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I. INTRODUCTION & MOTIVATION

Visual Simultaneous Localization and Mapping (VSLAM)
is a widely used solution for robotic perception, providing
camera pose estimation and environment reconstruction us-
ing low-cost vision sensors. Beyond geometric consistency,
many robotics applications increasingly require semantically
meaningful and structurally interpretable maps, enabling
robots to reason about the environments they operate in.
While recent VSLAM works have incorporated object- and
scene-level understanding, most VSLAMs still produce maps
that are difficult to interpret and offer limited support for ex-
plicitly modeling layout-driven semantic information, such
as localizing walls and doorways.

In response to this, 3D scene graphs can provide promising
structured representations for capturing such hierarchical,
spatial relationships. However, they are often constructed
offline and require complete maps or ground-truth semantics
(such as HOV-SG [2]), which means they are not tightly in-
tegrated into the SLAM pipeline. Our previous works [3], [4]
used fiducial markers to localize environment-driven entities
and generate hierarchical 3D scene graphs, enabling richer
layout understanding. However, their reliance on pre-placed
markers limits deployment in unprepared environments.

To overcome these limitations, we introduce vS-Graphs
[1]: a publicly available' real-time VSLAM framework that
tightly couples map reconstruction with online 3D scene
graph generation. Inspired by our LiDAR-based S-Graphs
[5], [6], vS-Graphs employs visual and depth cues to detect
and localize building components, such as walls and ground
surfaces, from which higher-level structural elements, in-
cluding n-wall-shaped rooms and floors, are inferred. These
entities are incorporated into an optimizable hierarchical 3D
scene graph, jointly maintained with the SLAM pipeline,
enabling richer map semantics and improved localization.

II. METHOD OVERVIEW

vS-Graphs extends ORB-SLAM3 [7] with online
semantic-structural reasoning to jointly reconstruct the
environment and generate an optimizable 3D scene graph.
The current implementation operates on RGB-D input,
where visual features support camera tracking, while depth
data provides geometric cues to validate semantic entities.
The framework introduces two newly integrated threads:
“building component recognition (BCR)” and “structural
element recognition (SER).” As incoming RGB-D frames
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are processed, the tracking and local mapping threads
of the baseline estimate camera poses, pick KeyFrames,
and maintain the geometric map. For each KeyFrame, the
proposed BCR thread analyzes visual-spatial observations
to detect environment-driven planar entities, including walls
and ground surfaces. This is achieved by combining panoptic
scene segmentation algorithms (such as YOSO [8] and
pFCN [9]) with point cloud filtering and RANSAC-based
plane fitting, followed by semantic and geometric validation.
Detected building components are stored in the active map
and used by the SER thread, which runs periodically to infer
higher-level layout entities. In particular, vS-Graphs groups
associated walls and ground surfaces to identify enclosed
free-space configurations corresponding to n-walled rooms
and further aggregates them into floor-level structures. These
inferred entities, together with their spatial relationships,
form a hierarchical scene graph that is incrementally built
online. Unlike conventional semantic mapping pipelines
that remain detached from SLAM optimization, vS-Graphs
incorporates building components and structural elements
directly into the mapping process. This tight coupling
enables the system to maintain semantically enriched
and structurally coherent maps while preserving real-time
operation. Samples of reconstructed maps using vS-Graphs
are shown in Fig. 1.

III. PRELIMINARY RESULTS

We evaluated vS-Graphs on both public RGB-D bench-
marks and our in-house SMapper dataset [10], which in-
cludes diverse multi-room indoor environments with LiDAR-
derived ground truth. These evaluations focused on trajec-
tory estimation, map quality, semantic structural detec-
tion, and runtime performance. Full evaluation results and
figures are publicly available?.

Regarding trajectory estimation, vS-Graphs consistently
achieved competitive or state-of-the-art trajectory accuracy,
reducing Absolute Trajectory Error (ATE) by an average of
15.22% (shown in Fig. 2) compared to the baseline. Larger
gains were observed in looped and multi-room environments,
where structural consistency is especially beneficial. This
evaluation proved that the inclusion of higher-level semantic
entities further improves localization robustness by rein-
forcing more spatial constraints. Beyond trajectory estima-
tion, vS-Graphs also produced more coherent reconstructed
maps, achieving lower mapping error despite generating
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Reconstructed maps and their corresponding optimizable 3D scene graphs, enriched with environment-driven semantic entities and generated by

vS-Graphs [1]. The examples are taken from the in-house dataset and correspond to sequences MRO3 (A) and MROI (B).
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Fig. 2. Mean Absolute Trajectory Error (ATE), reported in centimeters,
for different RGB-D VSLAM frameworks, with lower values indicating
better accuracy. The results are computed across five datasets, including
both standard benchmarks and in-house-collected sequences, with a total
duration of approximately 44 minutes and a cumulative trajectory length of
approximately 620 meters.

fewer points on average than the baseline. In addition, the
framework demonstrated environment-driven semantic entity
detection performance comparable to the LiDAR-based S-
Graphs system, while relying only on RGB-D input. This
highlights the effectiveness of the proposed visual-semantic
structural reasoning pipeline.

IV. DISCUSSIONS & FUTURE WORK

The presented results highlight the potential of tightly cou-
pling VSLAM with online hierarchical scene graph genera-
tion for richer, more structurally meaningful environmental
understanding. In particular, the ability of vS-Graphs to infer
higher-level layout entities from visually detected building
components suggests a promising direction for bridging
geometric mapping and semantic scene reasoning within a
unified framework.

At the same time, vS-Graphs presents several opportu-
nities for further improvement: As the framework relies
on visual semantic segmentation to initialize environment-
driven entities, its performance remains partially dependent
on the quality and robustness of the underlying perception
model, with segmentation errors potentially propagating to
3D reconstruction and structural inference. In addition, main-
taining real-time operation motivates continued exploration

of lightweight perception backbones and more efficient se-
mantic reasoning strategies. Future work will extend the
framework to include additional building components, such
as ceilings and doorways, and to support more complex or
concave room layouts beyond the current structural assump-
tions. We also plan to investigate graph deep learning-based
structural reasoning and semantic loop closure detection,
in which revisited areas can be recognized primarily using
previously inferred structural and semantic entities.
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