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Accurately segmenting planar primitives from airborne LiDAR point clouds is crucial for urban planning
applications and three-dimensional (3D) building reconstruction. However, existing approaches often exhibit
limited extensibility and diminished robustness when segmenting buildings with diverse architectural styles. To
address this issue, this paper proposes an enhanced constrained k-Plane Clustering (kPC) method that segments
building point clouds into distinct planar primitives. The kPC algorithm formulates the segmentation task as
a mixed-integer non-convex optimization problem incorporating three geometric constraints: point-to-plane
distance minimization, cluster-center proximity enforcement, and directional regularization. This problem
is solved via an alternating minimization strategy, which iteratively updates cluster assignments and plane
parameters using Singular Value Decomposition (SVD) until convergence is reached. The proposed constrained
kPC method provides two key advantages. First, it effectively mitigates the infinite extensibility of fitted planes.
This issue is common in conventional kPC methods, and its mitigation directly addresses a major source of
suboptimal segmentation performance. Second, the framework demonstrates robustness to variations in the
optimization objective’s coefficients while maintaining consistent performance. Extensive experiments on both
synthetic and real-world multi-style building datasets demonstrate that the proposed method achieves superior
segmentation accuracy and outperforms state-of-the-art approaches in both qualitative and quantitative
evaluations. Furthermore, the performance of the proposed method is robust to variations in its parameters,
maintaining effectiveness across a wide range of values.

1. Introduction

Three-dimensional (3D) building models are fundamental to various
geospatial applications, such as smart city development (Huang et al.,
2022; Nan and Wonka, 2017), urban planning, and automated building
reconstruction (Haala and Kada, 2010; Ochmann et al., 2019; Li and
Shan, 2022). Therefore, acquiring accurate planar primitives from raw
building data is a critical preliminary step.

Current methods for segmenting building planar primitives from
LiDAR point clouds fall into two groups: Deep Learning (DL)-based
approaches and traditional methods. In DL-based roof segmentation,
Zhang and Fan (2022) incorporated mean-shift clustering to group ge-
ometrically similar planes, while Li et al. (2024) introduced boundary-
aware clustering to refine plane delineation through multi-task learn-
ing. While these methods have advanced roof segmentation through
integrated clustering techniques, they generally depend on large-scale,

finely annotated datasets and involve computationally intensive pro-
cessing steps. Traditional methods can be further classified into: model
fitting-based, region growing-based, and feature clustering-based ap-
proaches. Model-fitting approaches extract planar surfaces by iden-
tifying point subsets that conform to geometric models. In contrast,
region-growing methods iteratively aggregate points into planar seg-
ments. This process begins from seed points and employs geomet-
ric similarity criteria. Feature clustering-based approaches focus on
the feature embedding. However, as these techniques are fundamen-
tally based on point-prototype clustering, they often fail to adequately
capture the inherent planar geometry of building roof structures. To
address this limitation, Kong et al. (2013) introduced a distinct k-
Plane Clustering (kPC) method. This approach fits planes to clusters
of laser points. It then computes the intersection lines of these planes.
Finally, the method segments the building point cloud into multiple
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planar primitives. Nevertheless, the infinite extensibility of fitted planes
in this method leads to misclassification and involves cumbersome
intermediate calculations.

To overcome these limitations, this paper proposes an optimized
constrained kPC framework for building planar primitive segmentation.
The proposed method formulates this primitive extraction task as a
mixed-integer non-convex optimization problem, incorporating three
geometric constraints: point-to-plane distance, cluster-center proxim-
ity, and directional regularization. The directional regularization term
specifically minimizes the distance between fitting plane boundaries
and cluster centers to prevent unbounded plane extension. This op-
timization is solved through an alternating minimization algorithm
that iteratively refines cluster assignments and plane parameters until
convergence. The algorithm begins with random initialization of hy-
perplane parameters and cluster centers. During the assignment step,
cluster labels are allocated to each point by solving the non-convex
objective function through Singular Value Decomposition (SVD). The
subsequent update step leverages current cluster assignments to op-
timize normal vectors and inter-plane thresholds. Following each pa-
rameter update, points are reassigned to clusters based on the refined
geometric constraints. This iterative two-stage process continues until
stable convergence is achieved, typically within few iterations.

The contributions of the proposed method are threefold:

+ A novel constrained kPC strategy is proposed to mitigate segmen-
tation artifacts arising from the unbounded extensibility of fitted
planes in building reconstruction.

The proposed kPC framework utilizes a non-convex optimization
formulation. This formulation integrates three geometric con-
straints: point-to-plane distance, cluster-center proximity, and di-
rectional regularization. Together, these enable the precise iden-
tification of building primitives.

Extensive experimental results demonstrate the superior perfor-
mance of the proposed method. Compared to other state-of-the-
art approaches, it also exhibits stronger robustness when applied
to buildings with diverse roof styles.

The paper is structured as follows. Section 2 reviews related work
on planar primitive segmentation and the original kPC algorithm. Sec-
tion 3 delineates the proposed methodology, including its theoretical
motivation and optimization framework. Section 4 presents the exper-
imental evaluation, comprising comparative analyses, ablation studies,
and segmentation results. Finally, Section 5 concludes the paper and
suggests future research directions.

2. Related work

This subsection provides a concise review of related work in build-
ing primitive segmentation and plane-prototype clustering methodolo-
gies.

2.1. Building primitive segmentation

Traditional methods for building primitive segmentation are briefly
reviewed and categorized into three groups.

(1) Model fitting-based methods: This category includes widely
adopted techniques such as the Hough Transform (HT) (Illingworth
and Kittler, 1988) and Random Sample Consensus (RANSAC) (Choi
et al., 1997). HT-based implementations (Du et al., 2011), for instance,
operate by transforming points into a parameter space where each
LiDAR point votes for candidate planes in an accumulator. Final plane
parameters are determined by detecting local maxima in this space.
Despite their conceptual simplicity, HT-based methods suffer from
three major limitations: high computational complexity, sensitivity
to parameter settings, and a tendency toward false-positive plane
detections. Tarsha-Kurdi et al. (2007) conducted comprehensive evalu-
ations demonstrating that RANSAC-based approaches generally achieve
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higher segmentation accuracy and lower computational cost compared
to HT-based methods, although they remain prone to spurious plane
detection.

(2) Region growing-based methods: This category of methods typically
begins with selected seed points or regions and iteratively expands
by aggregating neighboring points that satisfy predefined geometric
similarity criteria. For example, Yan et al. (2014) proposed a global
plane fitting approach that starts with an initial segmentation us-
ing conventional region growing, followed by energy minimization
incorporating three core constraints: (a) point-to-plane distance min-
imization, (b) spatial smoothness regularization, and (c) plane count
reduction. Zhang et al. (2025) introduced a voxel-based region growing
method enhanced by robust principal component analysis (PCA), which
leverages geometric features such as surface smoothness, continuity,
and convexity to improve the extraction of roof structures. Despite
these refinements, region growing-based methods suffer from two in-
herent limitations. First, their performance is highly dependent on
the initial seed selection, which often leads to inaccurate boundary
delineation between adjacent planar surfaces. Second, these methods
often yield suboptimal results when segmenting architecturally com-
plex buildings. This is particularly evident at junctions involving mul-
tiple surfaces. The suboptimal performance typically manifests as either
over-segmentation, where continuous surfaces are excessively frag-
mented, or under-segmentation, where distinct planes are insufficiently
separated.

(3) Feature clustering-based methods: Methods in this category typi-
cally start by applying an upward-growing algorithm to remove ground
points (Sampath and Shan, 2009). Subsequently, the remaining non-
ground points are clustered. Finally, planar surfaces such as rooftop
facets are estimated using techniques like RANSAC or 2.5D dual con-
touring. For example, Li et al. (2020) introduced a hierarchical clus-
tering technique that merges adjacent planar patches belonging to
the same surface, augmented by a boundary relabeling mechanism
for refined edge delineation. In contrast to point-prototype clustering
techniques, Kong et al. (2013) proposed the kPC algorithm, which
adopts a plane-oriented clustering paradigm. This method comprises
three main stages. First, optimal planes are estimated from grouped
LiDAR points. Second, intersection lines between adjacent planes are
computed. Finally, the building point cloud is segmented based on
inferred plane-topology relationships. Despite its advantages, the kPC
algorithm suffers from a critical limitation: it relies on reasonably ac-
curate initializations of cluster planes prior to optimization, which can
compromise its robustness when segmenting buildings with complex
roof geometries.

2.2. Plane-prototype clustering

(1) kPC algorithm (Bradley and Mangasarian, 2000): In contrast to
point-prototype clustering methods such as k-means, the kPC algorithm
seeks to identify k optimal planes that best represent a given set of
data points. The objective function minimizes the orthogonal distances
between the input points and their associated fitting planes, resulting
in a quadratic programming formulation. This optimization is solved
through an iterative procedure. The procedure alternates between two
steps. First, each point is assigned to its closest plane based on or-
thogonal distance. Second, the parameters of each plane are updated
using the points currently assigned to its cluster. For the ith cluster, the
objective minimizes the sum of squared orthogonal distances between
its constituent points and the corresponding fitting plane, subject to
the constraint ||w,~||§ = 1. The plane parameters (w;, y;) are typically
initialized randomly at the outset of the algorithm.

(2) Proximal plane clustering algorithm (Shao et al., 2013): Build-
ing upon the kPC framework, the Proximal Plane Clustering (PPC)
method incorporates inter-cluster proximity information in addition
to the intra-cluster coherence considered in the original formulation.
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Fig. 1. Pipeline of the proposed building planar segmentation method.

The quadratic matrix in the objective function is expressed as a dif-
ference between two positive semi-definite matrices. These matrices
are derived from intra-cluster and inter-cluster samples, respectively.
Consequently, this matrix is not guaranteed to be positive definite,
rendering the resulting objective function non-convex due to the in-
definite nature of the quadratic form. This non-convexity implies that
the solution generally lacks theoretical guarantees regarding global
optimality.

3. Methodology
3.1. Preliminaries

We first outline the standard kPC algorithm before presenting our
constrained framework.

kPC algorithm: Let the input dataset be denoted as X € RV*“, where
N is the number of points and d represents the dimensionality of the
feature space. The set of candidate plane is formally defined as:

plane; = {xlwiTx,- +y = 0} Ji=1,2,...k, 1

where w; and y; represent the normal vector and the intercept (thresh-
old) of the ith fitting plane, respectively. The term x; denotes a data
point assigned to that plane. The superscript T indicates the transpose
operator. Based on this formulation, the objective function of the kPC

algorithm is defined as:

k
1 min T 2
= lw; x; + y;ell (2)
st w2 =1Li=12, ...k 3)

The notation follows Eq. (1). In this formulation, e is a column vector
of ones with the appropriate dimension. Additionally, x; comprises the
points assigned to the ith plane.

3.2. Optimization problem

The standard kPC framework suffers from unbounded plane ex-
tension, as it considers only point-to-plane distance and ignores mis-
classifications induced by the infinite scalability of fitted planes. To
overcome this limitation, we introduce a constrained kPC formulation.
A brief example illustrates this issue: for a roof structure composed of
multiple peaks and flat surfaces, the conventional kPC method mod-
els the flat regions as an indefinitely extensible plane. Consequently,
sections of adjacent peaks are often incorrectly merged into the same
planar segment. In contrast, the proposed method incorporates three
geometrically grounded constraints to prevent such errors. The first
constraint minimizes the orthogonal point-to-plane distance: (||wiTx G+
y,-ll)%. The second constraint preserves spatial coherence by enforcing
cluster-center proximity: (||x; — gl),. The third constraint provides
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Fig. 2. Illustration of the orthogonal point-to-plane distance constraint.

directional regularization aligned with architectural structures: cos(6;;).
The symbol x; denotes the set of points assigned to the jth fitted plane.
This leads to the following optimization formulation:

2
Ly = a(w]x; + 71D, + 8- (lIx; — w1,

@
+ A -cos(8;;)
T L — .
cos(, ) = LX), ®)
/ ”ﬂi —X; ”2

where a, §, 4 > 0 are weighting coefficients governing different penalty
terms. Specifically, a, f, and 1 control the orthogonal point-to-plane
distance, the Euclidean distance to the cluster center, and a directional
consistency term, respectively. Here, 4, € R? denotes the centroid of
the ith cluster, and cos(6;;) quantifies the cosine similarity between the
vector (y; — x;) and the plane’s normal vector w;.

The workflow of the proposed framework is illustrated in Fig. 1. The
process begins with a large-scale point cloud scene containing multiple
buildings as input (Fig. 1(a)). The point cloud is first classified into
building and non-building points, followed by instance segmentation
to delineate individual building instances (Fig. 1(b)). Each segmented
building is assigned a unique identifier, labeled @ through @. The
middle section of Fig. 1 provides a step-by-step visualization of the pro-
posed constrained kPC framework for planar primitive segmentation.
The process starts with random initialization of the plane parameters.
For example, as shown in Fig. 1(d), a building roof composed of four
planar primitives is represented by points colored in red, blue, yellow,
and green, with their corresponding fitting planes depicted in the same
colors. Subsequently, based on the initial plane parameters, all roof
points are reassigned to their optimal fitting planes according to the
proposed constrained kPC formulation. The plane parameters are then
updated using the newly assigned points. These two steps, cluster
assignment refinement and plane parameter update, are illustrated in
Fig. 1(e) and (f), respectively. The process iterates until convergence.
The final segmentation results, shown in Fig. 1(i), demonstrate the suc-
cessfully identified planar primitives. All extracted planar components
are merged in Fig. 1(h). To further illustrate the effectiveness of the
method, three representative building primitives (labeled @), ), and
() are enlarged in Fig. 1(g).

The Eq. (4) can be decomposed into three distinct terms: (1) a
point-to-plane distance minimization term ||w’.Tx G+ y,»||§, (2) a cluster-
center proximity term [|x; — 4l,, and (3) a directional regularization
term cos(6;;). These components are visualized in Fig. 2, Fig. 3, and
Fig. 4, where they are labeled as ’constraint #1’, ’constraint #2’, and
’constraint #3’, respectively. As shown in Fig. 2 for ’constraint #1’°, a
set of clustered points (highlighted in yellow) and the associated fitted
plane (depicted as a gray mesh) are labeled as ’fitted planes’. From the
cluster (marked in blue), five representative points (shown in orange)
are selected. Their corresponding orthogonal projections onto the gray
mesh are designated as ’selected cluster points’ and ’projection points
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Fig. 4. Illustration of the directional regularization constraint.

of selected cluster points’, respectively. The purpose of this constraint
term is twofold: first, to compute the orthogonal distances, indicated by
magenta dashed lines, between the yellow points and the gray plane;
second, to ensure that points assigned to a given cluster are located
closer to their corresponding fitted plane than to any other fitted plane.
These orthogonal distances are labeled as ’point-to-plane distance’.

The objective of ’constraint #2 (|x; — #il,) is to minimize the Eu-
clidean distance between each point x; and the centroid y; of its
assigned cluster. As shown in Fig. 3, the centroid of the cluster cor-
responding to the yellow points is marked with a red circle and labeled
as ’cluster center’. For visualization purposes, up to three points —
also highlighted with red circles and labeled as ’selected cluster point
1-3" — are randomly chosen from distinct clusters within the sphere.
The Euclidean distances between these points and the cluster centroid
are computed. These distances are represented by magenta dashed line
segments and annotated as d;, d,, and dj, respectively. To illustrate
the average spatial extent of the cluster, a translucent sphere centered
at the centroid is generated, with its radius set to the mean Euclidean
distance of the selected points. This constraint mitigates misclassifica-
tion caused by the unbounded extension of fitted planes. It achieves
this by geometrically tethering points to their respective cluster centers.
This tethering is particularly beneficial for points located near building
edges.

As shown in Fig. 4, the objective of ’constraint #3’ is represented
by the term cos(f;;) and aims to regularize the angular relationship
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Table 1
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Iterative solution procedure for the optimization formulation in Eq. (4).

Iterative solution procedure for the optimization formulation in Eq. (4)

Input:

Point cloud x;; parameters «,f, 4 > 0; initialization w” eR!, 4O erd, )0 = —# Z]'V:l(wf.m)Tx/

Output:

Optimal parameters: w; « wf”, Mo« /4,('), Ve 7,(”

Iterative optimization procedure (r =1,2,...,7T)

Step 1: Update bias term

Update the bias term y, using the current normal vector:
1 N —1
V,m “-~ Z_,:l(w:‘l ))ij

Step 2: Update cluster centroid

Update the cluster centroid y; via gradient descent with smoothing factor e:

5
& B s
1" =x, I

N -1
8 = Vi Zoy | Blx; = iVl +Af 1

(0] (t=1)

Hi <K My &y

Step 3: Update normal vector

Update the normal vector w; via projected gradient descent:

B = Vo, Iy [l )T+ OP + 4) 1 -

0 _ =D

W, =W,y 8y
(I CING)

w = w /W]l

i

. 2
YT x)
——— ) +e€

( [

(unit norm projection)

Convergence criteria:

W = w ™|, < e and ||u” -

WPl <eort>T

between the points assigned to a cluster and the normal vector w; of
its associated fitted plane. This plane normal is indicated by a red solid
line and labeled as ’plane normal vector’ in the figure. The purpose
of this constraint is to improve the segmentation of points located
near the intersection lines of adjacent planes by promoting directional
consistency with the respective plane’s orientation. The visualization
in Fig. 4 is organized as follows: the cluster centroid is indicated by a
red circle. Four representative points, labeled as ’selected cluster point’
and marked with yellow circles, are randomly chosen from the cluster.
For each point, the direction vector from the centroid to the point is
computed (displayed as a black line segment) and normalized to a unit
vector. The cosine similarity between each unit direction vector and
the plane’s normal vector is then calculated via the dot product. The
corresponding angles 6;; (in degrees) are displayed in a magenta text
box alongside the visualization.

The optimization problem formulated in Eq. (4) results in a mixed-
integer non-convex program, which is solved using an alternating mini-
mization strategy. Owing to the random initialization of the hyperplane
parameters, the optimal value of y, is determined by differentiating the
expression in Eq. (6) with respect to y; and setting the derivative to
zero:

min
v =arg” > -w!x; + 712 ©)
i

d
o D AWl x; + 7,0 =2 Y AW/ x; +7,1) =0 @)
i J

Therefore, the closed-form solution for y; is given by:

N
B 1
n=-% Zw[ij (8)
~

With w; and y; fixed, the cluster centroid y; is determined through
gradient-based optimization. A smooth approximation is applied to
handle the non-differentiability arising from the absolute value terms
in the objective. Similarly, with x; and y; held constant, the normal
vector w; is updated using a projected gradient method to maintain
the unit norm constraint. Let wf.'), ;45’), and y,.(’) denote the values
for the ith plane at the rth iteration. These respectively represent its
normal vector, cluster centroid, and plane threshold. The superscript
(0) indicates the initialized values. The proposed algorithm alternates
iteratively between two core steps: (1) reassigning points to clusters
based on current plane hypotheses, and (2) updating the correspond-
ing plane parameters using the newly formed clusters. This iterative
process continues until convergence is achieved or a predetermined
maximum number of iterations is completed. A complete summary of
the optimization procedure for solving Eq. (4) is provided in Table 1.

4. Experiments
4.1. Datasets

In this section, the proposed method is evaluated using three roof-
specific datasets and two large-scale building datasets. A detailed de-
scription of these experimental datasets is provided as follows:

Roof Datasets: (1) Synthetic Roof Dataset (Li et al, 2020): This
dataset includes 14 non-flat roof types, each comprising multiple planar
surfaces. Points belonging to the same planar roof segment are assigned
a shared instance label. The dataset contains 15,400 samples, divided
into training and test sets at a 10:1 ratio. (2) RoofN3D Dataset (Wich-
mann et al, 2018): A publicly available dataset featuring real-world
3D building scans from New York City. The dataset encompasses three
common roof types: gable, pyramid, and hip. It provides LiDAR point
clouds with both semantic and instance-level annotations. These anno-
tations cover roof and facade structures. (3) Building3D Dataset (Wang
et al, 2023): A large-scale benchmark for urban 3D reconstruction,
offering multi-modal data such as point clouds, wireframes, and mesh
models. Instance labels for roof planes are derived by computing point-
to-mesh distances between LiDAR points and the corresponding mesh
surfaces.

Building datasets: To further evaluate the proposed method, two
distinct geographic regions with diverse architectural styles were se-
lected for testing. The building datasets are divided into two categories
to assess planar primitive segmentation performance: (1) identification
of planar primitives within individual buildings, and (2) segmentation
of roof primitives across complex multi-structure scenes. The six small-
scale building datasets used in this study, labeled ‘Area 1’ through ‘Area
6’, contain only building and non-building points. They were acquired
using two different dual-channel LiDAR systems: Areas 1-3 (Feng et al.,
2022) was captured with a RIEGL VQ-1560i (first row of Fig. 5(a)),
and Areas 4-6 with a RIEGL-VZ-600i (second row of Fig. 5(a)). In both
rows, building and non-building points are visually distinguished by
color. Representative examples of the color point cloud collected with
the RIEGL-VZ-600i and their corresponding roof structures are shown
in the first and second rows of Fig. 5(b).

4.2. Evaluation metric

We quantitatively evaluated the proposed method using seven
widely adopted performance metrics, in line with previous studies
(Wang et al., 2019; Li et al., 2020): Coverage (Cov): Measures the
instance-wise Intersection over Union (IoU) between predicted and
ground-truth (GT) planes, averaged across all instances. Weighted
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Fig. 5. Dataset overview: architectural style diversity. (a) building point clouds captured by the RIEGL VQ-1560i (first row) and RIEGL VZ-600i (second row)
terrestrial laser scanners. (b) representative samples from the RIEGL VZ-600i dataset, illustrating the variety of structural types and architectural styles.
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Coverage (WCov): A version of Cov where each instance is weighted
by its point count, placing greater emphasis on larger roof planes.
Mean Precision (MPrec) and Mean Recall (MRec): Standard instance
segmentation metrics evaluated at an IoU threshold of 0.5, reflecting
the precision and recall of plane-level predictions. Completeness (C,,):
The ratio of GT roof planes that are correctly detected in the prediction.
Correctness (C,): The proportion of predicted planes that match actual
GT instances. Quality Index (QI): A holistic metric combining both

completeness and correctness to evaluate overall segmentation quality.
These metrics collectively offer a comprehensive assessment of segmen-
tation performance and are formally defined in the equations below:

G|
1 max
Cov(G, P) = ToU(Ng, Np) O]
; G| ot
%) 1 INgl max
W Cou(G, P) = 2 ToU(Ng, Np) (10)

i=1 G Zi |NG|
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Fig. 7. Comparative evaluation of planar primitive segmentation methods on synthetic roof dataset. (The distinct colors indicate different roof plane instances
(or categories). The black dots denote points that are misclassified when comparing the predicted primitive segmentation results with the GT).
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where, N; and N denote the number of points in the GT cluster and
the predicted cluster i, respectively. The point classification categories
are defined as follows: True Positive (T'P): roof points correctly iden-
tified in both the GT and predicted sets. False Negative (F N): GT roof
points that were not detected in the prediction. False Positive (FP):
Non-roof points incorrectly predicted as roof segments. These metrics
collectively evaluate segmentation accuracy from both instance-level
and point-level perspectives. Higher values of Cov, W Cov, C,,, C,, and
QI correspond to better segmentation quality, indicating more accurate
plane extraction and fewer classification errors.

4.3. Quantitative and qualitative results

The experimental evaluation is structured as follows: (1) Method
Validation: The segmentation effectiveness is first validated on building
and roof point clouds from a proprietary dataset. (2) Comparative
Analysis: Performance is compared against conventional methods using
eight roof instances selected from the Synthetic Roof and Building3D
datasets. (3) Capability Assessment: The method is further evaluated
on four small-scale urban scenes extracted from the region shown in
Fig. 5(a). These scenes contain both roof and facade structures. In the
first experimental analysis, 14 building instances from our proprietary
dataset were selected to visualize planar primitive segmentation per-
formance. Each column in Fig. 6 is labeled from (a) to (j). Columns
(a) and (f) display the original segmented building point clouds. To
mitigate memory explosion issues caused by matrix operations, the

original point clouds were downsampled to 4096 points, as shown in
columns (b) and (g), respectively. The building instances were seg-
mented into roof planes and facades, with basic directional information
retained to support 3D building reconstruction. The roof plane instance
segmentation results are presented in columns (e) and (j). Two repre-
sentative cases are highlighted with red and black dotted rectangles.
The red rectangle shows that even small roof regions can be successfully
detected. In contrast, the black rectangle indicates an area composed of
two triangular planes that is occasionally misclassified. This error arises
when the dihedral angle between adjacent planes is small, as smaller
angles increase the likelihood of misclassification.

In the second experimental phase, the effectiveness of the pro-
posed method is evaluated through comparison with eight represen-
tative baseline approaches: k-means (Hamerly and Elkan, 2003), DB-
SCAN (Ferrara et al., 2018), RANSAC (Fischler and Bolles, 1981),
RG (Region Growing) (Lafarge and Mallet, 2012), GoCoPP (Yu and
Lafarge, 2022), the method by Li et al. (2020), the original kPC al-
gorithm (Bradley and Mangasarian, 2000), and the DL-based DeepRoof
framework (Li et al., 2024). For implementation, k-means and DBSCAN
were executed using MATLAB’s built-in functions. RANSAC and Re-
gion Growing were implemented using the Computational Geometry
Algorithms Library (CGAL; https://www.cgal.org/). The source code
for GoCoPP was obtained from the authors’ official repository (https://
team.inria.fr/titane/). As no public implementation of the original kPC
method was available, we re-implemented it based on the description in
the original publication. The methods by Li et al. (2020) and DeepRoof
were evaluated using the code provided by the respective authors. The
quantitative results for the eight synthetic and Building3D roof datasets
are presented in Figs. 7 and 8, respectively.

In the first row of each figure, the original input point clouds
are shown in a uniform color, while the second row displays the
segmented planar primitives, each depicted in a distinct color. Misclas-
sified regions are identified through comparison with the GT. They are
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Table 2
Benchmarking quantitative results on the Synthetic Roof Dataset. The best performances are highlighted in bold.
Method Metrics Roofl Roof2 Roof3 Roof4 Roof5 Roof6 Roof7 Roof8
k-means Cov//WCov 51.47//51.59 44.28//47.57 51.28//51.86 33.75//33.75 34.95//34.95 35.44//32.86 36.62//33.71 41.16//41.84
C,//C, 66.67//66.67 50.00//50.00 75.00//75.00 100.0//100.0 100.0//100.0 75.00//75.00 80.00//80.00 80.00//80.00
QI 50.00 33.33 60.00 100.0 100.0 60.00 66.67 66.67
DBSCAN Cov//WCov 20.29//20.10 31.30//37.31 16.33//16.34 49.68//49.68 23.63//23.75 26.08//33.65 40.20//40.70 20.88//26.98
C,//C, 83.33//12.20 75.00//27.27 100.0//7.41 50.00//14.29 50.00//4.88 50.00//8.33 60.00//33.33 40.00//6.90
QI 11.90 25.00 7.41 12.50 4.65 7.69 27.27 6.25
RANSAC Cov//WCov 74.91//75.04 86.46//88.15 80.94//81.16 97.14//97.14 87.33//87.35 87.14//87.77 31.43//41.30 75.05//79.41
C,//C, 83.33//71.43 100.0//100.0 50.00//50.00 100.0//100.0 100.0//100.0 100.0//100.0 60.00//75.00 80.00//100.0
QI 62.50 100.0 33.33 100.0 100.0 100.0 50.00 80.00
RG Cov//WCov 20.29//20.10 31.30//37.31 16.33//16.34 49.68//49.68 23.63//23.75 26.08//33.65 40.20//40.70 20.88//26.98
C,//C, 83.33//12.82 75.00//27.27 100.0//7.550 50.00//16.67 50.00//9.090 50.00//9.090 60.00//42.86 40.00//7.690
QI 12.50 25.00 7.550 14.29 8.330 8.330 33.33 6.900

GoCoPP Cov//WCov 16.37//16.26 24.85//33.23 24.84//25.04

33.02//33.02 22.97//22.80  21.60//22.05 19.86//25.65 18.41//22.10

C,//C, 16.67//100.0 25.00//100.0 25.00//100.0 50.00//100.0 25.00//100.0 25.00//100.0 20.00//100.0 20.00//100.0
QI 16.67 25.00 25.00 50.00 25.00 25.00 20.00 20.00

Li et al. Cov//WCov 30.11//30.15 38.30//35.59 87.14//87.51 33.62//33.63 42.48//42.35 30.98//31.04 31.01//27.70 28.68//28.21

2020 c,//C, 83.33//83.33  75.00//75.00  75.00//75.00  100.0//100.0  100.0//100.0  50.00//50.00  80.00//100.0  60.00//75.00
QI 71.43 60.00 60.00 100.0 100.0 33.33 80.00 50.00

Li et al. Cov//WCov 99.47//99.46  89.74//89.74 100.0//100.0  98.85//98.85 98.38//98.38 98.66//98.30  89.18//89.04 99.02//98.92

2024 C,//C, 100.0//100.0 100.0//100.0 100.0//100.0  100.0//100.0 100.0//100.0 100.0//100.0  100.0//100.0 100.0//100.0
QI 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0

kPC Cov//WCov 38.94//3891  59.39//75.20  36.25//36.19  99.73//99.73  94.72//94.70  38.91//50.06 ~ 33.12//37.16  15.72//18.31
C,//C, 66.67//66.67 100.0//100.0 100.0//100.0 100.0//100.0 100.0//100.0 75.00//75.00 80.00//80.00 100.0//100.0
QI 50.00 100.0 100.0 100.0 100.0 60.00 66.67 100.0

Ours Cov//WCov 99.26//99.25 90.71//95.01 100.0//100.0 99.80//99.80 98.50//98.50  93.33//95.83 94.68//94.53  95.52//95.42
C,//C, 100.0//100.0 100.0//100.0 100.0//100.0 100.0//100.0 100.0//100.0 100.0//100.0 100.0//100.0 100.0//100.0
QI 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0
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Fig. 8. Comparative evaluation of planar primitive segmentation methods on Building3D dataset. (The distinct colors indicate different roof plane instances (or
categories). The black dots denote points that are misclassified when comparing the predicted primitive segmentation results with the GT).

then highlighted using black dotted irregular ovals. The experimen-
tal findings can be summarized as follows: k-means, which relies on
Euclidean distance-based clustering, frequently incorrectly splits large
roof surfaces into multiple segments or merges adjacent yet distinct
planar patches. DBSCAN is sensitive to variations in point density

and struggles to separate adjacent planar surfaces with small inter-
plane distances. It is also highly susceptible to noise and outliers,
as visible in the fourth row of Fig. 8. RANSAC performs well at
extracting a single dominant plane but is ill-suited for multi-planar
segmentation. Its performance declines notably when planes are of
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Table 3
Benchmarking Quantitative Results on the Building3D Roof Dataset. The best performances are highlighted in bold.

Method Metrics Roofl Roof2 Roof3 Roof4 Roof5 Roof6 Roof7 Roof8

k-means Cov//WCov 47.93//50.00 33.70//33.78 44.28//42.74 58.63//63.28 34.65//35.85 60.21//64.36 44.52//46.93 43.00//49.53
C,//C, 100.0//57.14 100.0//100.0 71.43//62.50 71.43//71.43 100.0//100.0 83.33//83.33 100.0//85.71 87.50//87.50
QI 57.14 100.0 50.00 55.56 100.0 71.43 85.71 77.78

DBSCAN Cov//WCov 9.86//9.38 50.00//50.23 14.79//12.92 18.83//15.47 16.57//11.58 11.12//9.90 49.60//58.30 32.21//33.65
C,//C. 50.00//2.60 50.00//100.0 85.71//4.41 100.0//16.28 80.00//7.84 33.33//2.94 50.00//75.00 37.50//75.00
QI 2.53 50.00 4.38 16.28 7.69 2.78 42.86 33.33

RANSAC Cov//WCov 28.54//31.23 35.79//35.85 29.77//41.10 26.10//27.26 37.73//51.11 22.70//24.76 25.43//28.77 22.48//27.47
C,//C, 50.00//50.00 50.00//50.00 42.86//75.00 42.86//75.00  60.00//100.0 33.33//100.0 50.00//100.0 62.50//100.0
QI 33.33 33.33 37.50 37.50 60.00 33.33 50.00

RG Cov//WCov 9.99//9.56 50.00//50.22 42.65//39.14 18.74//15.42 16.40//11.43 11.11//9.90 49.58//58.22 16.50//12.92
C,//C, 50.00//2.90 50.00//100.0 71.43//13.16 100.0//15.91 80.00//7.69 33.33//2.94 50.00//60.00 75.00//5.22
QI 2.82 50.00 12.50 15.91 7.55 2.78 37.50 5.13

GoCoPP Cov//WCov 25.00//26.66 25.00//25.19 14.29//23.70 14.29//16.79 20.00//27.78 16.67//20.08 16.67//24.31 12.50//18.34
C,//C, 25.00//100.0 25.00//100.0 14.29//100.0 14.29//100.0 20.00//100.0 16.67//100.0 16.67//100.0 12.50//100.0
QI 25.00 25.00 14.29 14.29 20.00 16.67 16.67 12.50

Li et al. Cov//WCov 25.00//26.54 24.73//24.81 18.80//23.90 25.31//33.81 25.78//35.75 16.61//20.55 30.25//43.53 15.55//20.91

2020 C,//C,. 25.00//100.0 25.00//50.00 28.57//50.00 28.57//100.0  40.00//100.0 16.67//50.00 33.33//100.0 25.00//66.67
QI 25.00 20.00 22.22 28.57 40.00 14.29 33.33 22.22

kPC Cov//WCov 43.02//48.21 95.80//95.70 36.63//55.27 52.80//58.22 74.15//83.76 26.44//25.99 67.18//78.23  48.86//72.28
C,//C, 100.0//100.0 100.0//100.0 85.71//85.71 71.43//71.43 80.00//80.00 83.33//83.33 100.0//100.0  87.50//87.50
QI 100.0 100.0 75.00 55.56 66.67 71.43 100.0 77.78

Ours Cov//WCov 92.21//92.70  99.98//99.13 45.52//46.15 79.28//83.62 77.73//80.47  63.50//70.24  49.04//56.89 50.69//59.38
C,//C. 100.0//100.0 100.0// 100.0 85.71//85.71 100.0//100.0 100.0//100.0 83.33//83.33 66.67//66.67 75.00//75.00
QI 100.0 100.0 75.00 100.0 100.0 71.43 50.00 60.00

Scene 4

Fig. 9. Comprehensive evaluation of the proposed planar primitive segmentation method across four small-scale building datasets.

similar size or contain noise. RG is heavily influenced by initial seed
selection and tolerance thresholds. Poor choices often lead to over-
or under-segmentation. GoCoPP, as a geometry-based method, incor-
porates strong geometric constraints but tends to be computationally
intensive and may depend on heuristics that lack generalizability across
diverse architectural styles. DeepRoof, a DL-based approach, requires
large volumes of annotated data, which are often expensive and labor-
intensive to obtain. kPC optimizes a set of k infinite planes, making it
inherently more suitable for capturing the geometric essence of roof
structures than proximity- or density-based methods. The proposed
method enhances structural consistency by enforcing coplanarity and
encouraging parallel or orthogonal relationships among roof segments.
This leads to more semantically coherent and architecturally plausible
segmentation results.

The proposed method demonstrates state-of-the-art performance, as
evidenced in Tables 2 and 3. It achieves perfect segmentation accuracy
(100%) on Roofs 3, 4, 5, and 8 in Table 2, and establishes new
performance benchmarks on Roofs 2, 4, and 8—even outperforming
the recent deep learning approach introduced by Li et al. (2024). The
robustness of the method is further confirmed in Table 3, where it
attains the highest scores across six roof types (e.g., 99.98//99.13 on
Roof 2). In contrast, conventional methods (k-means, DBSCAN, region
growing) exhibit limited adaptability, with performance declining to
as low as 33.75%-51.47% on geometrically complex roofs. While the
competing learning-based method delivers strong results in certain
scenarios, our approach achieves comparable or superior accuracy
without relying on large annotated datasets or intensive computational
resources, utilizing only geometric constraints. This further highlights
the practicality and efficiency of the proposed framework for building
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Fig. 10. Parameter sensitivity analysis of «, #, and A on Cov and WCov metrics across representative roof datasets.

planar primitive segmentation. It should be noted that quantitative
and qualitative results for Deep-Roof on the Building3D dataset are
not included in Table 2 and Fig. 8. This omission is due to the fact
that the Building3D dataset does not provide ground-truth annotations
for roof primitives. Manually annotating more than 36,000 buildings
would be prohibitively labor-intensive; therefore, comparisons on this
dataset were not conducted.

In addition to the experimental results presented earlier, four small-
scale scenes designated as ‘Scene 1’ through ‘Scene 4’ were selected
from the proprietary dataset (Feng et al. (2022)), as illustrated in Fig.
9. In each input scene, the point cloud contains both building and
non-building objects, all displayed without instance-level labels or GT
annotations and visualized using distinct colors. To demonstrate the
effectiveness of the proposed planar primitive segmentation method,
building and roof segments are extracted from these scenes and high-
lighted with blue (“Building”) and green (‘“Roof”) labels, respectively.

10

Results show that the proposed method successfully segments most
building primitives into roof and facade instances, which can effectively
support building reconstruction tasks. The evaluated buildings exhibit
diverse architectural styles, including apartments, townhouses, and
detached houses with varied roof types. Two buildings from Scenes
1 and 2, along with three roofs from Scenes 2-4, exhibit misclassifi-
cations. These errors primarily occur when a roof consists of multiple
intersecting planes with very small inclination angles between them, or
when certain roof tiles occupy an extremely small surface area. In such
cases, individual roof tiles are prone to being incorrectly segmented.

4.4. Parameter analysis

A comprehensive parameter sensitivity analysis was conducted to
evaluate the robustness of the proposed method across five distinct
roof datasets (Roofl-Roof5), with performance assessed through Cov
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Table 4
Ablation study on the contribution of individual constraints.
Components Metrics Roof types
C G G Roofl Roof2 Roof3 Roof4 Roof5 Roof6 Roof7 Roof8
@ v Cov//WCov 18.54//18.53  89.36//92.06  41.17//40.89  99.73//99.73  94.72//94.70  17.02//19.94  29.19//27.15  46.07//55.86
Cm//Cr 100.0//100.0  100.0//100.0  100.0//100.0  100.0//100.0  100.0//100.0  100.0//100.0  80.00//80.00  100.0//100.0
QI 100.0 100.0 100.0 100.0 100.0 100.0 66.67 100.0
(b) v Cov//WCov 45.48//45.52  35.61//35.80  49.60//50.48  33.75//33.75  34.93//34.97  35.37//32.79  37.51//34.37  51.30//48.69
Cm//Cr 100.0//100.0  75.00//75.00  75.00//75.00  100.0//100.0  100.0//100.0  100.0//100.0  100.0//100.0  100.0//100.0
QI 100.0 60.00 60.00 100.0 100.0 100.0 100.0 100.0
() v Cov//WCov 38.07//38.06  34.99//46.29  34.70//34.89  99.73//99.73  29.75//29.70  28.26//32.18  21.78//25.24  34.96//39.70
Cm//Cr 83.33//83.33  75.00//75.00  100.0//100.0  100.0//100.0  75.00//75.00  100.0//100.0  60.00//60.00  80.00//80.00
QI 71.43 60.00 100.0 100.0 60.00 100.0 42.86 66.67
@ v v Cov//WCov 66.73//67.49  83.42//87.24  57.42//56.71 99.73//99.73  93.86//93.85  38.50//44.51  75.77//75.60 67.32//74.75
Cm//Cr 100.0//100.0  100.0//100.0  75.00//75.00  100.0//100.0  100.0//100.0  75.00//75.00  100.0//100.0  80.00//80.00
QI 100.0 100.0 60.00 100.0 100.0 60.00 100.0 66.67
e v v Cov//WCov 94.53//94.51  89.52//92.19 36.35//36.28  99.73//99.73  94.86//94.84 38.52//49.52  59.62//64.69  28.05//29.34
Cm//Cr 100.0//100.0 100.0//100.0  100.0//100.0 100.0//100.0 100.0//100.0  100.0//100.0 80.00//80.00 80.00//80.00
QI 100.0 100.0 100.0 100.0 100.0 100.0 66.67 66.67
(€3] v v Cov//WCov 38.33//38.35  29.95//29.51 45.52//46.56  33.75//33.75  35.25//35.33  35.64//32.90  37.73//35.27  42.92//40.04
Cm//Cr 83.33//83.33  75.00//75.00  75.00//75.00  100.0//100.0  100.0//100.0  100.0//100.0  80.00//80.00  80.00//80.00
QI 71.43 60.00 60.00 100.0 100.0 100.0 66.67 66.67
@ Vv v v Cov//WCov 95.26//95.25 80.71//85.01 99.84//99.84 99.80//99.80 93.44//93.43  83.39//85.91 50.51//43.85  95.52//95.42
Cm//Cr 100.0//100.0 100.0//100.0  100.0//100.0 100.0//100.0 100.0//100.0 100.0//100.0 80.00//80.00  100.0//100.0
QI 100.0 100.0 100.0 100.0 100.0 100.0 66.67 100.0

and W Cov metrics under varying configurations of parameters a, f,
and 4, as illustrated in Fig. 10(a-c), respectively. The analysis reveals
differentiated sensitivity patterns across the three parameters a, f, and
A. The proposed method demonstrates strong robustness to variations
in a across a range of 1 to 7. The performance on Roofl and Roof4
varies by less than 2%, while other roof types exhibit only minor
declines. Sensitivity to # (0.1-0.7) is moderate: structurally simple roofs
(Roofl, 4, 5) remain stable, whereas more complex structures (Roof2,
3) show more pronounced reductions (e.g., the coverage (Cov) of Roof2
declines from approximately 49.76 to 42.07). The greatest sensitivity
is observed with respect to 1 (0.2-0.8); nevertheless, Roofl, 4, and
5 maintain high tolerance. Roof2 is the most affected, with its Cov
dropping from 80.84 to 70.40. Overall, the method operates reliably
across a broad parameter range, showing minimal variance (< 2%) on
key roof structures (Roofl, 4), which confirms its stability for practical
applications.

The proposed method demonstrates strong robustness to variations
in a across the tested range (1-7), with Roofl showing minimal fluctu-
ation (Couv: 95.14-96.31; W Couv: 95.13-96.29) and Roof4 maintaining
near-perfect stability (Cov/W Cov =~ 99.73-99.80). While Roof2 and
Roof3 exhibit moderate variations, only Roof5 shows slight degradation
at higher a values, with Cov declining from 53.50 to 48.96. In contrast,
the proposed method displays moderate sensitivity to f variations
(0.1-0.7). Well-structured roofs including Roofl, Roof4, and Roof5
maintain strong performance across all § values, whereas Roof2 and
Roof3 show more pronounced sensitivity, with Cov declining from
approximately 49.76 to 42.07 and 52.55 to 49.33, respectively. This
pattern suggests that structural complexity influences parameter depen-
dency, with simpler roof forms demonstrating better robustness to f
variations. The most significant sensitivity is observed with A variations
(0.2-0.8), where gradual performance degradation occurs across most
datasets. Roof2 exhibits the strongest dependency, with Cov decreasing
from 80.84 to 70.40, while Roof3 maintains excellent performance
(Cov > 99.2) until 4 = 0.6 before showing minor decline. Roofl, Roof4,
and Roof5 demonstrate superior tolerance to 4 variations, indicating
that the method’s sensitivity to regularization parameters is highly
dependent on roof structural characteristics. Overall, the proposed
method exhibits high robustness to a variations, moderate robustness
to f changes, and controlled sensitivity to 4 parameters. The method
demonstrates consistent performance across diverse roof structures.
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This validates its stability and practical applicability. In particular,
Roofl and Roof4 exhibit minimal performance variance (<2%) across
all parameter configurations. These findings indicate that parameter
tuning can optimize performance for specific roof types. Nevertheless,
the method maintains reliable operation across a broad parameter
range. This demonstrates its robustness for real-world applications.

4.5. Ablation study

This subsection integrates three geometric constraints into the ob-
jective function to identify building components: minimization of point-
to-plane distance (C,), cluster-center proximity (C,), and directional
regularization (C;). Seven combinations of these constraints are evalu-
ated on the Synthetic Roof Dataset using the previously defined metrics.
As summarized in Table 4, the full combination (g) achieves state-of-
the-art or highly competitive performance across most roof types. This
result is not achieved by any individual constraint or partial combi-
nation. It sets new benchmarks on complex structures such as Roofl
(95.26//95.25), Roof3 (99.84//99.84), Roof4 (99.80//99.80), Roof6
(83.39//85.91), and Roof8 (95.52//95.42), while attaining perfect
scores (100%) in Completeness (C,,), Correctness (C,), and QI Impor-
tantly, the full model (g) exhibits consistent performance without the
significant fluctuations observed in other configurations. For instance,
configuration (e) (C,+C;) performs strongly on Roofl, Roof2, and
Roof5, but deteriorates sharply on Roof3 (36.35) and Roof8 (28.05).
Similarly, configuration (d) (C,+C,) performs poorly on Roof3 (57.42).
The ablation study reveals the distinct and complementary contribu-
tions of each component: (1) C;: When used alone (a), it performs
well on regular roofs (e.g., Roof4, Roof5) but fails on complex cases
(e.g., Roofl: 18.54, Roof6: 17.02). While it achieves high correctness
in some cases, it lacks overall robustness. C,: Alone (b), it offers more
stable coverage than C; on certain roofs (e.g., Roofl: 45.48, Roof8:
51.30), but at the cost of lower overall accuracy, especially on complex
shapes (e.g., Roof2: 35.61). It appears to enforce basic geometric
consistency but struggles with fine details. C;: Used in isolation (c),
it delivers inconsistent and generally mediocre results, suggesting it
serves a supporting rather than a leading role.

Among partial combinations: C;+C, (d): Shows substantial im-
provement over either component alone, particularly on Roofl (66.73)
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and Roof7 (75.77), indicating that C, effectively regularizes the fea-
tures extracted via C;. C;+C;(e): Achieves near-optimal results on
several roofs (e.g., Roofl, Roof2, Roof5), suggesting that C; enhances
or refines the representations learned through C,. C,+C;(f): Yields
minimal improvement over C, alone and is generally inferior to com-
binations involving C,, underscoring that C, provides the essential
foundation upon which C, and C; effectively build. In summary, each
constraint contributes uniquely. Here, C, serves as the foundational
component, whereas C, and C; provide complementary regularization
and refinement. Together, they enable robust and accurate planar
primitive segmentation.

4.6. Discussion

4.6.1. Comparative advantage over existing methods

Conventional region growing algorithms (e.g., Xia et al., 2020;
Huang et al., 2024; Wang et al., 2018) often lack sufficient geomet-
ric regularization, leading to poorly defined planar boundaries and
topological inconsistencies. In contrast, while DL-based approaches (Li
et al., 2024) show strong potential, their effectiveness is typically
constrained by a reliance on large, precisely annotated datasets. This
requirement presents a significant practical challenge in Earth Obser-
vation (EO), where acquiring comprehensive GT data is often costly and
labor intensive.

To address these limitations, our framework introduces three geo-
metrically interpretable constraints grounded in photogrammetric prin-
ciples: point to plane distance minimization, cluster center proxim-
ity preservation, and directional regularization. Unlike the heuristic
rules used in some methods or the data driven principles of oth-
ers (e.g., Bohg et al., 2013), our constraints establish a physically
transparent and principled segmentation mechanism. This design col-
lectively enhances boundary precision, improves semantic coherence
within regions, and mitigates common artifacts such as plane over
extension and boundary leakage (e.g., Landrieu and Boussaha, 2019;
Lin et al., 2018). Specifically, standard k planes clustering implemen-
tations can exhibit unbounded plane growth in complex urban scenes.
Our method counters this through explicit directional regularization,
achieving superior boundary fidelity and directly reducing the over
segmentation of continuous roof surfaces, a known issue in urban
reconstruction. Furthermore, the cluster center proximity constraint
minimizes the characteristic leakage error often observed when region
growing techniques are applied to airborne LiDAR data. By integrating
the rigorous parametric modeling tradition of photogrammetry with
modern numerical optimization, the framework provides a scalable,
interpretable, and robust solution suited for large scale urban analysis
in EO applications.

4.6.2. Limitations and challenges

While effective, the proposed framework exhibits three primary
methodological limitations that reflect broader challenges in data-
driven 3D building reconstruction. First, the reliable separation of
adjacent planar patches with very low inclination angles remains diffi-
cult. This is a common geometric ambiguity in urban scenes, where
subtle surface variations or material differences cannot be resolved
by geometry alone. Second, the method displays a tendency toward
under-segmentation in regions of near-coplanar surface distributions,
where minimal geometric contrast may cause distinct planar entities
to merge. Third, the segmentation results are sensitive to the initial
parameter estimates. This characteristic, shared by many optimization-
based clustering methods, necessitates careful initialization to ensure
the stability and reproducibility of the outcomes.

These limitations are not unique to our framework but are in-
dicative of persistent challenges within the field. They also highlight
strategic opportunities for synergistic integration with complementary
EO data sources. For example, multispectral satellite imagery could
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provide material-based or functional spectral cues to distinguish be-
tween geometrically similar, low-inclination surfaces. Concurrently,
higher-resolution data from UAV platforms could enhance the geomet-
ric fidelity of point clouds, thereby improving the discrimination of
near-coplanar structures. Furthermore, the sensitivity to initialization
could be mitigated by employing transfer-learning strategies to adapt
parameters across different urban contexts, or by integrating prior
semantic knowledge from established urban classification products and
GIS databases. Addressing these limitations through multi-source data
fusion and knowledge-informed refinement constitutes a promising
direction for enhancing the robustness and general applicability of
urban 3D reconstruction methods.

4.6.3. Extensibility and future research directions

The extensibility of the proposed framework is a core design princi-
ple, ensuring its adaptability to evolving data and application needs in
EO. Its optimization-based architecture provides a natural and flexible
structure for integrating multi-modal EO data, thereby reducing re-
liance on purely geometric information. A straightforward pathway for
enhancement involves extending the point feature vector to incorporate
complementary data layers. For example, this could include integrat-
ing spectral indices from optical imagery to infer material properties,
temporal change indicators from multi-epoch acquisitions to model
urban dynamics, or semantic attributes from urban GIS databases to
introduce functional context. Such multi-modal data fusion is essential
for addressing persistent gaps in modeling heterogeneous urban envi-
ronments, where geometric point clouds alone are often insufficient to
resolve complex structural and functional details. The framework’s in-
herent adaptability allows it to capitalize on emerging EO data streams,
including those from next-generation satellite constellations and in-
creasingly ubiquitous UAV platforms, thereby enhancing its practical
utility and relevance for contemporary urban sensing challenges.

Future research will prioritize the systematic validation and en-
hancement of the framework’s transferability. Key directions include:
(1) evaluating performance across diverse sensor types, such as com-
paring results from airborne LiDAR and satellite-derived point clouds;
(2) assessing robustness under varying geographic and architectural
contexts; and (3) scaling the method for applications ranging from
individual building analysis to district-wide urban modeling. These
efforts aim to solidify the framework’s position within the advanced
toolkit for urban remote sensing and 3D reconstruction, ensuring its
applicability to a wide spectrum of real-world scenarios.

5. Conclusion

This study has introduced a constrained kPC framework for robust
segmentation of planar primitives from building point clouds. To ad-
dress the persistent challenges in extracting reliable building primitives,
especially for complex and stylistically diverse urban structures, the
proposed method incorporates three geometrically meaningful con-
straints. These constraints are: point-to-plane distance minimization,
cluster-center proximity preservation, and directional regularization.
By formulating the segmentation task as a mixed-integer non-convex
optimization problem, we solve it efficiently using an alternating min-
imization strategy supported by SVD, which iteratively refines cluster
assignments and plane parameters until convergence. Comprehensive
experiments were conducted on both synthetic and real-world datasets.
The results confirm that the method achieves high segmentation accu-
racy on synthetic data and the Building3D benchmark. Furthermore,
it outperforms current state-of-the-art techniques in both quantitative
and qualitative evaluations.

The integration of the three constraints enables the framework
to support both semantic and instance segmentation while mitigating
the problem of unbounded plane extension common in conventional
kPC implementations. These attributes make the approach particularly
suitable for real-world applications such as 3D building reconstruction
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and urban modeling, where structural accuracy and semantic coherence
are critical. Looking forward, the constrained kPC framework offers a
flexible and efficient alternative to heavily data-dependent DL-based
methods, especially in annotation-scarce scenarios. Future work will fo-
cus on extending the formulation to incorporate non-planar primitives
and exploring adaptive constraint weighting for handling multi-scale
urban scenes.
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