5523 %3 I Vol.52 No.3
202645 f OPTICAL TECHNIQUE May 2026

XEHS: 1002-1582(2026)03-0302-06

4

TR 58 08 SCRFAE ) A DL IO 35 B b ST

AORET, REM, ik, T4, ¥F
CEBOT TR B R A R m) R sl 3380, 228 AR 230601)

W OE AL ERT bR T R SE P R B AT (AL, PO R S ML A AR T R IR . B Sy
AN TAT AR R, FAERE B i i P 22 S M [T, BOGA 282K, 50058 REAE DT e 28 2R A%
T, W2 T RRE RGN A Sk S B RaR Bk, SCREER I R I T A ARG SO R SCRHE 1 HOG ER IR A
MU b vk, B2, M S 20 U S E AR p g HeR Y (g dr . W55, JERLHIZ S1E R 3D £
fE; [RIR, SR SURF 553 42 UG b B X80 10 % U AE o B a4 AR 08 = A% B RGO TE , @ &
2D-3D X R KR, I TRV AR AL R AN S AR . PO BT AE T (1) SR B AR MR AR, R ik A
A B HR M) SB[ B BLARAE . KRR FbR e 5 (2) BIAE LSRN = A B, 45 &0 % SRR,
TEARUERT LTI T B4R S TERCR0R; (3) Sl 352 SR IETC I i AR UL Ak, B3 1 53 10 00 42 2% o't BECRIES 4 1) 5
Btk 7E KITTIEURSE D sScse a5 R0, FrR A e LI PR RL T Ehia, Hirg0R #7249 95%,
HEFANTTW, A AN ML RS FE R bR e 20T —Fhmisk . SERAM i %,

% B W ZLESRE; BOLEIS; WAL HRYE URRE ;. REIE DL

FES2ES: TP751 X EFRIRAG: A

Joint calibration algorithm for camera and lidar based on semantic
features of cylindrical object point clouds

ZHU Tianyi*,ZHANG Yangyang, LIU Jiangbo,DING zhao,CAO Jun
(Anhui Jianghuai Automobile Group Co., Ltd, Planning and Control Design Department, Hefei 230601, China)

Abstract: Accurate multi-sensor calibration is fundamental for environment perception in intelligent driving, with the
joint calibration of LiDAR and camera being a critical component. Traditional methods rely on manually placed calibration
boards, which suffer from cumbersome operation and poor scene adaptability. Additionally, the large volume of LIDAR
point cloud data and the inefficiency of matching with visual features constrain the automation and real-time performance of
calibration systems. To address these challenges, a joint calibration algorithm for LiDAR and camera based on the semantic
features of pole-shaped objects in natural scenes is proposed. First, point cloud semantic segmentation technology is em-
ployed to extract pole-shaped objects (e.g., streetlights, tree trunks) from the environment, using their edge points as 3D
features. Concurrently, the SURF algorithm is applied to extract edge point features from corresponding regions in the im-
age. By back-projecting the point cloud of pole-shaped objects onto the image plane, robust 2D-3D correspondences are es-
tablished, and the extrinsic parameter matrix is optimized through feature matching. The core innovations of this method are:
(1) It eliminates dependence on calibration boards by leveraging ubiquitously available pole-shaped landmarks for adaptive
calibration, significantly enhancing convenience; (2) It introduces semantic segmentation to reduce the dimensionality of
point cloud processing, combined with edge point feature description, which markedly improves matching efficiency without
compromising accuracy; (3) Through iterative optimization of back-projection and feature matching, the algorithm's robust-

ness to complex lighting and occlusion is strengthened. Experimental results on the KITTI dataset demonstrate that the pro-
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posed algorithm surpasses traditional automatic line-based calibration in accuracy while improving calibration efficiency by ap-

proximately 95%. It operates without manual intervention, offering an efficient and practical solution for online multi-sensor

calibration in autonomous driving.

Keywords: Multi-sensor calibration; LiIDAR; vision; Pole-shaped semantic features; feature matching
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