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Abstract: To address problems of missing occluded objects, distant objects and objects in extreme weather scenarios
when using lidar for object detection in autonomous driving, an attention-based object detection method with millimeter wave
radar-lidar feature fusion was proposed. Firstly, the scan frame data of millimeter wave radar and lidar were aggregated into
their respective labeled frames, and the points of millimeter wave radar and lidar were spatially aligned, then PointPillar was
employed to encode both the millimeter wave radar and lidar data into pseudo images. Finally, the features of both millimeter
wave radar and lidar sensors were extracted by the middle convolution layer, and the features maps of them were fused by
attention mechanism, and the fused feature map was passed through a single-stage detector to obtain detection results.
Experimental results on nuScenes dataset show that compared to the basic PointPillar network , the mean Average Precision
(mAP) of the proposed attention fusion algorithm is higher, which performs better than concatenation fusion, multiply fusion
and add fusion methods. The visualization results show that the proposed method is effective and can improve the robustness
of the network for detecting occluded objects, distant objects and objects surrounded by rain and fog.
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Fig. 1 Sensor attention mechanism fusion network framework
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Fig. 7 Percentages of various classes of instances in dataset
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3.3 EXRE-HATEHIEMREGTWXTLE

B 56, 18 PointPillar p5 7 B 25 i 0 45 A SR 4E Sk FEhk
2 IFAE SR R 28 I AT B T AL A 22K 0 - ot B i
SR BRI A AT EA T S B8 F X, DA R BH S 56 25 SR A HE T 3
A DR Ay T 28 2 5 ) 34 I i S 380, AN T 0 AH ) S 400
PO TR B S ZEER A AE BRI S %, g gs R n
F2 PR BT B IHUE A 2K W O R IR R s B LA
T3 15 LB A T o it 2 55 Bk D0 2% L) O BR A R AR )
T AL B T — S T), BT B oL i B ml G vk
A S 34785 B2 2 (8 (mean Average Precision, mAP) e H JE A

250, 62111 43 i, UEW] 1A BT S 0 A A0

FAN, NSEH T LU YOG TR K A R 5 TR S R R
R HE A, 19 25 P RE LA, W0 A4 DN 2 1R T A A 2 R PR B
A AR AR A B AR VRS 2 A R s A DG A Sl
BEAT T AL, 25 B TE R P AL RE S $2E B A A L
T SCF R PR, X TR BRER Y H bR, HBT o s s R H 4
2, TR P RERS X HAGI P RE N LB T, WA A N H)
LY S Rk NRE S WAL P RES AN TS
SCAF BT 13228 H R RORZINAS SR o fEARSRA AR,
He 78 rax — PR R i AR A PR G ARSI EA AL

x2 EEMZ BEEMEZMEENRMETIENAPS mAPXT L B %
Tab. 2 AP and mAP comparison of baseline network , self-attention network and attention fusion method unit: %
J AP
s W R FE ik miE Rk TEem mE aw "
PointPillar FAifi 4 2% 74.61 38.47 21.85 40.57 11.39 18.58 0.03 30.90 15.91 28.02
PointPillar+ F {1: & /1 74.03 38.35 20. 02 38.99 10. 30 19.97 0.20 26. 82 15. 11 27.09
IR E R 74.92 39.55 22.51 40. 67 10. 03 19.56 0.73 32.84 16.95 28. 64
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FHI) ARS408 -5 2 K% B TR B8 30 m AMR 224 0. 4 m, AL
a5 H AR IR 2 oK i T ik SO ASEEIZ B b, 1 nl e AE
H 4w JE B 5 55 — 7 T — 4 B ds vl B85 242K I 1k 0 A 56
B, R PEEE JinAn FHAR RS HRB Rl G 6T N Y SR R A B B
T il RE A0 2o 4 PR ke 2 o) 22K A 1 F AR O
Fik HbRZ A5k .
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Fig. 8 Average accuracy comparison of attention fusion, concatenation

fusion, multiply fusion and add fusion
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Fig. 9  Detection result comparison of basic network and
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millimeter wave radar-lidar attention fusion
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3.6 SnuScenes FEREHFHFIERXTEE
IR SCAE SRR AR T AT I 25 S X R 0 2 400 e A 5 S
N E AT B S A IT B IR e 5 SARPNET™ |
MonoDIS®V#E AT 45 . Hiv SARPNET &5 F#OEH A A9 B
BRI, MonoDIS J2& 3 F AR 3k 1t B ARKEI o 0 i S2 40 45 51
230 LU B, AR ST T 32 X 4 A0 A ARG N A R e T A
PRI T 15, 7E nuScenes B HUS TR AR
&3 nuScenes BIFE ARG L
SARPNET MonoDIS B mAP XF Lt B4 %

Tab. 3 mAP comparison of the proposed fusion method ,

SARPNET and MonoDIS on nuScenes dataset unit: %
AP
WIRES e - - - mAP
wE KE FE ik
SARPNET 59.9 19. 40 18.7 18.0 29.0
MonoDIS 47.8 18.8 22.0 17.6 26. 6
AICEGE TR 717 44.9 28.8  37.6 47.3
4 HiE

ARSCHE 5 2 PO G5 X 265 PointPillar Y JERE [ 321 T —
Tl T 1 R ML 8 2 K O R A B i 9 H AR AG
Jiik, S M T 2R R IR R B B I AN R AU Al
AR AR LA AR 1) P R SRR S, R AN T ORISR
JE o AT SIS R UE T R $E 5 R 1A R i HLZ Oy i
WL T HAb RS D7 A0 H R k.

7 P BA S B nuScenes G B AR B ST
5 AEARAE—BE ARG I 45 SR HEO AR ; 5 S A SCEEK
IR FEAT g FUAR A P (R EA A 0 T 2 A R R
TEAR IO 2 EAR S RBOL TR IR FHE SR IO 125, R 8005 18 5
2 DK TR S R L I A5 D B et s PR g e AR o T A
9 /IMATRE AR B SOME B R AE IR, 78RR 1 AR ok 2%
JE P B 39 5 R~ B 2 > S5 D % A R 2R R AN P17 )
R, BRI BT S ) A, 23 BB A B — AT £ A 0 45
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