RAE2EHR ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn

2026,37(5):1919—1935 [doi: 10.13328/j.cnki.jos.007545] [CSTR: 32375.14.jos.007545] http://www jos.org.cn
O EBLEABE PAFRT T RRBUITA . Tel: +86-10-62562563

ZBIHERSEAWNN R RN = % BN 5
EXw', #2ak', BER & R, JAE

(P S TR B, B 74 710049)
JONHUIR B 800 2 e 4 [ 2 5 SRR & (P 2250l K 2%), B 7522 710049)
BE1E#: 23R, E-mail: yaochenli@mail.xjtu.edu.cn

W OB BB ANRIT AR IZRINERERER, LV R BHBRANRAAARBEEXTE &

=Y R AR A Z S TR R A0 R M A Bk B AR ) A HL) LA R :%%ﬂ\ﬁréh%%‘i#ﬁ

AARMG R R, WA @S F LA EEIZEATR, BARLRRFFM, 45 =% 8 AFENE SHFE

M 77 EABA AR ) AR S, 4R B — A S A RS RR AT ik AR RGB BARIR AN £ AR A & z:,laﬁ%..\

REAVAIRF RS ARR IR, R 03 RATERZENN S BEAMFAERR, AE LY RRAZH ZH AR K;

F) = Ye A i B AR Al & AT S BAF AR AR I, K AR L B R IRAUI oA 4 b 42 h S B, R 4 AR RGE 1L

ZHEREZ B RBIEN TP, ERRBRA GRS RY, FIENBER L)%, &7 kR gk T
EEMEE SR E SR KOG FE, BERA THIERBOLE 5N E . £ KITTI 3048 £49 £3h s 2 £, AT

k?&“}%ﬁ:i?{iii\%%#ﬁiﬂ'ﬁ%*%’ﬂl?ﬁ“i%éﬁ'iab, AAWIE T Bk bk, AR E IRt T o %

EERSRET # T35

KRR 2 B ARG, AN GRS EE AN A EAE; A g w

FEES S TP18]

o g MR BOCRE, AR, MRS, IR, SR, XIEREE. 20E Y5 2 AR B RS H) = 4E H AR T, AR, 2026,
37(5): 1919-1935. http://www.jos.org.cn/1000-9825/7545.htm

J3 5| %0 Tang WN, Li YC, Gao SJ, Gao C, Peng YH, Liu YH. Multi-modal 3D Object Detection Method for Traffic Scenarios
Based on Two-stage Feedback. Ruan Jian Xue Bao/Journal of Software, 2026, 37(5): 1919-1935 (in Chinese). http://www jos.org.cn/
1000-9825/7545 .htm

Multi-modal 3D Object Detection Method for Traffic Scenarios Based on Two-stage Feedback
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Abstract: The latest advancements in intelligent driving technology are primarily reflected in the environmental perception layer, where
sensor data fusion is critical for enhancing system performance. Although point cloud data provides accurate 3D spatial descriptions, it
suffers from unorderedness and sparsity. Image data, with its regular and dense distribution, can compensate for the limitations of single-
modality detection when fused with point clouds. However, existing fusion algorithms face challenges such as limited semantic information
and insufficient modal interaction, leaving room for improvement in high-precision multi-modal 3D object detection. To address this issue,
this study proposes an innovative multi-sensor fusion method: generating pseudo-point clouds via depth completion from RGB images and

combining them with real point clouds to identify regions of interest. It introduces three key improvements: (1) deformable attention-based
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multi-layer feature extraction that adaptively expands the receptive field to target regions; (2) 2D sparse convolution for efficient pseudo-
point cloud feature extraction leveraging their regular distribution in the image domain; and (3) a two-stage feedback mechanism
employing multi-modal cross-attention at the feature level to solve data alignment issues and an efficient fusion strategy at the decision
level for interactive training across different stages. These innovations effectively resolve the trade-off between pseudo-point cloud
accuracy and computational load while significantly enhancing both feature extraction efficiency and detection accuracy. Experimental
results on the KITTI dataset demonstrate the superior performance of the proposed method in 3D traffic object detection, validating its
effectiveness and offering a new approach for multi-modal fusion in autonomous driving environmental perception.

Key words: 3D object detection; multi-modal fusion; attention mechanism; point cloud processing; traffic scenario
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A FARIEAA I D8 1 2R, BA TR B R 22 — g s8], A W AR I 2 SEBIL i ORISR A, 7870 R — 4%
[V A PPN B TR SCfE S 8RN RGN, 8 7O A B A TE R, I R AR T TR 2 B I s
RO BE. AT EEAEHE R [R5 T 2 1 AT (B 7 B, BATR A TR0 6 52 BOR R B O 15 = 1)
FEASRAL, JF38 e i (RS LR

M Ours SFD. ACFﬁel
84 |
URFormer gy
@ PA3DNet
< SASA CLOCsm
= 8t
Ful
Sﬁé CIA-SSI
“IA-SSD
i A
[a) 80 | SA-iSD STD Part-A,
N A
3DSSD
ET
78 b —A— BEFAER
Associate-3Ddet, B ZRA
20 40 60 80 100
HEELIN ] (ms)

K7 BT Ao EE

34 ZERESVMEZRME

TGkl a 775 R — SR A RIS RO RRAE B A SR Jyitt, FRATHR i — R B BOS AR & 7535, 27 RN 2
T RS RERG 5 2RSS RS

FERFIERE A 77 T, 2T AN RIS RORRAE AN R A% 3R 1S i P Rol R ER ARSI N (BN, G,G,G,0)
ik &, Hrh B AHEE K/, NOA Rol #&, G EEA Rol HIMII% i %L, C WM s AEKC . X T 08 mi = Hicdls, Ht
FHIEAZ )0 (M,C+ 1) ITB K, Jrh MOy Rol WD i (Bt AR L), C WRRIEYE S, BUAMK 133 5
G5 LA (i S AL 2L

A TR AN A AR AL S8 — 9 PR RURFALE, DA ik 2 S R & X D )l R AL, B IR Rol R 73 4 211
(GXG*G) P, FEXTREA W% A A O o 2 AL L P i KT A3 A, K532 s B e e O I i RS

NET X3, FEm = B RHER TR f,, Dh i = BVRFIE R RN f, . RS AR & A R AR IR 3% BRFAE, 347
KRB B MG T7E. EZITE, SRS MR IEEE BT R T 5y — B i il 19 &, FERHERE DS B E
IR AR B 53— B KSR . B R R 5 BB RHEEEAT R, T R & IR E RHLE £, 2R B &L 8 R, 5
FLRPHERLE, TATHI 754 Rd b 1 o i 22 S SO A BOR [

® ikt
Ot

Rol t s =Rk
A

Rol fl &L
1

Rol #AZFHIE
e

B8 RS X R A g 2 ]
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PRFFAERRA A, 52 CaSA J7 ik 5 il & 5% 5 Box Voting 5% R &, BAN I H—Fh & e B 288 5
il & A ——Z B Box Voting 5%, 1277 1 1 il & AN ) BEASRFAE A T 45 SR A il dme AT 45 2R, Herh
RN 45 SR 1) £ SRR TRT SR (I8 (B S vk, B LR
box,, + box;, + box;
— ©®
Horh, box!, FonH 1 AMRLIIHE 19 O s = RRAE TINS5 R, 85 H PR EAR B KL FHE S B MU box! TR FRFAE
FITRINEE R boxi, TRl A RS AE A TR 45 24

4 ZWHERGHH

box' =

4.1 SLIEHIEE

(1) KITTI 44

KITTI 4 48 /2 55 A6 25 B AUtk i o P I B0 42, LR 0L T B8 H ARSI . ERRERER . 18 ¥, IRFEAM A
TR FE Al 1145 77 TH AT 45 BOARZE L B VA 77 5, mI R F 85 8 B 28 SR G (A AT 45 KITTI B E P T
ZANAAAANUR AR IR UG AN I BUR, DA SO0 3 i SRR i = B AN 5 R 38 2 IR s e S48, 181 9 R
T KITTI H R A ZE AR 3R DA B AR I TR A A B G R B SE (K R SE o B BRI I % . =il 5t
CLJ & BIE . B0 LA SEI 8] 1 7 AT 41 2, LA 7481 Ml SR B0 A 7581 WU EHE. VI ZR30 & br
2, MREHE AL B bR, ke TN 25 SR P58 2 B 07 RS54 A4 TSR A3 M K Fa b 4

Velodyne HDL-64E laserscanner

[ All heights wrt. road surface l

Point gray flea2  x y
video cameras n T All camera heights:
" X
n
‘Wheelaxis Jam

1.65m
= T006m i
(heights 0{30 m) Cam-to-Cam t Velodyne laserscanner
§ 0.54m & Camrect- (h 2 1.73 m) 50.05 n
i to-Tmage G * [
i 2
1.60 m 0.06 i o |-+ Cam 0 (gray) MU-m-Velo o
.06 mi I -og 0 eey) g ;
H Cam 2 (color) 3 y i -
; Velo-to-Cam GPS/IMU -
1 1.68 m H (height: 0.93 m)
t { N
0.80 m —_— 0.81.m 0.48 m
0.27 m
-
; '
! d

271m

K9 KITTI Hid etk s A b BL SR 7 B % &

£ H AR 55 07 T, KITTI 3246 1 — 4 PG E0a 1K) 30 SRR T AN = 4 il 22 B X3 PR AR . e, 430
FHER S B FRAE —EEE hag rhot s A B DU RS AR5 B, =B SRR T & HARE =4 i b AL B U R
AR, A HARBIALE A. RSN, KITTI 2dfs SRt H b 15 gl DL SO 35 OB £ S8 AT Bl . E1PAG I AR
RS H AR RSE, BT BRI RE AL, K H bR DB e . A IRIXESX 3 FiOUERE, I 93 5 TH AR HE R HY
YIRS RL. B2, BT Mt o DA S PR IR DR B HEAT HB Y F . A = R S5 v, BR 1 X =430 FHE (A
TURS BEHEAT VAl < Ab, 30 20T SRR EIAL A ARG IUAE AT AT 1 A B [T VR LS AT PP A

(2) nuScenes F 54

nuScenes KHEHEIE — AN 71 [ 3072 BRATUS ) U 0 22 T Eidl 8. 12 50l 5 1A 32 55 R B B InSpER - WX
MNERIRZ . SZEIAE AR, JEEE 1000 MITE Y E, SNSRI 20 s, I 86 R 2RO Pk,
T 2R BT Y EARAISSIEAR I AL KRG I, nuScenes Hda 4 104 & VRS 2 B E & 4R 6 1T K
FOTRMINLE, LSOOI PR 5 A3 5 T e & e A R R Pk, AT S 2 4 k.

nuScenes AR ST E L) 15 h (9B BEE, AR O B, MR PR3 5 O T
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H ARSI 7010, B bRl 7B EWA BAx (W BEATE) g, T XS, i 5N F3imE 1
1000 MR 20 s fI3gst, FE0 H#EAT T ARG A AN ARV

TEAR IR AR B J7 1, nuScenes BIRER K 7 6 MGk (camera), 73 AL T ZEMIIHET /T (front). A HIJT (front
right)s 72177 (front left). J577 (back)s £ /577 (back right) FI/J5 75 (back left). IhAb, ZETH (top) 42245 T —ANE0
THiX (LiDAR) PLK 5 M=K FEIA, 20 WAL THIJT (front). AT JT (front right). ZERGJT (front left). 455 /7 (back
right) A J5 77 (back left). N T AR 2 A4 BRAR AR 42 14 = T i, T 92 B PAOE ST AL R ER (19482 (extrinsics) F1PY
2 (intrinsics) AT T AR HE. IXFh 48 RS HE IR FE Dy il & 2 A% AR A SR AL T AT SE 0 2k
4.2 SLEIFMNIERR

TE =4 B AR IIAT 55, KITTL $08s 4650 F =4k FAE RN 4845 9 T Y988 B (average precision, AP), iZFE xR
NI BITEAS [F] (0 3 [0 28 A T B350 FEAE i 4 i 2 % h4h, 78 KITTI #diE 4 h, A FZE5 0 B bx ToU
B E e B AR, SHFARBECR B AR, iR 454, H loU BIE B BB N 0.7; 3F AR/ B bR, FliniT A2,
H ToU BMEW B E N 0.5, 76 V- EFE BE A0 1H 507 1, KITTI % 40 SRR R A [0l R RAE TP SR T B T =456
RS FE 2 A6, KITTI SE AR B A 1% = 2 har I HEH2 52 2] S 1 B0 AR T Bk DA 52 v B LA Z A9 v 3 [0 1 (000 8 55
4.3 SZIRYS

TESLIGH, BATH 2= I R e N 0.001, HEE K/ EN 6, HEHA RTX 3090 GPU _EJTFE 40 MR AT
WGk AR, Fe A U TR 26 f v ARG 45 SR T IR RO 2 52 . SRR (B 4] (%) 245 B R, (i BRME R AR B M e
F E RO e A 0.5. T At T 2 58 48 7 OpenPCDet™ b (11 BRI 15 B AL,
4.4 MFLLSCIGER

TEARFTH, AT TK TR 5 5 I 1 Je ik 2 BLAS =4k H AR I R VAT B, DAIRIE LG 20 . FRATTE AT
KITTI 354 F1 nuScenes H4E 65 _I0AIE pr it 5 vk, 28 H A 2.

W 1 foR, B J7VEAE KITTL IS bt se 0L T I B 7735, Heh, Graph-Vol /& Graph R-CNN i@ FHE
28 5 SECOND (Voxel-based RPN) K #5157 fil A BB 4l & (0 2 AR k. 5 H8uE 7772 SFD AHEL, AT 7L R %
PR T A S5 R AR g X S A ARG . SR, 5T TR R AR, AR AR R B X T RE R ERL A TR B AR
K EN Rz FEERRMAGS R R RAFEE 2, Ims2m T R iPERE.

F 1 AHEESHAACR M VEE KITTI RS E RO Hh g 3 (%)
1325 (10U=0.7)

ik L 5 R mAP
ContFuse™ 83.68 68.78 61.67 71.38
MV3DEH 74.97 63.63 54.00 64.20
AVODP! 83.07 71.76 65.73 73.52
F-PointNet*! 82.19 69.79 60.59 70.86
F-ConvNet™*” 85.88 76.51 68.08 76.82
MMF® 88.40 77.43 70.22 78.68
3D-CVF*! 89.20 80.05 73.11 80.79
EPNet™ 89.81 79.28 74.59 81.23
CLOCs™! 88.94 80.67 77.15 82.25
MSF-MC™! 89.63 80.06 75.83 81.84
Focals Conv®™® 90.55 82.28 77.59 83.47
VPFNet™"” 91.02 83.21 78.20 84.14
Graph-VoI™” 91.89 83.27 77.78 84.31
EPFNet++34 91.37 81.96 76.71 83.35
MLF-DET™ 91.18 82.89 77.89 83.99
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R AESHARRME 3 KITTI RS LRI g R (%)(%5)
IRZE (10U=0.7)

I . I A mAP
PA3DNet"” 90.49 82.57 77.88 83.64
ACF-Net™™ 90.80 84.67 80.14 85.20

URFormer™" 89.64 83.40 78.62 83.89
SFD (i)™ 91.73 84.76 77.92 84.80
AL T5 90.98 85.07 80.16 85.40
7T+ -0.75 +0.31 +2.24 +0.6

SO, AH TR — P AE ARSI Z A TT AT 7RI, 3R 2 JEoR 1 ASCTT S SFD J7 3 KA I 28 Rox
bt MR AT LU H, AR ST ik BRSNS B AL 45N S50 (KA TURS 52 _E 35047 ST, e 3l 72 X3 424" 3 £ PR A 28 )
FUbR, $-THIE R SR, X th— e R L R R WA 7L I $2 7 125 R P

2 ATNAAE KITTI $4E B 5473 AT AR IRCR (%)

ik YT TA
] F. g Rl 7 (LS g Gk
SFD 89.56 72.83 63.29 72.41 65.39 58.39
AT 90.35 73.67 65.84 72.68 66.87 60.19
et +0.79 +0.84 +1.55 +0.27 +1.48 +1.80

Rt B RAEA SCIVE R e PEA & FR L, A 70T nuScenes B S HEAT T4 LLStiey, H&5 Rk 3 fios
(PR TR e R R, | RO T IR RCR ). N3 3 T AT H, A SCTTVEAE nuScenes Hdli 48 BRI th
. JUHAE PR B (mAP) Al nuScenes £l 73 % (NDS) X IR B Fig b5 b, A SO IR JC AR . IX R IR
ATHIRERLAE AR BE nuScenes $HE 4 1R 283 5t AN 2 B H BRI, B2 B RS E AN (5 1k IS4 Rt —PAIE W], A
SCOTRAMUAE KITTI i 4 LR B 5, 7658 R BRI nuScenes %#f 56 b t BE OR# K P RE, 7870 JEHIL 17 JE
R 2 A RE A S B ST 7.

3 A5 TR nuScenes B ESE F 45 BT L

J7i%: mAP? (%) NDST (%) mATE] mASE| mAOE] mAVE| mAAE]
BEVDet 422 482 0.529 0.236 0.396 0.979 0.152
BEVFormer 445 53.5 0.582 0.256 0.375 0.378 0.129
Far3D 51.0 59.4 0.551 0.258 0.372 0.238 0.195
VoxelNeXt 60.5 66.7 0.301 0.252 0.405 0.216 0.185
CenterPoint 60.3 67.3 0.262 0.239 0.361 0.288 0.136
TransFusion 64.5 69.6 0.269 0.249 0.292 0.266 0.189
SparseFusion 70.4 72.8 0.273 0.258 0.342 0.277 0.138
CMT 70.3 72.9 0.294 0.260 0.323 0.271 0.131
FocalFormer3D 71.6 73.9 0.257 0.248 0.334 0.232 0.134
EVT 72.1 74.6 0.250 0.245 0.311 0.201 0.123
AR5 73.1 74.8 0.237 0.231 0.287 0.251 0.128

4.5 JHRKILER

AT O AR AR HIT RIR AT T 5 2087 B sega g R T KITTI 3 UESE 3R, ) KITTI
DR A R PP FE R, JFHKHR Recall 40 FriEREAT 15T
4.5.1  ANFEBCHAF A RCR

AT T AP T PERE IR, 2% 4 (SR 85 SRR I, A AR TR SR R i TR R B A
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SEMEPEREA IR AR 5 T 1.75%, WHEREA IOHER R B2 0 13 5%, W& $2Tt TAER A5 00T IR st
FIN 5 2 Bt A T A AR O HE R R B2 e 17 5% LAk, I ELAE r 48 i S A DROUE AR A 1 5 M R 5K, DR O A Bl
TR R 2 B (AR B ) R

R4 BBHOHERERE R (%)

WAREA fE7 Hp i PR 4

Voxel R-CNN® 89.41 84.52 78.93
+A] AR R AR 89.55 86.27 83.83
+ AR A B 94.69 87.48 85.64
+ X EL AR 95.86 88.71 86.28

452 WARTER L BUR

AIFRENIR T AL B S BER RO, SRIR 45 RNk 5 fis. 45 SRR, WS & 71 RIPIEA b B R 1
Ae 6 02 SN, 7E =4 25 (8] BEALRT A 0 IR SRR fl 2 S EUE R 72, BRI DN A% RURRAIE B AR 72 X A B B 20T
ik, TEVIGRATHA, PTAR TR A 2 E B J0 R RHAIE, AN TR IS SR L . e Ab, B AT 78 T T 0 45 0 SR ot
BRI, YRRt 1F BIHRTT.

RS AIARIBTE R BHOERE BE AR (%)

\ TR O ] - i i
RO e mnpe RbEemam o P W
N - == - 89.41 84.52 78.93
- v - 6 87.36 83.65 76.29
- n v 6 89.37 85.31 80.74
- 3 v 26 89.55 86.27 83.83

453  Phri S RFESRE R

AR BTN S R SR U P AR AR AT BT T VA T AR AR RE A 2, e R B T O s s A AR
HE CA B RS AE B E T R (R RE . AR 5 1 SI256: 3 B 3R 100 i o (M RRAE SR B, IR UL, 76 B30 S = A O i = IR AE R 5 7
M, Gi— KA AR E T 2B B I & TG 53T 0 s WA RHE, AR BEaEHA
oy, 43 AR BT R B S A AR SR ARHIEAT B 1) 2 2 OGRAE, A5 X A R IR R AR, B R B e A=
YA, 4EEIR RGB M 415 AUPRIFAE, H4 15 A RHAEIC TR BRI . X TR AR E, RTTEH R T 2 5%
FEFRE A BT R P 2 SR 0 PR 2 B0 KBRS P B8 A2 . AR SI58 R A8 4 08 25 s SR AE SR BT VN 4R B
BT E. RRERINE 6 i,

R 6 M m A FBIYIERHE AL BRI (%)

NAYE=L Vi
A .75 - o e o
- — - = 89.55 86.27 83.83
v — - — 93.28 86.83 84.37
— \ = 94.92 87.39 85.39
v v = - 95.34 87.69 85.75
v < 95.86 88.71 86.28
v — = v 95.55 88.24 85.86

6 P 1 ATISEIR G5 RO RAE ) Dy 2 R AEHEAT Bl 5 B0 45 2R SREGZ5 R rT A, XTI (KA IRE A, Dy
R FHE TR IR JZ R 2 T JZ R AL B 25 4R T 7 BB A R RE. 5 2 X T (a7 B A, D il ZRRAEBR A 1 ==
B IR AL IR, KSR T T AR T ] SRR AS (A BE 0. IR 6 HId mT LAFE H, (RIS {a FH PR SRR I T 2 P
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I RAT 89 = 4 B AR 77 ik

1931

IS TH AN 2 AT IRIRABE T 1R R RHE TS R o AR AR R B0 KO TIERERIRE . Ho, K=1 RoRE
FEAE O 2 25 P TR A 300 I ) B S R 5 AR R IR 2 CRHE, A HEAT 4 B K=6 Fon IR Dy i a A R
WILM 6 DA K Rz A FRHAEREAT 108, K UCEHE. SRUG 45 AR, A FU T A A AR (LR AR SB35 5 T 1 R
FERE, R 2 2 K=6 I, M1 LT A PV RAERAEEOR, o S B (A AR A TR THE 1A F 20 s, RSB
AIRTHE 0.5 AN 7w /i A7. BeAb, i Sels 45 RIS WS 2, BEE K B AOHE N, RS IVE BERS A5 B, 20 #r S Rl vl
REAE NS SRR R RHE R E, 3G A 1 — & MR AL AR

BEAh, FRATIE R 32 th ) — 4EMi i 5 8171 (SPConv2D) 5 SFD Htf) CPConv J7 1% LA K ELFA% ] PointNet (77
ARG R HEBEI (8] THE SRS EOR I AT T L. 3R 7 s i sei 45 RaR W, 5 H AP RJ7iEA
EE, PointNet JE& I H B AAS I REANHERE R, IX B ZR h T i m B AR %, BLA PointNet (&I R R %%
B, BEAh, G5 R RW, BAHR M) — AR SR AEAS IR EE . R W RS HETT LT CPConv.

K7 R SRR O XL BE 152

Jrik fAi . (%) A (%) [R5 (%) A3 M HEER [H] (ms) THH 2% (GFLOPs) S (M)
PointNet 95.06 87.91 85.01 42.6 8.8
CPConv 95.47 88.56 85.74 283 52

SPConv2D 95.86 88.71 86.28 19.7 49

4.5.4  PRBOSAEE THERIBCR

AR ERFAE SR T AN S5 R R T ATER . R 8 FH ESE SRR, 6T UK i (1 R R £ DR DR B 17 B VR AR ) B
B X 45 (Rol) AL, HoAEREIL T SL Zimt &, fERE & J7 D, 2T HHEM RSO0 T2 T B &, (X0 & AR A
SHURIR FEAN AR ZE T AFAEXT T 10 B it (R P e BOS AR & 77 i 35 T LR A 5.

R 8 AR LG R R RE I (%)

& g Eiig AR X FERT) A B A P
Sl \ - - 94.74 87.72 85.49
— R — 94.67 86.89 84.36

S - - 95.67 88.48 85.87

PR 255 20 — Y - 95.49 88.19 85.71
— - N 95.86 88.71 86.28

FESE SRR E UK, A 70 L IR TURE & A FIRUT AR D 45 RO U 1 BE S SEIR 45 R INR 9 Fios. B LK
B, 0T AR IR 5 R, O ki 5 HdE B T RS 2 M S AR, R B A I T DU A B S S I
R 2R A, T R R B AN ) TR RO AGLIN 45 5, AR A D 28 e A5 BURE — 2P R T

K9 DL

FfhE R RE RN (%)

R s =g R FlEr sk R A7 B ok PR
v — = 89.55 86.27 83.83
— RN — 91.33 87.02 85.31
— — \ 95.27 88.12 85.37
v — \ 95.39 88.48 85.46
— v S 95.42 88.53 85.46
v RN RN 95.86 88.71 86.28

4.6 SRS

AT SEAF T TR T ik, AT HAG M MERE S Voxel R-CNN #EAT Hui. 4] 10 Frzw, $ b 40 ik FUAE Sy 5t
HEHE, 23 (30 FHE A ST A DIE, W €3 FAE s 7 A IAE, 206 SR 2R ME iRt 9 B4 B b, AT BLA Y, f%
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G T R W ER G BEARFI@E S SR = A ks, AL, RSO 5 NG EE, A 2808 T ek
TRAGL. LA, o Tz Ak B B AN I AR, AN ST RENS HERAS X Le P A, T2 2 g 0 DU A SE R . X3 W o 2
HH AR = AR S 2 R T AR R, B9 T E B0 S B R G IR B RE ).

K10 ARSI AT A 45 R A

5 B 45

AR T i P RE 0 22 RS = 4k FARRISE, AR R 1 I B S 3 5 2 SR T I O RS S B
AN ARG AEAS X 55 48 S B ) L. e 5 i s AR B . K R AR R AR SR EODL A1) DA R BE T XU B L S B3 ) 22 A 2
£ S, BATRIE T — AR = 4E H PR A IIHEZR, b F S B B R SR BRSNS it T L EBOR SRR B4, SE
KR TR, BUA D ml 2 BT AR 48T [ A B AR v A7 £ W SR R SR BR A, e A H AR L B AIE S 5 R I
PERERIURAE. 5T B, FATHE AR FOHs iR R I T H AR R8T (SR SR U, DUERAT SR 4
() J5 B HE R AL e
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