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Abstract: In recent years, with the rapid development of new energy vehicles, 3D object detection, as a core foundation

of autonomous driving technology, has become increasingly important. Strategies that integrate multimodal
information, such as radar point clouds and images, can significantly enhance the accuracy and robustness of object
detection. Inspired by BEVDet, this paper proposes an improved multimodal fusion 3D object detection method based
on the BEV (bird’s eye view) perspective. The method employs a ConvNeXt network combined with an FPN-DCN

structure to efficiently extract image features and utilizes a deformable cross-attention mechanism to achieve deep fusion

of image and point cloud data, thereby further enhancing the detection accuracy of the model.

nuScenes autonomous driving dataset demonstrate the superior performance of our model,

Experiments on the

with an NDS of 64. 9% on

the test set, significantly outperforming most existing detection methods.
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Fig. 1 Flowchart of the 3D target detection process
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Fig.4 Diagram of deformable convolution implementation
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Fig.5 Diagram of the deformable cross-attention module

A AR T 28 S B BE A R AR S Y R R
RENOH W C) BRI OCHWC K) Hd H fw %
/R BEV $RE M5 A 55 %, C %R BEV #:FEiE. K £
RERLNEFEZRRSHSMBE. fEMNH F €
RV F, € RO FORIG IR LA BEV 45-1E F,
Wl e Bl A . RIG, F. iR AER =, 13
R P F B BN .

Bk LR AR 23k n AR A2 R

DeformAtin(z, sp,.F,) =

H K
Eu [;}AW W, F, (p, +2pu0] (5)

Hoif, h AEBIRMERS] ., b AR RS,

K R8N B8 Api TR RFEMB, A, FR

2, MF, RN EEIE, w, RRE 2k 02T
A AR, W AR A A SRR E AR . X T IER F



b

My F . R T ConvNeXt fe TEHBRLEES A $445 3D B A4 7%k

%12

43 SR FH L Al 109 28 SO R A O T DA S A AR AR OE, B
Wi 23k 28 O E L A X
CrossAttn(z,, ,F,) = Ew,, [EA,W,, . W//,F(] (6)
BT S A SO Y T AR T 32 SO A AT LA A6 R
F. < CrossAtin(z,, ,F.)
F, < DeformAtin(z,sp . F,)

3 ok 22 S R AL T 55 IR AAH AL BEV R AEZ )5
FIF G IE 2 B LA 2 R R A ZBE BEV RefiE, HIK
4 PA BEV FR-IEZEHER Foe = [F.F ] R)5.%
Fo BIEF 34> CBR #k, it — L& Z BB RIE.
CBR B U 1 Conv3 X 3 4tk 4 —fL )2 Fl ReLU #1 pR
B

3 XWERSHW

HIBESTMRIER
AR SCfE T R B R A FF R A Bh 2 B A s &
nuScenes AT T W 4 B2 AL M E B IE . nuScenes 3
AEH E 6 MR 1 000 A3 FE, TREE TN
3D X Z A A BEV 38 o # Bop AT 20k . X gl 5
PEIESr K 700/150/150 S5, FH T4k / 8k /MK, £
K 1A MAFERD 3D B FAE, ATH T 10 N800 RE R
NIRRT M EFEW AT B BT RS
MACEHE . FEH OIS Z 5 AR E LT i 51.2 m
P RS X 3R (ROD S BRIAE B0 T 43 B (R 5
AR ZE KN R 0.8 m,

AT 3D X R KM, nuScenes B4 4 4L T — 4H PEAL
Fe bR ALIE G PR B (mAP) F1 5 A A CTP) 48 F5
ATE.ASE.AOE.AVE #l AAE, B A4 500 4 {7 B iR 2 |
RUBE T IA) L BE RS AR AE . B B 8 i nuScenes K
W34 (NDS) SRl it IZ 0 BB T TR fR 28 A,

7

3.1

NDS = !

= g B XmAP+ > (1= min(L.mTP)) ]

(8)

AR SCAHF Adam W Ak 25 U1 2R R, L rpops D) 2
ME 2X 107" FH . T ConvNext+ FPN-DCN i [& 1%
FRAE 42 BURS I FH T 06 PR S W, 325 S TE T 40 96 1Y B ) 3%
Aol s ST FR N 210 et E] 10, R FE R A
W2z R 1070 ZePEREMRE] 0, BRIV AL R, Bt Rl 7
20 NN Z L,

3.2 LRI

2 S0 Y B Af ] Py Torch HE%2 5230 L 38 4776 GPU
i NVIDIA RTX 4090.CPU 2} Intel Xeon Platinum 8260,
¥E &2 45 Ubuntu20. 04 MR 55 25 1 .

A KCYE S B R @A HL RO S s SR
nuScenes FHELE H A9 ER 53 B 9 1 600 <900, 38 2 i b
BB 4 B R AR 4R R 704 X 256, £ 5t ConvNeXt+ FPN-
DCN 42 BUREAE , i th 2 ROEERRAE B, K/ 4y 5 H /4 X
W/4,H/8XW/8,H/16 XW/16,H/32XW /32,

3.3 XWERSHH

7 S0 (57 FH A A5 B 4 S 56 b b B RGO R A Y
BEV ##E .52 1 JB/R T 2% & T 78 NuScenes B iE 4 F 1
FERCCMR” 4 MR R RS MR A, AR B A
B 388 0 N e )RR A S R I R B SR AR RO T B AT —
S E AN IS 2 AR A T . M T CRN, i
PR AE mAP 1 NDS E - 5148 T+ T 8.8% Hl 6.8%.
CRN A5 7 w7 FH A9 P44 0 A 4 BRI 4% J2 ConvNeXt 45,
SR SRR AR L, 4550 H ) T AR I A8 N R S ML R R
7 5 E W RS E UE B I B BEV FRE AN E 5 5
= BEV $REEAT T IR 2288 1 % 38 1A ARG I R 2047 T 8
EWR . N mAVE BIFREORTE A SO AL 8 T H A Y
FRHY , B AT RORSE TR % 3 785 0 A 1 S 52 T 00 Ay T

& 1 nuScenes IiF £ F 3D #1440 M &5 R 89 L &
Table 1 Comparison of 3D object detection results on the nuScenes validation Set

Ji A RAF NDS mAP mATE mASE mAOE  mAVE  mAAE
BEVDet C 256 X 704 39. 2 31.2 0. 691 0.272 0.523 0. 909 0. 247
SparseBEV™” C 256 X704 54.5 43.2 0. 606 0.274 0.387 0.251 0.186
BEVDepth C 256 X 704 47.5 35.1 0. 639 0. 267 0. 479 0. 428 0.198
RCBEV4d"™" C+R 256 X 704 49.7 38.1 0.526 0.272 0. 445 0. 465 0.185
CRN™Y C+R 256 X 704 54. 3 44. 8 0.518 0. 283 0.552 0. 279 0.180
Ours C+R 256 X 704 61.1 53.6 0. 489 0.259 0. 404 0.223 0.192
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Table 2 Comparison of 3D object detection results on the nuScenes Test Set
ik A NDS mAP mATE mASE mAOE mAVE mAAE
BEVFormer'* C 56. 9 48.1 0.582 0. 256 0. 375 0. 378 0.126
BEVDet C 56. 8 45.1 0.511 0.241 0. 386 0. 301 0.121
PETRv2™ C 58.2 59. 2 0.561 0.242 0.361 0. 343 0. 120
SOLOFusion™" C 61.9 54.0 0.453 0. 257 0. 376 0.276 0.148
CRN C+R 62. 4 57.5 0.416 0. 264 0. 456 0. 365 0. 130
MVFusion™" C+R 51.7 45.3 0. 569 0. 246 0. 379 0.781 0.128
CRAFT™ C+R 52.3 41.1 0.467 0. 268 0. 455 0.519 0.114
Ours C+R 64.9 56. 1 0. 382 0. 225 0. 353 0.246 0.112
bt B E RS . AT AR BEVFormer ,PETRv2 ConvNeXt [ 41 FPNCRE 4 7 85 W 4% ) 45 & DCN (] 28

85 2R ORI A 5 A0 L RU 3 R0 S8 B 000 v B GAR

WIS ERA ST, K IUAR SO AL P BB Z A A TR T
ConvNeXt—+ FPN-DCN (¥ ¥ 4% 45 £ F 7] 78 1 22 X 1 7% 5
LA, XA HLERE WS B 3E R R 2 X R ) X ) o6 1
S 3 3 R [ A R A Y B e A R AT AR AL B, R
AR S EA LT R, XA S THR A &2
F g B 1) LAk FIURS JE RS DU R 1, T L B 5 AR 4R i AL 19 K [
A R R R R AR O A E R . kL AR ST
IR A 18T Xt 22 R Ak 0 B 42 T 55 i, B A8 R 3E ot i ok
e, X — S 7E NDS fl mAP X H P 28 & 48t EE 3 Tk
W, RS R EBRE A 25 B, AR SO A R 2 88
S AR R AR LA B S ARG DU RE L R AR A Bl
5T B NP 0 R
3.4 HBLZIE

TE Nuscenes B4 b XA SCO i 3047 1 FRA0AY T @l
B, BRI AL IR &5 AR 3 iR, B, XA SO Y
PR R AT T 7 Bl SE 50, 3R 3 TR, FE DL 3k £R B AL
BEVDetdD fy 3 fih I, K K K 45 1E $2 I W 4% 5 4 5
ConvNeXt—+FPN-DCN 1 % 4% , %3 fin ] 28 & 52 X i 75 ) 4t
He, Sub 45 R W, i ConvNeXt 55 FPN-DCN 454,

NDS # F+ & 0.583, mAP # FF & 0.507, £ W n A

(a) BEVDetAT#i 4L A
(a) BEVDet visualization

&l 6
Fig. 6

TE 26 R 28 5 6% 0 35 412 = 150 780 (0 P 18, D0 L2 7 B 4 b
BB oy TR 2 | AN RS R e =W v
NDS ## A% 0. 611, mAP $##H % 0.536, XPEHEER T
AT AR 28 S B Sy HUI X 4 T R e A £ A L JE L 2 A
Aib ¥ 7S [R] R AIE RO IE 22 B2 Rl -G D 22 J7 T8 00 L

R3 KEHMXE
Table 3 Model ablation experiment

TH Al 52 NDS mAP
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A A A2 S B T ML 0.611 0.536

3.5 LIGRA4L

TE nuScenes #HE 5 50 UE B #2553 , I8 0 ] Ak B
F B 3D HARAG IS 5. Hovp, 260 50 % AiE S 46 0 75 3]
B 25 B S 0 €8 s R € 28 A B 4 o G T AE P 9 05 =
AR E MR R L, E 6 i, M0 BEVDet o] #i1k
B A A AR SR R A] AR AR T BY S R, BT LR
HZR SCHO A3 T BEVDet, B AR I 5 f0oRs . 12 22
NS FEATUE B T AR SRS AL Bk B T AT

(b) A SCHERL AT RLAL B

(b) The visualization of the model presented in this paper
g RiAE

Visual drawing



B oM F . AT ConvNeXt o TEHBR L EZE A 44 3D B ARG 7 &

%12

ARSCHR N T —Fh R AN EH B 5l 2 RS EERLE 3D

H Fp A& e g k. il 1 ConvNeXt+ FPN-DCN #Y % 4%
& T A BT 52 R R G T R R AR 4 IR B g L O i T A8
TE 3¢ X 8 R HO S [R) B A R AR 2R AT 28 B, [ ) 7 B3 7
FREAEAT S, » BEW8 B0 245 M ] 48 A [R] 452 25 78 @il & Bof 46 1) o
B == B I s I N i & 1 S L e N D o i = o L B
INTHFIEXT 551 2, 7E nuScenes B0IE 4 b Y XT B 52 56 il
TH il 225 SR 6 B, RH R R 2 R 4%, AR S B R AR ARG B I
AT RFENRS R T S RN AR, TP
— SRR, 4R S B R AR T £ R b A R I M .
Ah R E S BRI BE T AT N L DA B 0T O A R A S 2 S
W E R W,

5 %3

(1]

[2]

(3]

(4]

[6]

[7]

HUANG ] J, HUANG G, ZHU ZH, et al. Bevdet:
High-performance multi-camera 3D object detection in
bird-eye-view[ J]. ArXiv preprint arXiv:2112. 11790, 2021.
LIU ZH, MAOHZ, WUCH Y, etal. A convnet for
the 2020s[CJ. IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2022 11976-11986.
KR 3t . o A 400, Rl A 2 TE L I HLA S PointRCNN )
S BARK LT w0 A R L 2022,45(9)
127-132.
ZHENG M L, GAO J L.
detection by integrating multiple attention mechanisms
and PointRCNN[J].
Technology, 2022, 45(9) . 127-132.

TR, A AR . T RO A S EM B
Aoy 0 5 vk AR ()], F 0 R 202346 (1)
120-126.

WANG Q L, LI H, XIE L. ZH, et al. Research on

3D point cloud object

Electronic Measurement

algorithm improvement for vehicle object detection
LiDAR point cloud [ ] J.
Measurement Technology, 2023, 46(1): 120-126.

LIU ZH J, TANG H T, AMINI A, et al. Bevfusion:

based on Electronic

Multi-task multi-sensor fusion with unified bird s-eye
view representation [ CJ]. 2023 IEEE International
Conference on Robotics and Automation ( ICRA).
IEEE, 2023. 2774-2781.

LIY W, CHEN Y L, QI X J, et al. Unifying voxel-
based representation with transformer for 3D object
detection [ ] J.
Processing Systems, 2022, 35: 18442-18455.

LI Y H., GE ZH., YU G Y, Bevdepth:
Acquisition of reliable depth for multi-view 3d object
detection [ C ]. AAAI Artificial

Advances in Neural Information
et al.

Conference on

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

(19]

[20]

Intelligence. 2023, 37(2). 1477-1485.

PHILION J. FIDLER S. Lift, splat, shoot: Encoding
images from arbitrary camera rigs by implicitly
unprojecting to 3D[C]J. Computer Vision-ECCV 2020
16th European Conference,2020: 194-210.

YIN T, ZHOU X, KRAHENBUHL P. Center-based
IEEE/CVF

Pattern

3D object detection and tracking [ C J.
Computer Vision and
Recognition, 2021 11784-11793.

HE K M, ZHANG X Y, REN SH Q, et al. Deep
IEEE

Pattern

Conference on

residual learning for image recognition [ CJ.
Conference on Computer Vision and
Recognition, 2016: 770-778.

LIUZ, LINY T, CAO Y, et al. Swin transformer:
Hierarchical using  shifted
windows[ C]. IEEE/CVF International Conference on
Computer Vision, 2021 10012-10022.

TAUD H., MAS ] F. perceptron
(MLP)[J]. Geomatic Approaches for Modeling Land
Change Scenarios, 2018: 451-455.

HENDRYCKS D, IMPEL K. Gaussian error linear
L1 ArXiv
1606. 08415, 2016.

DAIJ F, QI H ZH, XIONG Y W, et al. Deformable
IEEE
Conference on Computer Vision, 2017 764-773.
ZHU X ZH, SU W J, LU L W, et al.
DETR: Deformable transformers for end-to-end object
detection[ J]. ArXiv preprint arXiv:2010. 04159, 2020.
T, W E . BT Transformer iY@l & 15 B 3 5
3D B bnAe i 53k (1], (& 2 4. 2023, 44 (12)
297-306.

JIN Y F, TAO ZH B. Transformer-based fusion
information enhanced 3D
algorithm[]]. Chinese
Instrument, 2023, 44(12): 297-306.
CAESAR H, BANKITI V, LANG A H,
nuscenes: A multimodal dataset
driving [ CJ]. IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2020;: 11621-11631.
KINGMA D P. Adam:
optimization[ J ]. ArXiv preprint arXiv:1412. 6980, 2014.
LIUH S, TENG Y, LU T, et al. Sparsebev: High-
performance sparse 3d object detection from multi-camera
videos [ C]. IEEE/CVF International
Computer Vision, 2023: 18580-18590.
ZHOU T H, CHEN ]J J, SHI Y N, et al. Bridging

the view disparity between radar and camera features

vision  transformer

Multilayer

units  ( gelus ) preprint  arXiv:

convolutional networks [ C . International

Deformable

object detection

Journal of Scientific

et al.

for auto-nomous

A method for stoc-hastic

Conference on

¢« (69 o



45 48 % L L I S - S
for multi-modal fusion 3D object detection[]J]. IEEE IEEE International Conference on Robotics and
Transactions on Intelligent Vehicles, 2023, 8 (2): Automation(ICRA). 1IEEE, 2023: 2766-2773.
1523-1535. [26] KIM Y, KIMS, CHOIJ W, et al. CRAFT: Camera-
[21] KIM Y, SHINJ, KIM S, et al. CRN: Camera radar radar 3D object detection with spatio-contextual fusion
net for accurate, robust, efficient 3D perception[ CJ. transformer [ C]. AAAI Conference on Artificial
IEEE/CVF International Conference on Computer Intelligence, 2023, 37(1). 1160-1168.
Vision, 2023: 17615-17626. 1EE® N
[22] LIZH Q, WANG W H, LIH Y, et al. BEVFormer: FEVIRG . A A ST A L R BRG] S e A B H kR A
Learning bird’ s-eye-view representation from multi- T N5 B IR R 4
camera images via spatiotemporal transformers[ C]. E-mail : 202312490378 @nuist. edu. cn
European Conference on Computer Vision. Cham: RERBGEEES .. TEWR TN NEERS
Springer Nature Switzerland, 2022: 1-18. AL
[23] LIUYF, YANJ]J, JIAF, etal. PETRv2: A unified E-mail: 1750545330@ qq. com
framework for 3D perception from multi-camera Y. A, R TR L ek KT G
images[ C]. IEEE/CVF International Conference on o i A
Computer Vision, 2023: 3262-3272. E-mail: nuistpanda@163. com
[24] PARK J. XU CH F, YANG SH J, et al. Time will SRS B+ B 52k . £ S BFEJ7 [ £ R 1K R 4 Hh
tell: New outlooks and a baseline for temporal multi- Ve 5 #0025
view 3D object detection[ J]. ArXiv preprint arXiv: E-mail:202312490325@ nuist. edu. cn
2210.02443, 2022, BRI, - B 5 5 BRI 1 % 0 B £ R
[25] WU Z ZH. CHEN G L. GAN Y ZH. et al.  fri5pis.
MVFusion: Multi-view 3D object detection with E-mail : 202212490507 @ nuist. edu. cn

semantic-aligned radar and camera fusion[ C]J. 2023

70



