling 
of Semantic vSLAM systems. Other surveys [97,102,103] approach 
semantic mapping as a strategy to improve perceptual awareness in au-
tonomous systems. These papers typically divide the semantic mapping 
pipeline into three stages: data acquisition, semantic and spatial fusion, 
and symbolic knowledge representation. However, they generally treat 
mapping and perception as decoupled modules rather than parts of an 
integrated SLAM framework.
5 
Sualeh et al. [92] introduces the fundamentals of SLAM and pro-
vides a high-level overview of Semantic vSLAM. Their work is introduc-
tory and does not explore a formalized model or detailed submodules. 
Similarly, Pu et al. [95] highlight the challenges of vSLAM in dynamic 
environments, reviewing how deep learning improves the front-end 
(e.g., dynamic object segmentation, feature robustness under varying 
illumination) and the back-end (e.g., place recognition and loop detec-
tion). However, their work lacks a unified mathematical formulation 
of Semantic vSLAM and does not cover semantic data association or 
map optimization in depth. Wen et al. [98] study the influence of 
dynamic objects on visual SLAM and leverage Mask R-CNN to segment 
dynamic regions and initialize camera poses. Their approach combines 
photometric, geometric, and depth consistency to differentiate between 
static and dynamic features. Meanwhile, Chen et al. [17] surveys 
semantic object association methods – both probabilistic and non-
probabilistic – and briefly mentions semantic localization in indoor 
and outdoor environments, but only at a high level. Most recently, 
Wang et al. [96] categorize Semantic vSLAM in dynamic scenes into 
four key areas: (1) dynamic object exclusion, (2) semantic tracking 
for localization, (3) semantic mapping under dynamic conditions, and 
(4) multi-sensor fusion. While this survey emphasizes the challenges of 
real-world deployment, it does not offer a unified treatment of Semantic 
vSLAM nor a detailed breakdown of how semantics are integrated into 
specific SLAM components such as data association, loop closure, or 
cost modeling.

In summary, existing surveys underscore the significance of inte-
grating semantics into SLAM and outline historical trends and potential 
applications. However, they fall short of presenting Semantic vSLAM as 
a unified probabilistic framework or exploring the four critical compo-
nents – semantic extraction and mapping, semantic data association, 
semantic uncertainty modeling, and semantic-aware cost functions – 
in a structured manner. Therefore, this paper aims to fill this gap 
by formulating Semantic vSLAM probabilistically and providing an 
in-depth discussion of its modular architecture and open challenges.

1.3. Paper structure

The remainder of this paper is structured as follows. Section 2 
introduces the Semantic vSLAM problem, beginning with a unified 
probabilistic formulation and followed by the decomposition into key 
subproblems. Section 3 discusses semantic feature extraction from raw 
sensor data, including object detection, segmentation, and scene un-
derstanding. Section 4 focuses on semantic localization methods that 
leverage object-level and high-level contextual cues for robust pose 
estimation. Section 5 covers semantic mapping techniques, including 
map fusion strategies and handling dynamic environments. Section 6 
explores semantic data association and integration, emphasizing prob-
abilistic models and multi-instance tracking. Section 7 addresses loop 
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closure detection and global optimization incorporating semantic con-
straints. Section 8 presents learning-based approaches, including Deep 
Learning and foundation models. Section 9 reviews recent advances in 
continuous and implicit scene representations, such as neural fields and 
3D Gaussian splatting. Section 10 extends the discussion to multi-robot 
Semantic vSLAM, focusing on collaborative semantic mapping and 
distributed optimization. Section 11 outlines open research challenges, 
including lifelong learning, zero-shot generalization, and standardiza-
tion of semantic benchmarks. Finally, Section 12 concludes the paper 
with a summary of key insights and future directions for the field.

2. The semantic vSLAM problem

2.1. Problem formulation

Consider the Semantic vSLAM problem, where the robot’s state is 
represented as  ≜ {𝐗𝑡}𝑇𝑡=1 ∈ 𝑆𝐸(3) for 𝑡 = 1,… , 𝑇 , and evolves 
according to deterministic discrete-time kinematics: 𝐗𝑡 ∶=

[

𝐑𝑡 𝐩𝑡
0𝑇 1

]

, 
where 𝐑𝑡 ∈ 𝑆𝑂(3) denotes the rotation matrix and 𝐩𝑡 ∈ R3 the 
translation vector of the robot pose.

Semantic vSLAM extends classical SLAM by jointly estimating the 
robot trajectory and a map enriched with semantic information. The 
goal is to estimate the trajectory  , a set of landmark states  =
{𝐿𝑚}𝑀𝑚=1, and semantic information  = {𝐒𝑐}𝐶𝑐=1 corresponding to 𝐶
semantic classes. We define the semantic map as  = {𝐌𝑡}𝑇𝑡=1. These 
estimates are conditioned on a sequence of observation measurements 
 = {𝐙𝑡}𝑇𝑡=1 and control inputs  = {𝐔𝑡}𝑇𝑡=1.

To infer this state, the system maintains an internal belief  or infor-
mation state [104–106], denoted by 𝑏𝑡(𝐗𝑡), representing the posterior 
probability distribution at time 𝑡: 

𝑏𝑡(𝐗𝑡) ≜ 𝑝

⎛

⎜

⎜

⎜

⎝

𝐗𝑡, 𝐿1∶𝑡,𝐒1∶𝑡
⏟⏞⏞⏟⏞⏞⏟
descriptor Θ

,𝐌1∶𝑡 ∣ 𝐙1∶𝑡,𝐔1∶𝑡−1

⎞

⎟

⎟

⎟

⎠

, (1)

where 𝐙1∶𝑡 and 𝐔1∶𝑡−1 denote the sequences of observations and con-
trols, respectively. The belief space of probability destiny functions (pdf) 
over the set  is defined as: 

() ≜
{

𝑏 ∶  → R ∣ ∫ 𝑏(𝐗)𝑑𝐗 = 1, 𝑏(𝐗) ≥ 0
}

. (2)

In order to estimate the robot’s pose and establish a map, agents 
must be capable of predicting posterior belief distributions, that is the 
pdf over  after taking observation 𝐙𝑡+1 and performing a control input 
𝐔𝑡: 
𝑏𝑡+1(𝐗𝑡+1) ≜ 𝑝(𝐗𝑡+1, 𝛩𝑡+1,𝐌𝑡+1 ∣ 𝐙𝑡+1,𝐔𝑡, 𝑏𝑡(𝐗𝑡)). (3)

This problem can be factorized using Bayes’ rule and the Markov 
assumption as: 

𝑝(𝐗1∶𝑡,𝐌, 𝛩1∶𝑡 ∣ 𝐙1∶𝑡,𝐔1∶𝑡) ∝
𝑡

∏

𝜏=1
𝑝(𝐙𝜏 ∣ 𝐗𝜏 , 𝛩𝜏 ,𝐌)

⋅ 𝑝(𝛩𝜏 ∣ 𝐗𝜏 ,𝐌) ⋅ 𝑝(𝐗𝜏 ∣ 𝐗𝜏−1,𝐔𝜏 ),

(4)

where, 𝑝(𝐗𝜏 ∣ 𝐗𝜏−1,𝐔𝜏 ) is the motion model, 𝑝(𝐙𝜏 ∣ 𝐗𝜏 , 𝛩𝜏 ,𝐌) is the 
sensor likelihood (observation model), and 𝑝(𝛩𝜏 ∣ 𝐗𝜏 ,𝐌) represents the 
semantic likelihood conditioned on the pose and map. In Semantic vS-
LAM, the map 𝐌 is characterized by a collection of semantic landmarks. 

𝐌 = {(𝑙𝑖, 𝑐𝑖) ∣ 𝑙𝑖 ∈ R3, 𝑠𝑐𝑖 ∈ }, (5)

where 𝑙𝑖 is the 3D location and 𝑠𝑐𝑖  is the semantic class of landmark 𝑖, 
and  = {1,… , 𝐶} is the set of possible semantic labels. The belief can 
be updated recursively via a Bayesian filter: 

𝑏𝑡(𝐗𝑡,𝐌, 𝛩𝑡) ∝𝑝(𝐙𝑡 ∣ 𝐗𝑡,𝐌, 𝛩𝑡)∫ 𝑝(𝐗𝑡 ∣ 𝐗𝑡−1,𝐔𝑡) (6)

⋅ 𝑏𝑡−1(𝐗𝑡−1,𝐌, 𝛩𝑡−1) 𝑑𝐗𝑡−1.

6 
In addition, Semantic vSLAM must also reason about semantic uncer-
tainty of the system. A piece of semantic information can be extracted 
from keyframe 𝑡 as 𝐬𝑘 = (𝑠𝑐𝑘, 𝑠

𝑠
𝑘, 𝑠

𝑏
𝑘) ∈ 𝐒𝑡 [41], consisting of a categorical 

label 𝑠𝑐𝑘 ∈ , a score confidence 𝑠𝑠𝑘, and a bonding box 𝑠𝑏𝑘. We may 
model its uncertainty using a distribution such as: 
𝑝(𝐒𝑡 ∣ 𝐙𝑡) = Categorical(𝜋𝑡), 𝜋𝑡 = softmax(𝑓𝜃(𝐙𝑡)), (7)

where 𝑓𝜃(⋅) is a deep network predicting semantic logits from sensor 
data [43,107,108]. The robot state is commonly assumed Gaussian with 
a pdf 𝑏(𝐗) having mean 𝜎̂ and covariance ∑𝑥 [109,110]. The semantic 
data association process infers a set of latent correspondences  link-
ing current observations to map landmarks. The standard formulation 
follows a maximum likelihood objective: 
∗
𝑚𝑙 , 𝛩

∗
𝑚𝑙 = argmax

 ,𝛩
𝑝( ∣  , 𝛩). (8)

Some works also assume maximum likelihood (ML) observations [23,
40,41,54,84,110,111], i.e. the semantic measurement data associations 
are independent across keyframes: 
∗ = argmax


𝑝( ∣ 0, 𝛩0,),

𝐷𝑖+1 = argmax


𝑝( ∣  𝑖, 𝛩𝑖,).
(9)

An Expectation-Maximization (EM) approach is often applied: 
 𝑖+1, 𝛩𝑖+1 = argmax

 ,,𝛩
𝑝( ∣  ,, 𝛩),

 𝑖+1, 𝛩𝑖+1 = argmax
 ,𝛩,

E[log 𝑝( ∣  , 𝛩,) ∣  𝑖, 𝛩𝑖,]

= argmax
 ,𝛩,

∑

∈D
𝑝( ∣  𝑖, 𝛩𝑖,) log 𝑝( ∣  , 𝛩,)

(10)

2.2. Main subproblems

Although Semantic vSLAM is initially articulated as a unified ap-
proach, it is often decomposed into a modular sequence to improve 
manageability and system development. From a computational pipeline 
perspective, the five stages reflect the natural information flow in 
practical Semantic vSLAM systems, progressing from raw sensor data 
through semantic understanding to globally consistent map construc-
tion. In addition, from a pedagogical perspective, this modular break-
down provides a structured framework for organizing the extensive 
and diverse literature in Semantic vSLAM. By treating each stage as a 
distinct research area with its own challenges, methods, and evaluation 
criteria, we enable readers to navigate the complex landscape more 
effectively and identify specific areas of interest or potential contribu-
tions. The five main constituent subproblems, which are shown in Fig. 
2 include:

1. Semantic extraction: this stage involves extracting high-level se-
mantic information from raw sensory inputs 𝐙𝑡. Deep learning 
models such as convolutional neural networks (CNNs), seman-
tic segmentation networks (e.g., Mask R-CNN [108], DeepLab
[112]), or transformers are typically used to generate semantic 
labels, object masks, or scene descriptions 𝐒𝑡. The output in-
cludes categorical distributions, pixel-wise segmentations, and 
object-level bounding boxes.

2. Semantic localization: in this stage, semantic features 𝐒𝑡 are used 
alongside geometric measurements to enhance the robot’s pose 
estimation 𝐗𝑡. Techniques such as semantic re-weighting of fea-
tures, use of object-level landmarks, or probabilistic pose refine-
ment using semantic masks are commonly applied.

3. Semantic mapping : this stage constructs and maintains a
geometric-semantic map , where each element combines a 
3D location 𝑙𝑖 and semantic class 𝑐𝑖. The map can be built as 
sparse object-level landmarks, dense semantic voxel grids, or 
mesh-based reconstructions. Semantic fusion techniques update 
the map incrementally by aggregating multi-view observations 
and resolving class conflicts.
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Fig. 2. Semantic vSLAM pipeline flowchart illustrating the information flow through five interconnected stages. Solid arrows indicate forward data flow, dashed 
arrows represent feedback connections that enable iterative refinement and global optimization.
4. Semantic data association: the final stage addresses the tem-
poral consistency of semantic landmarks across frames. This 
includes matching detected objects to prior map entities, resolv-
ing ambiguity in class predictions. Probabilistic frameworks such 
as maximum-likelihood estimation or expectation–maximization 
are often employed.

5. Semantic loop closure optimization: past frames are revisited, and 
semantic landmarks are aligned to correct accumulated drift. 
Optimization is often done via bundle adjustment (BA) or factor 
graph smoothing.

2.3. Inter-module dependencies and trade-offs

While the five-stage decomposition provides a useful framework 
for understanding and organizing the Semantic vSLAM literature, it 
is essential to recognize that these modules are not independent in 
practice. Real-world systems exhibit tight coupling and bidirectional 
dependencies between stages, where the output of one module directly 
influences the performance of others. Understanding these interactions 
is crucial for designing robust systems and identifying potential failure 
modes. This subsection discusses both the synergistic gains that arise 
from effective module integration and the potential conflicts that can 
lead to system degradation.

2.3.1. Synergistic gains
The integration of semantic information throughout the SLAM 

pipeline yields substantial benefits that exceed what any individual 
module could achieve in isolation.
Semantic extraction enhance localization:. High-level semantic features 
provide robust cues for pose estimation that are inherently more in-
variant to illumination changes, viewpoint variations, and partial occlu-
sions compared to traditional low-level geometric features [41,51]. By 
identifying object classes, the system can selectively weight or exclude 
features based on their expected reliability. Most critically, semantic 
segmentation enables the identification and filtering of potentially 
dynamic objects such as pedestrians, vehicles, and animals [52,113]. 
Excluding features associated with these dynamic classes significantly 
improves pose estimation accuracy in real-world environments where 
static world assumptions are frequently violated. Recent studies [114,
115] demonstrate that combining semantic priors with geometric veri-
fication achieves superior dynamic object handling compared to either 
approach alone.
7 
Semantic information improve data association:. One of the most signif-
icant synergies occurs between semantic extraction and data associa-
tion [41,84]. Semantic class labels dramatically constrain the search 
space for correspondence matching. When a detected object is classi-
fied as belonging to a specific category, it only needs to be matched 
against existing landmarks of the same class, rather than all landmarks 
in the map. This constraint reduces computational complexity from 
𝑂(𝑁) to 𝑂(𝑁𝑐 ), where 𝑁𝑐 ≪ 𝑁 represents landmarks of class 𝑐. 
Furthermore, semantic information helps resolve perceptual aliasing, 
a fundamental challenge in SLAM where geometrically similar but 
semantically distinct entities might otherwise be incorrectly associ-
ated [54,55]. For instance, two chairs with similar geometric profiles 
can be distinguished based on their spatial context or co-occurring 
objects, preventing erroneous associations that would corrupt the map. 

Accurate localization enables consistent semantic mapping:. The quality of 
semantic maps depends critically on accurate pose estimation [15,57]. 
Precise camera pose ensures that semantic observation from multi-
ple viewpoints is correctly projected and fused into a coherent 3D 
representation. When localization is accurate, Bayesian fusion of per-
frame semantic predictions effectively reduces classification noise and 
resolves ambiguities through multi-view consistency [116,117]. Con-
versely, pose errors cause semantic labels from different frames to be 
projected to incorrect 3D locations, resulting in label conflicts, blurred 
object boundaries, and duplicate semantic entities. 

Semantic landmarks strengthen loop closure:. Semantic information pro-
vides distinctive and stable features for recognizing previously vis-
ited places [118,119]. Object-level representations and scene graphs 
are inherently more robust to viewpoint variations than traditional 
appearance-based descriptors such as Bag-of-Words [120,121]. The 
spatial arrangement of semantic entities(e.g., ‘‘a desk next to a window 
with a plant on the shelf’’) creates unique signatures that can identify 
locations even under significant appearance changes due to lighting, 
weather, or minor scene modifications. This semantic-geometric consis-
tency checking substantially reduces false positive loop closures, which 
are particularly damaging to map quality [58,122]. 

2.3.2. Potential conflicts and failure modes
Despite the synergistic benefits, the tight coupling between mod-

ules also creates pathways for error propagation and system failure. 
Understanding these vulnerabilities is essential for developing robust 
Semantic vSLAM systems.
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Semantic extraction errors corrupt localization:. When the localization 
module relies on semantic labels to filter features or weight obser-
vation, incorrect semantic extraction can significantly degrade pose 
estimation [96,113]. False positive dynamic detection occurs when 
static elements, such as parked cars, statues, or wall textures resembling 
humans, are incorrectly classified as dynamic objects. Valid features 
from these regions are then discarded, potentially leaving insufficient 
constraints for accurate pose estimation, particularly in feature-sparse 
environments. False negative dynamic detection is equally problematic: 
when actual moving objects are not recognized as dynamic, their 
features are included in the optimization, introducing erroneous con-
straints that cause trajectory drift [114,115]. The severity of this issue 
depends on the relative motion and feature density of the undetected 
dynamic object. Class confusion, where semantically meaningful but 
incorrect labels are assigned, can also mislead downstream processes. 
For example, confusing a glass door with a wall could cause the system 
to expect static features where significant appearance changes occur.
Localization drift causes semantic inconsistencies. Accumulated pose er-
rors, particularly during extended operation without loop closures, 
progressively corrupt the semantic map [58,123]. As drift accumu-
lates, semantic observations from recent frames are projected to lo-
cations inconsistent with earlier observations. This manifests as du-
plicated objects (the same physical entity appearing multiple times in 
the map), split objects (a single entity fragmented across multiple map 
regions), and boundary artifacts (inconsistent semantic labels at the 
interfaces between mapping sessions). These inconsistencies not only 
degrade map quality but can also mislead the data association module, 
compounding errors over time.
Computational trade-offs limit real-time performance:. The computational 
demands of semantic extraction, particularly when employing state-of-
the-art deep neural networks, can conflict with real-time requirements 
for localization and mapping [124,125]. High-accuracy segmentation 
models often require significant GPU resources and introduce latency 
that may be unacceptable for time-critical applications. Systems must 
carefully balance the accuracy benefits of sophisticated semantic mod-
els against the processing delays they introduce. Common strategies 
include running semantic extraction at reduced frame rates [125], 
using lightweight network architectures [126], processing semantics in 
parallel threads [52], or selectively applying detailed analysis only to 
keyframes [127]. Each approach involves trade-offs between semantic 
richness, temporal consistency, and computational efficiency.

To provide a clear and well-organized presentation, and noting 
that a substantial amount of existing literature breaks down Semantic 
vSLAM into five distinct stages, we have opted to review each of 
these stages individually in Sections 3 to 7. In addition, this structure 
supports a robust theoretical foundation and allows extensions such as 
learning-based methods (Section 8), continuous scene representation 
(Section 9), and multi-robot collaboration (Section 10). It also cre-
ates a pathway for incorporating active decision-making for semantic 
exploration, bridging toward Active Semantic vSLAM.

3. Stage I: Semantic extraction in semantic vSLAM

Semantic extraction is the first and foundational stage in the Se-
mantic vSLAM pipeline, which aims to transform noisy, ambiguous 
sensor data into structured, robust, accurate, and relevant seman-
tic information for downstream tasks such as mapping, localization, 
and decision-making. This section delves into the core components 
of semantic extraction: discerning individual objects through object 
detection (A), achieving pixel-level understanding via object and in-
stance segmentation (B), recognizing broader environmental contexts 
through place categorization (C), and refining object representations 
using contextual priors (D). Table  3 summarizes the key characteristics 
of different detection approaches and their integration strategies.
8 
3.1. Object detection

Object detection involves predicting bounding boxes around each 
object and associated semantic labels (e.g., car, human, chair). Before 
the dominance of deep learning, several traditional methods were 
prominent, such as the Histogram of Oriented Gradient (HOG) descrip-
tor and Deformable Part Model (DPM). However, these methods are 
generally less accurate and less adaptable to diverse object classes, 
particularly in complex scenes. Deep learning, especially CNNs, has 
dramatically advanced object detection. These methods typically op-
timize a multi-task loss function, which combines losses for object 
classification and bounding box regression. Semantic vSLAM systems 
often utilize single-stage detectors due to their real-time inference ca-
pabilities. Among the most widely used are the YOLO series [128,137–
144], which unify object classification and bounding box regression 
into a single forward pass. Another efficient variant is the SSD (Single 
Shot MultiBox Detector) [130], which uses multi-scale feature maps for 
detection.

To improve detection accuracy, especially in cluttered or dynamic 
scenes, many systems adopt two-stage architectures such as R-
CNN [145], Fast R-CNN [146], and Faster R-CNN [129]. These methods 
use region proposal networks (RPNs) followed by refinement networks 
for accurate object localization and classification. Mask R-CNN [108] 
further extends Faster R-CNN to include object instance segmentation, 
which is especially beneficial for overlapping or deformable objects. 
Recent advances incorporate transformer architectures, exemplified by 
DETR [147] and DINO [148], which model long-range dependencies in 
the image and perform set-based global object prediction. These models 
have demonstrated strong performance in complex environments with 
occlusions and semantic ambiguity. Some approaches extend object 
detection into 3D by incorporating depth sensing or monocular depth 
estimation. Models such as VoxelNet [149], Frustum PointNets [150], 
and DenseFusion [151] integrate RGB-D to localize objects in 3D 
space. 

In the context of Semantic vSLAM, detected objects serve as se-
mantic landmarks, offering more stable and interpretable features than 
low-level keypoints [126,152–154]. Formally, given an input image 𝐼𝑡
at time 𝑡 over 𝑁𝑡 objects in observation 𝑡, the object detector outputs a 
set of detections: 

𝐬𝑘 = (𝑠𝑐𝑘, 𝑠
𝑠
𝑘, 𝑠

𝑏
𝑘)
𝑁𝑡
𝑘=1 ∈ 𝐒𝑡, (11)

where 𝑠𝑐𝑘 is the semantic class label, 𝑠𝑠𝑘 is the confidence score, and 𝑠𝑏𝑘 ∈
R4 denotes the shape information. These outputs are used to initialize 
or update object-level landmarks in the semantic map. Hence, several 
Semantic vSLAM works combine YOLO with state-of-the-art vSLAM 
methods, such as ORB-SLAM and RGBD-SLAM, for obstacle avoidance 
and UAV tracking [155], navigation guidance [156], and real-time 
decision-making in autonomous driving scenarios [22,157]. On the 
other hand, some works [158,159] integrate Mask R-CNN or Faster R-
CNN as a semantic filter, which provides different semantic labels for 
the image context. Soares et al. [124] explored the trade-off between 
detection accuracy and inference speed by fusing YOLO and Mask R-
CNN outputs in crowded environments. Shao et al. [158] and Zhang 
et al. [159] proposed systems where Faster R-CNN filters spurious key-
points for robust localization in dynamic environments. Furthermore, 
systems such as QuadricSLAM [54] and CubeSLAM [40] represent 
objects as parameterized shapes (quadrics, cuboids) and optimize their 
poses alongside the camera trajectory.

In summary, object detection is the critical front-end of Semantic vS-
LAM, bridging raw sensor data with symbolic world understanding. It is 
essential for semantic landmark identification [160,161], dynamic ob-
ject handling [124,162], constructing object-aware semantic maps [22,
157], and enabling task-specific applications [155,156].
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Table 3
Comparison of Semantic Extraction Methods for Semantic vSLAM. This table summarizes the key approaches for extracting semantic information from visual 
inputs, comparing their output granularity, representative methods, computational requirements, and suitability for real-time SLAM applications.
 Method type Output Representative works Complexity Real-Time SLAM integration  
 Object Detection 2D bounding boxes 

with class labels
YOLO [128], Faster 
R-CNN [129], SSD 
[130]

Low–Medium 3 Object-level landmarks, dynamic object 
filtering, coarse spatial reasoning

 

 Semantic Segmentation Dense pixel-wise class 
labels

FCN [107], DeepLab 
[131], SegNet [132]

Medium–High 3/7 Dense semantic maps, feature masking, 
scene understanding

 

 Instance Segmentation Per-instance masks with 
class labels

Mask R-CNN [108], 
SOLO [133], PointRend 
[134]

High 7 Instance-level mapping, object 
tracking, multi-object SLAM

 

 Panoptic Segmentation Unified stuff and things 
segmentation

Panoptic FPN [135], 
Panoptic-DeepLab [136]

High 7 Complete scene parsing, hierarchical 
mapping, stuff-things distinction

 

3.2. Object/instance segmentation

While object detection provides coarse bounding box localization 
of objects, object and instance segmentation provide a more granular 
scene understanding by assigning a class label to every pixel (semantic 
segmentation) or to individual object instances (instance segmenta-
tion). This pixel-level classification is invaluable for Semantic vSLAM 
for several reasons: (1) it enables more accurate geometric model-
ing of the environment, (2) it improves data association by reducing 
ambiguities in cluttered or overlapping scenarios, and (3) it provides 
richer semantic context for tasks such as dynamic object filtering and 
scene understanding. Popular semantic segmentation networks include 
U-Net [163], Bayesian SegNet [164], SegNet [132], PSPNet [165] and 
DeepLabv3+ [166]. For instance segmentation, approaches like Mask 
R-CNN [108], SOLO [133], and YOLACT [167] are commonly used. 
Other key methods include PANet [168], which improves informa-
tion flow between layers, and HTC [169], which introduces multi-
stage cascaded heads for refined segmentation. Recently, transformer-
based models such as Mask2Former [170] and QueryInst [171] have 
demonstrated improved performance by leveraging global context and 
set-based reasoning for mask prediction.

One of the major challenges in SLAM is coping with dynamic 
objects. Instance segmentation allows for the explicit identification and 
masking of dynamic regions. For instance, DynaSLAM employs Mask 
R-CNN for foreground-background separation, ensuring that only static 
background points contribute to the SLAM backend optimization [113]. 
Similarly, DS-SLAM [52] uses semantic masks to segment out people 
and other moving objects, thus enhancing pose estimation stability. 
Formally, for a given image 𝐼𝑡 at time 𝑡 over 𝑁𝑡 object in observation 
𝑡, the segmentation model produces: 
𝐬𝑘 = (𝑠𝑐𝑘, 𝑠

𝑠
𝑘, 𝑠

𝑚
𝑘 )
𝑁𝑡
𝑘=1 ∈ 𝐒𝑡, (12)

where 𝑠𝑐𝑘 is the class label, 𝑜𝑠𝑘 is the confidence score, and 𝑠𝑚𝑘 ∈
{0, 1}𝐻×𝑊  is the binary mask for the 𝑘th instance. Segmentation infor-
mation can be fused with depth maps or point clouds to generate 3D 
semantic reconstructions. SemanticFusion [15], Fusion++ [23], MID-
Fusion [172], and Voxblox [173] demonstrate how semantic masks can 
be incrementally fused with geometric data. Such dense semantic map-
ping enhances the robot’s ability to reason about spatial relationships 
and object permanence in dynamic scenes. Beyond 2D segmentation, 
3D instance segmentation is increasingly explored. Approaches such as 
PointGroup [174] and 3D-SIS [175] predict 3D instance masks from 
RGB-D data or point clouds, providing direct volumetric segmentation 
useful for dense semantic mapping.

Object and instance segmentation enhance the granularity and reli-
ability of Semantic vSLAM. By providing detailed object contours and 
instance-level masks, they enable fine-grained reasoning about envi-
ronmental geometry and semantics, bridging visual perception with 3D 
mapping and dynamic object management. Semantic map construction 
benefits from segmentation through voxel-based fusion, as in Bayesian 
updates by Stückler et al. [116], or the label-oriented voxelgrid filter 
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by Shi et al. [176], and surfel (surface element)-based or segment-based 
maps [4].

In addition, panoptic segmentation unifies these two tasks, pro-
viding a more holistic scene understanding [135,177,178]. It assigns 
both a semantic label and a unique instance ID (if applicable) to 
every pixel in the image. The performance of panoptic segmentation 
is often measured by the panoptic quality metric and Intersection-over-
Union (IoU) of predicted segment 𝑞 and ground truth segment 𝑔, which 
captures both recognition and segmentation quality: 

𝑃𝑄 =
∑

(𝑞,𝑔)∈𝑇𝑃 𝐼𝑜𝑈 (𝑞, 𝑔)

|𝑇𝑃 | + 1
2 |𝐹𝑃 | +

1
2 |𝐹𝑁|

, (13)

where TP, FP, and FN are the set of true positives, false positives, 
and false negatives, respectively. Conceptually, PQ can be seen as the 
product of Segmentation Quality (SQ) and Recognition Quality (RQ): 
𝑃𝑄 = 𝑆𝑃 × 𝑅𝑄. Panoptic-SLAM [179] and PS-SLAM [180] are 
recent visual SLAM systems designed for dynamic environments that 
use panoptic segmentation networks to identify both static background 
‘‘stuff’’ and dynamic ‘‘thing’’ instances. This allows for more precise 
dynamic feature filtering and the creation of more detailed semantic 
maps

3.3. Place categorization

Place categorization is a pivotal function within Semantic vSLAM, 
responsible for assigning high-level semantic labels (e.g. ‘‘corridor’’, 
‘‘kitchen’’, ‘‘office’’, ‘‘street scene’’) to distinct areas within the robot’s 
perceived environment [181–183]. Robust place categorization remains 
challenging due to environmental variability, including dynamic light-
ing, occlusions, and seasonal or viewpoint changes. Early techniques 
relied on holistic image features, attempting to capture the ‘‘gist’’ of a 
scene using global descriptors. The Bag-of-Words (BoW) model, which 
quantizes local image features (e.g., SIFT, SURF, ORB) into a ‘‘vi-
sual vocabulary’’, became a foundational technique for compact place 
representation and recognition [184]. However, these handcrafted ap-
proaches lack invariance to real-world scene diversity. With the advent 
of deep learning, CNNs and, more recently, transformers have become 
the backbone of place categorization. Models like AlexNet [185], 
VGGNet [186], GoogLeNet [187], and ResNet [188], often pre-trained 
on large-scale datasets such as ImageNet [189], Places365 [190], 
and SUN [191], serve as powerful feature extractors or can be fine-
tuned for specific scene recognition tasks. Scene-specific classifiers like 
PlaceNet [192], Places365 CNN [190], or transformer-based models 
such as ViT [193], and TransVPR [194] have improved the robustness 
of categorization across different lighting, seasons, and occlusions.

Formally, given an input image 𝐼𝑡 to a probability distribution 𝜋𝑡
over 𝑁𝑡 objects in observation 𝑡, the place categorization output is: 
𝐬𝑘 = (Categorical(𝜋𝑡))

𝑁𝑡
𝑘=1 ∈ 𝐒𝑡, 𝜋𝑡 = softmax(𝑔𝜙(𝐼𝑡)), (14)

where 𝑔𝜙 is a deep scene recognition model, typically the output 
of the final layers of the CNN. Some systems fuse object-level and 
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scene-level to jointly enhance contextual reasoning and contextual 
understanding [195]. This multi-scale fusion supports discriminative 
feature learning and enables robust global localization even under 
perceptual aliasing.

In Semantic vSLAM, place categorization thus complements object-
level observations by enabling semantic anchoring at the scene level, 
promoting spatial consistency and high-level task planning [91]. Its in-
tegration with geometric reasoning and memory models remains an ac-
tive area of research. Several studies incorporate place recognition into 
SLAM, either as a topological constraint for global localization [196], or 
to augment loop closure [197] and support long-term navigation [198]. 
In addition, hierarchical Semantic vSLAM systems, such as those pro-
posed by Bowman et al. [41] and Salas-Moreno et al. [111], often use 
place categories to structure spatial memory, enabling fast retrieval and 
reuse of semantic submaps. Some methods fuse place categories with 
scene graphs or room templates to construct hierarchical maps [199]. 
Recent SLAM frameworks like DS-SLAM [52], PSPNet-SLAM [200], and 
DRV-SLAM [115] embed place categorization into the SLAM pipeline 
to provide semantic cues in dynamic and ambiguous environments. For 
example, semantic loop closures can be performed when the predicted 
place label matches historical observations, even under significant 
viewpoint change.

To summarize, semantic extraction in SLAM transforms raw sen-
sor inputs 𝑧𝑡 into semantic observations 𝑦𝑡. This process is formally 
captured as: 

𝑝(𝑦𝑡 ∣ 𝑧𝑡) = (𝑧𝑡), (15)

where  denotes a semantic encoder (e.g., CNN, transformer) produc-
ing categorical labels, segmentation masks, and confidence distribu-
tions [107,108,201].

3.4. Object regularization via semantic context constraints

While detectors (e.g. YOLO [138], DETR [147]) provide initial 
labels, raw perceptions often lack the consistency and plausibility 
required for high-fidelity maps. Ignoring context frequently leads to 
geometric inaccuracies, ambiguities, and physical impossibilities. Ob-
ject regularization addresses these issues by refining object attributes 
(pose, shape, class) through semantic context constraints, ensuring the 
map adheres to real-world physical and logical properties.

A key aspect of regularization is enforcing geometric and shape 
priors. Objects are often regularized by fitting predefined geometric 
primitives such as cuboids for furniture, spheres for smaller objects, or 
planes for walls and tables to their observed point clouds or masks. The 
parameters of these primitives (e.g., dimensions, orientation) can be 
constrained based on typical values for an object’s semantic class [202]. 
This process can be formulated as an optimization problem where, for 
an object with parameters 𝐬𝑚 = (𝑠𝑝𝑚, 𝑠𝑏𝑚) including object pose 𝑠𝑝𝑚 and 
object shape 𝑠𝑏𝑚, and observation 𝐙𝑡, the goal is to find the maximum a 
posteriori (MAP) estimate: 

𝐬𝑚 = argmax
𝐬𝑚

(𝑙𝑜𝑔𝑃 (𝐙𝑡 ∣ 𝐬𝑚) + 𝑙𝑜𝑔𝑃 (𝐬𝑚 ∣ 𝑐𝑖)), (16)

where the likelihood term 𝑃 (𝐙𝑡 ∣ 𝐬𝑚) measures how well the models fit 
the data (e.g., point-to-model distance). In contrast, the prior 𝑃 (𝐬𝑀 ∣ 𝑐𝑖)
penalizes deviations from expected shapes and sizes for the object’s 
class 𝑐𝑖.

Beyond individual object geometry, topological and relational con-
straints define the expected spatial arrangements between entities. This 
includes support relationships (e.g., a ‘‘monitor’’ is on a ‘‘desk’’, a 
‘‘chair’’ is on the ‘‘floor’’) and co-occurrence patterns. Such relation-
ships can be modeled explicitly within a probabilistic framework or 
as factors in an optimization graph. Vasudevan and Siegwart [203] 
proposed a Bayesian framework where the joint probability of a place 
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concept 𝐬𝑘 depends not only on object counts 𝑐𝑖 but also on inter-object 
relationships 𝑟𝑗 (e.g., distance, orientation): 

𝑃 (𝐬𝐤, 𝑐1⋯𝑛1 , 𝑟1⋯𝑛2 ) = 𝑃 (𝐬𝑘) ⋅
𝑛1
∏

𝑖=1
𝑃 (𝑐𝑖 ∣ 𝐬𝑘) ⋅

𝑛2
∏

𝑗=1
𝑃 (𝑟𝑗 ∣ 𝐬𝑘). (17)

This allows the system to reason about plausible scene configurations. 
Similarly, graph-based representations, like the semantic graphs pro-
posed by Kong et al. [204], Singh and Leonard [205], and Muravyev 
et al. [199], can encode these topological constraints as edges between 
object nodes.

These constraints are typically enforced through several compu-
tational methods. In factor graph optimization, which is central to 
modern SLAM, object properties and their relationships are directly 
incorporated into the graph [206]. An object’s pose 𝐗𝑗 and shape 
information 𝑠𝑏𝑗 become variables, and semantic constraints are added as 
factors. For instance, a relational factor between a cup 𝑂𝑗 and a table 
𝑂𝑘 could be expressed as an energy term to be minimized: 

𝐸𝑟(𝐗𝑗 ,𝐗𝑘) = 𝑓𝑐 (𝐼𝑠𝑂𝑛(𝑋𝑗 , 𝑠
𝑏
𝑗 ,𝐗𝑘, 𝑠

𝑏
𝑘, )), (18)

where 𝑓𝑐 function penalizes configurations that violate the geometric 
‘‘IsOn’’ predicate. Patel et al. [207] describe this principle as ‘‘semanti-
cally guided local and global pose optimization’’.

Probabilistic fusion of multiple observations over time also provides 
powerful temporal regularization. As a robot observes an object from 
different viewpoints, inconsistencies in pose, shape, or semantic label 
can be averaged out. For example, voxel-based semantic maps can up-
date the class probability distribution for a voxel 𝑣 recursively. Building 
on the work of Stückler et al. (2012) [116], Nakajima et al. [117] 
proposed updating the class probability 𝑃 (𝑠𝑐𝑘 ∣ 𝐌𝑘,𝐙1∶𝑡) for a map 
region 𝐌𝑘 given measurement 𝐙1 ∶ 𝑡. For instance, using a log-odds 
representation 𝑙𝑡(𝑠𝑐𝑘 ∣ 𝐌𝑘) = log

𝑃 (𝑠𝑐𝑘 ∣𝐌𝑘 ,𝐙1∶𝑡)
1−𝑃 (𝑠𝑐𝑘 ∣𝐌𝑘 ,𝐌1∶𝑡)

, the update can be: 

𝑙𝑡(𝑠𝑐𝑘 ∣ 𝐌𝑘) = 𝑙𝑡−1(𝑠𝑐𝑘 ∣ 𝐌𝑘)

+ log
𝑃 (𝑠𝑐𝑘 ∣ 𝐌𝑘,𝐙𝑡)

1 − 𝑃 (𝑠𝑐𝑘 ∣ 𝐌𝑘,𝐙𝑡)
− 𝑙0(𝑠𝑐𝑘 ∣ 𝐌𝑘),

(19)

where 𝑙0(𝑠𝑐𝑘 ∣ 𝐌𝑘) is the prior log-odds. This iterative refinement 
process regularizes the semantic map by ensuring temporal consistency. 
A similar principle is applied in S3M-SLAM [4], where semantic surfel 
labels are updated based on new observations.

In addition, scene parsing can be formulated as an energy mini-
mization problem where an energy function defines the desirability 
of a particular labeling and geometric configuration of objects 𝐋𝑡 =
{𝑙1,… , 𝑙𝑁}. One effective way to impose regularization is Conditional 
Random Fields (CRFs) [208,209], which model spatial or semantic 
dependencies between nearby object predictions. Given a set of initial 
object detections {𝐬𝑘}𝑁𝑡𝑘=1, the regularized label assignment 𝐋𝑡 can be 
inferred by minimizing an energy function: 

𝐋∗
𝑡 = argmin

𝐋𝑡

∑

𝑘
𝜓𝑢(𝑙𝑘 ∣ 𝐙𝑘) +

∑

𝑘,𝑘′
𝜓𝑝(𝑙𝑘, 𝑙𝑘′ ∣ 𝐙𝑘,𝐙𝑘′ ), (20)

where 𝜓𝑢(𝑙𝑘) is the unary potential derived from object detector con-
fidence (e.g., softmax output), and 𝜓𝑝(𝑙𝑘, 𝑙𝑘′ ) is the pairwise potential 
encouraging label smoothness or enforcing contextual compatibility. 
The pairwise term often captures semantic relationships, such as co-
occurrence frequencies (e.g., a keyboard is likely near a monitor) or 
spatial configurations (e.g., a monitor is typically above a keyboard). 
In SLAM pipelines, these constraints can be learned from datasets or 
designed using geometric rules.

Beyond CRFs, recent work has incorporated graph neural networks 
(GNNs) to propagate semantic messages across object nodes. Each 
object proposal is treated as a node 𝑣𝑖 with initial features 𝑓𝑖, and a 
GNN refines these via learned aggregation functions:
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Table 4
Comparison of Semantic Localization Strategies in Semantic vSLAM. This table presents different approaches for incorporating semantic information into pose 
estimation, highlighting their core techniques, advantages, limitations, and representative implementations.
 Strategy Core technique Advantages Limitations Representative works  

Feature-based Approaches
 Semantic Feature 
Selection

Filter/weight features based 
on semantic class, exclude 
dynamic objects

Improved robustness in dynamic 
environments, reduced outliers

Dependent on segmentation 
accuracy, may discard useful 
features

DS-SLAM [52], DynaSLAM 
[113], Blitz-SLAM [114]

 

 Semantic Feature 
Association

Use semantic labels to 
constrain feature matching

Reduced search space, improved 
matching precision

Class confusion propagates to 
localization

VSO [51], Kimera [57]  

Object-based Approaches
 Object Landmark 
Localization

Use detected objects as 
landmarks for pose estimation

Compact representation, robust to 
viewpoint changes

Requires accurate object 
detection, limited in 
object-sparse scenes

CubeSLAM [40], 
QuadricSLAM [54], 
EAO-SLAM [55]

 

 Joint Object-Pose 
Optimization

Simultaneously optimize 
camera poses and object 
parameters

Mutually beneficial refinement, 
globally consistent

High computational cost, 
complex optimization

SLAM++ [111], Fusion++ 
[23]

 

𝑓 ′
𝑖 = 𝛾

⎛

⎜

⎜

⎝

𝑓𝑖,
⨁

𝑗∈ (𝑖)
𝜙(𝑓𝑖, 𝑓𝑗 , 𝑒𝑖𝑗 )

⎞

⎟

⎟

⎠

, (21)

where 𝜙 is the message function, 𝑒𝑖𝑗 encodes the edge (e.g., spatial 
proximity),  (𝑖) is the neighborhood, and 𝛾 is the update function. 
TopoNet [210] and Graph-SLAM [211] use topological graphs over 
semantic landmarks, improving generalization to novel environments 
by enforcing object-place co-regularity. Other approaches regularize 
landmark geometry using learned shape priors (e.g., cubes, quadrics), 
helping constrain ill-posed object pose estimation problems [40,54].

On the other hand, DRV-SLAM [115] addressed the challenge of 
dynamic or cluttered environments by applying spatial attention be-
tween objects and background regions to refine ambiguous detections. 
In summary, semantic context regularization bridges low-level noisy 
detection with high-level scene priors, promoting map consistency and 
aiding downstream tasks like data association and loop closure.

4. Stage II: Semantic localization

Once semantic information has been extracted from sensor data, 
the next critical stage in Semantic vSLAM systems is Semantic Lo-
calization. This process leverages the extracted high-level semantic 
cues, such as object identities, class labels, and scene categories, to 
achieve more robust and accurate camera pose estimation than is 
possible with purely geometric features. Traditional visual localiza-
tion relies on matching low-level features such as points or lines, 
which can be unreliable in textureless environments, under significant 
viewpoint or illumination changes, or in the presence of perceptual 
aliasing, where different places appear visually similar. Semantic lo-
calization addresses these shortcomings by grounding the estimation 
process in more stable, meaningful, and context-aware landmarks and 
information. Table  4 categorizes semantic localization strategies into 
feature-based, object-based, and learning-based approaches, highlight-
ing their core techniques, advantages, limitations, and representative 
implementations.

Formally, given semantic observations 𝐒𝑡 and geometric measure-
ments 𝐙𝑡, the goal of semantic localization is to estimate the posterior 
distribution of the robot’s pose 𝐗𝑡: 
𝑝(𝐗𝑡 ∣ 𝐙1∶𝑡,𝐒1∶𝑡,𝐔1∶𝑡) ∝ 𝑝(𝐙𝑡 ∣ 𝐗𝑡,𝐒𝑡) ⋅ 𝑝(𝐗𝑡 ∣ 𝐗𝑡−1,𝐔𝑡), (22)

where 𝐮𝑡 represents control inputs. This approach leverages both ge-
ometric consistency and semantic coherence to improve localization 
robustness.

4.1. Semantic feature and landmark-based localization

One of the first approaches is semantic feature and landmark-
based localization. This approach advances beyond low-level points by 
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utilizing recognized objects as primary features for tracking and pose 
estimation, leveraging their rich appearance and geometry as persistent 
landmarks. VPS-SLAM [212] uses a semantic segmentation network 
to classify detected planes as ‘floor’, ‘wall’, or ‘ceiling’ and cues these 
large, stable structures as landmarks for robust localization, especially 
for aerial robots. Similarly, AVP-SLAM [213] is tailored for autonomous 
valet parking by using robust environmental semantic features like 
parking lines, guide signs, and speed bumps as landmarks, which are 
more stable and reliable than point features in texture-poor parking lot 
environments. Miller et al. [214] also demonstrated a system where se-
mantic object detection was used for localization on a free-flying robot, 
showing improved robustness over feature matching. DRG-SLAM [82] 
combines point, line, and plane features, using semantics to handle 
dynamic scenes. Its pose optimization minimizes a weighted sum of 
error from these different geometric features: 
𝐸(𝑇 ) =

∑

𝐸𝑝𝑜𝑖𝑛𝑡 + 𝜆𝐿
∑

𝐸𝑙𝑖𝑛𝑒 + 𝜆𝑃
∑

𝐸𝑝𝑙𝑎𝑛𝑒. (23)

In addition, semantics can guide the matching of traditional low-
level features to establish more reliable, longer-term correspondences. 
Lianos et al. [51] improve tracking robustness by using semantic con-
sistency to filter point matches between temporally distant frames. By 
projecting map points into current frames and pruning search candi-
dates based on semantic labels, they establish reliable ‘‘medium-term 
constraints’’.

4.2. Segmentation-guided localization in dynamic environments

The presence of dynamic objects (e.g. pedestrians, vehicles) violates 
the static world assumption that underpins most traditional visual 
SLAM algorithms, leading to erroneous feature matching, incorrect 
pose estimation, and corrupted maps. The most common application 
is to use segmentation to identify and exclude pixels belonging to 
dynamic objects from the localization process. Semantic segmentation 
has become a key strategy for addressing these challenges, enabling 
robots to distinguish static from dynamic elements, thereby enhanc-
ing localization accuracy and robustness. Liu et al. [215] propose a 
semantic supervision method where features are ranked by signifi-
cance. A feature point 𝑝𝑖 belonging to a semantic class 𝑐𝑖 is assigned 
a significance score 𝑅(𝑝𝑖) based on a predefined class weight 𝑊𝑠(𝑐𝑖): 

𝑅(𝑝𝑖) = 𝑊𝑠(𝑐𝑖). (24)

This score, potentially refined by an attention mechanism, helps the 
system focus on features from more stable classes to improve pose 
estimation accuracy. These methods broadly fall into two categories: 
those that rely solely on semantic priors and those that fuse semantic 
information with geometric constraints to achieve more reliable motion 
detection.
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The most direct approach to handling dynamic scenes is to use 
a pre-trained semantic or instance segmentation network to identify 
and exclude objects from classes that are a priori known to be dy-
namic. In this method, feature points detected on pixels labeled as 
‘person’, ‘car’, ‘bus’, etc. are simply masked out and not used in the 
tracking or mapping threads. While efficient and simple, this method 
is often overly aggressive, discarding valid static features useful for 
localization. Moreover, it relies entirely on segmentation accuracy, 
limiting its ability to handle unknown or misclassified objects. To 
overcome these limitations, most state-of-the-art systems combine seg-
mentation with geometric motion cues to verify true dynamism. This 
fusion enables the system to distinguish between a parked car (static) 
and a moving car (dynamic), resulting in more precise and reliable 
localization. This technique fuses semantic segmentation with optical 
flow to identify potentially dynamic regions. Notable implementations 
like SOF-SLAM [216] and PSPNet-SLAM [200] leverage this combined 
approach to build robust SLAM systems.

In addition, some researchers employ semantic information to ex-
clude dynamic objects to enhance localization accuracy in dynamic 
environments. One of the first attempts [217] proposed a technique that 
uses semantic segmentation to identify moving vehicles in autonomous 
driving scenarios and treats them as outliers for removal. Based on 
this, SaD-SLAM [218], DGS-SLAM [219], Blitz-SLAM [114], Dynamic-
DSO [220], DyStSLAM [221], and WF-SLAM [222] also leverage in-
stance segmentation by combining epipolar geometry constraints to 
eliminate dynamic objects. Excluding features associated with moving 
objects helps the SLAM system reduce localization inaccuracies caused 
by these dynamic components. Yet, this strategy might inadvertently 
eliminate crucial features that could be advantageous for localization 
in specific contexts. To address this challenge, PLD-SLAM [223], YPD-
SLAM [224], DRG-SLAM [82], and PLDS-SLAM [225] combine some 
novel features, such as point, line, and plane, to enhance the robustness 
of feature tracking using clustering methods and epipolar geometry. 
On the other hand, to achieve efficiency in computational complex-
ity, several studies [125,127,226,227] extract keyframes and conduct 
semantic extraction only in these selected keyframes. These papers 
cluster dynamic points using K-means or random sample consensus 
(RANSAC)-based or using Bayesian filtering to exclude points with high 
dynamic probability. Another approach is to reduce the computational 
cost of deep learning by utilizing a light-weight semantic model. DRE-
SLAM [96] and Crowd-SLAM [126] use YOLOv3/Tiny with clustering 
or domain-specific training to detect dynamic features and exclude 
them from tracking. YOLO-SLAM [152] and CFP-SLAM [228] lever-
age depth and epipolar geometry to filter out high-motion regions 
after YOLOv3/v5 detection. Other systems such as DO-SLAM [229], 
OVD-SLAM [230], and MVS-SLAM [231] extend ORB-SLAM2/3 with 
YOLOv5/v7 and geometric outlier rejection to improve localization 
robustness in highly dynamic scenes.

Furthermore, multi-view geometry provides powerful constraints 
for identifying dynamic points. For a feature point 𝑝𝑓  observation in 
two frames, its 3D position can be triangulated. Its reprojection error 
𝑒𝑘 in a keyframe 𝑘 can be calculated as: 

𝑒𝑘 = 𝑢𝑘 − 𝜋𝑘(𝑇𝑘𝑤, 𝑝𝑓 𝑤), (25)

where 𝑢𝑘 is a observed feature location, 𝑝𝑘𝑤 is the triangulated 3D 
point in world coordinates, 𝑇𝑘𝑤 is the camera pose, and 𝜋𝑘 is the 
projection function. For points on dynamic objects, this reprojection 
error will be large. DynaSLAM [113] employs instance segmentation 
with geometric verification and inpainting, while MaskFusion [53] 
tracks and reconstructs multiple moving objects. To filter dynamic 
features, optical flow within semantic masks is compared with the 
camera’s ego-motion; if they are inconsistent, the features are con-
sidered dynamic and removed. Detect-SLAM [232] similarly combines 
an SSD object detector with motion consistency checks. DynaNav-
SVO [233] extends this by constructing a region-of-interest (ROI) from
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a priori static urban elements, ensuring reliable feature extraction. DS-
SLAM [52] utilizes SegNet for semantic filtering, whereas DynaSLAM. 
Blitz-SLAM [114] implements a dual-phase strategy, initially inter-
preting scenes via deep learning and subsequently confirming them 
geometrically. CFP-SLAM [228] uses a hierarchical method grounded 
in object detection and motion classification, while SG-SLAM [234] 
combines semantic interpretation with geometric constraints within 
a graph-based framework. Zhang et al. [235] evaluate scene quality 
based on semantic extraction to optimize camera pose estimation. 
Dynamic elements 𝑑𝑡 can corrupt pose and map estimation. We define 
a binary mask 𝑀𝑡 indicating static regions: 

𝑑′𝑡 =𝑀𝑡 ⊙ 𝑑𝑡, (26)

where ⊙ is the element-wise product. However, once dynamic objects 
are masked, they leave ‘‘holes’’ in the image. To address this, frame-
works like DynaSLAM [113], IDV-SLAM [236], and Empty Cities [237] 
use background inpainting techniques, often powered by generative 
adversarial networks (GANs) [238], to fill in the regions occluded by 
dynamic objects. This restores a complete and static view of the scene, 
providing a more stable input for subsequent visual odometry and 
mapping tasks. To maintain real-time performance, RDS-SLAM [125] 
decouples segmentation into a parallel thread, allowing high-frequency 
tracking while periodically updating dynamic masks to prevent map 
corruption.

While traditional dynamic SLAM methods often treat moving ob-
jects as outliers to be excluded, recent research emphasizes tracking 
dynamic objects and jointly estimating their motion with camera poses. 
DynaSLAM II [239] and Dynamic SLAM [96] jointly optimize cam-
era and object trajectories using semantic segmentation and motion 
models, generating both static and dynamic maps. DOT-SLAM [240] 
and PointSLOT [241] apply instance segmentation and object-based 
BA to track rigid object motions. Several systems combine seman-
tic instance segmentation, optical flow, and photometric consistency 
for multi-object tracking and motion estimation [242]. For example, 
MOTSLAM [243], DE-SLAM [244], and TwistSLAM [245] use joint 
optimization frameworks that fuse semantic, geometric, and motion 
cues to estimate object and camera poses. SLAMANTIC [246] and VDO-
SLAM [247] use dynamic confidence and motion constraints to enhance 
map reliability. More recent approaches, such as ClusterVO [248] and 
OTE-SLAM [249], integrate tracking algorithms ByteTrack [250] with 
semantic object detection, while also estimating dynamic object poses 
through twist parameterization or joint pose graphs. This provides 
a much richer understanding of the environment, which is essential 
for applications like collision avoidance and behavior prediction in 
autonomous driving.

5. Stage III: Semantic mapping

While semantic extraction provides the raw semantic labels for 
objects, regions, and places, Semantic Mapping is concerned with in-
tegrating this information into a persistent, structured, and queryable 
representation of the environment. As discussed in the review by Mas-
caro and Chi [256], building a rich and actionable model of the world 
is a crucial capability for autonomous systems, moving beyond simple 
geometric point clouds to denser, semantically-aware representations. 
This section reviews how semantic maps are represented 5.1, how 
semantic information is integrated and fused into these maps 5.2, and 
how to evaluate semantic uncertainty and formulate cost functions 
5.3. Table  5 presents a comprehensive comparison of semantic map 
representations spanning discrete representations (sparse points, dense 
clouds, voxels, surfels, meshes), object-centric representations (bound-
ing boxes, quadrics), and hierarchical representations (scene graphs, 
topological maps).
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Table 5
Comparison of Semantic Map Representations in Semantic vSLAM. This table categorizes different map representation types, their data structures, semantic 
integration methods, memory efficiency, and typical application scenarios.
 Representation Data structure Semantic integration Memory Scalability Representative works  

Discrete Representations
 Sparse Point Map 3D points with semantic labels Per-point class labels, label 

propagation
Low High Dyna-SLAM [251], 

DS-SLAM [52]
 

 Dense Point Cloud Dense 3D points with RGB 
and semantics

Per-point semantic features, 
Bayesian fusion

High Low SemanticFusion [15], 
ElasticFusion [252]

 

 Voxel Grid/TSDF Regular 3D voxels with 
semantic probabilities

Per-voxel label voting, 
probabilistic fusion

Medium–High Medium Voxblox++ [253], Kimera 
[57]

 

 Surfel Map Surface elements with 
position, normal, semantics

Per-surfel semantic attributes, 
incremental update

Medium Medium SurfelMeshing [254], 
Co-Fusion [50]

 

 Mesh Map Triangular mesh with 
per-vertex/face semantics

Vertex labeling, texture 
mapping

Medium Medium Kimera [57], Hydra [58]  

Object-Centric Representations
 3D Bounding Box Oriented cuboids with class 

labels
Object-level semantics, 
instance ID

Very Low High CubeSLAM [40], 
EAO-SLAM [55]

 

 Quadric Surface Dual quadric ellipsoids Object class and pose 
encoding

Very Low High QuadricSLAM [54]  

 Object-level TSDF Per-object volumetric 
reconstruction

Instance-aware dense 
reconstruction

Medium Medium MaskFusion [53], 
Fusion++ [23]

 

Hierarchical and Topological Representations
 Scene Graph Nodes (objects/places) with 

edges (relationships)
Semantic attributes, spatial 
relations

Low High Hydra [58], ConceptGraphs 
[73]

 

 Topological Map Graph of places with semantic 
descriptions

Place-level semantics, 
connectivity

Very Low Very High LEXIS [75], Questmaps 
[255]

 

5.1. Semantic map representations

The choice of semantic map representations is crucial as it dictates 
how information is stored, updated, accessed, and utilized by the robot. 
Different representations offer trade-offs in terms of expressiveness, 
scalability, memory efficiency, and suitability for particular tasks. Un-
like geometric maps (e.g., point clouds, occupancy grids), semantic 
maps encode high-level scene information. A semantic map can be 
formally represented as a tuple: 
𝑖 = {(𝐗𝑖,𝑖, 𝐬𝑖)}𝑁𝑖=1, (27)

where 𝑋𝑖 ∈ 𝑆𝐸(3) denotes the pose of an element, 𝐬𝑖 is the semantic 
information, and 𝑖 is set of observed features.

5.1.1. Object-centric maps
These maps explicitly model the environment as a collection of 

distinct object instances. Each object is typically stored with its se-
mantic class label, 3D pose (position and orientation), dimensions 
or shape parameters, and potentially other attributes like appearance 
features or functional affordances. In many SLAM systems, distinct and 
recognizable objects serve as semantic landmarks. These landmarks are 
associated with their 3D positions and class labels in the map. Civera 
et al. [202] proposed an early Semantic vSLAM that merged traditional 
point features with known 3D object models, where objects, once recog-
nized, were inserted and tracked in the EKF SLAM map. SLAM++ [111] 
used a 3D CAD model to identify and render objects, building a map 
composed of full 3D object geometries. However, these systems are 
constrained by their reliance on pre-defined object templates. Several 
studies [160,257] estimate object poses and incorporate them into the 
map, effectively creating an object-level representation. However, they 
often incur high computational costs and pose a challenge to achieving 
real-time system performance.

These frameworks focus on object SLAM by modeling objects as dual 
quadric formulation [54,258], rectangular bounding volumes [40], 
specific objects [259], and estimating fine geometric models of objects 
using a CNN trained [258]. Dynamic object-level SLAM has been con-
sidered in [234,260]. Object-oriented semantic mapping, for example 
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by Sünderhauf et al. [16] and Canh et al. [22] aims to create a 
meaningful map that contains instances of known objects. These meth-
ods provide object information for robotics tasks such as navigation 
or obstacle avoidance. To improve performance on these tasks, Mas-
caro et al. [261] present an individual object-level semantic mapping 
pipeline that integrates 3D instance segments and a refined diffu-
sion scheme. Hu [262] also introduces a multi-level map, including 
inaccurate object modeling and limited object representation, based 
on geometric, plane, and object maps, particularly for constructing 
long-term consistent maps. Li et al. [263] model scene text as pla-
nar semantic features, effectively creating a map of text objects with 
geometric and semantic properties.

On the other hand, Fusion++ [23] uses 2D instance mask pre-
dictions and fuses them into the TSDF reconstruction within globally 
consistent loop-closed object SLAM maps. Voxblox++ [253] also com-
bined geometric segmentation, instance-aware segmentation refine-
ment, data association, and map integration to create an object-centric 
map. Following this line of research, TSDF++ [264] introduces a multi-
object mapping approach that uses separate reconstruction volumes 
for each object, based on the TSDF formulation. The studies con-
ducted by Asgharivaskasi and Atanasov [42,265] stand out as they 
introduce a multi-class (semantic) OctoMap. These works employ a 
closed-form lower bound on the Shannon mutual information between 
map and range-category observations to determine information-rich 
robot trajectories.

5.1.2. Volumetric semantic maps
These maps discretize 3D space into elementary units (points, sur-

fels, or voxels) and store semantic information within each unit.

Voxel-based semantic maps:. These extend traditional occupancy grids 
like OctoMap by associating each occupied voxel (or OctoMap leaf 
node) not just with an occupancy probability, but also with a seman-
tic label or a probability distribution over multiple semantic classes. 
Stückler et al. [116] proposed a Bayesian framework to fuse prob-
abilistic object-class segmentations from multiple RGB-D views into 
such a voxel-based 3D semantic map. For a voxel 𝑣 and class 𝑠𝑐 , the 
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posterior probability 𝑃 (𝑠𝑐 ∣ 𝑣,𝑍1∶𝑡) given measurements 𝑍1∶𝑡 is updated 
recursively: 

𝑃 (𝑠𝑐 ∣ 𝑣,𝐙1∶𝑡) ∝ 𝑃 (𝑠𝑐 ∣ 𝑣,𝐙𝑡)
𝑃 (𝑠𝑐 ∣ 𝑣,𝐙1⋯𝑡−1)

𝑃 (𝑠𝑐 ∣ 𝑣)
. (28)

Kochanov et al. [260] present a probabilistic mapping approach, which 
uses recursive Bayesian filtering to update voxel occupancy and se-
mantic labeling based on observation and scene flow [176,266]. Other 
methods [160,267] also create an ‘‘improved Octomap’’ where voxels 
can store semantic object information. Dyna-SLAM [251] uses semantic 
and sparse flow cues to identify and classify dynamic objects and uses 
voxel block hashing for large-scale reconstruction. CNN-SLAM [49] 
predicts depth map using a CNN network and creates a dense semantic 
map based on the retraining of the network for semantic segmen-
tation using soft-max later and cross entropy function. Kimera [57] 
introduced an adaptation of bundled raycasting to build a global 3D 
mesh using Voxblox and a TSDF model, and to semantically annotate 
it with 2D semantic labels, label propagation, and Bayesian updates. 
Li et al. [268] build a dense map upon ORB-SLAM and a semi-global 
stereo matching algorithm for disparity map generation. Shi et al. [176] 
introduced a ‘‘label-oriented voxelgrid filter’’ that ensures intra-frame 
spatial continuity and inter-frame spatiotemporal consistency when 
fusing 2D semantic labels into a 3D voxelized map. Liu et al. [72] 
integrate vision-language foundation models to improve the construc-
tion of a generalizable instance-aware semantic map. Qian et al. [269] 
introduces a novel probabilistic object state representation that models 
both stationarity and magnitude of geometric change for each object 
and a Bayesian update rule that incorporates geometric and semantic 
information for consistent map maintenance.
Surfel-based semantic maps:. Surfel representations model surfaces us-
ing a collection of 3D discs or ellipses. Semantic information can be 
attached to each surfel. Stuckler et al. [270] integrate object-class 
segmentation, SLAM, and semantic 3D fusion into a real-time operating 
semantic mapping system based on multi-resolution surfel maps. Canh 
et al. [4] in S3M, build a semantic sparse map for UAVs using a 
semantic surfel cloud, where each surfel 𝑠𝑓𝑘 stores geometric attributes 
(position 𝑝𝑘, normal 𝑛𝑘, radius 𝑟𝑘) and a semantic label distribution 
𝐿𝑘 = {𝑃 (𝑠𝑐1 ∣ 𝑠𝑓𝑘),… , 𝑃 (𝑠𝑐𝑁 ∣ 𝑠𝑓𝑘)}. The semantic label is updated 
based on projected 2D segmentations based on the current frame’s 
segmentation 𝐿𝑜𝑏𝑠𝑘 : 

𝐿𝑛𝑒𝑤𝑘 = 𝜂 ⋅ 𝐿𝑜𝑏𝑠𝑘 + (1 − 𝜂) ⋅ 𝐿𝑜𝑙𝑑𝑘 . (29)

Reddy [271] combines classical semantic segmentation and motion 
constraints to separate dynamic objects from static scenes, which starts 
with the computation of low-level features like SIFT descriptors, optical 
flow, and stereo disparity, and reconstructing the environment. Build-
ing on a similar idea, MaskFusion [53] tracks multiple moving objects 
even when they move independently from the camera and reconstructs 
them as surfel clouds. SemanticFusion [15] and Co-Fusion [50] uti-
lize CNNs and state-of-the-art dense SLAM - ElasticFusion to predict 
semantics from multiple viewpoints and fuse them into a surfel map 
using a Bayesian update scheme. Morreale et al. [272] achieve dense 
mapping by iteratively collecting free-space tetrahedra and applying se-
mantic simplification. Seichter et al. [273] extend Normal Distributions 
Transform (NDT) mapping by storing separate Gaussian distributions 
for each semantic class per cell, enhancing accuracy and consistency.
Panoptic semantic maps:. To address the limitation of lacking the ability 
to distinguish individual instances belonging to the same category in 
higher-level semantic understanding, panoptic representations aim to 
integrate class labels for background areas (stuff), while simultaneously 
segmenting and identifying distinct foreground objects (things) one 
by one. Nakajima et al. [117] describes the four components of the 
method: dense approach of InfiniTAMv3 [274] for SLAM, 2D semantic 
segmentation with a specifically designed CNN, incrementally building 
a geometric 3D map, and updating class probabilities assigned to each 
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segment of the geometric 3D map. PanopticFusion [56] introduces a 
novel online volumetric semantic mapping system that densely predicts 
class labels of stuff and things based on 2D panoptic label predic-
tion, panoptic label tracking, thing label probability integration, and 
online map regularization. Pham et al. [275] designs an inference-
optimal segmentation from predictions of a DNNs, then progresses 
super-voxel clustering to achieve a real-time dense reconstruction of 
3D indoor scenes. Yang and Liu [276] implemented geometric segmen-
tation to discover novel scene elements and refine them using panoptic 
segmentation results from UPSNet [277], and then associated tempo-
ral data using VPSNet [278]. Panoptic Multi-TSDFs [279] introduced 
a hierarchical map representation and temporal hierarchy based on 
panoptic entities structured as submaps, then integrated measurements 
into active submaps using projective updates and TSDF weighting. 
PanopticNDT [280] presented an efficient and robust panoptic map-
ping approach based on occupancy NDT mapping by combining a 
subsequent mapping stage and a panoptic segmentation stage using 
EMSANet [273], which includes semantic and instance prediction, 
fusion, and confidence score generation. PanoRecon [281] addressed 
the challenge of realized online geometry reconstruction along with 
dense semantic and instance labeling by incrementally performing 3D 
geometric reconstruction and 3D panoptic segmentation in a view-
independent 3D feature volume. EPRecon [282] achieved real-time 
performance by integrating a lightweight module for depth prior esti-
mation in 3D volume and a novel panoptic features extraction strategy 
that combines voxel features and image features.

5.1.3. Topological-semantic maps
These maps represent environments as graphs where nodes corre-

spond to places or regions (e.g., rooms, corridors) and edges signify 
connectivity or traversability. This representation is particularly useful 
for high-level path planning and human–robot interaction. Bernuy and 
Solar [283] define the topological semantic map (TSM) as a graph 
structure that describes roads and their environments, including types, 
spatial positions, object lists, traversability indices, curvature indices 
for road nodes, and odometry based on semantic descriptions of images. 
Some studies [196,284,285] also address the challenge of autonomous 
driving applications by leveraging semantic observations of the en-
vironment, a TSM for storing selected semantic observations, and a 
topological localization algorithm that uses a Particle Filter to obtain 
the vehicle’s pose in the TSM. Zhao et al. [286] utilized DNNs to 
identify indoor scenes without training in a specific environment and 
estimated the semantic region. Topomap can improve navigation task 
performance by simplifying the problem and reducing the compu-
tational cost of path-planning algorithms, while providing sufficient 
knowledge of traversable spaces [287–289].

3D scene representation or 3D scene understanding is a fundamental 
and essential problem in robotics. Several studies [73,255,290–292] 
focus on this challenge by constructing 3D scene graphs to model entire 
buildings and rooms, and to include semantics for objects (e.g., shape, 
class, material). Armeni et al. [290] represent semantic information 
in a 3D four-layer structured scene graph based on 3D mesh models, 
registered RGB panoramas, and camera parameters. Kim et al. [291] 
propose a 3D scene graph framework for intelligent agents that inte-
grates data processing via Adaptive Blurry Image Rejection (ABIR) and 
Keyframe Group Extraction (KGE) to reduce redundancy. It employs 
Spurious Detection Rejection (SDR) using 3D position and Word2Vec 
semantics to construct a directed graph, where nodes represent objects 
and edges represent their relations. Wu et al. [292] create a globally 
consistent scene graph by fusing node feature extraction, edge fea-
ture computation, graph neural network (GNN) feature propagation, 
and class prediction based on a feature-wise attention (FAT) mecha-
nism, which re-weights individual latent features at each target node 
to handle missing neighboring points. Mehan et al. [255] present 
an indoor environment as a multi-channel occupancy representation 
based on room-mask prediction and transition-region detection, and 
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formulate it as a 3-class instance segmentation task using the Mask 
R-CNN architecture. Gu et al. [73] create object-based 3D mapping 
by class-agnostic 2D segmentation and estimating spatial relationships 
between objects by calculating the 3D bounding box IoU to obtain a 
similarity matrix. Soucsa and Bassani [293] consolidate deep visual 
features extracted by GoogLeNet [187] and shallow Multilayer Per-
ceptron (MLP) to create representations of regions and use a moving 
average and visual habituation mechanism. Yang et al. [294] parse 
and vectorize indoor architecture from floor-plan raster maps, which 
leverage a learning-based hierarchical approach to identify a set of 
geometric primitives with semantics and use of mixed integer program-
ming (MIP) to fuse primitives and their relationship information into 
vector graphics while enforcing high-level structural constraints. Upon 
this idea, Cao et al. [295] present a Context-Enhanced Full-Resolution 
Network (CEFRN) for floor-plan segmentation to improve the accuracy 
of topological semantic maps for the Partially Sighted or Visually 
Impaired (PSVI). In addition, some studies [119,122] use the topology 
of the object-level map to achieve the effectiveness and robustness of 
the loop closure process. Fredriksson et al. [296] identify and classify 
intersections for semantic and topological mapping, then find paths 
between intersections, dead ends, and pathways to unexplored areas 
to generate the robot paths. SENT-Map [297] also provides exciting 
potential for robots operating in complex human environments. PRISM-
TopoMap [199] is a recent online topological mapping method that 
uses learnable multimodal place recognition to build and maintain the 
graph structure without relying on global metric coordinates.

5.1.4. Hybrid and hierarchical maps
These maps employ hierarchical maps that combine the strengths 

of different representations across multiple levels of abstraction, like 
metric, semantic, and topological, to bridge the gap between detailed 
and strategic planning. For example, executing high-level directives 
such as ‘‘go to the living room and bring the coffee mug I left on the 
table’’ requires developing a functional world model that captures the 
relationships among semantic entities and integrates real-world details 
across multiple levels of abstraction. The first attempt by Tomatis 
et al. [298] integrates metric and topological paradigms into a hybrid 
system for both localization and map building using two levels of 
abstraction in combination with the different types of environmental 
structures. A similar approach by Kuipers et al. [299] defines four 
distinct representations of spatial knowledge in the Spatial Semantic 
Hierarchy (SSH) for building the tree of topological maps on the basis 
of SSH. Galindo et al. [80] introduce a multi-hierarchical framework 
merging spatial (metric) and conceptual (semantic) hierarchies. An-
choring bridges these levels by linking abstract symbols to sensor data 
representing the same physical object. Drouilly et al. [300] develop 
a new scheme for updating maps of a large-scale dynamic environ-
ment using stable semantic representation, which updates semantic 
layers of the map directly and models changes in terms of static class 
occlusions caused by dynamic objects. Yang et al. [301] propose a 
hierarchical Conditional Random Field (CRF) model for joint grid label 
optimization, incorporating unary, pairwise, and high-order potentials. 
Unary potentials are derived from dilated CNN predictions, pairwise 
potentials utilize Gaussian kernels for color and spatial similarity, and 
high-order terms employ a robust 𝑃 𝑛 Potts model [302] to enforce label 
consistency within superpixel cliques.

Malleson et al. [303] introduce a hybrid 4D model approach that 
combines prior surfel-graph modeling with higher-resolution volumet-
ric fusion, based on pairwise data, smoothness costs, label costs, intra-
part fusion, and inter-part fusion. Luo and Chiou [304] combine a 
2D occupancy grid map with an overlaid topological graph, which is 
organized by a hierarchical semantic organization structure, linking 
abstract concepts with tangible objects, while Wen et al. [305] intro-
duce 3D semi-dense based on Mask R-CNN for navigation and semantic 
information storage. Yue et al. [306] propose a hierarchical framework 
for collaborative semantic 3D mapping based on multimodal semantic 
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information fusion and collaborative semantic map fusion using the 
EM algorithm. Building upon this idea, Deng et al. [307] construct a 
graph model and apply a label diffusion method to generate an accurate 
hierarchical and dense semantic occupancy map. Rosinol et al. [308] 
combine 5 layers and hierarchical representations, including metric-
semantic, objects and agents, places and structures, and rooms and 
buildings, into a single model: a 3D scene graph. Zhang et al. [309] 
introduce a human-inspired object search strategy that builds a metric-
topological map and selects the optimal search node by considering 
object co-occurrence relationships and robot location. Recent papers by 
Hughes et al. [58,310] present a real-time spatial perception system 
for incremental construction of scene graph layers, including local 
mesh and object Euclidean Signed Distance Field (ESDF) generation, 
topological place subgraph extraction using a Generalized Voronoi Dia-
gram, and room segmentation using a community-detection approach. 
H2-Mapping [62] and its improved version, H3-Mapping [64], lever-
age a hierarchical hybrid representation with a quasi-heterogeneous 
feature grid to achieve real-time performance and high-quality con-
struction, reducing redundant feature grid allocation and improving 
texture training efficiency with limited sampling and training time. 
Wald et al. [311] presented a Scene Graph Prediction Network (SGPN) 
for generating a graph describing objects (nodes), including a class hier-
archy and a set of attributes describing visual and physical appearance 
and their relationships (edges) with different categories of relation-
ships including spatial/proximity relationships, support relationships, 
and comparative relationships. Khronos [123] addresses the Spatio-
Temporal Metric-Semantic vSLAM (SMS) problem by constructing a 
dense 4D world model. It supports long-term autonomy through local 
estimation within an active window and global optimization using 
Truncated Least Squares (TLS) loss with Graduated Non-Convexity 
(GNC) [312] in GTSAM [47]. Following this approach, Clio  [313] 
defined the task-driven 3D scene understanding problem, where the 
robot builds a compressed map representation and dynamically selects 
the level of detail and objects for its maps based on the task. This 
method utilized FastSAM [314] and CLIP [315] for segmentation, 
temporal association, and 3D reconstruction, and built upon Hydra [58] 
to construct 3D place primitives and describe how CLIP embeddings are 
associated with places.

5.2. Semantic fusion through multiple observations

A core challenge in semantic mapping is distilling noisy, often 
conflicting per-frame semantic predictions into a single, coherent, glob-
ally consistent 3D semantic map. Semantic fusion is the process that 
addresses this challenge by aggregating information from multiple 
viewpoints and observations over time. This process is fundamentally 
reliant on multi-view consistency, where a robust underlying SLAM 
system provides accurate camera poses and establishes frame cor-
respondences. These correspondences enable semantic labels for the 
same 3D points or regions, observed from different perspectives, to 
be associated (in the data association step) and then fused, thereby 
reducing uncertainty and correcting errors in individual predictions.

The dominant approach for fusing semantic labels in dense repre-
sentation (e.g., voxels or surfels) is probabilistic. This method treats 
the labels of each map element as random variables and iteratively 
updates their class probability distributions using new observations. 
A foundational technique involves recursive Bayesian update [270]. 
For each map element 𝑣, a probability distribution 𝑃 (𝑠𝑐𝑓𝑣 ) over the set 
of semantic classes 𝑠𝑐 is maintained. When a new observation 𝐙𝑡 is 
registered, the semantic predictions from a CNN at the corresponding 
pixel location are used as the likelihood 𝑃 (𝑍𝑡 ∣ 𝑠𝑐𝑓𝑣 = 𝑠𝑐 ) to update the 
prior probability 𝑃 (𝑠𝑐𝑓𝑣 = 𝑠𝑐 ). In log-odd form, this update for each class 
𝑠𝑐 is: 

𝑠𝑐𝑓𝑡,𝑣,𝑐 = 𝑠𝑐𝑓𝑡−1,𝑣,𝑐 + log
𝑃 (𝑠𝑐𝑓𝑣 = 𝑠𝑐 ∣ 𝐙𝑡)

1 − 𝑃 (𝑠𝑐𝑓𝑣 = 𝑠𝑐 ∣ 𝐙𝑡)
. (30)
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This fusion across multiple independent observations effectively 
averages out noise from the segmentation network, yielding a more 
accurate and stable semantic map. This principle is widely used in sys-
tems such as SemanticFusion [15], as well as in other voxel-based and 
segment-based maps. PanopticFusion [56] achieves this by maintaining 
separate probability distributions for semantic class (stuff) and instance 
IDs (things) for each voxel. For a voxel 𝑣, the semantic distribution 
𝑃𝐬(𝑠𝑐 ∣ 𝑣) is updated with a standard Bayesian update. The instance 
distribution 𝑃𝐼 (𝑖 ∣ 𝑣) for instance 𝑖 is updated differently to prevent 
instances from blending into each other. Specifically, it uses a non-
normalized update and then assigns the voxel to the single instance 
with the highest probability. The update, for instance, 𝑖 at voxel 𝑣 given 
observation 𝑍𝑡 is: 

𝑃𝑡(𝑖 ∣ 𝑣) = 𝑃 (𝐙𝑡 ∣ 𝑖)𝑃𝑖−1(𝑖 ∣ 𝑣). (31)

In addition, several articles [23,53,123,251,264,316,317] use the IoU 
tracker [318], and define the overlap threshold to match predicted 
objects from the previous frame to the current frame. To enhance the 
ability of this method, some works [253,261] introduce a 3D IOU score, 
which calculates a pairwise of instance segments 𝑠𝑐𝑖  with the number of 
points |𝑠𝑖| and object instance 𝐬𝑜: 

𝐼𝑂𝑈 (𝑠𝑐𝑖 , 𝑠
𝑜) =

𝛱(𝑠𝑐𝑖 , 𝐬𝑜)
|𝑠𝑖| +𝛱(𝑠𝑐𝑜, 𝐬𝑜) +

∑

𝑖≠𝑖′ 𝛱(𝑠𝑐𝑖′ , 𝐬𝑜)
. (32)

where 𝛱(𝑠𝑐𝑖 , 𝑠
𝑜) is the total number of points belonging to object 𝑜. 

Besides that, Mascaro et al. [261] propose a technique that first per-
forms probabilistic fusion and then refines the result via label diffusion 
on a voxel graph. They construct a k-Nearest Neighbor (k-NN) graph 
of the voxels and formulate an energy minimization problem to find 
a consistent labeling 𝑠𝑐𝑓 . The energy function balances fidelity to the 
observed data with spatial smoothness: 

𝑄(𝑠𝑐𝑓 ) =
∑

𝑖∈
(𝑝𝑟𝑖 − 𝑝

𝑓
𝑖 )

2 + 𝜇
∑

𝑖,𝑗∈𝑁𝑘

𝑤𝑖𝑗
( 𝑝𝑟𝑖
√

𝑑𝑖
−

𝑝𝑟𝑗
√

𝑑𝑗

)2
, (33)

where 𝑝𝑓𝑖  is the initial fused probability for an observed voxel 𝑖, the 
set , 𝑝𝑟𝑖  is the refined distribution, and the second term regularizes 
the solution by encouraging neighboring voxels to have similar labels, 
normalized by their degree 𝑑. This diffusion process propagates strong 
semantic predictions from confident regions to less certain or unob-
served regions, resulting in a more complete and consistent semantic 
map. Iro et al. [290] use a voting scheme for multi-view consistency, 
which defines the weight for each frame 𝑓𝑖 based on robot position 
𝐱𝑖 as 𝑤𝑖,𝑗 =

∑

𝑖,𝑗 ‖𝐱𝑖−𝑓𝑐𝑗‖
‖𝐱𝑖−𝑓𝑐𝑗‖

. However, this method does not account 
for object uncertainty, especially in complex environments. Popular 
methods [4,72,267,301,319,320] include Bayesian updates or other 
probabilistic aggregation that recursively combine new observations 𝑍𝑡
with prior belief: 

𝑃 (𝐬 ∣ 𝑣,𝐙1∶𝑡) ∝ 𝑃 (𝐬 ∣ 𝑣,𝐙𝑡) ⋅
𝑃 (𝐬 ∣ 𝑣,𝐙1∶𝑡−1)

𝑃 (𝐬 ∣ 𝑣)
, (34)

where 𝑃 (𝐬 ∣ 𝑣,𝐙𝑡) is the semantic classifier output. This fusion reduces 
uncertainty and corrects individual frame errors, yielding coherent 
semantic maps. These studies [73,269,291] construct a pair of semantic 
and geometric similarity with respect to all objects in the map by 
calculating position similarity score 𝑅𝑐𝑝  and color similarity score 𝑅𝑐𝑐
and cut-off by a predefined threshold 𝜃𝑐𝑢𝑡𝑜𝑓𝑓  and find the final fusion 
by an optimal strategy like Hungarian algorithm or greedy assign-
ment. Alternative fusion methods include learned fusion networks [49], 
splat rendering for projective fusion, and an update scheme similar to 
previous surfel-based approaches [50], self-supervised feature fusion 
using deep vision transformers (DINO, CLIP), and generating open-set 
instance clusters and refining label certainty with repeated observa-
tion [71,74]. These methods also enforce spatial and temporal label 
consistency.
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5.3. Semantic uncertainty and cost function

Beyond guiding feature selection, semantic information can be inte-
grated directly into the mathematical core of localization and mapping. 
This is achieved by either (1) formulating probabilistic observation 
models that explicitly account for semantic uncertainty or (2) design-
ing novel cost functions for optimization-based SLAM that penalize 
semantic and geometric inconsistencies. These two concepts are deeply 
intertwined, as the uncertainty model often informs the weighting of 
terms in the cost function.

5.3.1. Probabilistic observation models and semantic uncertainty
In probabilistic localization frameworks (e.g., particle filters, 

Kalman filters), beliefs about the robot’s state are updated using 
an observation likelihood model, 𝑃 ( ∣  ,), which quantifies the 
probability of making a measurement 𝐙 for a pose 𝐗 and map 
𝐌. Semantic localization enriches this by incorporating semantic 
measurements . However, semantic classifiers are imperfect, they 
produce probabilistic outputs and can make errors. Therefore, robustly 
handling the uncertainty of these semantic predictions is crucial. 
A naive approach might use only the highest-probability class 
prediction, discarding valuable uncertainty information [260]. Akai 
et al. [33] model the uncertainty of the entire class probability vector 
using Dirichlet distributions. This approach naturally down-weights 
uncertain measurements from ambiguous or occluded objects, resulting 
in robust pose estimation. The Dirichlet distribution 𝐃𝐢𝐫(𝜃 ∣ 𝜶) over a 
simplex of class probabilities 𝜃 and 𝜶 is the concentration parameter 
of the Dirichlet. In their framework, when an object is observed, 
the classifier outputs a probability vector 𝜋𝑘 = (𝜋𝑘,1,… , 𝜋𝑘,𝐶 ) over 𝐶
classes. The core idea is to compute the likelihood of observing the 
specific vector 𝜋𝑘 given the predicted probabilities from the map at 
the robot’s hypothetical pose. This likelihood, 𝑃 (𝜋 ∣ ,𝐗𝑡), is used to 
update the weight of the particle filter. It is calculated by marginalizing 
over all possible tree class distributions 𝜃𝑘: 

𝑃 (𝜋𝑘 ∣ ,𝐗𝑡) = ∫ 𝑝(𝜋𝑘 ∣ 𝜃𝑘)𝑝(𝜃𝑘 ∣ ,𝐗𝑡)𝑑𝜃𝑘. (35)

Assuming the likelihood 𝑝(𝜃𝑘 ∣ ,𝐗𝑡) follows a Dirichlet distri-
bution with parameters 𝛼𝑘, this integral has a closed-form solution: 

𝑃 (𝜋𝑘 ∣ ,𝐗𝑡) =
𝛤
(

∑𝐶
𝑐=1 𝛼𝑘,𝑐

)

∏𝐶
𝑐=1 𝛤 (𝛼𝑘,𝑐 )

𝐶
∏

𝑐=1
𝜋𝛼𝑘,𝑐−1𝑘,𝑐 (36)

where 𝛤 (⋅) is the Gamma function, and the Dirichlet parameters 𝛼𝑘,𝑐
are set based on the map’s prediction 𝑝𝑚(𝑐) for that location and a 
concentration parameter 𝜆 that reflects confidence: 𝑎𝑘,𝑐 = 𝜆𝑝𝑚(𝑐) + 1. In 
addition, active mapping aims to plan a robot’s path to reduce the map’s 
uncertainty most effectively. Lu et al. [321] quantify the semantic 
uncertainty of mapped semantic object instance 𝐬𝑖 using the entropy 
of its fused class probability distribution 𝑝(𝑠𝑐 |𝐬𝑖). The total semantic 
uncertainty of the map  is the sum of entropies over all objects: 
H() = −

∑

𝐬𝑖∈

∑

𝑠𝑐∈𝐶
𝑝(𝑠𝑐 ∣ 𝐬𝑖) log 𝑝(𝑠𝑐 ∣ 𝐬𝑖). (37)

5.3.2. Semantic cost functions
In optimization-based SLAM, camera poses are typically found by 

minimizing a cost function, often a sum of geometric reprojection 
errors. A semantic cost function augments this objective with terms 
that penalize semantic inconsistencies between the current observation 
and the map. VSO [51] introduces a semantic consistency term into the 
optimization. In addition to the standard geometric reprojection error, 
it adds a semantic error term that penalizes assigning a 3D map point 
to a semantic class inconsistent with the image segmentation. The total 
cost function over a set of map points: 
𝐸 = 𝐸 + 𝜆𝐸 , (38)
geo 𝑠
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and 𝐸𝑠 captures reprojection error in the semantic label space: 
𝐸𝑠 =

∑

𝑘,𝑖
𝑒𝑠(𝑘, 𝑖),

𝑒𝑠(𝑘, 𝑖) =
∑

𝑐∈𝐶
𝑤𝑖(𝑐) ⋅ 𝑙𝑜𝑔(𝑝(𝐬𝑘 ∣ 𝐗𝑘,𝐌𝑖, 𝑠

𝑐
𝑘 = 𝑐)),

(39)

where 𝑤𝑖(𝑐) the class weight for landmark 𝑖. Direct semantic alignment 
approaches optimize over semantic probability maps, which can be 
more robust to lighting changes than photometric error alone [51]. In-
stead of merely aligning pixel intensities, methods such as SDVO [322] 
also use a direct semantic alignment approach, aligning semantic prob-
ability maps generated by segmentation networks, which are less sus-
ceptible to illumination changes. The semantic alignment error 𝐸𝑠𝑒𝑚 can 
be formulated as: 
𝐸𝑠 =

∑

𝑖∈
𝑤𝑠𝑐‖𝐏𝑠(𝑖) − 𝐏′

𝑠(𝑖
′)‖𝛾 , (40)

where 𝐏𝑠(𝑖) is the semantic probability vector at pixel 𝑖 in the current 
frame, 𝐏′

𝑠(𝑖
′) is the projected semantic probability vector from the map 

at the corresponding pixel 𝑖′, 𝑤𝑠𝑐  is the heuristic weighting factor 
for the semantic 𝑠𝑐 , and ‖ ⋅ ‖𝛾 is the Huber norm. CNN-SLAM [49] 
enhances a direct SLAM method - LSD-SLAM [323] by integrating a 
depth map predicted by a CNN. The system’s energy function includes 
a term that penalizes deviations from the CNN’s depth prediction, 
but the prediction’s uncertainty weights it. This allows the system to 
trust the geometric photometric alignment in high-gradient regions 
and fall back on the learned depth prior in textureless areas. Malleson 
et al. [303] formulated a semantic cost function based on pair-wise and 
MDL (minimum description length) formulation: 
𝐸𝑠 =

∑

𝑖∈
𝑐𝑖,𝑠𝑐𝑖 +

∑

𝑖𝑗∈
𝑉𝑖𝑗 (𝑠𝑐𝑖 , 𝑠

𝑐
𝑗 ) +

∑

𝑚∈
MDL𝑚, (41)

where ∑𝑖∈ 𝑐𝑖,𝑠𝑐𝑖  is data cost, which combines the mean of Euclidean 
distance between input point tracks and modeled point tracks with an 
incompleteness penalty, ∑𝑖𝑗∈ 𝑉𝑖𝑗 (𝑠𝑐𝑖 , 𝑠

𝑐
𝑗 ) is the smoothness cost, which 

calculates a cost for each edge 𝑖𝑗 in the total   edges in sufel graphs, 
and ∑𝑚∈MDL𝑚 is label cost, which adds a fixed cost for each label 
for each models in the set  with at least one point assigned to it.

On the other hand, when objects are represented as geometric 
primitives such as quadrics, planes, or text, the cost function can be 
formulated to optimize the parameters of these objects and the camera 
poses directly. Hosseinzadeh et al. [258] propose an object-aware BA 
where the cost function minimizes the reprojection error of both 3D 
points 𝑍𝑗 and points on the surface of object quadrics 𝑄𝑘. The error 
for a point on a quadric is the distance between the observed 2D point 
𝐱𝑖𝑘 and the projection of the 3D quadric: 
𝐸 =

∑

𝑖,𝑗
(‖𝜋(𝐗𝑖,𝐙𝑖)‖2∑

𝑖𝑗
) +

∑

𝑖,𝑘
(‖𝜋(𝐗𝑖, 𝑄𝑘)‖2∑

𝑖𝑘
), (42)

where 𝜋(𝐗𝑖,𝐙𝑖) is the projection of the 3D quadric 𝑄𝑘 into the camera 
frame with pose 𝐗𝑖. TextSLAM [263,324] uses a cost function that 
combines standard point reprojection error 𝐸𝑝𝑜𝑖𝑛𝑡 with a photometric 
error computed directly on planar text features 𝐸𝑡𝑒𝑥𝑡, anchoring pose 
estimates to these stable semantic landmarks. Yang et al. [294] also 
integrates the pixel-wise corner likelihood 𝐸𝑐𝑑 of corner information and 
pixel-wise edge likelihood 𝐸𝜀𝑑 of edge information into a semantic cost 
function.

By explicitly modeling semantic uncertainty and incorporating se-
mantic terms into optimization cost functions, these methods create a 
powerful synergy between geometric estimation and high-level scene 
understanding, leading to significant gains in robustness, accuracy, and 
overall capability.

6. Stage IV: Semantic data association

Data association is a crucial, often challenging, process of estab-
lishing correct correspondences between current sensor observations 
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and elements already stored in the map. It is the fundamental prob-
lem of answering the question: ‘‘Is this object I see now the same 
physical object I have seen before?’’. While traditional data association 
relies on geometric and appearance-based cues, semantics provide a 
powerful additional layer of information, making this process signifi-
cantly more robust and efficient. Table  6 compares geometric-based, 
semantic-constrained, probabilistic, and learning-based data associa-
tion methods, covering their matching criteria, uncertainty handling, 
and computational characteristics.

Mathematically, the data association problem can be framed as 
finding the optimal assignment hypothesis, ∗. The goal is to find the 
most likely set of pairings between measurements and landmarks: 
∗ = argmax


𝑃 ( ∣ 𝑡,𝑡−1). (43)

However, this formulation obscures the problem’s immense com-
binatorial complexity. For multiple measurements and landmarks, the 
number of possible association hypotheses is enormous, making a 
brute-force search computationally infeasible for any non-trivial sce-
nario. This inherent complexity is compounded by several signifi-
cant real-world challenges that introduce ambiguity, including percep-
tual aliasing, viewpoint and appearance variation, sensor noise and 
measurement uncertainty, and dynamic environments.

6.1. Geometric and appearance-based approach

Most modern SLAM systems use deterministic or score-based 
data association methods that are computationally efficient. These 
approaches typically combine multiple sources of information – 
semantic, geometric, and appearance – into a unified scoring function 
to determine the best match for an observation. This multi-cue 
approach mitigates the risk of relying on a single, potentially unreliable 
source of information. The fundamental idea is to first use the semantic 
class as a hard constraint to prune the search space drastically. A new 
observation is only compared against existing landmarks in the map. 
After this filtering, various cues are combined to score the remaining 
potential matches.

Sünderhauf et al. [16] and Zhang et al. [160] match 3D points 
in the landmark and temporary semantic object based on nearest 
neighbor search and k-d tree. This method, however, faces challenges 
in noisy or complex environments, where obstacles and the rapid 
motion of objects create uncertainty. Similarly, some studies [258,326] 
also match the projected landmarks with bounding boxes by using 
the Hungarian/Munkres [327] algorithm to find the optimal solution 
by minimizing the cost matrix. CubeSLAM [40] is a classic example 
that performs data association for both static and dynamic objects by 
finding the map candidate with the highest 2D bounding box IoU with 
the current detection. This is further refined by geometric distance 
checks and an optional appearance-similarity score, demonstrating a 
simple yet effective multi-cue approach. A sophisticated approach is to 
combine multiple cues in a weighted score explicitly. Mu et al. [328] 
introduce the concept of a nonparametric pose graph to address the 
challenge of data association and SLAM with an unknown number of 
objects and ambiguous data association. This method uses Dirichlet 
Process prior to model data associations 𝐷𝐙𝑘

𝐬𝑖 , allowing for the inference 
of objects 𝐬𝑖 and their association with observation 𝐙𝑘: 

𝑝(𝐷𝐙𝑘
𝐬𝑖 = 𝑖) = DP𝑖 =

⎧

⎪

⎨

⎪

⎩

𝑁𝐙𝑖
∑

𝑖𝑁𝐙𝑖+𝛼
1 ≤ 𝑖 ≤ 𝑁𝐬𝑖 ,

𝛼
∑

𝑖𝑁𝐙𝑖+𝛼
𝑖 = 𝑁𝐬𝑖 + 1,

(44)

where 𝑁𝐙𝑖  is the number of observation of the 𝑖th-object in the total of 
𝑁𝐬𝑖  objects, and 𝛼 is the concentration parameter of DP prior. Based on 
this paper, EAO-SLAM [55] proposes an ‘‘ensemble data association’’ 
score, which applies the Wilcoxon Rank-sum test to point cloud data 
and the Single-sample T-test to object centroids. The observation is 
associated with the map landmark that determines the null hypothesis 
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Table 6
Comparison of Semantic Data Association Methods in Semantic vSLAM. This table presents different approaches for establishing correspondences between 
observations and map elements, comparing their matching criteria, handling of uncertainty, and computational characteristics.
 Method Core approach Advantages Limitations Representative works  

Geometric-based Methods
 Nearest Neighbor Match based on geometric 

distance (Euclidean, 
Mahalanobis)

Simple, computationally 
efficient

Sensitive to noise, 
ambiguous in cluttered 
scenes

LSD-SLAM [323]  

 ICP Variants Iterative closest point 
alignment

Accurate for dense data, 
well-established

Local minima, requires 
good initialization

ElasticFusion [252], KinectFusion [325] 

Semantic-Constrained Methods
 Class-Constrained Matching Only match observations with 

the same semantic class
Reduced search space, fewer 
false matches

Fails with class confusion, 
misses cross-class 
associations

Bowman et al. [41], DS-SLAM [52]  

 Semantic Similarity Matching Match based on semantic 
feature similarity (e.g., CLIP 
embeddings)

Open-vocabulary capability, 
robust to appearance changes

Computationally expensive, 
requires feature extraction

ConceptFusion [71], FM-Fusion [72]  

Probabilistic Methods
 Maximum Likelihood Select association maximizing 

observation likelihood
Principled, handles 
measurement noise

Point estimate, ignores 
association uncertainty

CubeSLAM [40], Quadricslam [54]  

 Expectation-Maximization Iteratively estimate 
associations and states

Handles soft assignments, 
principled uncertainty

May converge to local 
optima, computationally 
intensive

Bowman et al. [41], Doherty et al. [84] 
by these scores. However, the performance of this method is highly 
dependent on the careful tuning of the pre-defined threshold, which 
may not be optimal across different environments or object types.

Chen et al. [259] employ a two-stage association strategy inspired 
by [328], combining FairMOT [329] for coarse geometric filtering 
with a Gaussian Mixture Model (GMM) [330] for fine-grained se-
mantic matching. Although effective for distinguishing similar objects, 
this hierarchical approach risks premature rejection during the coarse 
stage. Separately, recent systems have begun leveraging learned shape 
priors. With the advent of deep learning, some systems use learned 
shape priors. DSP-SLAM [331] uses a deep shape decoder to predict 
a low-dimensional shape code for each object. Data association is 
then performed by finding the mapped object with the most similar 
shape code, making the association more robust to textureless objects. 
The framework proposed by Wu 𝑒𝑡𝑎𝑙. [332] provides a comprehensive 
scoring function that combines 2D bounding box overlap, 3D object 
distance, and appearance similarity (from ORB features) to determine 
the best association. The object with the highest combined score is 
selected as the match. However, like other score-based methods, it 
relies on a challenging assignment, which can be brittle in ambiguous 
situations with multiple good candidates.

Geometric and appearance-based approaches typically achieve ef-
ficient computational performance for semantic data association in 
Semantic vSLAM. However, the primary weakness is that these methods 
make a single, ‘‘hard’’ decision for each association based on a score 
threshold. In ambiguous situations where multiple good candidates 
exist (e.g. two identical chairs nearby), this can lead to an incorrect 
match. Unlike probabilistic methods that can maintain multiple hy-
potheses, a single incorrect hard assignment can introduce a permanent 
error into the system. The performance of score-based methods is 
highly dependent on the careful tuning of weights and thresholds. 
These parameters are often hand-tuned for a specific environment or 
sensor setup and may not generalize well to new conditions, requiring 
tedious recalibration. The performance of the upstream object detector 
fundamentally limits these methods. A missed detection means no 
association can be made, and an incorrect class label will prevent a 
valid association by prematurely pruning the correct landmark from 
the search space at the first step.

6.2. Probabilistic approach

To overcome the brittleness of making ‘‘hard’’ decisions about the 
single best match, probabilistic frameworks compute a probability for 
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every potential association. This approach is more robust to the inher-
ent ambiguity in real-world scenes, as it does not have to commit to a 
single, possibly incorrect, correspondence. These methods are particu-
larly well-suited to integration into factor graph-based SLAM systems, 
where they can be represented as soft, probabilistic constraints.

A highly effective method, pioneered by Bowman et al. [41], is to 
treat data association and landmark class labels as latent variables, 
utilizing the EM algorithm. The EM algorithm offers an alternative, 
iterative approach to probabilistic association between two steps: (1) 
E-Step: given the current best estimates for the states of the mapped 
objects, this step computes the probability, or ‘‘responsibility’’, 𝛾𝑗 𝑖 that 
measurement 𝑗 originated from object 𝑘. This step associates observed 
semantic entities 𝐬𝑡 with existing map entries  and landmark position 
𝐿𝑖. The association likelihood can be written as: 
𝑝(𝑠𝑐𝑡 ∣ 𝐬𝑡,) ∝

∑

𝑖
𝛿(𝑠𝑐𝑡 = 𝑠𝑐𝑖 ) ⋅ I[𝐬𝑡 ∼ (𝐥𝑖, 𝑠𝑐𝑖 )], (45)

where 𝛿 is the Kronecker delta and I is an indicator function measuring 
similarity [41]. (2) M-Step: using these responsibilities as weights, this 
step updates the state of each object (e.g. pose, shape, velocity) by 
computing a weighted average over all measurements. This step is 
formulated as a nonlinear least squares problem by combining multiple 
factors, including semantic factors 𝑓 𝑠𝑘𝑗 (𝐗𝑖, 𝐿𝑗 ) for each landmark 𝑗, 
geometric factors 𝑓 𝑦𝑗 (), and inertial factors 𝑓

𝑖 (): 

𝐗̂1∶𝑇 , 𝐿̂1∶𝑀 = argmin
 ,𝐿1∶𝑀

𝐾
∑

𝑘=1

𝑀
∑

𝑗=1
𝑓 𝑠𝑘𝑗 ( , 𝐿1∶𝑀 )

+
𝑁𝑦
∑

𝑖=1
𝑓 𝑦𝑖 () +

𝑇−1
∑

𝑡=1
𝑓
𝑡 ().

(46)

EM-Fusion [333] uses an EM framework for robustly tracking mul-
tiple dynamic objects, where the responsibilities help to handle oc-
clusions and complex interactions. Parkison et al. [334] propose a 
Semantic ICP algorithm, where EM is used to find the optimal align-
ment between two point clouds. The semantic labels are incorporated 
into the E-step to influence the correspondence probabilities, making 
the alignment process more robust to poor initializations. The joint 
likelihood based on residual information  is formulated as: 
𝑝(, , ∣ ) ∝ 𝑝(, ∣ ,)𝑝( ∣ ,)𝑝( ∣ ). (47)

Doherty et al. [83] propose the use of multimodality for posterior 
inference over poses and landmarks, given a factor graph to accommo-
date non-Gaussian variables using nonparametric belief propagation, 
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which approximates the belief over continuous state variables using 
Gibbs sampling and kernel density: 
𝑝( , ∣ ) ∝

∏

𝜑
( ,,)

∏

𝜓
𝜓( ,). (48)

where 𝜑 and 𝜓 are a measurement factor and a prior factor, re-
spectively. Another approach by Doherty et al. [84] uses the ‘‘max-
marginal’’ instead of the ‘‘sum-marginal’’ to mitigate the effects of data 
association errors while preserving the Gaussian nature of the problem. 

𝑝( , ∣ ) ∝
∏

𝑖
𝑓𝑖(𝑉𝑖), 𝑉𝑖 ∈ { ,}. (49)

In a factor graph, this creates a single, non-Gaussian factor for 
each measurement that connects to the robot pose and all potential 
landmark matches. The negative log-likelihood of this mixture model 
is minimized as the factor’s cost. This makes the system extremely 
robust to outliers and ambiguity. If a measurement is geometrically and 
semantically consistent with two different landmarks, it will contribute 
a partial constraint to both, avoiding a risky, hard assignment. This 
framework has been extended to multimodal SLAM, where semantic 
labels from different sensors are fused within the probabilistic asso-
ciation. However, this method requires evaluating each measurement 
against every plausible landmark in the map. In large-scale environ-
ments with thousands of landmarks, this can become a significant bot-
tleneck. Michael et al. [85] directly address this challenge by proposing 
several approximations to make probabilistic data association scalable. 
These include considering only a local subset of landmarks for asso-
ciation (e.g., within a radius of the robot) and using multi-resolution 
semantic maps to perform coarse-to-fine association. These optimiza-
tions significantly reduce the computational burden without sacrificing 
too much of the robustness that makes the probabilistic approach 
intensively powerful. Sünderhauf et al. [54,110] factor the conditional 
probability distribution as: 
𝑃 ( , ∣ ,) ∝

∏

𝑖
𝑃 (𝐗𝑖+1 ∣ 𝐗𝑖,𝐙𝑖)

∏

𝑖𝑗𝑘
𝑃 (𝑄𝑗 ∣ 𝐗𝑖, 𝐿𝑖𝑗𝑘),

(50)

where  and  are the set of quadric and line, respectively. The optimal 
𝑋∗, 𝑄∗ are sought as optimal values based on maximum a posteriori 
(MAP). Zhang et al. [335] propose a hierarchical topic model in which 
an object is analogous to a document, semantic classes to topics, and 
visual features (e.g., SIFT words) to words. Data association is then 
performed by calculating the probability that a new observation (a 
‘‘document’’ of ‘‘words’’) belongs to an existing object ‘‘document’’ 
based on their shared ‘‘topic’’ and ‘‘word’’ distributions. This allows the 
system to reason about object identity at a higher level of abstraction.

In multi-robot SLAM, data association must also occur between 
the maps of different robots. Yue et al. [306] and Deng et al. [307] 
propose hierarchical frameworks where this association is based on 
both geometric consistency and semantic similarity. The semantic sim-
ilarity between two matched objects or voxels, with class distributions 
𝑝𝑖(𝑠𝑐 ) and 𝑝𝑗 (𝑠𝑐 ), can be quantified using the Kullback–Leibler (KL) 
divergence: 

𝐷𝐾𝐿(𝑝𝑖 ∣∣ 𝑝𝑗 ) =
∑

𝑐
𝑝𝑖(𝑠𝑐 ) log

𝑝𝑖(𝑠𝑐 )
𝑝𝑗 (𝑠𝑐 )

. (51)

A low KL divergence indicates high semantic similarity, increasing 
the probability of a correct association. In these collaborative map-
ping frameworks, a server agent can aggregate submaps from multiple 
robots, solve this large-scale data association problem to find the 
correct global alignment of all maps, and then fuse them into a unified 
global semantic map.

Despite their robustness, probabilistic data association frameworks 
face significant limitations. Performance relies heavily on upstream per-
ception, missed detections or misclassifications can zero out association 
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weights, preventing correct matches regardless of geometric proximity. 
Computational cost scales rapidly with map size, making real-time 
operation in object-rich environments difficult without approximations 
like local sub-maps, which trade robustness for speed. Initialization 
sensitivity in iterative methods like EM can lead to local minima and in-
correct associations. Furthermore, environments with identical objects 
(e.g., rows of chairs) remain challenging, as semantic and geometric 
cues may fail to distinguish instances, leading to ambiguous maps. 
Finally, dynamic occlusions can cause hypothesis explosions and track 
switching when motion models are insufficient.

6.3. Advanced data association contexts

Beyond associating static objects in a scene, data association meth-
ods must handle more complex scenarios, including dynamic objects, 
articulated models, and long-term changes. This requires more ad-
vanced reasoning and contextual understanding. In dynamic environ-
ments, data association is synonymous with tracking—maintaining a 
consistent label 𝑠𝑐𝑖  for each object over time, regardless of its motion. 
DynaSLAM II [239] is a seminal work that tightly couples the tracking 
of multiple dynamic objects with the camera’s ego-motion estimation. 
Data association involves matching new object segmentation from Mask 
R-CNN to existing object tracks. This is guided by a motion model 
(e.g., constant velocity), which predicts the object’s bounding box in 
the current frame. The IoU between the predicted and detected boxes 
is then used to establish the correspondence. These methods enhance 
accurate tracking and real-time performance, but their reliance on a 
simple motion model may fail for objects with abrupt or nonlinear 
motion, leading to track loss. MID-Fusion [172] formulates a cost 
matrix between newly observed object segments and existing dynamic 
object models in the map. The cost 𝐶(𝐬𝑖,𝐌𝑘) for associating segment 𝑖
with model 𝑘 combines a geometric term and a semantic consistency 
term. While effective for robust camera tracking, continuous object 
information estimation, and real-world applications, the computational 
complexity of solving the assignment problem scales with the number 
of objects and detections, which can be a bottleneck in highly cluttered 
scenes.

Instead of relying on a top-down object detector, Iqbal and 
Gans [336] use a nonparametric clustering algorithm like DBSCAN 
applied to low-level feature points to group them into spatial clusters. A 
data association step then matches these geometric clusters to existing 
object models in the map. While this method can discover novel 
objects, it cannot assign them a semantic label without an additional 
classification step. Compositional Object SLAM [257] performs data 
association at the part level. This allows for robust tracking even when 
the object’s overall configuration changes. However, this approach 
requires pre-defined part-based models for each object class, which 
can be difficult and time-consuming to create. PS-SLAM [180] 
associates panoptic ‘‘things’’ by verifying overlap with reprojected 
dynamic objects. High overlap links instances to existing tracks, while 
insufficient overlap initializes new ones. However, this strict reliance 
on segmentation quality renders the system vulnerable to failures 
caused by fragmented or incorrect masks.

In summary, advanced data association methods provide robust 
tracking and improved efficiency in complex environments. However, 
tracking methods for dynamic scenes often rely on simplified motion 
models. These models are insufficient for capturing complex, non-
linear, or abrupt motions, which can lead to lost tracks or incorrect 
associations. In addition, the requirement for a priori models and the 
lack of semantics in unsupervised methods limit the usefulness of the 
resulting map for higher-level semantic tasks, unless an additional 
classification stage is incorporated. The effectiveness of these spe-
cialized methods may be limited to the specific contexts for which 
they were designed. A part-based model for a chair will not help 
with a rigid object, and a dynamic object tracker adds unnecessary 
computational overhead in a static scene. Furthermore, the complexity 
of managing and associating data for a large number of dynamic, 
articulated, or collaboratively mapped objects remains a significant 
scalability challenge.
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Table 7
Comparison of Semantic Loop Closure and Optimization Methods in Semantic vSLAM. This table summarizes different approaches for detecting revisited places 
and optimizing the global map, comparing their detection strategies, semantic utilization, and optimization frameworks.
 Method Core approach Advantages Limitations Representative works  

Place Recognition Methods
 Global Descriptors Holistic image representation 

(NetVLAD, GeM)
Viewpoint robust, compact 
representation

May miss fine-grained 
differences, training 
required

NetVLAD [192], 
CosPlace [338]

 

 Semantic BoW Bag-of-words with semantic 
object categories

Object-level matching, 
appearance invariant

Requires reliable object 
detection, coarse matching

Arshad et al. [120], 
Gawel et al. [339]

 

 Scene Graph Matching Match semantic scene graph 
structures

Structural similarity, 
relationship-aware

Graph matching complexity 
requires accurate graphs

Hydra [58], 
ConceptGraphs [73]

 

Geometric Verification
 RANSAC-based Robust estimation with outlier 

rejection
Effective outlier handling, 
widely applicable

Computational cost, may 
fail with high outlier ratio

ORB-SLAM [12], 
VINS-Mono [340]

 

 Semantic Consistency 
Check

Verify semantic label 
consistency between 
candidates

Reduces false positives, 
efficient filtering

Dependent on 
segmentation quality

Yu et al. [118], Cao et 
al. [119]

 

Back-End Optimization
 Pose Graph 
Optimization

Optimize poses with relative 
pose constraints

Efficient, decoupled from 
mapping

Does not refine landmarks, 
may accumulate errors

g2o [45], GTSAM [47]  

 Bundle Adjustment Joint optimization of poses 
and 3D structure

Globally consistent, refines 
geometry

Computationally expensive, 
scalability issues

Ceres [341], iSAM2 
[342]

 

 Factor Graph with 
Semantics

Include semantic factors in 
optimization

Unified geometric-semantic 
optimization

Complex factor design, 
increased dimensionality

Bowman et al. [41], 
Rosinol et al. [57]

 

 Semantic Map 
Correction

Propagate loop closure to 
semantic labels

Consistent semantic map after 
correction

Label re-fusion overhead, 
potential conflicts

Kimera [57], Hydra 
[58]

 

7. Stage V: Loop closure optimization for semantic vSLAM

While sequential tracking and mapping build a locally consistent 
view of the environment, the incremental nature of this process in-
evitably leads to the accumulation of minor errors. Over long tra-
jectories, this results in significant drift, where the robot’s estimated 
pose and the map become increasingly inaccurate and inconsistent. 
Loop closure is the process of recognizing a previously visited place, 
estimating accumulated drift, and correcting the map and trajectory 
to enforce global consistency. It is the critical step that transforms a 
locally accurate trajectory into a globally correct map. Traditionally, 
loop closure has been achieved using appearance-based place recog-
nition methods like Bag-of-Words (BoW) [337], which are susceptible 
to perceptual aliasing and viewpoint changes. Semantics provides a 
higher-level, more robust source of information for both detecting loop 
closures and optimizing the map afterward. This section details how 
semantics enhance loop closure detection (Section 7.1) and the subse-
quent pose graph optimization (Section 7.2). Table  7 summarizes loop 
closure detection strategies and back-end optimization approaches, 
including place recognition methods, geometric verification techniques, 
and semantic-aware optimization frameworks

7.1. Semantic loop closing

Detecting a loop is the first and most critical step in achieving 
global consistency. Traditional place recognition methods, which rely 
on matching low-level visual features, are often brittle and prone 
to failure under significant viewpoint changes or perceptual aliasing 
(where different places appear visually similar). Semantic information 
provides a higher level of abstraction, enabling the system to recognize 
high-level scene understanding based on its meaning and structure, 
which is inherently more robust.

A common and effective strategy is to combine traditional 
appearance-based methods with a semantic consistency check, which 
leverages the speed of appearance-based matching while using 
semantics as a powerful verification step to reject false positives. 
First, an appearance-based method generates a set of loop closure 
candidates. Second, each candidate is scored for semantic consistency. 
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CALC2.0 [343] computes a semantic score based on the similarity 
score of two corresponding observations to determine a loop closure. 
Arshad and Kim [120] propose a weighted fusion of similarity scores 
to improve robustness. The similarity score 𝑅𝑠(𝐙𝑖,𝐙𝑗 ) for semantic loop 
closure can be defined as: 

𝑅𝑠(𝐙𝑖,𝐙𝑗 ) =
𝑁
∑

𝑘=1
𝑤𝑘 ⋅ R(𝐬𝑖,𝑘, 𝐬𝑗,𝑘), (52)

where 𝑤𝑘 is a weighting factor, and R(⋅, ⋅) is a similarity metric like 
the Jaccard index and cosine similarity of semantic embeddings. Hu 
et al. [344] and SV-Loop [345] propose a similar fusion, where the 
final similarity is a weighted sum of the BoW score and a semantic 
score derived from the consistency of detected object labels. This 
strategy is also effective in specialized environments, such as a forest, 
where semantic cues like ‘‘trunk’’ and ‘‘canopy’’ are used to verify 
loop closures proposed by an appearance-based method. This hybrid 
approach maintains the efficiency of traditional methods while signif-
icantly improving precision by rejecting geometrically plausible but 
semantically inconsistent matches. It is still fundamentally reliant on 
the initial appearance-based candidate generation. If the BoW model 
fails to propose the correct loop closure candidate due to extreme 
viewpoint or illumination changes, the semantic check cannot recover 
from this failure.

To address this challenge, some studies integrate semantic informa-
tion directly into the BoW model to generate more distinctive visual 
words, rather than treating semantics as a separate verification step. 
A ‘‘semantic visual vocabulary’’ is created where each visual word 
is associated not only with its appearance but also with a semantic 
label [346]. However, this approach is constrained by the pre-trained 
visual vocabulary’s limitations, which limit its applicability in real-
world environments. By clustering the description vector along with 
the robot’s navigation component to enhance visual word genera-
tion, system accuracy improves at the expense of computational cost. 
Papapetros et al. [347] tightly integrate semantics into the Bag-of-
Words (BoW) model by assigning the semantic class of the region 
where a feature was extracted to its visual word. This makes the 
descriptor more discriminative and helps resolve initial perceptual 
aliasing. However, this approach risks discarding useful information, 



T.N. Canh et al. Robotics and Autonomous Systems 203 (2026) 105535 
particularly for features at region boundaries or in areas with am-
biguous segmentation. Alternatively, a 3D semantic graph shifts the 
paradigm from matching holistic scene appearance to matching the 
spatial arrangement of semantic objects, which is often more robust 
to viewpoint changes. In this graph, nodes represent object instances 
and edges define their spatial and topological relationships, allowing 
a place to be described as a ‘‘constellation’’ of objects. Loop closure is 
then detected by finding a structural match (an isomorphism) between 
the graph of the current scene and a previously constructed graph in the 
map. SemanticTopoLoop [295] builds a topological graph from object 
landmarks (quadrics) and calculates a similarity score between a query 
graph 𝐺𝑞 and a candidate graph 𝐺𝑐 : 

𝑅(𝐺𝑞 , 𝐺𝑐 ) = 𝑅𝑐 + 𝜌𝑅𝑠, (53)

where 𝑅𝑐 is the spatial semantic similarity and 𝑅𝑠 is the topology 
structure similarity based on the consistency of topological relation-
ships. SemanticLoop [118] and the work by Lin et al. [122] also use 
similar graph-matching approaches, which calculate matching reward 
based on vertex similarity and edge similarity. This approach achieves 
efficient drift correction under drastic scene and viewpoint changes, 
but accuracy and robustness can be affected by partially reconstructed 
areas and the challenges of the outdoor environment.

Qian et al. [121] introduce a 3D semantic covisibility graph where 
edges encode object co-visibility from keyframes, adding robust topo-
logical constraints. This structural approach relies on scene geome-
try rather than appearance, ensuring high robustness to viewpoint 
and illumination changes while handling minor environmental shifts 
(e.g., moved furniture) via partial graph matching. However, it may fail 
in sparse environments. Furthermore, because graph matching is NP-
hard (Nondeterministic Polynomial-time), even with heuristics, it can 
be computationally expensive for very large graphs. Xiao et al. [348] 
apply a similar two-stage approach using 360 ◦ panoramic images. 
After candidate retrieval, they project the query image’s semantic 
segments into the candidate image’s frame. The final score combines 
visual similarity and the ratio of reprojection-consistent semantic pix-
els, effectively measuring how well the semantic layouts align. This 
method makes the place descriptor more viewpoint-invariant from the 
outset, but it requires specialized panoramic-camera hardware and 
does not apply to standard monocular or stereo SLAM systems. Kim 
and Kim [349] propose a method where, after an initial set of loop 
candidates is generated, a semantic consistency check is performed. 
They compute a semantic score based on the uniqueness score of 
semantic object labels between the query and candidate frames. Singh 
et al. [350] propose a two-level descriptor for this study. The top-level 
‘‘Semantic-Geometric Descriptor’’ (SGD) is a histogram that encodes the 
types and relative poses of objects in the scene. The lower-level de-
scriptor captures local geometric details. A coarse search is performed 
efficiently with low-dimensional SGD, and only the top candidates 
are then compared via the more expensive fine-grained matching. 
This approach is highly efficient and scalable, as it avoids costly ge-
ometric comparisons for the vast majority of non-matching keyframes. 
However, performance depends on the distinctiveness of the high-
level semantic constellations. In environments with many repetitive 
yet semantically similar areas (e.g., a street with identical bus stops), 
the top-level filter may be ineffective. Chen et al. [351] focus on this 
problem in industrial settings. Their method first performs a coarse 
loop closure detection using object detection to identify all objects 
in both the query and candidate frames. By comparing the object 
IDs, it explicitly identifies objects that have moved or been removed 
between the two views. These inconsistent instances are masked out, 
and the final geometric verification for the loop closure is performed 
only on the stable, static parts of the scene. In addition, to handle 
extreme viewpoint variations, PRIOR-SLAM [352] uses a novel view 
synthesis approach. It generates a canonical view of the scene from 
the current keyframe’s observation. Loop closure is then performed 
by matching these canonical views, which are much more consistent 
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across different robot trajectories than the original egocentric views. 
The similarity score is computed from a learned descriptor of the 
synthesized canonical image.

In summary, integrating semantics into loop closure detection rep-
resents a significant evolution from simple appearance matching to a 
more robust form of scene understanding. The various strategies, from 
using semantic labels to verify appearance-based candidates, building 
hierarchical descriptors for efficient search, to matching object constel-
lations and scene graphs for viewpoint invariance, all contribute to a 
common goal: improving the accuracy and robustness of semantic loop 
closure detection. By providing a higher level of abstraction, semantics 
help overcome the key limitations of traditional methods, especially in 
challenging real-world scenarios involving perceptual aliasing, dynamic 
elements, and extreme viewpoint or illumination changes.

7.2. Semantically-informed pose graph optimization

Once a loop closure has been detected between the current robot 
pose 𝐱𝑖 and a previous pose 𝐱𝑗 , a loop closure constraint is added to 
the pose graph. This constraint represents the relative transformation 
𝛥𝑇𝑖𝑗 between two poses. The final step is to optimize the pose graph 
to find the configuration of all robot poses that best satisfies both the 
sequential odometry constraints and the new loop closure constraints, 
thereby distributing the correction across the entire trajectory. Se-
mantic enhances this back-end optimization by providing more robust 
constraints and a richer multi-layer optimization problem. A typical 
SLAM back-end is formulated as a factor graph, a graphical model 
in which nodes represent robot poses and landmark positions, and 
factors represent constraints between them. The optimization problem 
to find the set of poses 𝐗∗ and landmark positions 𝐋∗ that minimizes a 
non-linear least squares cost function is represented as: 
𝐗∗,𝐋∗ = argmin

𝐗,𝐋

∑

(𝑖,𝑗)∈𝐺

‖𝑒(𝐗𝑖,𝐗𝑗 ), 𝛥𝑇𝑖𝑗‖2𝛺𝑖𝑗
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

odometry constraints

+

∑

(𝑘,𝑙)∈𝐿

‖𝑒(𝐗𝑘,𝐗𝑙), 𝛥𝑇𝑘𝑙‖2𝛺𝑘𝑙
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟

loop closure constraints

+

∑

(𝑖,𝑚)∈𝑀

‖𝑒(𝐗𝑖,𝐗𝑚), 𝐳𝑖𝑚‖2𝛺𝑖𝑚
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
landmark measurement constraints

,

(54)

where 𝑒(⋅) is an error function, and 𝛺 denotes the information matrix 
(inverse covariance) representing the confidence in the constraint. 
When the objects are used as landmarks, they provide strong geometric 
constraints. If a loop closure is established by matching several objects, 
the relative transformation can be computed by finding the rigid body 
transform that best aligns these matched objects. Furthermore, objects 
with known shapes (e.g., from a CAD model or a learned prior) can be 
used to add object pose constraints to the graph. The error term for 
an object observation is the difference between the object’s properties 
and the projection of its 3D model into the camera frame. VSO [51] 
includes a semantic error term in its optimization that penalizes as-
signing a 3D map point to a semantic class that is inconsistent with 
the image segmentation, effectively adding a soft semantic constraint to 
the graph. SemanticLoop [118] uses alignment from its graph matching 
to generate a highly reliable pose constraint for the loop closure. 
Iqbal and Gans [336] use nonparametric clustering to form object-
level landmarks from low-level features. These object landmarks are 
then used as nodes in the pose graph optimization. This approach 
enables object-level constraints without relying on a pre-trained object 
detector, making it adaptable to novel environments. VPS-SLAM [212] 
is designed for aerial robots and uses semantic segmentation to identify 
these planes. It adds planar constraints to the pose graph, where 
the error term is the point-to-plane distance between observed 3D 
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points and the corresponding plane model in the map. This provides 
strong geometric stability, especially for correcting drift in height and 
orientation.

In addition, richer semantic representations, such as 3D scene 
graphs, enable a transition from a single-layer pose graph to a more 
complex, hierarchical optimization problem. Hydra [58] builds a hier-
archical system with a three-layered graph: a low-level graph of agent 
poses and features, a mid-level graph of object and place nodes, and a 
high-level graph of building structures. The optimization problem then 
involves minimizing errors across all these layers simultaneously. This 
includes not only the standard geometric errors but also inter-layer 
consistency errors, such as ensuring that an object node is contained 
within the correct room node. Agrawal et al. [353] propose a ‘‘hybrid’’ 
optimization that combines the continuous optimization of the pose 
graph with a discrete optimization over the semantic graph. After stan-
dard pose graph optimization, a second stage optimizes the semantic 
labels and relationships in the scene graph to ensure consistency with 
the newly optimized geometry. This iterative process allows geometric 
and semantic information to refine each other mutually. However, the 
optimization problem is significantly more complex. Solving multi-
layered, hybrid continuous/discrete optimization problems in real-time 
is a significant computational challenge and an active area of research.

In summary, semantically-informed pose graph optimization en-
riches the traditional SLAM back-end by adding a wealth of new 
constraints derived from a high-level understanding of the scene. By in-
corporating features from objects, planes, and topological relationships, 
these methods can achieve global accuracy and semantic consistency 
that are unattainable with purely geometric approaches.

8. Deep learning-based and foundation models approaches

While the previous sections have discussed the integration of se-
mantic modules into traditional SLAM architectures, recent years have 
witnessed a significant evolution toward learning-based approaches. 
These methods harness the representational power of deep learning 
(DL) and, more recently, foundation models (FMs) to improve or even 
replace key SLAM components, offering more flexible and generalizable 
solutions. The approaches range from supervised learning on specific 
tasks to open-world reasoning enabled by vision-language models.

8.1. Deep learning (DL)

Deep learning techniques, particularly convolutional and recurrent 
neural networks, are now widely adopted as perception front-ends 
in SLAM systems. These models are trained on large-scale annotated 
datasets to predict semantics, depth, optical flow, and ego-motion. In a 
generalized form, learning-based SLAM can be expressed as: 
(̂𝑡,̂) = 𝑓𝜃(1∶𝑡,1∶𝑡), (55)

where 𝑓𝜃 is a deep neural network,  denotes sensor observations, 
and   control inputs [354]. In monocular settings, estimating the 
world scale and handling dynamic objects are major challenges. CNN-
SLAM [49] was a pioneering work that integrated a CNN-based depth 
prediction network directly into a direct LSD-SLAM [323] framework. 
The system’s energy function combines a standard photometric error 
with a depth consistency error weighted by the uncertainty of the CNN’s 
prediction. This allows the system to trust the geometric photometric 
alignment in high-gradient regions and fall back on the learned depth 
prior in textureless areas. MonoRec [355] proposes a self-supervised 
approach that jointly estimates camera motion, depth, and dynamic 
object motion, effectively disentangling ego-motion from scene motion. 
This demonstrates a holistic learned approach to disentangling camera 
motion from object motion. VLocNet++ [356] is a deep multitask learn-
ing architecture that jointly learns semantic segmentation, global pose 
regression, and visual odometry. The network uses a shared encoder 
to extract common features and then branches into separate decoders 
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for each specific task. The total loss is a weighted combination of the 
individual task losses, for example, the global pose loss 𝑝 and the 
semantic segmentation loss 𝑠: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝛼1𝑝 + 𝛼2𝑠. (56)

Several studies [35,37,38] utilize DNNs to predict robot poses di-
rectly from semantic-rich inputs, allowing the system to learn ro-
bust semantic-geometric relationships from data implicitly. In addi-
tion, a recent trend is to move from modular pipelines to end-to-
end learned frameworks that jointly estimate geometry and semantics. 
SimVODIS [357] and SimVODIS++ [358] propose a single neural archi-
tecture that simultaneously performs visual odometry, object detection, 
and instance segmentation. This multi-task learning allows the network 
to leverage shared representations. The pose and depth branches are 
trained in a self-supervised manner using photometric consistency, 
while the semantic branches are supervised. SimVODIS++ further in-
troduces an attentive pose estimation module that learns to focus on 
salient and likely static regions, effectively ignoring dynamic objects 
without explicit masking. BEV-Locator [39] proposes an end-to-end net-
work that transforms multi-view images into a Bird’s-Eye-View (BEV) 
representation. This visual BEV feature map is then directly matched 
against a pre-existing semantic BEV map to regress the camera pose. 
Although promising, these systems are often limited to the training 
distribution.

In summary, these methods are fundamentally limited by the su-
pervised learning paradigm. The scale and diversity of the annotated 
training data constrain their performance. A model trained on an 
indoor dataset may perform poorly in an outdoor driving scenario. This 
dependency on labeled data is a significant bottleneck for creating truly 
general-purpose SLAM systems and motivates the recent shift towards 
foundation models, which learn from much broader, web-scale data.

8.2. Foundation model

The most recent and disruptive trend in AI is the rise of large-scale, 
pre-trained Foundation Models, particularly Vision-Language Models 
(VLMs) like CLIP, which are trained on web-scale datasets of image-text 
pairs. Their emergence is a paradigm shift for Semantic vSLAM, moving 
the field from a ‘‘closed-world’’ assumption (with a small, predefined 
set of object classes) to an ‘‘open-world’’ or ‘‘open-vocabulary’’ setting. 
Instead of relying on a detector trained on a fixed set of classes, a VLM 
can be prompted with arbitrary natural language text to detect virtually 
any object. This is achieved by comparing the embedding of an image 
region with the text embedding of the query. The similarity 𝑅 between 
an image patch 𝐼 and a text query 𝑇  is typically calculated as the cosine 
similarity of their respective embeddings, 𝐸𝐼  and 𝐸𝑇 , produced by the 
foundation model: 

𝑅(𝐼, 𝑇 ) =
𝐸𝐼 ⋅ 𝐸𝑇

‖𝐸𝐼‖ ⋅ ‖𝐸𝑇 ‖ + 𝜖
. (57)

The primary impact of foundation models is the ability to build 
dense, queryable 3D maps that are not limited to a predefined set of 
classes. ConceptFusion [71] was a pioneering work that demonstrated 
how to fuse open-set CLIP features from multiple views into a globally 
consistent 3D map, creating a rich, multi-modal feature field that can be 
queried with text or images. FindAnything [359] and LOSS-SLAM [74] 
build on this by creating lightweight, open-vocabulary, and object-
centric mapping frameworks. They use a Segment Anything Model 
(SAM) to generate class-agnostic segments and then fuse the associated 
VLM features of these segments into volumetric submaps, creating maps 
that are both dense and queryable. These methods typically fuse high-
dimensional pixel-aligned features with 3D point clouds or meshes 
using volumetric fusion or learned neural fields:
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𝐟𝑝 = 1
𝑁

𝑁
∑

𝑖=1
(𝑔𝜙(𝐼𝑖))[𝑢𝑖], (58)

where  projects image features to the 3D map, 𝑔𝜙 is the feature 
encoder (e.g., CLIP), and 𝑢𝑖 is the pixel coordinate corresponding to 3D 
point 𝑝 in image 𝐼𝑖. However, CLIP and SAM require significant GPU 
memory and latency, limiting onboard deployment. This approach has 
also been applied to real-time panoptic reconstruction, as demonstrated 
by PanoRecon [281], which fuses such open-set semantic features into 
a panoptic 3D map.

Foundation models enable the construction of more abstract and 
structured representations like 3D Scene Graphs with open-ended se-
mantic nodes. While earlier works like Wald et al. [311] and Scene-
GraphFusion [292] laid the groundwork for incrementally building 3D 
scene graphs from RGB-D data with a fixed set of classes, founda-
tion models have enabled a shift to open-vocabulary graphs. Concept-
Graphs [73] builds a 3D scene graph where object nodes are associated 
not with a fixed class label, but with open-vocabulary ‘‘concepts’’ 
derived from VLM features. QueSTMaps [255] focuses on creating 
queryable semantic topological maps where each node in the topolog-
ical map is associated with a local scene graph. While these methods 
achieve efficient performance on 3D representations, high-dimensional 
features lack precise spatial anchoring, which complicates drift correc-
tion and map updates. This hierarchical structure allows for efficient, 
language-based queries about both the high-level structure of the envi-
ronment and the detailed object relationships within a specific place. 
Clio [313] proposes a task-driven approach in which the robot uses a 
VLM to determine which semantic information to include in its scene 
graph based on a list of tasks provided in natural language, addressing 
the key question of the required semantic granularity. In addition, 
Hier-SLAM [90] and Hier-SLAM++[76] use an LLM to generate a 
hierarchical tree of semantic concepts (e.g., chair → seating furniture →
furnishings) to support coarse-to-fine reasoning and memory-efficient 
learning. This symbolic knowledge graph is then used to produce com-
pact, hierarchical semantic embeddings for each 3D Gaussian primitive. 
A novel semantic loss function is used during optimization to ensure 
that the learned semantic features are consistent both within and across 
the levels of this hierarchy, creating a highly structured and efficient 
semantic map. The semantic class can be expressed hierarchically as: 
𝑠𝑐𝑖 = {𝑣𝑙𝑖 , 𝑒

𝑚
𝑖 | 𝑙 = 0,… , 𝐿;𝑚 = 0,… , 𝐿 − 1}, (59)

where 𝑣𝑙𝑖 is the node at level 𝑙 and 𝑒𝑚𝑖  represents hierarchical semantic 
links. Li et al. [360] used VLMs to resolve the perceptual aliasing that 
plagues loop closure in repetitive environments. By querying the model 
with images of two visually similar locations, the VLM can provide fine-
grained textual descriptions that highlight subtle differences (e.g., ‘‘the 
desk with a blue pen’’), enabling the system to reject false loop closures 
correctly. However, assigning per-point features leads to large memory 
footprints, limiting scalability to large scenes. SENT-Map [297] exploits 
LLMs to create topological or task-driven maps stored in structured 
formats and used for symbolic task planning. These maps encode not 
only geometry and semantics but also ownership, affordances, and 
scene-level context. LEXIS [75] leverages VLMs to allow for loop clo-
sures to be initiated via language queries. For example, a user could 
command the robot to ‘‘return to the room with the red chair’’. The 
system then uses a Vision-Language Model (VLM) to ground this query, 
identifying past keyframes that match the description and using them 
as high-confidence loop closure candidates. However, it is not a fully 
autonomous loop closure system and relies on a human operator to 
provide the language-based cues for initiating the search.

In summary, foundation models are revolutionizing the perception 
and reasoning capabilities of SLAM systems, pushing them from simple 
geometric mappers with a fixed set of classes towards genuine open-
world, language-grounded scene understanding systems. While open-
set in capability, many models still fail in ambiguous, repetitive, or 
occluded environments without further fine-tuning. To bridge language 
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and geometry effectively, future directions include neuro-symbolic fu-
sion, scene graphs, and compact embeddings. Combining CLIP fea-
tures with learned scene embeddings [292] or using memory-efficient 
retrieval architectures [72] offers promising directions.

9. Continuous representation

Traditional SLAM systems have relied on discrete map representa-
tions like point clouds, voxel grids, or meshes. While effective, these 
representations can be memory-intensive and may struggle to represent 
complex geometry and appearance in a continuous and photorealistic 
manner. As detailed in the recent survey by Tosi et al. [361], a 
paradigm shift has occurred towards continuous representations, where 
the scene is modeled not as a discrete set of elements, but as a contin-
uous function. These learned functions, often parameterized by neural 
networks or other primitives, can store geometry and appearance at 
arbitrary resolutions, enabling high-fidelity rendering and novel view 
synthesis. This section reviews the main categories of continuous repre-
sentations emerging in the SLAM field: neural implicit representations, 
3D Gaussian splatting, and hybrid approaches.

9.1. Neural implicit representation

Neural implicit representations model a scene as a continuous func-
tion 𝑓 that maps a 3D coordinate (and potentially a viewing direction) 
to a physical property, such as occupancy, signed distance, or color 
and density based on Neural Radiance Fields (NeRFs) [362]. Neural 
Radiance Fields represent scenes as continuous volumetric functions 
parameterized by neural networks, typically multi-layer perceptions 
(MLPs), that map 3D spatial coordinates and viewing directions to 
color and volume density values. Novel views are rendered through 
differentiable volumetric ray marching, enabling photorealistic image 
synthesis from arbitrary viewpoints. A NeRF learns a mapping 𝑓𝜃 ∶
R3 × R𝑑 → R𝐶 × R, with 𝐝 the viewing direction, and 𝜎 the volume 
density: 
(𝐗,𝐝) → (𝜎, 𝐬𝑐 ). (60)

This mapping is parameterized by the weight 𝜃 of a Multi-Layer Percep-
tron (MLP). To render a pixel, volumetric rendering is used to integrate 
the semantic color and density predictions along a camera ray 𝐫(𝑡) =
𝐨 + 𝑡𝐝 passing through that pixel: 

𝐶(𝐫) = ∫

𝑡𝑓

𝑡𝑛
𝑇 (𝑡)𝜎(𝐫(𝑡))𝐬𝑐 (𝐫(𝑡),𝐝)𝑑𝑡,

𝑇 (𝑡) = exp
(

−∫

𝑡𝑓

𝑡𝑛
𝜎(𝐫(𝑠))𝑑𝑠

)

.
(61)

By optimizing the network weights 𝜃 to minimize photometric error 
between rendered and ground-truth images, the MLP learns a complete, 
continuous representation of the scene. An earlier, related concept was 
presented by Czarnowski et al. [363], which introduced the idea of 
using a learned, compact code vector to represent the geometry of a 
local keyframe. This ‘‘deep factor’’ was integrated into a factor graph 
for probabilistic dense monocular SLAM, showcasing the potential 
of learned compact codes. However, this method did not produce a 
continuous map of the entire scene, instead representing geometry 
on a pre-keyframe basis. iMAP [59] was a landmark achievement, 
demonstrating the first real-time SLAM system using a pure implicit 
representation. Instead of a large MLP, it uses a single, small MLP 
and a set of active keyframes to represent the scene. The use of low-
capacity MLP meant that it could only map very small-scale scenes 
and was prone to catastrophic forgetting. Several works [364,365] 
also integrate NeRF-based objects with dedicated MLP models into a 
lightweight SLAM framework, achieving real-time object-level mapping 
from monocular RGB input. In addition, to overcome the scalability and 
efficiency limitations of the initial real-time methods, MeSLAM [366] 
addresses them by using multiple lightweight MLPs, each small MLP 
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representing a local region of the scene, allowing the total memory 
footprint to scale more gracefully with the environment size. However, 
managing the consistency and overlap between multiple MLPs can be 
complex. Co-SLAM [367] introduced a hybrid implicit representation 
that combines a sparse set of feature grids with a coordinate-based MLP.

ESLAM [368] and NISB-Map [369] propose submap-based ap-
proaches to enable large-scale mapping, which divide the environment 
into a series of local submaps and represent them by their own 
independent neural implicit model. While it enables theoretically 
unbounded scalability, because memory and computational load scale 
with submap size, stitching submaps together seamlessly and handling 
loop closures between them remain significant challenges. Point-
SLAM [61] anchors the neural radiance field to an explicit point 
cloud to regularize the neural field, yielding sharper reconstructions. 
NeRF-SLAM [370] was one of the first works to tackle this for dense 
monocular SLAM, but it was limited to small workspaces and not real-
time. To address the speed issue, NICE-SLAM [60], IMODE [371], and 
NICER-SLAM [372] extend NeRF-based SLAM with hierarchical neural 
fields, supporting efficient optimization and scene decomposition. SNI-
SLAM [63] employs a neural implicit representation, hierarchical 
semantic encoding for multilevel scene comprehension, and cross-
attention mechanisms for collaborative integration of appearance, 
geometry, and semantic features. Loopy-SLAM [373] addressed a major 
limitation of the lack of loop closure by introducing a pose graph 
optimization back-end to an implicit SLAM system. When a loop is 
detected, a pose graph is optimized, and the resulting correction is 
used to deform the neural implicit map, ensuring global consistency. 
DynaMoN [65] incorporates semantic segmentation to distinguish 
static and dynamic regions, enabling motion-aware localization and 
reconstruction. By focusing the NeRF training on the static background 
while accounting for dynamic elements, it achieves robust camera 
tracking and high-quality novel-view synthesis even in the presence 
of motion.

9.2. 3D Gaussian splatting

In contrast to implicit methods that encode the entire scene into 
the weights of a coordinate-based neural network, another powerful ap-
proach is to use an explicit continuous representation. In this paradigm, 
the scene is still modeled as a continuous function, but it is composed 
of a discrete set of primitives, each with its own explicit and optimiz-
able properties. This avoids the need for expensive, repetitive neural 
network queries during rendering, which is the primary bottleneck 
for pure implicit methods. The state-of-the-art explicit representation 
that has revolutionized the field is 3D Gaussian Splatting. A scene is 
represented as a collection of 3D Gaussians, where each Gaussian 𝐺
is a continuous volumetric function defined by its mean 𝜇, covariance 
matrix ∑, semantic color 𝐬𝑐 , and opacity 𝛼: 

𝐺(𝑋) = 𝛼 ⋅ exp
(

−1
2
(𝐗 − 𝜇)𝑇

∑−1
(𝐗 − 𝜇)

)

. (62)

Rendering is achieved by ‘‘splatting’’ these 3D Gaussians onto the 2D 
image plane and blending them in depth order. Because this process is 
fully differentiable and leverages fast GPU rasterization, the parameters 
of all Gaussians can be optimized directly by minimizing the error 
between the rendered and ground-truth images at very high speed. 
The first wave of Gaussian Splatting SLAM systems demonstrated its 
viability for real-time, dense mapping. SplaTam [66] was a pioneering 
work that used RGB-D data to incrementally build a map of 3D Gaus-
sians while simultaneously tracking the camera pose against the map. 
It established a core tracking framework by rendering the map and 
minimizing photometric and geometric errors, followed by a mapping 
step that adds and optimizes Gaussians from new keyframes. Simi-
larly, GS-SLAM [68] and Gaussian Splatting SLAM [89] demonstrated 
comparable capabilities, solidifying Gaussian Splatting as a leading rep-
resentation for dense visual SLAM. However, the number of Gaussians 
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required to represent a scene grows linearly with the size and complex-
ity of the environment, making it difficult to scale to very large areas 
without submapping strategies, which introduce their own complexities 
like inter-map loop closures. SGS-SLAM [69], SemGauss-SLAM [70], 
NEDS-SLAM [67], and GS3LAM [374] all augment each 3D Gaussian 
with a learned semantic feature vector. This allows the system to render 
not only color and depth but also dense, pixel-aligned semantic maps 
from novel viewpoints. The optimization objective in these systems is 
typically extended to include a semantic loss (e.g., cross-entropy) be-
tween the rendered semantic labels and the ground truth segmentation 
from a 2D perception network. Hier-SLAM [90] extends this concept 
to Semantic vSLAM. It augments each 3D Gaussian with a learned 
semantic feature vector. This allows the system to render not only 
color and depth but also semantic maps. Hier-SLAM++ [76] further 
uses an LLM to create a hierarchical semantic structure, which is then 
encoded into the Gaussians, enabling a highly efficient and structured 
semantic map. SDD-SLAM [375] assigns semantic labels to distinguish 
static background Gaussians from dynamic object Gaussians, allowing 
for independent tracking and rendering. To address scalability, Xin 
et al. [376] propose a submap-based approach, where the global map 
is composed of multiple local Gaussian Splatting submaps that are 
optimized and stitched together, addressing the memory challenges of a 
single monolithic representation. Yugay et al. [377] tackles the problem 
of long-term dynamics by introducing a keyframe management system 
that can discard outdated observations, allowing the Gaussian map to 
adapt to changes in the environment over time.

9.3. Hybrid representation

Hybrid representation aims to combine the advantages of both 
implicit and explicit models to achieve both high quality and real-
time performance. It typically uses an explicit, sparse data structure 
(like a feature grid, an octree, or a point cloud) to partition the scene 
and provide a geometric scaffold. This structure is then coupled with 
a lightweight, implicit neural network that learns to represent fine 
details and appearance. NICE-SLAM [60] was a foundation work that 
introduced a hierarchical, multi-resolution feature grid, enabling high-
quality surface reconstruction in real-time. It demonstrated that this hy-
brid approach could overcome the speed limitation of pure NeRF-based 
SLAM. Subsequent works such as Co-SLAM [367], H2-Mapping [62], 
and H3-Mapping [64] further refined this by incorporating explicit 
geometric priors to guide training of the implicit feature grids, thereby 
accelerating convergence and improving reconstruction quality. Point-
SLAM [61] anchors the neural radiance field to an explicit point 
cloud generated by a standard SLAM front-end. This provides a strong 
geometric prior that regularizes the implicit field. Similarly, Neural 
Surfel Reconstruction [378] uses explicit surfels to represent the scene’s 
geometry, where each surfel is associated with a learned neural descrip-
tor that captures local appearance. A higher-level hybrid approach is 
taken by Neural Topological SLAM [379], which combines an explicit 
topological graph of the environment with local implicit models at 
each node capable of reconstructing the appearance of a specific place. 
While hybrid methods are powerful, they represent a compromise. The 
resolution of the underlying explicit grid structure often constrains the 
quality of the final reconstruction. While they are much faster than 
pure implicit methods, they can be more complex to implement and 
may not achieve the same rendering speed as pure explicit methods 
like Gaussian Splatting.

In summary, the move towards continuous representations marks 
a significant evolution in SLAM, enabling levels of photorealism and 
detail previously unattainable with discrete maps. A clear trade-off 
exists between the different approaches. Implicit representations such 
as NeRFs offer state-of-the-art performance for novel view synthe-
sis but have historically been too slow for real-time SLAM. Explicit 
representations, dominated by 3D Gaussian Splatting, provide a com-
pelling alternative with breakneck rendering speeds, making them 
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highly suitable for real-time SLAM applications, though they can be 
memory-intensive. Hybrid methods have emerged as a powerful middle 
ground, combining the strengths of both to achieve real-time perfor-
mance with high-quality reconstruction. The current trajectory of the 
field shows immense momentum behind explicit Gaussian Splatting and 
sophisticated hybrid models as the most promising avenues for building 
the next generation of dense, photorealistic, and semantically-aware 
SLAM systems.

10. Multi-robot semantic vSLAM

Deploying a team of robots to map an environment offers sig-
nificant advantages over a single-robot system, including increased 
speed, efficiency, and robustness to individual robot failures. Multi-
robot SLAM, however, introduces a new layer of complexity: in addition 
to solving the standard SLAM problem for itself, each robot must 
also be able to share information, understand the perspective of its 
teammates, and fuse its local map into a globally consistent world 
model. When semantics are involved, these challenges extend to the 
semantic domain, requiring robots to build a shared, coherent under-
standing of the environment’s meaning. This section reviews the key 
challenges and approaches in multi-robot Semantic vSLAM, covering 
system architectures, map fusion, and collaborative active mapping.

10.1. System architectures: Centralized vs. Decentralized

Multi-robot SLAM can be formulated as a joint optimization prob-
lem. Given a team of 𝑁 robots, the goal is to estimate the set of all 
trajectories 𝑁 = { ,… ,𝑁} and the global semantic map  by 
maximizing the posterior probability given all inter- and intra-robot 
measurements : 

(̂𝑁 ,̂) = argmax
𝑁 ,

𝑃 (𝑁 , ∣ ). (63)

The architecture of the system – centralized or decentralized – 
determines how this joint problem is solved. In a centralized archi-
tecture, all robots send their raw or partially processed data (e.g., 
keyframes, local submaps, detected objects) to a single, powerful base 
station or server. This central server is responsible for performing 
the most computationally intensive tasks: jointly optimizing all robot 
trajectories, detecting inter-robot loop closures, and fusing all data into 
a single, global map. Systems like HD-CCSOM [307] and the framework 
by Yue et al. [306] use this approach. A central server receives semantic 
occupancy submaps or object lists from multiple robots. It then solves 
the large-scale data association problem to find the correct relative 
poses between all the submaps and fuses them into a unified global 
representation. Hammer [79] demonstrates this for modern represen-
tations, where multiple robots, even heterogeneous ones, send their 
individually constructed Gaussian Splatting maps to a central server for 
alignment and fusion. However, this approach requires high bandwidth 
and reliable communication with the central server. It has a single point 
of failure, if the server goes down, the entire collaborative system fails. 
In a decentralized architecture, there is no central server. Robots com-
municate directly with each other (peer-to-peer) to share information 
and build a consistent map. Each robot is responsible for maintaining its 
own estimate of the global map. Kimera-Multi [77] is a state-of-the-art 
decentralized system that builds a distributed, dense metric-semantic 
mesh map. When two robots are within communication range, they 
exchange their local trajectory and map data, perform a relative pose 
estimation to ‘‘dock’’ their maps, and then communicate updates to 
maintain consistency. SlideSLAM [78] and the work by Tchuiev and 
Indelman [380] also propose robust decentralized frameworks that 
allow for consistent, distributed semantic mapping and localization 
without a central server.
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10.2. Map fusion and inter-robot data association

The core technical challenge in multi-robot SLAM is fusing the maps 
from different robots. This requires finding the rigid body transforma-
tion 𝑊 𝑇𝑅𝑗→𝑅𝑖  that aligns the coordinate frame of robot 𝑗 with that 
of robot 𝑖 in the world frame 𝑊 . The most common method is to 
perform place recognition between robots. When robot 𝑖 observes a 
place that robot 𝑗 has seen before, an inter-robot loop closure constraint 
is created. The optimization problem is to find the transformation that 
best aligns the matched landmarks from the two maps. Given a set 
of matched landmark pairs (𝑙𝑖,𝑘, 𝑙𝑗,𝑘), the transformation is found by 
minimizing a geometric error: 

𝑊 𝑇
∗
𝑅𝑗→𝑅𝑖

= argmin
𝑇

∑

𝐾
‖𝑚𝑖,𝑘 = 𝑇 ⋅ 𝑚𝑗,𝑘‖

2. (64)

Semantics play a crucial role in making this inter-robot association 
more robust. The association can be based on matching object con-
stellations or semantic graph structures between the two maps. The 
hierarchical framework by Yue et al. [306] determines inter-robot 
object association using both geometric consistency and semantic sim-
ilarity, measured by the KL divergence between the objects’ semantic 
label distributions. A low KL divergence indicates high semantic simi-
larity, increasing the confidence in the match. CoSAR [381] explicitly 
addresses the limitation of network bandwidth in realistic scenarios by 
designing a system that can adapt to varying communication quality. 
It prioritizes the transmission of compact semantic information (like 
object detections) over dense geometric data when the bandwidth is 
low, ensuring that the most critical information for alignment can still 
be shared.

10.3. Collaborative active mapping and exploration

Given a team of robots, the goal of active mapping is to coordinate 
their movements to explore and map an unknown environment as 
efficiently as possible. The problem is often framed as a decentralized 
decision-making process where each robot 𝑘 chooses its next action 𝑎𝑘
to contribute to a global utility function 𝑓𝑈 . A typical formulation is to 
maximize the information gain about the map: 

∗ = argmax


𝑓𝑈 () = 𝐼(, ∣ ), (65)

where  = {𝑎1,… , 𝑎𝑁} is the set of joint actions for all robots, and 
𝐼(⋅) is the mutual information between the map  and future expected 
measurements  given those actions. The problem is often framed as 
finding a set of next-best-view waypoints for the team that maximizes 
a global utility function. This utility function can be designed to en-
courage rapid exploration (e.g., maximizing frontier coverage) or to 
maximize the quality of the semantic map. Liu et al. [382] define 
the utility as the expected reduction in the uncertainty of the metric-
semantic map. This directs robots towards regions where the semantic 
classification of objects is still uncertain, thereby improving the quality 
of the final semantic map. Asgharivaskasi et al. [383] use Riemannian 
optimization to plan paths for robot teams that maximize map quality. 
Aguilar et al. [384] present a system with a heterogeneous team of 
ground robots and a drone, where the drone provides a high-level 
overview to guide the ground robots’ exploration and build a detailed 
semantic map.

In summary, multi-robot Semantic vSLAM extends the single-robot 
problem with significant challenges in communication, data fusion, 
and coordination. The choice between centralized and decentralized 
architectures presents a fundamental trade-off between optimality and 
robustness. Semantics provides a crucial common language for robots to 
understand each other’s maps and to coordinate their actions, enabling 
teams of robots to build rich, globally consistent world models more 
efficiently than any single robot could alone.
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11. Open research questions

Despite the significant progress in Semantic vSLAM over the past 
decade, several fundamental challenges remain. The transition from 
controlled laboratory settings to complex, dynamic, and long-term real-
world deployments requires further innovation. This section highlights 
key open research questions and promising future directions that will 
shape the next generation of Semantic vSLAM systems, drawing upon 
the insights from several recent surveys and forward-looking research 
papers.

11.1. Semantic benchmarks and evaluation methods

The progress of any data-driven field is intrinsically linked to the 
quality of its benchmarks and the rigor of its evaluation metrics. For 
Semantic vSLAM, evaluation must go beyond geometric accuracy to 
assess the quality of the semantic understanding itself. This requires 
both suitable datasets with rich ground truth and standardized metrics 
that can capture semantic correctness, as consistently highlighted in 
major surveys of the field.

Evaluating semantic mapping requires datasets that provide not 
only sensor data and ground truth trajectories but also dense, per-
pixel or per-point semantic and instance-level annotations. For in-
door scenes, datasets like ScanNet [385], Matterport3D [386], and the 
Active Vision Dataset [387] have become standards, offering dense 
semantic and instance-level labels, with some providing higher-level 
annotations for rooms and object relationships, crucial for evaluating 
place categorization as demonstrated by Sünderhauf et al. [181]. For 
outdoor and autonomous driving contexts, KITTI Vision [388,389], 
KITTI-360 [390], and nuScenes [391] are the primary benchmarks, 
providing dense per-point labels, 3D object bounding boxes, and 3D 
semantic segmentation in complex urban environments. Most existing 
benchmarks, while useful, were not designed for the primary purpose of 
evaluating semantic, long-term, or dynamic mapping. The majority of 
popular indoor datasets are captured in static environments over very 
short trajectories. This makes them unsuitable for developing or fairly 
evaluating systems designed to handle dynamic objects or environmen-
tal changes. There is a critical need for large-scale, long-term datasets 
that capture the same environment over weeks, months, or seasons. 
These datasets would be essential for developing and evaluating life-
long SLAM systems capable of handling appearance changes, evolving 
object layouts, and seasonal variations. While datasets like ScanNet 
provide instance-level semantic labels, the annotations are typically 
‘‘flat’’. They lack the hierarchical structure, functional affordances, 
and inter-object relationships that are necessary to train and evaluate 
advanced scene understanding systems that build representations like 
3D scene graphs.

Table  8 summarizes the key metrics used for evaluating Semantic 
vSLAM systems, organized by evaluation category, in which for each 
metric, we provide its definition, mathematical formulation (where 
applicable), typical application scenarios, and its specific role in sys-
tem assessment. While the geometric accuracy of a system is still 
evaluated using standard metrics like Absolute Trajectory Error (ATE) 
and Relative Pose Error (RPE), the semantic quality of the map is 
assessed through a different set of criteria. For dense semantic maps, 
the most common metric is the mean Intersection-over-Union (mIoU), 
calculated as the average IoU across all classes. For panoptic systems 
that distinguish object instances, the Panoptic Quality (PQ) is used, 
which combines Segmentation Quality (SQ) and Recognition Quality 
(RQ) in the formula 𝑃𝑄 = 𝑆𝑄 × 𝑅𝑄. Beyond pixel-level accuracy, a 
crucial aspect is evaluating the system’s utility for downstream tasks. 
This is often done by measuring performance on high-level tasks such 
as place categorization, using standard classification metrics like pre-
cision, recall, and F1-score. For the critical sub-task of loop closure 
detection, a precision–recall curve is the most informative metric, as 
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it captures the essential trade-off between correctly identifying re-
observed locations and rejecting false positives, a key focus in the work 
by Garg et al. [182]. However, a significant open challenge is the lack of 
quantitative semantic evaluation for the most abstract and open-ended 
representations. The evaluation of the most abstract representations 
remains an open challenge, often relying on computationally expensive 
metrics like graph edit distance. For systems producing complex 3D 
scene graphs or leveraging open-vocabulary foundation models, objec-
tive metrics are difficult to define. Metrics like graph edit distance are 
computationally expensive and not widely adopted. As a result, most 
recent studies in these advanced areas focus on qualitative evaluation, 
showcasing compelling examples of reconstructed scenes, correct query 
responses, or visually plausible maps, rather than reporting standard-
ized, quantitative scores. This gap highlights a critical need for the 
community to develop new, rigorous metrics to benchmark the true 
semantic and reasoning capabilities of these state-of-the-art systems.

11.2. From semantic vSLAM to active semantic vSLAM

Most current SLAM systems are passive, they build a map based 
on a pre-defined or human-controlled trajectory. This is analogous 
to a passenger in a car who builds a mental map of a city but has 
no control over the route. The next frontier, and a significant open 
research challenge, is Active SLAM, where the robot intelligently and 
autonomously decides where to move next in order to build the most 
useful map as efficiently as possible. This requires a tight coupling 
between perception, mapping, and decision-making, transforming the 
robot from a passive observer into an active agent. This problem is 
typically formulated as a Partially Observable Markov Decision Process 
(POMDP), where the robot chooses an action 𝑎∗ from a set of possible 
actions  that maximizes a long-term utility function 𝑈 (⋅) representing 
the expected information gain about the map. While traditional active 
SLAM focuses on geometric exploration by directing the robot towards 
frontiers between known free space and unknown territory, Active 
Semantic vSLAM reframes this objective in semantic terms, making the 
process significantly more intelligent.

In this paradigm, the utility function is designed to maximize se-
mantic understanding. For instance, the core objective can be to reduce 
the uncertainty of object classifications in the map, a principle ex-
plored in the work of Liu et al. [392] and Tao et al. [393]. The 
objective can also be driven by a high-level task, such as finding a 
specific object category (e.g., ‘‘find a chair’’), where the system learns 
to map the environment in a way that is explicitly useful for achieving 
this semantic goal, as demonstrated by Georgakis et al. [394]. To 
develop these intelligent exploration policies, recent approaches have 
turned to advanced decision-making techniques. Zhang et al. [211] 
propose a method based on spectral analysis of the semantic pose graph 
to identify the most informative exploration candidates, while Tian 
et al. [395] use deep reinforcement learning to train an agent that can 
leverage high-level layout semantics to navigate more efficiently than 
methods based on geometric frontiers alone. Ravichandran et al. [396] 
demonstrate how a robot can learn an effective navigation policy 
by using a Graph Neural Network (GNN) that operates directly on 
a 3D scene graph. A foundational concept in this area, explored in 
the thesis by Baxter [397], is the idea of goal-oriented exploration, 
where an agent learns to build a map specifically to help it find a 
target object, demonstrating the tight coupling between perception 
and action. Despite its promise, active Semantic vSLAM remains a 
challenging research problem. The computational cost of evaluating the 
potential information gain from many possible future viewpoints can 
be prohibitive for real-time operation. Furthermore, designing utility 
functions that perfectly capture complex, task-driven semantic goals is 
difficult and an area of ongoing research. Finally, long-horizon planning 
in large, unknown environments remains a significant challenge for any 
autonomous system.



T.N. Canh et al. Robotics and Autonomous Systems 203 (2026) 105535 
Table 8
Semantic evaluation metrics quick-reference.
 Metric Definition/Formula Applicable scenario Role in semantic vSLAM evaluation  

Trajectory and Localization Accuracy
 Absolute Trajectory 
Error (ATE)

ATE =
√

1
𝑁

∑𝑁
𝑖=1 ‖𝐩𝑖 − 𝐩𝑔𝑡𝑖 ‖2 after (3)

alignment
Global trajectory evaluation, 
full SLAM systems

Measures overall localization accuracy and global 
consistency, essential for evaluating map quality 
and long-term drift correction

 

 Relative Pose Error 
(RPE)

RPE =
√

1
𝑀

∑𝑀
𝑖=1 ‖(𝐓

−1
𝑖 𝐓𝑖+𝛥)−1(𝐓

𝑔𝑡−1
𝑖 𝐓𝑔𝑡𝑖+𝛥)‖2 Odometry evaluation, local 

tracking accuracy
Evaluates local consistency and drift rate, indicates 
visual odometry and short-term tracking 
performance

 

 Absolute Translation 
Error

Transerr = ‖𝐩 − 𝐩𝑔𝑡‖2 Position accuracy assessment Measures positional accuracy in meters, critical for 
navigation and manipulation tasks

 

 Absolute Rotation 
Error

Roterr = arccos
(

tr(𝐑𝑇 𝐑𝑔𝑡 )−1
2

)

Orientation accuracy 
assessment

Measures orientational accuracy in degrees, 
important for applications sensitive to viewing 
direction

 

Semantic Segmentation Quality
 Mean Intersection 
over Union (mIoU)

mIoU = 1
𝐶

∑𝐶
𝑐=1

𝑇𝑃𝑐
𝑇𝑃𝑐+𝐹𝑃𝑐+𝐹𝑁𝑐

Dense semantic segmentation, 
semantic map labeling

Standard metric for pixel-wise semantic accuracy, 
directly reflects the quality of semantic extraction 
and label consistency

 

 Pixel Accuracy (PA) PA =
∑𝐶
𝑐=1 𝑇𝑃𝑐

∑𝐶
𝑐=1 (𝑇𝑃𝑐+𝐹𝑃𝑐 )

Overall segmentation 
assessment

Measures proportion of correctly labeled pixels, 
intuitive but can be biased toward dominant 
classes

 

 Mean Pixel 
Accuracy (MPA)

MPA = 1
𝐶

∑𝐶
𝑐=1

𝑇𝑃𝑐
𝑇𝑃𝑐+𝐹𝑁𝑐

Class-balanced evaluation Provides class-balanced accuracy by averaging 
per-class accuracy, useful for imbalanced class 
distributions

 

 Frequency-Weighted 
IoU (FW-IoU)

FW-IoU = 1
∑

𝑐 𝑛𝑐

∑𝐶
𝑐=1

𝑛𝑐 ⋅𝑇𝑃𝑐
𝑇𝑃𝑐+𝐹𝑃𝑐+𝐹𝑁𝑐

Real-world scene evaluation Weights class IoU by pixel frequency, balances 
importance of common and rare classes

 

Instance and Panoptic Segmentation Quality

 Panoptic Quality 
(PQ)

PQ =
∑

(𝑝,𝑔)∈𝑇𝑃 IoU(𝑝, 𝑔)
|𝑇𝑃 |

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
SQ

×
|𝑇𝑃 |

|𝑇𝑃 | + 1
2
|𝐹𝑃 | + 1

2
|𝐹𝑁|

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
RQ

Panoptic semantic mapping, 
stuff and things evaluation

Jointly evaluates recognition and segmentation, 
decomposes into SQ and RQ for detailed analysis

 

 Segmentation 
Quality (SQ)

SQ =
∑

(𝑝,𝑔)∈𝑇𝑃 IoU(𝑝,𝑔)
|𝑇𝑃 |

Matched segment quality Measures average IoU of successfully matched 
segments, indicates boundary precision for 
detected instances

 

 Recognition Quality 
(RQ)

RQ = |𝑇𝑃 |
|𝑇𝑃 |+ 1

2
|𝐹𝑃 |+ 1

2
|𝐹𝑁|

Detection performance Measures F1-score of segment matching, indicates 
detection and association performance

 

 Average Precision 
(AP)

AP = ∫ 1
0 𝑝(𝑟) 𝑑𝑟 at IoU thresholds Instance segmentation, object 

detection
Evaluates precision–recall trade-off, AP50, AP75, 
AP50∶95 provide granular assessment

 

Map Quality and 3D Reconstruction
 Accuracy (Acc) Acc = 1

||

∑

𝐩∈ min𝐪∈ ‖𝐩 − 𝐪‖ Dense reconstruction 
evaluation

Measures distance from reconstructed points to 
ground truth, indicates precision and absence of 
spurious geometry

 

 Completion (Comp) Comp = 1
||

∑

𝐪∈ min𝐩∈ ‖𝐪 − 𝐩‖ Dense reconstruction 
evaluation

Measures distance from ground truth to 
reconstruction, indicates coverage and 
completeness

 

 Completion Ratio 
(CR)

CR = |{𝐪∈∶min𝐩 ‖𝐪−𝐩‖<𝜏}|
||

× 100% Coverage assessment Percentage of ground truth covered within 
threshold 𝜏, interpretable completeness measure

 

 Chamfer Distance 
(CD)

CD = Acc + Comp Overall reconstruction quality Combined metric balancing precision and recall of 
geometric reconstruction

 

 F1-Score F1 = 2×Precision×Recall
Precision+Recall Loop closure detection, place 

recognition
Evaluates loop closure performance, balances 
precision and recall for revisited location detection

 

Object-Level and Scene Graph Evaluation
 Object Localization 
Error (OLE)

OLE = ‖𝐜 − 𝐜𝑔𝑡‖2 Object-centric SLAM Measures 3D centroid error for detected objects, 
essential for object-level mapping and 
manipulation

 

 3D Intersection over 
Union (3D IoU)

IoU3𝐷 = |𝐵∩𝐵𝑔𝑡 |
|𝐵∪𝐵𝑔𝑡 |

3D object detection, bounding 
box evaluation

Evaluates 3D bounding box accuracy, critical for 
object-based SLAM using cuboids or quadrics

 

 Scene Graph Edit 
Distance

Minimum graph edits (node/edge 
insertions, deletions, substitutions) to 
transform predicted graph to ground 
truth

Scene graph evaluation, 
relationship assessment

Measures structural accuracy of predicted scene 
graphs, evaluates both node and edge correctness

 

Notation: 𝑁 = number of poses; 𝑀 = number of pose pairs; 𝐶 = number of semantic classes; 𝑇𝑃 , 𝐹𝑃 , 𝐹𝑁 = true positives, false positives, false negatives; 𝐓, 𝐑, 𝐩 = transformation 
matrix, rotation matrix, position vector;  ,  = reconstructed and ground truth point sets; 𝜏 = distance threshold; 𝑛𝑐 = number of pixels of class 𝑐; 𝐵 = 3D bounding box.
27 
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11.3. Lifelong semantic vSLAM

Real-world environments are not static, they are in a constant state 
of flux. Furniture is rearranged, seasons alter the appearance of outdoor 
scenes, new objects are introduced, and old ones are removed. A truly 
autonomous robot must be able to operate for weeks, months, or 
years within such evolving spaces, continuously updating its map to 
reflect these changes. This is the grand challenge of Lifelong SLAM. 
It requires a fundamental shift from the traditional goal of building 
a single, static, and complete map to the much more difficult task of 
maintaining a dynamic, ever-evolving world model that can learn and 
adapt over time without human intervention. This long-term adaptation 
is intrinsically a continual learning problem. The robot is constantly 
presented with a non-stationary stream of data from its environment, 
and it must learn from this new information without catastrophically 
forgetting the stable, foundational knowledge it has learned in the past. 
As framed by Vödisch et al. [398], a lifelong system must achieve 
a delicate balance between plasticity (the ability to learn new infor-
mation and changes rapidly) and stability (the ability to retain and 
preserve old, still-valid knowledge). Li et al. [399] formalize this as 
the need for the system to both ‘‘learn to memorize and to forget’’. 
The system must robustly memorize the permanent or semi-permanent 
structure of the environment while actively identifying and forgetting 
transient elements (like a delivery box that is only present for a day) 
or outdated information (like the position of a desk that has been 
moved) to prevent map corruption and unbounded growth. Early works 
like CoVIO [400] are beginning to develop online continual learning 
frameworks for core SLAM components like visual-inertial odometry, 
which is a foundational step towards building fully adaptive systems.

A key technical innovation for enabling lifelong operation is the 
move towards spatio-temporal mapping, where the map explicitly rep-
resents the temporal dimension. A standard 3D map is atemporal, it 
cannot distinguish between a chair that was present yesterday and one 
that is present today. Systems like Khronos [123] pioneer a solution 
by proposing a unified spatio-temporal Metric-Semantic vSLAM system. 
It builds a 4D (3D space + time) graph representation of the world. 
In this graph, object observations are associated over time to create a 
‘‘world-tube’’ that represents the object’s lifecycle—when it appeared, if 
it moved, and when it disappeared. This allows the system to explicitly 
reason about object permanence and dynamics, a crucial capability 
for understanding a changing world. Since manually annotating data 
for every new environment a robot might encounter over its lifetime 
is impossible, lifelong systems must also adapt in a self-supervised 
manner. BYE (Build Your Encoder) by Huang et al. [401] presents a 
novel framework for this, allowing a robot to build its own customized 
perception encoder from a single unlabeled exploration sequence in a 
new environment. By leveraging temporal consistency and multiview 
geometry as a powerful self-supervisory signal, the robot can fine-
tune its perception model to the specific objects and appearance of its 
current surroundings, enabling robust long-term understanding without 
any human annotation. Ultimately, the purpose of a lifelong map is to 
serve as a persistent, queryable knowledge base—a long-term memory 
for the robot. This map should be able to answer questions that involve 
both space and time, such as ‘‘Where did I last see my keys yesterday?’’. 
Systems like QueSTMaps [255], which focus on creating queryable 
semantic topological maps, represent a significant step in this direction. 
A true lifelong system would extend this queryable memory with a 
temporal dimension, allowing the robot to reason about the history 
of its environment. Despite this progress, Lifelong SLAM remains one 
of the most significant open challenges, primarily due to the immense 
computational and memory costs of storing and reasoning about a 4D 
world model and the difficulty of developing robust methods for change 
detection, forgetting, and true continual learning without failure.
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11.4. Generalization & robustness

A major open challenge is achieving true generalization and ro-
bustness, two deeply intertwined concepts that are paramount for 
real-world deployment and are consistently highlighted as critical re-
search frontiers in recent surveys. Generalization refers to the ability 
of a system to perform well in new, unseen environments, a task 
made difficult by the heavy reliance of modern Semantic vSLAM on 
deep learning models. This creates a ‘‘domain gap,’’ where a percep-
tion model trained on one type of data (e.g., indoor offices) fails to 
generalize to another (e.g., a residential home), representing a pri-
mary bottleneck. The shift towards foundation models that learn from 
web-scale data and the development of online adaptation methods 
are promising avenues for mitigating this issue. Robustness, on the 
other hand, is the ability of a SLAM system to maintain consistent 
and bounded error performance even when faced with challenging 
conditions that violate its core assumptions, such as aggressive motion, 
sensor noise, or visual degradation. As formalized in studies on mea-
suring SLAM robustness, this can be quantified by observing a system’s 
failure rate and accuracy degradation under controlled ‘‘perturbations’’. 
Many recent systems are explicitly designed with this in mind, for 
example, RS-SLAM [267] is intended to be a ‘‘Robust Semantic vS-
LAM’’ system for dynamic environments, while Kimera-Multi [77] is 
engineered to be a ‘‘Robust, Distributed’’ system for multi-robot teams 
that can handle intermittent communication. Ultimately, a truly robust 
system must also be capable of graceful failure. This requires the system 
to quantify its own uncertainty and, upon detecting a high likelihood of 
failure, enter a safe mode (e.g., stop or request assistance) rather than 
producing a confident but catastrophically incorrect result. This ability 
to reason about its own limitations is a hallmark of a truly mature and 
deployable autonomous system.

11.5. Reproducible research

The increasing complexity of modern Semantic vSLAM systems, 
which often integrate multiple deep learning models, complex data 
fusion pipelines, and sophisticated back-end optimizers, makes repro-
ducibility a significant and persistent challenge. This has long been 
an issue in the robotics community, where real-life experiments are 
often difficult to replicate across different research groups due to 
variations in hardware, software environments, and physical condi-
tions. While static datasets are commonly used for benchmarking the 
perception and reconstruction components of an SLAM system, they 
cannot fully capture the nuances of a complete, end-to-end system’s 
performance, which is highly sensitive to implementation details and 
parameter tuning. As a result, even when using the same dataset, 
it is often difficult to make a fair, one-to-one comparison between 
different published methods, a challenge consistently highlighted in 
recent surveys. To address this, there is a dire need for a continued and 
expanded commitment within the community to open-sourcing code 
and models. Open-source frameworks, such as the libraries provided 
for Kimera [57] and Hydra [58], are invaluable assets, they not only 
allow other researchers to verify reported results but also provide a 
common baseline upon which new algorithms can be built and fairly 
compared. By allowing others to modify specific modules (e.g., only the 
data association or loop closure component), these frameworks make 
it much more straightforward to isolate and evaluate the impact of a 
novel contribution. In summary, for the field of Semantic vSLAM to 
mature and achieve real-world impact, improving the reproducibility 
of its research is essential, requiring a concerted effort towards open-
sourcing systems, establishing more comprehensive benchmarks, and 
agreeing upon a unified set of evaluation metrics that capture both 
geometric accuracy and semantic quality.
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11.6. Practical applications

Ultimately, the goal of Semantic vSLAM research is to enable au-
tonomous systems to perform practical tasks in the real world. For 
the field to have a broad impact, research must be increasingly driven 
by practical application demands, moving beyond benchmark trajec-
tory accuracy to task-based performance in complex, human-centric 
environments. The rich, structured world models produced by Seman-
tic vSLAM are a crucial enabling technology for a wide range of 
applications. In service robotics and assisted living, a semantic map 
allows a robot to understand and execute natural language commands 
like ‘‘bring me the cup from the kitchen table,’’ a capability that 
systems like QueSTMaps [255] and LEXIS [75] are designed to sup-
port. For autonomous driving, vehicles require rich, semantic maps 
of road networks that include lane markings, traffic signs, and dy-
namic agents, a challenge addressed by robust systems like DynaSLAM 
II [239] and RS-SLAM [267]. In augmented and virtual reality, the 
high-fidelity, photorealistic maps created by modern continuous rep-
resentation SLAM (e.g., Gaussian Splatting SLAM [89]) are essential 
for seamlessly blending virtual content with the real world, allowing 
virtual objects to interact realistically with physical surfaces. Further-
more, in aerial robotics and inspection, semantic maps enable drones 
to understand and perform complex tasks, such as inspecting specific 
windows on a building or monitoring particular crops, a use case tar-
geted by systems like VPS-SLAM [212]. Finally, in domains like search 
and rescue, a semantic map provides invaluable situational awareness, 
allowing first responders to quickly understand the layout of an un-
known building and locate people or objects of interest. Addressing the 
specific challenges of these practical applications will continue to be a 
primary driver of innovation in the Semantic vSLAM field.

12. Conclusion

This survey has explored the rapidly advancing field of seman-
tic visual SLAM, a critical evolution that enriches traditional geo-
metric mapping with a high-level, human-like understanding of the 
environment. We began by analyzing the limitations of conventional 
SLAM systems in complex, dynamic scenes, establishing the need for a 
paradigm shift from purely geometric representations to context-aware 
world models. Our review systematically deconstructed the modern 
Semantic vSLAM pipeline, analyzing its core components from semantic 
extraction and localization to the intricacies of semantic mapping, data 
association, fusion, and globally consistent loop closure optimization. 
Beyond summarizing the current state of these modular components, 
this survey has highlighted the transformative impact of two recent 
technological shifts. First, the move towards continuous representations 
– from implicit Neural Radiance Fields to the explicit, real-time ca-
pabilities of 3D Gaussian Splatting – is fundamentally reshaping the 
fidelity and realism of the mapping process. Second, the advent of 
Foundation Models is revolutionizing the perception and reasoning 
layers, moving the field from a ‘‘closed-world’’ assumption with a 
fixed vocabulary to a truly ‘‘open-world’’ paradigm, enabling zero-
shot object recognition and language-grounded scene understanding. 
Despite this remarkable progress, we have also identified key open 
research questions that must be addressed for the field to mature. 
The need for more comprehensive benchmarks that capture long-term 
dynamics, the transition from passive mapping to active SLAM for task-
driven exploration, and the grand challenge of achieving true lifelong 
operation in ever-changing environments remain significant frontiers. 
Furthermore, issues of generalization, robustness, and reproducible 
research are essential to transitioning these advanced algorithms from 
the laboratory to real-world applications.

In conclusion, this survey consolidates existing knowledge, provides 
a structured overview of the state-of-the-art, and identifies the pivotal 
challenges and future directions that will inspire the next wave of 
innovation. By advancing Semantic vSLAM, we aim not only to build 
more accurate maps but to drive the development of truly intelli-
gent systems capable of perceiving, understanding, and meaningfully 
interacting with the complexity of the physical world.
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