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Abstract

Aiming at addressing the problems of complex geometric features, high inter-class simi-
larity, and insufficient single-scale information in semantic segmentation of point clouds
for ancient building interior components, this paper takes the Ba Wang Academy of Shen-
yang Jianzhu University as the research object and proposes a Geometric Feature Multi-
scale Network (GFMN). First, a point cloud dataset containing five types of components —
windows, beams, walls, roofs, and columns—was collected and constructed using a
FARO Focus3D X330 terrestrial laser scanner (FARO Technologies, Lake Mary, Florida,
USA). Second, 46-dimensional handcrafted geometric descriptors were extracted for each
discrete point from four aspects: basic point attributes, local geometric features, density
and scale features, and multi-scale fusion. On this basis, features were grouped according
to semantics and fed into independent encoding branches, where a gated adaptive fusion
mechanism was employed to dynamically adjust the contribution of each branch, and op-
timization was performed in combination with a prototype classification head and a joint
loss function. Experimental results show that the proposed method achieved an overall
accuracy of 93.17% on the test set, significantly outperforming state-of-the-art methods
such as PointNet, PointNet++, Point Transformer, and Point Cloud Transformer. This
study provides an effective solution for high-precision semantic segmentation of ancient
building interior components.

Keywords: ancient buildings; point cloud semantic segmentation; geometric features;
multi-branch network

1. Introduction

Ancient buildings, as precious carriers of human civilization, embody profound his-
torical, cultural, and artistic values and represent important manifestations of collective
memory and human wisdom. Traditional Chinese timber architecture, in particular, is
renowned for its unique construction techniques, sophisticated mortise-and-tenon join-
ery, and rich decorative arts, occupying a distinctive position in the history of world ar-
chitecture [1]. However, due to natural weathering, fires, earthquakes, and human-in-
duced damage, a large number of ancient buildings are facing severe risks of deteriora-
tion, destruction, and even disappearance [2]. Therefore, systematic documentation, sci-
entific conservation, and digital archiving of ancient buildings have become increasingly
urgent.

Electronics 2026, 15, 3409

https://doi.org/10.3390/electronics15153409



Electronics 2026, 15, 3409

2 of 24

In recent years, the rapid development of three-dimensional laser scanning technol-
ogy has provided a new technical pathway for the digital preservation of ancient build-
ings. Compared with traditional close-range photogrammetry and manual surveying
methods, Terrestrial Laser Scanning (TLS) can acquire three-dimensional geometric infor-
mation of building surfaces in a non-contact, high-accuracy, and high-density manner,
comprehensively recording the spatial locations, boundary contours, and local details of
both interior and exterior architectural components [3,4]. However, raw point cloud data
are characterized by massive volume, discreteness, irregularity, and a lack of structured
information, making them difficult to directly utilize for parametric modeling and seman-
tic analysis of ancient buildings [5,6]. Consequently, how to efficiently and accurately
identify and extract semantically meaningful architectural components from raw point
clouds has become a key scientific challenge in the fields of digital heritage preservation
and Heritage Building Information Modeling (HBIM) reconstruction [7,8].

Point cloud semantic segmentation, as a core technology for three-dimensional scene
understanding, aims to assign a semantic label to each individual point and partition the
raw point cloud into subsets with distinct semantic meanings. It serves as a bridge be-
tween low-level geometric data and high-level architectural semantics [9]. Over the years,
extensive research has been conducted on point cloud segmentation and classification.
According to the technological development trajectory, point cloud semantic segmenta-
tion methods can generally be categorized into three groups: traditional segmentation
methods, machine learning-based methods, and deep learning-based methods.

Traditional segmentation methods mainly rely on geometric constraints and statisti-
cal rules, partitioning point clouds into regions with homogeneous geometric and radio-
metric characteristics through manually designed features [10,11]. These methods primar-
ily include edge detection-based approaches, region growing-based approaches, model
fitting-based approaches, and feature clustering-based approaches. In practical applica-
tions, traditional methods are sensitive to noise and outliers, often resulting in over-seg-
mentation or under-segmentation. Moreover, they heavily depend on expert knowledge
for parameter tuning and exhibit limited generalization capability when confronted with
complex and diverse ancient architectural scenes [12].

Machine learning-based methods perform semantic labeling by first manually ex-
tracting geometric, radiometric, and multi-scale features and then employing classifiers
such as Random Forests and Support Vector Machines. Grilli et al. [13] systematically an-
alyzed the classification performance of covariance-based geometric features under dif-
ferent neighborhood radii, providing important insights for machine learning classifica-
tion of cultural heritage point clouds. Teruggi et al. [14] proposed a Multi-Level and Multi-
Resolution (MLMR) Random Forest classification framework that achieved hierarchical
semantic segmentation from primary structural elements to fine architectural details.
Croce et al. [15] applied a Random Forest classifier to semantically segment the point
cloud of the Santa Caterina Church in Pisa and further utilized the segmentation results
for HBIM reconstruction. Matrone et al. [16] systematically compared various machine
learning and deep learning approaches and proposed the DGCNN-Mod + 3Dfeat frame-
work, which combines the advantages of both paradigms. Nevertheless, the performance
of machine learning methods is highly dependent on the design and selection of feature
descriptors, limiting their generalization ability in complex scenarios [17].

Benefiting from their powerful automatic feature learning capabilities, deep learning-
based methods have become the state-of-the-art direction for point cloud semantic seg-
mentation research. According to how raw data are processed, these methods can be fur-
ther divided into projection-based methods [18-21], voxel-based methods [22-26], and
point-based methods.
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Projection-based methods transform three-dimensional point clouds into multi-view
two-dimensional images or range images, perform segmentation using mature two-di-
mensional convolutional neural networks, and subsequently map the results back to
three-dimensional space. However, the projection process inevitably causes the loss of
three-dimensional geometric information, and segmentation performance is highly sensi-
tive to the selection and number of viewpoints, making it difficult to preserve the fine
geometric details of complex ancient architectural structures [21].

Voxel-based methods convert irregular point clouds into regular three-dimensional
voxel grids and employ three-dimensional convolutional neural networks for feature ex-
traction and segmentation. Maturana et al. [22] proposed VoxNet, the first framework to
input voxelized point clouds into a 3D CNN for real-time object recognition. Tchapmi et
al. [23] introduced SEGCloud, which combines a 3D fully convolutional network with tri-
linear interpolation to achieve point-wise semantic segmentation and further refines the
results using Conditional Random Fields. However, voxel-based methods suffer from res-
olution limitations, leading to the loss of fine-grained details. Moreover, their computa-
tional and memory requirements increase cubically with voxel resolution, posing signifi-
cant challenges when processing large-scale and high-density point clouds of ancient
buildings [26].

Point-based methods directly operate on raw point clouds, avoiding information loss
caused by data format conversion and preserving the spatial geometric structure of point
clouds to the greatest extent. According to network architecture, these methods can be
further categorized into Multi-Layer Perceptron (MLP)-based methods [27-30], Graph
Convolutional Network (GCN)-based methods [31-34], and Transformer-based methods
[35-37]. PointNet, proposed by Qi et al. [27], was the first framework to directly process
raw point clouds in an end-to-end manner, effectively addressing the challenges of per-
mutation invariance and unordered point sets. However, PointNet neglects local neigh-
borhood information and thus struggles to capture fine-grained geometric structures. To
address this limitation, Qi et al. [28] proposed PointNet++, which introduces a hierarchical
local feature extraction architecture and significantly improves the perception of local ge-
ometric details. Nevertheless, pure MLP-based architectures remain limited in modeling
long-range dependencies within complex geometric structures. GCN-based methods rep-
resent point clouds as graph structures and employ graph convolution or edge convolu-
tion operations to capture topological relationships and local geometric features among
points. However, GCN methods typically require reconstructing graph adjacency rela-
tionships for each batch of data, resulting in high computational complexity and efficiency
bottlenecks when processing large-scale point clouds [34]. Transformer-based methods
introduce self-attention mechanisms into point cloud processing, effectively modeling
long-range dependencies and global contextual information. Zhao et al. [35] proposed
Point Transformer, which employs vector self-attention and positional encoding to facili-
tate efficient local feature interaction through residual point transformer blocks, achieving
state-of-the-art performance on multiple point cloud segmentation benchmarks. Never-
theless, the computational and memory costs of Transformer-based methods grow quad-
ratically with point cloud size, limiting their applicability in large-scale ancient architec-
tural scenes.

Although significant progress has been achieved in point cloud semantic segmenta-
tion, directly applying existing methods to indoor scenes of ancient buildings still faces
several challenges. First, ancient architectural components exhibit complex geometric
shapes and high inter-class similarity, making it difficult to effectively distinguish differ-
ent component categories using geometric information at a single scale alone [38]. Second,
significant scale variations exist among indoor architectural components, making a single
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neighborhood scale insufficient to meet the feature extraction requirements of compo-
nents with different sizes. Third, existing deep learning methods often underutilize man-
ually designed geometric descriptors and therefore fail to fully exploit the subtle yet crit-
ical geometric differences among ancient architectural components.

To address these challenges, this study takes the Ba Wang Academy of Shenyang
Jianzhu University as the research object and proposes a Geometric Feature Multi-scale
Network (GFMN). Reconstructed using preserved components from the Ming Dynasty
Ba Wang Temple, the academy serves both cultural heritage preservation and educational
purposes. Its interior space contains beams, columns, windows, walls, and roof structures
with complex geometric forms, spatial arrangements, and local details, making it a repre-
sentative case for semantic segmentation research in ancient building interior scenes. The
main contributions of this study are summarized as follows:

1. A point cloud dataset of ancient building interiors was collected and constructed us-
ing a FARO Focus3D X330 terrestrial laser scanner. The dataset includes five catego-
ries of architectural components: windows, beams, walls, roofs, and columns,
providing a reliable foundation for subsequent research.

2. A comprehensive 46-dimensional handcrafted geometric descriptor was extracted
for each point from four aspects: basic point attributes, local geometric features, den-
sity and scale features, and multi-scale fusion features. This descriptor provides a
comprehensive representation of local geometric information within the point cloud.

3. The extracted features were grouped according to semantic characteristics and fed
into independent encoding branches. A gated adaptive fusion mechanism was de-
signed to dynamically adjust the contribution of each branch, while a prototype-
based classification head and a joint loss function were employed for optimization.
This framework effectively addresses the complementarity and fusion of heteroge-
neous geometric features and significantly improves the semantic segmentation ac-
curacy of ancient building interior components.

2. Research Object and Data Acquisition

This study takes the Ba Wang Academy of Shenyang Jianzhu University as the re-
search object. Located within the campus, the Ba Wang Academy is a reconstructed an-
cient building site that integrates historical and cultural inheritance with educational func-
tions. It was rebuilt on the basis of surviving components from the Ming Dynasty Ba Wang
Temple, and thus possesses both significant heritage conservation value and strong edu-
cational and research significance. Compared with ordinary modern buildings, the beams,
columns, windows, walls, and roof structures in the interior space of the Ba Wang Acad-
emy exhibit more complex geometric forms, spatial layouts, and local details. Moreover,
different components often show high visual similarity, making it a representative object
for semantic segmentation research on point clouds of ancient building interior scenes.

In terms of data acquisition, a FARO Focus3D X330 terrestrial laser scanner was used
to collect point cloud data of the interior space of the Ba Wang Academy (as shown in
Figure 1), based on which a three-dimensional point cloud model of the indoor scene was
constructed (as shown in Figure 2). Three-dimensional laser scanning can comprehen-
sively record the spatial positions, boundary contours, and local geometric details of inte-
rior components in ancient buildings. Compared with traditional two-dimensional imag-
ing methods, it is more suitable for representing the three-dimensional spatial relation-
ships in the complex structures of ancient architecture. The point cloud data acquired in
this way provide a reliable raw data foundation for subsequent component recognition,
feature extraction, and semantic segmentation.

In terms of data content, the point cloud dataset constructed in this study mainly
covers five categories of interior components: windows, beams, walls, roofs, and columns.
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These categories essentially cover the main enclosure, load-bearing, and opening struc-
tures in ancient building interior spaces, and also reflect the common structural variations
and semantic boundary characteristics in such scenes.

Figure 2. 3D Point Cloud Model.

3. Local Geometric Feature Extraction of Point Clouds

To effectively distinguish different categories of interior component point clouds,
such as windows, beams, walls, roofs, and columns, this study no longer relies solely on
the absolute coordinates of discrete points. Instead, it further exploits the geometric struc-
tural features embedded in the local neighborhood surrounding each point. For point
cloud semantic classification and segmentation tasks, a single point typically lacks suffi-
cient discriminative information. In contrast, the geometric properties of its local neigh-
borhood, such as shape, orientation, planarity, and scale distribution, can more fully re-
flect the spatial structural differences among architectural components. Therefore, this
study constructs point-level descriptors from four aspects: basic point attributes, local ge-
ometric features, density and scale features, and multi-scale features, which are used for
subsequent model training.

— = T =
P= {Pi‘Pi = (x5, ¥;,2,) 1 _1’2""’N},WhereNde-

notes the number of points. For any point pj, its local neighborhood can be defined as:

Let the input point cloud be

Qi={pieP | |Ipi—-pill2<7} D

In this study, the neighborhood is constructed using a fixed radius r to accommodate
feature extraction under different point-density conditions.

3.1. Basic Point Attribute Features

First, the basic spatial attributes of each point are extracted, including its coordinates
(xi, ¥i, zi) and normalized height. The normalized height is calculated as follows:
o Z i z min

f=— @
V4

max Z min
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where zmin and zmax denote the minimum and maximum heights in the current point cloud
scene, respectively.

3.2. Local Geometric Features

Local geometric features are the core for distinguishing component categories. Spe-
cifically, the indicators include linearity L, planarity P, sphericity S, anisotropy A, curva-
ture C, omnivariance O, and eigenentropy E. The calculation procedure is as follows.

For the neighborhood Qi of point p;, the centroid is first computed:

Z P (3)

‘N ‘ p;eQi

Then, the covariance matrix is constructed:

Z(P/ —D; )(P, P)T (4)

R

In the formula, Noi denotes the number of points within the neighborhood Q.

By performing eigen decomposition on C;, three eigenvalues A1 2 A2 2 A3 2 0 are ob-
tained. These three eigenvalues describe the distribution pattern of the local point set
along the principal directions and form the basis for constructing structural geometric de-
scriptors.

Based on the eigenvalues, the linearity L, planarity P, sphericity S, anisotropy A, cur-
vature C, omnivariance O, and eigenentropy E are further computed:

LAk

5
A ®)
A =4
pP==2 6
2 (6)
A
S=— 7
A (7)
e
A=12 8
2 8)
A
= — 9
PRSIy ©)
0=A4L4L)" (10)
3
E=- A ln( A J (11)
A+ A+ A A+ A+ A4

In addjition, the local normal vector can be derived from the eigenvector correspond-
ing to the smallest eigenvalue, namely:

n=v, (12)

where vs is the corresponding eigenvector.
The normal vector can further be used to derive the verticality feature V, which is

used to characterize the orientation difference of a point cloud patch relative to the vertical
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direction. For structural elements such as walls, roofs, beams, and columns, this type of

directional feature is highly discriminative.

V=1-|n"e, (13)

where e: = (0, 0, 1)T represents the unit vector in the vertical direction. The symbol |*|
denotes the absolute value operation; - stands for the inner product of two vectors; V € [0,
1].

3.3. Density and Scale Features

In addition to geometric shape itself, the distribution density and scale information
of points within the local neighborhood are also important for discrimination. These fea-
tures are especially effective for distinguishing large planar components, elongated com-
ponents, and sparse boundary regions.

Let the set of distances from the points in Qi to the central point pi be given; then, the
local mean distance, variance, minimum value, and maximum value can be defined as:

o= ﬁngd (14)
o = ‘%ng,)(d/ i) (15)
d;" = maxd, 17)

where Noi denotes the number of points within the neighborhood Qi. dij denotes the Eu-
clidean distance from the central point p: to the j-th discrete point within its neighborhood
Qi.

A density surrogate measure can then be constructed to characterize the degree of
point aggregation in local space, with its formula given as:

1
pPi=— (18)
H;
Meanwhile, along the height direction, neighborhood height variations can also be
summarized, including the height standard deviation and the range, with the correspond-
ing formulas:

o,;= std{zj‘pj € Qi} (19)

In this formula, the vertical bar | serves as a set constraint separator. This equation calcu-
lates the standard deviation of the vertical coordinate z; of all points within the neighbor-
hood Qi of the current point pi, which characterizes the dispersion degree of height fluc-
tuation of the local point cloud.

R, = max{zj}—min{zj },pj e, (20)

This formula first extracts the maximum and minimum values of the vertical coordi-
nates of points in the neighborhood Qi of pi, and subtracts the two values to obtain the
neighborhood height range, so as to quantify the overall vertical span of local structures.

3.4. Multi-Scale Fusion Features
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Considering the significant differences in spatial scale among different interior com-
ponents, a single neighborhood scale is insufficient to simultaneously capture large planar
structures such as walls and roofs as well as local detail structures such as windows and
columns. Therefore, this study further extracts the same type of features at multiple scales.
These multi-scale features capture local edges, component surfaces, and broader spatial
layout information at the same time.

Let multiple neighborhood scales be denoted as sm, where sm may represent differ-
ent radii » or different numbers of nearest neighbors kn. For each scale s», the above local
geometric features, density features, and directional features can be computed, and the
multi-scale features are then concatenated:

f=LA e

= A 1)
fi(sm)

where denotes the feature vector of point p: at scale sm.

3.5. Feature Representation

To address the challenging semantic segmentation task characterized by drastically
varying geometric shapes and low inter-class feature distinguishability of indoor ancient
building components, this paper constructs a complete hierarchical point-level hand-
crafted geometric descriptor, forming a 46-dimensional independent feature vector that is
solely computed from the 3D coordinates of point clouds and multi-radius neighborhood
statistics. The full feature set is divided into four modules with detailed dimension allo-
cation and feature specifications as follows: The first module consists of 4 basic point at-
tribute features, including the raw horizontal coordinate xi vertical coordinate yi, vertical
coordinate zi, and normalized height of each point, which provide a global spatial refer-
ence for the entire scene. The second module contains 9 single-scale local geometric fea-
tures derived from the eigenvalue decomposition of the neighborhood covariance matrix,
namely linearity, planarity, sphericity, anisotropy, curvature, volume metric, feature en-
tropy, normal verticality, and 3D unit normal vector. These features are adopted to dis-
tinguish geometric shapes of planar, linear and curved components. The third module
covers 8 single-scale density and height statistical features: neighborhood mean distance,
distance variance, minimum distance, maximum distance, local density proxy, neighbor-
hood height standard deviation, neighborhood height range, and the number of neigh-
borhood points. They characterize differences in local point cloud density, vertical undu-
lations and structural boundaries. The fourth module is composed of 25 multi-scale fused
features. Three distinct neighborhood scales s1, s2, s3 are defined, and eight statistical
metrics (linearity, planarity, sphericity, verticality, mean distance, density proxy, height
standard deviation, height range) are extracted repeatedly for each scale, yielding a total
of 24 dimensions across the three scales. An additional 1 dimension of multi-scale fusion
entropy is supplemented to compensate for the limitation that a single neighborhood ra-
dius cannot simultaneously capture large planar components and fine-grained structural
details.

In summary, for each discrete point p;, the final feature vector can be expressed as:

l l

€O
X8

, (22)

X;lensuy‘

Xmultl - scale}
l

i €0
Xbasw g

X7

where / denotes the basic point attributes; ?

X;iensrcy Xr‘nultl -scale

denotes the local geometric

features; denotes the density and scale statistical features; ! de-

notes the multi-scale fusion features; The symbol Il denotes feature concatenation.
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This feature representation jointly captures point-level positional prior, contextual
local geometric shape, neighborhood distribution patterns, and cross-scale structural in-
formation, and can therefore better support classification and segmentation tasks for in-
door component point clouds.

4. Point Cloud Semantic Segmentation Based on the GFMN

To address the semantic segmentation task of interior architectural components such
as windows, beams, walls, roofs, and columns, this study proposes a Geometric Feature
Multi-scale Network (GFMN). The core idea of the proposed method is as follows: first,
handcrafted features with explicit geometric significance are constructed for each discrete
point in the point cloud. These features are then divided into different feature groups ac-
cording to their semantic meaning and statistical scale, and subsequently fed into inde-
pendent encoding branches for representation learning. Unlike approaches that simply
concatenate all features and directly input them into a classifier, the proposed method
progressively refines feature information through a grouped encoding—gated fusion—pro-
totype classification framework, thereby more effectively exploiting the complementary
relationships among different geometric descriptors. The overall network architecture is
illustrated in Figure 3.

R proto
Loss Function

[
fffffffff ~
| Input | Branch Encoder Dynamic Gating l
| | : - hy ERPXD q ]
| i | [ Linear HLayerNormH SiLU ] Q e Feature Fusion Projection
| (1) Attribute Groupl v - .
Features | = g v Linear LayerNorm SiLU Dropout
| | Dropout Linear LayerNorm £ i
SiLU
! I . @ v Linear LayerN SiLU Z
| nx_s | ayerNorm i all
! ny_s | Branch Encoder > Dropout
| nz's | hy ERBXD ¥
| = | Linear = LayerNorm =  SiLU o N A A N
| abs_nz_s P Group2 N - Linear Weighted Fusion Projection
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: curvature_s : Dropout > Linear —> LayerNorm )’ Linear LayerNorm SiLU
| linearity_s | SoftMax 7
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| sphericity_s | Branch Encoder Gating Weights g
I ki ! [ Linear HLa crNormH SiLU } hy S RO
: omnivariance_s : > Group3 7 2l _)[—}__) -
eigentropy_s
| 7 | { Dropout H Linear HLa erNorm}
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| nn_std_dist_s | Bn
. _ . logits . = Linear(L — C

| [ minedists | Branch Encoder L> Z igived = Zlg ih; S ( )
| | hy ERBXD —
[ | |eeccece- | Linear ~> LayerNorm >  SiLU :

| = Group4 e —— 1 — — Prototype Head

T

: Dropout = Linear > LayerNorm M logits

|

|

|

|

(2) Context Features

Local Neighborhood —+—>  Context
Statistical Features

L=Le +2A4,L,, |-
Branch Encoder P
h EREXD 2oL + AL e
Linear ~> LayerNorm >  SiLU
————~~ Sol I
Predicted Class i i
Dropout = Linear > LayerNorm H Hialioz s
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5=10,...,C-1

Softmax

Figure 3. Architecture of the GFMN Model.

In indoor scenes, different architectural components often exhibit distinct local geo-
metric patterns. For example, walls and roofs generally present strong planar structures,
whereas beams and columns exhibit pronounced linear extension characteristics. Win-
dows, on the other hand, are more frequently characterized by boundaries, openings, and
local structural discontinuities. Therefore, if the model relies solely on features from a sin-
gle scale or a single feature type, it is often difficult to comprehensively capture these
structural differences. To address this issue, this study not only preserves the original
point-level handcrafted features but also introduces local neighborhood contextual statis-
tical features to enhance the model’s perception of the surrounding spatial environment.
Ultimately, the network outputs the class probability for each discrete point, enabling
point-wise classification of interior architectural components and thereby achieving point
cloud segmentation.
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Assume that, after preprocessing, the input point cloud consists of N discrete points.

X, € R*,i=12,..N a

The original feature representation of each point is denoted as nd

y, €{0.1,...,C-1}

the corresponding class label is denoted as . Let C represent the num-

ber of interior component categories.
12
Meanwhile, a local contextual feature i is constructed for each point to de-

scribe the spatial distribution of its surrounding neighborhood. The model then outputs
the predicted class label for that point.

4.1. Multi-Branch Encoder Design

Since different feature groups describe different types of information—for example,
basic positional features, geometric structural features, and local statistical features exhibit
significantly different distributions—an independent branch encoder is designed for each
feature group.

All encoders adopt the same bottleneck architecture, consisting of two fully con-
nected layers. After each layer, Layer Normalization (LayerNorm), the SiLU activation
function, and Dropout regularization are applied sequentially. Taking the k-th branch as
an example, the encoding process can be formulated as follows.

Let the input vector of the k-th branch be gx. The first linear layer projects it to a
higher-dimensional space of dimension ds, followed by layer normalization and nonlinear
activation:

ul) = SiLU(LayerNorm (W,f”g ,+b )) (23)
1) b )
where ¥ and "% arelearnable parameters, LayerNorm(-) denotes layer normaliza-
tion, and SiLU(x) = x-sigmoid(x) (with sigmoid(x) being the sigmoid function) is the acti-
vation function.
A dropout operation is then applied to the intermediate representation:

1 1
u!” trop = Dropout(uﬁc), p) (24)

The second linear layer keeps the feature dimension unchanged and again applies
layer normalization and SiLU activation:

u? =SiLU (LayerNorm (W,f2 ‘g +b )) (25)
(2) (2)
where "% and "% are also learnable parameters.

Finally, another dropout operation is applied to obtain the final encoded output of
the branch:

h, = Dropout (ugcz), p) (26)

In the experiments, the dropout rate is set to p = 0.20, and no additional residual con-
nections are introduced between the two layers.
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4.2. Gated Adaptive Fusion Mechanism

To adaptively adjust the contribution of different branches according to the local
structure of each point, a gated fusion mechanism is designed.
First, the outputs of the five branches are concatenated into a joint feature vector hjoint:

By =" (TR R [h® )] 27)

where the symbol |l denotes feature concatenation.

The gating network consists of two fully connected layers. Taking hjint as input, it
first generates a five-dimensional unnormalized score vector through a linear transfor-
mation, which is then converted into a probability distribution & by the softmax function
to serve as the fusion weights of the branches:

a = softmax (W) -SiLU(W® R, +b0) )+b2) ) (28)

gate
M (2) M (2)
where — #° and ' #° are learnable weight matrices, ¢ and ~#“ are bias vec-
tors, SiLU(x) = x-0(x) is the activation function, and Softmax(-) normalizes the five-dimen-
sional vector into positive values summing to one.
The branch weights « are then used to compute a weighted sum of the branch encod-
ing vectors, yielding the weighted fusion feature:

5
f,=> ah, (29)
k=1

where ax represents the contribution of the k-th branch to the local geometric structure of
the current point.

To match the dimensionality of another path, the feature is further projected to a 128-
dimensional space through a projection network Wproj, which consists of a single fully con-
nected layer:

fv’v = \Vproj (fw) (30)

To fully capture nonlinear high-order interactions among the five branch encodings,
a parallel fusion path denoted as ®ruse is introduced. This path takes hjoint as input and
outputs a fusion feature fc through a three-layer fully connected subnetwork:

f.=0,00,00, (hjoint)
@,(x) = Dropout (SiLU(LN(W(”x +b" )))

0, (y) = SILULN(W®y +b®)) (31)
¢,(z) = SILU(LN(W®z + b))
wh w® w® bD p@ BO

where , , and denote learnable weight matrices; , , and
are bias vectors; and LN(-) denotes layer normalization.

Finally, the outputs of the two paths are added element-wise to obtain the global
embedding vector z:

z=f +f (32)

4.3. Context Alignment Projection

To maintain consistency between the global embedding z and the context feature en-
coding, an alignment projection module Waiign is defined.
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This module takes the output of the context branch h® as input and maps it into the
same space as z. The structure of Waiign is identical to that of Wproj and consists of a single
fully connected layer:

thx = Walign (h(S)) (33)

4.4. Prototype Classification Head and Linear Classification Head

After multi-branch feature fusion, the network obtains a global semantic representa-
tion z € R¢ for each point. Conventional point cloud classification networks generally
adopt a single linear classifier for category prediction, whose decision boundaries mainly
rely on linear mapping parameters without explicit constraints on class semantic centers.
When different categories share high geometric similarity, feature overlap easily emerges
in the feature space and degrades classification accuracy. Especially for structural compo-
nents such as beams, columns and walls in indoor ancient building scenes, merely relying
on a linear classifier fails to deliver sufficient discriminative power due to their similar
local geometric shapes.

To tackle this issue, this paper introduces an auxiliary classification branch based on
class prototypes on top of the conventional linear classification head. By learning the se-
mantic center of each category in the feature space, the network pulls samples of the same
class close to their corresponding class centers while maintaining large feature margins
between different classes, further boosting the model’s discriminative capability and the
interpretability of the feature space. The complete classification module consists of two
components, a Linear Classification Head and a Prototype Head, which are jointly opti-
mized during training and fused to produce the final prediction during inference.

For the fused global embedding feature z, the linear classification head is first applied
to obtain base classification scores. Essentially, the linear classification head is a fully con-
nected mapping, whose calculation is formulated as:

Ecls = WcZ + bc (34)

where We and b. are learnable parameters; c denotes the total number of categories.

To further strengthen inter-class discriminability, this paper designs a prototype clas-
sification head. For each category c, the network learns a trainable class prototype vector
P. € RY% and all class prototypes collectively form the prototype matrix

P=[P,P,,.P.|

Different from traditional methods that compute class centers via sample mean val-
ues, this work adopts a learnable prototype mechanism. Upon network initialization, each
class prototype is randomly initialized following a zero-mean Gaussian distribution. Dur-
ing training, prototype vectors are treated as trainable parameters of the network, which
together with the parameters of encoders, gated fusion module and classifiers constitute
a unified optimization objective. In each forward pass, the network first calculates the
similarity between samples in the current mini-batch and all class prototypes. Gradients
are then backpropagated according to the classification loss, and parameter updates are
performed by the AdamW optimizer.

To perform classification based on cosine similarity, both the embedding z and the
prototype Pc are first L2-normalized to eliminate the influence of vector magnitude:

7L
], )
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i~ P
Po=r (36)
[P.],
P=[P,P,,  P.] 37)

where ””2 denotes the Euclidean norm.
After normalization, the dot product between the embedding and the prototype be-
comes equivalent to cosine similarity.

The similarity between the normalized embedding Z and each normalized proto-

~

type P isthen computed and divided by a temperature coefficient t to control the sharp-
ness of the output distribution:

ZP’
-

4 (38)

proto

where 1 is a positive scalar, set to 0.15 in this study. A smaller T amplifies similarity dif-
ferences and produces a sharper probability distribution, improving inter-class separabil-
ity; a larger t yields a smoother distribution and helps prevent overfitting.

The linear classification head exhibits strong capability for category mapping, while
the prototype classification head provides more stable semantic constraints for each cate-
gory. Accordingly, this paper performs weighted fusion of the two branches to jointly

determine the final classification outcome, with the final prediction score denoted as £ .

=0, +AL (39)

p™ proto

where Ay denotes the fusion weight of the prototype branch.

4.5. Joint Loss Function and Optimization Objective

To jointly optimize classification accuracy, prototype discriminability, context con-
sistency, and feature-space compactness, a joint loss function is constructed:

L= Lce + ;’“ILpl'()t() + ﬂ’zLalign + /13Lcenter (40)

where the cross-entropy loss constrains the final classification results:

=——ZZ— [[i=c)log Ze p(g’() ) (41)

NITSC- 4exp£
J

The prototype supervision loss enhances the discriminability of class prototypes:

ng roto,i,c
Lo =——ZZ— [T =0o- 10gz V) (42)

i=l c=l ' =1 exp(gproto,i,j)

The alignment loss enforces consistency between the context branch and the main

representation:

allgn = : :H ctxt

The intra-class compactness loss further reduces the dispersion of samples belonging

(43)

to the same class in the embedding space:
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L =—- E E -,
center zf‘:l lg =5 ||Z1 uc 2

where L denotes the overall joint training loss of the model, which is obtained by weighted

(44)

summation of four sub-losses and adopted for backpropagation to update all network
parameters; L. stands for the weighted cross-entropy loss of the linear classification head;
Lproto refers to the weighted cross-entropy loss of the prototype classification branch; Laiign
means the context feature alignment loss, and Leenter represents the intra-class compactness
constraint 10ss; Aproto, Aalign and Acenter are hyperparameters for balancing sub-losses, which
separately control the proportion of prototype supervision constraint, context alignment
constraint and intra-sample aggregation constraint in total loss; N is the total count of
point cloud samples within a single training mini-batch; C indicates the total number of
ancient building component categories, where C = 5 in this paper including wall, roof,
beam, column and window; i is the index of a single point sample in the batch, c is the
component category index, and j serves as an auxiliary category index for Softmax nor-
malization. Shared variables of weighted cross-entropy: nc represents the total point
quantity of category c in the full dataset, which is used to calculate the class balance weight
coefficient. This coefficient assigns larger weights to categories with scarce samples to am-
plify classification gradients of rare components; [](yi = c) is a Boolean indicator function
that outputs 1 if the ground-truth label of point i matches category ¢ and outputs 0 other-
wise, and only the ground-truth category participates in loss calculation; yi is the ground-
truth component label of point sample i; {ic is the raw prediction logit output by linear
classification head, while protoic is the similarity logit calculated between sample embed-
ding and category prototype; {ij and {proto,ij are prediction logits of linear branch and pro-
totype branch corresponding to auxiliary category j respectively; exp(:) is a natural expo-
nential operation that converts raw scores into class probabilities via Softmax, and log(")
is the natural logarithm operator for cross-entropy computation. Exclusive variables for
context alignment loss: zi is the trunk global embedding vector with a dimension of 128
output by multi-branch gated fusion module, and zctx,i is the context feature vector with
identical dimension generated by neighborhood context projection layer; Il. ll- denotes the
L2 Euclidean norm. Exclusive variables for intra-class compactness loss: Sc is the set con-
taining all embedding vectors of samples labeled category c in current mini-batch, 19¢| is
the sample number inside this set, pic is the mean embedding center of all category-c sam-
ples in the batch, and i € 9c means traversing all samples belonging to category c in the
set.

5. Experimental Results and Analysis
5.1. Sample Preparation and Experimental Setup

In this study, the constructed three-dimensional scene point cloud dataset was used
as the training data. The dataset includes five categories of architectural components: win-
dows, beams, walls, roofs, and columns. Detailed descriptions of each component cate-
gory are provided in Table 1.

Table 1. Statistics of various object samples.

Category Window Beam Wall Roof Column Total
Sample Count 218,491 314,633 331,180 446,579 53,897 1,364,777
Proportion 16.01% 23.05% 24.27% 32.72% 3.95% 100.00%

This paper adopts an independent data partitioning scheme combining 3D spatial
grid blocking and global component ownership constraints. First, the bounding box of the

https://doi.org/10.3390/electronics15153409



Electronics 2026, 15, 3409

15 of 24

complete indoor point cloud of Bawang Academy is evenly divided into non-overlapping
3D cubic spatial blocks. After spatial block segmentation, global binding constraints are
applied to all annotated components: all point points belonging to one intact component
are assigned exclusively to the single spatial block where the main body of the component
resides. After finishing spatial block cutting and component binding, stratified sampling
is conducted across all independent non-overlapping blocks to split the dataset into a test
set, a validation set and a training set. The test set accounts for 15% of all blocks, and the
validation set takes up 15% of the remaining blocks reserved for training.

The full implementation of the Geometric Feature Multi-scale Network (GFMN) with
multi-branch geometric feature fusion is built on the PyTorch 2.0 deep learning frame-
work (https://pytorch.org/, accessed 10 July 2026).. The hardware and software experi-
mental configurations are listed as follows. For hardware, an Intel Xeon Gold CPU is
equipped with 128 GB RAM and a single NVIDIA RTX 3060 graphics card. For software,
Windows 10 serves as the underlying operating system, with CUDA 11.7 configured for
parallel acceleration.

In terms of training strategy, the batch size was set to 8192, the maximum number of
training epochs was 200, the initial learning rate was 1 x 10-3, the weight decay coefficient
was 1 x 104, and the early stopping patience was set to 20. The optimizer used was
AdamW, combined with ReduceLROnPlateau for adaptive learning rate adjustment,
where the learning rate decay factor was set to 0.5 and the patience of the monitored met-
ric was set to 2. To alleviate class imbalance, the training stage employed both a class-
weighted cross-entropy loss constructed based on the inverse frequency of each class and
WeightedRandomSampler for class-balanced sampling.

In terms of feature construction, local contextual features were extracted using k-
nearest neighbor (k-NN) neighborhood statistics, with the number of neighbors set to 20.
The input dimension of the context branch was 12. The internal branch encoding dimen-
sion of the model was set to 64, the context encoding dimension to 64, the latent embed-
ding dimension after fusion to 128, the hidden dimension of the fusion projection layer to
128, and the dropout rate to 0.20.

For the loss function design, this study adopted a composite objective function. Spe-
cifically, the prototype branch loss weight Aproto was set to 0.35, the context alignment
loss weight Aalign was set to 0.20, and the intra-class compactness loss weight Acenter was
set to 0.10. The temperature coefficient of the prototype classification head was set to 0.15.

To address the severe class imbalance of the dataset, where roofs, walls and beams
dominate the sample distribution while columns form an extremely minority class (the
total point count of majority classes is approximately 8 to 9 times that of columns), a dual
strategy of weighted loss plus class-balanced sampling is adopted during training to mit-
igate the skewed class distribution.

Class weights are calculated as the reciprocal of the number of point samples for each
category. Minor classes with fewer samples (columns and windows) are assigned larger
loss weights, which amplify the gradient contribution of their classification errors during
backpropagation and prevent the model from biasing toward majority classes including
roofs and walls with abundant points.

Higher sampling probabilities are assigned to points of rare components in mini-
batch sampling. The sampling quantity of each component category is forced to be bal-
anced within every batch, alleviating the uneven sample distribution in a single batch.

The two strategies work synergistically to constrain the model from ignoring geo-
metric features of minority classes due to imbalanced sample sizes, from the two dimen-
sions of loss function design and data sampling mechanism.
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5.2. Evaluation Metrics

The main metrics used to evaluate the classification performance of the model in-
clude accuracy, precision, recall, and F1 score. These four evaluation metrics can be calcu-
lated based on the confusion matrix shown in Table 2. In Table 2, TP represents the num-
ber of positive samples correctly predicted as positive, FP represents the number of nega-
tive samples incorrectly predicted as positive, FN represents the number of positive sam-
ples incorrectly predicted as negative, and TN represents the number of negative samples
correctly predicted as negative.

Table 2. Confusion Matrix.

Actual Class 0 1
Predicted Class
TP FpP
1 FN TN

Accuracy represents the proportion of all samples that are correctly classified among
the total number of samples.

accuracy =(TP+TN)/(TP+TN + FP+ FN) (45)

Precision (p) represents the proportion of correctly predicted positive samples
among all samples predicted as positive.

p=TP/(TP+TN) (46)

Recall represents the proportion of correctly predicted positive samples among all
actual positive samples.

recall =TP /(TP +TN) (47)

The F1 score (f1) is the harmonic mean of precision and recall and is primarily used
to evaluate the robustness of the model.

f1=2%*p*recall/(p+ recall) (48)

where * denotes scalar multiplication.

5.3. Experimental Results

Figures 4 and 5 illustrate the variations in the loss function during training, as well
as the changes in test accuracy and F1 score, respectively. As shown in the figures, the loss
decreases rapidly during the early stages of training, indicating that the network is able
to quickly learn the geometric and contextual features of ancient building point clouds.
As the number of training epochs increases, both the training loss and validation loss ex-
hibit an overall downward trend and gradually stabilize in the later stages, suggesting
that the model has converged sufficiently.

Specifically, the training loss continuously decreases from an initial value of 0.6374
to 0.1260, and the minimum validation loss reaches 0.1793. This indicates that the model
can effectively fit the training samples during optimization while maintaining strong gen-
eralization performance on the validation set. In terms of evaluation metrics, after hy-
perparameter tuning on the validation set, the model achieves an overall accuracy of 93.17%
on the independent test set that does not participate in training or parameter adjustment,
with the optimal macro-F1 score on the validation set reaching 0.8741. Overall, the vali-
dation loss and metric curves fluctuate slightly within the first 60 training epochs, and
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gradually become smooth and stable after 60 epochs without persistent violent oscilla-
tions or severe overfitting throughout the training process. The minor fluctuations of val-
idation metrics in the early training stage can be attributed to three factors.

A

0.6 H

—=— Training Set
—+— Validation Set

. >
0 20 40 60 80 100 120
Epoch

Figure 4. Variation Curve of Loss Function.
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Figure 5. Variation Curves of Accuracy and F1-Score on the Test Set.

First, the total number of samples in the validation set is far smaller than that of the
training set. A small sample base tends to amplify random fluctuations in single-epoch
evaluation, and such fluctuations are naturally alleviated after the network representa-
tions stabilize in the later training phase.

Second, the initial learning rate is set to 1 x 10-3. The randomly initialized weights
and relatively large update step size in the early stage lead to fluctuations in metrics; the
oscillations vanish after adaptive learning rate decay during training.

Third, the AdamW optimizer involves momentum accumulation. Disordered gradi-
ent directions at the beginning of training magnify the volatility of validation curves, and
the curves gradually smooth out once the model sufficiently learns component features
and gradients become stable.

Based on the confusion matrix shown in Figure 6, the segmentation results for the
five categories of interior architectural components—windows, beams, walls, roofs, and
columns—were statistically analyzed. Precision, recall, and F1 score for each category
were calculated from the confusion matrix. Overall, the model achieved an overall accu-
racy of 93.18% on the validation set, with the F1 scores of all categories reaching approxi-
mately 0.93. These results demonstrate that the proposed multi-scale geometric feature
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fusion network provides stable and highly accurate semantic segmentation performance
for point clouds of ancient building interior components.

Count
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Figure 6. Confusion Matrix.

As shown by the sample statistics in Table 1, the dataset exhibits an extremely imbal-
anced class distribution: the point count of the most abundant roof class is approximately
8.3 times that of the rarest column class, making this a severely class-imbalanced dataset.
Nevertheless, the precision and recall of each class calculated from the confusion matrix
in Figure 6 steadily fall within the range of 92-93%, and the F1-score of every class ap-
proaches 0.93. No obvious performance gap exists between majority and minority classes,
and the common issue of drastically degraded accuracy for small categories is avoided.
This favorable result is jointly guaranteed by multiple complementary mechanisms:

1. A weighted cross-entropy loss and class-balanced sampler are adopted simultane-
ously during training. On one hand, higher loss weights are assigned to rare compo-
nents such as columns, driving the model to prioritize learning the linear geometric
features of minority classes. On the other hand, the sampling frequency of minority-
class points is intentionally elevated during batch sampling, ensuring sufficient train-
ing samples for small components in every epoch and preventing the model from
overfitting to majority planar classes including walls and roofs.

2. The multi-scale geometric descriptors extracted in this work can accurately capture
the inherent morphological distinctions among various components. Columns and
beams exhibit prominent linear features, walls and roofs are dominated by planar
attributes, and windows contain abundant abrupt boundary features. Even with lim-
ited column samples, these highly discriminative geometric descriptors supply suf-
ficient distinguishing information and mitigate recognition bias caused by class im-
balance.

3. The prototype head learns a dedicated embedding prototype for each component
category. The intra-class compactness loss reduces the feature dispersion of samples
within the same class. Even with a limited number of column samples, their embed-
dings can converge to a stable class prototype, greatly alleviating inadequate feature
learning for minority samples. Meanwhile, the prototype regularization loss enlarges
the feature distance between prototypes of different components, further weakening
the impact of sample quantity disparity on classification decision boundaries.

4.  The gated fusion mechanism adaptively assigns weights to different feature branches
according to local geometric morphology. For slender minority components like col-
umns, the model automatically places greater emphasis on geometric branches such
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as linearity and anisotropy, compensating for insufficient feature learning caused by
scarce samples and preventing the collapse of recognition accuracy for small catego-
ries.

5.4. Comparative Experimental Analysis

To further verify the effectiveness of the proposed Geometric Feature Multi-scale
Network (GFMN) for semantic segmentation of point clouds of indoor ancient building
components, four state-of-the-art point cloud segmentation algorithms are selected for
horizontal comparison, namely PointNet, PointNet++, Point Transformer and Point Cloud
Transformer (PCT).

All experimental groups adopt the spatially independent blocking strategy proposed
in this paper to split the training, validation and test sets, with identical software and
hardware environments as well as training hyperparameters to guarantee fair comparison.
To eliminate random fluctuations induced by single random weight initialization, each
model undergoes five independent repeated training runs. All evaluation metrics (overall
accuracy, total parameter count, inference speed and peak GPU memory consumption)
take the average values of the five repeated experiments, and the corresponding standard
deviations are calculated for statistical significance testing. The final comparative results
are presented in Table 3.

Table 3. Accuracy Comparison of Different Segmentation Models.

Parameters Inference Speed Memory Usage

Method Accuracy ™) (Sampless1) (GB)
PointNet 71.24% 3.6 196 355
PointNet++ 87.35% 1.2 321 7.2
Point Transformer 82.29% 7.8 78 5.6
Point Cloud Transformer (PCT)  84.37% 0.97 165 18.4
Proposed Method 93.17% 7.05 144 15.2

As the first deep learning model capable of directly processing raw unordered point
clouds, PointNet extracts features via point-wise MLPs combined with global max pool-
ing. It boasts an extremely lightweight architecture with only 3.6 M total parameters and
an inference speed of 196 samples per second. However, the model lacks the capacity to
model local geometric information, leading to frequent misclassification of fine-grained
ancient building components such as windows and beams. Its segmentation accuracy
merely reaches 71.24%. Furthermore, global pooling induces excessive memory overhead,
with peak GPU memory consumption hitting 35.5 GB, which raises high barriers to hard-
ware deployment.

Built upon PointNet, PointNet++ constructs a hierarchical local feature extraction
framework. It enhances perception of local details through multi-scale neighborhood
grouping and layered feature aggregation, lifting overall accuracy to 87.35%. With merely
1.2 M parameters, it achieves the smallest model size among all comparative methods,
delivering the fastest inference speed at 321 samples/s and a moderate memory footprint
of only 7.2 GB, demonstrating prominent advantages in deployment efficiency. Neverthe-
less, its fixed-radius neighborhood structure is sensitive to fluctuations in point cloud den-
sity, resulting in unstable feature extraction for ancient building scenes with drastically
uneven point density across different components.

Point Transformer and Point Cloud Transformer (PCT) both introduce self-attention
mechanisms to model long-range dependencies within point clouds. Point Transformer
implements dynamic neighborhood aggregation via vector attention and positional en-
coding. It has 7.8 M parameters and the lowest peak GPU memory usage of 5.6 GB, yet
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the heavy computation cost of attention layers limits its inference speed to only 78 sam-
ples/s with poor real-time performance, yielding a segmentation accuracy of 82.29%.
Drawing on the Transformer architecture from natural language processing, PCT adopts
offset attention and lightweight downsampling strategies, achieving a parameter count of
0.97 M, an inference speed of 165 samples/s, and an accuracy of 84.37%. Although both
models perform acceptably on general indoor scenes, they fail to extract sufficiently dis-
criminative local features for the segmentation task of ancient building components,
where inter-class similarity is high and subtle geometric discrepancies are hard to distin-
guish, resulting in obvious accuracy deficiencies.

Comprehensive multi-dimensional comparisons in Table 3 demonstrate that the pro-
posed GFMN achieves the optimal trade-off among segmentation accuracy, parameter
count, inference speed and GPU memory consumption. Equipped with 46-dimensional
elaborate handcrafted geometric descriptors, as well as a complete pipeline including
multi-branch encoding, gated adaptive fusion and a prototype classification head, the pro-
posed model fully exploits distinctive geometric information of ancient building compo-
nents. It attains an overall test set accuracy of 93.17%, approximately 22, 6, 11 and 9 per-
centage points higher than PointNet, PointNet++, Point Transformer and PCT respectively.
The total parameter count of our model is 7.05 M, slightly lower than Point Transformer;
its inference speed of 144 samples/s outperforms Point Transformer, while peak GPU
memory usage of 15.2 GB is far less than PointNet.

Compared with the lightweight baseline PointNet++, our method sacrifices a modest
amount of inference speed and memory overhead for a 6-percentage-point accuracy gain.
When matched against the two Transformer-based models, our method achieves substan-
tially superior segmentation accuracy while delivering significantly better real-time infer-
ence performance. Taking segmentation precision, hardware deployment cost and infer-
ence efficiency into comprehensive consideration, the proposed approach is better suited
for practical engineering requirements of batch automatic segmentation of ancient build-
ing point clouds.

Figure 7 presents the classification results obtained by different methods in the study
area. From the segmentation results, it can be observed that the proposed method signifi-
cantly outperforms the other approaches. The experimental results fully demonstrate the
superiority of the proposed method for semantic segmentation of ancient building point
clouds, particularly in scenarios where architectural components exhibit distinctive geo-

metric characteristics while labeled data remain limited.

(a) Ground Truth

(b) PointNet (c) PointNet++

(d) Point Transformer (e) PCT (f) Proposed Method

Wall [ Roof [l Window I Column [l Beam

Figure 7. Comparison of Point Cloud Segmentation Results Using Different Methods.
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6. Discussion

This study addresses the challenges of “complex local geometry, high inter-class sim-
ilarity, and insufficient single-scale features” in semantic segmentation of point clouds for
ancient building interior components by proposing a segmentation method based on a
Geometric Feature Multi-scale Network (GFMN). Experimental results show that the pro-
posed method achieved an overall accuracy of 93.17% on the validation set, with a vali-
dation F1 score of 0.8741. The F1 scores for all categories were approximately 0.93, indi-
cating that the model can stably distinguish the five component types—windows, beams,
walls, roofs, and columns—and possesses strong discriminative capability.

From a methodological perspective, the advantage of GFMN mainly comes from its
explicit modeling of the geometric differences among ancient architectural components.
Unlike methods that rely only on point coordinates or implicit feature learning, this study
constructs a 46-dimensional point-level descriptor from four aspects: basic attributes, local
geometric features, density and scale features, and multi-scale fusion. The features are
then grouped according to semantics and fed into independent encoding branches. The
benefit of this design is that different types of geometric information can be extracted sep-
arately, avoiding feature interference caused by simple concatenation, while better match-
ing the characteristics of ancient architectural components, whose shape differences are
subtle but structural regularities are clear.

The gated adaptive fusion mechanism is also an important reason for the perfor-
mance improvement. In ancient building interior scenes, walls and roofs usually exhibit
strong planar structures, beams and columns show obvious linear extension features,
while windows are often characterized by boundaries, openings, and local structural dis-
continuities. In response to these differences, the gating module can dynamically adjust
the contribution of each branch according to the local geometric context of the current
point, enabling the model to automatically select more appropriate feature sources for
different components and thereby improving its adaptability to complex structures. Dur-
ing training, the loss decreased from 0.6374 to 0.1260, and the minimum validation loss
reached 0.1793, indicating that the fusion strategy not only improved classification per-
formance but also provided good convergence and generalization.

The prototype classification head and joint loss function further enhanced class sep-
arability. The prototype head learns a semantic prototype for each category, causing sam-
ples of the same class to cluster around the corresponding prototype in the embedding
space. The joint loss simultaneously constrains the final classification result, prototype
discriminability, contextual consistency, and intra-class compactness. For ancient build-
ing point cloud tasks, where class boundaries are blurred and intra-class variation is large,
this “pull same classes closer and push different classes apart” constraint is particularly
effective. This is also why the model achieved its best overall performance at the 62nd
epoch, with stable curves in the later stage and no obvious oscillation or severe overfitting.

Compared with baseline methods, the advantages of GFMN are more evident. Point-
Net lacks fine-grained modeling of local geometric structures, making it prone to misclas-
sification in detailed regions such as windows and beams. Although PointNet++improves
performance through hierarchical local feature extraction, it is still affected by the sensi-
tivity of fixed-radius neighborhoods to density variation. Point Transformer and PCT are
better at modeling contextual dependencies, but in ancient architectural scenes dominated
by subtle geometric differences, attention mechanisms alone are not sufficient to fully
characterize component shapes. Under the same data split, the proposed method achieved
93.17% accuracy, significantly outperforming PointNet, PointNet++, Point Transformer,
and PCT, demonstrating that explicit geometric features and multi-branch fusion strate-
gies are more suitable for ancient building interior component segmentation.
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Although the proposed method achieves favorable segmentation performance, the
experiments still have certain limitations. First, the experimental data in this work are col-
lected only from the single indoor scene of Bawang Academy. Although this building
contains typical components such as beams, columns, walls, roofs and windows and can
effectively verify the effectiveness of the proposed model, its architectural style, compo-
nent forms, material characteristics and spatial layout remain relatively homogeneous.
Accordingly, the current experimental results mainly reflect the segmentation perfor-
mance of the model on this specific type of ancient building scene, and its generalization
ability to ancient buildings of different regions, ages and structural forms requires further
verification.

Future research will continuously expand the ancient building point cloud dataset
by collecting indoor scene data covering diverse architectural types and styles. We will
also design cross-scene training and testing experiments (Cross-scene Validation) to fur-
ther evaluate the model’s robustness, transfer adaptability and external validity under
cross-scene conditions, so as to provide more sufficient experimental support for the pop-
ularization and application of the model in the digital preservation of ancient buildings.

Overall, the experimental results of GFMN indicate that, in semantic segmentation
of point clouds for ancient building interiors, relying solely on end-to-end feature learning
is not sufficient. Instead, combining domain knowledge-driven multi-scale geometric fea-
tures, grouped encoding, and adaptive fusion mechanisms can more effectively improve
the recognition accuracy of complex components. This method provides valuable tech-
nical support for digital heritage preservation, structural analysis, and subsequent resto-
ration modeling of ancient buildings.

7. Conclusions

This paper addresses the semantic segmentation of point clouds for ancient building
interior components by taking the Ba Wang Academy as the research object and propos-
ing a Geometric Feature Multi-scale Network. The method constructs a 46-dimensional
point-level descriptor from four aspects: basic attributes, local geometric features, density-
scale features, and multi-scale fusion. Through grouped encoding, gated adaptive fusion,
and a prototype classification head, it effectively improves the discriminative ability for
components such as windows, beams, walls, roofs, and columns. Experimental results
show that the proposed method achieved an overall accuracy of 93.17% on the validation
set and a macro-averaged F1 score of 0.8741, significantly outperforming state-of-the-art
methods such as PointNet, PointNet++, and Point Transformer, which verifies its superi-
ority in ancient building point cloud segmentation.

Future work will focus on improving the generalization ability and computational
efficiency of the model. We will further expand the point cloud dataset consisting of mul-
tiple ancient buildings, covering typical indoor scenes of ancient architectures with differ-
ent regions, ages and architectural styles. Cross-scene validation experiments and cross-
building transfer tests will be carried out to systematically evaluate the model’s robust-
ness, transfer adaptability and external validity in complex ancient building environments.
Meanwhile, we will explore weakly supervised learning, self-supervised pre-training and
lightweight network design to further reduce labeling costs and enhance the engineering
practicability of the model.
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