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Research on 3D object detection based on multi-modal fusion

LU Jun, ZHAO Haoran, LU Linchao
(College of Intelligent Systems Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: In the context of autonomous driving, the performance of 3D object detection via multimodal fusion is sus-
ceptible to insufficient sensor calibration. Additionally, in complex scenes with dense targets, the detection process is
prone to false positives, thereby reducing the model’s recall and precision. To address these challenges, we have de-
signed a multimodal fusion network, SoftFusion-QC (softFusion with query contrast), for 3D object detection. To ad-
aptively fuse point cloud data from LiDAR with image information from cameras, we propose a Deformable cross-
modality feature aggregate (DCFA) module, which facilitates deep-level feature fusion and effectively mitigates the
issue of inadequate sensor calibration. To resolve the problem of false positives in dense object detection, we intro-
duce a query contrast (QC) mechanism. By employing a Transformer-based query interaction strategy and a query
box contrastive learning strategy, this mechanism significantly enhances detection accuracy and robustness. On the
nuScenes autonomous driving dataset, our method achieves 69.8% mAP (mean average precision) and 72.8% NDS
(normalized detection score). The effectiveness of our algorithm is validated through quantitative performance analys-
is and ablation studies.

Keywords: 3D target detection; multimodal fusion; deep learning; depth estimation; feature aggregation; attention
mechanism; LiDAR; autonomous driving
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il 5 TR X G RE A ) DX 0 JBE 5 cos() AR BE
X HLA A R A SR A B

TES R ARAC L R, A B R AR IE £ X
i A LU EE, B GT 5 2 30 00 =2 (8] 4 B s )2 AT fiE
AT, ARG (2), FEXT AR Y Fre /M R, T

L% = ~log @)

AR TR T, H A2 B EHRIE GT
Akt IEME 1 GT A Xy, M A o B TR 1
A FONHE, BEARAE B bR 2 R 5 N IR,
I E— 25 P v Ao A Y A 1 e
1.5 KA

o P 28 7 e B A s 5 R 53 SRR LA
JE B0 4h 45 10, >R FH Top-k 3R W& i 3256 H A & 4>
ARy P AT IE S AR ) 6 DL BC, D I R Bl 0 S —
PE] % DG JE [ R, 1) R ) 2 ) B 3k S R ) 5 0
SEAR I Z ] ) — — X R DE R, AT A8 3 1 1 A 1)
X AT 2 20 9 2 W A il v DT i ) A 1) T
Do B AN L i T2 ) 0 2 AL 45 4 S0 % | 3 A
JUARTH5 2 LA B X6} b2 ) W Bt 2k

XFF o2k, 3% F Focal Loss™ A A4t 2K bR
B, HARAG 5o 38 SOk iy 2 Al B AT —A4N 0
AT, W5 T o AR R AL, A
AYAE YN 25 e A v 0 3 FEME DL 2RI RE AR, DLS B
A IE A ROCR, AR

I = { —a,(l-p)log(p), y=1

cls —(1—a,) prlog(1-p,) HAth

K p e AR T 5 A 0 A T A 5 o, 02 ]
TV 1 AR 1 R AL v — RS H
T D (A7 B AS (R A T4 5 T PRI MEAE A 114 56 1
yiE S AIFREE, | RORIEFEAS, 0 RoRTAFEAS

XTI ARER O, 5 BT HHE 19 7 A AT, 4n
A L h FAHE, AT RE 25 5 BU K oK B AR X
RTINS, H B4 2% R B A 1
HE 5 ELSTHE 272 (8] 1) 4 X B Bk TR s, X &%
FOR [ RSF Bz B 1 321 FEHE 22 18] 1 3 R AE AP FE 3R
KRES N T EMX—, kA L1 2% # loU
PR L PEH G, ToU 0 R AR — B ROEEAAE (1)
1% R, A BTG — AN ) 3 S HE 4 Ok RUBE
SRR, $ FUE R B 2 (1) 4 ek A
1k

Ly, = aLgs +BL1 + 0Ly

KHa. g SHHBESEL

2R LT IR, AR SCI 4 B KRR IR R 45
I 5N b A 2] B Ok 2 R

L =Ly + Loc
2 Z W &) S
2.1 SCIGINEE

AR ) SE B 5 /E 7E Ubuntu 20.04 B4 R 4%
AT, HFE T Python 3.8 A . PyTorch ¥ 2%
JHELR UL K MMDetection3DP H B i #1355, I
il 1 nuScenes FHE 4 X B A M REIE AT IEAL o
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JL Y SR AL PEGE i VFE BEH S B, I HAR
P& FE9H R, KRR WA 1 R F 3% E R (0.075 m,
0.075 m, 0.2 m), xi = FY4 55 O L 7E X F Y 5 ) 3¢
BH M [-54 m, 54 m], 7£ Z F [ A [-5m, 3m], 3D
BT M 44 5 ResNet-18 454, (B H 3D Hi i
GRS T 2D B, I AR I 2R AL
2230 3D B T W4 R AE SR UG, SR 1E 4
I W 2% (feature pyramid networks, FPN) 4% #4) 3k 4
2 REM BEV F#iiE. RFE LR, R4
A5 HEAVE A Transformer 9% A, 25} Transformer
PR 3 A gn e 2 F 3 A g 2, LI T
THARCR . %) FEN T Sk 4 H A9 T 300 4~
151 0 A ) TR B A S X AR ) . Dy — T, R
G0 30, SR 4B ResNet-50 W 4 1 hy — 4k
BT M AT RE S B, v AR P B SRR R A
B rh A HR A g SRR S K R 4. TE
K R SO BT T, PR PRERL = oLy, + BLy, +
OLiw+Loc P& B a=1,=4,6 =2, Focal loss "1
TSy E N2, VN T, E N 0.25, K
(2) X A R pR A T8 T 0.7, IRt FE e, R
H adamW(adam with weight decay) 1 fk %% >4
FI1EAL ] ] 2 ) SR ), F K2 2 R E S 0.001,
TR 0.01, batch size B E A 8, A%
20 /> epoch.

3 LI R AN

3.1 BRSNS R

T£ nuScenes M 4L T XA 5% £ 19 SoftFu-
sion-QC S L HEATHEREDEAN, JF 5 A1 AW
PEREHEAT T X H, DA B AR L e, PEAL R
FH I FE AR K HE nuScenes F s 45 F 5 S, L35 A
& mAP(mean average precision) Fll NDS(normalized
detection score), LA K #5235 Hin T ikl AP(aver-
age precision), TEXT LS5 rh, X B e 45 2 T

BOGE IR S = 1) =4k H bRk I J5 7 PointPillar®®
UVTR-L(unified voxel transformer with LIDAR)!?"!|
CenterPoint®*! | Voxel-NeXt(voxel-based next-genera-
tion detection)*”, DA K It F UL 5 5 = Al A 1Y 2L
7 H B K6  J7 ¥ PointPainting . 3D-CVF(3D cross-
view fusion)P*”, MVP(multi-view point cloud detect-
or)P | AutoAlignV2 (automated alignment for multi-
modal fusion v2)B%,

THBE Nk 1 PR, b, L KO LiDAR
EH A, L+C 7R LiDAR 5 5 AL F XU
BN B P2 T4 (Car), R4 (Truck).
T4 (CV.), B+ (Bus), Hi+E 4 (Trail.), Fi B4
(Bar.). EEFE 4 (Mot.). H 714 (Bike). 17 A\ (Ped.)
A8 HERR (T.C.) BRI 1 E, 18 53 XT L SoftFu-
sion-QC % 1k 5 H A 3 55 78 nuScenes MR 4E F /Y
T, 7] DL AR Transformer (97 £ 77
BLT, X 25 2 4 S 00 T A R AE , BE T A A%
P WG i R SCRRAE, S BT 9 A I
e 7E5AUEE T WO Ik 5 = By R il 5k X L
i1, SoftFusion-QC 7 mAP |- ### CenterPoint &
9.5 By, fENDS F4RFHT 5.5 Har s 5
VoxelNeXt # Ht, mAP #2151 5.3 (13 4, NDS $
T T 2.8 HOrmlo XELSIEG A5 R — PR T £
RS A T AN TR T RO TR IR S = Wk
FEVERE LAY T, AN, AWFS A SoftFu-
sion-QC S 4F k4 W TEIBR 5 A sl am
SR FE AT T XTI, 455 7R SoftFusion-QC
FE 22 B0 00 B R v e IR FESSE . 5 Auto-
AlignV2 #H It, SoftFusion-QC 7£ C.V.Al Bar. 28 5| it
For Ik e T A 5, X T R & R AutoAlignV2
K T R GT-AUG(ground truth augment-
ation) S W%, I 3D br i 9 B A5 Bk 1 o K]
B, AT RLEBRS SR E. X TR HE
b, TR BEAR B0 AR LT AR B, R 1 i A R
£E, (B7E HAZE B, SoftFusion-QC J& JHL i Bk
SRy

£ 1 BFHEXTE nuScenes MK E FRIE R LK

Table 1 Comparison of various algorithms on the nuScenes test set results

N - AP
ok B map NDS Car Truck C.V. Bus Trail. Bar. Mot. Bike Ped. T.C.
PointPillar L 40.1 55.0 76.0 31.0 11.3 32.1 36.6 56.4 34.2 14.0 64.0 45.6
UVTR-L L 52.8 66.3 81.1 48.5 10.5 549 42.9 657 515 223 80.1 709
CenterPoint L 60.3 67.3 85.2 53.5 20.0 63.6 56.0 71.1 59.5 307 84.6 784
VoxelNeXt L 64.5 70.0 84.6 53.0 28.7 64.7 55.8 74.6 73.2 45.7 85.8 79.0
PointPainting ~ L+C 46.4 58.1 77.9 35.8 158  36.2 373 602 415 241 733 624
3D-CVF L+C 52.7 62.3 83.0 45.0 159 488 49.6 659 512 304 742 629
MVP L+C 66.4 70.5 86.8 58.5 26.1 67.4 57.3 74.8 70.0 49.3 89.1 85.0
AutoAlignV2  L+C 68.4 724  87.0 59.0 331 68.6 59.3 780 766 549 8.9 813
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Ak B mAP me

Truck C.V. Bus Trail. Bar. Mot. Bike Ped. T.C.

SoftFusion-QC(A L A¥L)  L+C  69.8 728 88.2

30,8 69.7 632 756 771 554 894 875

T MR AT AL S5 2R

32 HEASCLS

36 38 T il S 2 A 1 ) 4% % A B TR S AT K
PRGN . 7R a3, it — 2R A0 FEN
W) 265 85 F) A= LR U A0, — 25 AN i — AN 2 IR
FE ) FEN ) 28 555 A i) i 47 200 T, D AR R
Tl S 6 ) FE B A

AT B UE AR TR A% B A AR T R o ) )
Bk, 8 BE AL A A AHHLE] LiDAR 1% 845 14 742
T RS P-4 Ml B 1 R A AU SR AR TS 2 1 1
O, PR #% m AE 3 Al B R HIAE 0.8 m
Wo BEAN, R T X 56 E AR B 5% Fr 4 A mT AR
PRI RRE R B BRI A RN, E R AR | oy
951 A2l EPNet?**)(enhanced point-cloud network,
PLF & &% EP) 1 PointAugmenting(LA T f&] # PA)
() 7% PR A 7 R AT LS5, P F8 bR
mAP, H. " SoftFusion 8 A9 & AW 57 Fr 42 4 A9
E O e 11| DO R = e T P 9 1 55

WE 4 s, 5HABRG I M, SoftFu-
sion JEELH ARG R, MEREE R4 0.8 m [
FERLIN, SoftFusion AY mAP AL R 1.3 45 A5, 1M
PA HI EP f mAP 3% FFET 2.7 E 451 3.1
FA3 . X ZHJ PA I EP A5 50 SRl A SR g
TEAR KRR BE AR T H H R, MO TEAL IR A A U
AERERE TR, ML T, AW A, bR
FE A 2T AR R B B EE L, TG
RPN RE A B R AN 4%, Transformer {3 &
ML BEMSARTE T F SCA5 L A Ak A b SR AH G G
ik, PRGBS i ELA 3 i e .
X AL s N PR R R R A In) A, 3 5 A O R
GT-E X}, 7E Transformer fiftith#s 2 rh i  7xf L2
> W, T HESERA Y X o3 = A LB A A RE T, A
BB T 7E BB 4R e b iR R

68

—=— SoftFusion

°\\° 66 —a— PA
& —e— EP
E 65

0 0.2 0.4 0.6 0.8
% t/m
4 FERBEIRERMERMBEER TR
Fig. 4 Impact of different offsets on performance of fusion
strategy models

T SR A v E AR A S W A DG AL R A
WMk, JEAT X SE 5 . nuScenes BUPE 5 A AE 2R
S K AN XA A 1 Tr) A (PR R AR ), HE B A2
AR AL E  ERREMAITES S
RAR, T /ANRGERAT N B 7 He e, R AR s 4
e 6N ) Car 28 F1 Ped. 2R B S bR 1 50, ¥
nuScenes K iE4E K] 700 3 A~ X [H] : 0~20, 21~40 Fl
41 K UL b, Hop B0 3R R A0 W 3 s Car 2600
Ped KA H AR EE 2 A, LT 0L, XF EE A
9% IR AR TCA W EE LG O B S2 50 45
Ph mAP VE NI FE A5, SCEREs RANKE 5 i

g0, ™ SoftFusion-QC == SoftFusion

70.4 69,6 70.168.5 682 s g

0~20 21~40 =41
BRSO

B 5 FREREHENNERELENZM
Fig. 5 Impact of different annotation quantities on model
performance

B WoR, BLACAR R AE 0~20 Z [H] 3 5
1, SoftFusion-QC AH% F XTI b 77 ¥, mAP 4 5%
0.8 H 43 i TEARTESE A 21~40 37 5, 40k
1.6 A 43 il AR ERCERTE 41 KL B, H4E Tt
PREEIRFN 2.4 A, X—BHEATLUEN, 7EH
PRoT AT B R 8 LR T, R AT EL AL 5y
Rz I 25 PR RE AL BB O 2
33 ZWHERAHML

J TR PEVEAR B A RO, AR
S AT IO, I 38 o T AL T B B R R 45 R
&l 6~9 s, BEH T nuScenes 5 ik 5 1 AG IS
Yy st AT W A, Hoh GT 2R 3 5 10 B S5 AR
i Pred R LR BN L X T4
5, MG 6 sk K g pH i — R ER, A~
Yiseor A LR, BHEER 3 K A, EHEE
F 43 % R T nuSceness £ SR 5 42 04 £ T
AL IEFT 7 AHAL A T AL A, T HER A
W W T 22 J5 5 AL | 1B 5 5 MR HLAN A J5 5 A BL
Ao ARG B AR A [7] 26 1) = 4 AE
TRy o A H 55 B SR T RN I A 1 ] DA SR
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Fig. 6 Scene 1 visualization results (GT)
' RN

7 BHE1ARLER (Pred)
Fig.7 Scene 1 visualization results (Pred)

oss o -

B8 #H=2RMULER G
Fig. 8 Scene 2 visualization results (GT)

B9 iH=2AHLER (Pred)
Fig. 9 Scene 2 visualization results (Pred)

I A 05045 6 4600 L 52 0
#h 7, ME P AA FE AT AL SoftFusion 55 SoftFusion-
QC my A il fe, EARTT AL 25 R an &l 10 s o
AT LLVE B, 7E R P bR iC 9% AT AR A /N B AR
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E 10 BHREEIS LN BRI N LRI LE
Fig. 10 Different offsets affect fusion strategy model per-
formance

4 %HRIE

AR SO X O TR R FIAR AL U A 78434 1 LA
B 37 5 H bR % SE W IG B, 43 0 TP T o %
FAL TR AL AN ) IR) L, 353 — b R AR TR s A5
BRHER G, R PR L0 B bR e E
Query, F I RT AR TE 1 28 S 8 F3 L], S5 88 4
HEAZFHE LS, W T s 5 B RHIE 2 [H]
P AROC IR, 5 T AR TR X A2 JER A A HEAS S 155 L 1)
BN X H A% A 500K I R, 46—
Tl 5L T X6F Bb 2 2T 2 ) 0 F O Ak SR s, i it 51 A
XL, s TR RLEE B bR A S XA
AEARLEE A 10 FUAE (9 B8 1 o SCB0 25 SR BH, T4
A5 FE nuScenes B8 A IS T 69.8% 1Y
mAP 1 72.8% [ NDS, J& 8 H F 800 5 i PERE .
AN IR F I T A5 B A, 38 2 22 Mt )y A A v b
P AR B 1 AL IR, IR S AL Bz Ak
HE 2 DT O AR AR BT 5o

£ % SRk

(1] skiEF;. JE N BR G B BRR B K a4 0], VR 25 H]
K, 2018, 43(6): 10, 15.

ZHANG Yaodan. The current situation and tendency of
driverless cars[J]. Automobile applied technology, 2018,
43(6): 10, 15.

(2] EfHg, 88, 1T, % TSR EA BRI A LS

W[I]. KRBT R 222540 (A RFHERR), 2017, 40(1):
1-6.
WANG Shifeng, DAI Xiang, XU Ning, et al. Overview
on environment perception technology for unmanned
ground vehicle[J]. Journal of Changchun University of
Science and Technology (natural science edition), 2017,
40(1): 1-6.

[3] JANA P, MOHANTA P P. Recent trends in 2D object de-
tection and applications in video event recognition[EB/OL].
(2022-02-07)[2025—02—-26]. https://arxiv.org/abs/2202.
03206.

[4] PRAVALLIKA A, HASHMI M F, GUPTA A. Deep

learning frontiers in 3D object detection: a comprehens-


https://arxiv.org/abs/2202.03206
https://arxiv.org/abs/2202.03206

5520 % B OB A

4t

24 <1176 +

(5]

(6]

(7]

(8]

[9]

(10]

[11]

[12]

[13]

[14]

[15]

[16]

ive review for autonomous driving[J]. IEEE access, 2024,
12: 173936—-173980.

ZHU Minling, GONG Yadong, TIAN Chunwei, et al. A
systematic survey of transformer-based 3D object detec-
tion for autonomous driving: methods, challenges and
trends[J]. Drones, 2024, 8(8): 412.

TANG Yingjuan, HE Hongwen, WANG Yong, et al.
Multi-modality 3D object detection in autonomous driv-
ing: a review[J]. Neurocomputing, 2023, 553: 126587.
VORA S, LANG A H, HELOU B, et al. PointPainting:
sequential fusion for 3D object detection[C]//2020 IEEE/
CVF Conference on Computer Vision and Pattern Recog-
nition. Seattle: IEEE, 2020: 4604—4612.

WANG Chunwei, MA Chao, ZHU Ming, et al. PointAug-
menting: cross-modal augmentation for 3D object detec-
tion[C]//2021 IEEE/CVF Conference on Computer Vis-
ion and Pattern Recognition. Nashville: IEEE, 2021:
11794-11803.

LECUN Y, BOSER B, DENKER J S, et al. Backpropaga-
tion applied to handwritten zip code recognition[J]. Neur-
al computation, 1989, 1(4): 541-551.

XU Shaoqing, ZHOU Dingfu, FANG Jin, et al. Fusion-
Painting: multimodal fusion with adaptive attention for
3D object detection[C]//2021 IEEE International Intelli-
gent Transportation Systems Conference. Indianapolis:
IEEE, 2021: 3047-3054.

BAI Xuyang, HU Zeyu, ZHU Xinge, et al. TransFusion:
robust LIDAR-camera fusion for 3D object detection with
transformers[C]//2022 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. New Orleans:
IEEE, 2022: 1080—1089.

VASWANI A, SHAZEER N, PARMAR N, et al. Atten-
tion is all you need[J]. Advances in neural information
processing systems, 2017, 30: 5998—6008.

LI Yingwei, YU A W, MENG Tianjian, et al. DeepFu-
sion: LIDAR-camera deep fusion for multi-modal 3D ob-
ject detection[C]//2022 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. New Orleans:
IEEE, 2022: 17161-17170.

LIANG Tingting, XIE Hongwei, YU Kaicheng, et al.
BEVFusion: a simple and robust LiIDAR-camera fusion
framework[C]//Proceedings of the 36th International Con-
ference on Neural Information Processing Systems. New
Orleans: Curran Associates Inc., 2022: 10421-10434.

HU Haotian, WANG Fanyi, SU Jingwen, et al. EA-BEV:
edge-aware bird’s-eye-view projector for 3D object detec-
tion[EB/OL]. (2023—03—31)[2025—02—26]. https://arxiv.org/
abs/2303.17895.

Y AN Junjie, LIU Yingfei, SUN Jianjian, et al. Cross

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

modal transformer via coordinates encoding for 3D ob-
ject dectection[EB/OL]. (2023—01-03)[2025—02—-26]. ht-
tps://arxiv.org/abs/2301.01283.

WANG Haiyang, TANG Hao, SHI Shaoshuai, et al.
UniTR: a unified and efficient multi-modal transformer
for bird’s-eye-view representation[C]//2023 IEEE/CVF
International Conference on Computer Vision. Paris:
IEEE, 2023: 6792—6802.

CAESAR H, BANKITI V, LANG A H, et al. nuScenes: a
multimodal dataset for autonomous driving[C]//2020
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Seattle: IEEE, 2020: 11621-11631.

LEE W, KIM H, AHN J. Defect-free atomic array forma-
tion using the Hungarian matching algorithm[J]. Physical
review A, 2017, 95(5): 053424.

TOLSTIKHIN I O, HOULSBY N, KOLESNIKOV A, et
al. MLP-Mixer: an all-MLP architecture for vision[C]//
Proceedings of the 35th International Conference on
Neural Information Processing Systems. Vancouver: Cur-
ran Associates Inc., 2021: 24261-24272.

EGGERT S, KLIEMANN L, SRIVASTAV A. Bipartite
graph matchings in the semi-streaming model[C]//Al-
gorithms-ESA 2009. Berlin: Springer Berlin Heidelberg,
2009: 492—-503.

LINTY, GOYAL P, GIRSHICK R, et al. Focal loss for
dense object detection[C]//2017 IEEE International Con-
ference on Computer Vision. Venice: IEEE, 2017:
2999-3007.

CONTRIBUTORS M. MMDetection3D: OpenMMLab
next-generation platform for general 3D object detection
[EB/OL]. (2019—06—17)[2025—02—-26]. https://arxiv.org/
abs/1906.07155.

LOSHCHILOV I, HUTTER F. Decoupled weight decay
regularization[C]//International Conference on Learning
Representations. Singapore: OpenReview.net, 2025:
1-18.

SMITH L N, TOPIN N. Super-convergence: very fast
training of neural networks using large learning rates[C]//
Artificial Intelligence and Machine Learning for Multi-
Domain Operations Applications. Baltimore: SPIE, 2019:
369-386.

LANG A H, VORA S, CAESAR H, et al. PointPillars:
fast encoders for object detection from point clouds[C]//2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Long Beach: IEEE, 2019: 12689—-12697.

LI Yanwei, CHEN Yilun, QI Xiaojuan, et al. Unifying
voxel-based representation with transformer for 3D ob-
ject detection[C]//Proceedings of the 36th International

Conference on Neural Information Processing Systems.


https://doi.org/10.1109/ACCESS.2024.3456893
https://doi.org/10.3390/drones8080412
https://doi.org/10.1016/j.neucom.2023.126587
https://doi.org/10.1162/neco.1989.1.4.541
https://doi.org/10.1162/neco.1989.1.4.541
https://arxiv.org/abs/2303.17895
https://arxiv.org/abs/2303.17895
https://arxiv.org/abs/2301.01283
https://arxiv.org/abs/2301.01283
https://doi.org/10.1103/PhysRevA.95.053424
https://doi.org/10.1103/PhysRevA.95.053424
https://arxiv.org/abs/1906.07155
https://arxiv.org/abs/1906.07155

1177 -

W%, 45 BT ARG B0 =4 H ARSI 7 120 52 5 54

(28]

[29]

[30]

[31]

[32]

[33]

New Orleans: Curran Associates Inc., 2022: 18442—18455.
YIN Tianwei, ZHOU Xingyi, KRAHENBUHL P. Center-
based 3D object detection and tracking[C]//2021
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Nashville: IEEE, 2021: 11779—-11788.
CHEN Yukang, LIU Jianhui, ZHANG Xiangyu, et al.
VoxelNeXt: fully sparse VoxelNet for 3D object detec-
tion and tracking[C]//2023 IEEE/CVF conference on
computer vision and pattern recognition. Vancouver:
IEEE, 2023: 21674-21683.

YOO JH, KIM Y, KIM J, et al. 3D-CVF: generating joint
camera and LiDAR features using cross-view spatial fea-
ture fusion for 3D object detection[C]//Computer Vision—
ECCV 2020. Cham: Springer International Publishing,
2020: 720-736.

YIN Tianwei, ZHOU Xingyi, KRAHENBUHL P. Mul-
timodal virtual point 3D detection[C]//Proceedings of the
35th International Conference on Neural Information Pro-
cessing Systems. Vancouver: Curran Associates Inc.,
2021: 16494-16507.

CHEN Zehui, LI Zhenyu, ZHANG Shiquan, et al. De-
formable feature aggregation for dynamic multi-modal
3D object detection[C]//Computer Vision—ECCV 2022.
Cham: Springer Nature Switzerland, 2022: 628—644.
HUANG Tengteng, LIU Zhe, CHEN Xiwu, et al. EPNet:

enhancing point features with image semantics for 3D ob-
ject detection[C]//Computer Vision—-ECCV 2020. Cham:
Springer International Publishing, 2020: 35-52.

EEE AN

Rh2E, Bt A S0, i,
LEWEFETT 10 R TR ARG | LA iR
AOHUAE Pl . BHGRBH I /i
MBI R H AP LK, R AR
FRe R AT L . RERFARIE
380 sk, R AE S # . E-mail:
lujun0260@sina.com,

J5 1) g =4 B ARG TR AL
E-mail: 1793961894(@qq.com,

Eobol, L, ST =
48 HARE I A HLALGE . E-mail:
llczsr@163.com,

M

—
-
(am
_—

—

R N
A —
7

7N


mailto:lujun0260@sina.com
mailto:1793961894@qq.com
mailto:llczsr@163.com

