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Deep learning for LiDAR point cloud processing: a survey
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Abstract: LiDAR, as a high-precision 3D sensing technology, has become a cornerstone in a wide array of intelligent sys-
tems such as autonomous vehicles, robotics, and augmented reality. Compared to traditional RGB or RGB-D sensors,
LiDAR offers superior performance in long-range depth estimation, illumination invariance, and structural scene under-
standing, particularly under challenging environmental conditions. With the surge in Al-driven perception, the intelligent
processing of LiIDAR point clouds has rapidly emerged as a key research frontier. This paper provides a systematic survey
of recent developments in LiDAR-based perception technologies, focusing on four representative tasks: 3D object detec-
tion, LiDAR localization, human motion capture, and language-guided spatial reasoning. In the domain of 3D object detec-
tion, deep learning models have evolved along three primary lines: point-based, voxel-based, and multi-view approaches.
Each presents unique trade-offs between geometric fidelity and computational efficiency. More recently, advanced architec-
tures incorporating attention mechanisms, BEV representations, and multi-sensor fusion strategies have achieved signifi-
cant improvements in accuracy and robustness. Label-efficient learning paradigms, such as semi-supervised, self-

supervised, and domain adaptive learning, have also gained traction to mitigate the high cost of annotated 3D data. LiDAR-
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based localization has progressed in both absolute and relative positioning tasks. Absolute localization methods rely on map-
based retrieval or direct pose regression using neural networks, often enhanced by feature descriptors or transformer archi-
tectures. Relative localization, or LIDAR odometry, estimates frame-to-frame 13456motion and is fundamental to LiDAR
SLAM systems. Research has expanded into geometry-aware learning, differentiable pose estimation, and multi-temporal
consistency. Domestic studies have demonstrated strong progress in real-time, lightweight localization solutions. through
efficient model design and self-supervised learning frameworks, especially for edge deployment. Human motion capture
using LiDAR addresses the challenge of estimating dynamic human poses in sparse, noisy point clouds. The field has
evolved from single-frame pose regression to more advanced spatiotemporal modeling techniques that integrate SMPL body
priors, inverse kinematics solvers, and transformer-based temporal encoders. Multi-modal fusion with IMU and vision sen-
sors has further enhanced robustness in occluded or long-range scenes. The construction of large-scale datasets and task-
specific benchmarks has greatly supported research and practical applications in surveillance, animation, and sports ana-
lytics. Language-driven LiDAR reasoning represents a novel and rapidly developing task that combines natural language
understanding with spatial localization. Models are designed to infer 3D positions or regions in a point cloud scene based on
descriptive language inputs. Pioneering frameworks like Text2Pos and Text2Loc adopt contrastive learning or coarse-to-fine
alignment strategies, while newer approaches integrate scene graphs, multi-modal transformers, or large language models
to enhance semantic comprehension. This direction supports applications in human-robot interaction, navigation, and
open-world instruction following. The algorithms, datasets, and evaluation metrics mentioned in this paper have been sum-
marized athttps://github. com/aosheng1996/DI4LiDAR. Comparative analysis of international and domestic research
reveals complementary emphases: international efforts are characterized by systematic theoretical modeling, dataset con-
struction, and general-purpose frameworks, while domestic work emphasizes computational efficiency, real-world deploy-
ment, and task-specific performance. Notably, Chinese research has made significant strides in lightweight model design,
regression-based localization, and motion capture under sparse LIDAR input. Looking forward, the future of intelligent
LiDAR processing lies in three major trajectories: (1) algorithmic fusion, involving unified representation spaces across
point clouds, images, and language, enabling cross-modal semantic reasoning; (2) task expansion, pushing LiDAR per-
ception beyond detection and mapping toward richer interaction, behavior understanding, and cognitive reasoning; and
(3) system optimization, balancing accuracy, generalization, and efficiency for deployment in real-time, resource-
constrained environments. Research in neural architecture search, unsupervised pretraining, and end-to-end multi-task
learning will be instrumental in meeting these goals. In conclusion, LiDAR intelligent processing is rapidly evolving into a
comprehensive and interdisciplinary research field, integrating geometric computation, deep learning, and cross-modal
cognition. With ongoing advancements in algorithms, data, and hardware systems, LiDAR will continue to be central to
building safe, interpretable, and generalizable 3D intelligent perception systems.

Key words: LiDAR; 3D object detection; LiDAR localization; human motion capture; language-driven LiDAR reasoning
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Fig. 1 A taxonomy of intelligent processing techniques for LIDAR
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Fig. 4 Long-range LiDAR-based human motion capture shows

inferior performance
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Table 1 A summary of existing datasets for 3D object detection, LiDAR-based localization, LiDAR-based human motion

capture, and LiDAR-based language reasoning
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6] 40 2 — Bony B 45 2R o Tarvainen 5§ A
(2017) 4 H 1Y P 2 ZONHE B8 S22 28 T7 1k 1 28 iy
2, T8 3 7 AR AR R R A T B SR IS R 48 4K
# &1 °F- ¥ (exponential moving average , EMA ) 5B #7 #{
WL, ) T S 4EH
PRASINAE S5 o Singh 45 A (2018) 7t Skl b5 AR
JERASVEL R, i — 2L 3R T T RIS 22 KU H AR Y
KA E T . o —J R PR TrE O AR 2
I FH AR by A 3 B A il b 2, kT 4
AN ISR, EPR B AAERIE TAE I Wang 55
A (2021) 5] AAZIF [t (intersection over union, loU ) Fifl
AL, 3680 3 7 2 e A 1 A bR 2 A ek IR i
T, 7 KITTE A AU T 1% AR i 20 19 1 B
T, SRR AR IR BE A I . [N
WFFE 7 1 , Wang %5 A (2025) [A#REG] A ToU 24 Eh1 25
b PR AR EAE R T, B8 T I ZRAR e M . Liu S A
(2021) 5 H 225 51| Focal $iit 56 25 1R A% Gt ) 28 SLA 46
R ARG T OIS B AT 1 2 30 AN - i )
R eI R A I RCR 5z ke ) .

3) JC B A 77 %

Jo B B AR I JC T AT A N AR T8 | i
B WO 2R 20 i FURRAE , T8 T B 22 T kG
AT 55 o B By b f IF B T AF 42 45 Sanghi 55 A
(2020) 2K FBAR B B RAL TS 27 > il = 1 0 MR
7N, BN GRAB A IE A% B AT 55 ), & 4R T 1%
/NEARIRINEE T3 Afham 55 A (2022) 5] A SRS
Xf e 2] R EUR S S Z ) i SCORHR T A
B I, R RTE 2 B 4R BRI R 4P
ZALTERE. Gadelha 55 A (2020) i it % 43 i 5 I 44
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HEE SREASKE, F) FH RS L 27 2T HE B2 48 JOA SURHE .
PointContrast ( Xie 5%, 2020) /£ 4 R A TAE %
X o 2] 5 A 55 AR G T TR AR TE R b
o) BRI YRR BN R ST ST Y R
Huang 55 A (2021) S 451 40 50 R £ 4 %, 1) T 22 40
AN 22 2 DR IR 58 6] LG 2% 2] 1) 24 s Henzler 55
N (2021) 32 HRE A 22 SRS I 19 2%, sd it PR 5
o ) A AR O X 5, S BB 37 5 T R O AR TEAG I
Chen 55 A (2024) 4/ H — P 5 T i Frc /) — 3 1) 4 5%
SR, ) v AR R O AR 2 8 RO A5 50 5 Al A
P EAT JLAT 40, ot B AR b 4 BT 48 T el A
IMVERE . [ N TETC B 7 I RO BRI 1 o
J& , Wu 58 A (2024) #2 i 9 CPD (common-sense
prototype-based detection ) F| F & (R A 5 12 81 So 56
SEEEJC W BRI, 7 KITTI AT WOD (waymo open) %%
Ptk i el EERE . (HAECE S (NS A1T %
) RIS D, G IR 2 A7 fik 25 i I, o ke 5 o
M A S BB R A LAt — 2 S TS RZ AL BE /) o
2.1.4 R

LA R 2P TR FEAIT R R TEGE
R, IFEEE UATHTTE R , v A5 LT 4518

1) T 52 1 5 25 BE A 52 IR AL v AR A DK 2
BZRT A s SR R, it AR
Fe R MELATH R SEIPREOR . AL Z T BT
FAE ZAA B 70 B TR SR R
M5 .

2) ZRSEG TR R A R B B
CRATERETE AR A TR RS T R . YRR &
JBE 1 B TR0 P R DR 10 B T — S
] FAE B Transformer 4444 VR FE | H 385 1 filt-5 5 ]
PR B

3) R e I kAT D AR T B O A TR
T, BIVAT IR 3422 3 4 W B SR R A PR RE . SR, Itk
PO AR o AR s B9 2 b iz ke 5
ErHs BE AT A e e — 242 T
2.2 BXBEEEN

AR e 9045 2 A A 5 =0 A s 45 R P o
POG R 3K R 57 1) RIUE 5 TS5 PSS  AHDR S 0 5 248
X REAL o AHXE AL 5 TR N E RN 1a 007 2 i A, i it
I3 R R GE 10 3% 2242 5 (Bresson 55, 2017) . 524
B2, A% e LR AE A e e m B R 00T, B
TE R GUAEE S AR R & P i 42 R A 28 (Lu 25, 2014) ¢

MARGALL ST A AR, SO E A7 % S 67 Ak
T I, da x5 o 5t A b B L X P AR G
REJIAHEANFE , SRl 1T B N R
2.2.1  HEXHEOGTR IR E AN

246 Xo O TR A A 6 1) H AT S A FLIT O R A
0 A TR AR AR R AR R AT 6 [
JE 0 4 AR S AR R =GR ), R RSy
(IRTR] %28 7 T Dhtk— 24 R 3 F 43 2800 7 ik
LT [0 19 71k T R s

D)3 2R 5

FF o 297 B (Uy 55,2018 ; Ao 55, 2021 5 Xia
85,2023) 38 5 LR R ol o B U T S B, f e
A2 17 RS A B TR R P A, X 8T Tk i S R b
BTG Ry B Ry B ol R A 2H A ) B 2, M —
P B3 535 R o SR EERY B, 3 i $ S A 4 4
B B RRIE AR T, IR AR TR b A B e T A T
AEARUIE DT, 5 21 dre A% B 1 7 o o, AT 2 3R
B4 JR v 45 (Ao 55,2022 Luo 25, 2023) . S X
T 7 v A S R 8 H Ak P 85 v 2R B0 R A, (EH S 7
JiE 52 BR T H5 05 122 1) i ot b B, L 7E R R ER B v
T 5 A AT ORI PR (A0 55 ,2023) .

2) T A Ik

LT [\ 5 1 97 7 (Kendall 25, 2015 ) 4 2 {37 [7) 5
A 8 Ay 3 6 1) PR RS AT [P 0, X2 ikl i 2 2T A
IR iy A B 2 BB AR O T L] SR Y T 2 ik
5, 7 B R AL IRED AT B4 A HARE . X
oo 1) ot P19 2% > S AR 8 T8 RLR0R , i ik A
T EEULH R G BB Nz B & )2
KES

15 5 PR 55 v, 4 % 437 % 5] (absolute pose
regression , APR) VE AR 19 0] 5 77 2, HOE IR
Z AT LA E U SE IR TAE 15200 (Wang 55,2023
Goswami 2% ,2025) . PoseNet (Kendall 25 ,2015) B X
TE B T FH B B 8 I 245 42 DA AR RS AR AL, 2
BT AT, SO T S AR AR e T T SRt T
a7 o R PSR 3 A 4 57 % LU T TR R A T
FE T, I TAE PosePN(Yu 25 ,2022) 815
P T i 5 R e R R g AR A S O
W, X — BT b M Pl T RS A2 AL R ) Mg
M. STCLoe (Yu 2 ,2023a) K5I AT B 25 2
H AR T DN BRI AR 5] ) 5 B A 1 EE AL AR L i
07 ¥k I T 2 I WL A B 22 5 R ), A R
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Table 2 A comprehensive performance analysis of various 3D object detection methods across different datasets

\4
‘ & % y KITTI Car nuScenes V:}}s:l(;
el Jrik A BATH ] (ms) (
& O, .. (mAP/
s 7o 13E TP TR ME L1/12
(455 13 TR ) NDS) ( )
85.94/75.76 /
68.32
PointRCNN(Shi %,2019) LiDAR 100 88.33/79.47/ - -
Point-GNN(Shi%#,2020) LiDAR 640 77.29 - -
RS VoxelNet(Zhou%,2018) LiDAR 220 77.47/65.11/ - -
SECOND(Yan%%,2018) LiDAR 50 57.73 - -
LaserNet(Meyer45,2019) LiDAR 30 83.13/73.66/ - 52.11/-
66.20
MV3D(Chen % ,2017 .
D( '“f“f% ) 71.09/62.35/ 702/
BEVFusion(Liu%#,2022) . -
. o . Fusion 240 55.12 72.9
Pothalntlng( Vora 4§, X -
Fusion - - 46.4 /
. 2020) . -
EAE . . . Fusion - 82.11771.70/ 58.1
FusionPainting( Xu %, . -
2021) Fusion - 67.08 66.5/ 67411
. ) . Fusion 542 - 70.7 \
PointAugmenting(Wang 55, _ 66.8 / 62.70
2021) 11.0
84.20/67.90/
CPD++ (Wu%5,2024) LIDAR 100 62.53 _ _
.. . SDFLabel (Ding%,2020) ‘
R 2 & Pseudo-LiDAR (Liu % Camera - - - -
% et Camera - 5453/3405/ - -
Camera - 28.25 - -

3DOP (Chen %, 2015)

T L P SRR 25 2607 i p A S R LSS 2R, - R B R AR A

FHAE T Wit R 1Yz Bl St |, 158 a2 — B
BT ) e SCPE R, SZ A AR R R Y
NIDALoc (Yu 55 ,2023b) & 81 1 [E N W 5% 7 15 24 B
il 07 T ) B AE . 25 AR R b 2 A
JHE K T i) 200 LR T A 24 L P D RE ML AR L A A T —
HHAEY) & PR B E IHEZE . DiffLoc (Li 5% ,2024)
BHT M A BB A 22 AT 55, i 2o 24X
{18 2 ot R DA BRI A) s 1 18 67 225 28 20 L JOR B 1) o7
AT,

7 5t A2 HR Bl T (scene coordinate regression ,
SCRME R 3 —Fh HE ZE A FOR B2k, il i 5] A b ]2
IR EAENE EARCR Z [ UG T B4 F-#5 . SCRJT
VE B ST R 22 R 26 T A S s R R SR AR
AL 2 NS I AR B, £ S AR Y 3D-3D XL OC R
IR J T Ao MR A 7 R i Bk I BE ML AR AR — L
(random sample consensus, RANSAC) 115 fix 2 1) 6-

DoF (degrees of freedom )3 &, X Fh BT B (1) 75 15 R
I TR 7 M A5 RSB, SR T 48 )L
(D RENE IR

DSAC (differentiable sample consensus ) 2% TAF
(Eric 5§ ,2021,2023) 7E SCR & Jié h B A HLAE L 2%
SCLE UK T3 A BEALAEAS — Bt Sk 5 AT
HENAT S HSL T— D580 2 2]+ Ak i 3 iy
IZRHESL . IZHEDR FRVPR Bl 1 RANSAC LB I 1]
LR A5 P 28 B 7 ) TS & 6 Al A RRIE R
N o X — RN JR LTS B E T ARG, HESh T SCR
J7 iR B KR o AR, Transformer 2244 (Ashish
4F,2017) 7€ SCR Y B — 22 $ T TR
AWFFE TAE(Wang 45 ,2024) 5| A T 43 29011 54k
by 5 A S , 2545 Transformer #Y H ¥ 2 11
il A AR T S B R RS B LR G 2R, 1
T XY s S PR RE ) . X RN TIEAEAR R
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ML S SR ERSE I R B (0, R R A HAT R 454
FARBII LT AR AE PR S

I P 7 3 5% A A [l 51 () A BORS: T 4 = ok
JE P T — RIVHA R ORI E R L . SGLoe(Li
85, 2023) VR R T BIPE AR, Lk TR o R 37 5
JUfT gt i , $1 1 T 22 )2 A8 R ik 2 BIL A ALy
SRRSO T R SE PR T X eR A 3a U

2R, LightLoc (Li %5, 2025 )i 1o 4% 0 % 1 58 4
DRR) 285 2L 11 R 255 ) [ U SR s, R B AT T TSR
M S ARGt B 6 & 25 T 5.
RALoc(Yang %5, 2025) £ X6 & i il 111X — K W Bk %
P T LTI TR %y A Ay
AR Ak, 51T e BHL , A 58 e e 5 A8 1 RPAiE
2 ) R T SRR ) B 8

#3 Oxford HIFEE LM TEHTEHIRE (m) SHEFEIRE(°)

Table 3 Average translation error(m) and rotation error(°) on the Oxford dataset

Bl DiRES 15-13-06-37 17-13-26-39  17-14-03-00 = 18-14-14-42  Average [m/°]

PointLoc(Wang % ,2022) 12.42/2.26 13.14/2.50 12.91/1.92 11.31/1.98 12.45/2.17
NIDALoc(Yu%,2023h) 5.45/1.40 7.63/1.56 6.68/1.26 4.80/1.18 6.14/1.35

AR HypLiLoc(Wang %5 ,2023) 6.88/1.09 6.79/1.29 5.82/0.97 3.45/0.84 5.74/1.05
DiffLoc(Li %, 2024) 3.57/0.88 3.65/0.68 4.03/0.70 2.86/0.60 3.53/0.72
SGLoc(Li%:,2023) 3.01/1.91 4.07/2.07 3.37/1.89 2.12/1.66 3.14/1.88

SCR LightLoc(Li%,2025) 2.33/1.21 3.19/1.34 3.11/1.24 2.05/1.20 2.67/1.25
RALoc(Yang4§,2025) 3.19/4.10 3.87/3.96 3.32/3.87 2.59/3.71 3.24/3.91

E MR RS 2 2RI P A SR A A

2.2.2 MIMEOCHE IR EN

ARRT O 38 2 A7, BIEOL 8 BRI (lidar
odometry, LO) , L 1E FAH 11 A0 28 P i 6 75 s 4
Z IR AHX iz Bl A8 4 . AR TRl i o A7 5 2 (simul -
taneous localization and mapping, SLAM) & 4t 1) #Z i[>
H1F,LOTE B 305 B sl de NS5 G 2 A B2
N E o AR I ot 72 o B 15 5 1R IR, LO
AT 43 AT Wa B 2 2 RN W B 2 2] R A
A5 HAHFIE 5

DA B 2 7 ik

B 2 ) S AU TR W 0 2 LB AR 4,
ok g 31 3 14 77 2% 2T D 2= Bt B AR 6 2 280
Wb pR R, B PR B B AR R P TAE DeepPCO (Wang
45,2019 FE3X — 0 Ml 1 B TTER B2 AR TR T
P28 28 A5, 5 0l] BRI A 2 vh o ) 25 ] 45 4
RN BTN v 2 2] I ] — 0Pk o 33X R oL 244
I AR T AN 0 S (AR RS 3 i Sk AR AL
TR AR WAE AR = TORS R ) R TR TR S A
KIEsE A2 51 . LodoNet (Zheng %5, 2020) M|
R T AFMHE AR, B R L 51A 2D
SR RN 55 DE CAIL TR K i 22 14 PR Tk D i S
HEUE I B0 R A B A B b . %O B S AE 2D

P52 a3 (R R I AR S 1Y G BE A T ST XTI R L AR
WX B DT P FE S 171 3D 25 8] 3 o J U] — Sk 2 i
AR AL 2 AN T XRNE G ka6 TIHRE ST
R~ ] A8 1 AL GEILAT AU AL BOR BE DL, 5L B T
HANASE Ay ARG T

Bl NTESOL Tk AR5 T W90 T A R 2R
BT AW ST LO Tk, BT T RN EE R .
LO-Net(Li %, 2019) V5 UL B AT 52 0 Iy AR
HENL TR B 2 B RSO0 A B 22 I 2%
AT S B G (37 22 ik 3 A9 2 A 5 50 . PWCLO-Net
(pyramid, warping, and cost volume lidar odometry
network ) (Wang 55 , 2021 ) 5% FH 43 )2 ik A &5 14 A 45
ALE A, ST HE 3D i = Hh B A 4 3z B0t 5 .
Efficientl.O (Wang 45 , 2022 ) 7£ {45 = K5 B (14 [m] st 376
BTSSR ESR Sl A R s Sl A AT R R,
AR T IFARY . TransLO (Liu %, 2023) 81157 1
oK 1 HEAS 45 Transformer 24 5] A LOE S5 o 1%
Jrikidid A TEE I PLE A SRS TR LT BT S
AR R, 32 Th 1 122 A 8l S R v i) B e
. PWDLO (probability-weighted diffusion lidar
odometry) (Lu%E,2025) Fil DIffL.O( Huang &5 2025) i
BT [ A A AR RS P T BRI AR AR T 1 Y B ik
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J'& . PWDLO#RE T 44 S B 4 BLRR T v (%) 1
FH 3 5 R R 2 A 2 A4 i 3 A0 el o Al
T o DIffLO W iF — 25 4548 SCIBEN 5 4 B 78 AH 25
A il 22 RERRIE g fn 25k e e 72, k4R T
TIB BT AR

2) e A ) Ik

U W24 2 5 B s 174 g B i bEse (2
XK A 57 28 LA P AR FR ) T FE EL S e ok
BN o b T Z8 ik —BR il B9 & T i % A
W B AN T W B 2 2 v =X B T DB AR B 42 4 M
B9,

16 [ WoB/IC W 22 5 LO )5 T , [ PR o S 0
2R A H AR B . Cho 25 A (2020) (9T BIPE T
YEUERH T AT 55 22 J U — S50 2 1) T B 2 )
(AT AT o 38 2t o st Xob st AR 6 TR B S A O, 1%
T3 P AR BT s = FEAL T AL AR e T S
FEXT 55, T A Mg U e fit B R IEBE 5 . X
FEF U —BUME i J7 vk R T B 8K, (AR S A
Rh 55 2 212 AR R T3 . Nubert % A (2021)
HE—2HENE T A B R ST RS R T — AN
PN ZRAESE , 255 T BP0 25— S0tk F 1 214 1
(AR SR o 12 7 ok 3 ) A B P B P 2 R, 4
5 132 B AL T A U A — ok R R R
RZBIBAT T BRIV . MBS — 5 n 2 IXHE
LSRR () 55, 25 G i A5 PR AR | N Je SRR 9%
P T RIS ML R G

2.2.3 mgk
ZEAARTNE ML IVEREXT L, T H LT
255

DIEL XN TR RN T EZR TR
FEAE I B BCARLEE |, 7 5L T 005 0 7 v e o A
b Yl M 2 (RS T e 1 A .

2) FEFXT 22 T, oW B W 2 2 e s
RS TN TR TR B A, 2 Sl A G H R
T4 L) F Ty )

3) A IR AEN S KA S R B A B A
()RR e rh , HORS B 5 Al AR MR TR 2% 5
2.3 BABIENEFHE
2.3.1 FETJUTEIE A Tk

LiDAR A slidifi 4 AR LA 32 242 v e ) BRI
B A, B ) ARSI 5 DG B A I, T ik 2K
WAL G LA R AR B2 B B 2R B AR e, 1 A 724

8B I AW ) S A — Bt o Furst 5 A
(2021) # 4 ) HPERL (human pose estimation using
rgh and lidar) 3 %t 38 i fill 5 RGB K18 5 LiDAR £
=, E A S B b S TR S 4R S A T
BZRGL G ZHEMA R T Aol
ARAG I R 2, hy i SRl G O s f it 1 B S 4%
5 TR o SR, 2875 12 R BT B i 2
I3 BT X 5 AR 5 v B i S R A L PR Y
AT A o B BORE I, [ A RIS i ) 3 2
GEA 2 A [ I B AL JE . LiDARCap (lidar-based
motion capture ) (Li 5,2022) W Z&8% T AR AR T
5 RGB fi A B PR, S 1 3 T — oL TR IR IS
A TCARIC AR LA T % R GRS = RIS A
Fr S ORI LA A5 B, 05 0002 Bl SR i 4% 5 52 %
Z N 2k P #52 AY (skinned multi-person linear model,
SMPL) , 7EIE 25 GRT 15K ) Flss B i M58 T 17518
g fo e i = e, HJR 28 T./F LIiDARCapV2
(Zhang 55,2024) #t—~ 5| T N-W158 A am i
P NP4 b [ S W RGO 3R T T S E R R Y
ZEABMTHERRE
2.3.2 HET S EUEAY 5 ik

A5 X P 3 2 1 N 8l S BT SR A S T,
FEIFIR T AT I AR, U HE 25 Wil i A AR 5l 1
WAL S5 —BobE o MR T ¥R AR B Trans-
former | I 35 45 R M 4 S5 B RUARE 2N, 7042 TH 22854k
R EE (Y R B, 3 58 T R GE X 52 223 5 R AR 11
HRLRE

LPFormer(Ye %5 ,2024) {035 T I 25 J7 91 (451
AR SE N o %07 vk o T BAR B R
e — B B N i FAE ARG I 2 22 RUBE 5 25 AR
PRI, 7258 B Be 51 A Transformer 45 4 %] SC 4 &
AR T A 0 i 22 55 TR I R IR O A
2055 BT RITTI 78 R4 23 (8] 25 M s 14 ) e, A7
RAETE T LRSI SR, 75— URMI ik
LiveHPS(Ren 45,2024 ) DIl 5 T 44 G A2t 69 1 25 L
el AL o 1207 D A TS AL 4 35S 2 ot ) o3
A AL AL, 55 ST R LT 200 5 S AR AE , A 3L
i TP S MRS T AR RS THR S . A
JE BERRAR LiveHPS++(Ren 45 ,2025) 1, g — 25 A
T B BIR A A R R AR T X T R A
SRR, i AR Zh A 5 AR BT TP RN B A B A
JESEETME . 207 A R R SN, e

11
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BRORG 2 5 S e, i) i B I B 3R R 3 G T 5 58
N o V51 3 il A A i ] — B 2 B
B RS SRR e T, R T Ry
VETE S A LA IRER TP A PERE IR ST, Sy S B s ik A1
FEIR B AR E R A 1 ] SRR JER

It 4h , LIP (lidar-inertial perceiving) (Ren %,
2022 ) i o O 7R I8 5 5 I 5 BT (Inertial Mea-
surement Unit, IMU) BYFL5, SE3E T 76T GPSIME T
(3 SEIE S AL , % AN AT VI ZREE 0 4 A
THORICRR o 07k i 3 i g it ) — Btk 2y
R RS S AR e R T R
TS AS LA IR R DAY MERB IR ST, S R ey BT
(ISTSNIPNE NG § 57 IR €5 e 2
2.3.3 BT ZHUSRIG T

PSRN Y, LIDAR 58 = A4 32 2+ i b
PELL R 2 HARTH055 AR 2 0, SRS i = XL
R RE RSV EIE TR o B T AR BB
GO Z 35 | AN Z RS AE B 518 R AL, B
PETE RGN RE ) S B R

SLOPER4D (scene-level outdoor pose estimation
and reconstruction in 4d) (Dai % ,2023) #& H T —Fh
555 WA = 43 5 B8 5 ARGz 3 AR 1) 4 JR)
AD BT o VZNE SR SCHFAE ST 8 37
FIANAR G PREE 2 8] ) JUART 3 b 249 5, i o A A
WE R H LR RIS IHIE T L2545
WA . IZWE TR A B R A B T i R 5k S
NSNS BN T2 AU AE 308 7 90001 R RLJE 3 5 At
B9 ZS Mo #F— 2 Ui, CIMI4D (contact-aware
imu-lidar motion capture in 4d) (Yan 55,2023 ) £f %] 2
& iz 55 A -Y) i S8 LA 3 Hh 455 Wy PR A 2
WRZESARTHOUA L . 205 5 B RS Wy A )
PR DX, 308 3 0y P — MO A B (7S 0
MRS SR R BN AT & Bt S 22 24
O TER S SRS B LB iR e 1k

HSC4D (human-centered 4d scene capture) (Dai
45 2022) 5 HiSC4D (hierarchical human-centered 4d
scene capture) (Dai A5 2024) A B SCER T IMU 5
LiDAR (9 P[] A5 . IMLU 82 11 ) 7 o sk o 5 3
JEAE B A RLRAN T LiDAR 5 2 P il 2 4 1 Bl Y
Bl sk ot 2R EE PRI, R GERBEAE
WP E B P ST AR E RS [
Nf I 25 B AR 7 1B A kg R AR 22, SR R AL

WA 5t 0 4D AR o0 AR IR . RELITLD (rgb-
enhanced lidar inertial 11d)(Yan 5% ,2024) #t— 4
T BSRAS — B A O A O A S
LN S5 W = 4R S 808 2 4 Bt 9151
MG ) AREE R 55 2 S B 5 A A I e B
T DA = 4 A 0 BT i o FusionPose (Cong
45,2023 [ [a] KHAL T 5t bR e, 4840 1T —1>
S9WTE Rl A AESE . %O A TR OE K]
Q-1 = FHAIE il A B S B A 38 AT 55, R
P — M 29 5 2D 8% W 2 J075 3D R iRy
THOL T L T BN NEESA . ImmFusion
(Chen &5, 2023) W) & YK 22K B 7 ik 51 ARG AE
RS 3 e F Transformer A9 8 SRR Al & S5 S
25, A BURYE TR 55 WL i dR 1k
() RL, Sy 4 R A M S VA PR S AL 1T A R B A
AR SO R ARSI, B N FI A T £
ASELA R S8 % . LIDARHuman26M (Li 5% ,
2022) 2 B N AT RS B — 4 AR T Y A R S O
TIREEAR B R 30 KL, 5 13 4 321 E 1 20
T H %3531, LiDARHuman51M (Zhang % , 2024 ) it
— BB NS5 AL 10 44 5230 19 20 Fh
SEH A LT A R S S H AR
2.3.4 M4

CERARTNE KR AR, v H DR
zld:ﬁ/t\.:

1) BUAT 7 A 20 WA Rt JLAn] [ 01 38 A 22 5 9] s
A, 0 SR T T RASIR T E S S AR TR EE

2) T ZHEMAE NI EARGER TR —N s
FEMERY O 5 N IR BRI 5 T R E it

3)BUA Ty AR P AR - B K
PR BRI 5 R, H B SRR YA Rrie Tt
2.4 HATBXEFHEE
2.4.1 FETIE ST T

Kolmet 55 A (2022) 2 ) T Text2Pos HEZE , H 1K
RGN SCT T F WS OGRS,
WEIS PR Text2Pos 1 B AR Z7E =4S = HulE
HREIE T 18 2 e ARSI i 2 M B I HESRR
LRI ENEEA T SN UM I B iR u R & SN iprin
36 X 8k, B J 76 JLART 2 TR BRA T ol B2 DR IRE , AT S5
BN I g ] N I 2o N 1A = R N TR
Text2Pos 14 & | —F W B B #2825 44 < 76 KH DT L By
B BRI TR S A S s 2 R AR 22 8] B A B
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&4 CIMHDHIEE 3D AMFERELER
Table 4 Comparisons of 3D Human Reconstruction on the CIMI4D dataset

e Ik LR AR ACCEL MPJPE PMPJPE PVE PCKO0.3
REIELE LiDARCapV2(Zhang % ,2024) LiDAR 70.72 389.97 267.76 364.26 0.50
A 3 A LiveHPS(Ren %% ,2024) LiDAR 72.57 190.86 148.00 225.65 0.59
i FusionPose (Cong % ,2023) LiDAR+RGB 68.82 32221 232.44 435.72 0.45

e ImmFusion( Chen %:,2023) LiDAR+RGB 58.54 242.20 189.92 330.09 0.53
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Z A sh A LA e T T 8RR S — 3k, 7]
AR EE TiE L2 5B T RIBE I . Text2Pos
AR S5 78 SCGEAR bR AR HE Tt BaE

F5 WOEEIRE S HEF 7% (Kolmet %5 ,2022)
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Fig. 5 LiDAR-based language reasoning methods(Kolmet et al. 52022)
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MNCL (multi-level negative contrastive learning) (Liu
A5, 2025) 4 T —Fh 2 R GUREARRS LA T HESR,
A S S BT I SRR oSBT
KRR E I AL, 207k R B SRR 3 20
DC F5e R W 7 A 0 DX Sl T 6 o BEAT 7 M P SR AR IR
P51 ATE A i A, 76 2 Rk & B Be R st Ak
SR AR DG A 1A DX s, MNCL Y 22 )2 000 FE 16
PRI KRB 1% ) I 29 SR 42 JRy 1 S — 2tk 5 Ry i L 22
S, DT A2 25 B TSR 1) 34 351

CMMLoc (cross-modal matching localization) (Xu
25 ,2025) XA BIHESSHEAT T IR AT, 45 HH LATE
TIEAEAE 200 T8 5 5 a2z Rk 8] B3R 0 A e
T HGE SO S A S A - B o NI,
CMMULoc £ 1} 7 3 T 5 LA VL it 45 56 1Y Transformer
S5H, SIS ARG g ASE o 1 M R 3RAE . AR5,
AR o T 5 SR R 57 5 ) Rl S A R — 2
SRR S A AR IERY X ROC R o XTI AE 2 RE
Gy B R I 0B A s RS BE, ST R B T SRS
S A A
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Table 5 Comparisons of existing methods on the KITTI360Pose dataset

EN A R (e<5/10/15m)

Tk Ualle S

A

k=1 k=5

k=10 k=1 k=5 k=10

NetVLAD(Arandjelovié %,2016) 0.18/0.33/0.43 0.29/0.50/0.61 0.34/0.59/0.69 0.12/0.15/0.17 0.22/0.32/0.34 0.24/0.29/0.31

PointNetVLAD (Uy 45 ,2018)
Test2Pos(Kolmet %5 ,2022)
RET(Wang %§,2023)
Text2Loc(Xia 45,2024 )

Des4Pos(Shang 55,2025 )

0.21/0.28/0.30 0.44/0.58/0.61 0.54/0.71/0.74 0.13/0.17/0.18 0.28/0.37/0.39 0.32/0.39/0.44
0.14/0.25/0.31 0.36/0.55/0.61 0.48/0.68/0.74 0.13/0.20/0.30 0.33/0.42/0.49 0.43/0.61/0.65
0.19/0.30/0.37 0.44/0.62/0.67 0.52/0.72/0.78 0.16/0.25/0.29 0.35/0.51/0.56 0.46/0.65/0.71
0.37/0.57/0.63 0.68/0.85/0.87 0.77/0.91/0.93 0.33/0.48/0.52 0.60/0.75/0.78 0.70/0.84/0.86
0.45/0.63/0.69 0.76/0.89/0.92 0.84/0.94/0.96 0.40/0.54/0.57 0.68/0.80/0.82 0.77/0.87/0.89

T L P SRR 25 2607 i P A S R LA 2R
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T A [ JRE 3 5 S A IO P S [, e 1) 2 T A
TR A BRI L R T 0] A 35
Gt 5P B AR R 2 AL D7 T TR T OR & R
TAE.

TEBOGE IR E N AU, [ B F iy a2 R
JEHAEHE T US WAL AL 1915 58 SLAM J5 125 DA K i b
JIE b PRI 0% 5 A6 0 28 B AR R T IRJE Y BRI Al
UL AER , BT 2] iy Jo b I 2 %0 o A 5 AR TN
A ERIGR, L AMATBATE A B 2% 2] s iz A L) e i
[ JF T S ) SRR AR R R R TV 2 B
A (W DSAC R TAE) . MHZ T, B NHF5E 5
EC ARG, (H VAR, JU AR AL T [ A Tt BT o
(77 1) b SR B R R ARG 0o I P AT BA AR 2 %)
RLZS A g | A 258 AL B2 e R AL AR
eIk LR T A2 B Transformer | 37 iR 7Y 45
Fe b e LA S B e IS TR PR S

B, s P RE R A A TR BE A2 i 55k
HZH

TEROE TR IR ARSI X — 72407 1w, [ P
WFFE S B BE oA S RARTR B RS R,
W RGEIRR T TY R R - -5 2 B
RN I B U 2 RAESF F 7 0], ORI T 24
35 2 28 S HAT I R USRI o [ A e
AU ARXT R, (H 5 8 2 By i 4% IR B R AU
LA SR 5 K, 7E i B B A B = T 2
flivh A R 28 B LA K B B R AR BT T
BORE T 25 R R R AT ARSI ) A 1 - 1 57 A
STERMTAR

TEF5 K I PO TR IR T 5 R AU, [ A Ak
WFFE LA T IR —Era gk . PRI R SeE T 1T
RO T AR A AR 5T S
HEFRALH] LT 7RI IR o AR U G R
A, I T T A5 A FAS AP AR - RS A S R i
AR AR B X 5, 318t T 22 PR TR R T HLE X e
2J ) FOIR S AR P Rl T 4 i R A R i
SRR BB a4 T, i TARC IR R
SR FHRINES G , Wo HATETEAR & o

gi B PIR  [E PRAETEAEHOL T AR REAL B4R
RI LR A AR 51 GUE A, SO AR S H R A BEE
SEAE IS B AT I DR 07 18] J7 T SRk 513 o T
Il PRI 5 ) A JHE el 5 i A 7 K14 % 2 1
fifp AR E TR LAY B R IO AR RO T AR AR
SCELRE T, IE B BRI 1) O ' 2 A 3
(S AR TR T 5 [ PRAT T AN G K 3L [R]

15

© h[E KR KL AR



16

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

SR A SRR RAFAR SR o AR, B B YA W TR
PR FH 7 5 O FF 223 R X b e BR UM 5 RS

FrIFAF I S FRE E— 2D O TR R REAL AR
(g GHT 5 75 L

*6 ENIIMARIREILER

Table 6 Comparison of domestic and international research progress
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