ET L EEX ERIBE H=% BirRNE %
Bk, MIRT, P, XA, WIS

G AL

Bk, R, PN, XA, EOEE. BT Z2MELXERNREN =4 Bl EET]. BRRRSGEmR, 2024,
19(4) : 885-897.

LU Bin, YANG Zhenyu, SUN Yang, et al. 3D object detection algorithm with multi-channel cross attention
fusionlJ]. CAAI Transactions on Intelligent Systems, 2024, 19(4): 885-897.

TELEIAEE View online: hitps:/dx.doi.org/10.11992/tis.202305029

LT BRI HA S
PO EE e S R RE N - WAL g DI S N ioalll

Target detection based on bidirectional feature fusion and an attention mechanism

BHEZRG2AR. 2021, 16(6): 1098-1105  hitps://dx.doi.org/10.11992/tis.202012029
Ut Center—Net 45 119 [ TR ALAR N2 N EE P A

Indoor window detection of autonomous spraying robot based on improved CenterNet network

BHER G, 2021, 16(3): 425-432  https:/dx.doi.org/10.11992/tis.202005016
FETF G FCOSHIRE AT AR 347

Crowded pedestrian detection algorithm based on improved FCOS
BHER G . 2021, 16(4): 811-818  https://dx.doi.org/10.11992/tis.202010012

B R = WAL [ORTE S AL Ay ivalll I RFS
Salient object detection method based on the attention mechanism

BHE ARG AR, 2020, 15(5): 956-963  hitps://dx.doi.org/10.11992/tis.201903001
ST R IR A 1 B G R A T vE

An image caption generation method based on attention fusion

BHER G244 2020, 15(4): 740-749  https://dx.doi.org/10.11992/tis.201910039

FER SIHLH A Faster RONNAHZS & B4 2% TR 51
Insulator recognition based on attention mechanism and Faster RCNN

B BE R Gi244]. 2020, 15(1): 92-98  https://dx.doi.org/10.11992/is.201907023


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202305029
https://dx.doi.org/10.11992/tis.202012029
https://dx.doi.org/10.11992/tis.202005016
https://dx.doi.org/10.11992/tis.202010012
https://dx.doi.org/10.11992/tis.201903001
https://dx.doi.org/10.11992/tis.201910039
https://dx.doi.org/10.11992/tis.201907023

5519 B4 4 1 B OoRE R & % it Vol.19 No.4
2024 4£ 7 H CAAI Transactions on Intelligent Systems Jul. 2024

DOI: 10.11992/1i5.202305029
[ 2& t R b 3L : https:/link.cnki.net/urlid/23.1538.TP.20240604.0923.004

ETSREXNEENREN=4BHRRNEZX

1,2 s 1,2 oz 12 . 1,2 1,2
CX T, MARTF O, INE T, 2 4R, 2 s
(1. #£dbd AR5 RS F I TARFRE, T KRE 071000;2. s f X F TR E S it LT A
£ IE, " 4 071000 )

A A BB B = Ak B AR R I SR S 2 T R ARAE A 7 R — RREXT R R R UE B R AR
J3 TC V5 T L B T Tk R T R 4 TR B, AR SCHRE T R T 20 T A8 ST R T A 1 B B A RS T B
B, W T A U U TR A R ORARRRAE, RT3 58 SR R AL A A 2 L R 22 ROBE AR AR X
ANFRAZ B R KR S E B ERIABE T 5 ARG, 48 IR AR BRI AR B, 455 TR AR T SRAERRAE X 38 3 A2
FIIBUREAE $EAT SR 6 Rl , 32 380k o G B 2 (R AR AR A 24 ST RE T o (6N 36 A 302 B0 B 48 KITTI Ltk AT Tk
WIS TR H, AR SO AR A B BE B ARKE I I, FE RSN 3 A X B ) L A v A R 43 )
9 91.34%. 79.85% Fl1 75.98%, B ILLLE VLT BIIETF T 4.83%. 3.26% Fl 3.32%., 245 FUEA 1A SCaE vk K fr
FEHRAE = 2 H R IIAT 55 L A A R e b i

KRR =i i s BB WOLTE R RS =4 BARR il MR R 28 OB T SR Bk
FESES . TP391  XBIFREL: A  XEHS: 1673-4785(2024)04-0885—13

5| AER E®, BiRFE, I, F ETSEEXNFIRNREANZHBRGNEE J). TRRESFR, 2024, 19(4):
885-897.

5| A& : LU Bin, YANG Zhenyu, SUN Yang, et al. 3D object detection algorithm with multi-channel cross attention
fusion[J]. CAAI transactions on intelligent systems, 2024, 19(4): 885-897.

3D object detection algorithm with multi-channel cross attention fusion

LU Bin'’, YANG Zhenyu'?, SUN Yang"’, LIU Yawei'”, WANG Minghan"”

(1. School of Control and Compute Engineering, North China Electric Power University, Baoding 071000 China; 2. Hebei Key
Laboratory of Knowledge Computing for Energy & Power, North China Electric Power University, Baoding 071000, China)

Abstract: To solve the problems that the existing single-stage 3D object detection algorithm utilizes point cloud down-
sampling features in a single way and the degree of aggregation of features for the long-range contextual information
cannot meet the requirement of enhancing the algorithm performance, we propose a single-stage 3D object detection al-
gorithm based on multi-channel cross attention fusion. First, the channel-wise cross attention module is designed to fuse
the down sampled features, which can enhance the expression ability of multi-scale features for the long-range spatial
information under different receptive field based on the cross attention mechanism. Then, a cascade feature excitation
module is proposed to combine the original downsampling features to cascade channel-wise cross attention weighted
features to enhance the algorithm's learning ability for key spatial features. Extensive experiments were conducted on the
public autonomous driving dataset KITTI and compared with mainstream algorithms. As a single-stage algorithm, the
detection accuracy was 91.34%, 79.85% and 75.98% for the three difficulty levels of car categories, which were 4.83%,
3.26% and 3.32% better than the baseline algorithm. The experimental results demonstrate the effectiveness and ad-
vancement of the algorithm and the proposed modules for 3D object detection task.

Keywords: 3D point cloud; autonomous driving; LiDAR; deep learning; 3D object detection; pillar; cross attention;

single-stage algorithm
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Table 2 Experimental environment
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Table 3 Comparison of car object detection results of lead- ARSI 47

ing single stage algorithms on KITTI dataset %

- R Hb
fajep thég I
SA-sSD™ 88.75 79.79 74.16
SIEV-Net™ 85.21 76.18 70.60
SECOND!"” 83.34 72.55 65.82
Mv3D"™ 74.97 63.63 54.00
3D-CenterNet™ 86.83 80.17 75.96
VoxelNet'" 77.47 65.11 57.73
CIA-SSD™ 89.59 80.28 72.87
PointPillars'” 82.58 74.31 68.99
PillarNet"” 86.51 76.59 72.66
TANet"” 85.94 75.76 68.32
HVNet'™ 87.21 77.58 71.79
ARSI 91.34 79.85 75.98
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Table 4-r l:Eomparison of car object detection results of lead-
ing two stage algorithms on KITTI dataset %
— LR H A
faj 5 g I
PointRCNN'"" 86.96 75.64 70.70
BADet"” 89.28 81.61 76.58
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ARSIk 91.34 79.85 75.98
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Table 6 Comparison of pedestrian object detection results
of leading algorithms on KITTI dataset %

(FPNEL D
i haE A

eSS ik

SECOND!"” 5107 4256 3729
PointPillars’” 5145 4192  38.89

g
PillarNet 5127 4455 4278
stp"”! 5329 4247 3835
PointRCNN' 4798 3937  36.01
Point-GNN™' 5102 4377  40.14

“RE PVRONN™' 5517 4329 4029
Part-A2"" 53.10 4335 40.06
A 5251 4772 4347
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Table 7 Comparison of cyclist object detection results of
leading algorithms on KITTI dataset %

SEREEAELD
{7 5 Ak PRIXfE

e ik

SECOND!"” 7051  53.85  46.90
PointPillars’” 7710 5865  51.92

L1
PillarNet 76.15 57.86 55.76
stp"”! 78.69 6159 5530
PointRCNN' 7496 5882  52.53
Point-GNN"' 7860 6348  57.08
“BrE PV-RONN™' 7861 6371 57.65
Part-A2"" 7917 6352 56.93

AR 7897  58.69 56.98
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Table 8 Results of the CCA module input feature ablation

experiment
JZ%k i ARl HEFLR ] /ms mAP/%
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( flconvs , fZCOnV?))
3 (peom3, pon) 55 7137

( flconv4 . fzconVS)
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Table 9 Results of ablation experiments with the CCA
module and the CFE module

C.CA CFE mAP/%
x x 78.59
V x 81.24
x V 79.85
V V 82.39
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Fig. 7 Visualisation of algorithm detection results
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