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RESEARCH ON 3D OBJECT DETECTION ALGORITHM
BASED ON MILLIMETER-WAVE RADAR AND VISION

ABSTRACT

With the rapid development of autonomous driving technology, a
single sensor with a small sensing range, less scene information, and a
single processing method can no longer adapt to the complex real
environment. Although visual sensors have advantages in 2D target
recognition, it is difficult to obtain the spatial position and velocity
information of the target by relying on images alone, and millimeter-wave
radar sensors can obtain the depth and velocity information of the target by
measuring the distance, angle and radial velocity of the moving target in
the scene, but cannot recognize the geometry and semantics of the target.
A number of studies have proved that the combination of vision sensor and
millimeter-wave radar improves performance compared with visual
detection alone, so this paper uses millimeter-wave radar and vision sensor
for 3D target detection. The existing research is improved and optimized
from three aspects: millimeter-wave radar point cloud data processing,
feature extraction, and point cloud and image feature fusion, which
improves the robustness of the target detection algorithm and the accuracy
of the results. The specific work content and contributions are summarized
below:

(1) The basic working principle and data association methods of

millimeter-wave radar are summarized. This paper focuses on the 3D target
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detection theory of millimeter-wave radar and camera fusion, analyzes the
working principles of basic velocity measurement, ranging and
measurement angle of millimeter-wave radar, lists the datasets with
millimeter-wave radar point clouds, and discusses the data association
technology of fusing millimeter-wave radar point clouds and camera
images, so as to provide theoretical support for the subsequent visual
images and millimeter-wave radar point cloud feature fusion algorithms.

(2) Research on the object detection algorithm based on millimeter-
wave radar point cloud. In order to solve the problem that it is difficult to
detect targets in sparse millimeter-wave radar point cloud data, this paper
proposes a millimeter-wave radar point cloud target detection network
based on RPCNET algorithm. The network uses the original millimeter-
wave radar point cloud data as input, detects the radar point cloud in the
Radar Region Generation Network (RRPN) and generates candidate target
areas, then uses the DGCNN network framework to extract the point cloud
features and determine the anchor frame position and size, and finally
applies non-maximum suppression sampling to ensure that the final result
contains only the most representative bounding box. In this study, the
proposed method was evaluated on the challenging NuScenes and
RadarScenes datasets, and the experimental results showed that the
proposed method still greatly improved the detection accuracy of all types
under the condition of poor light at night.

(3) 3D object detection algorithm based on millimeter-wave radar and
camera fusion is studied. In order to achieve accurate detection of 3D
targets in autonomous driving scenarios, this paper proposes a 3D target
accurate detection method based on millimeter-wave radar and camera

feature fusion, CenRadfusion, which is improved and evolved for the

N
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CenterFusion network: in order to ensure the integrity of the fusion
architecture, the millimeter-wave radar point cloud is projected onto the
image plane and added to the input of the CenterNet image detection
network as an additional channel to preliminary form a 3D detection frame,
and the white noise is filtered out to filter out irrelevant point clouds, so as
to improve the data quality and the reliability of object detection. In order
to emphasize the important features of the network, a channel attention
module is added to adaptively weight each feature channel, which
effectively fuses the millimeter-wave radar point cloud information and
image features. Experimental results on the challenging NuScenes dataset
show that compared to the original CenterFusion algorithm, the AP values

of cars, trucks, and motorcycles are improved.

KEY WORDS: autonomous driving, millimeter-wave radar point cloud, 3D
object detection, computer vision, feature fusion, multi-modal information

fusion
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3.3.1 LWIME
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TSEE

/
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TER IS WERCE
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TP i & 7 5 [ 3 SSHE DTS 000 pg e ff o, 7EFEDLAC I AR A Fld = 2m
OERBTHR, IR N IERR R . A5 EANRRE R I H Bl FREE] 10%,
ZERIPTE TP B RESE N 1. TP ARG P FBIRE (ATE) , Pt
Bli% 2% (ASE) , “P¥JMiRZE (AOE) , “FHEEIRE (AVE) FITiEHE.
XA TP, tHEFTA KIS TP (mTP) ,a15(3-9):

mTP = %Z TP, (3-9)

ceC

(3) NuScenes £l 73 #1(NuScenes Detection Score, NDS)
NDS Zx&HE it A7, BFEAE. KA e & E
At vt, HatE A (3-10):

NDS = !
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NDS it 45 & Pk fabs (mAP) MEIEEE (TP) K&l H AR

i .

SmAP + z (1 — min(1, mTP))] (3-10)

mTPeTP
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RadarScenes 4 £ 1 1) H Ar kil o7 &2 /2 7E H 948 (Intersection over Union,
I0U) BMEA 0.4 1) mAP EIE,. 55— AN F TP fabr 2 40P B %
(Log-Average Miss Rate, LAMR) 3, JuHi&H T/NEHFR. LAMR §1E5] 3
T 384 56 22 10 ST U B R %6 BT AERE B o 78 BRI A0 o) — 8 FH 1) B A of
R FL 34 b7 LT mAP, (HRETHEBAII F1 548z
JEIAT 8. HeAh, ARSIk T . BEBMERATE 11 HERZERIT S
FONZFIRAE LA, B UCR LS Ar%s, BDEZMRE 5 DM REHRE
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3.4.1 7£ NuScenes #iB&E LHSLWER S 51
(D EE=HHT

TER%E RPCNET WIZS 4L, HEAESE TFIH DGCNN M4k HEHL = K i
A A B I SCBERRAE , PR IO 285 () BE T AN i 1 REAE B E I 2R A
#ERfA T, 1M HAE NuScenes HBAERI S 12 BAEMNAH, BoRH T HEIUA =Kk
BRI R R VR AR R

Xt AT BoR, M T BB Radar-PointGNN 757%, 7K 2 fif#ff] RPRCNET
JNEAEZ WOR ZE 4R bs LRIE N, JF HAE NDS A Friert. B,
1% 3-3 i) RPCNET J5 9 7E NuScenes M8 EASFE 5 ket br, b
A5 2 R I J7VEE NDS 4 0.37, mATE, mASE, mAOE 1 mAVE )54 0.89,

0.74, 0.84 F10.92, LT HANHFI L, REF /N,
2% 3-3 7E NuScenes MIREE_FiEAL I PEREFe bR

Methods NDS(10~1) mATE ~ mASE mAOE mAVE
PointNet!’] 0.20 1.34. 1.09 1.22 1.34
Radar-PointGNN28! 0.34 1.02 0.86 0.90 1.02
RPCNET(ours) 0.37 0.89 0.74 0.84 0.92

WIER 3-4 B3 TR, KFFHEH ML LE NuScenes ZdE4E 1) S250AH b
T PointNet 1 Radar-PointGNN W Z8 R I A 1, SLia45 5K, RPCNET 1£
B B AR T A IR FE 5 T AR R E 4T, R AR 2R AP IAE T 58.8%,
FHELT PointNet MZ%, 17N, K%, AZZHFEMMAEER AP AHDHIIRTT T 3.1%,
9.6%, 6%%1 9.5%.
# 3-4 £ NuScenes JHASE b S50 K-S~ LA IS

AP(%)
Methods
Car Truck Bus Pedestrian Barrier Motorcycle
PointNetl”] 48.2 15.0 10.3 8.4 33.7 8.5
Radar-PointGNNI[28] 557 18.9 14.5 10.9 41.3 10.4
RPCNET(ours) 58.8 24.6 16.3 16.1 43.2 12.2

XSG R —DIRUE T RPCNET J7VATE H ARk AT 55 LRt JoHE
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FER AR B AR 77 TH A SR RE . 7E NuScenes £di 4 F1)s2g0 45 FR
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(2) e
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H BT EAE SEBR 7 s b AR G 3D AT IIAE o 34 Co HEAR R b i) S SE A7 AE 1 H gl dls
177 BB EELHE U2 T 4 HE R T+ A 45 SR . AR R R T S AN A R AT AR
oo BT, RIPR AR L R AL MR AN B R I T R, 58 A R AR
TRL SR M DE LRI . XM R, TSRS RE 2 TGPk,
RN GEAS /& 2 ™ B s e B b i I 7R 74, #RT, RPCNET MZSEILH T R
O SRS AR, AT 4 H BRI B TN AE 5 4 T S U HE ) 22
AT LRI EMEAE AR AT T (B4 i55) , RPCNET 84 58 4 24 72 ik
55, I HIE R ZER DN . XSS ie 45 gt — Bk i 1 A& P th 1K 7V AE
SEPR A IAEEIN (AT SEE, I B 1 AR SR T AR RE

& 3-4 7F NuScenes ¥z 8 5216 45
Horp, 0 N S T BSOS A A T T 2 B

3.4.2 7£ RadarScenes #{#E5E FHISLIER S 9
(1) &I
{EMR P& RadarScenes H¥a4E ) SEiR 25 5, RPCNET kB UESE S T
EERIRSG, HEmAPEIAR] T 62.1%, WK 3-5. BARRIAFE HERENEIRI,
HATH IREMRKBEF RN AP [ERIBARE, 230N 67.6%, 74.5%F1
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72.7%. JREAIT NEAE AP EM X BAK, AN 35.7%, A5 YOLOV3
RadarGNNUCIAH L, RPCNET 7E &AM BRE B 2 30 H BH B 42 7+ .
2% 3-5 1F RadarScenes #HE4E _F /) H dnfa il 45

T AP 5ix AP s AP g% AP 14 AP % mAP
YOLOv3[?3! 34.5 54.2 55.4 68.2 65.9 55.6
RadarGNN!7¢] 34.0 57.2 64.5 71.4 68.9 59.2
RPCNET 35.7 60.1 67.6 74.5 72.7 62.1

MAEL 3-5 KW RPCNET J7iA7E B bRk IS5 s IS 1 8O 4 AR R )
PERE, HREARAE BAT . IREMRBL A Uy T R I . MR T AR Sy
7% YOLOV3 il RadarGNN, RPCNET 7E%-28 H br F#HUE T 58 N4 Nl 145
R, RE T HAEK IR B s s T A AR R

(2) &M HT

Image Raw Point Ground truth & Model prediction

P 3-5 RPCNET &4, 230 Wi /& RadarScenes %, B4 18 F A RIBR AR £ m b
R 2B H bR o8]y S hoof R rT AL SRR S ik i m 8, JER ARSI R AR
FARSFEE AR o A M 7R A ARy (0 b T L S an 20 R TR, 1 1 B piE 2 3R
H bR A2 FHE (R R T

BEXS B 3-5 F01E] 3-6 WUtk b, D 1 S — 0 B B AR SCAITHE M 45 O 2K
P, A0 RPCNET AL 3D H ARl 45 33t 47 7 Tk, anl&l 3-5 J&oR 11
ZAERE .  X N PSSR A AR 5T kI SOR] . B 35 RO T
RadarScenes 44k LI EIA R8s, AL ST R 1A F iRt B 5 72
o 00 ) PRy M R B SE O ClpeAa I B b B 2D B HE R 7 ) VS RS F0IN ) H A 28 1) A
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L FHE,
HARM S, M 3-5 928 —AT4E 2 M/NE LR s il I, 24T AN
LZ M HPR, RPCNET BEEHEm 7 =48 HARK M FORE RS, I T X E R85

s K IE N . 5 “ATAERE X NIz S, 32 EEO0EAT AR SRR,
2R SR A B R N RAE RS EUE T NI R . Ja, AE3-51

AT ERRRCER A S, BT AR R IREAT NE SR
HAx, RPCNET Jjik[RIAE I e B (s I AE A 12 o X e AS [R) 37 5 FX ik ik —
AAEM] T AT PR IT IS B AT S

Raw Point Ground truth & Model prediction

K 3-6 MR TE UL M £ H] RPCNET

41 3-6 J£7~ 7 RPCNET I BUAE R K17 5t T HI 3D HARK AR, AHE+ %
AN T A8 S R BAR IGO0, SR BN, EMRMET, ARG R
IFHOAR I RCR ] 3-6 F1 88— 47 T8 AT AE =y NI M B T AR ) i
MR T & o, AREmPR R JE I 1B kil RO, ] [
HAE R E R R @ g 2t . W 3-6 (S =ATh AT LR, A=
SEH T VEAE A+ e ORI T B TE X AP R R = % R S AT B A BT R
MR, 3E—DUER] 1 HAE RIS i AR PR AT Rk . XA R BT
TR R Bk Z G IR I 5 588 T 5T B =4k BARK I e @, S0 1 4240 B Al
H TR AR B2 v O H B M P o
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3.5 KRB/

REREH T —MET 2 KIEEIE S 23074 B s 3D BAaf&ill, B RPCNET
s 4k, e R T oK I RS RIS HARGL & . 7 I A0 B A B AR,
I HAZE A RACEN . 82 AP PER) NuScenes Al RadarScenes 4%
PaAE EXTHEATIEAY, SZ36HFERH, RPCNET J5vAfE RadarScenes H#E%E F/f) mAP
BT 62.1%. TEAATHE EMKB BRI LA b, AP EHRI R,
TN 67.6%, T4.5%M 72.7%. JEAT NIEHIHT AP EARXBAR, 4 35.7%, &
ifi5 YOLOV3 1 RadarGNN #f L, RPCNET 7£ %N (ARG FE 25 S B0 H BH 2 1)
$Ft. 7E NuScenes FH4EFITEM AP IAF] T 58.8%, RIfE7EYLRHTE AL
T, ARFERTTIEATI RS AL TN, 55t S B A AR 1R ZE AR AN . IX R B
AT IR TR R R B R I B, AR A R 5 L N B 5K
BRIk, XA, R — 0 SCRF TR T TR I VA AN [F 3 5 R I AT SR A
PR VA
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F AR YRMERFE LR AR 3D BAFMEE

CenRadfusion

R -2 K TR T B0 i B 8 BN 24 10 = 4 B bk AR 11 32 B R 5 1
RELEFAHANEGHZKEEE SRS, 7 Aok rms rik—
—CenRadfusion. 1% /7{5/E 4 M) CenterFusion W45 3Eht it 47 T el Ffetb
AR T Z KB ERARNEGE RS R E,  DASCE =4k H AR RS R .
B, AT IERA R R BN, £ RGPS 2K EIE S o
SCRI BT L, R4 HAE P INIEE R N2 CenterNet G0k I 1 2% (R A\ b,
MR T = A MAE . HR, S5tk RS S M A, RA
ZARWE LR BB ERBHAR, N2 E LA ZIHATERE, USRER,
TERTC R R MRS, DT s B0 o B A0 E bR vl SE . 3RS, AT
W o R AR B9 7 M MR, WD — AN IE S ) B (Squeeze-and-Excitation
Networks, SeNet) X &FAMRHAEEIEBEAT AL, LAIH 58 0 45 1) S BRI . B
E NuScenes ##i4E BT 75250, SRI045 R, S5R4A CenterFusion HiAAH
b, AL, REMBEFREMKRN APES IR T 7.8%, 5.5%8 5.4%.

4.1 CenterFusion B R4 il fa£& 114

Nabati < N2 T CenterFusion 53%, 1K 4-1 f&or 17 A KIMZAK R 45
Mo EE—HrE, BRI T AHVLE) HARfill 77 7% CenterNet SR 2D 121 7+
HEF— DI 1) 3D FHE. ARG, B FHEAR FH T 725N B = Xt
L) B IS RS HARAHICIR . 7258 it BOrH 5 1R B 0 e FH A DX 4% 1) 5 — B B )
Bg N, 7RSS P BORE AR OCER A S BB G N EE 3D 1A FAE A Rl . AR A
SRR FLAESCITT E H T R IOR B X P ML B S 1B U s . el
1 P 2T PR RS0 X 2 4k SR S A 1EAT BARTIOI o %9 2% ) % tH AL 45 2D At 3D
AFHE, HI3DAFAECT BARFIREATTER. HTHEES sz mEES,
CenterFusion W21 8518 iy JE Rk, DIAh 7R i R A A4S B
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Image

Fully Convolutional
- ]/ Second )

Backbone
Img+Rad | Regression 1

4
//
Heads
Frustam Features |

iati I
Pillar Expansion Association

o OfOffset
Dim:Dimension

rimary Heads Acronyms
HM:Heat map
WH: Width Height
Dep:Depth
3%3 conv x1 cos
econdary Hea

I
1 RotRotation
e D 1 Vel: Velocity
@ I Att:Attributes
[
[

_____

(=
4-1 CenterFusion [ £ HE42
AT L T CenterFusion HA I A1 O iR H FR B CenterNet 25 DA K Jk -
MUHE R FR I SRR M E A G, 1R 411 TR E T CenterNet 75
%, ITERIREIE BUR AL, JRBEATWI SRR I 2D 1 FAE Y A BN AT
3D IMFHESEIENE . BfE, TEEE 4.1.2 A, FETLE S = ARG R A
FRURILRN, MR 1 A DR AR OQ ik R SR IE P A R

4.1.1 CenterNet 4%

CenterNet s& —F CHiHE (anchor-free) [ H PRI M%%, ML TIKEKRE
BERE FIAS I 25 4 YOLOU”),  SSDU8IA Fast R-CNNI7?), CenterNet ¥ 4% @ i 61
PG AREAE I FLARRE 58 — B BRI A A5 ] U5 250408 SR sz BB T AHBILIG B bmAsrill,
HIf &R 7 % oG el T L, 48 BARRR 9 BN ORI, & — Tk 3
E AR AEAE B AR 0 R, MIFE AR AL 7= A — AN OB . BT R B BT
HArme e, e, =i, oot a5 H A H bz Mok 2 Sebr il B Az
R HE o

XtF 2D A1 3D HARKEIIIZRMN LS, CenterNet B 55K EUZT € RW>H>3 455 A k¥
Y, LIAEHLE ORI EIT € [0,ATFFC, 3o CRSeH SR R, R
DR, D e R R R TN, W, HAR B N BRI
TEREM E . MTMMEY, . = OFF, MR ZALE AT =, STIEY, . =1
RERMENEE b (x, y) A0 R CK EARI S R, #29, CenterNet FJF A
[F] F 4 45 A5 G A B0 2% 0 288 AR TR TN Y, (45 HE & V0 U W 4% (Stacked

Hourglass Network) 8%, &R ZM 4 (Up-convolutional Residual Networks,

4



RUCRE R AR L 24 183

ResNet) UL & ¥R [ % & W 4% (Deep Layer Aggregation, DLA) B, 7
CenterFusion 1 DA R FEA FE TAEH, KA DLA W48 28845 FH TS5

Bl 4-2 i AR R W
W 4-2 R, HEIEAEYBR T MEERR, R KB
AL S LR TR ERIVRE € R P 1 H A M0 45 Bh L 2 IS R
FO B B TR 2 R A U RO RO R I MR R A — B
{1 bR 24
X T EUR E R T CHR MM S Ap € R2, I — MBS PERI%
REP = |B|. AT 20 AR (4- 1 VT AT T LSS A 5 U — D Y €

[0‘1]%><ng .

3 (x—ﬁx)2+(y—ﬁy)2>

2
20'p

Yeyz = exp( (4-1)

Hordr, o2 HARK/N ARG NFRAEZE , AR H b5 RN RSB H R340

BIRAN, SR 5 R A R G ) 385 0 28 SR TR Y o 4 SR 5] — S 0 AR R A o 191 3 A

B, BUCRMEmNE. w2 200 RO HE i M T AR AR BRI, 5 7E

—AMEEREZ AN AR, MRS &I ES . 51K RE0E Lina i
(4-2) FioR:
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1—?Xcalog?xc Yeve =1
=iy ( ByA) a( ye) Y | @2
(1 - nyc) (nyc) log(l - nyc) otherwise

HENZ B E, YE[0,1]R TR*C RIREMN ZHESEMAE, afp&TH
N

N T HERESEID TR, PO EFRE=AGIIN ERES: WE. 3D ]

SFRV A . AEE N AR BESIN T — S B Sk A, Hrp VR AR R

DS RBEARR A, T ELVREE (F 9 95 5 (R ATS M B3 D e[0,1]7 "% FIFRIY 3D

RHSIR 1 EA R RR, M T e [0, 17 BLHEENE B LUK iy 8 57 4 %4
. JIRREAbrE, HFMELEE, 48 Mousavian % NBAM77k, fEHA
HE Y HEAT 77 I o . BUASREE, 1207 M 8 A bm AT i, BAMER 44
bR, WTAEAME, PIAMREM T softmax 7338, FLA NP & [0 2I4EME
NI — AN

4.1.2 E TR KEX

AR T 3T R RBEAR, WA AL 3N ) 3D

2 A R B K, 45 3D K IIHE S5 SR AR Y] o WA T T 35 1 2% b T
FEY e /IN R 5 KR B SCHRT, A P JE 3 A T 55 A TP A7 o WA TR
N 2D WARHE. 3D BFHER S, TEPHERTET, 515 HERCBE R
(X Al 5E 4 3D A FHE I, WSAEAE 2 AN SRR, LR RIE I ST RS
BT R R X — RS L

FIFE I 55 16 s r LA TR B A ], AIXE, YA RE 4 M vl Fluy, sk
AL R JRE 2 ) Bl € RIEORC S EURT T, T i 7 ik 1= A5
fiE, BUkC, = 3. KB bR B A d, 0 e gt %oR, Hodk
0 TR IR AR . AR WL A I B BRI, R 7 X 3 P g PR 3 4
T, AT AT B M AE S B AR @S T, HAR S KR Ef =
[dr vy vp]" B A:

s ﬁlx—c|<nw andly_CY|<77hS 4-3
Tayi = Ml{ 0, otherwise (4-3)

Hrp, [ YT REGANHEA T B - P RE R E, o NS 52 HFRSH T8 A

4
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L, R T T AN TR X (e cf]T 2 2D I AHERT L,
SHM A ETE € [1,2,3]MA—F 1. JZMENHER R MERN, RE
/N RATIAE BAT LS o A TIHE R el R A A% 2128 — e Be iiAer Il Sk o

IEAIHT SRR, 2K BB R Mgl AHERTERIIE R, XA
Bl R & BRI N ME . Nabati 1 Qi 4 1 RN 1A m = W & JE AR Bk
K AMUREREETEIE R B, IR Y AT IR . IX SR A 17 T A
1 920cm x 20cm, =Y 1.5 mo A2 [f 3 AN TR T8 AT AR A0 B AP <5 3 7
Feas BRI . T & A SIS AN E I, X L8 B R BIACIR B AMY
R o XPERR T AR A AL X PP AN HERA SE N m] 5, Gl MLAESC I ) 5
J, RS AR AT ARG e HEAT 1 WS, AT Fe VR B IE PRI MRS 2 H Am L,
Frs b 1 H A

IR R S0 R AR A AR AT 8 0 AE DL X Sk Py, DX BB RN 5 AL
K. KL, 53RN L S 5 F R0 B AR R &5,
CenterFusion {13 E U FITAT AR OC I SORE A # o WSO TRl G 2P . X
FOHEREE R E T AN2 K EG B 2 TR E

225 I 2k MAR B LB AT AR AL 22 K I o i R 5 ) 08 (10 Bl VA R B 2 A S
HEAEM, EE NPAErBAI GRS o m . B2 R A B R 6
B 2D K HEAR]E 3D AHE IS4, 58 R IREOR] R A 1 = {5 B kAT
K

4.2 CenRadfusion

MR _EF7XF CenterFusion MZEHESLIK A 4R A1, CenterFusion 45 32 ZLH
THINURAE BB BURRHAE, A5 AHNLAE 55 — B B Dyt b 5l R AR R B
K RAEATH)44, W CenterFusion HiEICIEA A A Z AR EFIL, FINZEKE
ik RAEEGRIERI G 4 2 510, Bt UYL R IR T R i, =
KRR BMEARTNER . 9 7R IR R, EATT TR T M AR
THINURI =K T TE Rl A g 777, BN CenRadfusion MIZEHESE, LIRS =
Y H ARSI BAS R  an] 4-3 I TIZAESE, KBRS =A b B

CLD BB RMNE B 8K A 5w B SRR R B B L,
A CenterNet (DLAD MIZ ARy E R4, IR EEARAE B0 H H AR

4
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ot i, DLERHUAR ) —4E R (SEREATSE) « holvmis i, = 4R
TRIEAIER: , FLrI il 2 B AR 2 AR #h K 2D S 5AHE LR A1 1) 3D I FHE .
KB Bt 32 2 H bn ek BRI SR BT 1 = 4EAS AR .

CID) HIEEHE A SR HoG, Kk m =4 DBSCANMIE
REERATER G, SRR THAMRS. 25, @ IHERBRR, Kl
DATIHE 53 Ja BT I8 Rl BEREAT ORI, SEDLER B 80 ST H AR 1 Rk,
IR TERFE B o 3K 2B BRGR 1 H DR AN R A% S 00 - [0 [T i

(IID SIS 5HEm. EEME BRI EPOEREKRG, 87 5
PRI, BN SeNet!™ N JypL], i HBr v SR RE . el /L DA S Al
TR AN & PR SO WP AT IUME,  F 2 il 2 1) =4 H An e TIAE .

/Fully Convolutional Backbone ", Primary Regression Heads
i ]

Heatmap Offset
Width/Height  Dimension

Rotation

_________________________________

SeNet ////ﬁ

|
Y

D— g
Img+Rad | |

oot | N - ""l

|

|

|

[ I
l\'\ Sequeeze ﬂ]]]]IﬂB:“m.]]]]] Scale }. )

4-3 CenRadfusion [t 2& 2244

4.2.1 =B RRIRE

CenterFusion ) =4Ea I SR T FIAHMU A IR A Rk, 3k
AP A5 I B AME S F AN A ZGRI, o R AR ML T . AR
CenterNet /& — /NI FERYIE T IRIB AT R 4%, (Hifi TR B SRR, 5
AT LRI 25 KA 20 5E . Oy TRk Z S FEIE 1 e, ] DLAERFAE
Rl SR BUA A S N TR IE S . O T B H PSR RS, AT AR R IA A
P HIE R AP B R L, JRAE 9B InEIE 7R N 2] CenterNet H4
A BRI, AEIR B B AR R T D B A I ) Rk AR R
PFRAE T — D EARHER 1T, KRR R 1 B ) da e B

MRYE TR R A, AT Sl 1 R B I BE ik . S G LE,
HIE A B AER MG . 7 A IRANZ A R, A TR T LA I
B, R lbaE TAEEAMEA R, HK, AR =R m a3

4



LR TRER SR A AR S

YERMG I )G, XS RfE4EE . AN B At — 2Dy .

()F X R R RIEGR L (b)d ik Fz h A
K] 4-4 $eR22) 2D BV i b E A s LA

N 4-4 BoR 7RO EIL AT B =4 L. £ 44, FHIk RRGEE
THEEMR R AN L O TR A S BN HERR R, RS TR IS AR R
N RS EE, W 4-4 (b) Pron. HFIXEFRBLE S 3D 28] i —
ANYEFEASRIBG, BT DX SRR B T — A S R 3R s 5 TR TA RN 21 A 0 2 H A
WNE 4-4 R, ERDREX S SR B TE B2 EIF R R, E IR R AR EAE L
Parh A A B AR, R AE MR XA AR TP R EFRE R o AL RS DK B AL 4R 2
R, HRARR R T 8 A B AL A s . AR 4-4(b)H,
HIE R O, D AMETR S S PR e, BEE TR IE S B AR
R, = HEFEIRIE R RN

4.2.2 BIRHBIETALIE

N T IR ERLA G R R AR, ARSI T KU T A O T
AW, K 4-3 R IR, HKH DBSCAN R 7 ikt 2 Kl & ik ik 7t
JE. 2P R FEAFE LT R IR

TOAHAE AL EE . FEX TR IR BRI AT, e T B AT — R, 7
G RRRAS . TR KU T AR R R B R T AN R — AN R H
bR, TSR B A R A SRR B ) M o X e e g A 2 DLAR SR AR Y
DT, MR R TA) R AR A, DRI, B RS B R SRR AT I P B U
i H DBSCAN AT 28, M IR, SR b i PR B A5

DBSCAN 1 K HUAT = AR 1 1172 07 1T W 2 SE 4 2%, DBSCAN S L A
A4, HTUATRENNBRMEL T, B3REdHE. M K-means Rt
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RIBATCFEAR, ZEE ] DURBUEEARIIESR, R e n] LRI 507
T FA) & B PR 5 o
NRYIEP ST RIS ES P OSLIDAL ¥ PSS UR) S O E ORIV Ui 'e -2

PIEMB L, WL R CenRadfusion P45 R4 N\ KHe i EATHERGIE . IXAF 10 AL 2R
A IRAEE RO TP SRR AN IX I, IR 2= oK A B S5 AN LA
RS, RS8R B ARSI ATE AR B T SRR . AESRER T, AT BAVE
fiti 0 AL B D RN 1 2 i T H ARG IR BE AR MR, AT 6 0E A Rt AR
.

4.2.3 SEMEESHLH

KGRV TR A RHE LA AR IE A A S5, O T B R m R A R R
FIkGENIAIX /P, FTLLEI N SeNet (Squeeze-and-Excitation Network) V£ /)
Bl SeNet VER AIMLHRE — PR B IER SIBE, 7] DL H & R 2% > ReAiE @
=P I S

B, IR TS AN RS I A A TR AT R R AE ] P R URFIE ST
FOEEH ) 67, 112, 200, HiHEHCN 200 I, FFIEEE RS, UL, SeNet
(I INN 213 ZIRFAE B X3 e KA, A TREEAMHER, J8Id 5] N SeNet 14
ORI RIEIE A E . SeNet B PN B 70 4/ Squeeze #:1FEH1 Excitation
. Squeeze FRAEIEIT 42 J5) T B AL RFAE I 1 25 ) 4 B H 48 s — Al 4E FE
SR GBI A A 4 2 AT R AE IR 48 R0 44 o« Excitation #EE I %% > 211
AR i) 0 I TERFAE AT BB AL . RRAER e K PR RS I RHAE 1 2
o L PR A A e, DASEIUREAE I BN A o 2B AR KR S AR
IE BIIE N 5 SR I 28 R AT 3 — P IR AL 2

SeNet BRI S5 I 4-5 PR, HARHEE KR/ N67 x 112 200, {E
Squeeze FEAE . I A RO B b4 B AR, BEIERRAE R ANERIXL, FE

Excitation #1EH, ”’“ﬂ/\éﬁﬁ)ﬁﬁﬁ?{ﬂi/'\—ﬂ’] EH, i tesIE, HT

kA EIE R, M TR R, AR, B2 R, Hr= 25130k
ilf, MfEH Relu S0d s8N, FRIE4ERORFF AL, SHEHEE AN &R R T
QALY , BRI IEIE [P 2 2005 A S 7Y b Hic A IEIE ROAUE, RERCE S R
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0 B TE AR, 15 BUINBCRAIE)Z -

I GIN SeNet JER AL, T LA & N 52 > AN [R]RFAIE S8 T8 [ 5 24,
A RS Ja R AR SN B X PEANRIA RE Ty . XA B T4 e F ARl A 5E iz
RIAERRTEAN S, R AR R T RIN .

200 200
1x1x—0r

11 %200 Ixlx—= Ledx200 dxlxzon
Global average FC1  b— Relu |— FC2 [—| Sigmoid
Pooling

67 x 112 x 200
Feature Scale | Weighted
feature

4-5 SeNet HEZZ &
FESM et LU AT AURGEFT SeNet TR0 HLBIMERE 22 Fki
AR W5 SeNet & LS|, FTELE—P4ETF CenRadfusion 5%
1E =2 AR AL S5 R PERE, FE3 8 10 SO T4 AE b5 A0y = DML B

TP

43 SR 54ER

43.1 BIEEE

H 3125 B B 4 4R 08 0 Bl S R AN O G B B IR R R W B ), T a3t
PRk = 2K HEEE, ERFRA LR, PridthmiESE
NuScenes ##545 FiEAT T IIZRAITAL, 28RS M-S HEEIREN B3
HIREURAE, IEEEAE SO E M S s SR N B RS, T B AR,
NuScenes $fit 1 23 N5 ) 3D 14 FHE.

NuScenes a4 K H ZEWATA, MEAEEE 6 DA FRG LI EE.
BISTRI 2 B YA A TR AR A — AT B IA3RAT o A 74 FH 0l 4 v aT H IR AR 1Y
PIA TR RIEAT S5, DR TR R E ARG LM AT F L EBdE, B
TR E JE BN G BN IS EE .

4.3.2 jHRRSELG
N T BAERIA M =BT TE, BN A A= B IEE T = A B SeNet
BRI A R, AT AN A AR R BT T W AL, BT F T R sz 56

CenterFusion A3&Al, 7E NuScenes Zi#5 8 FiHATI0UE. 3£ 4-1 o~ T VHREIHT 720
4
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SRR 25 R
2% 4-1 X%} NuScenes 56 1UE £ [ BEAR Y A 57 45

A9 DBS  Se
Method NDS mAP mATE mASE mAOE mAVE mAAE
B, CAN Net

Center-
Fusion - - - 0449 0326 0631 0261 0516 0614 0.145
[36]
Ours V - - 0448 0315 0629 0262 0498 0.689  0.142
Ours - V - 0454 0324 0625 0256 0.483 0574  0.140
Ours V V - 0458 0335 0623 0254 0475 0570  0.131
Ours V V v 0460 0342 0619 0263 0472 0563  0.130

NI PR 4-1, AN g TRy R, BRI AR R
B b, KRS ERAEE VBN AN B BRI . 5 AN g5 TR AU A
DBSCAN miz=Z8KM7750, WIEFEME A &, X145 NDS vFoHx T 1
6%, [FINIIAZS (Y R4 IR T7 U, NDS 1 mAP 154373 Al A X g
9%A1 0.9%, 24 SeNetF=E IMLHIIMARM LG, SHHUER CenterFusion 45 AH
Le#2, NDS 1 mAP 1550437 11%81 1.6%.
F 4-2 7F NuScenes SiF4E b (135 T AN [F) 28 (1) 78 Rl 72 45

ZHY DBS  Se
Method Car  Truck Bus Pedestrian Motor  Bicycle
E¥s. CAN  Net

Center-
Fusion - - - 0509 0258 0.234 0.37 0314  0.201
[36]
Ours \ - - 0512 0265 0239 0371 0321 0218
Ours - \ - 052 0271 0251 0.37 0318 0226
Ours V \ - 0532 0284  0.26 0.379 0.323 0.23
Ours \ \ 0543 0301 0274 0.386 0323 0.239

% 42, FERNTHRSRITE T, A E BRI AP AT, N
A7 I TR S A K7 SR, PRZEA T 2R AP F840 4 BIMIRHR R T 2.3%
1 2.9%, 4 SeNet FE& AIHLBIMA %G, 5B IFUAHI CenterFusion FIZH L
B, AT AP 4540 B T 3.4%F0 1.6%.
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4.3.3 SIMBFHIERIXIEE

HAT, AYFZAE 3D BRGNS . N T KAEAHE 7T A% M4 1 20
ARG T NuScenes HE 6512 1 & FRAT I =4t B BRI I 2% AT S50 LU
LEFRASK I A, %#% T PointPillars DSAP®, CenterNet , FCOS3DP, H
PointPillars DSA WO T IE#EAT =4k B brtill 5%, MiE 2 AR S ML,
4% T CenterFusion fll CRAFTBIR 4%

£ NuScenes #Hi4E FIIPM 45 R WK 4-3 Pos. ARFT M J7VELE H bk
T _E SR HERR R RS AR T H AT B e HEY CRAFT; 2810, (A ERNE, Zik
P TAAE FHAENLREAT =48 H Anka il () 5592, 55 CenterNet #1 FCOS3D AHEL, V7%
WP HER R = T 0.8% 1 1.9%. S5HAhJriiAHtl, HEF s A M7k
PointPillars DSA BIRE R ZHEI) B AL, AN BETE, BERENK
W _EAFAERIAR, AN B PR B SVAAE B AT 45 B HERA BRI T O TR IR B
15.6%.

% 4-3 7E NuScenes M iF4E 1 HMEBE L L

Modalit
AP
y
Method
Pede
C R L Car Truck Bus Trailer Motor Bicycle Barrier
strian
PointPillars
v 0812 0438 0572 0478 0.733  0.321 0.079 0.553
DSABS
CenterNet!®”] v 0.536 027 0248 0.251 0375 0.291 0.207 0.533
FCOS3DB7 v 0.524 027 0277 0255 0.397 0345 0.298 0.538
CenterFusion® v 0.524 0.265 0.362 0.235 0.389 0.314  0.229 0.484
CRAFT® v oA 0.681 0.391 0356 0324 0437 0429 0.241 0.51
Ours v oA 0.543 0.301 0274 026 0.386 0.323 0.235 0.534

434 KMERETR

St 12 RV ARG I 45 SR AT T T AR AR DU . A A HE T AR B 0 X 4 Skt
NuScenes £ 5 (1 EUG AN oK T ik S BAR TR RIS RanfE 4-5 1
K 4-6 Fr. EE 45, SRR RABLFIITEDL T, FEMHRE IS B 1 4b ] A
WEL R, %2 0T DLER A DU 2 AS [F] BE B ) 2 AIAT N Bl 4-6 o TES =
RARS, SELBIGHIERT, TEAFESMER, LIS, %M 4 680 E i

5



LR TRER SR A AR S

AT 24T N, BEFEAE DL RGBS k. BRI, ABEFTIR K CenRadfusion
P 285 — P LAY R4 B M M 1Y) 2 AR AS l 45 = 4 A Y X 2%
— _— . ']

K 4-6 FEFIR R AOCEREBER LT, B AR

4.4 FEING
A EAEHAPANER) NuScenes 3D B M KL #E EIPAL T A& H 17 4%

CenRadfusion W28 454, — A I 5 272 30N P 9 H ARAS I i 75 8 AN o fil
A= 4E H AR R I Bk, T8 A 2K 3R IR AR B A A e B ARk T .
CenRadfusion J77%:%f CenterFusion 56 Fif Rl & W25 HEZLBEAT | 2 Akt .

(1) AL 7 FIREG, 8 5 PR A5 i) gl a0 o A% 2 i b 5 BB
WNWZE, $Em T =45 H bR RS

(2) ABEMH 72K FEERHEIRE DBSCAN FHATHEAEIER, JEFR
SRR LSO BAR P R R, X e DL RS 1T AP AE, M
)R ARG, B SS AT R 7 IR o

(3) ARFUIN T HT SeNet HIRFAEFEIUALE,  [H & N i BRI

5
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BN, REMRHEEE ST R RBUE, S92 0 HEERE, LR E
$i2 v W 48 FRIB AT R A 2 B

(4) SKIERW], E=4EERld, Mot /EH) CenterFusion FLIELEZEH .
AT~ BEFEZE =PRI 20 A RN HERf 2R AT LR B 54.3%, 38.6%FH 23.9%,
NDS LK ) CenterFusion Bi%42 i 1 1.1%, mAP &% 1 1.6%.
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BIERGERE

KW IEFARLE AR FA T A H 233 2 2500, BT H Al AL A
ARG HR B IERIZ SN B0, A 5 22 B U 1 3R B h
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