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\Semantic Segmentation of 3D point clouds using SAM model/

/ Motivation & Background e iade data, \
Cameras and LIDAR are essential sensors and | = .caesie o s 4
provide complementary information for robotics |- JEh. S o AWy B | SR
and self-driving vehicles.

Goal

The goal of this study is to build a point cloud
semantic segmentation system using Vision
Foundation Models(VFM).

Point cloud data

Conventional method.:

Conventional semantic segmentation
methods for point clouds perform
g Inference using only point cloud data.

RandLaNet
(3D semantic
segmentation model)

-

Grounded DINO

nput [ Zero-shot model detecting objects |
based on instructions /SAM(Segment Anything MOdem

\_ J
Category names With SAM only, segmentation can be
(Text prompt). T —— .
. : e 2 - done, but not object types.
| Car. i

\ o - =

Grounded DINO alone can

Identify the type of object
but not segment it.

PrOJeCthn tO POIﬂt CIOud Projection using ‘_\ == ==|Point cloud data.| == =

_ _ _ f _Camera information.
The point clo_u_d data and the camera information | Camera position, | I
(camera position, focal length, etc.) used to capture

. . . I Focallength... |
the image are used to project the image onto the -

point cloud.

Label Diffusion Lidar
Segmentation (LDLS)

/—‘;” : - : ——_
SAM output using box
prompt
N
I
I
!

A connection graph links 3D points with
2D pixels, allowing label information to
spread from the 2D pixels across the 3D

M - . ’ | ‘ fi.‘" .
LiDAR point cloud for complete - =
&egmentaﬁon. /

/" Dataset: Semantic KITT! N

The SemanticKITTI dataset provides 3D point clouds for
semantic segmentation, widely used in autonomous driving & *
research. Based on the KITTI Benchmark Suite, it includesé o’
labeled 3D data from vehicle-mounted LiDAR, with detailec z **

class labels for objects like ground, buildings, vehicles, o nature ruman object
Qumans, and vegetation. /
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