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Abstract

The effective segmentation of 3D data is crucial for a wide
range of industrial applications, especially for detecting sub-
tle defects in the field of integrated circuits (IC). Ceramic
package substrates (CPS), as an important electronic ma-
terial, are essential in IC packaging owing to their supe-
rior physical and chemical properties. However, the complex
structure and minor defects of CPS, along with the absence
of a publically available dataset, significantly hinder the de-
velopment of CPS surface defect detection. In this study, we
construct a high-quality point cloud dataset for 3D segmenta-
tion of surface defects in CPS, i.e., CPS3D-Seg, which has
the best point resolution and precision compared to exist-
ing 3D industrial datasets. CPS3D-Seg consists of 1300 point
cloud samples under 20 product categories, and each sam-
ple provides accurate point-level annotations. Meanwhile, we
conduct a comprehensive benchmark based on SOTA point
cloud segmentation algorithms to validate the effectiveness of
CPS3D-Seg. Additionally, we propose a novel 3D segmenta-
tion method based on causal inference (CINet), which quan-
tifies potential confounders in point clouds through Structural
Refine (SR) and Quality Assessment (QA) Modules. Exten-
sive experiments demonstrate that CINet significantly outper-
forms existing algorithms in both mloU and accuracy.

Code — https://github.com/Bingyang0410/CPS3D-Seg
Datasets — https://github.com/Bingyang0410/CPS3D-Seg
Extended version — https://arxiv.org/abs/2511.05853

Introduction

3D point cloud segmentation is vital in industrial condi-
tion monitoring, as it enables a comprehensive understand-
ing of the geometric structure and intricate characteristics
of each point. This capability is increasingly critical in the
high-end manufacturing sector of integrated circuits, where
precise defect detection and quality assurance are essential
for maintaining reliability and performance. Ceramic pack-
age substrates, known for their exceptional material proper-
ties such as high hardness, elevated elastic modulus, extreme
wear resistance, excellent electrical insulation, and superior
corrosion resistance, play a crucial role in the integrated cir-
cuits industry by ensuring the reliability and performance

*Corresponding Author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

4385

Point Clouds of
Realistic Product

Mesh Representation of
3D Design Template

Structural Data of
Realistic Product

Figure 1: The demonstration of discrepancies in the presen-
tation effect. The red oval box represents the missing stereo
data during the scanning process, and the yellow oval box
means the aggregation errors in the structuring process.

of electronic devices (Alias et al. 2010). However, manufac-
turing defect-free ceramic package substrates remains chal-
lenging, with common defects such as cracks, holes, bub-
bles, and stains compromising substrate quality and increas-
ing the likelihood of electronic equipment failure.

Existing research (Huang, Lin, and Liu 2022; Huang et al.
2021; Dahai et al. 2023) has made initial advances in de-
tecting surface defects in substrates, primarily relying on
2D image-based methods. While these 2D techniques have
shown some effectiveness, they inherently need more depth
information, making it difficult to accurately represent cir-
cuits’ vertical connectivity and the substrate surfaces’ pre-
cise topography. This limitation impedes the reliable detec-
tion and analysis of defects lying in the depth dimension of
the substrate. Recent advancements in 3D acquisition tech-
nologies, such as stereo cameras (Scharstein, Szeliski, and
Zabih 2001), structured light (Salvi et al. 2010), LiDAR
(Cai et al. 2024), and laser scanners (Son, Park, and Lee
2002), have provided a promising solution to this problem
by enabling the capture of complex 3D data. These tech-
nologies offer a comprehensive view of the ceramic package
substrates from multiple perspectives, allowing for a more
precise and detailed surface quality assessment. The integra-
tion of 3D data provides richer information, facilitating bet-
ter identification and characterization compared to 2D data.

Although several 3D point cloud datasets (Chen et al.



2023; Bergmann and Sattlegger 2023; Li et al. 2023;
Costanzino et al. 2023; Bergmann et al. 2022; Bonfiglioli
et al. 2022; Liu et al. 2023) are currently available for de-
fect detection, these datasets frequently exhibit substantial
differences when compared to ceramic package substrates.
Typical 3D datasets may include objects with relatively sim-
ple geometries and textures. In contrast, ceramic package
substrates feature highly intricate surface circuitry and com-
plex three-dimensional structures. The point cloud density
and accuracy required in integrated circuits are much higher,
making data acquisition more challenging. More publicly
available point cloud datasets tailored for integrated circuits
are needed to address this issue in this field.

To address the above problem, we present a high-
resolution point cloud segmentation dataset of ceramic pack-
age substrates, named CPS3D-Seg. Unlike previous 3D
datasets collected by RGB-D cameras or double CCD struc-
tured light, the point cloud data of CPS3D-Seg are all ob-
tained by high-precision line laser scanners Keyence LJ-
X8020. Specifically, we have built a data acquisition plat-
form that integrates four LJ-X8020s, ensuring accuracy and
data acquisition efficiency. Thanks to the improved perfor-
mance of the collection equipment, the point cloud density
and accuracy of the CPS3D-Seg dataset have significantly
improved. CPS3D-Seg offers 114K point clouds per object
with a point precision of 2.5 pum, which exceeds the current
highest precision dataset Real3D-AD (Liu et al. 2023) by an
order of magnitude. What’s more, we utilize CloudCompare
to accurately annotate each defect sample at the point level,
visually presenting concrete defect information.

Inspired by previous excellent datasets, we also construct
a comprehensive and large-scale benchmark to evaluate the
effectiveness of CPS3D-Seg. As part of the benchmark con-
struction, we perform qualitative and quantitative analysis
of the data and algorithms. Our research results indicate that
the application of specific preprocessing or structuring pro-
cedures may result in discrepancies in the presentation effect
due to the increased density and accuracy of point clouds. As
shown in Fig. 1, this can be summarized into two folds: 1)
The red oval box represents that the line laser may bring out
information missing during the scanning process due to its
angle of collection. The direct application of the point cloud
completion approach will yield imprecise data. ii) The yel-
low oval box means that aggregation errors in the structuring
process may combine certain defective and non-defective ar-
eas. By comparing these with the mesh representation of the
3D design template, the above issues become more apparent.

In essence, all the aforementioned concerns can be en-
capsulated as the intricacy of the point cloud. Inspired by
this discovery, we propose an innovative approach utiliz-
ing causal intervention into the formulation of point cloud
segmentation, which helps in discerning latent relationships
of high-resolution 3D data. Technically, we conduct a struc-
tural causal model to explain the potential effect process. In
response to the difficulty of measuring or observing the hid-
den confounder in this problem, we propose a causal inter-
vention approach that relies on back-door adjustment. Our
approach uses the CPS3D-Seg dataset for practical ’virtual’
interventions, rather than overly expensive ’physical’ inter-
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ventions such as changing the collection angle or repeating
the collection multiple times.
The primary contributions of this paper are as follows:

1. We construct a 3D surface defect segmentation dataset of
ceramic package substrates, named CPS3D-Seg, which
fills the gap in the IC field and surpasses existing datasets
in point cloud resolution and accuracy.

We propose a benchmark for 3D segmentation on
CPS3D-Seg, encompassing latest SOTA algorithms. This
benchmark evaluates the effectiveness of CPS3D-Seg.

3. We introduce a novel 3D segmentation method based
on structural causal model, which achieves causal infer-
ence by solving probabilities through learnable modules.
Comprehensive experimental results illustrate the supe-
rior efficacy of our approach.

Related Work

3D Industrial Segmentation Datasets. In recent years, the
importance of point cloud has increased in numerous fields,
such as manufacturing, autonomous driving, scene under-
standing, and others. Due to the privacy of industrial data,
there are currently only a small number of industrial seg-
mentation datasets available. MVTec 3D-AD (Bergmann
et al. 2022) is the first public dataset in this field, and it con-
tains over 4000 samples with single-view information ob-
tained from Zivid One Plus. This dataset encompasses sev-
eral industrial components, each category including typical
items in actual manufacturing while offering a wide range
of abnormalities. By using a handheld scanning device to
collect 360° data from the object, Real3D-AD (Liu et al.
2023) enhances the integrity and accuracy of the point cloud.
Moreover, Real3D-AD conducts a comprehensive bench-
mark which provides detailed experimental results and com-
parative references. In order to reduce the difficulty of data
collection, Eyecan-ai published a synthetic 3D dataset with
multiple multimodalities (Bonfiglioli et al. 2022), such as
such as RGB images, depth maps, and camera pose matri-
ces. Anomaly-ShapeNet (Li et al. 2024) offers an extensive
synthetic 3D point dataset designed explicitly for detection
tasks, significantly enhancing the sample size of the dataset.
This dataset comprises a range of difficulty samples, offer-
ing researchers a foundation for assessing and contrasting
different algorithms. However, significant constraints persist
in the accuracy of point clouds and the authenticity of data
sources within existing datasets, and there is no accessible
3D dataset to advance the study of integrated circuits.

3D Segmentation Methods. With the rapid develop-
ment of 3D sensor technology, point cloud segmentation has
played a crucial role in fields such as autonomous driving,
robot navigation, and surface detection. Deep learning has
achieved impressive performance improvements over tra-
ditional methods for 3D segmentation tasks. According to
the different architectures of the backbone, these methods
can be roughly divided into CNN-based methods, graph-
based methods, transformer-based methods, and mamba-
based methods. CNN-based methods (Charles et al. 2017;
Qi et al. 2017; Horwitz and Hoshen 2023; Wang et al. 2023;
Roth et al. 2022; Liu et al. 2023; Qian et al. 2022; Deng



et al. 2023; Peng et al. 2024) voxelize point cloud data to
adapt to existing 2D and 3D convolutional structures, but
it also brings about issues of computational complexity and
memory consumption. Graph-based methods (Wang et al.
2019b,a; Lin, Huang, and Wang 2020; Lei, Akhtar, and Mian
2020; Wei et al. 2023; Robert, Raguet, and Landrieu 2024)
can directly capture local and global structural information
in point cloud data, in order to more effectively capture
the dependency relationships between points and achieve
efficient segmentation. By introducing self-attention mech-
anism, transformer-based methods (Zhao et al. 2021; Wu
et al. 2022, 2024; Zeng et al. 2024; Wang 2023; Kolodi-
azhnyi et al. 2024) can capture long-range dependencies of
point cloud data on a global scale, enabling it to maintain ef-
ficiency and accuracy in processing large-scale point cloud
data. Mamba-based methods (Zhang et al. 2024; Han et al.
2024; Liu et al. 2024; Liang et al. 2024; Wang et al. 2024)
using state space model (SSM) have achieved both linear
complexity and the long-range context learning abilities in
point cloud data. However, the above methods do not have
specific designs for complex ceramic package substrate data.

_______ -
| (a) Collection equipment |— (b) LJ-X8020

=

Figure 2: (a) The collection equipment to capture point cloud
data. (b) The Keyence LJ-X8020 line laser scanner. (c) The
biaxial motion mechanism controls the line laser, scanning
from one corner of the sample and covering the full area.

Causal Inference. The goal of causal inference (Made-
lyn Glymour and Jewell 2016) is to quantify the causal rela-
tionship between variables, not just the correlation of statis-
tical data. There is an increasing prevalence of computer vi-
sion tasks (Grari, Lamprier, and Detyniecki 2022; Niu et al.
2021; Qi et al. 2020; Zhang et al. 2022, 2020) that lever-
age causal inference, enhancing traditional CNN’s perfor-
mance across multiple dimensions. To the best of our knowl-
edge, limited research has employed causal inference in the
field of 3D segmentation. D-S (Zhang et al. 2023) develops
a comprehensive causal inference methodology to achieve
multi-label segmentation of diverse objects from 3D point
clouds of tunnels. CausallPC (Huang et al. 2024) has de-
veloped a quantifiable method to eliminate the influence
of potential factors, substantially enhancing the adversar-
ial robustness of the prominent point cloud classification
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method. However, the structural causal model designed by
the above methods does not apply to 3D segmentation of
ceramic package substrates.

CPS3D-Seg Dataset

Data source. Previous 3D industrial datasets (Liu et al.
2023; Bergmann et al. 2022; Bonfiglioli et al. 2022; Li et al.
2024) are mostly built based on toy, model, or synthetic data,
which is not suitable for real industrial scenarios. To ensure
the authenticity of the data, both samples of CPS3D-Seg are
all from actual production lines. What’s more, we collected
20 different types of products to ensure data diversity.

Enlarged
defective area

Depth map

Defect sample

-

Figure 3: The concrete examples of CPS3D-Seg.

Collection Equipment. We employ high-resolution col-
lection equipment to acquire precise point cloud data, as
illustrated in Fig. 2. The collection equipment comprises
four LJ-X8020s, a dual-axis displacement mechanism, and
a movable placement platform. Four LJ-X8020s are fixed
below the dual-axis displacement mechanism through sheet
metal connectors, and the dual-axis displacement mecha-
nism is fixed to the movable placement platform by four
adjustable height brackets. What’s more, the control system
of the collection equipment is integrated into the movable
placement platform. Four LJ-X8020s, driven by a dual-axis
displacement mechanism, start scanning from a particular
corner of the sample and move in a zigzag pattern along the
platform until it covers all the planes of the sample.

Data Processing. As each LJ-X8020 independently ac-
quires partial point cloud data, we register the four laser
heads using FRICP (Zhang, Yao, and Deng 2022). Subse-
quently, we integrate the data from each LJ-X8020 accord-
ing to the extrinsic parameters to provide a comprehensive
sample point cloud. Our collection equipment automatically
acquire high-precision data on a large scale in a brief amount
of time, which presents significant challenges for data stor-
age, transmission, and analysis. Consequently, we utilize 3D
grids (Lee, Woo, and Suk 2001) to eradicate many redundant
data points in dense point clouds.

Annotation. We pre-screen the defective areas of each
sample using a high-magnification microscope and then an-
notate these areas in the corresponding point cloud data. We



Dataset ‘ Object Category  Sample Number Point Resolution ~ Point Precision ~ Point Number  Type
MVTecAD-3D 10 3604 0.37 mm 0.11 mm 10K-20K Real
Eyecandies 10 15500 Not applicable ~ Not applicable  Not applicable ~ Syn
Real3D-AD 12 1200 0.04 mm 0.011 mm 35K-780K Real
Anomaly ShapeNet 50 1600 Not applicable ~ Not applicable 8K-30K Syn
CPS3D-Seg (Ours) | 20 1300 0.0025 mm 0.0003 mm 114K-812K  Real
Table 1: The comparison between different datasets.
followed the commonly used annotation tool CloudCompare (a) Structural Causal Model (b) Symbol

in point cloud segmentation task to implement this process.
As shown in Fig. 3, we display several defect samples and
enlarge the defective area to present more details.

Distribution of Defect Proportion

CPS3D-
Seg - . . . . . .
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Figure 4: The defect proportion statistics of different
datasets. CPS3D-Seg shows significant advantages in the de-
fect proportion area, which makes our dataset more applica-
ble and accurate in small defect detection.

Data Statistics & Comparison with Other Datasets. As
shown in Tab. 1, CPS3D-Seg consists of 1300 samples un-
der 20 different product categories, and the number of point
clouds in our dataset ranges from 114K to 812K, which is
the best compared with other dataset. Considering the diffi-
culty of data acquisition in the field of integrated circuits,
our dataset still surpasses dataset Real3D-AD (Liu et al.
2023), which is also based on industrial parts. Compared
with synthetic datasets (Eyecandies (Bonfiglioli et al. 2022)
and Anomaly ShapeNet (Li et al. 2024)), CPS3D-Seg ex-
hibits limitations in both quantity and categories, but it of-
fers more excellent practical research value due to the au-
thenticity of the point cloud. In addition, thanks to the su-
periority of the device, CPS3D-Seg has the best resolution
and precision. As shown in Fig. 4, we calculated the de-
fect proportion of each sample in CPS3D-Seg, Real3D-AD,
and Anomaly-ShapeNet. It can be clearly seen that the de-
fect proportion in our dataset is mostly concentrated in the
range of 0-0.01%, which is a leading advantage compared
to mainstream datasets, such as Real3D-AD and Anomaly-
ShapeNet. This indicates that our data can provide scenarios
for minor defect segmentation.

Methodology
Preliminaries

Recall in Fig. 1 that we illustrate the complexity confounder
can affect the representation and structured processing of
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Figure 5: (a) The proposed structural causal model for point
cloud. (b) The specific meaning of symbols.

point cloud data. We formulate the causalities among point
cloud X and labels Y, with a Structural Causal Model
(SCM). As illustrated in Fig. 5 (a) and (b), our SCM con-
sists of confounder C, structural data .S, point cloud X and
labels Y. All paths of SCM are as follow:

Direct path X — Y. The point cloud X directly affects
the label Y. This path indicates that specific features can be
directly derived from the point cloud and subsequently em-
ployed to predict labels. Intuitively, this can be interpreted
as critical information regarding object boundaries and cat-
egories that may be incorporated into point cloud data. This
information can be employed for 3D segmentation tasks
without requiring intermediate steps.

Indirect path X — S — Y. The point cloud X indi-
rectly affects the labels Y through structural data S. This
path denotes the point cloud data being first extracted into a
structural data representation S using Octree, Voxel, or oth-
ers, which is then used to predict labels Y. Compared to the
direct path, the indirect path can extract high-level features
from .S, making it easier to predict Y.

Confounder path X <+ C — S — Y. The confounder
C affects the point cloud X and structural data .S, affecting
the labels Y. Here, the confounder factor C represents the
complexity of the point cloud, which may include its den-
sity, noise level, and other factors. C affects the formation of
point clouds C' — X, as well as the generated structural data
C — S, ultimately affecting the labels Y. Consequently, C
introduces a non-causal path that requires further adjustment
to control this confounder.

Causal intervention by backdoor adjustment. Since C
is a confounder factor that affects X and S, and S is a medi-
ating variable from X to Y, we need to adjust C' to block the
backdoor path, but we should not adjust S because it is the
mediator of X’s impact on Y. We utilize conditional proba-
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Figure 6: The proposed point cloud via causal intervention.

bilities to represent the causal effects between variables:

P(Y|do(X = 1))=Y P(Y|X =2,C =c)P(C =)
) (1)

where the do-calculus is the causal intervention in
(Judea Pearl 2016), which help us eliminate the S-related
terms on X.

In order to achieve the backdoor adjustment process, we
make the following assumption:

Assumption 1: When S is a sufficient statistical measure
of X, S contains all the information related to Y in X. Given
S, Y is independent of X (Y LX | S).

Therefore, we can derive the following theorem:

Theorem 1: Under the causal graph in Fig. 5, suppose
the real-world point cloud data X can be represented by S.
The causal effect is transformed into the following equation:

P(Yl|do(X =z)) =
S > P(Y|S=5)P(S=5X =2,C=c)P(C=c)
c S (2)

In this task, we use P(Y|do(X = z)) as the new point-
level classifier. The complete proof for the theorem can be
found in the supplementary material.

The Proposed CINet

To prevent the detection process from overfitting to specific
hidden confounders, we propose a causal intervention net-
work (CINet) according to the SCM in Fig. 5 (a). As indi-
cated in Eq. 2, C' is a significant factor, and its solving pro-
cess will affect the final result. However, C' is unobservable
in the point cloud segmentation task. In order to virtually
evaluate P(c), we conduct an overall rating mechanism in-
cluding density, uniformity, and integrity of realistic point
cloud to approximately replace potential impacts, e.g.C' =
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¢; 1, where n is the data size in our dataset and ¢; represents
to the kernel density of each point cloud x. Specifically, we
develop three sub-modules, i.e., a quality assessment mod-
ule, a structural refinement module, and a mapping attention
detection module to maximize P(Y|do(X = x)) for point
cloud . The details of CINet are illustrated in Fig. 6.

Quality assessment module. For P(c), we utilize the
Gaussian Mixture Model (GMM) to capture different di-
mensions of measurement and information, <.e., density re-
flects the degree of concentration of points, uniformity re-
flects the consistency of point distribution, and integrity may
reveal the comprehensiveness of data. Individual eigenval-
ues may provide limited perspectives, but linking them as
vectors can reveal more macroscopic attributes.

Firstly, we use the kernel density estimation (KDE)
method to calculate the density of points in space. Sec-
ondly, we divide the point cloud into a uniform grid and
calculate the number of points in each grid. The smaller
the difference in the number of points in each grid, the
higher the uniformity. Thirdly, we measure the integrity of
point clouds by calculating the continuity of normal di-
rections and surface features. For each point cloud sam-
ple z;, we combine the above features to acquire ¢; =
(Cdensity,i; Cuniformity,i s ccompleteness,i)- The density function of
GMM can be formulated as:

K
P(c) = Z?‘(‘k - N(c|py, i) 3)
k=1

where K is the total number of Gaussian components in
the GMM model. 7, is the mixing coefficient of the K —
th Gaussian component, representing its contribution to the
overall model, and satisfying Zszl m = 1.

The specific form of Gaussian distribution in Fq. 3 is as
follows:

eXP(—%(C—N/@) X 1(0—1%))
(27)3] 34|

Nelpy, Zk) = “4)
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Figure 7: The visualization maps between different methods.

where |X| is the determinant of the covariance matrix,
(¢ — p;,)T is the transpose of the deviation between the
eigenvector and the mean, 2,;1 is the inverse of the covari-
ance matrix.

Then, we use expectation maximization (EM) method for
iterative solution. Firstly, we calculate the posterior prob-
ability of each data point for each Gaussian component
through E-step:

7 - N(cil g, i)
K
Ej:l Ty 'N(Cimja %)
where v, is the sample c¢; the probability of belonging to
the K — th component.

Then, we update the parameters of each Gaussian compo-
nent through M-step:

Yik = &)

N
= 21‘:1 YikCi
k= &N
22:1 Yik
N
n, = Zi:l Yir(c; — py)(c; — pk)T
k= N (6)
Zi:1 Yik
N
— Diz1 Yik
¥ N

By repeatedly performing these two steps until the model
converges, we can effectively replace the probability repre-
sentation of C' with the observed data features.

Structural refinement module. For P(S| X, C), we aim
to extract a group embedding to reorder the structure of each
point cloud z. Specifically, we initially employ the farthest
point sampling (FPS) to select n keypoints. Then, we use the
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K-Nearest Neighbors (KNN) algorithm to aggregate point
clouds around each keypoint,

Gi = point € x; | dist(point, key ;) < Thresholdx  (7)

where dist represents the distance between each point and
key point, Thresholdg is the maximum neighborhood dis-
tance threshold defined with K as the parameter. We can ac-
quire point group G; = {g1,...,9n}-

For each point group, we project the position into a stan-
dard embedding layer of Transformer:

e; = Linear(p;) =W -p; +b ®

The sums of the above point embeddings are fed into
the encoder to generate group embeddings E,;. The Trans-
former’s remarkable capacity helps us to model long-range
connections to capture intra-group dependencies.

Mapping attention detection module. Following the
pipeline of Eq. 2, we propose a mapping attention mecha-
nism to integrate the group embedding and the kernel den-
sity. Specifically, given the group embedding and kernel
density, we employ a 1 x 1 projection layer to map the fea-
tures into the same latent space. Then, we combine them via
matrix multiplication to acquire a weighted group embed-
ding. Due to the limited number of point clouds within dif-
ferent groups, it is not easy to characterize the overall char-
acteristics. Thus, we utilize global average pooling (GAP) to
integrate global information. Compared to fully connected
layers, GAP eliminates extensive connections and numerous
parameter computations while maintaining the significance
of various spatial positions in group embeddings. Following
the acquisition of global features, we propose a block includ-
ing a primary path and a residual path to enhance global rep-



| Average Metrics

| Normal Metrics

| Abnormal Metrics

Methods \ Publication & Year | mloU mAcc allAcc | iou Acc | iou Acc
CNN-Based
Pointnet (Charles et al. 2017) CVPR 2017 0.6342  0.6548 0.9896 | 0.9900 0.9980 | 0.2790 0.3110
Pointnet++ (Qi et al. 2017) NeurlPS 2017 0.7853 0.8556 0.9933 | 0.9930 0.9970 | 0.5770  0.7140
SPUNet (Choy, Gwak, and Savarese 2019) CVPR 2019 0.8093 0.8502 0.9946 | 0.9945 0.9984 | 0.6242  0.7020
PatchCore (Roth et al. 2022) CVPR 2022 0.8031 0.8376 0.9985 | 0.9932 0.9931 | 0.6129  0.6821
Pointnext (Qian et al. 2022) NeurIPS 2022 0.7794 0.8030 0.9940 | 0.9939 0.9990 | 0.5648  0.6070
BTF (Horwitz and Hoshen 2023) CVPR 2023 0.7684 0.7907 0.9931 | 0.9924 0.9912 | 0.5443  0.5901
M3DM (Wang et al. 2023) CVPR 2023 0.7068 0.7422 0.9912 | 0.9921 0.9932 | 0.4214 0.4912
Pointvector (Deng et al. 2023) CVPR 2023 0.7836 0.8124 0.9940 | 0.9939 0.9988 | 0.5732  0.6260
Reg3D-AD (Liu et al. 2023) NeurIPS 2024 0.7976  0.8416 0.9951 | 0.9940 0.9931 | 0.6012  0.6901
OACNN:S (Peng et al. 2024) CVPR 2024 0.7991 0.8380 0.9943 | 0.9942 0.9984 | 0.6039 0.6775
Graph-Based
DGCNN (Wang et al. 2019b) ACM TOG 2019 | 0.5547 0.5607 0.9886 | 0.9886 0.9990 | 0.1208  0.1224
GACNet (Wang et al. 2019a) CVPR 2019 0.7724 0.8065 0.9914 | 0.9910 0.9940 | 0.5530 0.6190
3D-GCN (Lin, Huang, and Wang 2020) CVPR 2020 0.7802 0.8406 0.9812 | 0.9891 0.9921 | 0.5712  0.6891
SPH-3D GCN (Lei, Akhtar, and Mian 2020) TPAMI 2020 0.7861 0.7912 0.9891 | 0.9902 0.9911 | 0.5819 0.5912
AGConv (Wei et al. 2023) TPAMI 2023 0.7837 0.8084 0.9902 | 0.9879 0.9877 | 0.5795 0.6291
SGC (Robert, Raguet, and Landrieu 2024) 3DV 2024 0.7995 0.8395 0.9945 | 0.9899 0.9889 | 0.6091  0.6901
Transformer-Based
PTV1 (Zhao et al. 2021) ICCV 2021 0.8009 0.8549 0.9941 | 0.9940 0.9978 | 0.6078  0.7120
PTV2 (Wu et al. 2022) NeurIPS 2022 0.8182 0.8613 0.9948 | 0.9947 0.9983 | 0.6417 0.7244
Octformer (Wang 2023) ACM TOG 2023 | 0.7893 0.8129 0.9943 | 0.9942 0.9991 | 0.5843  0.6268
PointNAT (Zeng et al. 2024) TGRS 2024 0.7973 0.8190 0.9913 | 0.9934 0.9902 | 0.6012 0.6477
OneFormer3D (Kolodiazhnyi et al. 2024) CVPR 2024 0.8118 0.8449 0.9933 | 0.9893 0.9899 | 0.6343  0.6998
PTV3 (Wu et al. 2024) CVPR 2024 0.8204 0.8682 0.9948 | 0.9947 0.9981 | 0.6461  0.7384
Mamba-Based
PCM (Zhang et al. 2024) Arxiv 2024 0.7472  0.7734 0.9963 | 0.9963 0.9985 | 0.4980 0.5641
Point-Mamba (Han et al. 2024) Arxiv 2024 0.6529 0.6881 0.9873 | 0.9872 0.9970 | 0.3186  0.3792
Mamba3D (Liu et al. 2024) ACM MM 2024 0.7271 0.7703 0.9891 | 0.9871 0.9914 | 0.4671  0.5491
PointMamba (Liang et al. 2024) Arxiv 2024 0.7494 0.7972  0.9912 | 0.9899 0.9931 | 0.5089 0.6012
PoinTramba (Wang et al. 2024) Arxiv 2024 0.7377 0.7920 0.9931 | 0.9902 0.9938 | 0.4851  0.5901
Ours | - | 0.8544 0.8997 0.9953 | 0.9989 0.9996 | 0.7098  0.7998

Table 2: The comparison results of different methods.

resentation, thereby mitigating feature redundancy and over-
fitting to provide compact and expressive representations.

Experiments
Benchmark & Comparison Construction

We have built a detailed and comprehensive benchmark
to evaluate the effectiveness of CPS3D-Seg dataset. This
benchmark covers classic and latest point cloud segmen-
tation algorithms from four different categories, such as
CNN-based methods (Charles et al. 2017; Choy, Gwak, and
Savarese 2019; Qi et al. 2017; Horwitz and Hoshen 2023;
Wang et al. 2023; Roth et al. 2022; Liu et al. 2023; Qian
et al. 2022; Deng et al. 2023; Peng et al. 2024), graph-
based methods (Wang et al. 2019b,a; Lin, Huang, and Wang
2020; Lei, Akhtar, and Mian 2020; Wei et al. 2023; Robert,
Raguet, and Landrieu 2024), transformer-based methods
(Zhao et al. 2021; Wu et al. 2022, 2024; Zeng et al. 2024;
Wang 2023; Kolodiazhnyi et al. 2024), and mamba-based
methods (Zhang et al. 2024; Han et al. 2024; Liu et al. 2024;
Liang et al. 2024; Wang et al. 2024). Our goal is to provide
a fair and systematic performance analysis on CPS3D-Seg
dataset. To ensure fairness in comparison, all models were
trained and tested in the same computing environment. Dur-
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ing the training process, we used the same ratio of data to
ensure comparability of the results.

The detail of our benchmark is shown in Tab. 2. The
bold red font indicates the best result, while the bold blue
font represents the second-best result. In the CNN-based
method, SPUNet performs the best with a mIoU of 0.8093
and performs well on normal and abnormal metrics. In
the graph-based method, SGC performs well with a mIoU
of 0.7995, and the mloU of abnormal indicators reaches
0.6091, which is relatively outstanding. PTV3 performs best
in transformer-based methods, with a mloU of 0.8204. At
the same time, the mloU and Acc on the abnormal indica-
tors are also relatively high, at 0.6461 and 0.7384, respec-
tively. In the mamba-based method, PointMamba performs
the best, with a mloU of 0.7494 and an abnormal indica-
tor mIoU of 0.5089. Compared to the above methods, CINet
achieved the best results in all metrics. Specifically, CINet
outperforms PTV3 by approximately 4.16% on the most im-
portant mIoU metric.

Qualitative results. To elucidate the contrast among var-
ious methods, we visualized the predicted maps of each
model, as illustrated in Fig. 7. It can be clearly seen from
the qualitative results that there are differences in segmenta-
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Figure 8: Left: The T-SNE visualization. Right: The visualization maps with and without MAD.

tion details and edge processing among various models. Our
approach excels in segmenting the target edge, exhibiting
distinct segmentation contours that proficiently differenti-
ate various objects. Simultaneously, it exhibits enhanced re-
silience in managing intricate backdrops and attains a more
equitable segmentation outcome.

Model Variants ‘ Average Metrics

SR QA MAD ‘ mloU mAcc allAcc
0.6832  0.7011 0.8652

v (Q1) 0.7576  0.8021 0.9031
v (Q2) 0.7682  0.8132  0.9213

v (Q3) 0.7891 0.8321 0.9321

v v v 0.8544  0.8997  0.9953

Table 3: The experiment results of ablation study.

Through qualitative and quantitative research, our bench-
mark reveals that several models exhibit distinct benefits
across multiple categories and metrics, offering a novel per-
spective for a more profound comprehension of point cloud
segmentation tasks.

Ablation Study

We conducted ablation studies to answer the following ques-
tions. Q1: Can structural refine module effectively capture
structural information of ceramic package substrate? Q2:
Can the evaluation metrics selected by quality assessment
module compensate for the inherent problems in the point
cloud collection process? Q3: Can attention detection mod-
ule improve the characterization ability of defect features?

We design a baseline of CINet to evaluate the impact of
each module. Specifically, we use MLP to generate group
embeddings instead of a transformer encoder. We inte-
grate different quality metrics as a vector rather than using
GMM to calculate kernel density. Moreover, we do not use
mapping attention mechanisms but directly concatenate the
group embeddings and quality features.

A1: Results in Tab. 3 (Q1) show that the SR module im-
prove the mIoU (1 10.89%), mAcc (1 14.40%), and allAcc
(1 4.38%). Moreover, we use T-SNE to visualize the dif-
ferent group embeddings extracted by MLP and transformer
encoder. As shown in left of Fig. 8, transformer-based SR

4392

modules present clearer structural boundaries between fore-
ground and background.

Metric Average Metrics
Density  Uniformity  Integrity mloU mAcc allAcc
v 0.8012  0.8381  0.9782
v 0.8098  0.8401  0.9821
v 0.8021  0.8397  0.9796
v v 0.8132  0.8631  0.9925
v v 0.8201  0.8696  0.9912
v v 0.8231  0.8622  0.9914
v v v 0.8544  0.8997  0.9953

Table 4: The results of different metrics used in QA module.

A2: From Tab. 3 (Q2), we can observe that using the
QA module can boost the performance when compared with
the baseline. Moreover, we also evaluate the effectiveness of
each metric used in the QA module, as shown in Tab. 4.

A3: Results in Tab. 3 (Q3) indicate that the MAD module
brings the most significant performance improvement than
other modules. Moreover, we propose visualization maps
with and without the MAD module. As shown in the right of
Fig. 8, MAD provides weighted information for each point
cloud. The process of changing from blue to red indicates an
increasing importance in point cloud segmentation and it can
provide additional information for subsequent predication.

Conclusion

In this paper, we propose a novel CPS3D-Seg dataset for ce-
ramic package substrates 3D task. The high-precision data
acquisition system composed of four line laser scanners en-
sures the quality of collected point clouds, far exceeding
existing 3D datasets. We conduct a comprehensive bench-
mark of CPS3D-Seg, which evaluates the performance of
the dataset. What’s more, we propose a point cloud model
using causal intervention (CINet). By constructing a struc-
tural causal model (SCM), we indirectly quantify the evalua-
tion of confounding factors, which aims to eliminate the po-
tential effect of the missing data and the aggregation errors.
Extensive experiments proves the effectiveness of CINet.
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