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Abstract: A multi-modal information fusion based object recognition method for autonomous driving is proposed
to address the vehicle and pedestrian detection challenge in autonomous driving environments. The method first
improves ResNet50 network based on spatial attention mechanism and hybrid null convolution. The standard
convolution is replaced by selective kernel convolution, which allows the network to dynamically adjust the size
of the perceptual field according to the feature size. Then, the sawtooth hybrid null convolution is used to enable

the network to capture multi-scale contextual information and improve the network feature extraction capability.
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The localization loss function in YOLOV3 is replaced with the GIoU loss function, which has better operability in
practical applications. Finally, human-vehicle target classification and recognition algorithm based on two kinds of
data fusion is proposed, which can improve the accuracy of the target detection. Experimental results show that
compared with OFTNet, VoxelNet and FASTERRCNN, the mAP index can be improved by 0.05 during daytime
and 0.09 in the evening, and the convergence effect is good.

Keywords: autonomous driving; ResNet50; YOLOvV3; data fusion; attention mechanism; loss function

B ELIBC I Aol i AR AT A B A S E A G A A S S B 3, A 3 S B B RS . A D)
ORI PR TE NS BRI BOR B R S AL g N AR e el O RO R 3y
A"

FI 325 Bk b T P35 R R B8 B R IR T UG AL R RNBOL 3k, IR AL B A S — b o 8l X A% IR
i AR BT R 2 AN O RS R BOR TO A A i B R LA SO 5 RN 5 5% T A I i o't IR R A 52 U
B4, 06 H ik (light detection and ranging, LIDAR)E i — Flt 32 8h O 24 4% ik, X e e B & # ik
HAR S JEE R HUA B TP R sk iRtk . (H 32 R T HOR S0, WO 7 35 3R B B0 A7 7 7 i 7 M
DA B2 R T 45 s, HL B = 30 R s B S, B 5 0T A 8 SO AR e 52 130 A U0 AT ARG 45 e R A
fE55 . W TR E I Z A, o — L AR AE A B ok Ba , FRKHTT LIDAR 5P 5 4 2% a5 XE LU AR SIE A6 I Y
R VEFN AT SR, RO, 28 4 Ok T 2 RS AR B RS Y Sl AR R B AL S DU AR, IR 1
Fr7R o

HEBAKRBE
A 55 iz i PEE L
B

| 8 b B T LI 3)

SRABIRREEh R E R

i

wrgosm | | mgwmaen | [ woems |

B1 XBSEBMTEBEENY

Fig. 1 Overall architecture of traffic situational awareness platform
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Convolutional set

Type Filters Size OutPtut
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Residual 26 x 26
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Table 1 Performance comparison of different fusion methods

Model K mAp P W mAp
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Table 4-2 Comparison of different methods of target identification

Model K mAp W mAp
OFTNet!"¥ 0.87 0.82
VoxelNet"” 0.90 0.86
Faster RCNN 0.88 0.85
LiDAR-RGB-ARIY3 0.92 091
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