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Abstract— RGB-D cameras supply rich and dense visual and
spatial information for various robotics tasks such as scene
understanding, map reconstruction, and localization. Integrat-
ing depth and visual information can aid robots in localization
and element mapping, advancing applications like 3D scene
graph generation and Visual Simultaneous Localization and
Mapping (VSLAM). While point cloud data containing such in-
formation is primarily used for enhanced scene understanding,
exploiting their potential to capture and represent rich semantic
information has yet to be adequately targeted. This paper
presents a real-time pipeline for localizing building components,
including wall and ground surfaces, by integrating geometric
calculations for pure 3D plane detection followed by validating
their semantic category using point cloud data from RGB-D
cameras. It has a parallel multi-thread architecture to precisely
estimate poses and equations of all the planes detected in the
environment, filters the ones forming the map structure using a
panoptic segmentation validation, and keeps only the validated
building components. Incorporating the proposed method into a
VSLAM framework confirmed that constraining the map with
the detected environment-driven semantic elements can improve
scene understanding and map reconstruction accuracy. It can
also ensure (re-)association of these detected components into a
unified 3D scene graph, bridging the gap between geometric ac-
curacy and semantic understanding. Additionally, the pipeline
allows for the detection of potential higher-level structural
entities, such as rooms, by identifying the relationships between
building components based on their layout.

I. INTRODUCTION

Employing the rich, dense data captured by sensors like
Light Detection And Ranging (LiDAR) or RGB-D cameras
enables robots to effectively address challenges in envi-
ronment understanding, reconstruction, and Simultaneous
Localization and Mapping (SLAM) [1]. The point clouds
generated by these sensors provide detailed spatial infor-
mation, facilitating precise detection, localization, and 3D
mapping of the environment elements essential for robotic
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Fig. 1: The 3D reconstructed map of an indoor environment
using the proposed approach with (left) distinct color-coded
building components for clear distinction and (right) the
original RGB textures for a realistic representation.

perception [2]. In this context, RGB-D vision sensors of-
fer a more comprehensive understanding of environments
by fusing color and depth information, compensating for
monocular cameras’ lack of depth perception and LiDAR
sensors’ limited visual richness.

As vision sensors provide a versatile and cost-efficient
strategy for map reconstruction, they established a unique ex-
tension of SLAM algorithms titled Visual SLAM (VSLAM)
[3]. Computer vision methodologies are inevitable in
VSLAM, as they provide rich scene understanding and
semantic object localization [4], [5]. Such visual data can
also form the scanned environment into optimizable 3D
scene graphs and depict their representations in multi-level
abstraction models [6], [7]. In both cases, providing inte-
grated depth and visual information further enhances the
robot’s localization and mapping of the observed elements.

Given the advantages of point clouds generated by RGB-
D cameras, this paper aims to employ combined depth and
visual information for geometrical calculation and semantic
confirmation, respectively. The pipeline initiates with plane
extraction using the depth data provided in the point clouds
of a given frame and completes with semantic label aug-
mentation through processing its visual data, resulting in
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Fig. 2: The order of steps to detect building components from RGB-D data using the proposed approach.

rich information for building component localization. Fig. 1
depicts the outcome of the proposed methodology in accurate
mapping and scene understanding. Accordingly, the primary
contributions of the paper are summarized below:

o A real-time pipeline for accurate recognition and local-
ization of building-level semantic components, i.e., wall
and ground surfaces,

o A method for (re-)association of the detected building
components and representing them in 3D scene graphs;
and

 Incorporating the mentioned rich semantic entities to
enhance the performance of VSLAM through imposing
environment-driven constraints.

II. RELATED WORKS

The implication of localizing geometric and semantic enti-
ties is highly applicable in robotics and covers various fields
of study. In this regard, visual localization, feature matching,
and pose estimation lay the foundation for navigation and
mapping tasks, e.g., VSLAM. Taira et al. [8] introduced a
methodology for proper pose verification of visited objects
from different camera views by combining appearance, ge-
ometry, and semantics modalities. Peng et al. [9] presented a
voxel-to-point algorithm to construct semantic and geometric
features of given point clouds for outdoor environments. In
[10], semantic categories are assigned to point cloud data by
extensively exploring geometric features extracted using a
multi-geometry and boundary-guided encoder-decoder. De-
spite their effectiveness, the introduced methods and many
others [11]-[13] have not integrated with SLAM procedures
for extensive map building and real-time localization.

On the other hand, enhancing VSLAM applications with
semantic and geometric constraints has shown potential for
improving accuracy and scene understanding [14]. Accord-
ingly, incorporating geometric components such as planes
[15], [16] and lines [17], [18] helps reduce the environment’s
dimensionality, leading to more precise map reconstruction.
Alternatively, localizing and mapping semantic entities by
estimating their poses using point cloud processing [19]-
[24] or obtaining the pose information from fiducial markers
attached to them [25], [26] offers accurate positioning and
identification of critical environmental elements. It can be
seen that combining geometric and semantic constraints aids
VSLAM systems in achieving better scene comprehension
and mapping of the detected entities.

The approach proposed in this paper pinpoints the gap
between geometric object localization and semantic class
verification within a unified framework, leading to accurate
building component localization. Filling this gap makes it
possible to detect potential structural entities (e.g., rooms)
using building components (i.e., wall and ground surfaces)
regarding their layout and inner relationships, leading to the
reconstruction of higher-accuracy maps.

III. PROPOSED METHOD

Fig. 2 depicts the pipeline of the proposed methodology.
The process begins with a sequence of video frames captured
by RGB-D cameras, providing colored visual data and point
clouds enriched with depth information. The pipeline can be
optimized for VSLAM by processing keyframes instead of
every individual frame, reducing computational costs while
maintaining the real-time performance for localization and
mapping. The point cloud and RGB data are passed to the
“geometric estimator” and “semantic validator” modules,
respectively, both running in parallel on separate threads.
The different stages of the pipeline are further detailed in
the following subsections, where each module’s functionality
and part are explained:

A. Geometric Estimator

This module processes the point cloud data captured by
the RGB-D sensor. Its primary objective is to investigate
the points within the cloud to detect and extract potential
3D planes (i.e., planar regions) present in the environment.
Despite the point cloud’s dense and rich spatial information,
it may contain noisy or low-resolution points, negatively
impacting subsequent processing steps. Thus, the given point
cloud P = {p; | i = 1,2,...,n} consisting of points
p = (z,9,2,7,9,b) undergoes a two-stage preprocessing
procedure. In the first step, down-sampling is applied to
select Pg = {p; | ¢ = 1,2,...,m}, where n < m
and P4 C P. Next, distance filtering is employed to only
keep the 3D points that satisfy the condition Py = {p; €
Pd | emzn < ||pz|| < emaw}» where emin and emaw are
minimum and maximum desired depth ranges, respectively.
This results in the final preprocessed point cloud Ps.

The next step is to apply RANdom SAmple Consensus
(RANSAC) [27] plane fitting algorithm on Py to detect
potential planes with their geometric equations. Hence, a
set of random points p,; € Pg¢ are iteratively selected to
calculate the normal vectors n; € R? (j € N) representing a



set of planes 7; with the pre-defined distance d(py;, ;) < €,
where ¢ is the inlier threshold. The final output consists of
the best-fitted geometric planes IT = {r; | m; € R3,j € N},
representing all objects with planar surfaces detected from
the filtered point cloud Pg¢. It is essential to mention that
the detected planes may correspond to various objects, such
as tables, floors, screens, etc. (as shown in Fig. 2), many
of which are irrelevant for detecting building components
required for understanding the environment’s layout.

B. Semantic Validator

In parallel to the geometric estimator, RGB frames are
passed into the semantic validator module to extract semantic
information, explicitly pivotal building components, includ-
ing walls and ground surfaces. This module applies semantic
segmentation to label each pixel in the RGB data, ensuring
that only relevant classes are kept while irrelevant entities are
discarded. Panoptic segmentation is preferred in this context
due to its better occlusion handling, sharper boundary detec-
tion, and efficient distinguishing among objects within the
same class. Accordingly, the proposed method employs real-
time panoptic semantic segmentation frameworks, including
PanopticFCN [28] and YOSO [29].

Each frame f € F passes through the semantic segmen-
tation function S, resulting in the semantic label map L =
S(f), where L, ) refers to the semantic class label of the
pixel at (z,y) € N2. The next step is to apply semantic class
filtration to filter building components’ semantic classes ¥
(i.e., wall and ground surfaces) as follows:

Liz.y)
Lo = {nully

if Lz €V
otherwise

where Ly represents the filtered semantic label map derived
from the input RGB frame, containing only the pixels
corresponding to the building components specified in ¥.
The uncertainty parameter A, ,) € R for each pixel Ly, )
is also stored for potential classification errors.

Since the semantic map Lg may contain noisy and in-
complete segments, it requires further refinement. Therefore,
another pass of RANSAC is applied to Ly to filter out noisy
and incomplete parts, considering the uncertainty parameter
A. The outcome is referred to as Iy = {my, | my, €
R3,k € N} and represents all building component objects
derived from the Ly. It should be noted that IIy may suffer
from sparsity due to segmentation resolution and occlusion
constraints, making its geometric equations inconsistent. An
instance of the extracted labeled planar entities using the
semantic validator module is shown in Fig. 2.

C. Geometric-Semantic Fusion

The geometric planes II estimated by the geometric esti-
mator are more trustworthy due to being derived from dense
point cloud data, delivering accurate geometric analyses.
However, these planes lack semantic information and can be-
long to any semantic entity with planar surfaces. Conversely,
the planes Iy determined by the semantic validator contain

semantic labels belonging to specific building components,
but they lack precise geometric equations. Hence, the final
stage of the pipeline involves associating IT with Ily planes
belonging to frame f; captured at time ¢, enabling the
validation of the geometric planes and assigning accurate
semantic labels to them. The essence of Ily planes in the
fusion stage is to validate the semantic labeling of II planes
after matching, ensuring that the matched planes possess
accurate geometric properties and are correctly identified as
pre-defined building elements.

Considering geometric plane 7; € IT and semantic plane
Ty, € IIy, the association process is defined as follows:

T, = {771pj

null

where € is a predefined threshold for a valid match with

the most prominent inlier matches. The matched (validated)

planes are stored in II,, C II, which contain geometrically
accurate and semantically meaningful planes.

The final step is applying post-processing algorithms on
IT,. Accordingly, the dangling planes removal function
I, = D(II,) omits any planes of IT, that do not correspond
to wall or ground surfaces. The remaining valid planes
are passed through a structural validation function II, =
V(I1,), ensuring that they satisfy the necessary geometric
constraints for the environment. For instance, ground planes
are constrained to be horizontal in the global reference frame,
while wall planes must be vertical and perpendicular to
the ground surfaces. Detecting such building components
prepares the ground for identifying high-level structural-
semantic elements, such as rooms and corridors, defined by
the topological associations among the mentioned elements.

if match(m;, my,) > €
otherwise

IV. EVALUATION

This section describes the two assessments conducted to
evaluate the proposed methodology’s accuracy and useful-
ness. One experiment analyzes the correct recognition of
building components in the environment, while the second
confirms its impact on map reconstruction by integrating with
a VSLAM framework.

A. Evaluation Setup

The evaluations were conducted on a system equipped
with an 11** Gen. Intel® Core™ i9-11950H processor
running at 2.60 GHz, an NVIDIA T600 Mobile GPU with
4GB of GDDR6 memory, and 32GB of RAM. The employed
datasets were ICL [30], ScanNet [31], and an in-house
dataset collected by the authors in real-world environments.
Table I presents the characteristics of the mentioned datasets
used for evaluation.

It should be noted that the in-house dataset contains
sequences recorded in various indoor setups using a de-
signed handheld/mountable device equipped with an Infel®
RealSense™ Depth Camera D435i and an Ouster OS1 Mid-
Range High-Resolution Imaging LiDAR with the precision
of 0.3 — 1m : £0.7cm. The LiDAR data is primarily used



TABLE I: The list of datasets used for evaluations.

Dataset #Instances  Duration Texturing
ICL [30] 09 11m 26s photo-realistic
ScanNet [31] 06 04m 32s real
In-house (collected) 07 41m 36s real
Total 22 57m 34s

Mid-Range High-Resolution
Imaging 3D LIDAR

Intel NUC Coire i7

RealSense D435i RGB-D Camera

Device handle for robot mounting or
handheld usage

Fig. 3: The in-house data collection setup (A) and some
instances of the collected dataset (B).

as ground truth. Fig. 3 depicts the device employed for
collecting data and some RGB frames from our in-house
dataset.

B. Map Reconstruction Performance

To showcase the effectiveness of the proposed approach
within a VSLAM framework, we integrated our pipeline
equipped with YOSO [29] semantic segmentation into ORB-
SLAM 3.0 [32]. This integration detects and maps the
defined building components (in this work wall and ground
surfaces), adding additional constraints while preserving the
system’s real-time performance. The evaluation results are
presented in Table II, where the baseline (ORB-SLAM 3.0)
and its pipeline-integrated version were executed across eight
iterations on the datasets to ensure reliable outcomes. The
employed evaluation metric is Root Mean Square Error
(RMSE) in meters.

As shown in Table II, the pipeline-integrated version of
ORB-SLAM 3.0 outperforms the baseline across various
environment layouts in most of the cases. This improve-
ment is primarily due to incorporating environment-specific
constraints derived from accurately detecting building com-
ponents, including wall and ground surfaces. With such
constraints, the system achieves a more structured and in-
formed reconstructed map, reducing trajectory estimation
errors and better aligning with real-world features. In the ICL
dataset, where the environment is relatively small, the most

TABLE II: Evaluation results on the various dataset using
Root Mean Square Error (RMSE) in meters. The best results
are highlighted in bold. Numbers in brackets indicate the
percentage of the traversed trajectory before tracking failure,
with cmp. denoting completion.

| Methodologies Diff.(%)
Dataset Sequence | ORB-SLAM 3.0  Proposed
ICL [30] deer-gr 0.008 138%] 0.007 [58%] +12.5%
deer-wh 0.068 3% 0.068 133%] 0.0%
deer-w 0.098 [>>% 0.094 [61%] +4.1%
deer-r 0.065 [64%] 0.064 [64%] +1.5%
deer-mavf 0.027 [empl 0.026 ™l +3.7%
diam-gr 0.097 [emel 0.068 Lcm] +29.9%
diam-wh 0.041 2% 0.029 templ +29.3%
diam-mavs 0.017 temp] 0.018 femp] -5.9%
diam-mavf 0.027 temp 0.026 'cmp +3.7%
ScanNet seq-0041-01 0.141 femp 0.136 5% +3.5%
[31] seq-0103-01 0.077 B39%! 0.076 3% +1.3%
seq-0200-00 0.047 161%) 0.052 [61%] -10.6%
seq-0560-00 0.090 4% 0.092 tempd -2.2%
seq-0614-01 0.126 72%) 0.132 169%] -4.8%
seq-0626-00 0.095 temp] 0.094 tcmp] +1.1%
Collected  seq-1rm 0.063 temp] 0.063 tempd 0.0%
(in-house)  seq-4rm-2crr 0.432 [empl 0.418 fempl +3.2%
seq-nested 0.163 188% 0.169 198% -3.7%
seq-1rm-lcrr 0.278 lemp 0.262 [em +5.8%
seq-4err 0.285 [75%] 0.269 1757 +5.6%
seq-2rm-1crr 0.125 [emp] 0.126 lempd -0.8%
seq-lab 0.376 1% 0.377 lempd -0.3%

significant improvements -around 30%- occurred in diam-gr
and diam-wh, with reductions of 2.9 ¢m and 1.2 cm in RMSE,
respectively. Sequence seq-0200-00 in the ScanNet dataset
leads to a higher trajectory error of 0.6 cm, presumably due
to errors in associating building components after getting
lost and incomplete map reconstruction affecting overall
accuracy. In the collected real-world in-house dataset where
the sequences are longer, the best results appear in seq-1rm-
Icrr (one office connected to a corridor) and seg-4crr (four
connected corridors) with 5.8% and 5.6% improvements,
respectively. Some instances of the reconstructed maps pre-
sented in 3D scene graphs are depicted in Fig. 4.

C. Building Component Recognition Accuracy

Table III presents the performance of the proposed ap-
proach in accurately detecting building components across
different datasets. For evaluation, we calculated the val-
ues of True Positive (TP), False Positive (FP), and False
Negative (FN) for each dataset instance. In this context,
a TP represents a building component that exists in the
environment and is correctly detected by the method. A FN
occurs when a building component is incorrectly detected
where none exists, while an FP indicates a failure to detect
an existing component. Accordingly, the proposed method’s
performance was assessed using object-level precision, re-
call, and the F1-Score calculations. While precision measures
the ratio of correctly detected components relative to all
detected ones, recall reflects the method’s ability to detect all
existing building components, making it possible to provide



(a) diam-gr of ICL [30]

(c) seq-1rm of in-house

(d) seq-2rm-Icrr of in-house

Fig. 4: Reconstructed maps presented in 3D scene graphs en-
riched with recognized building components in some dataset
instances. Labels have been manually added to enhance
clarity.

TABLE II: The accuracy of the proposed method in cor-
rectly detecting building components.

| Ground truth | Methodologies
Dataset Sequence | #Components | Precision — Recall — Fl-Score
ICL [30] deer-gr 5 0.80 0.80 0.80
deer-wh 10 1.00 1.00 1.00
deer-w 10 0.91 1.00 0.95
deer-r 10 1.00 0.80 0.89
deer-mavf 5 0.80 0.80 0.80
diam-gr 6 0.75 1.00 0.86
diam-wh 7 0.71 0.71 0.71
diam-mavs 4 1.00 0.50 0.67
diam-mavf 4 1.00 0.50 0.67
ScanNet seq-0041-01 5 0.83 1.00 0.91
[31] seq-0103-01 5 1.00 0.60 0.75
seq-0200-00 5 1.00 1.00 1.00
seq-0560-00 5 1.00 1.00 1.00
seq-0614-01 5 1.00 1.00 1.00
seq-0626-00 5 0.83 1.00 0.91
Collected seq-1rm 5 0.80 0.80 0.80
(in-house) seq-4rm-2crr 20 0.86 0.95 0.90
seq-nested 9 0.70 0.78 0.74
seq-1rm-lcrr 7 0.86 0.86 0.86
seq-4crr 18 0.84 0.89 0.86
seq-2rm-lcrr 7 0.75 043 0.55
seq-lab 23 0.79 0.83 0.81
Total ‘ 180 ‘ 0.87 0.83 0.84

a balanced metric that covers both measurements as follows:

precision X recall

F1=2x —
precision + recall

According to Table III, the presented method functions
satisfactorily in most scenarios, consistently acquiring high
precision and recall over various datasets’ instances. The
good results are attributed to the integration of geometric
detection followed by semantic validation, improving the
accuracy of structural elements in the environment. Slight
deviations in performance may occur depending on occlu-

A s
ut. !

(c) Glass block in seq-2rm-Icrr (d) Association in seq-nested

Fig. 5: Edge-case scenarios posing challenges on the pro-
posed method: a) multiple walls detected due to the curved
shape of the wall, b) misclassification of some parts of the
cupboard as a wall, ¢) ignoring glass blocks as walls, and d)
the same walls are not associated due to pose error.

sions, the complexity of the environment, or incomplete data
observation in the semantic maps.

On the other hand, several factors can be attributed to the
causes of inadequate precision or recall results in some cases.
A sample is an incorrect association between geometric
and semantic entities due to fast camera motion during
data acquisition, leading to tracking loss or visual feature
mismatching. Additionally, curved wall designs pose chal-
lenges on association and validation, as the method mainly
relies on planar surfaces for building component detection.
Other factors include inaccuracies in semantic segmentation
for classifying texture-less flat surfaces (e.g., cupboards and
desk drawers) and the existence of walls with glass blocks
in the environment. Fig. 5 depicts some of the mentioned
limitations of the proposed method in challenging scenarios.

V. CONCLUSIONS

This paper presented a real-time pipeline for integrating
geometrical planar surface detection and object-level seman-
tic validation to detect building components (in this case,
wall and ground surfaces) on RGB-D point cloud data. The
pipeline aims to accurately recognize entities critical for
high-level scene understanding by applying 3D plane poses
extracted from RANSAC-based plane fitting and keeping/dis-
carding those planes after validating their semantic category
using a panoptic segmentation. Experimental results revealed
that the proposed method could improve scene understanding
and representation in 3D scene graphs, besides enhancing



the accuracy of a visual SLAM framework by imposing new
environment-driven constraints.

As a continuance of the work, we are currently working to
incorporate the proposed method into a real-time VSLAM,
empowering it to detect high-level structural-semantic enti-
ties alongside performing semantic loop closing.
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