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Abstract—Point cloud primitive segmentation aims to seg-
ment the surface point cloud into various geometric types of
primitives, which plays a vital role in robot operation and
industrial automation. However, differences in object structures
and shapes across industrial datasets create domain shift
issues, compounded by privacy concerns preventing dataset
sharing. To address these challenges, we propose a novel
source-free domain adaptation method for point cloud primitive
segmentation, which follows the popular pseudo-label based
self-training framework. Unlike previous works using single-
model uncertainty to refine pseudo labels, our method leverages
multi-confidence, including transformation consistency, task
confidence, and geometric saliency to provide more informative
guidance. Specifically, the transformation consistency is first
utilized to vote pseudo-labels and task confidences. Further-
more, to filter out high-confident noises and obtain more reliable
pseudo-labels, we investigate the geometric curvature properties
of primitives and propose a geometric saliency guided dynamic
prototype matching and label graph aggregation strategies
for pseudo-label reassignment with different task confidence.
For this novel task, we construct several datasets and verify
the effectiveness of the proposed methods through a series of
experiments.

I. INTRODUCTION

3D primitive segmentation task refers to decomposing
object’s surface point cloud into a set of geometirc prim-
itives, such as planes, spheres and complex surfaces, etc
[1], which plays a crucial role in many downstream robotics
tasks [2], like region-level measurements and surface quality
inspections. Traditional RANSAC-based methods [3]-[6] are
effective for handling simple and regular shapes, but is
limited by time-consuming parameter tuning and cannot deal
with complex shapes. Recently, the deep learning (DNN)
based primitive segmentation approaches have developed
rapidly and significantly surpassed traditional methods [7].

However, there are three main challenges limiting further
development of primitive segmentation. Firstly, deep learning
methods heavily rely on the amount of labeled data, which is
difficult for point cloud segmentation [8], especially for fine
primitive annotation. Secondly, as shown in Fig. 1, although
the types of geometric primitives are finite, the structure and
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Fig. 1. Source-Free Domain Adaption for 3D Primitive Segmentation. Point
cloud primitives are labeled by different colors. (a) Objects in Source dataset
(Parts0), which are inaccessible during adaption. (b-d) Target objects with
different structure (Parts1), large noise (Real) and different scene (Scene)
from Source, which are unlabeled during adaption.

distribution of the point clouds in different tasks may differ
greatly. In particular, the real collected point cloud may have
much deformations and noises, which leads to the domain
gap between source and target dataset. Furthermore, privacy
issues are of great importance in industrial production,
datasets from different sources are usually unable to share,
thus it is difficult to avoid the domain-shift. Therefore, how to
enhance the performance of primitive segmentation models
on unlabeled target data where source data is inaccessible is
the primary motivation of this paper.

Source-Free Unsupervised Domain Adaptation (SF-UDA)
methods [9] are introduced to address the aforementioned
challenges. SF-UDA aims to perform unsupervised domain
adaptation using only source-trained model without the ac-
cess to source data. The pseudo-label based self-training
method is most commonly used method for SF-UDA [10],
which follows a teacher-student architecture, leveraging the
ensemble predictions of the teacher model to generate re-
liable pseudo-labels for training the student model, and
iteratively optimizing the weights of both models. However,
relevant studies on point cloud primitive segmentation are
still lacking. Moreover, these methods often yield unsatisfac-
tory results when directly applied to primitive segmentation
tasks, as they do not utilize the geometric properties of
primitives.

In this paper, we propose a novel source-free domain adap-
tation method for point cloud primtive segmentation, which
is guided by multi-confidence consisting of transformation
consistency, task confidence and geometric saliency. Com-



pared to using only model uncertainty [11], multi-confidence

guidence can provide richer information for generating more

robust pseudo-labels. In particular, the proposed geometric

saliency reflects the curvature properties of different primi-

tives, which can help learning more discriminative features.
In summary, our contributions are as follows:

1) We propose a multi-confidence guided SF-UDA
method for point cloud primitive segmentation, which
leverages transformation consistency, task confidence
and geometric saliency to obtain more robust pseudo-
labels. Besides, an instance confidence is proposed to
assess the credibility of instance embeddings.

Based on the proposed geometric saliency, we design
a geometric saliency-guided dynamic prototype match-
ing and label graph aggregation method for reassigning
pseudo-labels with different task confidences.

To the best of our knowledge, this is the first work
to explore SF-UDA for point cloud primitive segmen-
tation, we built several datasets for this task using
both online public and real collected point clouds. Our
method achieves SOTA performance on all datasets.

2)

3)

II. RELATED WORK
A. Deep Learning-based Primitive Segmentation

With the rapid development of deep learning on point
cloud [12]-[14], many DNN-based 3D primitive segmen-
tation have emerged [15]-[21]. SPFN [18] first proposed
an end-to-end supervised primitive segmentation method to
predict the attributes of each point in a point cloud. However,
only four basic primitive types can be handled. ParseNet [19]
use B-spline surfaces to represent complex primitives other
than the four basic primitives, which is used as the backbone
of our study. [20]-[22] optimized the network structure
based on [19] to further improve the primitive segmentation
performance. These methods reflect the efficacy of deep
learning in primitive segmentation but are constrained by
the amount of annotated samples, while our method can
effectively alleviate this issue.

B. Domain Adaption

Unsupervised Domain Adaptation: Unsupervised Domain
Adaptation (UDA) aims to transfer models trained on source
domain to unlabeled target domain, usually by aligning
feature distributions between two domains or by leveraging
generative models to mitigate domain shifts [23]. There
were also some works addressing domain adaptation for
3D point clouds [24]-[27]. For point cloud segmentation,
[28] proposed a dynamic feature graph matching method
to mitigate domain shift, while PMAN [29] introduced a
density-aware network to align the target and source do-
mains. However, these methods still require access to the
source domain, which is impractical for industrial scenarios
with high privacy requirements.

Source-Free Domain Adaptation: Source-Free Domain
Adaptation (SF-UDA) enables model adaptation using only
source-trained model without accessing source domain data.
Current SF-UDA paradigms mainly consists of generative
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modeling [30], auxiliary self-supervised training [31] and
self-training [10], [11], [32]-[36], where pseudo-label based
self-training method is the commonly used technique. SHOT
[32] obtained more reliable pseudo-labels by information
maximization loss and category prototyping, which is used
as our baseline. SR [31] added an auxiliary branch for
category ratio estimation, but ignored the difference between
the category distributions of the source and target domains,
need to additionally train new branching in the source do-
main. [10], [11], [33]-[36], on the other hand, denoised and
optimized the pseudo-labels by quantifying the uncertainty
of the model, but all of them stay at the feature level of
the model, while our approach introduced a more intuitive
geometric saliency, which further enhances the reliability
of the pseudo-labels. In addition, researches on source-
free domain adaptation methods for point cloud primitive
segmentation or instance segmentation remains scarce.

III. METHOD
A. Preliminaries and Overview

Point cloud primitive segmentation network, denoted
PSNet takes point coordinates p € RN*3 and normals
n € RY*3 as input X and segments the points into M
primitives with types, where N is the number of points. The
outputs include the primitive instance I € {0,..., M }NXl
and geometric type T € {O,...,5}NXl (corresponding to
six types: plane, sphere, cylinder, cone, open and closed
B-splines). The structure of PSNet is based on [19], as
illustrated in Fig .2 (a). It consists of an encoder and a
decoder, denoted as & = F, o F,, where encoder contains
three EdgeConv block from [14]. The input point cloud is
first processed by the encoder to get the latent features, and
then the features enter semantic segmentation and instance
embedding learning branches to obtain the point-level cat-
egories T' and instance embeddings e, respectively. Finally,
the embeddings are clustered to obtain primitive instances I.

Let Dy be the dataset in source domain S, comprising
input point clouds X; and corresponding labels ), and
D, denotes the dataset in target domain 7, which only
contains point clouds X;. In the source-free domain adaption
setting, D is inaccessible during adaptation. The goal is to
transfer the model ®, trained on Ds to T to obtain ®; while
minimizing the performance degradation due to domain-shift.

The main framework of our adaption method is shown
in Fig. 2 (b), which follows a pseudo-label based self-
training framework, where teacher and student models are
both initialized by ®,. Our method has three main steps:
pseudo-label voting, pseudo-label reassignment and self-
training, which is guided by multi-confidence of transfor-
mation consistency, task confidence and geometric saliency.

B. Consistency-based Pseudo-Label Voting

Inspired by [37], we adopt random transformations on
X to vote pseudo-labels. Specifically, the input point
cloud is first transformed by random rotations around z-
axis to obtain a set of augmented samples, denoted as
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Fig. 2. (a) Struceture of point cloud primitive segmentation network. (b) Multi-confidence guided SF-UDA method for point cloud primitive segmentation.
{Xo, X1, -+, Xk}, where K is the number of transfor- is formulated as:

mations. Then these samples are fed to teacher model and
outputs {(co(t),e0), -, (0K (t),ex)}, where o (t) is the
softmax type probability vector of kth transfromed point .

Furthermore, the latent features {Fy, . .., F)} of the model
are utilized for measuring the transformation consistency.
Specifically, we calculate the KL divergence K L of each
feature F} with the others, and the consistency weights w
are then computed using the Softmax function:

efKL;C

K —
j=0¢

wy, = KL, =Y KL(E[F) (D)

Z KL; =
For semantic labels, we perform weighted average of oy, (t)
to get the pseudo probability vector,i.e.,

K
G(t) =Y wy - on(t) 2)
k=0

where the index and value of maximum probability refer
to the semantic type pseudo-label T; and confidence pis the
weighted feature F' can be obtained by the same way.

For instance labels, we compute the point-to-point dis-
tance matrix Dj for each instance embedding ey, where
Dy(i,j) = |lex(i) — er(y)|l2- Afterwards, the pseudo-
instance distance matrix D is obtained by weighted average
voting over all D:

K

D(i,§) = wi - Di(i, ) 3)
k=0

Besides, we propose a point cloud instance confidence

representation based on the idea of metric learning, i.e., the

distance between same classes is close while the distance

between different classes is far. In scenarios where true

labels are unknown, we expect the embedding distance to

be either very large or small. Hence, the instance confidence
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where the upper distance limit © is set to 1. It is evident that
higher values will be obtained when D;; is either large or
small. Furthermore, this confidence also reflects the degree
of points to the instance embedding center, which can be
proved through Cauchy-Schwarz inequality.

“4)

C. Geometric Saliency Guided Label Reassignment

In this section, we propose label reassignment methods
to denoise pseudo-labels with different task confidence by
utilizing the geometric saliency, which is defined as the dis-
tribution characteristics of geometric curvature on different
types of primitives, e.g., points on the plane usually have zero
curvatures, whereas points on a sphere have non-zero and
constant curvatures. We calculate the point-wise curvature ¢
and curvature variance v within its local neighborhood as
two geometric Saliency features. The type-wise geometric
saliency g(c;, v;|T;) defined as:

1
_ t=20
14 ecivi
glei,vil Ty = t) = 1 fe (19 (5)
1+ ev’ {1.2}
1 others

)

We use task confidence to divide points into high-confident
PH  mid-confident PV, and low-confident points P” by two
thresholds 7;, and 7;. Then the following methods are pro-
posed for denosing pseudo-labels with different confidences.

1) Geometric Saliency-Guided Prototype Matching:
To denoise wrong high-confident points and avoid low-
confident oscillating points, we propose a geometric saliency-
guided dynamic prototype matching method inspired by [32],
as illustrated in Fig. 3. Firstly, the geometric saliency is lever-
aged for computing weighted average of high-confidence
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features to obtain class-level centroids z, as formed by,
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Subsequently, all high-confidence points are assigned new
labels based on nearest neighbor computation.

However, due to structure disparities, sample-level points’
centers cannot be able to cover all categories, which is
disadvantageous for low-confident oscillating points. We
design a class-level dynamic prototype matching method for
robust label updating of low-confident points. For each class
t, the prototype bank Z; starts as an empty set. In r iteration,
if Z; is still empty, z; will be directly added to it. Otherwise,
the nearest prototype Zz; in Z; with cosine distance d, are
computed and the self-update strategy will be adopted:

(6)

Z

7z 277 Uiz}, d.>¢
~ o 7
Z A+ — (2 —2Z Y, d.o<¢& @

Zt

where n,, denotes the times z; has been updated, and feature
distance threshold £ is set to 0.2. For low-confident points,
we compute nearest point in the feature bank Z to determine
their corresponding labels.

2) Geometric Saliency-Guided Label Graph Aggre-
gation: For mid-confident points, whose features may be
ambiguous, we propose a geometric saliency guided label
graph aggregation method by utilizing local consistency for
label denoising. For each point p; € PM, we first utilize
KNN algorithm to obtain its K neighboring points in P:
Q; = (fio, -, fix) and construct an adjacency graph
G; centered around p;. To prevent the influence between
different prmitives for boundary points, we use instance
distances to adjust distance of KNN, the adjusted d; ; is given
by,

n,;~nj

dij = |lpi —pjll2- (2 ) Dij ®)

[z | - [y
where n is the normal and ﬁ@ 4 refers to instance distance.
The value of node ik in G; corresponds to the pseudo-class
probability vector o(p;;). The edge weight [ of each node
to the centroid is guided by the geometric saliency, namely,

©))

d

Liw = e~ - pir - g(Cir, vir| Tik:)
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Then all node values in G; are aggregated to obtain the
adjusted class probability vector o ,

K
D ik o(pix)

ik =0

, 1
k=0

The refined pseudo type label is defined as Ti/.

3) Semantic-Aware Instance Relation Updating: For
instance segmentation, we design a semantic-aware instance
relation updating strategy based on the coupling relationship
between instance and semantics, i.e., points with different
types are not likely belong to same instance. The refined
instance distance is given by,

(10)

o (pi) - o (ps)
2" (pa)ll - [lo" (pj)l
where ¢ is set to 0.5. Finally, D' is binarized into an instance

relation matrix I, which indicates whether two points belong
to the same instance.

D;,j = -Di,j . (1 + max(O, € —

) (D

D. Self-Training Strategy

The total training loss contains semantic and instance part,
each part consists of a supervised loss and an information
maximization loss. The cross-entropy loss from [21] and
information maximization loss from [32] are applied for
semantic segmentation, denoted as £, and £2,,,.

For instance training, we propose a confidence-weighted
triple loss as the supervised training loss. Several embed-
ding triplet groups set Z are selected from the point cloud
according to the instance relation matrix I, given the triplet
of embeddings (e°, P, e™), the triple loss [19] is defined as
Liyi(e°,€eP, e™), the instance supervised loss is given by:

1
2

e®,ePe")EL

rl

ns

= ol (e°)Lyri(e°,eP e™)

> eo P(e9) (

(12)
Information maximization loss of instance is formed by,
1
2 1 I
‘Cins - _N sz (13)
=1
Thus, the total loss is the sum of above items,
['total = Al’clem + )‘2’C§em + >‘3’C11ns + )‘4£12ns (14)

where A1, A2, A3, A4 are the balancing weight.

When training on the target dataset, the network’s decoder
Fa is fixed, only the encoder F, is updated, and the teacher
model is updated once per epoch.

IV. EXPERIMENTS
A. Experimental Setting

1) Dataset and Evaluation Metrics: We construct several
datasets from both online public and real-collected point
clouds for validation. ABCParts [38] contains numerous 3D
CAD models with diverse shapes, which is the most com-
prehensive dataset for primitive segmentation.While ANSI
[18] mainly contains point clouds of industrial parts, where
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Fig. 4. Visualized primitive segmentation results of domain adaption. The primitive instances are shown in different colors. (a-d) Cross-structure setting.

(e-f) Sim-to-real setting. (g-h) Cross-scene setting.

most models are composed by regular primitives. We select
20K models from ABCParts as the source dataset, denoted
as PartsO (Fig .4(c-d)) and choose remaining objects different
from PartsO, as well as models from the ANSI to form Parts1
(Fig .4(a-b)). Partsl contains 10K models with different
structures and styles from PartsO. Secondly, we use 3D
scanner to capture point clouds of real-world objects, and
obtain 5K samples by random augmentation, denoted as
ReaL (Fig .4(e-f)), where point clouds may have large noises
and distortions, used for evaluating real-world adaptability of
the method. In addition, we select building dataset Scene [7],
which contains several indoor and outdoor point clouds to
verify the model’s cross-scene ability. We use a ratio of 4:1
to split the dataset for training and testing.

The Evaluation Metrics include total semantic segmen-
tation accuracy, IoU of primitive semantic and instance
segmentation, denoted as ACC, SToU and mlIoU. Since
most of the primitives in the Scene dataset are plane (floor,
wall), the semantic metrics are not taken into consideration.

2) Implementation Details: The model trained on source
dataset are preserved before adaption. For each target object,
7000 points are randomly sampled and normalized as input.
In the adaption phase, each point cloud is randomly rotated 3
times around the z-axis for voting pseudo-labels. The Adam
optimizer with learning rate of 0.0002 and batch size of 2 is
used. The weights in Eq. (14) are initialized as 1,0.1,1 and
0.1, np, and 7; are set to 0.9 and 0.6. All the experiments are
conducted with one NVIDIA GeForce RTX3090 GPU.

B. Comparison Experiments

For comparison, some latest related methods [11], [31]-
[35], [37] are re-implemented, which share the same network
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structure and training settings as our method, thus have the
same inference time. Since they do not perform domain
adaptation for instance segmentation, original triple loss is
used. The quantitative results are presented in Table 1.

Firstly, as observed from the results of PartsO — Partsl
and Parts] — PartsO, our method demonstrates superior
cross-structure adaptation ability. Our method combines the
strengths of SuperLine [37] and SHOT [32], and thus outper-
forms them comprehensively in all metrics. Secondly, due to
the significant deformations and normal noises, applying the
source model directly to ReaL yields limited effectiveness.
It is obvious that our method achieves an increase of over
10% in semantic metrics and 18% mlIoU, surpassing other
methods by a considerable margin, illustrating the stronger
adaptability to real point clouds. Furthermore, it is evident
that in addressing cross-scene domain adaptation tasks, our
method provides a highest increase in mlIoU, surpassing
other methods by over 10% on average.

The visualization results are depicted in Fig. 4. In cross-
structure setting (Fig. 4 (a-d)), our method achieves more
accurate segmentation boundaries. In case of Fig. 4 (e-f),
the noise in the actual collected point cloud results in severe
over-segmentation, whereas the results after adaption of our
method are smoother. In addition, the source model may fail
in the Scene, as illustrated in Fig. 4 (g-h). By incorporating
the geometric properties, our method can produce more
reasonable segmentation results compared to GPLU.

Overall, our method exhibits the strongest overall perfor-
mance in cross-structure, sim-to-real, and cross-scene primi-
tive segmentation tasks. In particular, it provides a substantial
improvement in primitive instance segmentation. Besides, the
real-world application of our method in industrial appearance



TABLE I
COMPARSION EXPERIMENTS

Domain Shift
Method PartsO — Parts1 Parts1 — PartsO Parts0 — Real PartsO — Scene
ACC SIoU mlIoU | ACC SIoU miIoU | ACC SIoU mlIoU mlIoU
No Adaption 83.7 68.2 60.1 69.1 60.4 62.3 65.0 59.0 58.5 39.1
AdaEnt [31] 84.4 70.5 63.6 70.0 60.7 64.1 71.0 63.8 63.5 48.2
SuperLine [37] 86.6 71.7 65.2 70.1 62.3 65.2 70.1 63.3 64.5 45.7
SHOT [32] 86.3 72.8 63.8 71.5 62.7 64.5 71.8 64.7 62.9 471
TT-SFUDA [34] | 86.9 73.0 62.8 72.6 64.5 67.3 72.3 64.9 64.7 51.2
DPL [33] 87.5 73.5 63.7 69.9 61.8 66.4 72.0 65.2 63.1 49.9
U-SFAN [11] 87.4 73.8 64.2 72.8 65.1 68.7 73.5 66.2 67.5 52.8
GPLU [35] 88.7 74.1 65.2 73.8 65.3 67.5 72.8 65.4 66.9 54.9
Ours 90.3 76.2 68.3 74.5 66.7 71.2 75.9 69.8 76.8 65.3
TABLE II
ABLATION STUDY
CPLV GSPM GSGA SAIU S1oU of different types SIoU  ACC  mlIoU
Plane Cone Cylinder Sphere Complex
814 543 832 479 51.0 682 837  60.1
v 853 556 84.0 48.0 50.9 73.0 87.2 63.8
v v 86.3 62.7 86.9 48.4 50.5 74.7 89.0 65.5
v v v 88.9  66.5 87.4 48.3 52.0 76.0 90.1 65.4
v v v v 88.7  66.8 87.4 47.6 51.1 76.2 90.3 68.3
v v v 87.2 68.3 85.2 473 51.0 75.2 88.1 67.3
v v v 85.6 59.4 86.3 47.8 51.2 74.3 88.4 68.0
v v v 87.3 617 87.4 479 50.3 74.9 89.7 68.2
inspection is given in the supplementary video. » < e i
C. Ablation Study ‘Q ﬁJ o, J ® @ s
A set of ablation experiments are conducted to verify roles B % 3 ne 7" & @ g‘
of the proposed Consistency-based Pseudo-Label Voting % ﬁ T -
strategy (CPLV), the Geometric Saliency-guided Prototype
Matching module (GSPM), the Geometric Saliency-guided T endon T T S aeadaon
Graph Aggregation module (GSGA) and the Semantic-aware
Instance Relationship Updating strategy (SAIU). The results Fig. 5. t-SNE visualizations of primitive segmentation on target domain.

are reported in Table II, 1) by adding pseudo-label vot-
ing strategy, all metrics are improved, indicating that the
voting strategy can provide more robust pseudo-labels. 2)
The addition of the Geometric Saliency-guided Prototype
Matching module significantly improves the performance of
regular primitives, as geometric saliency provides more dis-
criminative information. 3) The Graph Aggregation module
further improves the segmentation results of complex types,
which typically locate in mid-confidence region. 4) Finally,
the Semantic-aware Instance Relationship Updating strategy
leverages the hierarchical relationships between semantics
and instances, leading to a significant enhancement in prim-
itive instance segmentation performance.

We also present t-SNE visualization results of features
learned through our method and source model only, as shown
in the Fig. 5. Intuitively, the target feature distribution of
the source model is messy, with overlapping of different
instances in the feature space. Our method helps to separate
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Different colors represent features of different primitives.

the different instances in target feature space while making
features within the same primitive more compact.

V. CONCLUSION

This paper introduces a novel SF-UDA method for point
cloud primitive segmentation, addressing domain shift and
privacy concerns in industrial scenarios. The method utilizes
a multi-confidence framework, incorporating transformation
consistency, task confidence, and geometric saliency to im-
prove generalization across diverse industrial datasets. This
approach shows promise for enhancing efficiency and relia-
bility in industrial automation, with potential for further re-
finement and real-world applications, advancing point cloud
segmentation in practical contexts. Future work will continue
to improve the robustness of the domain adaptation.
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