HAHAR + Automobile Technology

R TR S B BB 175 30 BRI A EE-

N > btis Transformer—?ﬁL_‘F/J\ z:)f‘ﬁ:i K as & g

RPF T2 R EALR
(1 3dE SCHR2A B 4l SR A8 h RG-SR I A d S 3000 %, 2200 441053 ;2. 10 SCH2A B i 42 5
A T AE2E e, FEfH 441053)

(SR ] 412 285 490 R 50 R Dk 0 F o 0 e 4 1 — R 4 3D ERRAG I ) ¥ . #5958, X Transformer
AT CHE | 0 B 2 Sk 11 TR WL P04 R R 2 ] A SR A £ L L O B RS IR B A R AR 5 5 R AT
SRIG A B JE 3 A 2 B (UKE) BEHH 5 5 25 SRS S R 50, BB 3D BARKG I 5 525, SR FH) KITTT 408 45 il 5
RO R R AT U R B OF 5 2 ST B AT XS b SR R, 5 T IZ A 2 B £ (F—ConvNet) |
PUAE 25 25 R 45 (F—PointNet ) %5 F: i 25 EZS 4 B0 06 AT L 92 11 9 LA R0 DRS00 2 96 311 ST 24005 1 49 B4R TH T 0.34 1 4 A0
3.03 T 4% 25, A WA AT 5 X 2 00 A 07 2506 HE 4 S TF T 2.52 43 45 R 9.32 T 45, LA TR0 7 S 70 S 4k T o ) 6 B
CHET 2T & 2

FAF:TAZYW Transformer ZEBRBEEME ZSESEAM XTiBRRSIRKESE

HE 5K S TK411 MERAREG: A DOI: 10.19620/j.cnki.1000-3703.20241037

Design and Experimental Validation of an Enhanced Transformer—UKF
Multi—-Modal 3D Object Detection System for Intelligent Vehicles

Zhang Zhening'?, Liu Zhen'?, Wang Huagiang'?

(1. Pure Electric Vehicle Power System Design and Testing Hubei Provincial Key Laboratory, Hubei University of Arts and
Sciences, Xiangyang 441053; 2. School of Automotive and Transportation Engineering, Hubei University of Arts and
Sciences, Xiangyang 441053)

[Abstract] To enhance the accuracy of environmental perception and object detection for intelligent vehicles, this paper
proposes a novel feature fusion—based 3D object detection method. First, the Transformer model is improved by leveraging a
multi-head self-attention mechanism to fully capture local spatial feature information while preserving diverse feature weights,
enabling the extraction of point cloud and image features. An Unscented Kalman Filter (UKF) is then utilized to design a
multimodal fusion system that combines image and point cloud data, ultimately achieving 3D object detection. The proposed
model is trained and tested on both public and private datasets and is compared against several state—of—the—art algorithms.
Experimental results demonstrate that the proposed feature fusion—based 3D object detection model achieves an improvement
in mean Average Precision (mAP) of 0.34 percentage points and 3.03 percentage points compared to widely used algorithms
such as F-ConvNet and F-PointNet, respectively. For vehicle and cyclist detection tasks, the mAP increases by 2.52
percentage points and 9.32 percentage points, respectively. Moreover, the inference results on real-world vehicle data align
closely with the training evaluation outcomes. These findings indicate that the proposed algorithm improves the accuracy of
object detection in perception systems to a certain extent and provides a valuable reference for the design of object detection
systems in autonomous driving.
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