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SiamMo: Siamese motion-centric 3D object tracking
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Abstract: Objective 3D single-object tracking (3D SOT) is of paramount importance in a wide array of applications,
including autonomous driving, robotics, and intelligent security. The fundamental goal of 3D SOT is to localize a specific
target across a sequence of point clouds, with the only given information being its initial status. Existing matching-based
3D SOT methods generally utilize certain forms of Siamese networks for feature extraction. After transforming the cropped
target template and search area embeddings to the same feature space with a shared encoder, these methods enhance target-
specific features with various appearance matching techniques, such as cosine similarity and cross attention. Although the
Siamese matching-based paradigm has become a popular design in existing models, appearance matching has long suffered

from issues with textureless and incomplete LiDAR point clouds. Beyond this paradigm, a new motion-centric tracker, M*-
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Track, offers a new perspective for 3D SOT. It takes point clouds from two successive frames without cropping as input,
explicitly modeling the relative target motion in a single-stream architecture, largely overcoming the challenges. However,
it fuses adjacent point clouds and processes them in a single-stream architecture, lacking explicit target information from
adjacent frames for accurate localization. To compensate for this deficiency, M*-Track requires additional segmentation and
box refinement, which makes the training objective complex and results in cumulative errors. To this end, this study pro-
poses a novel Siamese motion-centric tracking approach, dubbed SiamMo. Method SiamMo adopts a simple single-stage
tracking pipeline of Siamese feature extraction and motion modeling. To learn excellent features for point clouds of varying
density, we first divide nonuniform points into regular voxels, which exhibit reduced sensitivity to point count variations,
thus mitigating the varying sparsity issue to some extent. Afterward, we present a top-down convolutional network based on
Siamese architecture to encode voxelized point clouds of successive frames into the same feature space. The network first
uses sparse convolution to extract features in 3D space and then adopts dense convolution to extract features in 2D space in
a bird’ s eye view. In contrast with the single-steam architecture of M*-Track, Siamese architecture decouples feature
extraction from temporal fusion, which enables it to extract more abundant and representative latent features while reducing
information interference among successive frames. Subsequently, we design a spatiotemporal feature aggregation (STFA)
module that integrates the encoded features at multiple scales for motion modeling. Intuitively, effective motion modeling
necessitates rich representations at multiple scales. Integrating these multifaceted representations is expected to signifi-
cantly enhance the network ’s capability to accurately localize targets with various motion patterns. Moreover, we introduce
a box-aware feature encoding (BFE) module that injects explicit box priors into motion features for prediction. It first
encodes the bounding box size parameters of the object in the initial frame to the box-aware encoding with a multilayer per-
ception (MLP). Then, BFE adds the box-aware encoding and the output feature from the STFA module. Finally, the
added feature is fed into an MLP to regress the relative target motion. Despite being conceptually simple, our BFE can
boost tracking performance, with negligible computation. In a nutshell, using neither segmentation nor box refinement,
SiamMo achieves precise localization by directly inferring the relative target motion in a single-stage manner. Result We
compare our model with several state-of-the-art tracking methods, including Siamese matching-based and motion-centric
trackers on three public datasets, namely, Kitti, NuScenes, and WOD. The quantitative evaluation metrics comprise Pre-
cision and Success. Experimental results show that our model outperforms all other methods on Kitti, NuScenes, and WOD
datasets. On the Kitti dataset, compared with the second-ranked method, our method increases the average success indica-
tor by 4.7% and the average precision indicator by 4.9%. On the NuScenes dataset, the average success indicator is
increased by 14. 2%, and the average precision indicator is increased by 11. 5%. On the WOD dataset, the average suc-
cess indicator is increased by 2. 9%, and the average precision indicator is increased by 5. 4%. Our method also demon-
strates strong robustness to sparsity and distractors on the difficult test subsets of the Kitti and NuScenes datasets. In addi-
tion, we report the efficiency of SiamMo, which is lightweight with only 0. 82 GFLOPs and 14. 6 M parameters. We record
the average running time of all test frames for the Car category on the Kitti dataset to evaluate the computational efficiency
of our method, which achieves 108 frame/second, including 4. 2 ms for pre/processing point clouds and 5. 0 ms for network
forward propagation on a single NVIDIA 4090 GPU. Ablation experiments conducted on the Kitti and NuScenes datasets
further verify the effectiveness of the Siamese architecture, STFA module, and BFE module. In Kitti’s Car category track-
ing task, replacing the single-stream architecture with the Siamese architecture results in a 3. 8% increase in the average
success and precision. When STFA leverages features across all scales, Kitti’s Car success and precision are improved by
2.2% and 2. 6%, respectively, as opposed to relying solely on single-scale features. When the BFE module is added,
Kitti’ s Car success and precision are improved by 2. 9% and 3. 6%, respectively. Conclusion In this paper, we propose a
novel and simple Siamese motion-centric tracking approach, which avoids the vulnerable appearance matching process and
does not require additional presegmentation and box refinement by adopting Siamese architecture and models target motion
in a simple single-stage pipeline. Comprehensive experiments demonstrate that our model surpasses state-of-the-art meth-
ods on three challenging benchmarks while demonstrating excellent robustness and maintaining a high inference speed.
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Fig. 1 Comparison of typical 3D object tracking methods
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2.2 RBAT

ARSI HL R G2 R 5% A Ubuntu20. 04,
i FH (% 22 S 5K NVIDIA RTX 4090 GPU, {437
55 M Python3.9.0, 5% ¥k B T IR 2% ) fE 48
PyTorch2. 0. 1 v MMEngine0. 7. 4 SCH, CUDA R AS
11,8, Fi i A BRI SC L T I IR B T & speonv
SEHL AR 2.3, 60 YR FRAE T AdamW fE AL 2%
TR M 28 S 800, B 08 1. 0 x 107 (g & 2 50
H— L E S B IR ECN 0), 2% RN 1.0 x
107, 4R/ 256, Fd I B RIEHCH 20 1Y L, 35
BORh B2 AR T . 7RI R b B 25 0 5 1 idd
8 E AR 30 FORE ) S5 2 7 91 v itk B E B

IR B A o e/ MBS A 2k LUtz
TR . EIHR AR 2, AT LU
FE B R AN L, B L, , B AT DL 22 2 (Y B A4 2R
RLE (residual log-likelihood estimation ) (Li 5§ ,2021) .
A SR RLE S5 A I 2 452K R R

g T AP T o R b BEBILE S SC o0 A
51534 U(=6", 67)FIU(=0.3 m, 0.3 m) HRAFEXSER
¢ = LT H AR Y 352 100 SHE R4 T BE AL e e F11 0 75
N T SRR S B rh A ) 2R H briz
Bl AR SCNIEZ 43 N0, X) H R FEXEER « i H b
B9 FHE SR AT BEHL G #% , Horh 2= (0.3, 0.2,
0. 1), 73 SRR X Y\ Z Asbrth s 1 o hy 1 dE—22
IR B8 Z2 A P O i v BB ) S e, X R AR AR
525 [ S ] AT BEDLRIAS . 25 ) b, [ s 7K
Tt s R BR300 S 5 B[R] L, B A P 9 4
T 18]
2.3 FfEEER
2.3.1  Kitti F1WOD $dii gk 194 R

1E Kitti 2032 4 1% Car . Pedestrian . Van I Cyclist
A BRER S b0 it 0 D7 v 5 SE T Y Se itk T vk
AT AT A, WER 1R . SiamMo 7E45 1280
P I L AL RE , 700 92 72. 3% F-F- 1 Success
F190. 1% BY-F-14 Precision , AT A F ) s E .
A, SiamMo 75 33 Success 1 Precision _F 43 51| H
X 7 vk v g e #E 7 v MBPTrack (Xu 5, 2023b) =i
H2.0% 2. 2% 5 Lhiz gl e 7Y B ER & MP-
Track (Zheng 55 ,2022) # Lt , SiamMo 7£ ¥4 Success
FI Precision J7 11 73 3] IR 4515 9. 3% 6. 7%, 5843
RAIET Lhia gl s i R ER TR BV T

TS B RS FE AN [R5 B TE Kt $ia0E
AR F R ER R ASCR IZ R A SE gk 22 Bh T ik 1 B g sk
AT T T ARAb B, 25 F R T BA AR Car
J¥ 5 Fl Pedestrian J7 51 M4 T 7R, 4Nl 4 s o 7E 85
R AR ZE I H) R, M2-Track 76 B B¢ i 2
F5 T HAro SiamMo F1 MBPTrack #5 E 1F i B i £
IS — M, 1T SiamMo Y 5E 57 EUIMAER . 7247 N5
i, 2 N T A I B, M2-Track 1 MBPTrack 3%
TR AR AT RIS | 1T SiamMo BB A4 AR E
CIETAiOR RIS

PRI H 2270 () B S 0 T3 e v BB 2 AL e
1A e AR RE L 45 W R IR 2 — , B E T
B RYAE AR U o A R L BB 5 PR e R AP 1 30, 3%
T =4 BAR IR R EIE R SEPR I B2, O TR
ARFEAR IO EAEA R 50 AL 1, %885
S 2 B SE i 5 ¥ (Hui 45,2021 ; Graham %5, 2018
Wang 55 , 2019) #0315 , 2 T Kitti £ 48 % Car Al
Pedestrian J¥ 51 I Il Z: 45 2] A9 B RL 435176 WOD %4
5 5 1) Vehicle £ Pedestrian #4317 & 7 41 H 40
BZANESZS o SRR 37 M RE A0 B 30 Easy
(&7 HL) Medium (145 )  Hard (R ) 3 43598, AT
G s AE BRR ] UL IR 0 DA Mz Bh 2
FeMEE T HAERE LS. MR 2R, AR
i RS T, AR 39 SiamMo 75 WOD B 5 5 5 i 5F
¥ Success Fll Precision 18 b1 I B A% H i &% 5 o /)
47. 5% 1 63. 6%, 1EAT N2 5] BRI OE It ] .
AHEE T 2 1 455 B v d A 0 1 BR R 2§ CXTrack , 28 3C
J7 1 HE V-3 Success F1 Precision 8 #r I 43 51 Bt 15
5.3% H16. 9% B . $E T+, RIAA SO LA AT WL
152 25t rh B B iz Ak e 7, BV TR AR
LA i 5t W ig e As e HER bR 2% H xR .
2.3.2 NuScenes B4 |45

5 Kitti £ 5 (Geiger 25, 2012) A H , NuScenes
HHi £E (Caesar 55 ,2020) XF 3D SOT 1T 5544 H 5 ™ 1%
28 e = /= S i Rl N LN 3 € oS D KR i 20
TE B (NuScenes $U4lE 4 4 2 Hz, 1 Kitti #1 WOD 44
010 Hz) o $% 18 M>-Track (Zheng %5, 2022) H 37 1Y
J7 15, R SCAE NuScenes 5045 46 [+ 5 41 §§ SC3D
(Giancola %,2019) \P2B(Qi %%,2020) ,PTT(Shan %%,
2021) .BAT(Zheng % ,2021) .PTTR (Zhou %5 ,2022) .
M>-Track (Zheng 45 2022) .MBPTrack (Xu % ,2023b)
il StreamTrack (Luo %5, 2024) 78 N () e i 7 ik it A7 %}
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Table 1 Comparison with state-of-the-art methods on Kitti dataset

/%

eSSl
ik
Car Pedestrian Van Cyeclist FIME

g 6424 6088 1248 308 14 068

SC3D(Giancola%,2019) 413/57.9 18.2/37.8 40.4/47.0 41.5/70.4 31.2/48.5
P2B(Qi%,2020) 56.2/72.8 28.7/49.6 40.8/48.4 32.1/44.7 42.4/60.0
BAT(Zheng % ,2021) 60.5/77.7 42.1/70.1 52.4 /67.0 33.7/45.4 51.2/72.8
PTT(Shan %,2021) 67.8/81.8 44.9/72.0 43.6/52.5 3721473 55.1/74.2
V2B(Hui%,2021) 70.5/81.3 48.3/73.5 50.1/58.0 40.8/49.7 58.4/75.2
PTTR(Zhou % ,2022) 65.2/77.4 50.9/81.6 52.5/61.8 65.1/90.5 58.4/77.8
STNet(Hui %,2022) 72.1/84.0 49.9/71.2 58.0/70.6 73.5/93.7 61.3/80.1
CMT(Guo %:,2022) 70.5/81.9 49.1/75.5 54.1/64.1 55.1/82.4 59.4/77.6
TAT(Lan%%,2022) 72.2/83.3 57.4/84.4 58.9/69.2 7421939 64.7/82.8
M>-Track (Zheng %5 ,2022) 65.5/80.8 61.5/88.2 53.8/70.7 73.2/93.5 62.9/83.4
CXTrack (Xu%,2023a) 69.1/81.6 67.0/91.5 60.0/71.8 7421943 67.5/85.3
SyncTrack (Ma %5 ,2023) 73.3/85.0 54.7/80.5 60.3/70.0 73.1/93.8 64.1/81.9
HVTrack (Wu % ,2024) 68.2/79.2 64.6/90.6 54.8/63.8 72.4193.7 65.5/83.1
HyGFNet(Cui % ,2024) 68.0/79.3 60.0/ 86.6 56.7/67.1 75.9/93.9 63.7/85.6
MBPTrack (Xu%,2023b) 73.4/84.8 68.6/93.9 61.3/72.7 76.7194.3 70.3/87.9
SiamMo (42 30) 76.3/88.1 68.6/93.9 67.9/80.5 78.5/94.8 72.3/90.1

H:/THTE 53913878 Success Fl Precision $8 bR o FIE T B BE XS T 28 50 B9 PR BESK E T 15

[ |Ground Truth [ ] SiamMo | |MBPTrack

M2-Track

y

B4 7F Kiwi B 4L _F IR EE T WAk

Fig. 4 Visualization of tracking results on Kitti dataset

FEITAl o 226 3 7R , SiamMo 1E A 2 5 85 T
I se g+, A RZIO0H BAT BRI B4~
FHREE L |, SiamMo A HE M2-Track A A ik

Timeline (Pedestrian) i

2 ,SuccessFEE 11. 08%, Precision #2155 9. 95%.

2.3.3  XIRERE SRS E

TE i 75 =4k H AR BRER S W 5T U, 13 = 0
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®2 EWODHES LSHEHATENLLE
Table 2 Comparison with state-of-the-art methods on WOD dataset

/%

Vehicle Pedestrian
Jik I
Easy Medium Hard FIE Easy Medium Hard FME
i %% 67 832 61 252 56 647 185 731 85280 82253 74 219 241752 427483

P2B(Qi%,2020)
BAT(Zheng %,2021)
V2B(Hui%,2021)
STNet(Hui %¢,2022)
TAT(Lan %,2022)

57.1/65.4 52.0/60.7 47.9/58.5 52.6/61.7 18.1/30.8 17.8/30.0 17.7/29.3 17.9/30.1 33.0/43.8
61.0/68.3 53.3/60.9 48.9/57.8 54.7/62.7 19.3/32.6 17.8/29.8 17.2/28.3 18.2/30.3 34.1/44.4
64.5/71.5 55.1/63.2 52.0/62.0 57.6/65.9 27.9/43.9 22.5/36.2 20.1/33.1 23.7/37.9 38.4/50.1
65.9/72.7 57.5/66.0 54.6/64.7 59.7/68.0 29.2/45.3 24.7/38.2 22.2/35.8 25.5/39.9 40.4/52.1
66.0/72.6 56.6/64.2 52.9/62.5 58.9/66.7 32.1/49.5 25.6/40.3 21.8/35.9 26.7/42.2 40.7/52.8

M?-Track(Zheng %,2022) 68.1/75.3 58.6/66.6 55.4/64.9 61.1/69.3 35.5/54.2 30.7/48.4 29.3/45.9 32.0/49.7 44.6/58.2

CXTrack (Xu%§,2023a)
SiamMo (A< 3C)

63.9/71.1 54.2/62.7 52.1/63.7 57.1/66.1 35.4/55.3 29.7/47.9 26.3/44.4 30.7/49.4 42.2/56.7
66.1/73.4 58.1/67.9 56.6/68.7 60.6/70.1 44.8/66.2 35.6/56.8 31.2/51.8 37.5/58.6 47.5/63.6

& AR 43 3R IR Success Fll Precision #8475 , BN HIFIE T I PEREY N Easy \Medium Fl Hard P RESK BI{H 14554

#=3 7TENuScenesHIEE F5RFAEMILE

Table 3 Comparison with state-of-the-art methods on NuScenes dataset

/%

eS|
Tk
Car Pedestrian Truck Trailer Bus A
% 64 159 33227 13 587 3352 2953 117 278
SC3D(Giancola %,2019) 22.31/21.93 11.29/12.65 30.67/27.73 35.28/28.12 29.35/24.08 20.70/20.20
P2B(Qi%¥,2020) 38.81/43.18 28.39/52.24 4295/41.59 48.96/40.05 32.95/27.41 36.48/45.08
PTT(Shan4¥,2021) 41.22/4526 19.33/32.03 50.23/48.56 51.70/46.50 39.40/36.70 36.33/41.72
BAT(Zheng %,2021) 40.73 /4329 28.83/53.32 45.34/42.58 52.59/44.89 35.44/28.01 38.10/45.71
PTTR(Zhou %,2022) 51.89/58.61 29.90/45.09 4530/44.74 45.87/38.36 43.14/37.74 44.50/52.07
M?-Track(Zheng % ,2022) 55.85/65.09 32.10/60.92 57.36/59.54 57.61/58.26 51.39/51.44 49.23/62.73
MBPTrack (Xu %5 ,2023h) 62.47/70.41 4532/74.03 62.18/63.31 65.14/61.33 55.41/51.76  57.48/69.88
StreamTrack (Luo %, 2024) 62.05/70.81 38.43/68.58 64.67/66.60 66.67/64.27 60.66/59.74 55.75/69.22
SiamMo (A< 3C) 64.95/7224 46.23/76.25 68.22/68.81 74.21/70.63 65.63/62.07 60.31/72.68

7RG 43 3R Success Fl Precision ¥645 , FIE T BUEERE R X6 BT A3 2S00 A PERER Y E Arfs .

[P I 28 S — K™ IR P %, R R AR AE A B 7 5 T Y
EREPENEN T EIE R P SEPE 2 CEZ, H T
B UEAS SO WA AN R Rl B P2 B R I vk il
SRR A SO TR O S 3R R L
5 BAT(Zheng %5 ,2021) .PTTR(Zhou % ,2022) Fl M-
Track (Zheng 5% ,2022) #4714 i HA0E A% L,
FHF-3 Success 1 R iPA 5 b5 o 55 1 wirp Ay H
T it AR Rt UL S 7 S A B R . AR A R 7R

£ ) H 57, B Kitti T NuScenes 3% B A4 B g 45 19
Car 5% 73 ]y Z2 AT 4

WFFEAE R R AR SO R AEA R R B i
SR AR R e E . LS CECE I 4 0. 2~0.9)
HORT LA M Y AR R R s m 5T, 4
BRI AR I PR RE 22 B0 A K. RO 7E Kiwi_[0, 10).
Kitti_[10, 20). NuScenes_[0, 10). NuScenes_[10, 20)
EER B AT, SiamMo A9 BR i PE 8 328 378 i



$31%5 /28 /2026 F£2 A

B, WBHH, BWIBA, EYR, KE
PUZE ) A Hol B 28 4 W 4% = 4 B AR ERBR

NuScenes_[20, 30)

NuScenes_[30, 40) NuScenes_[10, 20)
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NuScenes_[50,) Kitti_[50,)
Kitti_[0, 10) Kitti_[40, 50)
Kitti_[10, 20) Kitti_[30, 40)

Kitti_[20, 30)
@ BAT @» PTTR ¢ M?-Track @® SiamMo

BSOS Hi oh fr) 5 ek

Fig. 5 Robustness to sparsity

T O3A 3R ik . X 3R SiamMo 7E % £ 5 =
Yy TR s M BRI ER () Rl FERR B A st
WAR RS BLUERA M ERER o F TR T AHEBIT Y #b
{5 B, SiamMo 7£ #5137 5t e M2-Track B A T 1L
P, HETFAREVCRCR 7% BAT A PTTR AH L, Sia-
mMo 7E NuScenes_[ 0, 10) 1 5 H () V£ GE 70 51l $2 &5
28.9% F119. 0%, S48 BEE 8% T 50, PR RE 22 BE
B /N A0 SiamMo SR 2L FHAXT Fe ik . X
Bt TR RIEARUEAR T HEA T 8 = 3 A 1
S WU T R I MERE
2.3.4 XM EENESLY

TEE Z 2 AL T BN TR A 7E
Yo = SR B S s BRI T IR, A T
HE—25 53 B SiamMo X} 2 N T HL 4 & Fe A SO
Tk 144 AR JE BIAEE TR T8, LLTAS
PR R SR AE Kitti A7 A5 A PERE , 8 2 Success
YER TP FE bR . A& 6 7R BR T SiamMo , AR 25
A PEREYY B TR, X R SiamMo X T4 H
HEME, T SiamMo 78 &2 22 32355 vh v Y
A
2.3.5 HERREEE K

TERSRL PR REPEAL v AR S S s 1Tl 2
iy e R AR AN S PR () S S AR o BB S B0
A E i R R Y LT Tk R T T A
[ S8 MR AT T gt . R4 AT
F i, SiamMo {V A 0. 82 GFLOPs it E 4% . 1E
SRR T, BSR SiamMo FU S 80K 14. 6 M, 7E fT
A% R IR AR SR/ AR S A s AT U AR
BIRERE  BTE AR IR SRRy T R B
., FBE P2B(Qi %5, 2020) 7k , AR SCIE % T Kitti

70 ——
[] Base (6 088) — —

[[] Distractors (2 252) | —— —

60

Success/%

BAT PTTR  M2>Track CXTrack SiamMo
K6 X4y &t

Fig. 6 Robustness to distractors

B LIRS MW ) - 338 AT ], DAOF
AR SO BB RCE . SiamMo 35 E] T 108 /s,
£ AETE B NVIDIA 4090 GPU | 3E47 1 2= TAL B
4.2 ms MM ZERTEAERE R S. 0 ms. FEAH ] BB {435
BN, SiamMo Y1z 17 3 B 2 2 A 1Y B Sk Oy ik
MBPTrack (Xu %5 ,2023b) [ 1. 51
2.4 HERSCIE
2.4, 1 ZEA BRI RS g

ARSCHFE T 22 2R A R . IR 5 PR,
D R 3 E R e L A N = v o8 (T - W
FEWIASTE S A AR R FRAE SR )5 (5 2 S0 A
[F) 1) s i gt B2 A2 422 I AR ARAAIE o X o B B A A4 e
Z X EPME B ARG 5 2R T S A F A A
PEREZEIE . A TiF— 2 WA LML R T
ST OB ARk LR BB A R . W TR
S, 5RO A AR L, 2R AR AR BT TR A A
RIS HL
2.4.2  STFABIHAY I Rl 5256

2 RUEEFAIEAE H R ERAT: 55 bt T HEsf il 42 B
PRFRAE P A e E B A REEE L. TR

x4 HWEHW
Table 4 Efficiency analysis
% FGFDVE
ik MR sgmm BRI

P2B 85 1.34 433
BAT 94 1.48 2.81
V2B 57 1.32 5.54
CXTrack 48 183 4.63
MBPTrack 74 7.4 2.88
SiamMo (A< 30) 108 14.6 0.82
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x5 FEEMBERSIR

Table 5 Ablation study of Siamese architecture

1%
Jery Car Pedestrian Van Cyclist
Mg 72.5/843  61.8/88.1 61.7/748 72.1/93.6
Wi 76.0/87.8 67.5/93.1 67.2/79.7 75.1/94.2
a5 763/88.1  68.6/939 67.9/80.5 78.5/94.8

RIS 43 387 Success il Precision $8¥5 o

STFA 2 RUER AR, 2T 44 HA AN HER
BB N 6 T m o S1.S2.S3 435Il & m
{1,2, 4 Y FRIEAL K 19 2 R BETV FRAE ] . i 58
BRI, A S3 kO A B de ik ik, Uk
HbBR T ORI, S5 A WA RUEE I RRAE [ gy e it
— BRI . ERG A 3 RE R FEE
Je A N B T R AN R A R R . R,
A A BN
2.4.3 BFERII RS

ARSCHEGE T BFE AL A R0, g 7 F13% 8 Jir
No T RITEYIRTEZ S B b KO MRFEAE 58
it BFE 7€ NI 9 4 ) R ER R R T 33X — S 30 i
X T4 FH BFE (9 5250, 1542 N iz gl RRAIE o [l )5 A %
H#¥rizsh. 7E Kitti f1 NuScenes 2045 4E |, JF JH BFE

&6 STFAEIHREYHRESIIE
Table 6 Ablation study of STFA module
1%

S1 82 S3 Car

Pedestrian Van Cyclist

- - 741/855 66.6/90.8 67.7/80.8 73.8/94.0
- VY 755/875 67.1/920 67.5/77.5 74.2/93.7
Vo o— V7427876 67.5/92.8 64.2/77.3 74.5/94.4
Vv oV 7637881 68.6/93.9 67.9/80.5 78.5/948

i |

TE /BT 43 3275 Success Hl Precision #47 .“V " 37 R
“URARAKH

%7 BFEEHIE Kitti SR ERHERIR
Table 7 Ablation study of BFE module on Kitti dataset

1%

BFE Car Van Car
- 73.4784.5 64.4/75.2 62.9/70.2
N 76.3/88.1 67.9/80.5 65.0/72.2

T /G W FE7R Success Fl Precision F8 47 o “\/”%ﬁ%ﬁﬁ s
“URINARKH

B R AR BT A W PE IR I A0 2R B0 20 TR 8 A
BFE By 45 50 | BFE RE 8 4 %5035 Bh IR 5 2%
AR e H R

#& 8 BFE &3 7t NuScenes {5 & H ;8 BhSL 16

Table 8 Ablation study of BFE module on

NuScenes dataset

1%
BFE Truck Trailer Bus
- 66.7/67.3 71.7167.7 61.9/57.9
N 68.2/68.8 74.2/70.6 65.6/62.1
T /BTG 43 3275 Success Hl Precision #5475 .V #R R,
“RTRRF
3 & i

AR — R AT 2 T 2R A I 25 1 LAAs B
HC B R R T vk SiamMo. 1% J7 ¥ 30 1o & 11
AR B IR BRI AR , SCI T AR AR AR S HURNZ Bl A
HART BT T SRR IE R A (STFA) B, TRk
HETE Z2 A RUEE L5 AH AR IT YRR A, DT A R AT 42
BHE R . SO, BT T i FOHE BT AE B
(BFE) B, R F B0 09 B Ar il FEHE S 505 B R 4T
A KRS E W, StamMo = 2 HLAR T 7E
Kitti , NuScenes A1 WOD i 3 4~ H A7 #k i 1 () F5 v )
TR T A SR L R B AT A 108 /s
1M 5., SiamMo 7E AL BEAR B i = FIAEAE T 9 7 55
F R B T A S . A BT SR e
3D HH bR B ER A ST SR M i (Y L, B AR
PAZEA I8 SO R P IR A R R -
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