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VoxelFSD . voxel-based fully sparse detector with sparse
convolution for 3D object detection
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Abstract : Voxel-based 3D object detection methods often suffer from poor real-time performance when processing large-scale LIDAR point
clouds due to their heavy dependence on dense 2D backbone networks. In this paper, we propose VoxelFSD, a voxel-based fully sparse
3D object detector that significantly enhances the real-time capability of long-range detection. The model features three core components
Firstly, parallel convolutional branches (PCB), which expand the receptive field and comprehensively extract object features while
mitigating the impact of missing object center features; Then, a sparse region proposal network ( SRPN) head that predicts objects
sparsely, reducing redundant computations compared to dense prediction and thus improving efficiency for large-scale point clouds;
Finally, an ROI head with an attention fusion module ( AFM-ROI) that employs cross-attention to effectively fuse 3D backbone features
with compressed bird's eye view ( BEV) features in the second stage, refining object representation for improved detection accuracy. By
removing the dense 2D backbone from traditional voxel-based detectors and integrating PCB and SRPN, we first present VoxelFSD-S, a
fully sparse, single-stage, lightweight detector that achieves a superior balance between speed and accuracy relative to existing
lightweight voxel-based models. Building upon VoxelFSD-S, we introduce VoxelFSD-T, a two-stage detector enhanced with AFM-ROI,

which boosts accuracy with minimal additional computational cost. On the KITTI test set, VoxelFSD-S and VoxelFSD-T achieve
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accuracies of 77.67% and 81.50% , respectively.

Keywords :3D object detection; voxel-based; lightweight; cross attention; fully sparse detector

0 5

[l

Rl I Sh 250 BLES N SE U 5T 1 248, JE T80
IR B =Y H AR AL 55 4% 2 o RS ) O
BN T =4 BRI &5 Ot s s
KA 5 A 2 FhJy s B T sl i 7 EE il E SR
RIS TR S B R rp (00 A 0 AE A
JUAHERE X R KRB & R 1 B bR S =, SR
TEVEJE I 8 3% A SRR FO AR A R E A At
FEIHE 5 SR T, 3ok A5 700 38 5 2% 3 i A PR 179 2 > e T RN &k
AP HAE M, TR R s SO TR ik
SHFITIRERAL, ARG 5 ARRE AR, DT 4 =5 1 R 1 g

SECOND"* S A 2 Ak b H 5 = 1 TR I E T4, 35
TEETRER J5 vk 0 21 00— A A DU AE S Y Sl R
AR HEZR R T AL B =R i T 4w AR T
AR SR B, = 2 AR R AL S Wi AL BES | JE 1 o3
PR R B = 4B IR I SRR T A TR
GARARAE X i i = 4 47 AF [ 2E 17 1 250 e AIE £ B,
Z 5, R R AR P v R M S O 4 o i AR I 4R
TERE, 4% 4B 1 ad B BLp 22 W 2% ( convolutional
neural network, CNN) 3t — H & BURAAE , 6] B 1] A0 1
SRR SRR, AT B2 s A DU PR R . H AT, R 2
A TAEHR I AE MR 2 L b AT B0, Yin 451742
TR T T PR R A Sk A A TN Lk
BUSHES BOL IR, (AR o L ik A5 ikt 22
WAE =45 T h 5] AT Transformer'® 45 #4, 41 1t T
CNN, Transformer 2544 7] L ARRE B LW B AR B
REBNE D RERZE . Voxel-R-CNN 75 I i
BRI T PIBr B4, B8 T RS8R X3 (region of
interest, ROT) 46 I 3k | B %F — B Be 3k Uiy ROL, 2 i 1
BETRERM ROIMALHRAE, I A =455 TR E M E
JEfFE . ROISKE BTG T FEAR B A e — B Bt 2
R TR IR B2 ROT Sk ORI Tk 2 =4
HTRIE, XS FEURAE RN AT EE, X
HRL 11 ] 7E Z B BOHEZR vhr g | A RRIE AR A i, 3 i e 2
S A 6 A B T80 17 5% A58 S A5 X AR R IR 2 B s A A
TR o B BRI T 2 7 Ak 2 DI A s R R A
BEFE, T & 0E & 3 HE JF 58 L = 48 HE fi 0,
Lang 25" U] SR BB AR 4 5% 19 46 47 45 2= 2 B B Dy — 4
R, S 4 25 AR W EAT A I . STk [ 13 ]
FE Lang % 3ERE 1T T 5 R A 250 HEIR 4 AE g

EE- VN WIE LT G T Rt oy ol N D - =
FRIE BRI RE

DL b AR B AR T el T s T A
HIRICR  (EARFIERIE F R =55 b 45 1 i B B
THE IO L = B Je 0 i S K, ORIk
PRSI LR R, K2 Heiie 219
IR 2%l B ) 5 5] (bird's-eye-view , BEV) %5 [H] 4]
PRAPDRHIEAE AR B R B . 5 AR B AN A T A Y
K E A0 B AT TR n IR, A TR R Y
RGN 25 ol FH #2045 R R X 7 B e i 2 I RE T A
X5, PR G A 22 8 S 0 A T 0 By S SRR 1)
T L, (R BEE AN AT HER AN, 4% AR
BT IS B0 AR W R, XA AT g R
BRI, LS A Bh S sy S OG TR A H U TR
SHIRE] FEOKIE S N PR IERTINSOR R AL 5 15 3 iR
TEFE G HER— R U BOR (H i T OGRS s i i, 43
i) 2 (A RRGE Rl — /Ny 5 i B, S U R Ay
AEFE P B i TOAR B, TEAE SE 1 4 CNN ik
FAH 218 A L Z T 5, T BRI . H AT
T = BEABCA T I8 I R B RN ARG DN 25

FEXS IR PRAR, —Fh 44l VoxelFSD (12275t =4 H
L R 3 T B T - o 3 N VT = o i
VoxelFSD-S #i#i i, VoxelFSD-S £ =4 T 5| A T 3F
FTFHER 3 ( parallel convolutional branches, PCB) ZE¥ e
R = e g TR AERIABE J) . A B, VoxelFSD-S
CFE TR AR e 4%, 3 T — o i o 2 DXk
H: 1l (sparse region proposal network , SRPN) #6342 FF
K 2% 2R FF 2 B AE # K {E 30 #H) ( non-maximum
suppression, NMS) f&5 &b 3 # /5 52 81 o 2] o 4 D,
VoxelF'SD-S PEREAR T~ HAEE TR Ay 2 i A s U 245 01 2.
ST RE 6% 55 I Ak B R B IO TR A A B AT
55 WAh, ik — R TR PE R 7E VoxelFSD-S LAl
FBIAEE 1 BA R 1% X 48, (attention fusion module-
ROI, AFM-ROT) K3k 4 H 17 [y BeAS I &% Voxel FSD-
T, #F— 254 8 TSR A M e LA 2 T A R A A
Yyt AFM-ROT G 3k 70 59 42 B = 215+ 1 ROT 454k
FIE4A = 5 BEV 1Y ROTRFIE , I F IS SUHE S 16 —
HilA , WS T Y01 ROTFRAE R o , Rk — 2R s
TERME,, VoxelFSD-S Fl Voxel FSD-T 7E KHBHOE T ik
SUBGIE S5 3R T SRR A SR B xR H AT 5
TR T7 A I BTN B i, 1 A W e T 2
VoxelFSD-S ] LS i /2 B 52375 5 v i 8 L i 2 SR
1155 38 T — 26 TS NI 2555 iz A FR Y 53



244 %A R F¥ M

a6t

J1 IR AR . VoxelFSD-T A] LA/
SR TF A QT , SR 1AL B e A JEE A AT
E TS DIN Y 4N 75

i
JEMT A

1 EHBE=%BHRENE%

A 5K 2§ VoxelFSD-S F1 VoxelFSD-T # 4% i,

Horf VoxelFSD-S J2& 5[ Bk il 2%, 4 % 4 4ty T
JE5IA PCB B AT SRPN A il Sk | 55 30 4 i i 119 485
BT, 78 KAE [l 5 2 BT 55 3 5t P R A% 2 B Al
VoxelFSD-T 2 XL B B ki il #% , 76 VoxelFSD-S & fii 1 5]
/\AFM ROL K Sk , PERETE A, 1R 3 76 PRAT R BB 38
FeTF IR BRAT S AT AR R B T =8, VoxelFSD i
RN 1 R,

DB E T
PCB SRPNis: il Sk
77 /
VoxelFSD-S
RE A R 3D & 2D
ROIs
SE L
4 ) 3D ROIs BEVithit <—— 2DROIs
3D FHER
. o l Voxel FSD-T
k25 i . .
PR ZROL AL 0B G

[0 sproM#E  © Concat
BEV ROIH/E

N |
T

[}

|

[}

|

:

] ]

! 2D R D

i i) R

| ° emm—
) g2

E @ 3D ROT A FS 15 .- i

[}

|

[}

|

[}

|

Bl 1 VoxelFSD H ki

Fig. 1

WOLHRBA LR BZ MR EZ G EATH
PCB B = 2476 i 8 T, & vl DU A 1% 45 —
Yem T, A R AR TR A R AE R ERRE T, IR A X R rh
O 2 ) “ﬁ( WE 2 FroR) A S0P R T 2R AT )
UYL, Zead =R R TS IRHE B 2 R
JE 4R e — 4 BEV FRAE B R H 3 W% A SRPN
R Sk FEAT M B TN . SRPN A& 0 3k 41 %) 3F 25 431
THE, R B 1 1T 0T DA v A5 A ) 3 B R Rk
[ B 2R FH — XoF — VG e 5 s i I 250y s 25 7 5 b
NMS A58, SE3 T ity 1) v 9 A2, Voxel FSD-T W i —
APkt SRPN A Sk Hh 14 A % A AFM-ROI Sk iF
T B Bk . AFM-ROI Sk fifi i AFM B8k i) H 28 X
WSk G =48 T R ROTARAE AT BEV
FRAE P IC4E A ROT 4RAE , AT/ SRPN Sk 42 H 9 ROT
A4 30 TEORS 1 1) 20 A0 A5 20 ) A S5 20 s A F — 20 4
TR A PERE
1.1 PCB $f{E1RBUEDR

TR T ERHE R U R AR R A
Ibﬁé’]éé.‘*’ﬁﬁfrﬁﬁﬁﬁtﬁr“%B’J:éﬁfﬂfﬂ%/ﬁ?ﬁﬁffﬁﬂ@
HIBE I TR, A6 =i a1, B NN 3 1

Overall pipeline of VoxelFSD

HOtHIk A =
Fig.2 LiDAR points

Al 2

INERBRGIATRE R, SR, X5 T 5 A9 30 T8 18 5
=, X/ NE U YRR SR HUBE T AR 1Y, — e
KETE =468 T3] A Transformer 25K 3837 KR (14 3
S RT AN SCHER[ 16 ] IR R T — Rl A = R
Bl T RAZEEH
R R AR TR AL M RE  (E AR A
SERRAXT A A BAN B AR I IT RS, AT
S22 L8 BT, — P T BRL ) i T SR B 4 . PCB S
P, i =HMmHE T 4 DB ER 258 F L F, |
F, M F,, BARkUL, PCB Bt re =465 1 (10 i a /\Bn
BB IMPIAS ARRR SE 1 6 B IR T AT A B, 55 0 o



545

SR 2 BT s — 2 F ARG 4% 245

ANy A R AT R G . W R AT Y AR IO AR A
(D) Fn,
F, =net,(F,) @ net,(F,) @ net,(F,) (1)
Horr | net Frm =4t TR 5 — A Br B A [\ 43 32
W4 DFTRTCE AN, AR S50 DA 3,

THEER

R

THIEER TN

U FwIEER |

! !

| FhmER

JGE AR R
A}

l A !

| okEERS |

\ s

K3 PCB BEH&H4
Fig.3  Structure of the PCB module

FIA PCBBLHLA 3 ML#, &5, X TAEH 24
MO B A = KRR FR ST BB £ 55 345
F AT LAY KRR Jak 37 W | 5 47 b B WRURRAE . R, FE Ak
PRAR B (050G TR 8 A, 88 & 8 2 4 4 rpon RRAE B
SR R SE ok fl A R 2 0 SO AR A B TR A )
P G ARAIE 2% 20 45 2 tpOC REAE R 5 S ) Sk Azl
M EE R BRI R . B n, R E T M Y iR Y B
WINIFAT BB 3, 3% H 2 W G st (8] A | 3R 1Y
PRAE T BN A L
1.2 SRPN #iulsk

5 ARSI Sk 3 FH T AR ARSI RN S iR 2 B TR
FY = HERIN Tk X S Ty VR AR R ZRR AR [ 1 RS
ST R [N N i R G R R P e R R VA S|
J s (8] Hp 407 B R 8 N T AR, 5 i X6 350 0 i A T
BT R HARTONAE 33 Fh 5 ) T GO AT AT,
AR OB TR B A SRR L, KA s AL
R EFRANES: 5 5 S0, 763X Se 0] B P4
HE, FEO TR ARG N, U HE AR B B R S5, M
P2 R AR s 2 v G R 2 X el A7 i 3t 15 0 A B A T
TR

TEATT T —RhFE R SRPN K6 Sk W42 1 | B 34
PR T 09 A 2 R R B R e o AR
SRPN #0322 s 4 AF B i (8, AR R dE S R R &R
512 G 23 [H] A BRI T RAE , AR UM T, X

M5k RO WD T T0 A i ME (9 i, 32 T AR,
Pl 4 Jirr 1 A B 7 (&L 4 (a) ) 5780 B S0 R X
(K 4(b)) fxtEe, nl AR 2 g iy 20k > TR 295
A R DS R HEICE. , OR300

WS
T
(a) BEAETRI (b) FRE TR
(a) Dense prediction (b) Sparse prediction

a
R BRWIE
Pl 4 G TIN5 4 AL T T EE

Fig. 4 Comparison of dense and sparse prediction

AN SRPN K&l 3k 51 A YOLOvIO' H il AR 43 i
A LT NMS Ja b8, el ferh k& T
—~ B AR B A R HE A Sk AT —A~ B Fr o Bl — A~
B EHE ARSI S | X B AT IR A ISR, AR A1 i) s
BRI RISk (R AE e AR b, AT
—Xof—DE Ry AR I Sk A T FU , TR 25 T NMS 5
AbFEA IR ST S R i ARG
1.3 AFM-ROI #&3 sk

BT M B AL 7RSS 2 Y BESI AT BEV R1E &
B ROL 4¥AIE , 5 X ffi FH = 2 T ROT #RHEAH 1L, g ok
TRUE WSS A, Bk UL, B SRPN 3k Az B i 4 i AE
{x,y,2,0,w,h,0 B4 E] BEV 5 4F & o 75 5] BEV HE
{x,y,lw,0) . 58 4R HE AR, 521 BEV
HE 2 L 1, S B T4 0 F — 4k RO Ak, B9t — Ffr b
H BEV WAL kB sl A, B, 5 ROT wifk2E L,
B BEV HE 5 #1522 i X 3, 2 48 A X sk b 19

RIS S, S BB AL AR P, e RV 3k (2)
R,
P, =1{(x,,y,)|peP, (2)

b, BRI, N R G, g 12
A 7E 5120 FE 043 B MRS B, S8R BEV 454E ]
F,., XL P, 0730, 0 ok UL A (1 5 1 5
BHEF, e R™™C b ¢ SRl SRR
R (3) B,



246 & L £ ¥ W ¥ 468
Xy —X x =X, I <7 NRa %’3 H T; S 4:*:/ >
T S S B R ) %Tﬁ%,ﬁjﬁﬁg‘%&@j}m%ﬂhﬂ F., WERE A
Xy T X Xy T X RE ,‘Vl’%://}itﬁnit (6))5)?/7<o
fg(x,yz)= xZ:x S (%,,) + ! —_xl *fr(%,,72) ﬁ;d =0 WII P Fu(W - Fy) W; . I};d
X, ~ X, X, =X, ’ JC (6)
fg(x,y):yz:x .fg(x’yl) +:y__y1 Ofg(x,yz) ﬁ;zl:FFN(a(‘ﬁ;:l’ﬁ§;"ﬁvglc;‘+l:‘3d>>
27 h 2" Hr ) o RIR softmax #4E  H B E IR0 &
F, = 1fGe0) [(xy) e P TREIA— LB A, W TR A B 5 11 4 1 3 2 A
(3) T, FFN SRt 4 ¥ 352 )2 0 ReLU W4 06 85041 2 0 T 16

Hrb, (w,y) 2P, PSR, (x,y,) . (x,,7,) .
(%,,9,) \(%,,y,) & BEV REAEE F, 5 (x,y) HHEBHY
et f(x,y) & F,, TEALE (x,y) BIFHIE, )5 ,BEV
ROT $#1E F,, € R"™C S )2 85 5], =k (4)
B o

F, =FC(rs(F,)) (4)

ot rs FoRYE AR FC A 2EHEZ

SRIGHFH Voxel-R-CNN"' gk 2 ROI b fb 15
) =45 T ROLAFAE F o, , 4R AFM K F,, FIF,, 3t
FTRlG , AFM ARG 5 B

P

:'@31) RO

1

!
11" BEV ROI4¥{E !
| O fRIEHEAFR ! oo
! )

_____________

Fl5  AFM BERIZ5H
Fig.5 Structure of the AFM module

B A ERE AR AR S B P, e R™MT SEATOL B G
o I, A HE A o i aof 4 T 422 22 45 300 007 5 4 A
fiEP, e R™™CIE50 515 F,, M F,, MU, 45 20 4 f 5 10
X (5) P,

P, =FC(P,)

A

F, =F, +P, (5)
ﬁzd:FZd+Pe

Mg, | | RORGEREPHEERE, BREMS
Fi, FF,, 45 5009 ROLAEE F o, iHA ARt (7)
Jis o

oo W, - B (W, - FL)" W B

JC ’ (7)

F,, =FFN(5( ‘F:oi’F?0i7”.’Fvl:lvi “" ﬁzd))

W5, F,, F,, F,, Bk A 28 24 sk i sk
EF A

2 KBWERKSN

2.1 HIRESITMIER

SCYGTE KITTI £l 5 B 347 LLSHIE VoxelFSD 1A
AP, KITTT S5 42 48 F OE 57 18 A% 3k S5 4% AR I
AR T 3 B SCHE L T LR R O TR R RS RLS R
o BRSNS VEAE = 2 ARG I B0 1) 32 AR
PEE . KITTI 45430 3 712 AU 2kt 3 769 455 4IF
WA 7 518 AN T, KITTI $s 4 =845 3 Nk
F ARG AT NG BAT 4 AR I R Y A A
RN LR 3 DARRINER . 55 &
FUPRIME PR BE VAl 68 1] 11 4> 8] 21 (recall points
11,R11) 8% 40 4 1] 15 (recall points 40, R40) T 1) F-1
¥5 % (mean average precision, mAP ) JIVAG B 7E A R 4
Sl A AP
2.2 SLIGYHTS

KITTI A 5 T X5 V5 25 (BRI BE 7T, Voxel FSD H R B
IR EAER R T T K 3.9 m, % 1.6 m, &
1.56 m, ¥ Z Bhi e BE AR AR A -0. 85 m, iUEFE 0°F1 90°
PN ) b AR ) 2 N S35 T OpenPCDet HESE,
AN GPU LI /N B Ry 4, B 6 2 > %2 0. 003, Jf:
T Adam fiAL2E
2.3 LIGHER

SRR KITTT B0 42 56 3 45 A4 B ok f7, R A
mAP FEAR R AR I, b SRR R R11,
M4E 2R R40,



545

SR 2 BT s — 2 F ARG 4% 247

1) B EAE 45 3

F1EIRT VoxelFSD 5 Z 5 3% T 1k % 1) ik 78
KITTI 3o UF5E [t 2 8 ol R S5 R s et . 76
PRy B R AL RE R P R R N T A ) L
VoxelFSD-S #R{E T E 4 ML EB 2T, 55 —4
TR B By BE A I 2% VoxelNext' ™ 1 b, VoxelFSD-S 7£ fij
BAL v SR PR HE 2R B Ay R R T 2. 51% 1. 60% Al
1.53% , 2 W] B 42 19 4 %5 Bi 77 5 VoxelFSD-S #H Lt
VoxelNext SR EU-, TN, VoxelFSD-S 145 -, B 41
FHA transformer Z5H) BRI 5 I TIERH T BT 4
HY PCB BEHAE =45 T W AT R . EANE ALY
Beti A | VoxelFSD-T 76 5 diE £ | 19 38 B 0 T
PVRCNN"" F1 Voxel R-CNN"'" Z£45 80 55 /0B T AFM-
ROT K53k i 34tk

K1 FAEFEEKITTIBIFE FERIEE

Table 1 Comparison of results of different methods on
the KITTI validation set
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Table 2 Comparison of results of lightweight models
on the KITTI test set
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Table 3 Comparison of the results of the two-stage
approach on the KITTI test set
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Table 4 Comparison of model inference cost at different perceptual distances

VRS A 70 m 120 m 150 m 180 m 200 m

A /s 0. 055 0. 056 0. 058 0. 059 0. 059

VoxelFSD-S W1E/GB 2. 11 2.38 2.45 2.51 2.58
mAP/% 79.12 79.02 78.85 78. 56 78. 49

fffa /s 0. 067 0.076 0. 087 0.091 0. 092

Voxel FSD-T W1E/GB 2.38 2.67 2.81 2.96 3.25
mAP/% 84. 68 84.48 84.32 83.96 83. 67

ifal/s 0. 057 0.078 0. 093 0. 135 0. 159

SECOND!®J W17/ GB 2.32 2.87 3.50 3.78 4. 45
mAP/% 78.62 78. 11 77. 80 77.35 77.33

AL/ s 0.04 0.073 0.11 0. 154 0. 187

Pointpillars' 2’ M77/GB 2.36 2.82 3.31 4.05 4.70
mAP/% 77.28 76.26 75.7 75.08 74. 94

Bl s 0. 068 0. 087 0. 107 0. 160 0. 194

Centerpoint| ") W17/ GB 2.39 2.87 3.31 3.65 4.45
mAP/% 78. 39 77.99 77.73 77.42 77.09

RAPTWERTED IR T EWmmEWEIT B, HPHFHEHR VoxelFSD-T K IHE,, 8 i 45 5 ol #i 4k
VoxelFSD 1£ KOG Tk S BT RS, 7R AT, VoxelFSD-T BE %X 5088 42 b 0 A0 95 4 S 9] 5 R
78T VoxelFSD-T 7£ KITTI ZU#E 4 L ARG 4 Ko H S sagkem

ST

: A 5 | '] ] . } ; | '

124 S -3 =7 ‘\ Y ” de B
4 i ~SHA 2 . W W
o, [ i © I AR | (] 4 A B4y
3y %) ai v jf T D il -

B 7 KITTI U AE K 45 SR mT A4k

Fig.7 Visualisation of KITTI test set detection result
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Table 5 Ablation study results for different modules on
the KITTI validation set

ik B B2 B3 mAP 2R mAP HBEE mAP [RIME

baseline 86.37 71.45 68. 61
baseline 88. 82 78. 65 77.70
baseline vV 89.24 79.12 78.04
baseline V' VvV Vv 89. 46 84. 68 79. 01

{H47F baseline 5] A PCB BHRI | X 4= 244 2 S 00 25
SN SIERE T 2.45% 7.2% 1 8.91% , X #H] PCB ik
EWARL, e B ER A e g T, Eid it —
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