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Highlights

What are the main findings?

• A Geometric Structure-Aware Siamese Network (GSANet) is proposed for 3D point
cloud change detection, which explicitly integrates boundary and edge priors via
Boundary-Aware Subsampling (BAS), Edge-Aware Adaptive Graph Convolution, and a
Difference Enhancement Module (DEM).

• GSANet achieves state-of-the-art performance on the SLPCCD and HKCD datasets,
with an mIoU of 82.87% and OA of 97.30%, outperforming existing methods including
3DCDNet, PGN3DCD, and Ms-DANet.

What are the implications of the main findings?

• The proposed framework enhances feature representation robustness by preserving
critical geometric cues, effectively suppressing false positives and improving boundary
localization in complex urban environments affected by noise and viewpoint variations.

• It offers a practical and reliable solution for real-world remote sensing applications such
as urban monitoring, disaster assessment, and environmental analysis, particularly in
scenarios with sparse or occluded point cloud data.

Abstract

Three-dimensional (3D) point cloud change detection is essential for urban monitoring
and environmental analysis, yet existing methods mainly rely on point-wise semantic
differences and overlook change–unchange boundaries and object edges—key geometric
cues for precise localization, especially for subtle or gradual changes. To address this, we
propose GSANet, a Geometric Structure-Aware Siamese Network that explicitly integrates
boundary and edge priors into sampling and feature learning. First, a Boundary-Aware
Subsampling (BAS) strategy preserves key points near change boundaries while reducing
redundancy, and a Boundary-Aware Binary Cross-Entropy (BA-BCE) loss assigns higher
supervision weights to boundary points, enhancing learning in ambiguous regions. Sec-
ond, an Edge-Aware Siamese Network captures robust local shapes by embedding edge
priors into feature extraction, incorporating Edge-Aware Adaptive Graph Convolution,
Edge-Aware Downsampling, and Cross-Attention Upsampling to maintain structural con-
sistency across temporal branches. Additionally, a Difference Enhancement Module (DEM)
amplifies feature discrepancies between bitemporal point clouds, improving sensitivity to
subtle changes. Extensive experiments on a street-level dataset and urban dataset show
our method outperforms state-of-the-art approaches.
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1. Introduction
Change detection (CD) is an essential task in the fields of remote sensing and computer

vision, playing an essential role. By accurately identifying structural, surface, or object
changes within a given area, change detection provides reliable data support for urban
planning, disaster monitoring, environmental assessment [1] and so on, making it irre-
placeable in real-world applications. In recent years, with the rapid development of deep
learning and computer vision technologies, research on two-dimensional change detection
(2D CD) has made significant progress. A large number of high-precision, end-to-end
detection methods have emerged, demonstrating outstanding performance across various
application scenarios [2]. However, 2D CD inherently suffers from projection distortion and
a lack of depth perception, making it difficult to accurately capture real three-dimensional
structural variations, especially in complex urban environments [3].

To overcome the limitations of traditional 2D change detection methods, researchers
have increasingly focused on three-dimensional change detection (3D CD), which directly
analyzes geometric and structural differences in 3D space [4]. Point clouds, which represent
real-world scenes through discrete spatial coordinates (x, y, z), offer a highly accurate
representation of geometric shape, scale, and spatial distribution, without the distortion
or artifacts inherent in projection-based methods [5]. With the growing availability of ad-
vanced technologies such as LiDAR, mobile laser scanning (MLS), airborne laser scanning
(ALS), and RGB-Depth sensors, the acquisition of large-scale, high-resolution point cloud
data has become more accessible [6,7]. This has greatly facilitated the development of 3D
CD, enabling precise geometric modeling of buildings, roads, vegetation, and other natural
structures. Although 2D change detection methods have achieved remarkable success, their
direct application to 3D point cloud change detection remains challenging. This is mainly
because 2D images are represented as regular pixel grids with explicit spatial adjacency,
whereas point clouds consist of irregularly distributed points without fixed neighborhood
structures. Therefore, conventional image-based operations cannot be directly applied to
point clouds. Moreover, multi-temporal point clouds usually exhibit variations in point
density, incomplete observations caused by occlusion, and residual geometric misalignment
caused by registration errors, which also introduce uncertainty into spatial correspondence.
Traditional 3D change detection (3D CD) methods typically rely on measuring distances be-
tween point clouds in Euclidean space to detect changes. These methods analyze geometric
differences between point clouds, including point-based, voxel-based, and object-based
approaches. Point-based methods detect changes by calculating spatial position differ-
ences between corresponding points [8,9]. Voxel-based methods rasterize point clouds into
voxel grids and detect changes by comparing voxel occupancy [10]. Object-based methods
segment point clouds into objects and detect changes by analyzing geometric differences
between these objects [11]. While these methods can effectively detect changes, they face
challenges in handling noise, sparse sampling, and occlusions, especially when detecting
subtle changes in complex environments.

In recent years, with the rapid development of deep learning technologies, researchers
have attempted to use neural networks to automatically extract spatial and geometric fea-
tures, enabling more robust and efficient change detection [12,13]. By learning hierarchical
representations and capturing spatial context in an end-to-end manner, these methods have

https://doi.org/10.3390/rs18162647

https://doi.org/10.3390/rs18162647


Remote Sens. 2026, 18, 2647 3 of 21

significantly improved both accuracy and generalization in complex environments, making
deep learning the dominant approach for 3D CD.

Despite this progress, several challenges remain. First, at the data-processing level,
the vast majority of methods [14] rely on random subsampling to reduce data redundancy
during training. These approaches fail to prioritize retaining the ambiguous yet critical
points along the boundaries between changed and unchanged regions [15]. Second, at the
feature extraction level, conventional networks often do not explicitly leverage strong
geometric priors inherent in the data, such as the structure of object edges. Lacking both
critical input samples and a model architecture guided by geometric structure, the resulting
feature representations struggle to learn robust, temporally consistent features, which are
essential for accurate change detection.

Moreover, many existing methods fail to fully exploit the differential information
between bitemporal point clouds, resulting in limited sensitivity to subtle or small-scale
geometric variations. In contrast, in 2D CD, many methods have effectively addressed
boundary localization and the utilization of differential information [16–18], successfully
handling noise and detecting subtle changes. However, in 3D CD, these issues have not
been sufficiently explored, which limits the sensitivity and accuracy of existing methods
when detecting fine or small-scale geometric variations.

Our model is guided by geometric features from change-unchange boundaries and
object edges. By explicitly incorporating these geometric structures into the sampling
and feature learning processes, GSANet is designed to be aware of both change-related
transitions and intrinsic object geometries. These geometric cues provide informative
guidance for feature learning, enabling the network to learn robust spatial representations
that are less sensitive to noise and viewpoint variations. By anchoring the feature-learning
process on these reliable geometric cues, our approach naturally enhances cross-temporal
consistency and ultimately achieves superior accuracy in 3D point cloud change detection.
Extensive experimental results on the Street-Level Point Cloud Change Detection dataset
and a urban dataset, together with comprehensive ablation studies, demonstrate that our
method achieves superior performance against state-of-the-art approaches.

Our contributions can be summarized as follows:

(1) To leverage boundary priors between changed and unchanged regions, we propose a
dual mechanism of Boundary-Aware Subsampling and Boundary-Aware BCE Loss.
The former efficiently reduces point cloud redundancy while preferentially preserving
boundary points. The latter amplifies the learning signal from these boundary points
by assigning them greater weight during optimization.

(2) We propose a novel Edge-Aware Siamese Network architecture that systematically
embeds geometric edge priors. The network integrates Edge-Aware Adaptive Graph
Convolution and sampling to extract structurally robust features, and is introduced
with a Difference Enhancement Module to specifically amplify temporal feature con-
trast, boosting sensitivity to subtle changes.

2. Related Work
2.1. Point Cloud Sampling

Point cloud sampling is a crucial step in point cloud processing, with the core goal
being to extract a representative subset from dense point clouds while preserving key
geometric information and significantly reducing computational complexity. To satisfy
constraints regarding GPU memory and computational efficiency, point clouds are typically
subsampled before being fed into neural networks. In this research area, traditional non-
learning-based methods have been widely adopted due to their simplicity and efficiency.
Among them, Farthest Point Sampling (FPS) [19] iteratively selects the points farthest from
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the already selected subset, effectively ensuring spatial coverage and uniformity of the
sampled subset. As a result, FPS has been incorporated as a downsampling module in many
classic networks, such as PointNet++ [20] and PointConv [21]. Random Sampling (RS),
on the other hand, is highly computationally efficient and has become the preferred choice
for processing large-scale point clouds, widely used in methods like RandLA-Net [22]. FPS
and RS are also widely employed for downsampling within network architectures.

With the advancement of deep learning, recent research has shifted towards task-
driven, learning-based downsampling methods, which aim to adaptively evaluate point
importance based on specific task objectives. S-Net [23] processes the original point cloud
with an MLP and directly outputs a simplified point set, which is optimized through
backpropagation to suit the task requirements. SampleNet [24] builds on this by introducing
a projection step, which constrains the generated points to the k-nearest neighbors in
the original point cloud to enhance their representativeness. LightTN [25] incorporates
attention mechanisms to improve sampling performance, while APES [26] extracts edge
points by calculating local attention values within the point cloud.

However, these approaches are mainly designed for common tasks like classification
or segmentation and rarely emphasize information of change-unchange boundaries and
object edges, which are particularly critical for change detection.

2.2. Structure-Based Point Cloud Methods

In the field of 3D point cloud analysis, leveraging structural information in point
clouds has been demonstrated to significantly enhance performance across a range of core
tasks. For instance, PointSCNet [27] employs space-filling curves to guide sampling and
fuses structure and correlation information, effectively capturing local geometric structures
in point clouds and achieving superior performance, indicating that explicitly modeling
structural cues leads to more discriminative representations. GPSFormer [28] integrates
global perception with local structure fitting mechanisms in a Transformer framework,
encoding both global context and local geometric relationships. Adaptive spatial structure
graph transformer [29] dynamically adjusts structural weights between points to better
capture edge and contextual information, resulting in significant improvements in complex
scene segmentation. SAPCNet [30] explicitly incorporates global structural constraints to
more accurately recover missing regions, highlighting the key role of structure preservation
in geometric reconstruction.

Although these studies make full use of structural information to enhance feature
learning in classification, segmentation, detection, and reconstruction tasks, existing point
cloud change detection methods predominantly focus on comparing geometric differences
between bi-temporal point clouds and lack systematic modeling of structural information.
This limitation results in performance bottlenecks when identifying complex scene changes
or subtle structural alterations.

2.3. Deep Learning-Based 3D CD Methods

In the early research, some of the methods were used to detect changes by converting
the point clouds into 2D images with the help of convolutional neural networks (CNN).
Zhang et al. [31] combined a multi-modal point cloud with an orthophoto image into a CNN
network to extract the change information. However, this method loses the spatial structure
in the original point cloud, which limits the ability of three-dimensional representation.

In order to more fully utilize the structural information of point clouds, a large num-
ber of studies in recent years have focused on point-level deep learning models, such as
PointNet [32], PointNet++ [20], PointMLP [33], PointConv [21], DGCNN [34], and KP-
Conv [35]. Therefore, some researchers have also started to focus on point-level deep
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learning 3DCD models, which capture the changes of 3D scenes by directly processing
point cloud data. For example, De Gélis et al. [13] proposed a KPConv-based Siamese
network that detects multi-class semantic changes by analyzing feature differences between
neighboring point pairs. Wang et al. [14] introduced a local feature aggregation module to
achieve end-to-end point-level change detection in street-scale point clouds. Zhan et al. [36]
proposed a Prior Knowledge-Guided 3D Change Detection Network, which explicitly
incorporates prior knowledge to enhance the model’s ability to discriminate real changes,
addressing real-world challenges such as registration errors and semantic class imbalance
in multi-temporal point clouds. To further tackle these issues, Zhang et al. [37] introduced
a Multi-task Enhanced Cross-temporal Point Transformer Network, which simultaneously
performs semantic segmentation and change detection to improve robustness and accuracy.
Unlike the methods described above, our model utilizes geometric features from change
boundaries and object edges to guide feature learning, generating more robust spatial rep-
resentations. This feature-learning process, anchored in reliable geometric cues, enhances
cross-temporal consistency and the accuracy of 3D point cloud change detection.

3. Method
The framework of our proposed GSANet method is shown in Figure 1. GSANet

is an end-to-end two-branch siamese network, which consists of four main components:
(1) Boundary-Aware Subsampling (BAS) strategy; (2) Edge-Aware Siamese Network; (3) Dif-
ference Enhancement Module (DEM); and (4) Boundary-Aware Binary Cross-Entropy
(BA-BCE) loss. Specifically, BAS first preserves informative points located near change-
unchange transitions during input preparation, preventing critical boundary information
from being discarded. Then, the Edge-Aware Siamese Network exploits intrinsic object
geometric structures to learn robust spatial representations. During hierarchical feature ex-
traction, EA-DS and CA-US maintain structural consistency while reducing computational
redundancy. Finally, DEM explicitly enhances temporal feature discrepancies, improving
the discrimination of subtle changes. Through this sequential process, GSANet integrates
geometric priors from input selection, feature learning, and temporal comparison. The
details of each part are described in the following.
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Figure 1. The architecture of GSANet, which employs a two-branch architecture with shared weight.

3.1. Boundary-Aware Subsampling

In this work, boundary refers to the transition regions between changed and un-
changed points, where neighboring points have different change states and the localization
of changes becomes ambiguous. Such regions contain important semantic information for
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change detection but are easily discarded during point cloud sampling due to their limited
spatial proportion. To address the issues of blurred boundaries and imprecise localization
between changed and unchanged regions, we propose the Boundary-Aware Subsampling
(BAS) strategy, which reduces redundancy in the original point cloud data while pref-
erentially preserving points located near change-unchange transition regions. The first
step involves utilizing ground truth to divide all points of each sample into two sets: the
boundary set ΩB and the non-boundary set ΩNB, using the KNN algorithm. Specifically,
each point in the point cloud data is taken as the center point pi, and the KNN algorithm is
used to find its KB nearest neighbors. If the label of the center point pi and the labels of
all its nearest neighbors pij are the same, then pi is assigned to the non-boundary set ΩNB.
Otherwise, if any of the nearest neighbors has a label different from that of the center point,
pi is assigned to the boundary set ΩB. An illustration is shown in Figure 2. Here, for KNN,
KB is set to 16, and further experimental analysis of this parameter is presented in Section 4.

Non-Boundary Set WNB

Boundary PointNon-Boundary Point

Boundary Set WBNon-Boundary Set WNB

Boundary PointNon-Boundary Point

Boundary Set WB

Figure 2. Examples of boundary and non-boundary points.

Next, we proceed to select boundary and non-boundary points. Given a subsampling
number SN = 8192 and selection ratio η = 0.2, we randomly select 8192 points from each
sample, 20% of which are randomly selected from boundary points and the remaining 80%
are randomly selected from non-boundary points. This selection process can be represented
by Equations (1) and (2).

XB = R(ΩB, min(|ΩB|, η × SN)) (1)

XNB = R(ΩNB, SN − |XB|) (2)

where R(Ω, s) represents randomly selecting s points from the set Ω and | · | denotes the
number of elements in the set.

The logical explanation of min(·) operation is that we first select at most ⌊η × SN⌋
points from the boundary set ΩB. If |ΩB| is less than ⌊η × SN⌋, select all boundary points.
Then, supplement the remaining points SN − |XB| from the non-boundary set ΩNB to
ensure that the total point number of each sample is SN. The SN is set to 8192 based on the
method [14]. Through ablation analysis, the author verified that selecting 8192 points per
sample is the optimal balance between performance and resource usage.
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3.2. Edge-Aware Siamese Network

Unlike boundary information that describes semantic transitions between changed
and unchanged regions, the edge represents intrinsic geometric discontinuities within point
clouds, such as abrupt variations in object shapes, surface orientations, or local spatial distri-
butions. As shown in Figure 3, the proposed Edge-Aware Siamese Network mainly consists
of three components: Edge-Aware Adaptive Graph Convolution (EA-AGConv), Edge-
Aware Downsampling (EA-DS), and the Cross-Attention Upsampling (CA-US) module.
Specifically, the EA-AGConv module is responsible for adaptively capturing local geometric
structures and enhancing edge-aware feature learning by integrating edge-aware attention
into graph convolution. The EA-DS module leverages the learned structural correlations to
guide the downsampling process, preserving geometrically significant (edge) points and
enabling multi-scale feature representation. Finally, the CA-US module reconstructs de-
tailed non-edge geometric features that were lost during downsampling and progressively
restores the original point cloud size via a cross-attention mechanism, ensuring structural
completeness and feature consistency between the two temporal branches.
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îjte

KNN

Repeat Softmax

V

K

Q

(B × C × N)

(B × C × N)

hi

KNN

Repeat Softmax

V

K

Q

Compute σi

Sort{σ1,...,σN} 

Selcet TopM  

M

Index

(B × C × N)
(B × C × M)

Softmax

Q

K

V

 Skip 

Connection

 Last Layer

(B × C × N)

(B × C × M)

(B × C × N)

(B × C × N)

(c)

(d)

.

Figure 3. Details of the Edge-Aware Siamese Network. (a) Edge-Aware Adaptive Graph Convolution.
(b) Edge-Aware attention. (c) Edge-Aware Downsampling. (d) Cross-Attention Upsampling.

3.2.1. Edge-Aware Adaptive Graph Convolution

To enhance the local structure modeling capability and geometric edge perception of
point clouds, based on the Adaptive Graph Convolution (AGConv) [38], we propose Edge-
Aware AGConv, which integrates an edge-aware attention mechanism with AGConv, en-
abling the network to adaptively aggregate local geometric structureal information during
feature extraction. Specifically, for an input point cloud P = {pi | i = 1, 2, . . . , N} ∈ RN×3,
we first use the KNN algorithm to find KN local neighbors. For each center point pi,
the correlation between it and its neighbors pij is computed as follows:

mi = softmax

(
Q(fi)K(fij − fi)

⊤
√

d

)
(3)

where Q(·) and K(·) are linear layers, and d is the feature dimension. The correlation map
mi measures the consistency between the center point and its neighbor point. Points in
structural transition regions tend to show larger feature variations and thus receive higher
attention weights.

fstr
i = miV(fij − fi) (4)

f
′
i = fi + fstr

i (5)
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where Q(·) is a linear layer. The edge-aware attention explicitly captures local geometric
variations. The enhanced feature f

′
i is then processed by the Adaptive Graph Convolution.

Unlike fixed kernels, the convolution weights are dynamically generated based on feature
and spatial differences:

∆fij = [f′i; f′ij − f′i] (6)

êijt = gt(∆fij) (7)

where [·; ·] is the concatenation operation and t = 1, 2, ..., T indicates one of the T output di-
mensions; gt(·) denotes a MLP layer used to produce adaptive convolution kernels. The ker-
nel interacts with the spatial offset ∆pij = [pi, pij − pi] to generate edge-adaptive features:

hijt = RELU
〈
êijt, ∆pij

〉
(8)

Finally, we use max-pooling to aggregate the neighborhood edge features to obtain
the output features hi of the center point pi.

3.2.2. Edge-Aware Downsampling

After the Edge-Aware AGConv, we obtain the feature hi for each center point pi; it is
then downsampled to construct a hierarchical representation and improve computational
efficiency. This operation enables the network to capture multi-scale contextual information
while reducing redundancy. Traditional random point sampling or farthest point sampling
tends to lose critical edge points. To address this, we exploit the correlation map mi from
the Edge-Aware attention to quantify the geometric significance of each point. Edge points
typically exhibit larger standard deviations σi = std(mi) in their correlation distributions,
indicating more intense local feature variation [26]. During downsampling, we prioritize
points with higher σi:

Pdown = TopM(σi | i = 1, 2, . . . , N}) (9)

where Pdown is the set of points after downsampling containing M points, and TopM refers
to the selection of the top M points with the larger standard deviation σi.

3.2.3. Cross-Attention Upsampling

The Cross-Attention Upsampling Module is designed to restore the downsampled
point clouds to its original number. Since the downsampling process primarily retains
edge points, the upsampling layer must effectively reconstruct the information of non-edge
points that were discarded during downsampling. We employ a cross-attention mechanism
Attc(·) to guide the recovery process based on the relationship between the downsampled
features and the residual features:

Pup = Attc(Qres, Kdown, Vdown) (10)

where Kdown and Vdown are features of the last layer, and Qres is the residual features of
the downsampling process. This design enables the network to learn the mapping between
preserved and missing points, effectively restoring geometric details.

3.3. Difference Enhancement Module

The details of the Difference Enhancement Module (DEM) are shown in Figure 4. DEM
is designed to enhance the difference information between bi-temporal point clouds, thus
improving the discrimination of the change regions.
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AvgPool

MaxPool

M
L

P

(B × C × N)

Sigmod

Ai
(B × C × 1)

(B × C × N)

Figure 4. Details of the Difference Enhancement Module.

Firstly, the bi-temporal feature vectors ft1
i and ft2

i of point pi are fed into the DEM to
obtain the feature difference map Di as:

Di = |ft1
i − ft2

i | (11)

Next, we extract the channel context using global average pooling and maximum
pooling. The pooled values are passed through the shared MLP layer to generate the
channel attention weights, which are calculated using the Sigmoid activation function. This
process is described as follows:

Ai = σ
(
MLP(PoolAvg(Di)) + MLP(PoolMax(Di))

)
(12)

where Ai denotes the obtained attention map after the channel attention operation.
PoolAvg(·) and PoolMax(·) refer to the average-pooling and max-pooling operations, respec-
tively. σ(·) stands for the Sigmoid function. Afterwards, we enhance the original features
of the bi-temporal point clouds using the channel attention weights as follows:

f̂t1
i = A · ft1

i + ft1
i , f̂t2

i = A · ft2
i + ft2

i (13)

Finally, the enhanced bi-temporal features f̂t1
i and f̂t2

i with the improved discrimination
of the changing regions are provided to the subsequent modules.

3.4. Boundary-Aware BCE Loss

In 3D point cloud change detection tasks, the boundary between changed and un-
changed regions is often difficult to identify but is crucial. To further address this, we
utilize the boundary points ΩB identified in the Boundary-Aware Subsampling stage and
design a Boundary-Aware Binary Cross-Entropy (BCE) Loss. By assigning higher weights
to these boundary points, the network is encouraged to focus more on the boundary re-
gions during training, helping the model concentrate on the subtle differences between
changed and unchanged areas, thereby improving the accuracy of boundary detection.
The Boundary-Aware BCE Loss is defined as Equations (14)–(16)

LBCE = −[yi log(p(ŷi)) + (1 − yi) log(p(ŷi)] (14)

wi =

λ if pi ∈ ΩB

1 if pi /∈ ΩB
(15)

LBABCE = Wt1LBCE(y
t1
i , ŷt1

i ) + Wt2LBCE(y
t2
i , ŷt2

i ) (16)

where yi is the true label, 0 indicates no change, and 1 indicates change. p(ŷi) is the
probability of the predicted class by the model, calculated through the Sigmoid function.
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W = {ωi | i = 1, 2, . . . , SN}, SN denotes the subsampling number of each sample. If the
contribution of the boundary points to the loss is too large, the model may tend to over-
adjust the output in these regions. To prevent the model from overfitting the details of the
boundary regions, we set λ = 2. The superscripts t1 and t2 represent the two branches at
temporal one and two, respectively.

4. Experiment
4.1. Dataset
4.1.1. SLPCCD Dataset

The Street-Level Point Cloud Change Detection (SLPCCD) dataset [14] is established
for the detection of changes in point clouds at the street level, including colored point
clouds acquired in 2016 and 2020 using vehicle-mounted LiDAR sensors, with each point
represented by a six-dimensional vector [x, y, z, r, g, b]. Following [14], each original point
input contains only a three-dimensional vector [x, y, z] of coordinates. The SLPCCD dataset
classifies the changed objects into two types: ‘Removed’ objects that only exist in the earlier
point clouds and ‘Added’ objects that are newly included in the later scans. The dataset
provides 621 pairs of labeled samples, among which 398 pairs are used for training, 95 pairs
for validation, and 128 pairs for testing.

4.1.2. HKCD Dataset

The HKCD dataset is constructed from multi-temporal photogrammetric point clouds
in the Kowloon area of Hong Kong, covering approximately 8.1 km2 with a total of about
128 million points, featuring high spatial resolution and strong realism. The dataset takes
bi-temporal point cloud pairs as input and adopts a point-wise binary labeling scheme,
where each point is annotated as changed or unchanged, covering various urban objects
such as buildings, terrain, vegetation, vehicles, and street facilities. The annotations
are generated through a combination of point cloud registration, automatic screening,
and manual refinement, with unchanged points accounting for nearly 90% of the dataset.

4.2. Implementation Details

For our method, we set the epochs as 40 and the batch size as 8. The initial learning
rate lr = 1 × 10−3, and then lr is decayed to 0.95 × lr. The model is trained with the
Adam optimizer with momentum 0.9 and weight decay 5 × 10−3. All experiments are
conducted on an Ubuntu system with Python 3.7, PyTorch 1.11.0, CUDA 11.7, and an
NVIDIA RTX3090Ti GPU with 24 GB of memory. We use KNN to find the neighborhood
points; the KN value is set to 4.

Metrics

Three widely used measures, Intersection over Union (IoU), mean IoU (mIoU),
and Overall Accuracy (OA), are adopted as criteria to evaluate the performance of the
different methods.

OA =
TP + TN

TP + FP + TN + FN
(17)

IoU =
A ∩ B
A ∪ B

(18)

mIoU =
1
n

n

∑
i=1

IoUi (19)

In addition to IoU, mIoU and OA to evaluate the performance, we measure the
complexity of different models using the number of parameters (Params) and floating-
point operations (FLOPs).
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4.3. Comparison with SOTA Methods
4.3.1. Comparison Methods

To verify the effectiveness of our proposed method, we selected nine 3D CD methods
for comparison. These include three methods specifically designed for 3D change detection
(3DCDNet [14], PGN3DCD [36], and Ms-DANet [12],) and six methods adapted from other
tasks. The first five (PointNet [32], PointNet++ [20], PointMLP [33], PointConv [21], and
DGCNN [34]) are general-purpose point cloud feature learning networks. The proposers of
3DCDNet modified the original methods and applied them to the 3D CD task [14]. For the
sixth, APES [26], whose edge sampling inspired our work, we modified the original se-
mantic segmentation into a Siamese architecture with an added Nearest Feature Difference
(NFD) module. It should be noted that the proposed BAS strategy is only employed during
the training stage to guide the network to focus on boundary regions. Because there was
no change map label, we replace BAS with the RS during the test stage.

The performance metrics for each comparison method were obtained as follows.
Because the source code was not provided, PointNet, PointNet++, PointMLP, PointConv,
and DGCNN are cited directly from the 3DCDNet paper [14]; Ms-DANet is taken from its
publication [12]. We generated results for 3DCDNet using its official pre-trained weights.
The results for PGN3DCD and our adapted version of APES were produced by reproducing
their work from the official source code.

4.3.2. Quantitative Analysis

As shown in Table 1, our proposed GSANet outperforms all nine compared meth-
ods across key metrics, including mIoU, OA, and class-specific IoU. A detailed analy-
sis is provided from the perspectives of sampling strategy, overall performance, and
computational complexity.

Table 1. Comparison of different methods on the SLPCCD dataset.

Method Subsampling Downsampling Upsampling
IoU (%) mIoU OA Flops Params

Unchanged Remove Add (%) (%) (G) (M)

PointNet [32] RS RS Interpolation 89.26 25.13 29.64 18.10 89.67 19.21 3.54
PointNet++ [20] RS RS Interpolation 94.80 47.86 60.00 67.55 95.09 3.82 1.89
PointMLP [33] RS RS Interpolation 91.85 46.74 39.64 59.41 92.32 15.05 16.74
PointConv [21] RS RS Interpolation 90.93 16.13 19.51 42.16 91.01 20.67 7.50
DGCNN [34] RS RS Interpolation 93.76 43.73 49.40 62.30 94.07 26.20 1.00

APES [26] RS EA-DS CA-US 96.15 65.58 68.93 76.89 96.43 58.54 8.26
3DCDNet [14] RS RS Interpolation 95.52 63.46 64.37 74.75 95.85 91.76 6.30

PGN3DCD [36] RS RS Interpolation 96.67 74.58 75.25 82.17 96.97 / /
Ms-DANet [12] RS RS Interpolation 96.88 73.54 75.50 81.97 97.14 106.31 6.37

GSANet (Ours) BAS EA-DS CA-US 97.06 75.47 76.08 82.87 97.30 63.15 8.94

Bold values represent the best-performing results among all compared methods.

• Analysis of Sampling and Processing Strategies. The comparison highlights fun-
damental differences in data processing strategies. Our GSANet is the only method
to employ Boundary-Aware Subsampling (BAS), which is designed to preferentially
retain critical points along the boundaries of changed regions. In contrast, all other
methods rely on conventional Random Subsampling (RS), which risks losing these
vital details. Furthermore, GSANet and APES both utilize advanced Edge-Aware
Downsampling (EA-DS) and Cross-Attention Upsampling (CA-US) to better pre-
serve and reconstruct structural information. This contrasts with the simpler random
downsampling and interpolation-based upsampling used by most other baselines,
providing a stronger foundation for feature learning.
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• Performance Comparison. Our GSANet achieves the highest mIoU of 82.87% and the
best OA of 97.30%. Compared with methods specifically designed for 3D change detec-
tion, GSANet shows significant improvements. It outperforms 3DCDNet, PGN3DCD,
and Ms-DANet by 8.12%, 0.70%, and 0.90% in mIoU, respectively. The improvements
in OA are 1.45%, 0.33%, and 0.16% over the same methods. The results also reveal
the limitations of adapting generic point cloud networks for 3D CD. The first five
baselines (PointNet to DGCNN) yield relatively lower performance. Notably, APES,
although not a dedicated 3D CD method, achieves a strong mIoU of 76.89% by lever-
aging edge-structure information. Its performance significantly exceeds the other five
non-dedicated methods and is even superior to the purpose-built 3DCDNet.
The most direct comparison is with APES, which shares our mechanism of utilizing
edge information and employs the same advanced downsampling/upsampling mod-
ules. Despite these similarities, our GSANet achieves a remarkable 5.98% higher mIoU.
This substantial gain can be attributed to several key innovations in our architecture:
the Boundary-Aware Subsampling strategy (vs. RS in APES), the more powerful
Edge-Aware Adaptive Graph Convolution, the integration of a Difference Enhance-
ment Module for explicit feature interaction, and the targeted Boundary-Aware BCE
Loss function.
Table 2 reports quantitative results of all comparison methods on the HKCD urban
dataset. GSANet (Ours) achieves the optimal mIoU and OA. Our GSANet achieves
the highest OA of 90.42% and the best mIoU of 57.45% on the HKCD urban dataset,
surpassing all nine competing state-of-the-art approaches. Compared with special-
ized 3D point cloud change detection algorithms, GSANet delivers consistent and
notable performance gains. It outperforms 3DCDNet, APES, and PGN3DCD by 4.25%,
3.01%, and 1.98% in OA, respectively. For the mIoU metric, our method exceeds
3DCDNet by 8.12%, APES by 5.12%, and PGN3DCD by 0.34%. Class-wise IoU results
further demonstrate the superiority of our approach: GSANet obtains the highest
IoU for the Add category (89.73%), and competitive IoU scores of 41.33% for Un-
changed and 41.28% for Remove classes, balancing detection accuracy across all three
semantic categories.

• Complexity Analysis. In terms of computational complexity, GSANet strikes an
effective balance between performance and efficiency. With 63.15 GFlops and 8.94 M
parameters, our model is significantly more efficient than top-performing competitors
such as 3DCDNet (91.76 GFlops) and Ms-DANet (106.31 GFlops). While it is more com-
putationally intensive than lightweight models such as PointNet++, the substantial
improvement in accuracy justifies the moderate increase in complexity. The complex-
ity of PGN3DCD is not reported, as its authors present it as a modular enhancement
applicable to various backbones and provide no specific complexity analysis in the
original or subsequent work.

Table 2. Comparison of different methods on HKCD dataset.

Method Subsampling Downsampling Upsampling
IoU (%)

OA (%) mIoU (%)
Unchanged Remove Add

PointNet [32] RS RS Interpolation 15.48 10.47 78.54 79.20 34.83
PointNet++ [20] RS RS Interpolation 21.23 28.10 86.24 86.93 45.22

DGCNN [34] RS RS Interpolation 25.40 15.14 80.21 81.14 40.25
APES [26] RS EA-DS CA-US 36.17 34.35 86.49 87.41 52.33

3DCDNet [14] RS RS Interpolation 30.82 31.93 85.24 86.17 49.33
PGN3DCD [36] RS RS Interpolation 41.23 41.51 88.59 88.44 57.11
GSANet (Ours) BAS EA-DS CA-US 41.33 41.28 89.73 90.42 57.45

Bold values represent the best-performing results among all compared methods.
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4.3.3. Qualitative Analysis

To provide insights beyond quantitative metrics, Figure 5 presents a qualitative com-
parison on the SLPCCD dataset. We visualize the results of our GSANet and three com-
petitors (APES, 3DCDNet, PGN 3DCD), whose predictions can be reliably generated using
their publicly available code or pre-trained models.
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Figure 5. Qualitative comparison of SLPCCD. All of the changed points in the 2016 columns represent
point clouds that were “removed” in 2016. All of the changed points in the 2020 columns represent
point clouds that were “added” in 2020. Red points represent changed regions, whereas blue points
represent unchanged regions.

Across scenarios, our method consistently produces change maps that are cleaner,
more complete, and more structurally coherent than those of competitors. For instance,
3DCDNet struggles with both sensitivity and completeness, as it entirely misses the small
added object (left column) and produces a highly fragmented detection for the large
removed structure (middle column). While APES and PGN3DCD are more effective at
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detecting changes, they frequently exhibit a high rate of false positives. This is evident in
their results, in which significant portions of unchanged structures, such as the ground
or existing flagpoles, are incorrectly flagged as changed, resulting in noisy and imprecise
boundaries. In contrast, our GSANet demonstrates a superior ability to precisely localize
changes—whether small additions or large removals—while effectively suppressing noise.
This visual evidence highlights the benefits of our boundary-aware and edge-aware design,
which yields a more robust and accurate feature representation that excels in complex,
real-world scenes.

Figures 6 and 7 provide qualitative comparisons on the HKCD urban dataset, visual-
izing predictions of GSANet, 3DCDNet, APES and PGN3DCD reproduced with official
open-source codes. Across local urban patches and large panoramic city scenes, our
GSANet generates cleaner, more complete change regions with precise structural contours
than all competitors. 3DCDNet suffers from incomplete detection and low sensitivity:
it misses large parts of added/removed structures in all scenes, producing fragmented
change boundaries. APES yields severe false negatives, leaving obvious hollow areas within
real continuous change zones, which explains its lower per-class IoU values. PGN3DCD
roughly captures the general range of changes yet introduces massive background false
positives, leading to noisy, jagged segmentation edges on unchanged roads and building
facades. In contrast, GSANet accurately localizes all scales of urban changes without
evident missing detection, while effectively suppressing background noise. Its predicted
change boundaries are smooth and highly consistent with ground truth. These visual
observations validate the superiority of our boundary-aware design, which builds robust
geometric feature representations for complex dense urban point clouds and achieves finer
segmentation in diverse city scenarios.

Figure 6. Visual comparison on the large-scale panoramic urban area of the HKCD dataset.

4.4. Ablation Studies
4.4.1. Model Analysis

To explore the influence of different factors on model performance, we conduct abla-
tion studies on the SLPCCD dataset and discuss these factors below.

• Baseline. We adopt random sample for downsampling, Nearest Neighbor Interpola-
tion for upsampling and conventional Adaptive Graph Convolution (AGConv) [38] for
feature extraction. The encoder–decoder structure and the Nearest Feature Difference
(NFD) module remain unchanged.

• AS1: The effect of Edge-Aware AGConv. On the basis of the baseline, we replace the
AGConv with Edge-Aware AGConv, while keeping the subsampling, upsampling,
and downsampling modules unchanged.
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• AS2: The effect of Edge-Aware Downsampling. Based on AS1, we further introduce
the Edge-Aware downsampling module, whereas the up-sampling strategy and other
network components remain unchanged.

• AS3: The effect of Cross-Attention Upsampling. On the basis of AS2, we additionally
incorporate the Cross-Attention upsampling module to enhance feature propagation
during decoding.

• AS4: The effect of the Difference Enhancement module. Based on AS3, we further
add the DEM module, while keeping the rest of the network unchanged.

• AS5: The effect of Boundary-Aware Subsampling (BAS). On the basis of AS4, we
replace the random subsampling strategy with the proposed BAS to evaluate its
contribution to boundary information preservation.

• AS6: The effect of BA-BCE Loss. Finally, based on AS5, we further introduce the
BA-BCE Loss to improve boundary-sensitive supervision.

APES3DCDNet PGN3DCD GSANet

T0

T1

T0

T1

Ground Truth

Figure 7. Qualitative comparison of change detection results on local scenes of the HKCD dataset.
Upper: corresponds to the gray-boxed region in Figure 6. Lower: corresponds to the green-boxed
region in Figure 6. Red regions denote changed areas, and blue regions denote unchanged areas.

The quantitative results of the above ablation studies are reported in Table 3. The Base-
line model achieves mIoU of 68.78% and OA of 94.76%. In AS1, we introduce the Edge-
Aware AGConv while keeping the rest of the network unchanged. This modification
leads to a noticeable performance improvement, increasing the mIoU to 70.11% and the
OA to 94.92%, indicating that Edge-Aware feature extraction benefits local geometric rep-
resentation. AS2 further incorporates the Edge-Aware Downsampling module on top
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of AS1. By explicitly preserving boundary-related structures during the downsampling
process, the mIoU is improved to 71.72%, with OA rising to 95.19%, demonstrating the
effectiveness of boundary-aware sampling in mitigating information loss. In AS3, we addi-
tionally introduce the Cross-Attention Upsampling module. This enables more effective
feature fusion during decoding, resulting in a significant performance gain, with mIoU
reaching 77.02% and OA increasing to 96.54%. Building upon AS3, AS4 incorporates the
Difference Enhancement Module. By strengthening cross-temporal feature contrast, DEM
further boosts the detection capability, raising the mIoU to 80.72% and OA to 96.83%,
which confirms its effectiveness in highlighting real change regions. In AS5, we replace
random subsampling with the proposed Boundary-Aware Subsampling, achieving an
mIoU of 82.00% and an OA of 97.13%, validating the importance of preserving boundary
points for accurate change detection. Finally, AS6 integrates the Boundary-Aware Binary
Cross-Entropy loss. With boundary-sensitive supervision, the model attains the best overall
performance, achieving an mIoU of 82.87% and an OA of 97.30%. This demonstrates that
the BA-BCE loss further enhances the network’s focus on boundary regions, resulting in
more accurate and reliable change detection.

Table 3. Quantitative results of the ablation study.

Ablation Study BAS
Edge-Aware Siamese Network

DEM BA-BCE Loss mIoU (%) OA (%)
EA-AGConv EA-DS CA-US

Baseline RS AGConv RS Interpolation Without BCE 68.78 94.76
AS1 RS ✓ RS Interpolation Without BCE 70.11 94.92
AS2 RS ✓ ✓ Interpolation Without BCE 71.72 95.19
AS3 RS ✓ ✓ ✓ Without BCE 77.02 96.54
AS4 RS ✓ ✓ ✓ ✓ BCE 80.72 96.83
AS5 ✓ ✓ ✓ ✓ ✓ BCE 82.00 97.13
AS6 ✓ ✓ ✓ ✓ ✓ ✓ 82.87 97.30

The symbol ✓indicates that the corresponding proposed module is adopted in the model, Bold values
indicate the best performance among all compared methods.

4.4.2. Edge Hyperparameters KE Analysis

In this paper, we design the Edge-Aware Adaptive Graph Convolution for point cloud
feature extraction. This module employs the KNN algorithm to identify neighboring points
for each point in the cloud, making the choice of the KE value a critical factor affecting
model performance. As shown in Table 4, the model achieves the best performance when
KE is set to 4. When KE is too small, the limited number of neighboring points makes it
difficult to construct complete local structural information. Conversely, when KE is too
large, too many irrelevant points may be included in the neighborhood, which reduces the
discriminability of edge features and negatively impacts feature extraction.

Table 4. Effect of the Edge Hyperparameter KE.

KE mIoU (%) OA (%)

1 79.28 96.29
4 82.87 97.30
8 82.63 97.28

12 81.39 96.94
16 80.15 96.76

Bold values represent the best results among all competing methods.
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4.5. Boundary-Aware Subsampling Analysis
4.5.1. Boundary Hyperparameter KB Analysis

In the boundary-aware subsampling strategy during training, we use the ground-truth
map (label 1 for changed, 0 for unchanged) to extract boundary points using the KNN
algorithm. If any nearest neighbor of each point pi has a different label, pi is treated
as a boundary point. The hyperparameter KB, which controls the neighborhood size,
is critical for the effectiveness of boundary detection between changed and unchanged
regions. As shown in Table 5, the model achieves optimal performance when KB = 16,
with performance degrading as KB deviates from this value. If KB is too small, the boundary
is confined to an overly narrow local area, potentially failing to capture the structural
transitions between regions and thus omitting critical boundary points. Conversely, when
KB is too large, the neighborhood incorporates too many distant, irrelevant points. This
influx of noise not only reduces the precision of boundary identification but also impedes
the model’s ability to learn discriminative boundary features.

Table 5. Effect of the Boundary Hyperparameter KB.

KB mIoU (%) OA (%)

1 80.74 96.78
4 80.89 96.89
8 82.06 97.23

12 82.17 96.97
16 82.87 97.30
20 78.52 96.72

Bold values represent the best results among all competing methods.

4.5.2. Boundary Point Proportion Analysis

Subsampling in point cloud change detection presents a critical trade-off between
computational efficiency and information fidelity. To further evaluate the effectiveness of
our proposed Boundary-Aware Subsampling (BAS) strategy, especially under varying point
densities, we conducted a comparative analysis against conventional Random Subsampling
(RS). We established five levels of point cloud density by setting the number of sampled
points (SN) to 8192, 6144, 4096, 2048, and 1024. Our method, GSANet, employs the BAS
strategy, while the baseline method, 3DCDNet, utilizes RS.

The results are presented in Figure 8, which comprises two key analyses. The left panel
illustrates the proportion of boundary points successfully retained by each subsampling
strategy. The right panel shows the direct impact of these strategies on the final change de-
tection performance, measured in mIoU (%). This dual analysis compellingly demonstrates
the superiority of our approach.

Analysis of Boundary Point Proportion highlights the stability and superiority of our
BAS strategy. Across all sampling densities, BAS consistently and significantly preserves a
higher proportion of boundary points compared to its random counterpart. Even in the
most sparse scenario with only 1024 points, BAS retains a substantial 3.3‰ of boundary
points. This robust performance stems from our strategy’s explicit prioritization of sampling
from the boundary set, thereby preserving this critical information. In contrast, RS showed
that the boundary point ratio drops sharply with the total point count, plummeting from
2‰ at 8192 points to 0.5‰ at 1024 points. This confirms that purely random subsampling
disproportionately discards the vital boundary points as the point cloud density decreases.

The disparity in boundary point retention directly translates into a significant gap
in final change detection performance, as shown in the right panel. Our GSANet (with
BAS) substantially outperforms the 3DCDNet baseline (with RS) across all tested condi-
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tions. Crucially, this performance gap widens as the point cloud becomes sparser. In the
sparest 1024-point setting, our method maintains a strong 68.47% mIoU, while 3DCDNet’s
performance degrades sharply to 50.75%. This widens the performance margin to 17.72%,
demonstrating that our model is more robust, especially in sparse point clouds. This
compellingly validates our central hypothesis: by retaining crucial boundary information,
BAS provides a higher-quality input that enables the network to learn more discriminative
features, leading to more accurate and reliable change detection.

Figure 8. Boundary-point retention ratio and change-detection performance under different sampling
point numbers.

5. Discussion
The experimental results substantiate the effectiveness of explicitly embedding geomet-

ric priors into the 3D point cloud change detection framework. In contrast to conventional
detectors that rely on random subsampling, GSANet introduces a Boundary-Aware Subsam-
pling (BAS) strategy alongside an Edge-Aware Siamese Network, jointly guiding the model
to preferentially retain points proximal to change–unchange boundaries while reinforcing
local shape structure encoding. This design proves particularly advantageous for handling
sparse point clouds, complex urban environments, and subtle geometric deformations.

From the perspective of computational efficiency, GSANet introduces additional
geometric modeling operations compared with relatively simple point-based networks.
However, these operations provide a favorable balance between detection accuracy and
computational cost. GSANet achieves higher detection performance while maintaining a
moderate model complexity, with 8.94M parameters and 63.15 GFLOPs. Compared with
some high-performing methods with larger computational requirements, GSANet does not
rely on substantially increased model size or expensive hardware configurations to achieve
performance improvements. Therefore, the proposed framework provides an effective
solution by improving geometric representation capability without introducing excessive
computational overhead.

Our analysis further highlights the critical role of the BAS strategy under varying point
densities. As the sampling budget decreases from 8192 to 1024 points, random subsampling
leads to a precipitous drop in boundary point retention from 2% to 0.5%. In contrast, BAS
consistently preserves over 3.3% boundary points across all tested densities. Consequently,
GSANet maintains a robust 68.47% mIoU under extreme sparsity, substantially surpassing
3DCDNet’s 50.75%. These results collectively confirm that explicit geometric prior model-
ing effectively counteracts information degradation due to data sparsity, offering a viable
pathway for reliable change detection in low-density point cloud scenarios.
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Despite these advantages, GSANet still has several limitations. First, although edge-
aware modules improve geometric feature representation, the additional geometric model-
ing operations may increase computational costs, which requires further optimization for
large-scale and real-time applications. Second, the current framework is mainly evaluated
on benchmark datasets, and further validation under more diverse real-world scenarios
with varying point densities, acquisition conditions, and registration qualities is still needed.
In future work, we will investigate more adaptive and lightweight geometric-aware strate-
gies to improve computational efficiency while maintaining detection accuracy. We also
plan to explore broader real-world applications and more flexible geometric structure
learning approaches to further enhance the practical applicability of GSANet.

6. Conclusions
In this paper, we propose GSANet: a Geometric Structure-Aware Siamese Network for

3D Change Detection, designed to address insufficient modeling of structural information and
inadequate exploitation of difference cues. Specifically, it employs boundary-aware sampling
and a boundary-weighted loss to focus learning on the transition regions between changed
and unchanged areas. Meanwhile, an edge-aware Siamese architecture (including Edge-
Aware Adaptive Graph Convolution, Edge-Aware Downsampling, and Cross-Attention
Upsampling) enhances geometric feature representation and cross-temporal consistency.
In addition, a difference enhancement module explicitly amplifies bi-temporal feature dis-
crepancies. The proposed framework demonstrates the effectiveness of integrating geometric
structures into 3D change detection and provides a more robust solution for capturing subtle
changes in irregular point clouds. Extensive experiments and ablation studies demonstrate
that each component contributes to performance improvements and that GSANet achieves
competitive performance compared with existing state-of-the-art approaches. A key finding
is that our method’s robustness is especially evident in limited point clouds. Most existing
methods employ random subsampling, which leads to a significant loss of critical boundary
information, particularly in sparse point clouds. Our BAS strategy directly counters this by
intelligently retaining these points, providing a more informative input to the network. This
enables GSANet to maintain high performance even with a limited number of points. In fu-
ture work, we will investigate more adaptive BAS strategies to further improve robustness
under extremely sparse or noisy point cloud settings. We also plan to evaluate GSANet in
broader real-world scenarios to further assess its practical applicability.
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