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Research on 3D object detection method based on
two—level fusion of millimeter—-wave radars and cameras
HOU Zhibin ', LU Feng®, LOU Jingtao*, ZHU Yuan >

(1 Fifth Brigade of Cadets, Army Military Transportation University, Tianjin 300161, China;
2 Military Transportation Research Institute, Army Military Transportation University, Tianjin 300161, China)

[ Abstract] Multi-sensor fusion is the focus of current perception systems in the field of autonomous driving. Aiming at the
problem of poor detection effect of targets in severe and complex weather scenarios and long—distance small targets, a 3D object
detection method based on two-level fusion of millimeter—wave radars and cameras is proposed. First, in the data layer, millimeter
wave radar barcode processing and camera information are fused to create a three—channel image, which is input into the feature
extraction network with attention mechanism for primary detection. Then, at the feature layer, the millimeter—wave radar information
is associated with the primary detection results by frustum—based method to further improve the detection accuracy. The experimental
results show that evaluated with mini—set under the large—scale autonomous driving dataset nuScenes, compared with the benchmark
network Centerfusion, the average precision (mAP) is improved by 1.09% , and the detection index ( NDS) is improved by 1.21%.
[ Key words] sensor fusion; 3D object detection; neural networks; radars; cameras

ZARPERINE BB R R R P R T RT

0 g é_ 25 N N — N . P — N N
= BRI T IR A TR ROI, FEREATII Wb T

TR F 2h28 3k R 40 0 A L, T 3D H
PR F 22 SRR A R N 2, JCHJE XS
H S R HT S5, K IEE EEAEM ., TR —
SRR AE— B , R SRS il A M T o
H, HEDKRE , WA GRS E Ik K2 L
EE R SEGYIES b AES WN . S5 DR
W RESNELL G Es BER T, OG5 5 LA
BT R RREIN AR N, 74T AR KT,
TFIRAHNLS 2K TR TR Al R A i — AR
BEAS FLR X 45 PR 5T T E bk I ) s iy 48

] P AP 22 K TR A S5 A LR A ) B A
HEAM T — 2T, A Nabai 28 AT
RRPN M 4%, i i 7 R A DU T (%) RPN 2% 4

EETH: ARl

BHERCE: R T T AN R (H A i A P O R A
K TINF BB B UG A bR R AR B
JEIRZERE, Meyer 25 A\ 2B T8 22 K 0 5 3k
B S, s BRI A S CNN R 2% ok it
A7 EARARI T R U T — 2K I iR s it T
Mg, H CNN HEAEH TR S BB WS %
MRS BE i N A H AR R B A 4R
W b — T GRS 25 2R 5 2 it e ks g R S
IR R OGRS ET IA T2 s A H bR SR R AE 4
R R]— IR SOCHR R R T — B 2 H AR TE
R 200 (g B, R A RRPN 28 57 0 36k X3, M T
E e TSR T el e S (BN R = 2 N 278 S 4= B e
B BN ME B9 )BT, Nabati 48 AN T

EF BN A (1990-) B WA ERHTFI7 1) B RE 0 2R

s HEA . 2022-06-11

P EFBEELN o5 A5 & A




24 B o /5 M5 MM

12 %

Centerfusion /%% |3 i 2 K I B ik S AHAL AL & 61T
3D EARKEIN, E Sk B B A 45 R ST 3D ROI,
SRR TERFIE 218 IR 1 2K ik S = 5 R EH
WA I 25 SRS IR, AT R Bl kb 7 5k
TE BE ARG . T [REUE: , AAEFRE 2 Rl 2K
PRIk R 5 R, 2 Mol B A o 28 A2 48 LE AL . H
3D HFRKMAS S e H AT H ARG A7 [ bk
Fea , DA T 52 Wi g 28l Jo 3

Mk, ASSCEE Centerfusion P45 A EEAE A7k
PR T KPR IS AL G Rl A ) 3D B bRk
M2 R 2K B kAR B AR e B s 2%
TER PG HATRE G, DLOR D 22K I TR IR 80 31 E1R
A R BEAR S AN TE LA S AR H AR AR AR A
JELBRTE 3D H BRGNS B LA R A B 2 KA
VRO VN S R A alll JE R = e

DLA-34 8T /4%

FEARIRY

{EESSIS

1 FWREER 3D BERG TR & HESR

AW E BN G R IR FANUL A S a A
3D HFRKMAESE , B 5, 7E4m At 22 K I S =15
ST AP 5 AR L S B 2 Al G, AR R =
TH PR B R A AR R SR AT AT 2 I BL Y
CenterNet [2% "4 Ry B rpucs (1) H BRAG I 0 5 | 39F
TR 13 0 H AR & Pk | = 4R & 7 1) F
RGT S = HER I 25 3 ve Ik 1 AEBL RS H s
R AFAE R[5 BB, 3 7 7/ B s B0 B 4w | LA
ROARN S S5 AT B RIS B 5 SR )5 S B SCHR [ 5]
T VA B TREAE 2 G o R AR AR P K B Ok
G55 X 07 X6 G 1 e s A B IR S A
BURFHE 2D Al TR BE B | e i 1 ok 4
THAgT ARG B | 48 45 AN TR 1 B

#IrA
2D
HFHE -
3D
CBAM TR fir il
ey
ffi 224k W
PHERE i
e
JE

[(IESEPIN TP

E1 AERAH 3D BRGNS E

Fig. 1 Structure diagram of 3D object detection network with two—level fusion
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Fig. 2 Diagram of coordinate system relationship



2510 1

e, 5. KW F B GARPLM GRS R 3D HARS I 7 ke 25

(a) 2K IBIEIRTFE

(b) 2P AL A4

B3 EREEERzFRALLETER

Fig. 3 Schematic diagram of barcode processing of millimeter wave radar point cloud
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Fig. 5 SAM channel attention module
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Fig. 7 Schematic diagram of frustum correlation method
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Tab. 1 Sensor parameters of nuScenes dataset
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Fig. 8 Convergence curve of training process
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Tab. 2 3D detection performance comparison table
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Fig. 9 NDS convergence curve
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Tab. 3 Object accuracy comparison table of 3D target detection
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Fig. 10 Schematic diagram of adding attention mechanism to the backbone network

R BB ERE =W I 1) 1A = g RS |
Bl 11 fon, 5%, TEVR 45 Sk i DLA-34 DLAUP
oRAEZE IDAUP e W28 2 )5, U2 60 41 4R )%
88 5 B GS UI25 60 A A Y, NDS B I =

\ M DLA-34 ]
W% DLAUP

0.527 4, SCg0fe I 458 2 TE B I HLHIAE T o )
DT IS R 46 2R S MRS Sk A HE T8 T
25 R AL

CBM ,SAM i i&

Ny S
IDAUP SR B s

B 11 BFFRMERMNEEANSREER

Fig. 11 Schematic diagram of adding attention mechanism at the end of backbone network
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Fig. 13 Visual renderings of two-level fused network
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