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Kinetic Expansion of Linear Structural Elements: A
Hybrid Method for Floorplan Reconstruction

From Indoor Scene Point Cloud
Yunlin Tu , Wenzhong Shi , Yangjie Sun, and Min Zhang

Abstract—Indoor floorplans are widely used in fields like build-
ing information modeling, indoor navigation, emergency response,
smart buildings, and architectural design simulation. However,
reconstructing accurate floorplans from indoor laser point clouds
is challenging due to the complexity, clutter, and occlusions of
indoor structures. We propose kinetic expansion of linear struc-
tural elements (KELSE), an indoor scene floorplan reconstruction
method to address these challenges. We design a structural element
extraction method that integrates geometric feature constraints
with semantic information to identify structural elements such
as walls, doors, windows, ceilings, and floors in complex indoor
scenes. A kinetic data structure expansion and undirected graph
optimization are then used to reconstruct the complete floorplan.
Experimental results show that KELSE achieves high accuracy and
completeness, with room reconstruction reaching 0.98 and 0.95,
respectively. KELSE provides an efficient and precise solution for
floorplan reconstruction from indoor LiDAR point cloud data.

Index Terms—Indoor floorplan reconstruction, kinetic data
structure (KDS), kinetic expansion, lidar point cloud, structural
element extraction.

I. INTRODUCTION

AUTOMATED floorplan reconstruction from 3D point
cloud data has been a central research topic in computer

graphics and computer vision, with growing importance in areas
like building information modeling (BIM), indoor navigation,
smart buildings, and architectural design simulation [1], [2].
Recent studies have focused on reconstructing floorplans from
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indoor scene structural elements [3], [4]. This method involves
identifying and extracting primary structures, such as ceilings,
floors, and walls, from point clouds [5], [6]. However, accu-
rately identifying and extracting these structures in complex
scenes with furniture occlusions [7], [8] remains a significant
challenge. Scenes often contain noise and missing regions limit
the accuracy and automation of floorplan reconstruction. As a
result, high-quality floorplans are still often generated manually,
which is resource-intensive and inefficient [9], [10].

Existing methods primarily focus on accurately extracting
indoor structural elements from point clouds and assembling
them into scene floorplans. To overcome the interference caused
by scene complexity and missing regions. Researchers have
employed traditional detection methods, such as random sample
consensus (RANSAC) [11] and region growing [12], [13], as
well as deep learning approaches [14], [15], [16] to detect and ex-
tract structural elements from point clouds. Structural elements
are often represented as planes to denote wall positions or as
corner points to mark room corners, forming the basis for con-
structing room geometry. Traditional extraction methods offer
high processing efficiency and broad applicability, while deep
learning methods perform better in handling complex scenes.
However, both approaches struggle to effectively distinguish
between structural and nonstructural elements in scenes with
complex layouts, cluttered noise, and missing regions.

After extracting the structural elements, researchers have
proposed various methods to combine them into accurate room
floorplans. One popular combination strategy is to design an
optimization framework that directly connects the detected
structural elements [17], [18], [19]. However, this strategy is
typically time-consuming and highly dependent on the accuracy
of the structural element detection results. Another combination
strategy involves partitioning the 2D space into polygons and
assigning a room instance label to each polygon [2], [20], [21].
Compared to the former, this strategy is more robust. However,
it relies on an accurate estimation of the room instance label
map, which means that, in addition to the point cloud, additional
instance label data must be provided as input.

Despite the advances in these methods, challenges remain,
especially when dealing with complex scenes and missing re-
gions. To address these issues, we propose KELSE, a method
that enhances floorplan reconstruction, driven by kinetic ex-
pansion. The method begins by performing voxel downsam-
pling and polynomial fitting on the point cloud, reducing
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points while retaining key structural information for improved
algorithm efficiency. A novel structural element extraction tech-
nique combines semantic and geometric constraints to classify
the point cloud into structural and nonstructural elements. Once
the structural elements are identified, we draw on the work of
Bauchet and Lafarge [22], utilizing quadratic programming (QP)
and kinetic data structure (KDS) to optimize the relationships
between elements and perform kinetic expansion to form closed
polygons. Finally, a graph-based optimization algorithm identi-
fies and retains polygons that accurately represent room areas,
automatically excluding invalid or redundant polygons caused
by noise and occlusions. In summary, KELSE enhances effi-
ciency and accuracy in floorplan reconstruction by addressing
key challenges in complex scenes. The key contributions of this
work are as follows.

1) An automatic floorplan generation framework, KELSE,
is proposed to address challenges such as complex indoor
layouts and missing regions. It also allows floorplans to be
reconstructed without requiring explicit prior knowledge
of the scene.

2) A novel structural element extraction method is proposed,
integrating semantic information with geometric feature
constraints to improve accuracy in cluttered and incom-
plete point clouds.

3) An innovative floorplan simplification algorithm is pro-
posed to remove redundant polygons by eliminating erro-
neous edges and merging intersections, ensuring the final
floorplan’s accuracy and conciseness.

II. RELATED WORK

Reconstructing 2D floorplans from point clouds is crucial
for indoor scene reconstruction and is significant across various
domains, including computer vision, BIM, and smart buildings.
Given the complexity of a comprehensive review in this domain,
we will provide a brief overview of two key areas central to our
research: structural element extraction and floorplan generation.

A. Structural Element Extraction

In indoor scene reconstruction, structural point extraction
involves identifying points within a point cloud that represent the
scene’s structural elements, such as ceilings, walls, and floors.
The goal is to accurately extract and classify the features of these
points. Research on this topic can be broadly categorized into
two main approaches: (i) geometry-based methods and (ii) deep
learning-based methods.

Geometric feature-based methods have been extensively stud-
ied and applied. These methods extract structural points by
analyzing local geometric features such as normal vectors, plane
geometry, and curvature. For example, as shown in Table I, Jenke
et al. [24] reconstructed point cloud surfaces using fundamental
geometric principles, Li et al. [23] leveraged local geometric
features for target recognition, and Sanchez and Zakhor [27]
employed PCA and RANSAC to classify and segment basic
indoor structures. These methods perform well in scenes with
distinct geometric features but face significant limitations in
complex environments. Their accuracy declines in the pres-
ence of occlusions, complex shapes, or uneven data densities.

TABLE I
OVERVIEW OF REPRESENTATIVE STRUCTURAL POINT EXTRACTION METHOD

Additionally, they are prone to getting stuck in local optima,
failing to capture the holistic structure of the scene when con-
fronted with multiple similar structures or overlapping shapes.
This results in a decrease in the overall quality of the reconstruc-
tion.

Deep learning-based methods have made substantial progress
in recent years. Prominent methods such as PointNet [14], [26],
RandLA-Net [30], and Point Transformer [15] utilize neural
networks to learn both global and local features of point clouds,
enabling more accurate classification. However, despite their
advancements, these methods still encounter several challenges.
First, they require large-scale labeled datasets, which are time-
consuming and costly to create. Additionally, complex models
are prone to overfitting, necessitating manual parameter tuning
and significant computational resources. Techniques such as
transfer learning and data augmentation [32] mitigate these
issues to some extent, but the generalization capability of these
models remains limited, particularly in real-world applications.

B. Floorplan Generation

Recent advancements in the field of floorplan generation have
led to the development of various methods. Among these, two
intuitive approaches can be broadly categorized: (i) 2D space
partitioning methods and (ii) structural element composition
methods.

2D space partitioning methods segment and optimize in-
door spaces to generate floorplans based on constraints such as
user-defined boundaries, internal unit sizes, shapes, and their
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TABLE II
OVERVIEW OF CATEGORIES IN FLOORPLAN RECONSTRUCTION METHODS WITH VARYING WORKFLOWS

interrelationships. For instance, Bormann et al. [33] effec-
tively partitioned indoor scenes using various features, including
Voronoi diagrams, distance metrics, and morphological tech-
niques. Wu et al. [34] employed a mixed-integer quadratic
programming (MIQP) approach to propose an accurate math-
ematical model for generating indoor floorplans. Hu et al.
[35] further investigated methods for automatically generat-
ing floorplans based on user-defined building boundaries and
design constraints, improving both generation efficiency and
accuracy. Additionally, the authors in [36] and [37] introduced
House-GAN and House-GAN++, which use generative adver-
sarial networks (GANs) to partition and combine room layouts,
generating diverse and high-quality floorplans. Although these
methods perform well when room instance labels are accurate
and complete, their performance significantly declines when
label information is inaccurate or missing.

The structural element composition methods, on the other
hand, focus on connecting detected structural elements to form
a complete floorplan. A representative method in this category
is FloorNet [18], which uses neural networks to extract room
corner points and structural elements, linking them together for
floorplan reconstruction. Chen et al. [17] proposed Floor-SP,
which employs a room-wise coordinate descent algorithm to
combine segmented room instances with corner/edge likelihood
maps, resulting in the integration of a complete floorplan. In
addition, FloorUSG proposed by Han et al. [38] integrates
image semantics and point cloud geometry to generate candi-
date wall segments, and selects the optimal combination via

integer linear programming to produce structurally consistent
indoor floorplans. More recent studies, such as RoomFormer
[19], SceneScript [39], FRI-Net [40], and PolyRoom [41], apply
Transformer architectures to reconstruct floorplans by predicting
sets of polygons based on room and corner point information.
These methods leverage encoder-decoder structures to represent
scenes as sequences or structured queries, often incorporating
geometric priors, dense supervision, and room-aware attention
mechanisms to improve reconstruction accuracy, regularity, and
topological consistency.

These methods perform well in non-Manhattan structures and
large-scale scenes but face challenges with irregular structures
and fine details. Their reliance on predefined nodes and postpro-
cessing steps often limits the precision of floorplans in complex
scenes.

Despite significant progress in various methods for structural
point extraction and floorplan generation, inherent limitations
and challenges remain to be addressed. In structural point ex-
traction, geometry-based methods often struggle in complex
scenes, particularly when dealing with occlusions, complex
shapes, or uneven data densities. Deep learning-based meth-
ods typically require large labeled datasets and may exhibit
limited generalization capabilities. In floorplan generation, the
aforementioned methods also face challenges in handling com-
plex constraints, boundary conditions, and insufficient feature
capture. These challenges can negatively impact the accuracy
of generated floorplans, particularly in representing spatial
relationships.
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Fig. 1. Indoor floorplan reconstruction: KELSE extracts structural elements
from the given indoor scene point cloud, converts them into a KDS, and performs
kinetic expansion to reconstruct the indoor floorplan.

III. METHODOLOGY

The proposed method, KELSE, processes point clouds from
real-world indoor scenes to generate a floorplan, represented
as a planar graph with each closed polygon delineating room
boundaries. The coordinates of the input point cloud are simply
aligned, with the upward direction being aligned to the Z-axis
of the world coordinate system.

As illustrated in Fig. 2, KELSE encompasses three primary
steps. Initially, to enhance reconstruction accuracy, a suite of
preprocessing techniques is implemented, including downsam-
pling, surface smoothing, and semantic segmentation. These
steps substantially diminish redundant points, noise, and out-
liers, while concurrently retaining essential structural points and
semantic information. Subsequently, we introduce a multifea-
ture integrated structural element extraction method that lever-
ages semantic information, geometric features, and positional
data to accurately identify the structural elements within the
scene. Ultimately, once the principal structural element points
are identified, they are projected onto a 2D plane. Employing
linear fitting, kinetic expansion, and an undirected graph-based
optimization algorithm, we generate and refine the closed poly-
gons. This process ensures that the floorplan accurately and
rationally mirrors the indoor space’s layout.

A. Data Preprocessing

Generating a floorplan directly from raw point cloud is im-
practical due to the significant impact of redundant information,
noise, and outliers on the efficiency and accuracy of KELSE’s
results. To mitigate these issues, we have implemented a se-
ries of preprocessing steps, such as downsampling, surface
smoothing, and semantic segmentation. These steps effectively
reduce redundant points, noise, and outliers while preserving
key structural points and incorporating semantic information,
which facilitates subsequent processing.

Noise reduction: The presence of noise, outliers, redundant
points, and inaccuracies during data collection can significantly
impair the efficiency of KELSE and the accuracy of the gen-
erated floorplan. Therefore, we have designed a preprocess-
ing pipeline that includes voxel downsampling and moving

least squares smoothing (MLS) [42]. This pipeline eliminates
these disturbances effectively. Voxel downsampling segments
the input point cloud into numerous small cubes, computes
the centroid coordinates for each set of points within a cube,
and employs these centroids to simplify the point cloud, ef-
fectively reducing the data volume while preserving the struc-
tural information of the room point cloud. However, down-
sampling alone cannot eliminate inaccuracies in the data, so
we apply MLS to the downsampled point cloud to obtain a
point cloud with uniform density and smooth surfaces. MLS
is a widely used technique for adaptive fitting of discrete data.
This method fits a local smooth surface within the neigh-
borhood of each point using a moving window and projects
the point coordinates onto the fitted surface, thus achieving
point cloud smoothing. The following equation represents the
process:

E (φp) =
∑
i

Θ(||pi − p||2) (φp (pi)− φi)
2 (1)

where φp represents the polynomial surface function fitted at
point P , and Θ is a weight function that calculates the weighted
distance between point P and its nearest neighbors. The term
(φp(pi)− φi)

2 represents the gap between the smoothed point
coordinates and the original coordinates. For each point pi in
the input point cloud, MLS first identifies a specified number of
neighboring points using a KD-tree. A polynomial function φp

is then fitted to these neighboring points, and the optimal surface
is obtained by minimizing (1). Finally, each point pi is projected
onto the fitted surface, resulting in a smooth and uniform point
cloud.

Semantic segmentation: To accommodate multifeature con-
straints, semantically annotated points are required as input. For
this purpose, we utilize RandLA-Net [30], trained on the S3DIS
dataset [43], to segment indoor scene point clouds. The goal of
this work is to extract structural elements that describe the spatial
distribution of the scene, rather than perform detailed object
classification. To achieve this, we follow the structural element
classification proposed by Nikoohemat et al. [6] and reclassify
the S3DIS category labels accordingly. Specifically, points la-
beled as walls, doors, windows, and columns are designated
as primary structural elements, while ceilings and floors are
treated as secondary structural elements. Nonstructural elements
include points for bookshelves, chairs, tables, sofas, beams, and
clutter. This reclassification reduces computational overhead
during network training and improves generalization by reduc-
ing the number of categories. Fig. 3 compares the reclassified
labels with the original ones. Since structural and nonstructural
elements differ mainly in spatial geometric features rather than
texture, we simplify the input features to only include (x, y, z)
spatial coordinates, omitting the color components (r, g, b). The
decision not to incorporate color information from the training
dataset as a learnable input is based on the observation that
the spatial distribution of structural elements provides sufficient
distinguishing information for segmentation tasks, and includ-
ing color would not significantly improve performance in this
context.
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Fig. 2. Overview of KELSE.

Fig. 3. Comparison of reclassification based on structural element definition. (a) Indoor scene point cloud of the S3DIS dataset. (b) Original labels of the S3DIS
dataset. (c) Labels obtained through division based on structural elements.

B. Structural Element Extraction by Integrating Multiple
Features

To accurately represent the layout of indoor spaces, extracting
structural element points from the point cloud is essential before
reconstructing the indoor scene’s floorplan. Given that indoor
scenes vary in height, area, and often contain furniture with

similar geometric features, such as desks and bookshelves, meth-
ods relying solely on geometric features or prior knowledge,
such as height, are insufficient for ensuring accuracy. To over-
come this limitation, we propose a segmentation method that
integrates multiple feature constraints. This method combines
semantic information, geometric features, and spatial position-
ing to comprehensively identify structural elements, ensuring
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Fig. 4. Extraction of structural elements based on point geometric similarity
constraints. Arrows represent the direction of the normal vectors of the points.
If the angle θ formed by the normal vectors of the nonstructural point PN and
the primary structural point P p satisfies the threshold, then they are considered
to have similar geometric features.

the completeness of the extracted results.

θ = arccos

⎛
⎝

→
pp ·

→
pN∣∣∣→pp

∣∣∣→pN |

⎞
⎠ . (2)

Structural element extraction with multifeature constraints: In
indoor scenes, the complexity of primary structural components
often complicates their accurate identification by segmentation
networks. In most indoor scenes, walls are perpendicular to the
horizontal plane and intersect with the boundaries of ceilings and
floors. Building on this observation, our method integrates se-
mantic information, geometric features, and 2D positional infor-
mation to correct misclassifications made by the segmentation
network. These three features work in a complementary manner
during the fusion process. Semantic cues provide categorical
priors based on learned knowledge, while geometric features
[e.g., normals and angles as in (2)] offer local surface charac-
teristics that help distinguish flat, planar structures. Meanwhile,
2D positional information serves as a spatial constraint, align-
ing structural points with the boundary distribution of ceilings
and floors. When inconsistencies arise—for example, when the
semantic prediction classifies a point as nonstructural but its
geometric and positional features suggest otherwise—the fu-
sion process prioritizes geometric alignment and spatial context
over pure semantic labeling. This rule-based resolution strategy
ensures that structural consistency is maintained, particularly in
ambiguous regions. Although prior studies [4], [5] employed
methods such as RANSAC to fit local structural surfaces for de-
tecting and refining elements like walls, the inherent randomness
in such sampling-based approaches can lead to inaccuracies. In
contrast, our method leverages point-level geometric features
to achieve more precise classification of structural elements, as
illustrated in (2), Figs. 4 and 6(a).

Where
→
pp and

→
pN represent the normal vectors of the pri-

mary structural element point Pp and the nonstructural element
point PN , respectively, and θ denotes the angle between them.
Nonstructural points exhibiting geometric compatibility with
adjacent primary structural points—as determined by angular

deviation θ and a predefined threshold θg—are reclassified as
structural elements. Additionally, since walls typically intersect
with ceilings and floors, we assume that the positions of all pri-
mary structural points in the 2D plane align with the boundaries
of secondary structural elements. Based on this assumption, we
extract the boundary points of secondary structural elements
to eliminate nonstructural elements, as illustrated in Figs. 5
and 6(b).

C. Floorplan Reconstruction

Following the floorplan definition by Fang et al. [3], we
reconstruct the indoor scene as a closed polygon floorplan on
a 2D plane after extracting primary structural element points.
The structural element points from the 3D point cloud are first
projected onto a 2D plane, and linear primitives are generated
using region growing and convex hull fitting. To improve ge-
ometric relationships, we apply QP optimization to enhance
orthogonality and parallelism. The optimized linear primitives
are then converted into a KDS, with its kinetic expansion used to
progressively generate closed polygons. Finally, an undirected
graph-based optimization function removes redundant edges
and simplifies the polygons, ensuring that the planar graph
accurately represents the indoor layout.

Linear primitive fitting: To simplify the point cloud and
facilitate floorplan generation, we use geometric model fitting
techniques. The primary structural element points are projected
onto a 2D plane and simplified into line segment models through
linear fitting, transforming the point cloud into manageable ge-
ometric primitives. We employ region growing [44] to fit linear
models from the projected points, and these linear models serve
as the linear primitives for the floorplan. Two criteria are used,
as defined in (2): normal vector similarity and point-to-point
distance, to assign points to different groups, after which convex
hull fitting is used to convert the groups into linear primitives. To
eliminate noise and filter the fitted linear primitives, we impose
the following rules.

1) The distance from a point to any point within a linear set
must be less than the distance threshold Dr.

2) The normal vector difference between a point and any
point within the linear set must not exceed the angle
threshold θr.

3) The minimum number of points constituting any linear set
must be greater than the threshold N, and the length of the
fitted linear primitives must exceed the length threshold
L.

The fitting process, as shown in Figs. 7 and 8, transforms com-
plex point clouds into more concise linear geometric primitives,
significantly reducing the amount of data.

Kinetic expansion: Fitting errors may lead to insufficient or-
thogonality and parallelism in the linear primitives, resulting in
inaccurate polygonal areas in the reconstructed floorplans. This,
in turn, affects the precision and overall accuracy of the floor-
plans. To address these issues, we adopt the global regulariza-
tion technique and KDS-based expansion strategy proposed by
Bauchet and Lafarge [22]. This approach corrects fitting errors
and enhances the spatial layout integrity of the linear primitives.
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Fig. 5. Structure element extraction based on 2D distance constraints. (a) Primary structure elements containing nonstructural elements. (b) Boundary of secondary
structure elements. (c) Primary structure elements corrected according to 2D distance constraints; ∗: 2D distance constraint.

Fig. 6. Multiconstraint structural element extraction process. (a) Structural element extraction based on geometric feature similarity constraints, Δ: Geometric
feature similarity constraint. (b) Structural element extraction based on 2D distance constraints.
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Fig. 7. Linear fitting of projected points using fitting rules through region growing. (a) Unpartitioned projected points. (b) Upper: Calculating the distance between
points and points in the linear set, lower: Calculating the normal vector differences between.

Fig. 8. Conversion of linear point sets into linear primitives through convex hull transformation.

Fig. 9. Reconstruction process of the floorplan is based on kinetic expansion. (a) Initialization of kinetic expansion, (b) the 30th expansion, (c) the 120th expansion,
and (d) finalization of kinetic expansion.

When reconstructing the floorplan from fitted linear primitives, it
is crucial to establish their interconnections. Additionally, due to
structural omissions caused by furniture obstructions, the fitted
primitives often fail to fully capture the indoor scene’s layout.
As illustrated in Fig. 9, we expand the linear primitives using
KDS, linking them to form closed polygons, which effectively
compensates for structural omissions due to these obstructions.

Floorplan simplification: Due to the complexity of indoor
scenes and potential data loss, the resulting floorplans may
contain redundant polygons. Therefore, this step aims to

eliminate redundant edges in the floorplans to ensure that the
final polygons accurately reflect the indoor environment. We
transform the generated polygons into an undirected graph
G = 〈V,E〉, where the vertex set V represents the endpoints
of the linear primitives, and the edge set E represents the
linear primitives themselves. Subsequently, we analyze and
simplify the edges and vertices in the graph, with the sim-
plification process consisting of two parts: (i) removing erro-
neous edges from the graph, and (ii) merging the remaining
edges.
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Fig. 10. Calculating the validity of edgesV (S), superimposing the undirected
graph G with the point cloud to determine whether the edges in G are invalid
or valid; Upper image: The edges in G highly coincide with the point cloud,
indicating valid edges; Lower image: The edges in G cannot find enough points
in the point cloud, indicating invalid edges.

For the elimination step, we designed an energy function E(S)
to determine whether the linear primitive S should be discarded.
This function includes a validity term V and a degree term D, as
shown in the following equation:

E (S) = V (S) + λ ·D (S) . (3)

The validity term V(S) is defined as shown in (4) and Fig. 10,
and is used to calculate the proportion of valid points for the
linear primitive S within the point cloud. Each linear primitive
S is divided into multiple segment points based on its length,
with the number of points denoted by n. For each segment point
Ps, the number of valid points is calculated using a predefined
threshold T and an indicator function 1 to determine whether
the segment point is valid. The higher the proportion of valid
points, the lower the energy. The indicator function 1 is shown
in (5).

V (S) = 1− 1

n

n∑
i = 0

1 ( Ps ) (4)

1 ( Ps ) =

{
1, if N ( Ps ) ≥ T
0, if N ( Ps ) < T

. (5)

In an undirected graph, the degree of an endpoint represents
the number of connected edges. We observe that connection
counts in actual valid structures typically cluster within a specific
range. Based on this, the degree term D(S) in (6) evaluates
primitive validity by quantifying endpoint connection deviations
at Ptar and Psou

D (S) = Max (0, |deg (Ptar)− 2|+ |deg (Psou)− 2|) (6)

Elevated D(S) values indicate that the primitive’s connec-
tivity pattern substantially deviates from normative structural
elements, suggesting potential reconstruction errors. To visual-
ize the effect of this energy-based pruning, Fig. 11 shows the
effect of invalid edge removal based on the energy function.

Fig. 11. Undirected graph G after removing invalid edges based on the energy
function E(S) . (a) Before invalid edge removal. (b) After invalid edge removal.

Fig. 12. Simplified undirected graph G, with dashed lines illustrating our
merging criteria: edges that are collinear and have an intersection degree of 2
are merged into a single edge; otherwise, they are not merged.

After the removal of erroneous edges, the remaining edges are
merged to simplify the planar graph. Specifically, if two edges
Ei and Ej intersect at exactly one point and the angle between
them satisfies the condition in (7), the edges are collinear, and
thus merged into a single edge, as shown in Fig. 12.∣∣∣∣cos θ→

Ei

→
Ej

∣∣∣∣ = 1. (7)

IV. EXPERIMENT AND ANALYSIS

A. Overview

This section introduces the datasets used in the KELSE al-
gorithm experiments and the evaluation metrics for assessing
the method’s accuracy. The dataset comprises eight indoor
scene point clouds, including six multiroom scenes and two
single-room scenes. Among the six multiroom scenes, three
are virtually generated from 3D models [8], and the other three
are captured using terrestrial LiDAR. For the two single-room
scenes, one is obtained with terrestrial LiDAR, while the other
is scanned using a backpack LiDAR system. We conducted
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qualitative and quantitative comparisons of KELSE with other
state-of-the-art methods on the 3 synthetic multiroom scene
datasets and performed quantitative assessments on all datasets.
The KELSE method is implemented using C++ and Python,
relying on the Computational Geometry Algorithms Library
(CGAL) [45], Point Cloud Library (PCL) [46], open-source
computer vision library (OpenCV) [47], and Open3D [48] to
realize all methods. All experiments were conducted on a PC
equipped with an Intel Core i9-10900K CPU (3.70 GHz) and an
NVIDIA RTX 3090 GPU.

B. Dataset

The eight indoor scene datasets used to assess the effective-
ness of KELSE are presented in Table III, which provides their
visual representations, while Table IV offers detailed informa-
tion on their size, scene complexity, point density, and degrees
of occlusion and absence in primary structures.

C. Parameters Setting

The KELSE algorithm employs a defined set of parameters
to govern its core processing stages, with the specific values
utilized in our experiments detailed in Table V. These parameter
values were selected to achieve an optimal balance between
reconstruction accuracy and computational efficiency applica-
ble across diverse indoor scenes. Core parameters associated
with preprocessing and feature extraction—namely the down-
sampling voxel size V s, the polynomial degree k for surface
smoothing, and the feature extraction thresholds θg, Db, θr,
Dr—were maintained at fixed values.

These values were selected based on empirical observations
made during method development. Specifically, V s = 0.025
was found to provide a good trade-off between point cloud
simplification and the preservation of key geometric details,
significantly reducing computation time while retaining struc-
tural elements necessary for downstream processing. Similarly,
the polynomial order k = 2 offered sufficient surface smooth-
ing without over-smoothing local geometry. Other thresholds
such as θg, Db, θr and Dr were incrementally adjusted and
validated through controlled experiments to achieve consistent
performance across scenes. The choice of these fixed param-
eters reflects a compromise between runtime efficiency and
reconstruction quality, which was iteratively optimized based
on experimental results.

Parameters governing the scale and density of extracted struc-
tural elements—specifically the minimum length L and the min-
imum point count N—exhibit inherent dependencies on input
data characteristics such as point density, room size, and level of
detail. In our implementation, these parameters were manually
adjusted based on qualitative observations of the point cloud
data. Specifically, we examined the typical geometric extent
and density distribution of linear structures in each dataset and
selected L and N values that could effectively filter out small,
noisy segments while preserving valid structural elements. The
parameter settings were guided by empirical observations and
demonstrated consistent performance across different datasets.
The specific values used in our experiments are listed in Table VI.

D. Evaluation Metrics

To verify the accuracy of the floorplans generated by KELSE,
we designed an evaluation method comprising six assessment
metrics. These criteria comprehensively assess the effectiveness
of KELSE from two aspects: geometric measurement and room
reconstruction.

In terms of geometric measurement, we annotated key struc-
tural points in the dataset and employed two assessment metrics
to evaluate the reconstruction performance of the model: the root
mean square error (RMSE) and the difference in room area. The
calculation formulas for these metrics are as follows:

RMSE2D =

√
1

N

∑N

i=1
(Pre,i − Pori,i)

2 (8)

RMSE3D =

√
1

n

∑n

i = 1
d2 (Pre,i,M) (9)

Room Area =

∑n
i=1 |Gi −Ai|∑n

i=1 Ai
. (10)

Equations (8) and (9) provide a detailed description of the
calculation method for the RMSE, which is used to assess the
degree of fit between the 2D floorplans reconstructed by KELSE
and the corresponding 3D point cloud. Since the objective of
KELSE is to generate 2D floorplans from 3D point clouds
of indoor scenes, we calculate the RMSE in both 2D and 3D
to ensure a more comprehensive and accurate evaluation. The
2D RMSE is calculated as shown in (8) by determining the
minimum distance between the generated point Pre,i and the
reference point Pori,i to obtain the RMSE value. This method
of calculation directly reflects the degree of fit between the
2D floorplan and the actual point cloud on the plane. In (9),
d2(Pre,i,M) represents the distance from the generated point
Pre,i to the local surface model M of the reference point cloud.
Considering the potential for voids in the 3D point cloud due to
occlusion by furniture or insufficient scanning, this method of
calculation can more accurately assess the differences between
the KELSE reconstruction results and the actual scene. (10)
describes the method for calculating the difference in room
area, where Gi represents the true area of the scene′s room,
and Ai represents the area of the room in the reconstructed
floorplan; these are all effective metrics for evaluating the quality
of KELSE’s reconstruction results.

In room reconstruction, the floorplan visually captures the
number of rooms and their spatial relationships. We assess the
accuracy of our generated floorplans by comparing them with
the actual room. To evaluate KELSE’s performance, we utilize
four key metrics: accuracy for correctly identified rooms, recall
for detected existing rooms, F1 score as a balance of precision
and recall, and mean Intersection over Union (mIoU) for the
average spatial overlap between predicted and actual room areas.
These metrics, detailed in (11)–(14), gauge the effectiveness of
KELSE’s room reconstruction capabilities.

precision =
TP

TP + FP
(11)

ecall =
TP

TP + FN
(12)
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TABLE III
ILLUSTRATIONS OF THE 6 MULTIROOM INDOOR SCENE DATASETS FOR KELSEY’S EFFECTIVENESS EVALUATION
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TABLE IV
ILLUSTRATIONS OF THE 2 SINGLE ROOM INDOOR SCENE DATASETS FOR KELSEY’S EFFECTIVENESS EVALUATION

TABLE V
DETAILED INFORMATION OF THE 8 INDOOR SCENE DATASETS USED TO

EVALUATE THE EFFECTIVENESS OF KELSE

F1score =
2 ∗Precision ∗Recall

recision+Recall
(13)

mIoU =
1

N

∑ TP

TP + FP + FN
. (14)

TABLE VI
PARAMETERS FOR KEY STEPS OF THE KELSE IN OUR EXPERIMENT

In these metrics, TP represents the overlapping area between
the predicted rooms in the floorplan and the actual rooms within
the intersection and union region, FP denotes the area of the
predicted rooms that is not covered by the actual rooms, and FN
indicates the area of the actual rooms that is not covered by the
predictions.
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Fig. 13. Reconstructed floorplan for 6 multiroom scenes. (a) Synth 1. (b) Synth 2. (c) Synth 3. (d) Office 3; (e) Office 4; (f) Factory

Fig. 14. Reconstructed floorplan for 2 single-room scenes. (a) Office 1. (b)
Office 2.

E. Result and Analysis

Geometric measurement: We evaluated the reconstruction
performance of the KELSE method on eight datasets by calcu-
lating metrics such as the RMSE and differences in room area.
Figs. 13 and 14 illustrate the reconstruction results, with detailed
metrics provided in Tables VII and VIII. Visual inspection and
statistical analysis indicate that the method performs well across
a variety of indoor scenes.

Figs. 13 and 14 visually present the reconstruction outcomes
of KELSE across eight distinct indoor scenarios, encompassing
diverse spatial layouts and structural complexities, including
synthetic datasets and real office environments, reflecting a range
from relatively simple to complex indoor configurations. In
the synthetic datasets, despite irregular room shapes, varying
numbers of rooms, and some missing regions, KELSE accu-
rately captures wall boundaries and reconstructs floorplans with

TABLE VII
EVALUATION RESULTS OF THE RMSE IN 2D AND 3D

high precision and stability. The real-world office scenarios
include multiple offices and factory settings of varying sizes,
with scene areas ranging from approximately 112 square meters
to over 1000 square meters, featuring complex and diverse
spatial arrangements. For example, the Office 3 scenario con-
tains a U-shaped corridor, while the Office 4 scenario includes
an L-shaped corridor approximately 41 m long. Furthermore,
in the factory scenario covering roughly 1007 square meters,
KELSE consistently achieves high-quality reconstruction re-
sults, demonstrating its versatility and robustness in large-scale
and complex environments.

Table VII lists the RMSE values for the eight datasets in
both 2D and 3D. The 2D RMSE values are generally low, with
Office 1 showing an especially small 2D RMSE of only 0.003
m, indicating extremely high geometric reconstruction accuracy.
Although 3D RMSE values are higher than those in 2D, errors
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TABLE VIII
COMPARISON OF ROOM AREA DIFFERENCE BETWEEN KELSE RECONSTRUCTED RESULT AND GROUND TRUTH

Fig. 15. Reconstruction result distance distribution histograms for five scenes.
(a) 2D distance distribution histogram. (b) 3D distance distribution histogram.

across all scenes remain within reasonable bounds. The main
sources of error include occlusions by furniture, scanning voids,
and openings such as doors and windows. Combined with the
point distance distribution histograms in Fig. 15, the reconstruc-
tion results demonstrate consistent accuracy across a variety of
complex scenes, underscoring the reliability and robustness of
the KELSE method.

Table VIII quantitatively presents the area reconstruction
accuracy of KELSE across these eight scenarios. The results
show that the area differences remain small and accuracy is
high across all scenes. Among the synthetic datasets, Synth 2
performs exceptionally well, with an area difference of only

Fig. 16. Comparison of KELSE and RoomFormer on the Structured3D
dataset. KELSE results (left column) are depicted using red vertices and green
edges, while RoomFormer (right column) uses distinct color blocks to represent
each room area.

0.23 square meters and an accuracy of 0.99. In real scenarios,
despite increased complexity, Office 2 maintains high accuracy
with an area difference of 0.96 square meters and an accuracy of
0.99. Larger-scale scenes such as Synth 3, Office 3, Office 4, and
the factory also exhibit controlled area discrepancies, reflecting



25508 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 18, 2025

Fig. 17. Quantitative comparison bar charts on three multiroom scenes.

the method’s stable performance in complex structures and large
environments.

Room reconstruction: Multiroom scenes not only contain
more room boundaries, doors, windows, and other structural
details but also frequently encounter issues such as occlu-
sions and overlaps. Moreover, in multiroom scenes, the al-
gorithm must accurately identify the boundaries of different

Fig. 18. Qualitative comparison of three multiroom indoor scenes. Compared
to other methods, our algorithm is less affected by different room shapes,
demonstrating advantages in reconstructing room boundaries and maintaining
room topological information.
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TABLE IX
QUANTITATIVE COMPARISON ON 3 MULTIROOM INDOOR SCENES

TABLE X
QUANTITATIVE COMPARISON ON 3 INDOOR SCENES OF STRUCTURED 3D DATASET

rooms and their adjacent rooms, ensuring the correctness of
the overall topological structure. To assess the performance
of the KELSE algorithm, we qualitatively and quantitatively
compared it with three popular floorplan partitioning methods.
These methods include morphological segmentation (Mor) [49],
distance transformation-based segmentation (Dist) [33], and
Voronoi graph-based segmentation (Vor) [50]. Additionally, we
compared KELSE with the current state-of-the-art floorplan
reconstruction methods, including RoomFormer [19], PolyFit
[51], and VecIM [5]. Considering that all the test datasets vary
in scale, data volume, and shape layout, we selected Synth1,
Synth2, and Synth3 as representative benchmarks for compari-
son. These three datasets are relatively moderate in both scene
scale and data volume, while also featuring distinctive and
representative shape layouts. The specific results can be seen
in Table IX and Fig. 17, while Fig. 18 showcases the qualitative
comparison results between KELSE and these methods.

The experimental results demonstrate that KELSE consis-
tently performs well across all four reconstruction metrics,
showing clear advantages in multiroom scenarios. As shown in
Fig. 17, it maintains stable performance across Synth1, Synth2,
and Synth3, accurately identifying and reconstructing rooms of
diverse shapes. In comparison, Mor achieves high recall but
low precision, Dist shows competitive precision with reduced
recall, Vor performs moderately, and RoomFormer generalizes
reasonably well but is limited by training data and low input
resolution (256×256). Notably, these methods rely on point

cloud density images, which inevitably lose spatial informa-
tion. PolyFit and VecIM, in contrast, directly utilize raw point
clouds to reconstruct floorplans via planar primitives, improving
reconstruction accuracy. To ensure fair comparison, their input
scenes were preprocessed by dividing multiroom scenarios into
individual rooms, as planar-primitive-based reconstruction in-
volves complex fitting and combinatorial optimization that is
sensitive to input quality and prone to errors in sparse or complex
regions.

On Structured3D, we compare KELSE with RoomFormer
on three representative scenes using the same reconstruction
metrics, with results summarized in Table X. KELSE achieves
higher Recall and mIoU, while RoomFormer performs slightly
better in Precision, and both obtain comparable F1 scores—
showing that KELSE remains competitive. As illustrated in
Fig. 16, RoomFormer tends to generate erroneous connections
in oblique-wall regions due to limited training data and low input
resolution, whereas KELSE struggles in Scene_00035 because
a missing wall segment hinders reliable primitive extraction.
KELSE employs a simpler linear primitive regularization strat-
egy. Although its mIoU slightly decreases due to minor angular
and distance deviations, it maintains strong performance in other
metrics. Overall, considering all methods, KELSE demonstrates
robust and stable performance in multiroom reconstruction,
effectively handling complex point clouds and generating com-
plete floorplans, while outperforming or matching the other
approaches in most respects.
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Limitations: Although KELSE achieves strong performance
across multiple datasets, some limitations remain. In the
Structured3D dataset, missing wall segments and boundary in-
formation in scenes like Scene_00000 and Scene_00035 lead
to reconstruction failures and discontinuous room layouts. In
S3DIS, fine-grained structures such as the narrow corridor in Of-
fice4 and the protruding pillar in Office3 are not well preserved,
showing reduced adaptability to complex layouts. Additionally,
KELSE primarily models linear structures, limiting its general-
ization to environments with nonlinear or curved boundaries.

The method’s computational complexity also constrains scal-
ability and real-time performance, with preprocessing, structural
element extraction, and reconstruction as the main costs. Com-
plexity roughly scales linearly with input points, but prepro-
cessing can significantly increase runtime, especially for large
or multiroom scenes.

These limitations highlight the need to improve robustness
to missing data, enhance adaptability to complex geometries,
extend representation to nonlinear boundaries, and stream-
line preprocessing—including simplifying large-scale complex
scenes—to balance overall efficiency and reconstruction accu-
racy.

V. CONCLUSION

This article presents KELSE, a robust and effective indoor
scene floorplan reconstruction method for point clouds without
prior knowledge. KELSE introduces a structural element ex-
traction approach that combines multiple features to effectively
identify structural elements, even in complex scenes with miss-
ing regions. By incorporating KDS optimization, the extracted
structural elements are converted into interconnected closed
polygons, enhancing the geometric consistency of the floorplan.
An undirected graph-based optimization strategy further refines
the reconstruction, automatically removing noise and redundant
structures to improve accuracy. Experiments in various indoor
scenes demonstrate KELSE’s robustness and performance on
par with current state-of-the-art methods, especially in handling
complex and incomplete data. The method also shows strong re-
covery capabilities in the presence of data deficiencies. Based on
both visual inspection and quantitative analysis, KELSE proves
highly effective. Future research will explore its extension to
large-scale and multiroom scenarios, as well as its potential
application in BIM generation to increase its practical value in
engineering and real-world applications.
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