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Research on 3D Object Detection Technology Based on Deep

Feature Fusion

ABSTRACT

The rapid development of intelligent driving technology has
heightened requirements for environmental perception capabilities. As a
core technology of perception systems, 3D object detection directly
Impacts the safety and reliability of autonomous driving. Recent
breakthroughs in deep learning within computer vision have brought new
opportunities for advancing 3D object detection. However, existing
methods face multiple challenges: monocular image-based methods, while
cost-effective and easily deployable, suffer from insufficient 3D spatial
localization accuracy due to the lack of direct depth information; point
cloud-based methods can obtain precise geometric information but
experience reduced feature extraction efficiency due to point cloud data
sparsity and irregularity; and multimodal fusion methods, though
theoretically capable of combining advantages from both data sources, still
face significant challenges in cross-modal feature extraction and fusion. To
address these challenges, this paper conducts comprehensive research on
three data sources—monocular images, point clouds, and multimodal

fusion—and proposes a series of innovative algorithmic improvements.
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The main research content are as follows:

(1) To address the issues of inaccurate depth estimation and low
detection accuracy in monocular 3D object detection algorithms, an end-
to-end model incorporating depth awareness and multi-scale self-
modulation is proposed. First, in order to enhance the model's performance
for objects of various scales, multi-head multi-kernel convolutions and
scale-aware aggregation modules are employed to extract and aggregate
multi-scale information. Additionally, to effectively integrate features
across different scales, a fusion channel attention module and a self-
modulation structure are introduced, which adaptively modulate the
weights of specific spatial and channel dimensions without sacrificing
spatial information. Second, to enable depth awareness of the scene, the
learning of detection object visibility masks is introduced as an auxiliary
task, and object-level depth labels and L1 loss function are used to
supervise the prediction of the foreground depth map for this task.
Finally, experimental results on the KITTI dataset demonstrate that while
maintaining comparable FPS with current 3D detection networks, the
proposed method achieves improvements of 4.29%, 1.85%, and 0.75% in
3D detection accuracy for the car category at easy, moderate, and hard
levels, respectively, surpassing current algorithms and enhancing the
accuracy of monocular 3D object detection.

(2) To address the challenges of inaccurate object recognition and
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localization in point cloud-based 3D object detection algorithms,
particularly the issues of false detection and missed detection for small
objects, an improved algorithm based on PointPillars is proposed. First, the
integration of residual channel and spatial attention mechanism after the
pillar feature network layer enhances the network's ability to model global
feature dependencies and improves the adaptive selection of key input
features. Second, an offset-based dynamic upsampling mechanism is
proposed to generate high-quality, detail-rich upsampled feature maps,
providing more robust feature representations for subsequent object
detection tasks. Finally, to better integrate multi-scale feature information
from the 2D backbone's upsampling output, a feature fusion module is
introduced, which not only incorporates semantic information but also
preserves detailed information, thus improving the detection performance
of small objects. Experimental results on the KITTI dataset show that the
proposed algorithm achieved a 2.39% increase in mAP for 3D car detection
compared to the baseline model, while meeting real-time processing
requirements. For the more challenging small object categories (Cyclist
and Pedestrian) in the KITTI dataset, the algorithm achieved improvements
of 3.92% and 3.91% in mAP, respectively, in 3D detection tasks. These
results conclusively demonstrate the effectiveness of the proposed method
in enhancing 3D object detection performance, particularly for small

objects.
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(3) To address the inherent limitations of single-modal object
detection methods in intelligent driving scenarios and the challenges of
feature alignment and fusion in multimodal detection, an improved
multimodal 3D object detection algorithm is proposed. Based on the MV X-
Net framework, the algorithm first enhances the model's detection
capability for different scale objects, especially small objects, by
constructing an optimized ResNet-50 network to replace the original 2D
backbone network. This network increases the receptive field by
introducing an ASPP module and enhances feature expression through a
multi-layer feature fusion mechanism, thereby improving the network's
feature extraction performance. Subsequently, to achieve cross-
dimensional global modeling of features, an innovative triple attention
module is proposed. Through parallel branches, this module models
attention across the channel, width, and height dimensions of the feature
map, accurately capturing multi-dimensional dependencies and effectively
enhancing the feature expression of key areas. Finally, to achieve the
efficient fusion of image and point cloud features, a gating mechanism-
based adaptive fusion module is introduced. This module achieves the
fusion of heterogeneous features through dynamic weight generation and
incorporates residual connections to preserve the geometric structure
information of the point cloud. Experimental validation on the KITTI

dataset demonstrates that the proposed method improves the 3D-mAP for
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Car, Pedestrian, and Cyclist categories by 2.00%, 3.98%, and 4.37%,
respectively, showing exceptional performance particularly in complex

scenes and small object detection.

KEY WORDS: intelligent driving, 3D object detection, multimodal,

attention mechanism, feature fusion
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BVUE: S m IR ARSI S Bla 1) = 4k B ARl 50k o 12815 1 B S5
ZHESH =M. HNH T ET S 3D AR AR T SRS
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TR RIG D RERVEAI N A T ik 7 4 JRTE R R . ShaS EoRAEREH . RR bR &
PR SCBERAR o« R JE ARSI E R S B ARl 1 AT A4 73 A, JFEAT B R
s

FhE: ZYRBERRERFEAL G I = 4E B AR N SE . 125 B AR =
AR TR T AR E SN AR T, IR T MVX-Net
LRI RV 28 @ E KITTI S5 Rseit, 00F 17 ik ma sk
P, AAEREPUE SR TG AUE . 5 Je E VR AR LEAIAS U 4 2R m ALAe XS b s S =1
X AR AT B, IR S H AR K A T 1A o

WNE: BASREE. BRI EETAR, XA A 2 AT

LA & B4 e IR AR 5 170 o
( #FFEam )

v A
FER AR, AR JUAH ZRERE: RN
fij 8, (HLERIRFES B W, EREL . SCEEY PREAE T x5 St

SR 1] A
v v A

HBH REMATA | | AR FHERRAT R BT
i RIEZERR NN=E B el A ARG

Y

BHTE ZRIEB R BB RESRER || ZEETE: ULKResNet50.
BEbR . IR BB bR 1. S ERRARHERL S || S SRS T

3 v v

L ATV R R T LA SRS S I R P SR A

1-2 AW T TR R 1A
K 1-2 feos 1A SC =T 78 AR B ARZ AR 45 . HEEIABT STl A, 1K
ORI — T AR M ORBEBOR PR Pt IHeR Tk, Lk =35 22 18] &R R
Fo A DAURANR . ME ] ONIES, EEM IR TEAMESE R, S
Rl S AT 2 RIS IS /N A At 2RSS EHEB S RaE e, £
ok st LR R I H AR R
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$F 28 ETREFIN 3D HirtEMHEER RS

3D Hirtal SRR E A B AR P ABERIZ LB, WTEM©eT
BN B R SREAT B R E AR S NEF BRI AR, AER RS
PEHL A 22 TIR S 2T 1) 3D H AR A SRR . LR 70 9 DU AN BB 23 FE T -
BN BER M S IR S, A FEA O B BT U 5
P BT B AN B A PR 2 ZE BRI, VRN IR 2 RS 1 3D H Anter il
BORTTi: =000 Rl 2 Ak SR EEE 02 T 2 3D HAsFil SR Ty
PO e B DU E O [ IR A T A R 1) i B S A PN FE A o

2.1 EFAHARMEIRID

HBRARL ML (Convolutional Neural Network, CNN) PSR A7) oA B A B
AT ENALSE T BT, (HILE O V2 N T % Fh 2 4R 25000 1 AL 2R . AR BT AL 2 11
BARYEFEA R, CNN A7) —4k, “HEM = ZE55 80, 73 il S T SCARIE 5
TG . IR = SRR 24T . 22 i) CNN G5HAn B 2-1 fiis, 3
A ZE (Convolutional layer) « #43% /= (Activation layer) « #14k/Z (Pooling layer)
LK 4 i#4% 2 (Fully connected layer) PYANES4M2H AR -

200>Q 20020016 1005100516 10054.0016 1281
33536 / < 30646~ 5056016 64>1
P 252 250 T
I 0 sl P 2
LN — = — >
‘ i
EHE HLE ERE MR 2EER

MAEG

Bl 2-1 CNN 544 151 ]

GIREE BRI LS (CNND O, 324 57 N AR e R
TR ERARRAE, FEEMRAC BT 3D H Frer il S5 sk A 55 2 O o B TR L 57
SFARBIPE K, B RERAE N 1 4k G AL IZ 5 v i 31 52 2% 1 = 4E 50
e WT YERE, BAREREE IS S B AT R ENE B SR ERAEAE, 6
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T =4 (R m AR SRR AN =46/0, SAEMKRE
[A] R RTR L T8 LA e P SR AIE

AR EA U R BRI S A G Z R RA AR . £ 4R,
N BRI T RSN H W O RN KEERTERD 1 —4E5ERE, &R
W —ANEUNAFERE . BRBRFEE S ERRAMA KGR L1Ez), Z5 R
FHIE. HERZE BGRIREA RE X FF, SRR TR 25 2RI
SRAE R EATIE AR, ISR BURAN, 15207 & % AR . X1
ARG EZPIAT, RALR DR IREE .. ERITERRERN, DiE
(Stride, S) W€ V BRIXARIG LHEEHP K, PIREN & T 2k A E R 1
IR, AR H D IR 2 08 R RF R B RST o Bk, O 1 G R R
REEGIALE RN ER, BHESMEHBERAT (Padding, P) , MWLM K
BRAGIINEE, DRI AR B 2 B R, 4 is Sire i 2-2
I

0O 1] 2
3|45 % 01 _ 19 | 25
2|3 37 | 43
6 | 7| 8
ESAA
o NE R ESy e

B 22 4 iis R 1 K

S TR RVE BB AL B b B B AR D, (H =48 5 s A 3R s AN
eI BRI R R, P IR AR O 1A R I = 4R B R TR AL
GRS BN =B . S 4GB0, (HEMASIE N —1 =
YRR, MR FAR =4E ) P B — /DX, BRRE RS Y e v =
Yt o BB ARL SRR PR I R 38 DX o F5 ), B AR S X SR 3R I B 34718
—HHIRIF R, BRI RAE . ZI A ZGET M N AT, AT
YRR . =B IR E 2-3 P, BABERK RS H*w*D (G
MR TEEANRED) , BIREKIRSTN Kt Ky *Ka (3% BB B =
AN ERRSE) , i S e S RN BT S, T E AN REIX
ST IOAURT AT A= BT i HH A4 2R
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LR
o N B8 BRER

K 2-3 =4 ia R K

iBAL)Z (Pooling Layer) 2 5GHREZH I A MEH I —NEZEL . L)z
(1 32 A P T IR SRAF SR A X R P AT 2 B 8 JEE P I 4 2 B0 (1 4 P A
THEE, RN ORE CBRA AL B o £ =28 HAiill, ik E i A Tl
FUEE R TR 8 150 90 268 R T S8R R DR R ARFALE ) B R P BAT B B

AL Z A AR S NRFAE BB 3 — AN /NIRRT I, 8 A HE AT R €
RIAE, AT ZE RSN BN IRFAE I o & L AT R R G e R L 2t
FEAL, BENLBALEE . o, ot 2 M i) iz iy 3, R Rl 4
K 2-4 Por, 38 HCE A SORERACRAZ X SRR, SEHCH =) B X sk
B IRFAE, DA RAE R 0 R, TR 1 % TSR A

Max(1,1,5,6)=6

1124 T

5|6 | 7|8 |__fEH2MHMHIERAS | 1

3121110 Ba) K2

11234 BRI R P
RFAIE A6

B 2-4 otk is 5 R A
=4 H AR F, ROI Grid Pooling (Region of Interest Grid Pooling) +&—
T IO T, T AR RN SR X (RODD BRI 7€ K /N RFAE
Bl X —J7EArE T A B =4 i m B, U R RS B . HR
B 2-5 fs. B, BEARHME R BB (ROD RII4F 5T
TR GRS EERERAET) . RE AT RS T A G Kt
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BTl  SREBOGZ MRS 1 S RAE BT IR, Wi A2 B[] 5 RO AR
Ko 2%, XEHALE R IE S gt i, BR— g R s, M5
Rt — DAL, TR H AR 2 EAE

|
3.2 _r lse ~~ : o :
O (I A= ®__ _>~_ __ROI-grid Point Feature
N ap
/, ® [ )
,/’ Grid Point Key Point Raw Point

2-5 ROI Grid Pooling iz 5 J5 # [&]
BOE R MR SRR EM P CRANr, H 3 2R 5] NJEZME AR i,
5 WA AL 92 5 R R SC S R A, 1 9 R 2850 B AR IE RIS BE ), X% T4k
Bl R IR ) =B U B R R AR BRI R, 8%
FHON G AR Z 5 R AE B AT SR 2t A . W W RG0S BB L HE - Sigmoid AN
ReLUBS, BATTAEAN R IR X 28 S5 A FIAT 55 o B AN | 1) B2 FH I s fn i 35 . kiR
HEB K 2-6 Fis

f(x) T
25

1
2
0.6 1.5]
4 14
02 0.5
-2 -1 1 2 ] =]

(a) Sigmoid & % &4 (b) Relupg % &4

Kl 2-6 i e B 5
Sigmoid i B EE i B4 I N T M2 TR s R AL, KA RIE
Bk

1
1+e7*

f(x)= 2-1)

HI BRI LA Y, Sigmoid bR HCRHfy MELRST 20, DEYTEEA, XS ELE
T RAESS R ARG BUONE o T LB RO R . JR1,  Sigmoid
FETR = W 48 T 8 5y S SOPB PV 2R 1ol L, 5l R AR TR E N 28 I ZRid A2 v, B 3
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AN, B R, SEONGRENE. O9 T RX — R, ReLU i ek 44
N, Ay

0, 0
f(x)={X ijo (2-2)

H KB R AT LLE Y, Relu B0E BB M E R TF0, St v A E;
LA NEAD T EEE TR0, FiHoAE . XEd MEEeE  (RIOEEE IEE 55
HIFRZET0) R THR R, 85 AR RETH R M), A e I Il ZRid A2

23%4#%)Z  (Fully Connected Layer) i A7 TR BH A P28 (1) K i, $1 T4
GRS = 4R AE WU B Oy — 4ERFE ) . BRI S, AR Rl
GG E W RIS MMEITTHER, BN EEEN A M
maEH) . BAMATTHS L ERTE A THER, EWER ML IuHE
Wl —ZRIFrAE R, AMSEIRE R mat & . £ RAESY, 2EER
A R DR /N S TN SRR I BCR, Il I 1K — = S B 1 o 1) 2 ) 1 A
i 2-7 B

—> 0

—> 0,

PN (51 )=
K 2-7 R

2.2 BIREFS 3D BFFEMHARETIA

FRLES 3D H AR EOR S B 302 BT (1 — DS BOR, 2 BT
AR IR EEAT F ARSI o ARG T B AR SRR, PSR T DL By
NFHETRGMEET = RS R RINEERHE R L FE BTN 3 5
fAEREES, &% BB REIRE.
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2.2.1 ETFE&R 3D BFrteNE X

BT M ) S 3D H ARRIN 77 V28 i 4 A T H BHRAEE T 2 H EA
PIR o FE T 5 H UG 75 12450 F B AR ALEAT BBCR B, 20 T R I SO
JUAT 249 5 DA B AR (0 TR FE A5 BT =4 B RS IBT. Mt 2 R, T2 B EMG
(77 92 5 e 22 AL B R A, 4R R B A FIALA B E S, *he s H
BAIER FEAS B A, AT B i ar MRS FE o RV IX P 2 7 V2380 J T PR () Y s
HENESEI T N FAEERE =R

FLH 3D HARKIN v, F AR T H AU SRR BV o AU R B
JIEVL ORI B 7 i, FORO R B i 1] 2-8 Fis o i T 1 B B VRS 5
T Y EPAGIAES, B ERMEER LHUE L4 2D-3D Hi, RIS
222 B APR 1 3D A7 B S8 X T IERE B MG R HE A I = 2 (5
B, Bl Ay DLk AT un B ) gk, BB T EACE . i, M3D-RPN
(Monocular 3D Region Proposal Network) B8t 5] A 2D F1 3D 4 piHEZE, fE4F
AMEE EIRIE AR 3D A28, JRmd IEE I (NMS) PIIgITAAL. 2R,
TR BE A5 B AR BUR T UG AR B, 3% 8 5 R AEUR BE Ak VRS I 14 L AT3 SR T 1
ERRMBRER . AL T, ToR s SR BT R A O T8 fORESE, i d i
LA N2 B AR ) =4 @, GRS, fE . RF IR
BAMISE . L, CenterNet! Mgt 7 —Fhohk TSGR s M o5 SR AR 22, ) FH =1
ST H AR O AL E PR RSHRIsAR AE R M o 125V A T AR Gk T i
Mt (EEARESZER TR A T RASHERA I o 1 XU BT 32 00% 3D H bn i 4y
BB 58— BRI LS 2D B ARk A S84 i e, 55— F B
X4 2D HESE S F 3D A [H], FEREAVIRI =4EE Y. X RS 245G 2D H
SRR AR S, (HTE 2D 2 3D RUREHIE FE R, HERR IR FEAS L7548 2 s e e U
ORISR R . B, FH ROI-Pooling /524 Faster R-CNNMUK LAt 4™ g
TN EAk, HTIES M Bmil 3D Hirs 8. Midss &R EE S E
WRJUIAR, ZI7VEA 35 7 2D 3 3D BB FEIE .
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Filter

2D
Convolutional Neural Refine

Network

Pre-defined Anchors on the Ground

3D —L— BirdsEye
&= View

(a) Single-Stage Anchor-based Monocular 3D Object Detection
——— Category

2D

» C —
Backbone predict (U, G ; & -
Depth _ i . N
— 5 ¥ Combine Transform to
Center Offset the 3D space
> @) T :

Size
> LWH

= —» Heaging =5 LSS
(b) Single-Stage Anchor-Free Monocular 3D Object Detection

2D 2D Detection
Object —_—
Detection

Network

3D object
Parameters
Predictions
Head

PN | =
Lift up 2D Detection to the 3D Space
(c) Two-Stage Monocular 3D Object Detection

Kl 2-8 B H 3D H A5 2 K

% H 3D HistllZh & 1 ok B 2 MGk B EIRE, Rof% £ =412 [A] 2
HEE Uk H AR e SRR B2 . 56T Sl (BEV) 5781t ¥4 2 00 ]
B RN G — 1) SR S, M AT 3D Bbskill. #itn, LSS (Lift-
Splat-Shoot) 275 ki@t = B44F (Lift. Splat. Shoot) ¥ 2240 UG4S AERTH
B =420, FAES—0) BEV FHEE BT 3D HEsK . BEVDet™ it 1
LSS 77, SIANT ZWMEEmISE . WA BEV Hwmidds, #—D8t
T BEV FHEEIMREEE . KW, BT EBRE RS S 2 8] e B T i%
FEAS I, DRI, G for 0 AT 10 A D RO P38 T A0 BGOSR 1 12 5 2 T s 14
FEPRAR . 53— FRINENR BT B AL, A ok B SR 3D H bR AT,
Fi@E Transformer ZEHLH S EUGHRFEMAT A B, MTHETHE I MERE. F1d0,
DETR3D #2H 7 —/~3EF Transformer f¥] 3D HARFCMIHELE, @I FBL ) 3D X 4
WS A EBURRFIE AT B, &M 3D U FHHE. BEVFormer it —
SINT ZEMMNIAL BEV iy, FRdid #5490 i 23 IHE = LRI R 77 H =
ML, G2 TR (a5 2, 399 T 2404 3D B AR IR .
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222 EF S =10 3D BistNE X

BT A= BRI, B J7E E AT AP Rl BE T s ik Ak
TARRIW 75 FT RS BRAE R G Fl s EPAT =4E HARkaill, ks AR
W78 et e AL, B IRy B P04 S5 K FAH SR ISR () = ZE A R M
%o

BT KT EA G 1 s B v AT R SR, A 1 B B e i A
HRTBEA AR o X R TTVRIE R I kR S SRR AR AE 57 2] SR, A s R )
H bkl A I RAAE . BAARSRSE, BT s 7 VE R AN R ) 2 2 SRAE SR R AR AR
ML, X RIS ST AN, SREOL R ERERAE, JR X SRR R
A7 EARATI, H— SR I S a0 ] 2-9 BR . A0, PointRCNNPOTg & —
PR R B T R 7, Bl SR F 0 RCRAE (Farthest Point Sampling, FPS)
PRI R AT KA, I T 88 R oRAE J5 1 R 2B A 3D H AR BUREAE . 207
FRE R E Z R REIUAME S, BR TR H TN H bR T ARFIALE .

‘ T Sampling Feature Learning Predict
— - i
‘Q = (n g

,  —] o] !
1 1:|- —m !
Voxel — Predict 3D objects |

! p g( ) ok Sam g based Sampling | E— R from candidate |

: points& features 1
1
1
1
|
|
1
1
|

N

Ly | Feature | | | Feature Candidate i
| —————| sampling - *3| Learning| 3G Sampling| c,| L earning| <. Generation Mxc, Predict M7
3 S F S F
Point-based Backbone Network Prediction Head

Kl 2-9 BT S0z 3D B b sk i 2

HET RTTEAR, BETRRE IS EA WMERE LR
o B A RN B = 4E MR (RRD , i —FoR i R s AR IE R
(Pillars) - 7E&] 2-10 H1, AT LAEMHE 2K A ER 0K 3D B Arta il R 2
Horr, FETRR B8 R X7 R B = 4E A, (7545 SE B G AR A R 4%
(CNN) RERSAEIX 8 UL R 2R _EREATRMESR I . VoxelNet LR AA R A J7 4
FIOTAIPE AR . B M A 2 A AR RIS (VFED 2R A2 A
FHU T RIS HIRHE, JEHEAT 3D BEbrkille BT RAIMBAR AN, JAEiEAn
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AEAR AR S, P VA R e 1 o SRR T B I s AR T Pillars 1) J7IE
WHEH T —For Bl % 77 B PointPillarsPUAMER, 1Z77 1544 i = Bl # 4L
NFERAR R, JE45 & PointNet! SIHEATHRFAE 27 21, T RWRHE i 17 4 I3k J52 MRS 52
Pillars [R)ZR7- TP IEAR BT AL SURIAR 2 WS SE N R, RENS B 4 A B AN 0 AN A
G R w8 . DRI R B 2 S IE (BEV) #LE L, PointPillars fEf2
RO 2D R R AT AL, HE—B 5T 1 3D H b s il ReE .

Voxel-based 3D Object Detection
Voxel Feature Encoding(VFE)

=l —®

Voxel Features L
Point-wise Features Sparse Voxel Grid 3D Sparse
nvoluti

ap
utional Network "
W /4
" BN

Detection Head
2D Backbone Detection Results

Squeeze
A,

BEV Feature Map

Bl 2-10 £ FRE 1 3D HARK 7 ik R 2 A

2.3 RS 3D BFFENFE AR IA

2 3D HIRMEBORE G 1R A AFAL KRGS 1 8dE, @ 2R0LEH X
(LiDAR) 545k, LA B bt a5 5 &t BOCHB R AR
Z AR AV, TSR AR SR U T DL S 2 A S AN S B, T B A R
P, WUV RR AN AR RS R IR Y. ARIERL S RIS BL, 28835 3D Hirke
LI 7> AT A AT Bl =S

R & VAR O AR A S B A\ LiDAR il idiE 2 fr, ot &
GRS R R TR G, RAREEEE 2-11 fror. HREXKIEAmE S,
AEFRFAER BT 0977 2 1 Seidsd 2D Al X 286 MG R AR B H bR FE, 4R
JERIZEE 2D SN FHEE B S R o RS &, AR A IR m AR T H i
() 3D HArfaiilds b 32y mU s B i 2D AR R 4E ) 3D
IR X8k, F-PointNet!™ & XISl & (T BIPE TAE, R K&K 2D 45
MY ONHER IR N T Rz > 1 AAR R AOVa L St R eR . ke,
VF 20 T 7038 I AL R AT A% Rl 2 BUAE P AR AR B o it — e 73X — 5

%o
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Input Stage  Feature Extraction Stage Input Stage Prediction Stage
Prediction Stage Feature Extraction Stage Confl_dgnce
- Prediction
| 3D Backbone
\\\ 3D frustum proposal 3D BO_X
Images "K IRERJrESEE 3D Object Detection Results

S
Image Backbone D

K 2-11 Hirkla 7 R R

S VA NEAERE T A IR 3D H AR i b e B Bt AT BB S R SR
Hoha, FRPREIE 2-12 Fras. KTl AR AR B By R IUE B
B E Rol FEIAKT Bt & AT M5 B . ERIERIT B, Etiliid LIDAR 5
AR TA) (AR A AT i s AR R R B0 5GP FH X 50 B ok 2o IR
MR = WRFEE AR BB TR S PRE D5k m) DUEE R B8R RE 1A
RRFIEGRIDEL 5] N Transformer 2244 K SCIN PR R AR RFAE AU RS o 3 2 72 Ao 0 A
EHP A ZEATE B EAN, DRE MRS ML, R 780 A A 1 EHR A S
ZHIEAMESS, ATSEE 1 H ARSI R R . AN, 3 A L AR B A R K Ry
kgt <507 Rl & BRI A B RFIE,  sefs A ORI T I Ae

Input Stage . Feature Extraction Stage Prediction Stage
o Prediction
Point Clouds . /

Point Cloud Backbone

Fusion

Image Feature

\ 3D Box e
Backbone Regression
3D Object Detection Results

B 2-12 & s AR
Ja R 7RG E AT 5E A 2D F1 3D B bR S, il T AR I 45 R

HIF PR 2-13 Fon . XA R B &R LIDAR (e IIAE 24T B R A
A 2 HIA N 45 R . CLOCSM O Ja il & AR A, Bl 5] AR sk 838
f4#% 2D A 3D HERECAAE S, JFl 5% ST S 28 1) H b BLAS BE RS b A 1
BeAt, A — et sl 5l N E I 3D A G AT B R A s, B T
JaRLE IO o Ja Rl A RS B ARIE S5 AOL SE il , lad fl& B Bos 2
SEIRS A BRI 5 2R, DR eV 22 B A o B e ) S A

Images o
g Image Backbone
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Input Stage Feature Extraction Stage Prediction Stage

2D Detector
Fusion L
. 3D Box
3D Detector 3D Predictions Regression

Images

Confidence

- Prediction
Point Clouds

3D Obiject Detection Results

Kl 2-13 JaRta 5 AR
2.4 BIREANRFINIERR

2.4.1 KITTI #3g &

KITTI #4517 B a2 B b i AR E sk a2 —, T2 N A
T =4k BRI S RO SEAE 55 BT 7T 5 DA - 2 8 S B R /RS e 2
TEEbe 54 S E T Be ik & 8, RED RN 1 Wi & L IR IR
T, HEmE 2-14 fron, LT 2 ETERE R, BN A
AN —> 64 £ Velodyne WO H L o X EEBE MY AU SE Lm0 A9 18
BAEE, CREMMEET =4E 2 W, Elm R RN R a8, BotHEERA
10 R Z&FIFHEIR, fEUs LB 360°M Sed4h, RMVE AR 120 K, KA
2 HAK. N T IRIESERE RS E N, FRNARCH T GPS M IMU R4, DAE L
BRI THE R AR BRI 283515 12

(Al heights wrt. road surface]

T All camera heigh;s: 1.65m
Wheel;axls Cam 1 (gray) = i
(height: 0.30m) Cam 3 (color) = To0.06m
H Cam-to-CamRect  Velodyne laserscanner
i 0.54m & CamRectG X (height: 1.73 m) :0.05m
-to-Image . e =
1.60 m Y T | Cam 0 (grayuéy .......... IMU-to-Velo  wiweeees
0.'06 mT Cam 2 (color) Z
: H y 0.32m
H Velo-to-Cam GPS/IMU
: 1.68 m H i (height: 0.93 m) v
0.80 m — 0.8l m 0.48 m
0.27 m

K] 2-14 KITTI ¥ REE
KITTI 440055 | 2 M B SE 5, W I E M. SR A M. JEAMHRL [
ELZMIAET. BEEF G i T B AR R, s Bk, AT

AN B BAT RS, HAAAF RGBS SEWE O, HR3E B Aw fke I 5 ) 7
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T 57 Cd m AT =38, TR TN A F R IIAT 5 AT PR REVE
e BAMIREAS TRAWT . EEX. EmEARSHN HZ N5, HhA
T 3D HERKM I ZREE L 7481 SRR, MRS 7518 TRIEURIE40, g
b, BAREIEHRE T 520 B R a8, i R AEC A RS 2D A1 3D Ax
R T 3R 80256 A HARXS R o REAMFRECSE HARKI RS A ALFR DL A (i
B s S, AP FERAE T R 3D HAsk I ZR 5T & .

KITTI B AR AL T & A5 B =4 R = s, B 0¥ TR
HERCE, B AS [F) A TR TR B R R G 2 o 9 dm, BRA3E T ML e A o A o
AU ER A M FL A, IX S0 B A5 A9 4R 5 =4 R s e e A —
AR ZR AT RERAICAE, PRI T 2 B EUE A A

2.42 TN IERR

H 30 S MR HOB T RO EE . $RABCREE 2 Ml SRR B A A8, H s
I W B R G AL AT 55 2 — o FE HARRLI R, VRO AR o] Ao A . S
ISP AR FE AR A HE B PRSP FE b o

SIS VE VP AN AR AR AT B A I R G WIS AT IR E, W R W
(inference time) HMii#% (frames per second, FPS) KE/x, LT RGAHE
— WIS BT B ) A Fb b BRI BUE B 0T H BB B B, FPS S —
BUC AR AR R, 8E Y S bR R4 22D RRIAF] 10-25 FPS, R4
ALFRN (AR L 100 228D, 1XFE A BE LRI ZE AR 7E 3 AT B S B RS o ek
BEH B RGBT T A H] 25 FPS P L, DMETES F A8 @I EE h Se il 2 4T
TIPSR e P H A S RG R OCE T, KN E B R B S ok
MIfe S, JOHRAEZNR T IRIELT, FR RGTREN SN SR AT AR LR A

£ 3D HARKAER YT, H PP AR AR IR (AP« P34
JEHME (mAP) . APLIBURT AP40. AP J& i/ RANHI TG, AR EAEA
[ Rl 238 N PR R I o FLvh B0l i S T S Rl R RS A,
A FIRFATR R Bk, AP A AR N:

AP = j tP(R)dR (2-3)
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Har, PRYEFEREDRER FIKE. N THE AP EENEE, W KH
FEAE 5, KRS A AR A R R AL K R TP HEAT TR AL . AP H 1 I B 42 S Ik

TAETUAE A A IR A LR, B K AP AR R BB (1 F b I E /0 500
mAP ZXt ZARAE) AP (HHTE, BEMSER G S MR A 22 S5 A T AE 55
FIFIR I . mAP 1iHE T OR:

C
WW=éZAR (2-4)
=1

Horbr, C RIARFINEL, AP A ¢ REARH AP fH. mAP G, ULIIBALE
P 200 LIRS BE R, 2 2 H AR RLIIAT 55 1 — AN 8 4R AR

ItAh, AP11 A1 AP40 52X AP B —F4iAb 1AL, 70 ml7E 11 AT 40 A H 8l
EUFERE R o X PSR SRR A (B3R AT SRS I AL, BE NS T AT T A
BRAREANFRE L N IR ESCPRRH T, AP40 fEAELL APIT B0 BBk, [
NeER T EIZM ARG, AR WU AR A RS B e

2.5 KENGE

REFRNE TR EM G EATR, FMER 7EHZE WE.
HEMAEERZ IR . B Ja A B R IR TR R 1 S 3D A bs
B HA, IR AR H AR 5 25547 1 2w adr. fa, X KITTIAE 4R L
HUPOr i brdtAT 7 RGMEN A, VRS FUBOE 1 S i B IR B A
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FITF MERERANSZRENFIENEEH =HBHRNE
7

3.1 3|5

5 2038 L 8 S At BB sl , B Re 2 Bk H O AT 4R
A 3D H ARSI A2 SR RETE N S B R OR Z — o BT 3D Hix
R A L T B A IR fa DR BB RE =F2h. Hrd, BETr
TR LAE A AN S B BT SEAT , AD R B 1 AR TR AL A 12 R TE
T m = Bl AR S A RS B T LT3 BN RS RS TR ik B, 5 H D3R
i RGB BB HIAN, RERML T 5 RSEEAE URHIE, H Tk = BEERRE
58, PEEAE =Y QbR E AR M S ML EAFE €. AT, #.H 3D H
bps S Bk — 5T, AN FERE B s ERHEE B AR E R R E R
Fo RN BRI IE R S s, SBUSIRCR A 5 Tiii, WEER
(RIANIE S i JLE— 2D BN 1 =4 2 [ i S P A

AFEXTHH 3D @At o AR AT AR . RO ARG N A 2 55
R, $ T A 2 U B R )RR PR R A B = ST [ R AR A LT
ZARTUIL T DID-M3D JjiEAEA R R _EREATRRAE 6], DR TS AR RN H AR
AN e 7, [ A 3e o V% SRR N AR A B A 2 2 21 I OR AR R, T JC wa BAh Y
WSS ML TS, AR SR R AR LR . RGPk
ARG TH A priitt, Mm@ Tt 17 5 H 3D HAste il fIPERE. SCisiRK
W, AT PR RAE 2 AR AR B T HE T iR B S AT BRI H 3D H
PRI A LUt R B T 9 K SE 4+ 7).

32 BIERIE
3.2.1 ZREBIFHIRR

B AR F PG A  BAA T2 KRR, Dy 7 AN AR EHER IR AN
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HLfA E bR, BT R 2 RE(E RIAE ST (RSB RIh A N4 HAR BES
IR RERRAE, (E T4 R 2 RUE S BBA B /1855 . BRIk, 2 BRIl
HE A, $RH T 2 RE A FEREER (Multi-Scale Self-Modulation, MSM) , ‘&1t
VPR B 3 B 73 BC A [ ROBERFAE AR, AT ZEAS [ ROBE B3R B R SUfE B
LTI H RS, BB AE AR E A S B AT N, AR E A A FR
FERVRRIE, SR TASRBY IR RE S RIZ ARG FT . 2 RS H RSB th 2 Sk 2 5
FAREEL (Multi-Head and Multi-Kernel Convolution, MMC) R A1 A i b
(Scale-Aware Aggregation, SAA) . IHIEJFEE JIHEEL (Channel Attention, CA)
MERR AR . 2k 2 REFBRIINT HARFEBRZ DM Z N ER,
ARSI IR 2 N U I SR 23 (VRRAIE o IR N SR G B 5] N —Fh T i e i
PG, NG5SR T MMC 24k 2 (B M5 BAC . . I8 IEVE R ) 45/ E T
SIS 2 (AR REALE, LAR s B ELRRAE (1) OGRS AN B BRI .
W ZE K VPR TG R AR ST, KRR 2 () @ T (BT A, BlE AN R 1N
ARk, W SEEL E & R E s . 22 R B IR s g e 3-1 for.

1x1 Conv

H*W*C MMC H*W*C H*W*C
CA
F e oo I\isdﬁi:s | Module F F

K 3-1 2 R H IR HIER
Z R B RS BIURIZ DLA34PA S 1= 14 AR E & FERTC, 4R
JESEIEE A 1x1 SRR, BREE F G — 408 RRE . PR £ 3k
L% BB HOR iy NAEIE 73 B4 AN S H8, TR REAN SRS AN [ RV BE 7 23 B 4
AR, DIBERSEEEMT AR, N T s i, BERE RS WIia
N 3x3, K 2. NG, RXLEALBER S 1 Sk ERHE BT O, DA R
A2 Sk AT RER . MMC ATRAIA S (3-1) RRWF:
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MMC(X)= Concat(DW, ,, (X,),..., DW, ., (X,)) (3-1)

R ConcatOFmdiHe; 5DW, . S HFRBERULA kiks Al kocky (TR

BB x = [x1, x2, X3, X R KEHNFFAE XGBIELESE F Iyl 4 kil ke
{3, 5,7, Oy BB LR BURZ RN IZE RN 2.

R, RUZRRZE GBI MMC A2 BRI AN A ROEERFAE HEAT B33 4 5 A 73
Ho BAKIME, SeMBEASKAAIE R MEE R E 4, I MMC 4
FAEENETERCY 512, HPEE S LMPEERE UL, Bl Groups =C/Heads, fit
PILAE R 128 4. SR )5 IR s 25 M A B> N AT B N RFIERR 5380,
MG T 22 RBERFERI 2 REE o 38 XIS b Be Tt 7> L3R, et A SK Bl B AR
REHARIFR, NEGINDERTHEEA. Ba, FIHZ S A R AT
EAGBERES, USERERERNZEXICE. SAA FFEATEIA (3-2) FRidin
LE

M :Winter([Gl'GZ """ Glza])a
Gi :Wintra([Hli’H;’H?iﬂHéil])1 (3'2)
Hj = DWConv, , (x))ER™"™,

K Winter T Wingra 7238 2SR FERE; i€ {1,2,... 128} K7~ 70 A1) 128
N, JE {1,234} FREIELEE F o 4 ks HG ISR EE j AR RIE @
AN ETE A TIR BRI E 2 45 58 DWConv, KRGRIEN Xk BIRER]

AEE.

X SAA A JGIRMMRHEE, 8IE R BT 2 R GAP. — 44
FAFIRLF Sigmoid Wi R — RFVHRAE, BB —MERE, REHAEREYS
i NAFFAE B BEAT U 3R R AR SRR A, SEBURRAE B A B ik o W A R4 ) B
SUE BB SR, #—D KRR R 2T, 18m HArRtae . Bk 3]
i RS E BB R ) B M AR SR iR i e A BRI HME Ve TR
RFE FERTWC, THEHIH Z R

Z=MoV,
V =W,F, (3-3)
M = CA(SAA(MMC(W, F))).

X ORRBILERMA: W, F W, L= IR EFERE .
23
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i g R AR (3-3) TR, e B E A F T 3h A AR A,
M T S O S 1Y) R, 75 20 A Fr o a1 IR B R AR REAE B 1 AE
B, RSN EER RG], 4 ResNet £ M HIIGRHE B F 565 FRE
B F Rl G 75 3 i 2 R IE B B € RTPC BT DA 22 R H IR AT LA 3R (3-
4) FRiKE:
F'=F+F' (3-4)

3.2.2 IRERENFREER

££ 3D Hbstaille, sk = iR B A5 B2 B0dk AER E AL AL T B AR, RIEAR &=
PR T — IR P IR B4R B 7 I AR S5 R AR I R R b H ot SRR L B AN IE E
PER L. BRI, BRI ASIn 1 —ANEOMSEB B0 50, ER S SR 5
AT D PEHER, AR ARIGUR BE RS, T HAZ R AR YR S HARKT SR B, AN
FOINBOMORE MBS S . R R BREH WE 3-2 s .

64x96x 320 1x96x320

Foreground
Feati 33
'\:: ure g BN 1x1 Depth
p fr onv |[+GELU| [ Conv
Map fo
|| L1 Loss

Input Monocular Image | Object Ground Truth Depth Map Object Depth Mask Map
B 3-2 IRBERFIREER
Ut H LB H R 1€ RS Iyl N, FIH DLA34 {E 9% & 40 1R & Tl

H W

Vi e N Y —x 6 . N NP
#r, BEZ RIEMWIM, MSRAFIRERHE fo eR6 © b Gt 3X3 B
PR, BEEHATHLARMELAL (Batch Normalization) , F£NH GELU &K%, &

x—x]

JEHEATIRLER 1x1 &, KRR BB AT SRR IEIE foeRe ¢ o T sE
B A N PR AR BEREL I SR i 50N A 2 S I FRbn 28 A0 S B FE RS SR 2 AT
B R T AT FHE N DA IR AN SR R R L AR R
PREEIS, AR EUE A VAR TR B A5 BRI 2 B MR HIME . 2L FHHEA
AT BB R — G R, e 2 f FARHL L R R IR AR SEAE A Nz B =R
ME. Sedh, BERLOCTRIN AT SR AR BEARL, s B & 0 I FE RS R R B B

24
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1, R S BB FRAE BN 0, LB ST S A R #l. O 1 FEARAR
TERRAS A AE PR Z IR BEAR 25 K B A SR FE B RO A e 3 TR AE[R]— )
PRI 2D HEX IR I A B2, SR AR TR VAR AR 2E

XA R R AT SR EERFAE I /o, FI L1 SR R BOHAT B 220, IR
IR A RIE AN

f, = Con, ,(GELU(BN(Con, ,(DLA(1)))) (3-5)

A Conia RoREBEWZEN 1x1 ) 4T Conza RanGFZ N 3x3 ) —
#:4:FH: GELU Fx GELU BuE K% BN Fx BatchNormal AJH—44)Z; DLA
TP Z% ] backbone SN DLA34; [ "%

3.2.3 MIRLEEHDRIT

/ Classification |
Heat M:
7 (Heat Map) té)
[=]
=
e
> MSM » (2D boxes l:;gsriezsesslOgolations---) L:Ls GT
Module ' . "
172]
o
Image Input | -
o | Wyl
(training time only)_f v
- Feature
DLA34 DLAUp Map f 4 Gradient back prop Gradient back prop (auxiliary task)

P 3-3 4L

P2 B AR SE R I 3-3 Fros o B R IE SR 2% . 2 R B A TR 22
RSP RAEIR =N A, BLAASR UL

FRIESRIUM 2% . B 5, 25 LA RGB B 1€ R3OS YE N, 154 DLA34
2519 backbone FEATHHEGMAG 2 J5, 15340 HRFIE K] f€ ROO320764,

Z R AR B, 8 X DLA34 HET T RS B RHE AT 3 — 22 1
% RUZRAESR AL, M om (AR I 22 RO S AR AE AN R L B BE 0, IF
BOWRE T iR 2 ROZRHE, R E R A E R B R RERER .

ZAT AR, A F SR R AL BE 2 AT S o B FE 2 s [k
R IBINBR, ol R TE o 2 A RIR B AT 55 . Bk UL, HI4FAE
AR I % i ) AL B S BN B AT SR B, 1 St B URAT S5
e AR A i) 2D #A OB, I S SR AR BT LU, R R4 SRS T
IR HER I o S B MR B 7 2R, BRORYAT DL EE A R ) R 23 SR AN R B4
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WS Fk, BEEHRATS B EAST TN B bs kg, A4S 2D ot
#. 2D R~T\ 3D @R 3D MiRE. 3D O fmfe Al 3D R4 @itk 1@
SNBSS, B RS B HEf A T EARJE . 53 oh, B0 T 2% (R
JEIRFNARATSS, EPAT T FEURAL S AR RARSS o T P B8 H brks
M T, BRI IR BE IR AR AT S5t Rz B T L . O T HAhAT
S, K P AN R —AMHER R, RN fio X082 A RHIE &
Py v o 1R A BB SR AT SR 1 5 3K AT A [ 67 288 R AREAE: 1) 15 43 OR0 [ 9 483 2K
RS R f N SR BE RN SR AT 5%, A RRAIE 1] B RE A% SRR 1) IR
JE o PRk, IXANEEAE ) B 2 B R P IR R . BT IX AN R
S RANENEER AT 25 FL =, BRI N 31 573 A0 AT 55 (R REAIE A B R R TR R R
M, — e RRFEMR D T RFE £ 52 BIR FEANE 52 1 17

3.2.4 KB

DID-M3D 2k BB E 20N 2D #R2F1 3D %k . Hdb 2D a2t F; 2D R4
K Ls 2a~ FATEIBR Ly CLK 2D IRFEHR Lo 20, 3D B FERTIAI AR L,

3D AR Lo sav MSLIRBETR Lp viss JEVEREESUR Lp ans IRFESUR Lp an FA
3D JUSFIAKR Ls sa0 AAMNESEH T H SmoothL1 45125 BR 375 1) (7 B B i 2k
LD awar NG DID-M3D BAL b ¥ & SRIRFERUR = AR b 5%, W0 B AR AL
HHN Ap awar BEZWTY, WE Ip ava N 0.4 B, 455K R KL RIE B Pl [
g, SR R A IR I

L=Ly+Lo 2a+Ls a0 tlo sotLs s T Lot Lo s + Lo an Lo an 4o _awal (3-6)

RN IR H Bt G AR B B AR 2 B AR R 51 R R SR NS T AR S I, A
#5125 K H FocalLoss 1E AR RE, HAXFKAEWT:

—a(l-p)”log p, if y=1
L ! = -
1(PY) {—(1—05) p” log(1l- p), otherwise (3-7)

e p Ay MR AT AR o AT B #R RS, MFRLSH
EOREF 80 2R E N 0.25 A2t
NTZRBAL, R T SmoothL1 5355 B HOKR THE 2D RSF 51K Ls 24+ 2D i
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A Lo 2av 3D SHR L 3a VA 3D ARFEHIR Lo sa0 IXEEHR I BREL AT HL A
XU
L, =SmoothL1(A, A, ) (3-8)

Ath: SmoothL1 4y L1 HIFHEBE#: L, 308 2D ik 2D R4k,
3D fRAS LA 3D ]sHid; A%KOR 2D fm#. 2D Rt 3D W& A 3D 5K
TR, Ao RIS BRI AR B o

fm Mk Ly o RA Mult-Bin 7775, BUDU A B8O n ANESH bin, [0
VARG bin B TEEE A A AL BAR BE, SR 2T RO A A BE R TR0, 451 2K B
B Ly o5 UE LR

Lconf = Lcross_entropy (CIS’ CIS*) (3'9)
L,,. =SmoothL1(8,8") (3-10)
LB = I-Ioc +Lconf (3'1 1)

2 Leross entropy)AFRESE UK B #: SmoothL1 Jy L1 KPR cls
FETNME, cls ReAbniAE: 0 NTINAEE, 0 NAEREAE: Lioc A X
RS BRI Leow AER L1 B35 0 5073 31 ¥ B 45 ALK

A TR UR A R AR VAL R FE A @ IR, DRI SR AR Lo viss J&
PEERFEAR R Lo an FRFEARR Lo an ¥R AT EEBUR KB, HAXKEWMT:
2,

u

LD_A =

—dp_u|+log(up_,) (3-12)

A Ly ERPURERUR . BYEREESVR ARSI, dy , AR
RERITOME, dy o AREHXSRIIFFAEAE, Uy , AR B A E L
REERFIIRR Ly o P L1 SRR ECT5E, ARIEWT
Lo awe = SmoothL1(Depth*mask, Depth”) (3-13)
FAH': SmoothL1 A L1 HIF#5 B %L Depth J TN I HT IR EAE ;. mask
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GIBIE: Depth” W2V EIR AR E .

3.3 SLWERE ST

3.3.1 LB HIEE

SEIG RS DA Linux E NEME RS, KH Pytorch IR 22 S HESE, GPU Nk
NVIDIA RTX 3080Ti ‘&, CPU N 12 #% Intel(R) Xeon(R) Platinum 8255C
@2.50GHz. SEEGLE KITTI #d4E BT, S xR ERNBIW %0115, 3D 1
AN SEE (BEV) A8 2K AP40 $8AR3 . YIZRidfEr, Seat R 4
AT 2 2GRS, R HIAIIR: ST 50N 167 () Adam IRALE, B etk ik
SR, K ] IEERIERT S A epoch 3 INF] e, 7EHS 90 401 120 5204 0.1 B =R
k. batch_size WE N 16, X PILEIEAT 200 3 KIS, EMHEET, BN
HFERATEFESR, 10 NN FFH, — HBRITE KITTI 64 B 5e il gk, it
A CAERAE A N B, B ACKE R ISR. AR A5 5 I 2R A1
ZE5E, LB d B 3G N AT S BRI EIE RORTHA T G 7R R KR
ORISR

3.3.2 JHRRSELE

N T B FT R TR A R0, E KITTI BUR 4R “V5% 7 28RN BIE 4 gk 4T
T RAGHIHRSER, G2 k2 ZGRMAMC)FEREREE R H AR
T HRE 0 2 (01 FF DL K% 250k ) DID-M3D Sk S () Tk, B2k, i Seig iR
FL 7 MHMC BB XA BRI 52 . LR &5 R 3-1 flR, SRie s
SRR WE LI I A RSB B A R T 0 22 ROBERE BEAT BN Y e 2 BT
IR INTE 2 322 5 NTE ORISR, 20] 0 26 HE B RE P AR THI s, T ELASE RS
JEMA e —BEZMER . (EAERNE, 2k¥0y 4 1, 3D 1 BEV Rk
REIE B e, BTl SIAEZ A RS Bl H NSRRI EAE S

% 3-1 MHMC AR AE AR Sk B AR B 1 B L At

Heads Number | FPS Params 3D BEV
(M) Easy Moderate Hard FEasy Moderate Hard
1 23.5 22.66 | 25.26 17.38 14.29 33.85 2421 20.61
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2 22.8 22.67 | 25.67 17.49 1439 3387 2424 20.53
4 22.2 22.68 | 26.65 17.70 14.54 34.52 24.50 20.79
8 20.2 22.73 | 25.65 17.50 1432 33.80 24.10 20.38

SCU, TS R R R TP RE R %% ¥ 62 R R
BERRRIARSE (Lo aa) HIERRERIERETEE, JEEEF I L T HSC VR T2
AR L. BJR, SR ARG VR (8BS R 3D H ARk
9T ENHEAM TR, R T ATRLAGLE R, R, SRR R
FFRRIFL L ave 18 TR s EAATRR Lo aa 119 0.426 W LIV,
PN Lo awa 1819 0.645 I (0RO 1S 2AE R AT 467% KL5C 10 K UAE
LA R HEAT R L

Depth*mask(Lp ana=0.426) True_Depth*mask Depth*mask(Lp aa=0.645)

PSSR

Kl 3-4 A Eﬁﬁi)ﬁﬁiﬁ%ﬁﬁ)ﬁEﬁﬁiﬂﬂ'fﬁﬁ%ﬁ%ﬂ%tbiﬁ%

HARSLIG 45 RN 3-4 Flow, SRR RRY], 2 L awe FURMERCRI, 7742
FATR P BT 555 St a) (] R SE AN, RO ANHH R, ] — A 3R R A 22 o)
SER, BIEREE B 7] — A AR HOTR BEAR 0 A EAN 50 o %ot b m] AR 0 445 S P th m]
KB, AE BRI ASTHEAS I, B A M A YR IR O, AR 3D
FSL A A5 SE G 5 LS AR I , R W] 1 B A iR B MR o A DS 58 1) 928 g BT BN
fEM.

N T GRNBEUETR FEE A TR i A0 A DS P O B R i, 2k — 25 Jd e 17 Bl
52, R 1 AN R IH S 2 (R TR L R e o 1 5, G TR AN TR AR TR S5
EEUAIE, PR PIEIREEE, W 3-2 s, BE)a, ALKt
bR TSR AR, Horh R AR S 2 IR IR, AR AR S 3 1Y
FROR, AR SESS 4 AOARIRCR, M0 SEZRHE N 1 br o Bk A I HE 45
o BRIGARCT FA SR P A 0 B ARAR A T IR T e S BRI

B TR IR FE IR N R A, PLEA e iR BE A TH RS I L
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R 32 AN[FIR L IR R4 S A L R A DA 2

Experiment Method 3D BEV
Easy Moderate Hard FEasy Moderate Hard
experiment] baseline 22.98 16.12 14.03 31.10 22.76 19.50

experiment2 | +MSM+0.3*Lp ava | 26.80 17.19 1421 36.14 2437 20.62
experiment3 | +MSM+0.4*Lp 4ya | 27.27 17.97 14.78 37.21 25.05 21.17
experiment4 | +MSM+0.5%Lp awa | 26.79 17.87 1448 3692  24.57 20.69

U 3-5 Pos (K SE S 45 BRI, IR LI RALE Dy 0.4 A U RE el
A KA A IR I V00 25 R R0 B E 0 SE U 5 SO S, [ AN T 7 A 1) H ARt
FERRL T B 5 5] IR I LR, AN A A AR 2 18I ER R 22 57 S R 3, [A)— AR
IRIEAE AT U BE — 2, XARWIHIR S B vk . sesh, RS, =K
JE V&5 SR P VB 2 1) AR PE IR R RA BN, 3k —2DAESE T H AR R A v (0 v
e DRI, XM S Al tH U5 B ARG 58 B v P S PR DR D 7 A 1 SE RS B ) b
WREEASTHE,  FARR AL T BRSP4 = et 1 A DAS L AR 4R T

experiment2 experiment4
Depth*mask(Lp aw=1.291)  Depth*mask(Lp a=1.063)

experiment3
Depth*mask(Lp a=0.812)

B 3-5 AN [EAar RS B2 ) H ARER Al TR AT A LA

), EER Y DID-M3D SE T 1RO E RSSO T IR
FARTE A T IR 5, 78 KITTI BE4E BT 7 VR0 n v at
Sea . BARK IR 45 AN 3-3 Fron. 7 Bk 2 RE B SIS (MSMD £
ROERGAFRZE T2 REGERTHRAR, #1775 PPMPUA ASPPI I
PR L SEge . SRaR g R, TE53 MV N PPM F1 ASPP 45H4 5, AL A
PERENE A 32T . SR, EARERMAZ, W0 MSM BERAE &> 3D kil 71 BEV fa
U PR B 2 U B ERAS T S PR RE AR T o X — 4 AR AR R R E T TR
) MSM A5 HC R 2% 3 L AL A, A G e AR 4 AN 080 1) 2 ROBERSE B 3l

True_Depth*mask
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VR AE SE BRI R & 5 30, X BEREE MSM AT LLSE G i3 97 AR ] K /N RTRBE ) H
/L G NNTITE =T )k~ ol a5 e

FE 5] NIRFEIRANAE L (Depth Aware, DA) ISLIerf, iZBEfE A4 B S
1155, BESGRIGEA H ARG BRI RE ), HEIM42 St AL i HARKS IRE FE . 48
I, T DID-M3D ¥ 2% A5RL 3 1 7% 2 Adas 1) 07 SRS v H ARk Rg B2, R B
RN DA BEE IR HUR I ES — R E N 1, 25 DID-M3D RIS A& 1
REESI RN, SEUERTEA R WIAMERE . L, AFIHAT T —RFIER,
Sy K DA BEHRAR A E R E N 0.3, 0.4 F1 0.5, SZIG45 R, K DA Hik
PUEBEE Y 0.4 B, BEALE 2 ANMUR I [RIHUS T BT, M SEIl T 58 4 19
VERER I fZ, WX — I TS, DU 45 78 22 ROZEANRE S
BT ERRALRE T, AT SEIL T AR R I B E BT

#* 3-3 1E KITTI S AE4E b3 s ie

Method 3D BEV
Easy Moderate Hard Easy Moderate Hard
baseline 22.98 16.12 14.03 31.10 22.76 19.50
+PPM 24.27 17.26 1422 3191 22.82 19.82
+ASPP 25.18 17.27 14.17 33.51 23.23 20.38
+MSM 26.65 17.70 14.54 3452 2450 20.79
+0.3*Lpa 24.38 16.90 13.96 3394  23.28 20.38
+0.4*Lpa 24.80 17.08 14.09 34.23 24.21 20.44
+0.5*Lpa 24.57 16.57 13.72 3332  23.69 19.94
+MSM+0.4*Lpa | 27.27 17.97 14.78 37.21 25.05 21.17
Improvement +4.29  +1.85 +0.75 +6.11 +2.29 +1.67

3.3.3 ARIEENTEE

N T AR VAR S, KBt KITTL $s 52 00 MR A2 A a0 iE 4R k47
X LU, AR AL T H 3D WA ) B U7 A . AR DA Ll S LS
PR TN S 545, RIFUEAREILR 7238 KITTI B0 b sk
WaE RN 3-4 PR, SIS BRI T e 77 AN AR BRI, WA
F DID-M3D, 7£ 3D #J0 f1 faf 5/ mp 25/ R e 2 i) B850 5338753 17 0.71/0.59/0.52 1)
U, XM RERRE. 5EHRRKTTE OPA-3D (RAL 2023) FOILLK
MonoNeRD (ICCV 2023) PHHLL, A FrifJ7VALE BEV kil F1 3D far il 544k
SRR I BA 554 J PR RR , 17 ELRI B 84N N I 58 4 TC A Mg N 1 7 VA AR
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Fe S 7 HA RIS R SRk, X SEIe s AL 1 Frig i i
BEHEBME. R 3-4 LU R I BoR B RR .
R 3-4 PRHFIIAE KITTL RS S A F T P e Lt

AP3DR4020.7 APBEVR40[20.7
Method Extra Data

Easy Moderate Hard Easy Moderate Hard
MonoPairls8] None 13.04 9.99 8.65 19.28 14.83 12.89
MonoDQDP9 None 13.70 10.18 830 1981 13.02 11.25
MonoDLEM! None 17.23 12.26 10.29 2479 18.89 16.00
GUPNet!®] None 22.26 15.02 13.12 30.29 21.19 18.20
ABCMonofsl None 21.86 16.72 13.93 31.05 21.92 18.00
SGM3DI62 None 22.46 14.65 12,97 3149  21.37 18.47
MonoConl*? None 22.50 16.19 1349 3112 22.10 19.00
MDS-Net(63] None 24.30 14.46 1112 32.81 20.14 15.77
MonoRUN(] LiDAR 19.65 12.30 1058 2794 17.34 15.24
DD3DI13 LiDAR 23.22 16.34 1420 30.98 22.56 20.03
MonoNeRDP! | LiDAR 22.75 17.13 15.63 31.13  23.46 20.97
DDMP-3DI64 Depth 19.71 12.78 9.80 28.08 17.89 13.44
MonoDTRI®] Depth 21.99 15.39 12.73  28.59 20.38 17.14
DID-M3DM Depth 24.40 16.29 13.75 3295 22.76 19.83
OPA-3DI58] Depth 24.60 17.05 1425 3354 2253 19.22
Ours Depth 25.11 16.88 14.27 3377 2354 20.24
v.s.None +0.81 +0.16 +0.34 +0.96 +1.44 +1.24
Improvement |v.s.LiDAR +1.89 -0.25 -1.36  +2.64  +0.08 -0.73
v.s.Depth +0.51 -0.17 +0.02 +0.23  +0.78 +0.41

R 3-5 JROR T AT 7 & TR AR KITTI B S 30 TE4E B tkRe. A
RRUIEATUE Y, FriEk it 3D Klic 2 BEV 8l b, #REE 1 fdf
R . Bk, 5328777 DID-M3D ML, ™44 T (I0U=0.7) , Frith
R B SR T, 1E 3D AR BEV A i) {8 B/ — M/ R AE RO 1 B R, P
PRIy HIAF] 4.29/1.85/0.75 A1 6.11/2.29/1.67

LR 3-5 W AT IN [E R FPS 48 KRk — 2 00 8 al LUK I, A8 2 i 07 12
AMAERT IR B F3RAS T T, 0 HILIBATHE A 45 =80, RifgRbn] kbae
22.2 W%, SIELL DID-M3D Hi%L 1 40 280 CBERD 25 W) FEAFRT, 2t
TR T T AR IE SO BR X — PO AR A R T AR R 2 R
JE B R SIRIR R A A i & o Hodh, 2 RUBE B SRR T T S T 5
(V122 ROBERFIESR BN R G e 77, DRLGAE 8T SRR 6 R A A PR RS 28R T R (2
TR FEE SRR SRS DU 1 5 17 0T ~F- T AR 2 Rk, ANTAT A BEV Al AR 3D A
MFRAG T RFERE e . SRR, SEIR 45 A UESE T A= Fri th it G H 7
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IR R S A DR 5 S R SR 24 A SE TSGR RN, Kig$ T+ 1 #.H 3D
F s 00 FRAR 80 L
% 3-5 VRZTE KITTI Bl gE 5 AR 7 vk i M ak

Run AP3pRR40120.7 APBEVR40}0.7

time Easy Moderate Hard Easy Moderate Hard

MonoPair®® | 17.54 | 57ms 16.28 12.30 1042  24.12 18.17 15.76

MonoDLE!! | 25.0 | 40ms 17.45 13.66 11.68  24.97 19.33 17.01

DID-M3DU4 | 25.0 | 40ms 22.98 16.12 14.03 31.10 22.76 19.50
Ours 22.2 | 45ms 2727 1797 14.78 37.21 25.05  21.17

Improvement - - +4.29  +1.85 +0.75 +6.11  +229  +1.67

Method FPS

3.3.4 AIRLER AR

N T SETE N ORI TR A R, B 3-6 o [ tEME S R RIEZ
BT 720, 43 BIHE RGB B LIDAR mizs BRI oR H kil 45 5 .
DNIRAE DX X AN FRIR I U , A5 TS VA 6 R AR (s, SRR A DL i 26
NER R, FAERER SRR ME, JRAE P IRIB b e A NP A B AR BRI R
LiDAR sz 7EIX Ut 2R IR 200 F R 8l 7 ks B AR, i =4E45 i H
M R I 5, JHAE BRASMRE T HAREHR .

\ !r fITr | .t 5

Scenel

Pl 3-6 KITTI %611k 55 (1) A] #LAL L4

IR AT BB A I 25 5, AT DL B LU B SR, TR 2
BRI R SR BONAER I, XSRS L T s TR RE . SR,
5 B e Y . BT R B ) B AR, BT H B E AR, A
B N BRI S U T A /N H AR T 20 FE AR 4B, R4 B
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IRAS RO, BV REAS I 2B 2o 7 A A A 5 FCSEHE A AE O 22 (1 ) e T AR
BT SRRIE I B E B ] 2 RUBERFIE AR BRI HIL A, XX 28/ H AR KA
MR RAR T 2L . 28—t w] DU IR A SRR T A A (AR /)
R RA TIRRE RIS DL, AR ARSI RES AR S Al 212 H b IR A8 UG 5
EAERREIAE . X T H AR SR i B AR, BHE 2 Mg 3, AEPHREVAE
J 1 3D A IHE th YA A SRR S NG & FOSCHE, A DA A B3R T T, IXSRW T B
$ETTIEAE HARKL I 7 T B ARt . 25 b PTiR, AT PTIR J5 ikRe s A Rohik
THEH 3D HARRIEITERE, REalexs Tm Al s HAR BRI, S35 s i e il
L

3.4 REING

AERW T PG 2 KU B SRR IR B2 > B HH 3D H kel
R, NEXF 1R R AE RURE I MR ANR A T D5 T ) SR BR P . BT, A
H I 2 Sk 2 A PRI 2 A A TRDRF IR 56 1 07 USRI 22 RUBERFAIE, I B IE R I
i 2 18] S TEACE, ARG T ARRERER, 85558 1A R RS H b ik ag
J3o RIS, PR PE R o BN rT WA RS, JF 45 SRR IR SO bR 8 3t 4T
MBS, AR B IR EIRNRE ST, IERTT T HARH) 3D SRR . Skin4h
RAEW, VAL KITTI B4 E AR IE RE AT B B35 5271, S8k 1 P de st A 1
A -

ARER N H 3D H ARSI 7 55 B 2 S U R A BN . 123X
ARATARSS T R B B R SN B 3 2 3RS, Ml IR R A TE R 5N 1 H AR
RS, el 4, BRER B LB BRI BORSH .
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F4E REAREFERNSME N =HBRENEE

.[;

4.1 5|5

fE b T AT H 3D A ARk AR AR 2 R A A B A
TR LRI — SRR G RS THIORE L, Bl TR RGB BRIX
— H AR PRI T IR AR ) R PR, HAS IVE REAEAS o b XE DL, JTHAE AL
B RGN sk, HAEgedifdt—2 e Tt.

ek H 7R X R R, WOt E BNy T sh ALk, R oL
TS5 (077 3R] B R A AR =4k 18] A2 B, sl Al $2 it
ISR LR B3GR, AmR AT S s 3D Hbskllorik, 0 F
P, MERSRIE bR RS AAL BAS B IF AT M R i S R SR, 3%
STt H bn eI KRS BERTE MR, O B B2 B RORSR I SRS 8 PR A B R g ok s
o IR, 5 2 Bl IR AN AR U P HLAE S Bn B A B AR B T oK T 1 22 Bk
0, BIIVRFAE SR BURCARAR TS DL K HE LA 3/ H AR A0 FERFAE o

AREHN T A0 3D H SR/ H bRl AR AL B A B A
B, R T — R GE Y PointPillars FAY. F5G, EAERFAEIIZ 2 5 5I N FRZE IETE
AN R R IR, DAY g0t 2 R RS AR AR AR RE 7, $ B RS S BRERFAL (19 38 %
PEo UG $RMIET AL EAIENAS LRAENLE], BrifL gt i EEIR FRFE, LA
H I SRS, R IE R R . A, BOTRFIERL R, LAY
BOMEE S 2D BT 2 REE R, WAL A [F R A AR LA
MAEST o SKIREERRY], ARFER U NIRAE KITTI EE S B vERe, Rl
XN HARBREIVE RS, AT SR HE DT AT B 1R T T

42 HERE
42.1 MEZENZTT
PointPillars 5356 & = AN L E I REMAEL: HARRFIEMN LS. 2D B T M 251
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SSDISSIRTIN Sk o FEAFAARHAE M 25, B 5048 506 i = Bl B Ui v — R A B
FEAAR (Pillars) , &A™ Pillar H (19 s #5360 2 AL bR A0 S 5 FE 4545 2.1 D=10
UERFIEI & . N T B RRRHIE M RIB BE 7], ARBAERX MBI NFRZE A RTE R AL
] 30 Tk A 3 R S [ PR ARFAE DR R, BT I 288 ) SR B A N ARFAIE 1) ) 3 L
BERe /1. Bl EAMIL PointNet fENSmAG#H 4 MEAS Pillar HRHIER H
C=64 4ERHEM &, JRlid &AM WEEA Pillar 1) N A s B BACER 1
RHE . IXEEAb3E 5 ¥ Pillar HFAE R BRGT [B1J5 4R 2 (8] AT, % Rt G it A\ 3]
2D HF M4 . 2D B T W 4 HRFAE SR LT X 28 FIRFAE Al &1 P 28 A Bl RRAE SRR
TMEAE LB, @IS TR Z REERHE: FRAERLS T W 2% K
FA B B (K5 T s B (303 L RAENLEEAUAE SR e BN, AR e gy
T8 RAERER . [, SINHTABRRER I FETHERTT, AR RE
(IR B AT B G RO AR, AR AR AE AR N A R R A . e,
¥ BTA AL G ARHE IR BB 4E B EPfEE, AR R4EREN (6C, H/2, W/2) HImidE
FAEE], Hh S T FE M2 R UEE o il Sk 2 5 Tk SekefiE, 2%
Ll SSD (&5 M TR 3D 141 FHHE K LI BAS BE, N1 S 3 31 3 1) s 2= H A
Mo FAKECHE S 1) PointPillars JEFE A& 4-1 Fiar

Point cloud Predictions
Backbone Detection
- (ZD CNN) - (SSD) m
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, k,,,,,,,,,,,,,,,‘
i
Learned Features Pseudo image | | _cov, _Dys, -
I ] 8,
} | Conv| we 4w
! Dys,
— L L s
% | } Convlwi™® i
Ly ! DyS
C (B PN
w | } {’:/i/m

K 4-1 23t J5 1Y PointPillars AR Y kX 2% £ 1) ]

4.2.2 ResGAM &R
Channal Attention:M Spatial
Attention:M
>R >Q—>
Input feature:F, Output feature:F,

K] 4-2 GAM 45 Hy
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7E PointPillars [ SCAFRFIEMI 2% 2, R 46 s 2 s i S A& O B A R
SRR B EGAE N, BEZEUER, TR FHAR E U R,
DAl U A 3 A5 Y Fl N — B AR 22 4 R VE & JTHL I (Residual Global Attention
Mechanism, ResGAM) , ik 5 fb o 2% 4= Jaj P4 e 108 R 2 (1] 1) 585 4 FE AR AIE O 3ok
IR A R RE, 35 B 2 OGN RFIEEATIE 5 . ResGAM J2 7 JR 46
GAMIT CHAARSEM I 4-2 Fr) BZEAHE FR A s v B vl 4y 25 46 BUR B b
A RREAT Sdh 5 R 5 22 77 OB H A 2 T i B . e B TE S iR A 2 B
X T T 2 () 24 B RFAE MR B 0, TR ERAK TF SRR RS RS S

MLP

- - Sigmoid
Permuattion Reverse Permutation
CRNV>H—~W>H>C CRNV>H—=W>H>C @

Input Feature:F, (a) Channel Attention Me(F)
Clr<WxH CxWxH
o = Sigmoid
Lok~ ok —0—
Input Feature:F, (b)Spatial Attention Ms(F2)

Pl 4-3 3T RN 2 R E R ) S5 44

7E ResGAM 1, SR FH % Bk P R 2 )3 2 g i, ELpR sl iy an i 4-3 Jir
TNo FLHBIETE R 1 TASHO Joxt ii NRRE AT 3D B AR, K ILEIE .
o PN B B =N FE AT B e, ARG — AN R 2 2R EIHL(MLP) X B e 5
(RIRFAE HEAT G i AR, FHAIEIE 2 (M MAE B R, AEBOEIE = R, Rk 3L
1 FF IR A4 NRRAE I, 75 24 HBE R R RE R R . 40, AR e i =
TP E AR, K5 IR GAM ARSI B IR E v oy A B
PR SEAEFH — MR ] o B R R R A5 R, A 5 — MR R o B AE
BHATHRFERL G, SRR S IR B o i W 23 M) e T B i i i
B PR, BIAT SRS Al A 7 A 2 R R RHIE R R . AT ARFRIA

.
F2=M(F1)®F:
Fs=M(F2) ®F:
H Tk 25 4G Bh T 5 A A 3 P15 5. O AR X 8% (1) PR A TR ¥« T
N — IR T AR 70, TR R R o )N T Rz, BN R A
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i NS 5 50 B EFE R T TR BAR N, 7E N ResGAM MU &M . Al AL
AFIEWT:

Output = F1+F3 (4-2)

423 TS ERFEFERLR

sampling set

. . sH
sampling point

generator
29

&l 4-4 DyS FEH IR 451

PointPillars B4 ) 2D B W 45 R 8% B B AT ERAE . SR, T
i BB BB A R, it R 1 AT B I v 00 O A ARER £ 52 A
AT AR () RS, X P G 25 BT 5 SEA AT 25 ORGSR T Ha 4
A AT NN bR RAE BT 208 34 FRAFE (DySample, DyS) 3k
1330 73 FE A AR R RS o SR T R ] A TV 0 SR BR A, [
ANF BRI EIFE, Bk T 5T m S RPENLS], BEERm
R AR RPEREE, MR ST SR AR R MR IE R R, TR
WM. BARSE M INE] 4-4 R, SKAESE tRAE RUE s AR i, @i M
I8 KA bR SO0 i N AR AR AT KA

H sH G ]
— — 050

linear 29

W 2gs2 el sW

pixe p
—— , —d
H O sl O S
H sH
X— 2gs=

linear w w X

W 2gs=2

K 4-5 SRFE mU2E R R AR 1
£ DySample fde, fix E BRI RS ARG aE 4-5 fos. N T
AEATI AR RAE L EAE AR F AR B AT SN 50, 38t G AR SRR AE R Z T
RLE IR AR, KA TR N, BIFEIRON (C, Hy, W) BR 7 HE R AL
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K x b, AT T B Ix1 BRI E AT ARG, f B TEHUN 2gs2,
Horb 2 308 x My BIAEKR, s 2 FRPERERT, g AR B I8 T8 25 15 )
o309 g B R g HAWAE &, DLE AN [F)2H 2 18] 28 B3 s i 0 1 R I R g Az
WrkRE. #, NV iRE B ER RIETE, Kol 2 5 im R e E— 2D A R
B “BSVEEIR T . B Sigmoid AR 0.5 ENERAIN T, Bl
TEHE0, 0.5VEEAME, il UAAR (4-3) RiXWT:

O =0.5Sigmoid(lineari(x)) - linearz(x) (4-3)

SRIE X TAE ARG R S7 A5, R HEAT IR 3 Dk 82 28 DL 2 25
[l R/NMRIENO o A BRI S R & O FFEIHRAE MK G ram, BIA
X (4-4) Wk
S=0'+G (4-4)
e T FH R SRA R UM SRR SR S AT BB N x EHTRFEAX . 5
e 5L 75V Aok ] e KA AR AN [F], DySample 383 2 &5 1 B R AO7 B IR AL,
G T A B RABERIAL, A3 ERFERAAE B NS A (RIS, ZhaS T (A%
EAIHLEIR T 7T E R, AL BEAR G N RRAE P 2% B S R AR SR,
SR P IRRAE T 77, A RS A 4 I B R AR AE 27 » AT AR AT 2% S i o K S 4%,
REIRTE 3D HARFRZ/ANIR B bR RIS B R

4.2.4 YRR ATEBR

£ 3D HARKI S RN SAT 55, A 2 & AN RO IR RFIE S S 345
o AR ASLIN 45 B %5 55 L, PointPillars F R ERIE Gl & 7 E 2 LKA A
FRTR) 2 18] 43 S A R AE B B A @B 4E FE Pk o SR RE B B2 SR W6 oh T 3L o] B e
bk, TOUEXMRAE BB, KA RHE—EAS, ATRE S NRHIEM R, [#
KRG &9,

NT R BRI, ARFERE T — R A IR R ) 5] SRR
AL (Pixel-attention-guided Gating Feature Fusion Module, PGFFM) . PGFFM
AL — KRB RERT FHTE T (Pixel-attention-guided Gating Unit,
PGU) , PGU HARLE U 4-6 Fian. B8 bt FoRAE R (1 2 ANRE B9 P k4T

HOMBURL A, ARAEAFAL B B AR [ 3 MO AN R SRR AN R O . 22
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TIERERFIERIR .

:

g o
g Conv
2 o =
é.
Conv,
o
= Output:O,
w
i ——1

<

P 4-6 PGU H k454
HARKYL, PGU BB Ay 2D B T R 4% LR 5 2 A 70— By
fiE xiv x2 M xs, EAE ERBEZATA T T ANFIRE R )R RAERAE, T RFERUEEL
NRRHIE B E 25 FoRbE, HAE SUE B D, (B4 5 BBV FE: mT
SRR BOR PRHAE B L2 1 5 2 v vl SO, (HA5 15 B>, PR
SRS FIANE BRI EAAAEZE . BRI FAT IR % x G, JE {1,
2, 3} & i<jRFEAEARIR %3 )30 LA 4 FHC A9 vi T vi B AMB R i, {6 1x1 %5
TR I A AT S S A ) Fi(va) 0 i(vs) R T A 1 A 1
WA, RS R Sigmoid R IS BN o0 BACRAUEAEAE 0 3 1
2, BIAREEWT
o = Sigmoid( fi(vi)- fi(vi)) (4-5)
Hrr, o WBUETEHEIZEO, 1)ZIH, FoRXRHIER E F—ME SO REA]
REtE. 4 o B, BRI ZHMEAEIE s 5 AL F 1B UE R kM
5 22 ARG 15 3 3 xi PITHE B A 15 RRAIE
B8 — R E RS, FRATE VORIV AT IR S, AR ot A 2 ] o
JE o RlERHIER] AR IR
O=ovVi+(1-o)Vi (4-6)
HE LRI G IR, [38— RIBEHRHAE O, 02, 03, ZJ5 PGFFM H

KX e SRR E AL B D 3, PP AR SR B RS RHIE O BRI PGFFM #2
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T M AR 2RI B G R R A Ve I, 8 e AT R Y T RS PR QR T
%, HEWES TORAAFE URFMFERILEE, 8 3D HistailReil2 3D
AN ER N al e S L e

4.2.5 KR

ARFR SRR AR B R BB, 3D M SEHER (x, y, oz ws
h, 0) Fow, Hi (x, y, 2) FRBFHEFOLE, w, L DO D RIRRIBFH
HEMITERE . KL mFE LA A o SR H ARAE 2 A1 [m] A 5% 22 7] RATH B
XRIEWT

t a

gt ya
Ax:x X Ay =

ot _ 2 ot _
: Yoy, ot
d

d? h?
gt gt gt

Aw = IogW—a,AI :Il—a,Ah:Iog%,A9=sin(99t_9a)
W

4-7)

A, X FORESE, x* FoRHSE, Hdd® =07) + (w*)? « BIEAH

PN NS E I
L= >,  SmoothL1(Ab) (4-8)

loc
be(x,y,z,w,1,h,6)

A H, SmoothLl FIx L1 B BRE.  HH T A B AL 40 2 Tk X 4 Bl A,
P CAE RS #7 10)_EAS R softmax 73 S840 2K BRI AT ) Lair, {3 W E% BEME 5 ST S AE AT
A]o X B AR 28405k, MR A focal loss R REL, THHARFEWT:
Ly =—a,(1-p*)” log p* (4-9)
o, p* Rl R R AINE R, B R R FH 1Y) 0=0.25 F1 p=2124, i
NP UNWES G T
ngf—(gmgm+ﬂmLm+ﬂmgm) (4-10)

pos

ﬁEF' ’ Npos %%E%ﬁ E@i&%’ &Ejﬁl%*ﬂi%ﬂg‘{&*ﬁﬂ*ﬁ ﬁ ’ EI:I ,810022’,Bcls:1 ’
ﬁdir:().zo
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43 LW HERS S

43.1 SLWIMERSHILE

SLERIMEE LA Linux 1EN#RIE RS, KRH Pytorch IR I HELEA OpenPCdet
HARKMIAESE . GPU JN—3k NVIDIA RTX 2080Ti &£, CPU A 12 #% Intel(R)
Xeon(R) Platinum 8255C @2.50GHz. SE5afE KITTI #i#a4E Filbfr, £XAFEZE
N EIPEAZ TS 3D AR S (BEV) Kl L AP40 $5 kR, 5256
i FH Adam LAk 35, B VIURY 150y 2¢, BUE ZEAE )y 0.01, ZhE(E N 0.9,
) FIERAE N 0.1, batch_size BEE N 4, FMZEREAT 120 3Rk, EHLEE
T, BAYIGE RER LT EFER 10 DN/NET S

FEARSEEG T, m s WIS FEVE xyz Bl i/ ME 43 1l /2 Om. -39.68m H1-3m,
W xyz Flde B B KA 7 )2 A2 69.12m. 39.68m Al 1m, H H % B AR K 5
#y 0.16m, &3A 4m, BT ERCR SECE N 32, RN BORHAR SO E
12000

432 HRERSCIG

N T IRNIR AT e 7502 b i th i &MU A Rk, #E KITTI ¥
FEHIMASE EXTEE Y ResGAM. BIAS [ SRR FIARFAE Rl G A HEAT T TR A 1T
R ST, Ar At fiTxs KITTI Zodh SEAa il P Be R S2me o« A 1V R SR 56 4R 4E Car
Pedestrian 1 Cyclist —F2J) 17, 3£ 4-1 J&7x 11 3D A1 BEV il ¥
K5 BE (mAP)Fa A T BN LB Bl . o, mAP QR T IR, & H ARG 45
s RIS E VR F A

F 4-1 78 KITTI XS b Rl e i

PG Res Car Perdestrain Cyclist

Methods Dsy FF GNf‘ GA FPS3D. BEV- ~ 3D- BEV-  3D- BEV-
M M mAP mAP  mAP mAP  mAP mMAP

Baseline 42 7529 86.48 4409 5067 62.57 66.07
Experimentl v 39 75.48 86.85 44,55 53.60 64.12 69.19
Experiment2 v 39 7574 8743  46.13 5344  63.62 67.47
Experiment3 v v/ 37 7654 87.95 47.00 5436 6580 69.59
Experiment4 v 31 76.02 87.03 4442 5280 6568 67.68
Experiment5 v 37 7637 87.58 4522 53.16 66.04 67.82
Ours v v v 33 7768 8892 4801 5492  66.48 70.08
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3 4-1 /04T al 43, 7E PointPillars WX 2% H & 38 I sh & _ERFE (DyS) #] LA
FEDR A o R0 B B ] IR AR iy A\ REAE PAY 25 1 80 ) O 8 SR AR SRS A ol B s ot = 4
TP B L, JCHR T H AR AL G A SR B2, AR
TSR AR IESSPERE s AEM 25 5] NRHIERE & 458 (PGFFM) , S b 8%
& AR RE RS S B IFATI 2 0 3480, e NRERmERZ RZ
R, AR TATER, MEd 75 USE, &0/ AR e+ 55
Bt o AH U HE AR R Al )l b RO R, XM RO AL Ay AU 1R
XFEFRAEFIRE ). N T L GAM K HARAL S ) ResGAM 1) H Ak 14 BE
Iy T IH R SRR HEAT LU, SEIR A AR W] ResGAM AHEL JF4R GAM, 7EA L
REAIAE R B2 L #0A e, 3 22 J R A FH R B2 7 70 8 5 AR B A v AR K R ik
MSTIHREMSHEE, 8B TR MR, FINRE T GAM 7RG =/
A A R 77 T I AR 7, AR ZESS M2 g3 &, i 1 BAAE B bR
AT S5 Bz AL ERE. B, ¥ DyS. PGFFM fll ResGAM #R5| AEAI,
S SE AT UE AT TR A T R T 1 SE5: H FRA AR B AR il A2 X /)
H ARG RE ST, (RIS 0 ORIE T RO HE PR R . AN B e Bk G A B ) =
Hlls v 33 i, KT KITTI B BOGE R RER G B 10 WUETAERER, gk
AL ) 5K

433 5HMFERTEE

N T VARG IR (R I B, A2 KITTI M4 EEAT T304, IRBs RS
LRI BT T . R 420 F 43 TR 4-4 S RIER T A S PR kA
KITTI MR ) Car. Pedestrian Fll Cyclist iX = KK b, 5HABF LA 3D K
A1 BEV A 812945 B2 (mAP)FE bR T BT LEAS L.

K 4-2 Car KA FAFEEILR) AP XfH

Models Car-3D(1oU=0.7) Car-BEV(10U=0.7)
Easy Moderate Hard 3D-mAP Easy Moderate Hard BEV-mAP

F-PointNet!* 82.19 69.79 6059 70.86 91.17 84.67 7477 8353
SECONDI® 8313 7366 66.20 74.33 88.07 79.37 77.95 81.79
PointPillarsi?*! 8258 7431  68.99 75.29 90.07 86.56 8281  86.48
TANet’™™ 8439 7594 68.82 76.38 9158 86.54 81.19 86.43
SeSamel™ 8525 7683 7160 77.89 90.84 87.49 8377 87.33
PointRCNN[ 86.96  75.64 70.70  77.76 92.13 87.39 82.72 87.41

F-Frul’2 8745 79.05 76.14 80.80 9190 88.08 8535 88.44
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SVGA-Netl™® 8733 8047 7591 81.23 - - - -
IA-SSDI"41 88.34 80.13  75.04 81.17 92.79 89.33 8435 88.82
Ours 8554 7638 7113 77.68 9232 89.07 8536 88.92

Improvements 2.96 2.07 2.14 2.39 2.25 251 2.55 2.44
# 4-3 Perdestrain Z87j] F AN[FIHIER AP X EE
Models Perdestrain-3D(loU=0.5) Perdestrian-BEV (1oU=0.5)

Easy Moderate Hard 3D-mAP  Easy Moderate Hard BEV-mAP
F-PointNet!*l 5053 42.15 38.08 43.58 57.13 4957 4548  50.72
SECONDI?®l 5145 4192 38.89 44.09 57.60 48.64 4578  50.67
PointPillarsi?*l 51.07 4256 37.29 43.64 55.10 46.27 4476  48.71
TANetl™® 5372 4434 4049 46.18 60.85 51.38 4754  53.25
SeSamel™ 4229 3534 33.02 36.88 4825 4122  39.18  42.88
PointRCNNI2 47,98  39.37 36.01 41.12 54.77 46.13 4284 47091
F-Frul7 46.33 38,58 35.71 40.20 5215 4385 4168  45.89
SVGA-Netl™®l 4548  40.39 37.92 41.26 - - - -
IA-SSDI™ 46,51 39.03 35.61 40.38 51.76 4261 4051  44.96
Ours 56.14 46.02 4186 48.01 62.01 5293 49.83 5492
Improvements  4.69 4.10 2.97 3.92 441 4.29 4.05 4.25

R 4-4 Cyclist 2557 FANFIEIEP) AP XTLE

Models Cyclist-3D(loU=0.5) Cyslist-BEV(loU=0.5)
Easy Moderate Hard 3D-mAP Easy Moderate Hard BEV-mAP

F-PointNet*®l 72,27 56.12 40.01 56.13 7726 6137 5378  64.13
SECOND[P3 7710 58.65 51.92 6257 79.90 6273 5558  66.07
PointPillarsi?l 70.51 53.85 46.90 57.08 73.67 56.04 48.78  59.49
TANetl™® 7570 59.44 5253 6255 79.16 63.77 56.21  66.38
SeSamel™  69.55 5456 48.34 57.48 75.73 6170 55.27  64.23
PointRCNN[T 7496 58.82 5253 62.10 8256 67.24 60.28  70.02
F-Frul7 77.36 6200 5540 64.92 79.65 6454 5784 67.67

SVGA-Netl®l 7858 6228 54.88 65.24 - - - -
IA-SSDI" 78.35 61.94 5570 65.33 81.30 66.29 59.58  69.06
Ours 81.36 62.67 5537 66.48 8448 66.95 58.80  70.08
Improvements 4.26 4.02 3.45 3.91 4.58 4.22 3.22 4.01

XPLLSRIG A5 R, AT AURAYAE KITTI MHAAE EUS T s sl
PERE, TR, AR, 76 Car 245K 3D KA BEV M IAT 5% 1, A
TR mAP 43 A ELSEHERE AR T T 2.39%M1 2.44%; i % T Hidh 42 A A 44
SR/ H A Pedestrian £l Cyelist, A% 3 1528 FROR I M GRS T DU BE O 3%, 7
Pedestrian 257 [) 3D #1 BEV krill{F:45 b, mAP BHEAERIRL 3500 S 3.92% 1
4.25%; {E Cyclist &5l I, 3D 1 BEV faill{£:55 (1] mAP | 73 i) 45 s v A A 42 7
T 3.91%AH1 4.01%. S5HAMEIEALL, A% T795AE BEV KA 3D for il £ 4 3%
P BAT TR I RITERE, ol e/ H R A DU 77 TH] e B0t ARr IO AL o Sk
Kevt, IXLLSEG2E AT IR UE | AT BT H 71k S e .
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434 AIMHERE D

N T B 7R IR A 2, R AUE 530, 7E LiDAR Kz b

Sax TN =B 7y Rl ESE
PointPillars Ours

Scene2

Scene3

K 4-7 PointPillars 5 2% 5 T $i S50 AT AL 25 R0 bE

Kl 4-7 /R T =35t R, PointPillars 5 AT Fig Wik S = LW 3D Bix
R, @ = YRR T B R T S SIS, SR RIS ME T
HrsAm, [F N ER e ARSI AR . s, E L bR
T HbRER IS, AR T H AR O I 2 B AT 45 T A
Ba): B, TR B PointPillars [ A 25 AR 7R T 452 B A e 1
(), IXRB TR RUE LT s Re . SRT, MU R B E Y . AT R
HAREF, PointPillars £ HERAME T BB, B0l 1 4 PointPillars 4/ H ¥ H AT
AR S BAT RN B 2 Ao A AT A B, &1 3 Hrok AR E R AT AR
TN, FERRLT AN BARR BT ENAVRE . M2 R, RERZFHHRE L
R A TR 3 AR AT NG, (EAHE T2, /N H bR IR A A 26
RIEFEAR . BRIk, AT VELE B AR 2 /N H AAS I 7 T Fe B0t 8RS 1
PEBRTE. BRI, AT VAR A SIS 3D HARK I vERe, SCILTE

FLAS L o
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4.4 REING

ARFEHH T —MHET PointPillars SGHE N 3D HARI 7%, $&t 7/NHAxRH)
AR B8 AT RVRFAE 25 R RS FE o A SEAE AR RRAE 48 ) 51 N 1 B 22 0 R 2 [ 2
i, BE5E T 2R A SR RHIE R RE 70, R R E T 4 B AR PR T A A
JEo MeAh, BT RS R EhAS RSN, ST TRMIE B4 R IA e
RS N H AR A 2 XA RS A R . e, I NRRIER SRR,
BG T AFREREAE S, [FRORIF RIS SUE B, At — B4t T
HARK M fE . S2Ie 4t LM, DL KITTI HH ) Car. Pedestrian A1 Cyclist =Ffi2%
FE RIS &, AHE TR RLAE 3D AE55 N mAP 2 5l32 Tt 2.39% 3.92%
3.91%. 74k, KAL) 3 AEAE 7 TS A SO T 3D H AR
AR BJE AR B L Sy R 3D [ ARKS U I REHEAT LU, 45 L
ARFEFIEN 3D H ARSI e B 35 (0 55 4+ 7 ELREIH & SERT Rl 2K .

R M 3D BRI 7508 e 2 R RS 4 T B M BAR S R
ZOTVETN R ERT B 3B B R GAE S A ASE IR I H AR EAIRE 7T, RS
HAR RS BRI, Sl 4s. Rl E 3 AT B E BRI RE
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£ 58 ZIRBFEREFFERME N =4 B ENEE

5.1 5|5

FERTPE A, S RS 7 AT B H EUGAIEE T S 2 1 3D H ARl . 2
T H BRI 7 BT 2 R B R LR FIR B R R A A — e AR bk
e TIRFEASTEREEE, (H i T = ERMTR S R, HAE =472 )58 A 7 AT A7 AE
2 SR PR o 1 2T A2 (K 7 VR R R v SR I E A (¥ =4 JLATRRAE, H S =k
A8 B R B M R 2 SRR B FLAE E AR IR 53275 THI TGP o 33X P o AL
J7i: 4% BAR B AR A7 A L A 1 SR BR A, i LA IR IRt AL 9 e 28 Bl 5 T o5t H bk
WA o2 AR 8 A M ) P A 5K

ARTEER T — A 3D H AR 5 A R [ R PR DA % 2 A R 52
FERFIEXS SRRl & )7 TR PEAR, SR —FhSu M 28535 3D HAsk il sE, A%
REZON RGO AT . AFUEMIIA BRI R . ZTVERE T MVX-NetHESE,
T e i ARG ResNet-50U0I ) 2% Br 46 J5iA5 VGG-16V M8 T 2%, FE5] NidhJA%E
ME4 782K, DA R UG RHESR LA ), Reil@xd /N HARIIR RE 7. FLIk,
Wi S EE R R, DTG TR R TR A, RS YT
M2 R RIS R i), PRHBET T IHENURI R AR, SEOLEHGA A R Y
HIER A, B 2 R S S LS . SLIR g R, %7 IATE
KITTI #m4E - rokr v Re AR T JE vk 705, Rl AE B A R/ H bR Al o7 Tl
HATW AR .

52 BiERIE

5.2.1 EIKMLRLER

MVX-Net & PIET BUR 2 A5 A AR I i 2%, 3222t RS RS- L) 5
R RS S LA R 2 BAS R AL R S AR B, BRI 2R R & 5-1 T
EEBAEE SR, RERIFEA T VGG-16 ‘BT M4 B 04 ResNet-50, F5I A
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BB VT RFAE & 7 B 25 M B AR AE SR A . 8 T RFAE & 7 B il i ASPPSHELE K32
HF IR A2 ROBEARFAE, (5B R FH R B A B 5 AN 6] S JORPAE X R e Re ) i
TSN AARRIRINRE T FESEENE] 2D RFAEE S, ERH N B = R R
SPRAEHEAT 5, PRI =N IFAT 43 30 I R B R TE 4R | 9 PR A
A P2 A P ATV B AR, ST T S A PR R A SR MR R AP X T R S 43
24 15 S SR AR R BRI T AR R A DUAE BORU B9 3D AR S, ARG iEd 3
BRSNS SR . FERHIEREG BB, MVX-Net RAFHERSIHLH], 8T
¥ 3D SR 2D UG T b, # S 8 SRFES EG R 2 T8 110 25 [R) 56 R 2
R, SRS RRIE MRS B 55 . FERIERE b, ARFEBTE TSR 1AL )
A Bk 2 A YR B [RASSAS REAE (AL EE o Z AR o S UG RRAE RN 5 = R AE AT
RAAEAR i, SR 1P BT E S A AE, SEIVRAAE R B G LR, ()i
SINHBFHEMIRZE SR, PR T S e UTEE . BE 5 RRERE N
DX 355 22 1A D9 245 (RPN A BB AE 3t J e A 00 Sk X 8% 5 Ak B PR A o A
s, XSG IR WX 2% 5 A E AR B SRR MVX-Net 2B RL & 038 At 1, it
SINARAC PR HE PRI 26« ¥ = WL RN IS R A A, 52 2 4 T I 4 A
VERE, REAIRAE /DN H AR R 22 A 2SR R R & 7 THI A S gt

23T 22D ElSHRE

RL4:0)

ResNet-50

!
RGBE! %
ESHHER
ZEXEN
l B {SHHIE
W%ﬁ’ii RO'&?J:'Q” — — &
’A'
1¢§1t hEEE

B 5-1 B4R 2% 45 4 1
5.2.2 HE4LHY Resnet-50 L&

LE HARGIATE S5 A, AR BRE X 2% e e A R PR R B R FE 2, JRLAR MV X-
Net XH VGG-16 {E B TMWL, HZEZERHSTASESHEE K. HHEE
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L, Ho MBI R R . BAh, RRIEE 7 HE R BEIR R INIE D (MK, 3
AT EEER, IR . ik, AERA ResNet-50 Z X VGG-16, i
Ak ZEE T, ResNet-50 A RUZEMR 1 HREEH KR IAEL, B2 BEAR 1 HHRT 4,
[l FE R R R AR B SR I RAF IR RE o SR, B4 A6 ResNet-50 FIAFAEA 2,
JUHGEAE/N A ARRE I o, X2 4075 (5 S A PE RE 0B . I — i, A
FAE ResNet-50 Al b 5] N VVRFIE G 451, 83 2 ROZRFIERL &t — bR
THEERIVERE, 38 AL & T IS S WA 5-2 Fos

_,__---»:\ —» Predict
ey ~a. — Predict
751 A :

— Predict

® ASPP
Fusion

] 52 33 VRRAIE 5 P 46 4 44

EERIR T VAR 7 BB R P A5 G A R o % €0 B 2 7 7 VR 2 ) 4 -
fb#EHL (Atrous Spatial Pyramid Pooling, ASPP) , AeWsiliid £ fhasii Ry K2
PP PRI 2 RBERAIE, 3458 BN 05 BaIkae . R ZRoRml G, HT#
EAIEZRRAE, 83 2 0 S 2 204 1 45 A A 1 5 R AT 5 1 AT
K. ZE R BRI R RIS, FETHELRIE /N B AR AR I T g

ResNet-50 HAANMIEAR, FAMEBASZ MR ZESR. Fik, A
RO REAN B B 3 — MR Z2 Bk AT 1B BRI S, ad g hn—4> 1x1 B3
JZ, RACHES TR £ 3 SR ARFAE R(F), @ REAE AR N ) 7 2SI 2 R
FFAE IR FE R, VAT IS HY o IXFE ResNet-50 538 THRFIE & T EE S5 M I 45 45
REAS A B I =F B i/ BEARE S, AT S35 4R AR I R . 181 5-3 JeoR
T ITRRIE & 7 5 ResNet-50 B BER — Mok 22 B & 1 i 7

ResNet-50
Conv Conv

Conv
f (Ix1) — " (3x3, s=2) ¥ (1xD)
R Conv
Input (1x1, s=2) >+ Output

f
Conv d

R() > (1x1) SR s

5-3 ResNet-50 518 JFHRFE & 738 b & 7 245 K]
49



TR R A2 18

523 ZEIFENER

f£ MVX-Net #iRirr, RGB KR E 4 id Backbone #i2HU 1 — 4EHFAIL K]
(Feature Map) , 15 il #0 SRER SIHLE], K R oS E B S KRR IEAH
g5t UISE M BASRHERI R G . R XM OTIERIL 7 Bk iivtae, (HlT
FHEAS R R LR R AR TP R 25 78 70 AR AL AL PR, T e S BUURE B L1
DASCRHAE & 0 R R RS, il bR i), ARFEES B - 4ERHERE I N
EEE%ﬁ(B@MAmMm)ﬁﬂ,uﬁ—ﬁ%ﬁﬂﬁﬁﬁ%%ﬁﬁﬁ,%%
FFIE 2R 5] i BRI RS 6 55 R4 o Triplet Attention AR BRI T 23 51 %5 4 A 1A 4] 308 0 4
JEE D JEE 2 JRE T vy PR 4 PS8 ATV R A, T S B 4 2 ) 4 Jmy A R R A 3
HARKL, Ao i R AR T2 i A B A AR A RARHIE R R, IS5 & BfiE
SRLAR B BB, X SR F T B A TR R B I - 4R FEAE B, DT 9% HH DG
H bR X 3 4001 75 5t BE A, Triplet Attention FEERANE 5-4 Fli7R .

|- T T T T T T 1
i igmoi H |
ﬁ |—>ZP00I—> Conv 2 ﬁ_) @ i ﬁ |
| |
| |
| |

C
Permutation

) [ Bermm i g

Input Tensor Sigmod Triplet Attention
Identity [~ ZP° > @ T R @

L

& 5-4 Triplet Attention F5 J5i 3 [&]

H & AI 1%, Triplet Attention £ & =N FAT 703, &7 30730 0 1 T @ ASARFAIE
B AN TR AR 28 LG B B — 40 SO HLIME S i 5 0 P58 4 P et ol i i v 2
U R RRAE B x e RO N £ 90° 152l 5 (RHRAE x, € RV, 1235,
R Z-Pool #EAEXTRHIE AT 4 R Pk 5 Ak, A i & 4 R 15 10
fiERoR % e R*™C, Blifa, IXESFAELSE R HH—1LA Sigmoid BiE, “E ik
HIE 5 08 A B R R I @, FREIL R T xp, 90 v L R 0 e DL AR B
JEIRE NTEAR o B8 2> SCHOAL FIB 4R 5 55— 7 SR BN, AR ARAE T e R AR I
i FE A FE AT AR B ek IS AR AE X, € ROV AR B UE o, , T HEE I8 45 1
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SRR AR 2 IV . 55 = 40 B T B IS x, 3 Z-Pool A%
FIRHIE CRERE S0 5], JEE M2 I B TR AL W, o 2, =AM
S0 S B AR TS 2 AR A5 BBy, 3OS AR IR

Y = (K X, + x) (5-1)

Triplet Attention FE LI i IG5 1l 05 4 P AFAE ORI, MO 1 AL GvE = 0L
M7 R RS BRI R, AR =4 m . GEIE. M. SR
A e s 5 it AR RO EREFE IR R AZ R &, SF 5T 1 8RS 5%
B X A AN S ) SR TE RE

524 FhETEER

L2 BESRE RS, BB R S PIR OSBRI, 73 B A R 1
M. SR, BT AR RS 2 R B3, B SRR In 5 B 2 R ABUE
I BCAN BRI 1o 0, 3 B PR OIS g 2 0 A 2 25 3 e AR AL )] ) 2 24
Z5t, AIREFEOLBASRHE N T S VEREI S5, IR R SRR . BRI — ]
AL, AT T AT TN AR S AR (Gated Fusion Module) , %Ak
i 5-5 P, iz BB TR R oeah S A R S E, BIEN I
BB G SRR sk L B

BRI | | 2o .
Wz HItHO
+ Sigmoid aF
st -

L S (1)

K 5-5 Fler iR 2 A
AR RS RFE AR . B AR B AE R & =070 . B0, AR ERRRE
x1 MR ZRAE x2 73 3 A IR R AT 2t A e, A3 2 P RRFAE % A X,
B, IEREX AR BRFEAR I I 4 A 21 Sigmoid Wk R KL AR RIS
H oz, BRORCEUELE 0 2 1 218l f)a, KPR R85 N R IEBET B s R A
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A&, FERE P INBURFIEAR IS 2R SRR BEAh, D8 T IRKF R 1 LIRS 2 JF 3t

PR R G PR, AT T R TR, PR R R S HRHIE X0

AN E e 2 R A AR B R A BT O, 1R W] LA S URIB T
O=z-%+(z-Dx,+X, (5-2)

AL B B G A SRR RO, 2 SRR RE NS A RO
FEEIBAN 5 = el %% E I IL S o KPR AR 2 3 g N EAT WU DASR O A I, 3
AR E A IR 7SR T, MAEERNRE 1 R LS55 2
KRBT AU SR 1 AR GERL S AT RS B B R R L, I REAR S S A Bl 1R
H BB ARAS B DTN AT S BE 0 AR RPALE il 15 CR

5.2.5 KR

AT AR T B UG, R RO TS Second 7572
FRL, 23 7 = AR AR 7 3Rk s [R5 2R DA S AR By SR A0 Ok o XAl
2 YT A0 K R BB AR R e 8 AN [R) A B2 D0 A0 =4 H A ar I 12k e . I 73
REVRIETHRT M AR 2, [R5 5t AR LR FEE, LAJG A JBE 43 A e i e e
ST RAERTE, B RTPREARIACR . SRR R (5-3) Fok:

L=aglyo+a, Y. Loy, (AN, AQ)+asLy, (5-3)

S, SHEAN TSR Lo Foudl Loss BFIHEL, SSCHBAMESH
HHE 1 -H 5T SmootheL1 Loss J7 Hi BUE 22 Ar 15 160 H F1 4 Ag 2 81
ST TS Ly WA A ST T PRI £ ik
SRR AL, R R 5, RS a, . o, A

o 53 W E N 1.04 2.0 F10.20%,

5.3 LIGER5HHT

53.1 LR E

ZESLIOR A KITTI i, ARSI PN Z 0TS, 3D il fl
[ (BEV) Al 548 2L i AP40 $8 bR, 7ESLIGEFEH, fHH 2 5k NVIDIA

52



TR R A2 18

GeForce RTX 3090 GPU #ATIlZ%, KM AdamW A& #AT M4k, #WIih
SJRBN 3x1074, BAHRTFE R AME 3107 A GPU [t K/ (batch size)
N6, BIIZREH (epoch) 4 50, X T Bl ab#l, AT RH] 0.05%0.05%0.1
FOT A RAAE . Oy 1 3R B B i, 78 i MBS s b SE it 1 — 30
Bm I nn ens, QRERENIEI . 2 R A4 R 4a s, F 4 R e i 1) e 75 5
fE-n/4 B w/4 Z 3519040, iR F7E 0.95 £ 1.05 Z[A1¥2) 5] 7041

532 iHRASCE

N T AV A T e O E A R, £ KITTI 8R4 FITRE 17 RSN
VRS . SCI R ARG L 5{H (mean Average Precision, mAP) {E AV 15
bR, HH 3D-mAP e 7 RRAE = 4E A ] PR DIRE EE, T BEV-mAP PP, 1

M R A A A I P RS . ELAARSEIG 25 RNk 5-1 Fiw.
# 5-1 & KITTI PREE 1178 fil s 36

Car Perdestrain Cyclist
Methods FPS 3D-mAP BEV-mAP 3D-mAP BEV-mAP 3D-mAP BEV-mAP
MV X-Net 13 80.47 84.73 59.91 68.27 61.34 64.34

+EALIF) ResNet50 12 82.15 85.49 63.22 73.03 64.64 68.04
+=@EFE S 13 8210 86.30 63.40 72.99 65.76 67.89
RIS B 12 81.42 84.89 63.15 71.39 63.20 67.90
ours 11 8247 86.98 63.89 72.20 65.71 69.49

HE 5-1 ATLUEH: B4, BRIE MVX-Net 3T 4% o840 5 1
ResNet50, X— Bt Car L5/ 3D-mAP M 80.47% R E LT+ = 82.15%, [AHT
7t Pedestrian Al Cyclist 85| EWHAS T WEH D, 3D-mAP 43 A4 Tt 1 3.31%F0
3.30% . 1% — 45 FAF B T AR A0 5 BORRAE SR ER 0 26 B8 % 3845 58 HL ) PR AR AR AE RO,
RHRIEG G s PRI AT M . Fk, =R IR 0 5] N3G 58 1
RIPERE, f# Car 285910 3D-mAP 155 82.10%, #EHlZ4E Cyclist 285 FEUE T &
EHTE, 3D-mAP L F 65.76%, AHLLIEEMESRTE T 4.42%. IXFRWIE = IIHLH]GE
RCHG DAY 55 24 S KRR PR OC IR o [EJINF, RRAE R B R 5N — 2P 3Tt T Y
(kAR B, 8 Car 271 3D-mAP 153 T 81.42%, BEV-mAP N 84.89%, #H
LEREHESRTE T 0.95%F1 1.16%. %572 7E Pedestrian Z55|H, 3D-mAP Fil BEV-
mAP 73 A3 T2 63.15%M1 71.39%, AHEL T FEAHERAY 7 il $2 & 1 3.24%H1 3.12%,
OO UERA T R A e AR B A Kb P 2 RS B I SE I e 8, R AN S AR
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BRzEaAMAL, MR 7 RAARRIVERE . BE, HEE A e s, K
TR R IR bR _EIE R T ERACTERE, A WU B KRR T, B AR K
UL T 80— MR R EAR T, SR AR/ AR MR 83 e P R B 2 . R b
HE A 13FPS BEFE 2 11FPS, {EAT 2 SEIRHAS I A 75 5K, IR B 1207 SAERS EA
P LA R

533 S5HMFELR

N TR T INE M S, BT M E S IUE it 3D BRIy
YELE KITTI 34l 4E Car. Pedestrian A1 Cyclist 2587 R ) 3D-AP #E47 1 41 ELAR,
FREIRINF 5-20 5-3 F1 5-4 fios. N T RGBT LLEUMT, R IXET754%
R ANBLAS 7 A 2E: AU LiDAR (L)1 77 i Mf & LiDAR 5 EUG H i
(L+DIIJT

%% 5-2 Car K5 R A FHI%LH) 3D-AP X EE

Method Input ngfrfgne Easy Mod = Hard mAP
VoxelNet!?! L 231.5 77.81 65.06 55.74  66.20
SECOND!?3! L 42 84.61 75.99 67.91 76.17

PointRCNN[20] L 109 85.19 75.76 68.30 7641
STDI] L - 87.95 79.21 75.09 80.75
MV3D28] L+ 460 71.02 62.35 55.10  62.83
AVODE7] L+ 80.6 73.56 65.79 59.31 66.22
SIFRNet[3% L+I 85.62 72.05 64.19 73.95
PointPainting(®!] L+I 410 87.19 76.54 69.11  77.61
MVXNet!”! L+I 77 87.52 78.21 75.68 80.47
Ours L+ 91 89.29 80.13 7799 8247
Improvements - - 1.77 1.92 2.31 2.00

# 5-3 Pedestrian 255 N ANFEIE LR 3D-AP X} 1L

Method Input nglrfgne Easy MPoeddeStrlaIIl{ard mAP
VoxelNet??! L 231.5 - - - -
SECONDI?3 L 42 45.31 35.52 33.14 3799

PointRCNN[2 L 109 58.64 49.90 46.27  51.60

STD™! L - 53.29 42.47 3835 4470

MV3DE8I L+I 460 - - - -
AVODP7] L+I 80.6 48.27 41.52 36.85 4221
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SIFRNet!®] L+I 66.75 60.85 5295  60.18
PointPainting!®!! L+I 410 58.76 50.12 48.21 5236
MVXNet!7! L+I 77 64.68 59.67 5538 5991
Ours L+1I 91 67.99 63.23 60.45  63.89
Improvements - - 3.31 3.56 5.07 3.98

# 5-4 Cyclist K5 N AR HIL 3D-AP X EE

Method Tnput Rl(lrI;[;r)ne Easy MofijyCllSt Hard mAP
VoxelNet??! L 231.5 - - - -
SECOND?3! L 42 75.83 60.82 54.17  63.60

PointRCNN[2 L 109 73.93 59.57 53.51  62.33

STD!™! L - 78.69 61.59 5530  65.19

MV3DE28I L+I 460 - - - -
AVODE7] L+1 80.6 60.10 44.82 38.84 4792
SIFRNet[3% L+I 79.77 60.34 55.66 65.25
PointPainting(®!] L+I 410 77.51 63.24 5542  65.39
MVXNet(7! L+I 77 74.79 56.34 52.89 61.34
Ours L+I 91 77.78 61.32 58.02  65.71
Improvements - - 2.99 4.98 5.13 4.37

H3% 5-4 W LLE H, AREINEES IS BRI BERS . £1R
RS, AT VR B SRR SR BRI Al A5 SR, B T 89.29%. 80.13%
1 77.99%) AP fH (FjES/HEE/ A , AELIEZR TP T 1.77% 1.92%F1
2.31%. TEAT ARIIMESS b, 3238 TRATER H I 2 EREE R AL, R AR HL
157 R RE RIS ML LB R 67.99%. 63.23%A1 60.45% ) AP
6, “FYIHET 3.98%, X —SUMTEAFRIERY . 2SR M S . 7EH
AT TR I U5 THD AR AE T ERRT b AR 3 55N B 1 g 43l B IK T SIFRNet Al
PointPainting, {Hi#id LiDAR 5 EHGRHIE AIUR B & DL R st 9 DX Hel i 10 ) %,
TERMES 5 T A0 SE L T 58.02%11 AP A, eI B S 137 570d Mtk . el E 73
HER A, AR IEAE SR L L R AR 0 R B, (PR FE T BAR M THE 4 (91ms)
X TG T Bt B B AR SR OB A w5 R 2 RS B 5 S, AT AE ORAIE
AR IUDRS FE 1) I B S B T 4658 o R S FH

5.3.4 AR RO

A5 I = 4E R AL Open3D % MVX-Net W48 7E KITTI %454 - () 3D
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H AR &l Rk A7 7 A, F HLLL 2D B R fE X b2, fER 5-5 1, iz
Hs P ML QA HER R 00, SR ORI AT N0, T A £ B AT DO AR

FE-EP

“Sceneb C
5-5 AR R FELRAEAL 3D H ARAL I &5 R rT AL
Bt s TAEM M T, ARERBED CEMlE s ED 5REAFR OF
M=) fEm s B 3D HFrtallgi R . EEFRlg 5t a B, KEITIELAL
P S S M B I R AR RIICAREH  BIEAE BUR A G B 2 X 38, 19
AR IR EE R, RIS RARAR DRI A e AT HERA, J8/D 1 A VR 2 B A
TEL o X LE AT AL S5 R 70 7R B 1 A B4 H 1 22 R3S Rl 5 SREME 2 S T Ao UK 52 A
$E SRR & M T A R . T8I b X EE R, RS 2L H AR Y
TR s, 15255 TSI ResNet50 W48 F1 = H ik = IHLGINZ &,
BITRRESHER X o e A A B S AT N B AR, AR08 TR AR . G
FEITER B X3, BT I AL B Rk Rl 5 B i A7 O PR AR LR A A
ZHYJUHE R, (AR IAE B & A AN [ £ o ORI e O RG JE

5.4 KRB/

ARERRE T MG 28BS 3D BARKLIN 7, SE T 1 AR RS BE AT S
ZJ7iEHT MVX-Net HEZE, E SR ResNet-50 B8 E LS VGG-16
T, S5 T ESRHESR I ), R LE /N B ARSI 77 T R IR 7« IR,
vt T ZEE R, ARG . v A R A R AR OC R, TR
THHERIARET) . BeJa, $RHBIET I PLH ) BERR A B, st T BIgS
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MAFHEBIARE, B R ZEERRE T A UAER. SR gs RERH,
ZOTIETE KITTL #d4 B% 3D H brker Ik RIS B35 58T, AR T S VA AE
Car. Pedestrian £ Cyclist 2551 ) 3D-mAP 73 H42 15 7 2.00%. 3.98%A1 4.37%,
JEHAE G F35 AN B AR IAT 55 Hh 3L s M

AR 2 3D H bRk 75728 8 e 2 SRR 1 R e d At TR B R
AR IR LR G BB SR 2R, ZONE T R ERT B SN RAAER
ZRAC I EL ) B AR IR AR E AL BE 77, el 2 R e it B £ B AL OCREER
XHF
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