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Abstract

Reliable 3D segmentation is critical for understanding complex scenes with dense
layouts and multi-scale objects, as commonly seen in industrial environments. In such
scenarios, heavy occlusion weakens geometric boundaries between objects, and large dif-
ferences in object scale will cause end-to-end models fail to capture both coarse and fine
details accurately. Existing 3D point-based methods require costly annotations, while
image-guided methods often suffer from semantic inconsistencies across views. To ad-
dress these challenges, we propose a hierarchical image-guided 3D segmentation frame-
work that progressively refines segmentation from instance-level to part-level. Instance
segmentation involves rendering a top-view image and projecting SAM-generated masks
prompted by YOLO-World back onto the 3D point cloud. Part-level segmentation is sub-
sequently performed by rendering multi-view images of each instance obtained from the
previous stage and applying the same 2D segmentation and back-projection process at
each view, followed by Bayesian updating fusion to ensure semantic consistency across
views. Experiments on real-world factory data demonstrate that our method effectively
handles occlusion and structural complexity, achieving consistently high per-class mIoU
scores. Additional evaluations on public dataset confirm the generalization ability of our
framework, highlighting its robustness, annotation efficiency, and adaptability to diverse
3D environments.

1 Introduction

In recent years, 3D scene understanding has become critical for perception tasks such as
robotic manipulation and digital twin construction[15, 21]. These applications require pre-
cise recognition of both object instances and their structure, where fine-grained 3D segmen-
tation plays a central role by inferring category labels for individual points in the scene to
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enable detailed geometric and semantic interpretation. Among various real-world scenar-
ios, industrial environments are particularly challenging for 3D segmentation due to tightly
connected components and complex spatial layouts. These characteristics often lead to vi-
sual clutter and ambiguous boundaries, making it difficult to separate individual parts and
perform accurate segmentation.

Despite recent progress in 3D point cloud segmentation, existing methods still face sig-
nificant challenges in industrial environments. Point-based approaches [9, 14, 18, 26, 28]
require extensive manual annotations and often generalize poorly to large-scale, cluttered
scenes. In contrast, image-based methods [11, 27, 30], powered by foundation models such
as SAM[7, 16], YOLO-World[2], and related models, provide stronger representations and
better transferability. However, per-view occlusion and feature inconsistency often lead to
semantic inconsistencies, reducing the reliability of 3D fusion. Moreover, the lack of datasets
tailored for industrial scenarios and the limitations of single end-to-end models make it diffi-
cult to segment both large objects and their fine-grained components, especially under multi-
scale conditions.

To address these issues, we propose a hierarchical image-guided 3D segmentation frame-
work consisting of two stages: instance-level and part-level segmentation. We fine-tune
YOLO-World on a small set of industrial samples and use its predictions to prompt SAM.
While SAM generates geometry-awared masks, it lacks semantic discrimination, which
is compensated by YOLO-World’s categories prompts. Both stages follow a detect-then-
segment strategy. In the first stage, 2D instance masks are generated from a top-view ren-
dering image, allowing efficient extraction of each object’s 3D points from a global view. In
the second stage, we render multi-view images of each object to capture component details.
The resulting part-level 2D masks are back-projected to the 3D point cloud and fused using
Bayesian updating[5] to enforce semantic consistency across views.

Compared to end-to-end segmentation networks, this design reflects the semantic hi-
erarchy of real-world scenarios while improving interpretability and flexibility through a
modular and staged architecture. Our work leverages pre-trained 2D models with minimal
supervision: the detection model is fine-tuned on a small custom dataset. This allows rapid
adaptation to new scenario and tasks and significantly lowers annotation and training costs.
The main contributions are as follows:

* We propose a hierarchical image-guided framework that decomposes 3D segmentation
into instance-to-part and detection-to-segmentation stages, improving accuracy and
interpretability over single-model approaches.

* We introduce a Bayesian updating fusion mechanism that addresses cross-view incon-
sistency and significantly enhances part-level segmentation accuracy under occlusion
and viewpoint variation.

* We provide a modular pipeline based on vision foundation models that supports ac-
curate and interpretable 3D segmentation with lower annotation and training cost, en-
abling fast adaptation to various complex 3D environments.

2 Related Works

Direct 3D Point Cloud Segmentation Traditional approaches use grouping methods[6, 23,
25, 32, 34], but these approaches rely on geometric proximity and handcrafted heuristics,
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Figure 1: (Left) Entire manufacturing factory. (Right) Close-up view of RA equipment.

limiting their scalability to complex scenes. Deep neural network-based segmentation
been widely used in recent years, like[9, 14, 18, 26, 28], which learn features from unorde
points to predict semantic labels directly. However, due to the lack of explicit topology a
adjacency—unlike the regular structure in images, these models struggle to capture s
local geometry. As a result, they require dense point-level annotations and often perf
poorly in large-scale, cluttered scenes. Moreover, existing 3D datasets such as[3, 12, 17
22, 24, 29] with annotations are small, as annotating detailed 3D models is labor-intens
In particular, to the best of our knowledge, no public dataset currently supports part-le
segmentation in industrial environments.

Image-Guided 3D Segmentation via 2D Supervisiofio overcome the limitations of
3D supervision, some methods[11, 27, 30] project 3D point clouds onto 2D images and
the resulting masks to transfer 2D semantics into 3D space. Vision foundation models <
as SAMJ[7, 16], YOLO-World[2], and GLIP[8, 33] bene t from large-scale 2D datasets an
weakly supervised training (e.g., with bounding boxes), enabling high-quality segmenta
at low annotation cost. However, SAM does not provide category labels, while such
YOLO-World and GLIP offer only class predictions without pixel-level masks, making thel
dif cult to apply to 3D segmentation. Rendering point clouds into 2D images introduc
occlusions and viewpoint-dependent variations, often causing inconsistent boundaries
semantics across views. Without a robust fusion strategy, current methods cannot er
inconsistency 3D segmentation. Moreover, most foundation models are trained on ger
categories and cannot directly adapt to factory scenes. Existing 2D image datasets su
[1, 20, 31] also lack coverage of industrial environments.

3 Proposed Method for 3D Point Cloud Segmentation of
Manufacturing Scenes

As discussed in Section 2, existing methods are unsuitable for part-level segmentation in
tered, hierarchical environments due to their reliance on costly 3D annotations or inconsis
multi-view fusion. Moreover, few frameworks are adaptable to real manufacturing scen
To address this, we propose a two-stage hierarchical segmentation framework guided b
predictions, progressively re ning scene understanding from coarse instances to ne-grai
parts (Fig. 2). The proposed framework begins with adaptive rendering, which projects
point clouds into 2D images using scale-aware parameters based on object size and
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