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Abstract

Multimodal 3D object detection, by fusing data from different modalities, effectively overcomes the
limitations of single-modal approaches and has demonstrated significant value in fields such as au-
tonomous driving and robot navigation. However, current methods still face several shortcomings:
the image branch has a limited capacity for global semantic modeling; cross-modal fusion often relies
on simple feature concatenation, failing to fully exploit the complementary potential between mo-
dalities; and point cloud voxel features are susceptible to noise or redundant information when the
density distribution is uneven. To address these issues, this paper proposes the Frequency-domain
Multimodal Voxel Network (FM-VXNet). Designed based on the Multimodal Voxel Network (MVX-
Net), the model incorporates three core modules: (1) the Frequency and Spatial Fusion Module
(FFCM), which leverages the Fast Fourier Transform (FFT) to enhance global semantic perception
in the image branch; (2) the Bidirectional Cross-Modal Gated Attention (Bi-CMGA) module, which
enables bidirectional interactive fusion between image and point cloud features and introduces a
channel-wise gating mechanism to suppress noise and improve the discriminative power of the
fused features; (3) the Bimodal Density-aware Attention (BiDA) module, which operates during the
voxel feature encoding stage and effectively mitigates noise in sparse voxels and redundancy in
dense voxels through density-aware and channel re-calibration mechanisms. Experiments on the
KITTI dataset show that the enhanced FM-VXNet algorithm achieves mean Average Precision (mAP)
scores 0f 96.3%, 95.2%, and 92.9% for the Bird’s Eye View (BEV) detection task under easy, moder-
ate, and hard settings, respectively. For the 3D detection task, it achieves mAP scores of 96.2%,
88.9%, and 87.7% across the respective difficulty levels, outperforming state-of-the-art methods
like BEV Fusion and MVX-Net by an average of 5.7% to 8.2%. This research innovatively introduces
frequency-domain analysis, bidirectional gated attention, and density-aware mechanisms, offering
a new direction for multimodal 3D object detection research.
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B TR = AN s — S B AR ER BUR BG4 R SCBRERE /7, MDA KRR
Wis TRBEBSRE L KR PRSI, TSRS TAME S, SR A SRR R
WAL, AR SINMES, BEEREEILR, FEEHEA B,

g BRI, X R IE MR T 2SR 2R 3D KBl RESR T R BRI, N T AR Bk, A
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Figure 1. MV X-Net model diagram
& 1. MVX-Net &2 [F]

TE EURFFAE SR BUBEEL, R 11125 (1) Faster R-CNN (ResNet-50 + FPN){E )y 2D £l #5, M RGB El{%
HHR L E 8 SCRHIEE (convs J=, 256 4E). I AHNLNANSERE, ¥ LIDAR Ris 522 2D BB -F 1,
SREUERS 3D SN LR ZR A b, RETAT SRR EUGRRIE &, SRI 0 - 18R RHIECER . R BRI st
B J5UR LIDAR 5= LL=4EANR(X, Y, 2)3RR, KA fURIARARARRAE (3 4E) 550 I 1) BRI 1 S 1) (256 4E)
BEPHE, U 259 4ERRHIE. B2 R ER B ER, LEZGEENEBRE, B EIIR,
AT REFAR R X 40 . AR S AR K9S = R N SRR PR (0.2 m x 0.2 m x 0.2 m),
FAMAR NI SEN VFE ZEIRBURSEFESME . &AME); @il 3D BB AR KL REHE, £k
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Figure 2. FM-VXNet network architecture
2. FM-VXNet f4& 2244
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PointFusion SRl “ RIZHHIE + BIGRHIE” B Pk, REEBEZER: LIDAR H 8K LATER, L
FRAE P, R PHE S S BETE S (iR s 1S, gy REEES), ZREAMEE.
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SRR (W FE B H AR) 2 52 e 75 4, SRR R (WEEE HAR) 2 5l NTURME B, FEUHEA I PE.

AR, 5% C2BG-Net [20]/) LGVAE 45K & A8, A CHEH BiDA bk, 7£ VFE | )55 5] N2
[ SliE RS, RIHME SR E M.
3.1. FFCM &3k

FFCM Btk & 7E AR TR B 53 342 JRy vl SCREBERE /1A R I IR . 1Bk N ResNet-50 ) C2~C5 =, 5
B IR 2Ry, FFCM BRSSP 3 FIR o 75 JR 3028 R RFAE R : S NRFIE % A6 A (Pointwise
Convolution, PConv) 45 iHiE 5, 7 NP R AT 73 BB F(DConv3 x 3. 5 x5), 43 AAHSRAN A 8A2 B 1) =)
AN PERRHIEZ GeLU WuE 5 PConv AbHRJE %, 19212 REEJRERHIE. 4R e iE . PiHEfE
[ JRBRFEIE T 2DFFT MU 245k, £ PConv 2% SilIE A 4R s, FFi@dHtt)a—1k(BN)5 ReLU %
WRRIE; I JRIEIEY FRT (IFFT) R ATUSARRAE s [l 23 R0k, DASEI 4 R AT A . f s, & ATk
FHAE 5 5 3R 23 TR AE AR ZE . 30AH N, 28 PConv BE—3BRE, e B4 RiE X5 R B 4m 1 1) BRGARAE T
55 C2~C5 FHEE TR G o IXFEREARIE 1 /&8 LE SR, SRR 7 4 /s SCEEIRE S, Wi 53
B T B S SO PR RIS AR RAERE /), JRTE S BASAL AP BAR AL s 2. S H 1) UG RFAE -

Figure 3. FFCM module structure diagram
3. FFCM 1R3R 454

BURAEEREN X, e RTYC (Hy WORKHEE RS, CoONiBIESL), FFCM A% i fE nf 28 F
INEFIESENR/E

Focat = DCONV, 5 (PConv (X, )) @
Fa = DConvg s (PConv(X,, )) 2
Frocal = PConv(Concat(F,;Cal R )) ®)
2) A Ry AR
Fieq = 7 (Fiocar) @)
Fio = PConv(ReLU (BN(Ffreq))) Q)
Fyaal = F " (Feq) (6)

3) MR
Xout = PCOHV( I:Iocal + I:global )+ Xin (7)

Hort X o 9 FFCM BV AL, FRZEIUA LR X, IR ERRHAEA E K
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FHIEZIEEARSE, SCHl “H LGN fZ g 9s. REREFRE(VFE J7): X VFE S MR RAHE, JHiE
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Figure 4. BiDA module framework
[& 4. BiDA 1RIRIESE

VAR | AN B NRRIEIC R f, e RO W EHARRR SROGT58 B S i gmtid B #2453 1), BiDA I fErl LIER
br.g /(1 N

1) VFE ZHi: & i,

(@) H—HEWE0 - LA “B X7 FEER):

s, :tanh(Linear2(GELU(Linearl(LN( f,))))) ©))

(b) XA N, MO EUESE 54 Sigmoid 3 2R & 145, FE/EBELgE %% C 45 -
d, =o(log(N, +1)) 9)
d; = Broadcasty (d, ) (10)

Hoep, d, FoRERETIERE, d FoR d, @B RN 5. %02 A TR 2 A R IR LA 4 2
SHREE, G M R P UK
(c) BHIEFLZ ML GRME)RE “T5 37 MR 5% T RG22 AR EER a8, JF DUttt J7 50
Tt N ) R AR RFAE -
m =a(s o(1+4d)) (11)
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Hop o FESRB R E N 0.1, B 1.0, W& FFHHE 5% MBS IR R f B SRS 1
o o
2) VFE Z 5
SOAE B IE N2 R AR ELAE A, 0 VFE i A SRRV e RC A K —4E5 14 Sigmoid A= i
T
Jeramer =0 (CONVID(V k) (13)

H BB R k(AR E N 3), A HEHEAAI . 5 R ZERN 7 AhEE T B E, RN
JUATAIRETE . F05) T 43 M B .

V'=V O(l+ v gchannel) (14)
Hrr, V'ONVFE 2GR RFGEREE; o BHEE 1R NRE, fEARSCTREN 0.5,

BIDA Bl “Z 4% + Wl ENRE” WENH, FRRT VFE EMEAEE: a) Mk Re
FEME: BTN R RS s, SRR H AR R & b) R A Bl ERE R
B JLAREE, WD TURE R, BIHTEE B AR 2R .

3.3. Bi-CMGA #&h

Bi-CMGA Htt B 75 SLHURE AL B IS A, DU AR B 1R BE L . 12Ok ok B % 4352 FPN
R AL S BiDA HiH 18 = RHME I TSRS S, HE5mE 5 fion. Bi-CMGA ¥ FPN FiH 1
%2 U UG RHIE (P2~P6)IE I WL M H R — & S R IE 2 M5, BRIEGIE L REF eRYC (N ASS
MR, CONBIER): MERFIES BIDA MSRIE A F, e RV s JUAFERE I HA, Mz BIEUREE & I LA
HRFIE AR, USRI NEEE, 5 E IR E, NESHTRIEUER: EGE S aEE U E G
TN, SR, FEERINE, NEGH I UAEE: T1EmE 5 BB g0 1% R %L
SNAS IO B 7 s, P e A AR (W37 S S, R MR FRZETEN LA BRI LLAR ZE T
KIENEHRHE, REEGIUTEE, S LB RHE fusion . -
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Figure 5. Bi-CMGA module framework
5. Bi-CMGA 1RIRHEZE
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Bi-CMGA it FEmT AFRIA U R -
B TR I EURHFIE F e RV, SAHHEF, e RV, Bi-CMGA W F2UIF:
1) XWAvER 5

Apai :Sof’tmax[Q\"/gi J (15)

Foa = AV (16)
QK;

A, =Softmax (T"] 17

Fin = A12pr (18)

;H\:E'jQp:Fpry Ki:FiWk’ Vi:Fin’ ﬁ@m‘ff%Qly pr Vpo
2) [ERE
g= a(Linear(Concat(FPZi, Fizp))) (19)

Ffuse =00 FpZi +(1_ g) o Fin (20)

fusion,,. =F,+-F (21)

fuse
Hrp, doARENLEE. y WESHORSCRE N 05), HHIEIERE,  fusion . ARAPSHARHIE.

S Gt K S IMBUALE, Bi-CMGA R RENH: a) WAL H: Ha5EERNNAEET), 7
DA EAMEE, WO TR PHEE S E R, b) haA TR EIE R R UG B R 2k (W
WpR), CPETREASTTR: o) JUMERE: SREEANFR S B G UAEEAER, RIEAEE

4. WSS
4.1. SCHARTS

SIS TEET G L E T ISP Intel Xeon Gold 6330 CPU@ 2.0 GHz (=it 56 #%02) 2 256 GB
DDR4 W 7#; GPU i 8% 2 5 NVIDIA GeForce RTX 4090D & F (#it&17 48 GB), it PCle4.0
x16 HEt; #4383 F PyTorch 1.11.0 HE42, CUDA 11.3 /% Python 3.8. llZ:p Bk B it & K/
(batch_size)ly 16, YIZxFe#(epoch)y 200, HI4H%>J 3y 0.01 Jf K H AR TLIR K B AE 1x 1078, A
BIERSHGe— TR 640 x 640 15 3%, MR UMAEK/NEH 0.2m x0.2m x0.2m.

4.2. YRR SIHEER

AR KITTI Bl 4R SRI0PPAl, 28R AR 005 7481 MIZRFEA LA L 7518 MIUAREA, JF
WRIERT I PRI o N T, paE, RME =0 AT BRI R, AR R I RS R
712 MFEAH T IIZR, 3769 NMEAM T IUE. fESLiRd R, RHFIIRE(mAPYE N LiElR, BEV
Kl 5 3D KM 1oU BIE 1N 0.7,

4.3. JFELECLE

NBGAUE FM-VXNet fIPEREIR S, ASCAE KITTI Ba e iR 420 B 19 AR5 E#E TR B, i
F B (DL C B0 TEIE M BRES(C+ L)W S, SiRWE LR, PRESTER . UK
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FHEAFHLI 720 MMono3D [10]. 3DOP [21])%Z R TR (5 Bk, BEV A1 3D £l mAP ¥R ER T £
WS )51, Hidh MMono3D [10]7E BEV & #1375 F mAP Y 5.22%, I64IF 1 B AN FIE A R R . 10K
HOG TR I B9 5 92:(11 PV-RCNN [22]. Voxel-RCNN [23])id i ks B JUAI A5 B2 B 7 B it fg, PV-
RCNN [22]/] BEV #5535t mAP ik 91.1%, 3D F14637 5 mAP iA 84.8%, (HZIRTiEEEARE, 7ER
FEP R N R IR T A0 . 2RSS L RHA RS i MV3D [ 24738 i fa A AE s
LA, BEV 55175 mAP 5 78.1%, 3D H145i5t mAP N 62.7%, PERESZIREHE . FM-VXNet ff15EiHE
1A MVX-Net (PF) [16]d 5 PointFusion SEIi s = 5 BMGRHE M F ARG, BEV H55 5 mAP {845
84.9%, 3D H%I7 5 mAP ik 73.3%, {HRGZ 4 /il CEBEMBIERA VL, 5240z =
P TSR Z A i%d, GraphAlign [20]38 5 XS FFALHI GRS A 5 BE, BEV H4637 5t mAP
1% 92.8%; SSLFusion [25]5] A\ [ M 2% SIRALEFAE—E0E, 3D 7 #1375t mAP 1% 94.1%; DVF [26]i# 5T
AR EAIRTE BEV RIIVERE, #8785 mAP ik 96.2905R1, {ERME ST, XETkrvERer
$TH2516] . DVF [26]f) BEV A5 mAP A 89.2%, 3D 75t mAP 4 83.1%.

IR RR I, FM-VXNet 7EFTA P75 NIRRT et rERE, BEV R a7 s/ vh 55/ 347
5t MAP 73512 96.3%/95.2%/92.9%, 3D Al 4353l 96.2%/88.9%/87.7%. 5 E i 2 A kAR, P
2Tt 5.7%~8.2%: 5 MV X-Net (PF) [16] () BEV 15517 542 7+ 10.3%, 3D 14517 5t #2 H+ 15.6%:; % BEVFusion
[2711) 3D H &I S AN TE 4.1%, FAE AR T 5.4%. FM-VXNet (114 G800 34 3 Z5 T SRS 40 (1 it
4 SIS (Bi-CMGA) AT 3 [ I 75 311 A /1 (BIDA 5 FFCM Bl [R]), i HL A8 52 2437 5 T i 58 A 250 R FH E AR
SR I HAE R B (m EE R . RS HAR)F, FM-VXNet ) BEV 1 3D ¥l mAP 43 il H vk 1t 5 1%
(GraphAlign [20]) 1.5%l1 3.0%. X —£5REAE T FFCM REH )4 /il . Bi-CMGA R IEI SR &
DA K BiDA BEH AR R AP RIVE A, B AR B2 G R AL BE 5 37 550 T IR Bk o

SEEE R R, FM-VXNet 8id = KB GIHT T, A RORN 7 IA JT AR 4 R vE Sk Bt
A HAME B0 LS AR SRAFAE G AR E T I A 2, 755 258 183 557 A e L HH B8 000 ARG ke A 5 s 1k
N E B 2 A BRI T R AR R T &

7t 3D KIS, FM-VXNet FIFERBUE R, £ mAP 4378 96.2%. 88.9%F1 87.7%, % MVX-Net
(PF) [16] (85.5%/73.3%/67.4%) #2123, JuHAE h SRR M 5t TR AT NI R . XKW FFCM )
AR 4 R AR . Bi-CMGA RBR XU [ T35l 2 DL K BIDA Btk 25 B RN LA 2 i [, 38 1 A5 7Rk
R (RS mEE . M) RGNS S . FE, FM-VXNet 75 2 B RS J7 72 HUE 7 2411 i
FEPERE, SOAE 7 IAETE - U EAMAESZYE S5 0 A Dy TR . rIIA s Rl 6 B, #t— e
7~ T FM-VXNet 7£ 5 23 5 (WSS . ze 85 88) N AT ISR, A ) pe g SC I SRS I 1Y) H A e A 5 428,
RIASETE o 25 AR N B DX PR T R A PR A 1

¥ FM-VXNet 5 EEE KITTI IREE ExfLe, 25804 1 R,

Table 1. Comparison of the improved models
1 Ut ERERINT L

R 2 12(0.7-0.5-0.5)
AP-BEV AP-3D
Y A gasy moderate hard easy moderate hard
MMono3D C 5.22 5.19 4.13 2.53 231 2.31
3DOP C 12.6 9.49 7.5 6.55 5.07 4.1
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i 5%

VeloFCN C 40.1 32 30.4 15.2 13.6 15.9
MV3D C 86.2 77.3 76.3 71.2 56.6 55.3
VoxelNet C 89.6 84.8 78.6 82 65.5 62.9
MV3D C+L 86.6 78.1 76.7 71.3 62.7 56.6
F-PointNet C+L 88.2 84 76.4 83.8 70.9 63.7
MVX-Net (VF) C+L 88.6 84.6 78.6 82.3 722 66.8
MV X-Net (PF) C+L 89.5 84.9 79 85.5 73.3 67.4
PointRCNN L 88.9 78.6 7.4
PV-RCNN L 95.8 91.1 88.9 92.6 84.8 82.7
Voxel-RCNN L 95.5 91.3 89 924 85.3 82.9
M3DETR L 92.3 85.4 82.9
Octr L 89.8 87 79.3
CLOCs C+L 935 92 89.5 92.8 85.9 83.3
CAT-Det C+L 90.1 81.5 79.3
DVF C+L 96.2 91.7 89.2 93.1 85.8 83.1
MLF-Det C+L 89.7 87.3 79.3
GraphAlign C+L 95.7 92.8 91.4 92.4 87 84.7
SSLFusion C+L 95.6 91.6 91.4 94.1 85.7 85.4
Ours C+L 96.3 95.2 92.9 96.2 88.9 87.7

Figure 6. Example of FM-VXNet detection visualization
[ 6. FM-VXNet % ATR4L 7R 51
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SR

4.4. jHRASCIE

NIRAIE S SR BT ST S RIE T, ASHIE 78 LA MVX-Net (PointFusion) A3E2k, 78 KITTI %44 L
B 5] BiDA. FFCM 5 Bi-CMGA #i8, FEiPili AR A & F ksl v e (W42 2).

R EE IR B, BIDA T hard 37 5 N T & 0 i35 (AP-3D Hi 67.4%71 = & 84.6%, +17.2%), iH]
FL FE IR AL B G AR R E M AR 2K )M S T4 FFCM £ moderate/hard 37 553 il 32 - 13.3%71
17.6% (H 73.3%/67.4%4 = % 86.6%/85.0%), LilEAiIs, - =% [A] Gl & 2 25 G 0 1 R 70 SO 22 JRy v SRR
Bi-CMGA 7E %5 b L ¥ B F AL ) AR 2 B (AP-3D moderate i& 87.7%), RBL T XU SR A1 & S (e
T S5 LA ER R A R

PP &t — 48R T B Al H kMERE . BIDA + FFCM(a + b)7E 3D #: il moderate/hard #2712
87.1%/86.0%, AH#: HLBLER iy 511 (86.6%0/85.0%) 43 Al iH12 0.5%~1.0%, KB JLAI 1§k 5 4 RiE IG5 1)
AR ERTIE RN EHEN, BIDA + Bi-CMGA(a + )3k 15 fx = 20 & PE A5 (3D moderate/hard:
88.5%/87.3%), #iHgh Bi-CMGA #2E4) 0.8%~0.9%, i “Wib)amlia” KIHEmR A ROBILEBRAR
H; FFCM + Bi-CMGA (b + ¢)JRHX {53 &} 2 1 25 (3D moderate/hard: 88.4%/87.1%), {H 32 H i 1 75 S4B A
T a+co

Y=FHBEM M@+ b+ ¢, FM-VXNet)if, #EAEFTA s 35k 2 & L(BEV moderate: 95.2%, 3D
moderate: 88.9%), AH#Z a + c T 0.4%. 45K H, FFCM. BiDA 5 Bi-CMGA fEJLfilfaE . i
N —E M S A Bl = 7 T sk X R, AT SEIL 2 153 3D kil 1 RE ) R G PEFE Tt

Table 2. Ablation experiment
2. iHERSER

AP-BEV AP-3D
easy moderate hard easy moderate hard
Baseline 89.5 84.9 79 85.5 73.3 67.4
a (Baseline + BiDA) 95.1 93.7 91.3 94.7 86.2 84.6
b (Baseline + FFCM) 94.9 93.9 91.5 94.5 86.6 85.0
¢ (Baseline + Bi-CMGA) 95.7 94.6 92.1 95.5 87.7 86.4
a+b (BiDA + FFCM) 95.6 94.4 91.9 95.4 87.1 86.0
a + c (BiDA + Bi-CMGA) 96.1 95.0 92.6 96.0 88.5 87.3
b + ¢ (FFCM + Bi-CMGA) 96.0 94.9 92.5 95.8 88.4 87.1
a+ b+ c (Ours, FM-VXNet) 96.3 95.2 92.9 96.2 88.9 87.7

5. GiRSRE

ASCEN T 245 3D H AR G A SR @A 2 | BRI A 1 L AR AR IR R I 22 X =AM
), $EH T FM-VXNet £, ZRALE M 5] N FFCM #ibk, IE85.0% 1T T Bi-CMGA Al BiDA f&bk,
o A UG FRAE R L. SRS R L LIDAR SR EAFAEIL A = AN R 2 1H, % 24554 3D H ARl
RS AT 7 AT ok . 78 KITTI 2548 B seie g R 7 £ W, FM-VXNet /£ R8I 3% B MVX-Net.
BEVFusion &I i 715, NZHZS 3D H bkl it st 1 —Fh a1 B s S fid v % . Rk TAEH
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