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Abstract : Existing multimodal 3D object detection methods often rely on multi-scale spatial feature stacking, which leads to frequency
information entanglement and limits detection accuracy. To address this issue, this paper proposes a Transformer-based method for
feature frequency decoupling and fusion. Firstly, the input images are processed using discrete wavelet transform for multi-frequency
decomposition. Separate high-frequency and low-frequency feature pyramids are constructed to capture detailed local textures and global
structural semantics, respectively. Then, an asymmetric frequency update encoder is designed, where high-frequency features are treated
as the primary components and updated through adaptive dynamic window encoding to enhance edge and texture representation.
Meanwhile, sparse deformable attention is introduced to replace standard attention mechanisms for efficient low-frequency feature
updating, enabling coordinated encoding across different frequency bands. A high-frequency guided voxel fusion module is further
proposed, where multi-scale high-frequency features are projected into 3D voxel space via frustum-based mapping. Combined with an
adaptive radius sampling strategy, this module effectively supplements the local structure of sparse point clouds and extracts critical
voxel-level features. Finally, voxel and image features are unified in the bird's-eye view space. A region-shift Transformer module is
introduced to enhance cross-modal feature fusion using attention mechanisms. The proposed method is evaluated on the nuScenes,
KITTI, and Waymo datasets. The method achieves 73.2% mAP and 74.3% NDS on the nuScenes test set, demonstrating strong

performance in detecting small and distant objects. Moreover, real-vehicle experiments indicate that the method maintains high detection
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accuracy in complex and dynamic environments.

Keywords :3D object detection; frequency decoupling; sensor fusion; Transformer; autonomous driving
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Fig.1 The framework of our proposed method
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IM7E Waymo H, BE—25 51 AT AL 5 i 1] £ 197 298
J# (mean average precision weighted by heading, mAPH) ,
T sRAexs B Arsi ) Al HER MR DAL . AR bR TE AR
PR P R RER b LT 7 1) AR R I, B
HRAE(23) PR

R
mAPH = i > APH, (23)
i=1

Horfr ) N AR BB, APH, R i JERIIINAL
VR, X2 H bR, H APH Hia(24) 5 1P
I;,ZD &, + AP

v, D, e i B UARBIR I EEASE & AP, HREAR
TEZRE T WG R, 6, 0y I HERRPEALER | 5 SCh

1, \9;"“1 - 67 <7t
"o, M

Forfr, 67 A1 6% 4851 BUNHE S5 S HE RO ) 6
RE B2 22 A
2.2 XWEE

AR SO B LT IV HE SR MMDetection3D™'® | %t T4
U A, % FH Swin Transformer'” Y8 £ T W%, % T
nuScenes , KZE X 410.075 m,0.075 m,0.2 m ] ;X F
KITTI F1 Waymo , & R R~ 4[0.05 m,0.05 m,0. 1 m],

APH, = (24)

(25)

Xt LiDAR FIAHALE AR A T — R IV E G0 , LI &
TBBE Ty, XL sR A FEBENLESL ([ -5.4°,5.4°]) ik
T

(1-0.38,0.55]) it (| =7 7| ) mess e

0.5) % AL 2848 AdamW '™ | f5 K2 3] % B R
0.001 , AT I % B M 0.01, N T4, X 3D
YRRLS AT T RENLENSS . 76 20 A2 vp Rl
T Hef [ 34 5 A P 3o R v 1) AR AL

FEXT HLSCE 7 B i At 3 4 ik 35 R L I 38
SO AR g R, R R L iE AT R I SR,
BEVFusion' "™ 4577 it FH 5 7% SCHA [R] A4 55008 18 o i 2
DIRUE S5 55 (0 — 350k 5P (e SE 00 TR ™ 4%
PREFE A B BB S BCS VEAG bR i — B, R4 ik
FE R FLEERN AT PR REXT R
2.3 nuScenes HIBERLIGER

TR 2 H B AR M BE 5 nuScenes M2k 4E 2 1E 1)
ik dEAT A, AL R T O A8 5 Bk Trans
Fusion-L" JIZ B RIAE mAP A1 NDS A A F+ T
7. 7% M 4.1% , XTEBESREE Tk, Sad /N g S
B4 e SRR Ak Bl A5 AR 2 T BEVFusion' ' 7E mAP
LT T 3.0% 7 NDS BT T 1.4% . 7E 10 35
B BRBAGI A5CR 1, BRAS T 8 NN B 405G , R E /N
B ARSI 1, 47 N5 56 B A G 0 A 32 b i 00 2 S 43 i) 42
HT0.5%50.9%,

% 2 nuScenes MK & _F#) =% B ARt MR

Table 2 3D Object Detection Performance on the nuScenes test set (%)

Jrik Ly mAP  NDS  HE RE OBSNEW A WE R OEL AITE TN
Pointpillars' "’ Hao 30.5 453 68.4 23.0 4.1 28.2  23.4 389 27.4 1.1 597 30.8
CenterPoint?!! HE 60.3 67.3 852 53.5  20.0 63.6 56.0 71.1 59.5 30.7 84.6 78.4
TransFusion-L! '’ JEPa 65.5 70.2 86.2 56.7  28.2 66.3 58.8 78.2 68.3 442 8.1 820
MvpL2l Hz+Ef% 66.4  70.5  86.8  58.5  26.1 67.4 5.3 748 70.0 49.3 8.1  85.0
PointAugmenting?! S z=+E%  66.8  71.0  87.5 57.3  28.0 65.2 60.7 72.6 743 50.9 87.9  83.6
TransFusion" ") S+ 689 717 871 60.0  33.1 68.3 60.8 78.1 73.6 52.9 88.4  86.7
BEVFusion"® SE+ER 6.8 71,9 881 60.9  34.4 68.5 62.1 78.2 71.8 522  89.2 855
BEVFusion!" S+Ef% 702 7229 88.6  60.1  39.3 69.8 63.8 80.0 741 510 89.2  86.5
ObjectFusion!®)  fH=+E{E 71.0  73.3  89.4 59.0  40.5 71.8  63.1 76.6 78.1 53.2 90.7 87.7
ES'S H=+E% 732 743 89.5 623 35.2 73.9 68.4 80.9 8.7 621 9.2 868

TE nuScenes W IEAE FHA N F AR, I3k 3 FR,
SEPLT 72, 6% ) mAP 5 73. 4% ) NDS, [Rl R T #Es
AR R ] 4 NFERIYE nuScenes BiEEE 1Y EER
HURSTIE R %A

ARORTE A SO 77 V5 #E nuScenes $0 85 45 L 7F
mAP 5 NDS W I 45 b5 [ 34 O 45056 | R B0 1 HEAE K

M Z 2R 50m ysm R i i RR e X — PR REIL
W E AT TG BOBUR i RALA A R0 9 T
B 22 RE B AR, JCHSE/NRGE Bk M ge . A
SO o A X T 2% 5 A0 AR B Rk AR A AT
T MR H A BORK B R RGIRE T, B R TE T
HEAAG NG JEE
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Table 3 3D Object detection performance on the

nuScenes validation set

Jr ik 360 mAP/%  NDS/%  FER}/ms
CenterPoint 2" M= 57.4 65.2 44.8
FUTR3d% o+ BB 64.5 68.3 176.6
TransFusion ') M =+ER 67.5 71.3 86.5
BEVFusion'”! Mm% 68.3 71,1 66.2
A3 Hm+EB 72.6 73.4 93.4

&l 4

Fig.4 Visualization results on the nuScenes dataset

1.0: +

08 3D-CVF
@0-6 ——BEVFsuion
i 0.4 PointAugmenting

02 —4—TransFusion

‘ kX
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FENCIES

5 JRAEHIRGEE A B ph & x) e

Fig.5 Comparison of precision recall curve for car

[e] BsF feff A 3 (o] il 2 PP Al AR R 1 i L SR A RTX
4090 GPU, IVRZEZE 5 R 16, 7 nuScenes 4l 4 I 5 %8
Y05 AT AR G5 AN 5 BT 2k 2 UH BT EE R A
TRAE = A DR A 0T 08 B A B
2.4 KITTI $iBEHXRER

RIFEST IR S AT AE KITTI £ 4k Al
TP TR, a3 4 PR 76 KITTL AL [, % 3D A iA,
FATNG BT 3 ANZEBIE R P& RINE” 3 SR
HEFTREI , PFA, 40 A RAEA [ A A

nuScenes EHEAE 09 AT HLAL S,

F 4 G5 R EBoR M T LoGoNet ™ #¢ 5il 7E AT A
AT HZN L 15 25 FAR ARG M RRIE AL 3, A5 3500
BT T MR S A T (5 B, AR T A S Y
H frids SRR ok 208 A 2= DX P AT RE CR R 4 v ) o0 B
REF1, HZAl mAP 2004 T 1. 01% 1 2. 42% , Al #ALAL
A& 6 B, BEAk, JEXF R 3 B R s A AL T
THRIE T T RRIEGRAD R, I T TR AR BT/
H AR A A4

F 4 KITTI Mk & LRI MERE L%

Table 4 Performance on the KITTI test set (%)
KA (3D) T A(3D) A17%(3D)
Jrik Evein

e A ME mAP i A RME mAP iR PAE EME mAP
SECOND! ! M 83.34 72.55 65.82 73.90 - - - - 71.33 5208 45.83 56.41
PointPillars'*’ PN 82.58 74.31 68.99 75.29 51.45 41.92 38.89 44.09 77.10 58.65 51.92 62.56
PVRCNN[?"] M 90.25 81.43 76.82 82.83 52.17 43.29 40.29 45.25 78.60 63.71 57.65 66.65
CASA[®] Mz 91.58 83.06 80.08 84.91 54.04 47.09 44.56 48.56 87.91 73.47 66.17 75.85

MV3D[2! B+ 7497 63.63 5400  64.20 - - - - - - - -

3D-CVFI HzE+E% 89.20  80.05  73.11  80.79 - - - - - - - -
Fast-CLOCs®" =+ 89.11  80.34 76.98 82.14 52.10 42.72 39.08 44.63 82.83 6531 57.43 68.52

EPNet!*?! HZE+E% 89.81  79.28 7459 81.23 - - - - - - - -
SFD!*] Ho+E% 9173 84.76  77.92 84.80 55.31 43.53  45.13 47.99 86.56 72.32 66.37 75.08
VoxelNextFusion® S =+ 90.40 82.03 79.86 84.11 52.56 45.72 41.85 46.71 79.28 64.47 58.25 67.33

LvpL®] HZE+EE 91,37 84.92  80.07 85.45 - - - - - - - -
LoGoNet !> HZE+EE 91.80  85.06 80.74 85.86 53.07 47.43 45.22 48.57 74.47 71.70 64.67 73.61
AL HZE+E% 91,65 85.23  80.81 85.90 54.81 48.17 45.76 49.58 87.49 74.18 66.41 76.03
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Fig. 6 Visualization results on the KITTI dataset

KITTT Zedfi 2 1) BEV A2 X A5 70 G 3 A 0 5 52 1)
ARRAIE K 3D I FHESGE R BEV 2[R, LR 422851
Jofoil A KITTT 38 k46 b 45 A 7 3% BEAT LU 8%, 45 2R 4
P 7 Bz e SR B R A PRIME” 3 X b R T

Bk,
100
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< 80f
& 70}
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50
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S & FELS L& X
$ LT g vFF
F& L8 gV
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&

i A fRjH ——mAP
Pl 7 KITTIEda Sk i BEV K2
Fig.7 The BEV detection results on the KITTI dataset

2.5 Waymo {IEENTWER

R Y6 UF AR ARG S H AR TR IR | E Waymo B35
£ LTI, W 5 i IO IEAE 30 m AR R
RS B2 8 3 T A 7k R R AE 30~ 50 m SRR DY,
mAP 5 mAPH 73 5l|# 53 LoGoNet *'0. 52% 5 0. 65% , ¥
BGX— LS AL T, R 5 | AR 2R Rl A R 2o PR
B f MG b = 5 B Sk SC R A0S WS B R B 0 2 1 )
TR, AT SR Ah T B S H AR L4544 (5 BAS LY
[, AR ARG R G A T A5 o R R B T A h 4
AN I REARML T 38 /Y 1T SC R AU 4077 2 5 g
77, T T KR B BRI MR e SR et

R 5 Waymo HiEE EIERELLE (KA 2)

Table 5 Performance on the Waymo validation

set( Level 2) (%)
mAP/mAPH
Fik e

0~30 m 30~50 m 50 m 4h
Pointpillars'> Lo 87.93/87.30  63.80/62.36  38.20/36.87
PV-RCNN[? JEPN 84.20/82.87  69.13/68.03  56.48/55.24
CenterPoint!® Sz 86.21/84.74  71.99/70.55 55.22/43.82
BEVFusion!? Mz+Ef%  89.07/87.76  76.65/75.33  60.14/58.91
LoGoNet' ™ fHz+Ef%  88.61/87.39  77.00/75.73 63.37/62.10
A H+E% 88.94/87.69  77.52/76.38  63.85/62.89

2.6 LELW

AHERHR A L AT LS 58 T UE AR ST AR 58
bRy P RE . PR AR SCHEST T A K, niE 8
JR LB B AL 3G 80 LR IO TR I8 LGNSS K&k W H

TR W ¥

K8 TS E T

Fig. 8 The autonomous vehicle platform for testing
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B SEHLE R GEtEt M 2 B0 GNSS/INS AL R G5
ST IR R A IR N P A ST e AR A0, B R 4E T
VTP T 301 1 R sk s B R AT, TR 26 K S )
BRI, KX R AR IR R AT AN T K
L7

WNE 9(a) fin, FEC B R IR A Kb, R8c6E

% o b ARSI ) R 1) 5 54 N, B A v 1) SRR R il
J1, SR FER IR IR B 250, an &l 9(b) Fiaw, i F
UG B AT B, S ORI P RERRAIG, [ P B s Y
X, R4 LIDAR iR B EfM s s afF e, A
Fori 45 i A i IE 8 TR B DT RE 1R 1% H AR, R B AR TR A
YA T X AR B EGR AAR E

(a) AR
(a) Daytime

(b) &R
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BlO  SChik gt R

Fig.9 Real time detection results

I, Q& 10 B, B BRI 51 BER AR 42
B AT NN A 25 AN TR S 03 F s L B ARG DRS04 A
IR AR T, S0k 1 B e 7 vk A 52 A Sl PR T T A 2L
PRSI A
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BRI R+
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Fig. 10 Comparison of accuracy of detection results

for different categories

2.7 HRACIE
AT K AE KITTI $odis 5 LA seix i il vp g 4
AR TRk, FER 6 W AL/ NI ATI AR AT F# R ( wavelet

frequency-domain feature decoupling, WFFD) ZH 3R,
TE/NIE A3 AR, R AR 58 FPN J5 ik, AT A T m) T 5
T 1) S R Rl 22 2 A [ RURFAIE , 3% — 33 3 A fS 5
A AL G 2 R RAT T 1. 71% 19 mAP $27F,
Bt J5, AE X FR 40K B BT (asymmetric frequency update,
AFU) 5 @45 51 SR Z Al A (high-frequency guided voxel
fusion, HGVF) BB (14 47 R 2H G (o 4545 78 S 24 A 0
SIAETET 1 71% R 1. 35%

x6 ATREAMTE KITTI BIFE LHERTR
Table 6 Ablation study on different components on
the KITTI validation set

HIF REE APy, /%

JEZk  WFFD AFU  HGVF  fij# rh &% HHE  mAP

V 88.47 79.24 77.19 81.63
vV v 89.87 81.52 78.63 83.34
V v v 90.76  83.33  79.57 84.55
vV vV vV V. 9165 85.23 80.81 85.90
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AN T PR R Gl -5 A 3 9 S o AR P R 11 5
WU 7 B, e Swin T B A M9 45 5L s
T ResNet-50""" 5 CSPNet' ™'

®7 BERELI[HIEBAR

Table 7 Ablation study on image encoder

HKZE APy /%

GiEE PR

i £ HaE W mAP

ResNet-5077)  320x800 90.57 83.95 79.73 84.75

CSPNet! ™) 384x1056  91.02  84.38  79.89  85.10
Swin-T! "] 256x704 91.44  84.97 80.64  85.68
Swin-T! 7] 384x1 056  91.65 85.23  80.81  85.90

F VAL AFU BB 5 A W] AERBURRAE 23 SCIE B
XF R M BE B S, AR BE ST R T T 2 A RS,
K8 Fn B AFU JZECA BN, B RURS B2 A7 7E 1L BE 1R
. BA(2+1) %3 R iZ 5 FE S| A 3 A~ AFU B
ZAF R U B S TR A 1 85. 90% , HL T T 4145 il 7€
39x10° ¥F Si2 B8 (floating-point operations per second
FLOPs) . #F—2542TF AFU B0 k4 i s A7 o0 S0 850 iR
AT SRy R AN SRR ) (B[R] I 5] ATUAR TR 518
SCTHE, RAEFFELER T AR B . FRL ISR T AFU B
A RCPE 5 G FC A T

R 8 FEKITTI BUEE& EX AFU H AR AL B 1T
H BT ST
Table 8 Ablation study on module configuration in AFU
on the KITTI dataset.

et ) A B Gifh A
(7 +%) XxAFU mAP/% (10°/FLOPs)
1 (2+1)x1 84. 17 9
2 (2+1)x2 85.24 24
3 (2+1)x3 85.90 39
4 (2+1) x4 85. 69 55
5 (3+1)x2 85.36 27
6 (3+1)x3 85.77 43
7 (4+1)x3 85.19 47
3 & ®

Sl A5 A AN R, 5 SR TS B 1 £ 7132 30 BR A 7y 1] Rt
PR T — L TR IE IR A AN Al G Y Transformer HESE
3 2t /NS ATUSSICARR I A , 4 S0 B BRI Ak 381 v 1 5 fIB 4

fiE, SEAR 15075 12 vh e AROBURR AR 540 R 19 15 BT AR

SR . B HEX FRBR SRR SR HI3h & B

TN AT 1 Gt 5 A A T AR T T L, AR T T

RN Ja i i AN 35 5 2 SR I s M ) AT s e ik, Al

FA e A5 | AR SR Tl B A e S o R S AL A ORI

UG = AR , 40 70 5 = Wit XS LA Al 2 71 1 8%

RS FRAE Al A MR . 76 nuScenes %L 4Rt HLAS T

73.2% [ mAP 55 74. 3% ) NDS (5 SRR . IR,

5 KITTI, Waymo ¥4l 4 55 SEPr 2401 &5 LAY SLER 25

WRY] A A R 19 & N JA 00T A s

=4 HAR R PERE
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