E-mail: jig@aircas.ac.cn EPEI%%H???E 1

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O EESRERFRRINTE
REENES:  NEERIRS: XEHS: 1006-8961(XXXX)XX-0001-21

#3235 A& : Zhang Ruonan, Geng Ying, Ma Kai, Zhou Aolin, Liu Libo. A survey on point cloud scene recognition: key challenges in feature repre-
sentation, multi-modal association, and system adaptation[ JJOL]. Journal of Image and Graphics, XXXX: 1-21. DOI: 10. 11834/jig. 260212. (547
i, Bk, DL, JRBRIG, XUSLYE . 8 m Wt I 4RR R IR R IR | B RES OCI M R SR IC Y SRR AR LI/OL]. b B B R DB 24 iz, XXXX : 1-
21. DOI: 10. 11834/jig. 260212.)[ DOI: 10. 11834/jig. 260212

RGN GRIR HFIERIE  SESKEKE R REE
HY < S Bk A

- - Wy » LIEN *
KAERLEEY, S, A B, o S
L THERAEL S MG IR0, TR P T 7550005 2. TR RSANRIESEHE2AEE, TR B BH 7550005 3. TEKEFELT
P2, T BRI 750021

 E: xR IR SR SO T 1], AR SCR AR T ORI = 4 4 s R R IR BN Y b SR ) e AT
5 A A BN HLEE N ARG N T T R E AR RN A ST SR 26 SR B TV 77, $RnT, Z il =
BRI TCIT 8 BN Rl as S A R B TSR, B 5 A AE B S sh 283 5 P T T = RA% 0 PR K - FRIE e k77
TEHSUE X RS CHRAAAE “ R RGAMELAATE TG RCARIX " o A SCN R GG R A, 45 )5 23 73 e fiE
ik RIS R B R GAERL =G TR, For  RRIE 3R A A48 JSURFAE IR R IR 5 B (H R 3R 35, R Gk
T 35 15 2 P 22 RRIE DG AN A TR DG S 2 BUSFHE AL G, RGUAELL Sy SRR 5 2B HE S LA N AN [ B P
Yt 854 Oxford KITTI .nuScenes S5 MLV E R AL , AR SCRE BT XT b TR T LM RE 38 F &0 KRB, 8 A
[F)H AR B AETFUNRE B RS A S R BT B T AT I AU . ), BT SO BT e BB G R AE £
BASRE Gl HCHESR BT B g — PP INR R A T7 ), O sl = S Ui 5 vR 0 R e g 5 4 k2%

K s IR IR s ZBESOCHE  BAEBUFIE ; REAERL

A survey on point cloud scene recognition: key challenges in feature representa-
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Abstract: Point cloud scene recognition has emerged as a fundamental research pillar within the domain of three-
dimensional (3D) perception. It plays an indispensable role in established autonomous systems, such as self-driving
vehicles and robotic simultaneous localization and mapping (SLAM) , while providing critical technical support for autono-

mous perception and scene understanding in increasingly complex low-altitude environments. With the rapid expansion of
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the "low-altitude economy, " representative scenarios—including unmanned aerial vehicle (UAV) logistics, urban air traf-
fic management, and precision infrastructure inspection—demand highly reliable spatial perception to ensure operational
safety and intelligent decision-making under high-speed and variable-viewpoint conditions. Recent technological leaps in
light detection and ranging (LiDAR) , red-green-blue-depth (RGB-D) cameras, and four-dimensional (4D) millimeter-
wave radar have significantly enhanced 3D data acquisition capabilities, pushing the field from traditional handcrafted geo-
metric descriptor matching toward advanced data-driven deep learning paradigms. Despite this progress, achieving robust
scene recognition in real-world dynamic environments remains an open and formidable challenge. Due to the intrinsic spar-
sity, irregularity, and uneven density of point clouds, coupled with the environmental interference inherent in low-altitude
flight (such as motion blur and varying perspective scales) , existing methods face three tightly coupled core limitations,
defined in this review as the "semantic blind zone," the "relational misunderstanding, " and the "adaptation limitation. "
Specifically, many real-valued embedding methods struggle to capture subtle geometric distinctions and latent semantic
uncertainties, leading to a "semantic blind zone" where descriptors lose discriminative power under structural ambiguity.
Furthermore, multi-modal association often falls into a "relational misunderstanding” by relying on shallow feature concat-
enation or simple alignment, which fails to exploit deep inter-modal synergies and cross-modal consistency. Finally, the
"adaptation limitation" refers to the lack of scalability across heterogeneous sensors and varied computational platforms,
particularly in resource-constrained low-altitude edge systems where the trade-off between latency and accuracy is critical.
To provide a structured and comprehensive understanding of this research landscape, this review categorizes existing litera-
ture into three major dimensions: feature representation, multi-modal association, and system framework design. Regard-
ing feature representation, we analyze point-based, voxel-based, and emerging complex-valued approaches. Point-based
methods focus on local neighborhood modeling and fine-grained aggregation, while voxel-based methods utilize sparse con-
volutional operators to balance recognition accuracy and computational efficiency. Notably, complex-valued representation
is explored as a promising path to model semantic uncertainty through amplitude-phase dual characteristics, providing a
more cautious and mathematically robust way to handle noise compared to traditional real-valued frameworks. In terms of
multi-modal association, the review distinguishes between internal feature association within point clouds (e. g. , global-
local synergy) , external input-source association (e. g. , incorporating RGB images, thermal data, or semantic priors) ,
and explicit multi-modal feature fusion. We emphasize that non-linear interaction mechanisms, such as cross-attention
transformers or interference-aware fusion modules, are essential for preserving semantic consistency across heterogeneous
data sources. From a system framework perspective, we evaluate single-modal pipelines, which prioritize compact deploy-
ment and real-time response, against multi-modal frameworks that enhance robustness through informational redundancy at
the cost of increased computational complexity. A detailed comparative analysis is conducted using representative public
datasets, including the Oxford RobotCar, KITTI, and nuScenes benchmarks. These comparisons expose the inherent trade-
offs between absolute retrieval accuracy, environmental adaptability (to weather and seasonal changes) , and deployment
feasibility. We observe that while voxel-based methods like MinkLoc3D demonstrate balanced performance across diverse
urban datasets, point-based routes like PPT-Net often offer superior fine-grained details but may suffer from performance
degradation when faced with significant density variations or occlusion. Furthermore, we introduce the evaluation of emerg-
ing low-altitude datasets such as UAVScenes and Pit30M, which highlight the specific challenges of drastic viewpoint
changes, large-scale outdoor mapping, and cross-altitude matching that traditional ground-based methods fail to address
adequately. Based on this comprehensive review, several critical research gaps and "bottlenecks" are identified : the sensi-
tivity of descriptors to dynamic objects and environmental noise, the instability of fusion gains due to modal misalignment,
and the lack of unified, standardized evaluation protocols for heterogeneous scenes. Looking forward, we propose that
future research should prioritize several strategic directions: first, developing robust representation learning through self-
supervised pre-training to reduce dependence on labeled data; second, exploring deeper and more adaptive multi-modal
collaboration mechanisms to handle sensor failure or modal dropouts; third, investigating lightweight model compression
and hardware-aware neural architecture search (NAS) for seamless integration into mobile low-altitude platforms; and
fourth, establishing more generalized frameworks capable of zero-shot transfer across diverse sensing modalities. These

advancements are particularly vital for the next generation of low-altitude applications, where safer and more intelligent
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autonomous operations depend on the continued evolution of scene recognition technologies. In conclusion, this review

aims to provide a challenge-oriented taxonomy and a strategic reference for researchers and engineers navigating the com-

plexities of 3D point cloud perception, offering insights into building more resilient and adaptable autonomous systems.

Key words: point cloud scene recognition; feature representation; multi-modal association; complex-valued features; sys-

tem framework
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Function Superposition (Li et al. , 2023)
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tion via Hilbert Transform (Zhang et al. , 2024)
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Fig. 7 Timeline of Research on Multi-Modal Association
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Fig. 8 Network Architecture of LPD-Net (Liu et al. , 2019)

1.2.2 st 2B ARG

BHEITEE R T A BUR 38 AR S AR
TS = LB LT . PIC-Net(Lu%%,2020) 5
Coral (Pan 45 ,2021) LLEIMG N £, YERE S Z A B 5%
M o MinkLoc-++ ) il A L35 25 2 F AR P FPSE &S o
FE 2B i AAL S el ik 22 45k R B0 25T
PSS DTk, DI 26 DR Rr 38 SR A MR 1) (7] Asf kit
B L — RS 2 PR B AR S SR RRAE A A R —
AR TR REE S . PRFusion(Wang 25,2024 ) %l
Xt o 5 UGS TR SCRULA IR L A 5
HAMAE T R T IR Sl R 4 SR A AR v
Bt H =R A A A B, 2 5 4 5 5 0E OCHEk
55 JRp B LA 445 DEC , AT A R T T 2 B SR
EEVE ABATY R 58 2 A DRSS S A M A R A A T X
B, AN, MFF-PR (Liu %, 2022) 5 SelFloc (Qiu %,
2024 ) EAR 1l FIRRIE Rl G 2 48 (B R BT X 8 = Tl
PE TP E A T8 Bl i, LR RO Z B

1.2.3  ZESFHEmA

A RAE LA G B TS R B S
R SA R FI0 TR MinkLoc++43-1) 2%
FHA ST 43 32 A S BUS, 25 AR A HRAE , 53 1 R AE
Pl oA Rl A SIS RS 0, BT A AL (H etk
Fl7 SR WX LA T2 BB 1] P B2 SRR

h GG Lk A BRI BR T A R 5 B CE
LRPEREAHLH . QMMNet 55 1 F LS BT
LR PR AT L S5 R an 1] 9 IR i T b
VESZER 5 2 5 RS AR AR BE 28 1., A RGN S =
T L FR B JE . SketchNet 8137 ¥ M 3% F %
FL I N G AL ) B R S N 2 4 32 S B
S /N R s 38 0 22 B S A SR AR A s I FNRRAE
e 7R S U Th U RS e M Re Y 25 .
FE AN AR T AL Pk A i T A5 e 4 Bh s
A0t D Bh S RS AR AT AR 1 24 HAZ AR RE T 1 %
BRPRZR G ZR 15 X A AR T ) RIS A A5 3] 5 A ff Dk

© h[E KR KL AR



KENE, BE, DY, B&RIE, XK
REFRIAMNGIAR: FERIE, SEEXERRRERXEDEK

. : Fp:1xD
PO[R; Cl;’Ud Point Cloud Branch Point Cloud Servant: £,
4 : Fessist Master: L
B Quantum Wave Point Cloud Point Cloud IM point cloud e
e 5 Module Feature Exploring Feature Pooling modality
. R Quantum-
o Multimodi interference-aware Final
Fusion? Multi-modal feature
Image Feature Image Feature Fusion —

Quantum Wave
k:‘ Module

RGB Image
WxHx3

Exploring

Image Branch

Feature Pooling

No,
image modality
Image Feature Servant: £;

FrilxD

519 QMMNet M4 4544 1€ (Zhang 55 , 2024 )

Fig. 9  Network Architecture
1.3 SRIRAERMERITIE

s PUIEZR BT 45 B i s RiE Rk 5 2

PR A5 IR (0 A B , MR SR SRR ) i A2 Ao

of QMMNet (Zhang et al. , 2024)

R AW FE T Rl o3 PR S HE L 5 Z RS HESE Y
25, TR E A R A S R K

PointNet++ Point Transformer Point-BERT KPPR
(CharlesZFEA) (ZhaoZEAN) YuZEA) (WiesmannZE A) LPS-Net
DGCNN PointLLM (LiuZFA)
(WangZA) PointNetGeM Point-MAE (ZhangH ) TDFANet
(WenZEA) PangEAN) Lu)
—= ¥ O—0— : ‘T T O —0 T v ® T *—>
2018 2019 E 2020 2021 E 52022 . 2023 E E 2024 E 2025 E 2026
v v : v oo v
v MinkLoc++ v Point-View V UniScene v QMMNet
vvpy  KomorowskiFRA) et Tz;:;f%l;'i;'l CLIP2Point MEFA) g1 et @hang EA)
LuoEN) (Qu¥EAN) HuangFA) (ZhangEA)
5 EELE nmmm ZIETIER
[E110 st iR B HESEAR SC 5T it 1]
Fig. 10 Timeline of Research on Scene Recognition Frameworks
1.3.1 ARIAHES 45,2022) | Point-UMAE (Pang %5 , 2022 ) 18 52 i i

FARLSHESL DL = A ME—Hi AR . PointNet-
VLAD J& R B 2% 2y 0 F SRS HE JL A B M T
R AT T o 39 i R 2 20 1) 4 R B AR A B
J . A JE 2k i U2 B Wi 1) TR BE TR SCRAE A
REE T HFE TREAM . J54E PointNet++,
DGCNN , Point Transformer 55155 13 13 )22 R fb FRAIE 27
2 BB BRI SR R LR AR 2
BRI SR S SR A Ak 7 s 3 iR A e g e 3k
fEfE S X F RS HES 4D FH A M T ol
JE R B, FERRAE A RO B2 R AT R % 1T 2
WL/EsF i A SRS R 3 R 8 5 R AE . D) TransLoc4D
HARE B I BN AD TR A s IR 1 5 s
I8, R FH 22 Wi i A SR, 7 BT HE SR T S B
GRS, SIZE T, Point-BERT (Yu

BEAE RS TC AR 2 B8 b W0l 25, 4 > 3 F 3 50k
LR U S Mg Sz ARe ) . HIITIR R T
17 , PointL.LM (Xu %% , 2024 ) ¥ 15 = i % a4 5 KB =
BRI 55, R I B S P

B T R B TRERAE AR J) A% 0 RSN S
Sy SE R ELO T THESR RO 5 R a ik .
PointNetGeM (Wen %5, 2022) % FH J L] Ak (57 46 e F
it ; LPS-Net (Liu %5 ,2024) 5| A S B Z EGHHE
52 7% ; KPPR (Wiesmann 25, 2022) 45 4 FUIl 2k 2 5
i SRERE NN SRR . IR R
AT A I B IR 32 PR b 5
1.3.2 ZHSHER

ZRSHERE SR o 5 BUR R A5 2 B

P A, HAZ O JE AR R i B AR B T S BAT
© h[E KR KL AR



10

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

M5 S RlE S5 U E o AR RS SR 1 &, AT 4] 43
S IR A S R BRSPS

Hh T SR W 7 R At i A rh SR R A
WA H . B TAE U MMEN (Li %5 ,2019) 852 T
LI G i+ FRAE A R 3 L=, 4 R B RS S
SRR ERRE R TG . R IOTE A R
B ] P IR JZ FRRAE P[], (G A5 SR A5 s a5 1) 23 X6

Ji SO 5 SR s ) 51 P 5 AR A 37 2 4 R A iR
5, AR 2 TG, 5 R AR R =
P SR ARG 0 3 5 T R B TSR A B R
MinkLoc++% F 2B fill 577 2, 20 90l 505 = k]
AR AT WA RLREAS 0 S5 SEA T IBCGR A, b e T e
fIE J2 T8 9 S F4 X5 S5 MERS . 1] QMMNet , SketchNet 1]
TE 5 0 A HE 22 51 R £ 52 JAL I (S
1.2.3), i — L am b B IR JZ 0k . J5 IRl &
T AR B T A B R AR S, B E T il R
W 5 A AR AE 11 B M

HIVEHR &, CLIP2Point B 7 1k Hb B 058 -8
KA A S 56 RIS 2 3D 45, S T T siRlIE
N HYEAEAS FR ; UniScene (Li 25,2025 ) W5 2
R AR ERRN TS X F S, B e A
AR Y R R AR . S T AR RS HESL Y
AL Gl [ A5 0 e 2508 AT S 3 H R AE
JE .

2 REGFIRFFHERSBFES
B TR YRR R U2 HL S5 R , 6

TEARRARE - gk T 12l 1) Wy B S ML -5 0L
Ao AL REAREL I ] 2 B R A g

PO R S T AR R 2 R X
S RN E T S se ] WG B s A 1
FIRTE T R SR IE R IR AR SR S R AHE LY
BT . R, AR AR B AR B o i = 5
TR [ R, 2 R AR 5 28 O VRS i R S R RR 22 =
HEFE

IR 7E &M 5 N 5, 08 s G
Al KOG R I8 4D 2 K% TR IR R 28 5 TR B (red
green blue-depth, RGB-D)MHHL =2, E 11 /mE T
B 5 AR AR AT S S s . Horh a5
JEIR T e % 20 LIDAR A9 360° 4 [a] 734 . [F 25 LiDAR
(945 FR BB TE AL 4D B 35 AR B A 2 SRR A 2
7 PA B RGB-D AL I €6 -5 55 R 1B UG 1) %o 5%
KR RIVGEX T 45 A5 IR YRR 6
BE M LTRSS Th IS RS . R 25
R, AN R B X 7 14 R 3y v e DA =2 58 4
— BB RIS o AN, 4 18] {E S B 6 A e A X
LiDAR 75 I 8 42 Ja) L[ SCAOFZ 4 , P37 £ (field of
view, FoV )32 BR 1 [f 2% LIDAR SEAK T A 5
TR, 4D F5 5 W3 75 B A A A A
Bl DAWR AN BT DX 31 R I T RGB-D B3 A 7R %
PR 3 R i SRS SR I
2.1 BeEE

WO TR R T8 L R O RO R, = H AT
Hb i = G s R R AR 8 o ARAE I HEBL
Al HE—25 0y J e = U A AR B Z H U2

ke %% 23O B 8 9 40 Velodyne VLP £ 471 41 it
360° /K437, 1z S A A, I B ATk 100
F 200K, A REE ML ALEAR TR X
[F] — b R R ELAT AR 1) — B0, TR
7 1) 4 SRy IR A AR T sk T PR A T AR

F1 AEEREIFYERSER RS IEER R L
Table 1 Physical Characteristics and Low-altitude Adaptation Strategies of Typical Sensors: A Comparative Analysis

TGRSR Wi S EEIE e A ki 1625 FF 85 Pk ik HEBGE Fit
e # i 360°4 oo NRIMETE BUNARZ EEERAA EEREURC. A SRR R
LiDAR If] o WAREEE MR Wi RFMEEAE  ARIUAE
FsLipag BAD e NEEMEE REATE MBS, FoVRRLFIME S NIER AR,
= T 120° A AR FE o THEMER SHESLB HE0 TR

4D Bk U 360°4  WRREL. M AKGELHIN GBS R MBS S MEEFERE, ST T AR R R
FHik If] 7 A EE Tha Stk FAEKANESS R EEARHE It
RGB-D Al AMRLY oo SHOEKGEN HNIEL SSMEREG  SRHDUHUR, A i R 30 0 40 )
Hl 70° - Al e TR BT LiDAR A 40 (kA7

© [ KB KL AU



KENE, BE, DY, B&RIE, XK
REFRIAMNGIAR: FERIE, SEEXERRRERXEDEK

<£120° FoV

Sparse point cloud & noise

E‘amu

RGB image Depth image

P11 MR 2 A2 S B IR R 5 B 27 B A
Fig. 11 Tllustration of Field of View and Data Patterns of Typical Point Cloud Sensors

Fenlto SR, HERE X LIDAR Y 55 2 Bifi 1 25 18 in 2l
Mg , L BRI T S5 AN 2 8, 45 ) ' BUR IL
PiCe SN TR % B A3 SR A AL 48 1 s A A, BIR 1
THARR R R & BRI

I#] Z5/AF 5 52 434l 200G 7 A 10 Livox Mid 251
K 4% B ol B PL B &R 48 (micro-electro-mechanical
system, MEMS) R 55414 , W45 138 % /N F 120° 0
R RE R T ek, HICHUMOE i, A
AR AR . R s BE S O P S A B R
TR LA REAE , A3 R T DX 43 25 4 AR ARLE 20 75 AN [R] 1) 3
Sto HBOD R T4 BRI ffy , BL&s N S 7
[i) 28 3ok [7] — b B, UL 1) 194 5 2= AT RRAA A ol
B FEORBIRN ., KGRI — R, A J7
it B W =9 BUR T B 805 8 RS
UL G Sk Aty TR X6 3 1w DA TR 2 4 A 408
2.2 ADEXKKETIX

4D 2K TR IR ARG GURE B 7 v A 223
ZHMEIN TR S R TR R s A T R s,
I RHAAE TR 55 T4 KAV OLIRAZE L
() e SR (]IS T 0 E AR AR I B EE , Ry X0
BE 5 B IRSRAAN EE R

SR, 4D Ik M = A AR M 0 B, s
Bomaw OOt E s ez —2 002 —, H
i 5 R MR P RN R L 7 VU S T W ™ IRk
A, BRI 2 B DX AN AR 7 A IR VR
W P R e ¥ Y A R R AT , AR VC BCRS B2 o AT At
RJ7 % EZEA 1 gt — 2 g | AR E R R

FHI%E B2 22 Wi 22 K0 227 5 R A 38 it iz 3 — Bk
I RN TR BIRE ) K IR R S IR
FE B O T 1A b R B PR R R AT DRI, 5 Bh AR
JU e P n] SE . T 4FE K, 4D radar PR %5 TAE
FEUEERAS G bt B TR S AT 5 25 [R) AR A, 34 5 B o
R 0 ) BT ff B s TDFANet U 38 35 R 25 23 ] 4
TBE S B WU TR A8 B, W20 G2 i 1 Rl oW T Ay 4
IR AR R

X R, 4D 22K i B 1A 3 s RO X AR
BRI 2 57 RS A 1 TR A A Bh AR B
REIMRBESAMEERET T S IR AT b . AR
GREBR R AR, 4D T I8 A 2 PR ot e e fef L
KRGS T HWOC T RS AL REFIE L 54, 78
ZESR A MERE T k4 RS 3Bz O E
Fo Ak, Wy RS 9K 3l )RR AF i 5 5 R DR 3l 1
B P B AT B Ol 4D F 8 3 SR B T RE BT i R
AT
2.3 RGB-D#E#

RGB-D AHHLIE 3f 45 44 S 5 6 AT I [a] it 34 [i] bt
RICE 0 MG AR B 1 . #E % N RS, RGB-D 4H
LB At 2 iy L S8R E B R XNE+ S,
Ak E A R Hlas AN KB A 225 45 5 1 E
RS RS I A CR PSRN A 7Y & Ny R PRI K1
REE 2 2R AR, 5 U AR IR BB AN . X AP LT 5
SRR T R A E 2B O s P B
A MR AH——41. 28 (red green blue, RGB) [F1%
FNTREE B BAR R GO0 OG0 B B APk il - $2 1
TR TR A B T 2 S O e

11

© h[E KR KL AR



12

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

FRIRX ),

R BRAE [F)RE B S0, R B 52 PR 50 I 1A
AT TN S SRR B WL A 5 ' O Bl a K
TR I TR JEE (R BB 5 38 M A3 T R
210K, HOR B A 20 A o3 25 ™ B T4 AT HY
[ R, RGB-D AHBILLE A 32 5k &% JE LA
VNN N7 e AL A R (SR R (R N I A
BUAE 2 PN sl A AT B A A (e, R T 0 5 TR
JE A5 B LA AL HEAT b 58 MG 55 , 1) 40 A O
B PR R4 . iRz /AT RGB-D
FEBILAE AT LA A= PR AT R T4 58 I 8 G AL
I 2 R o AOAS Al PTCHC S i Y 2= Te i 8 (H
HAE I BE Z IR T AT m BRI IR A
2.4 ZERFKESBERE

B S T M LATE T PR R R R AR E IR
TERE , 215 AR Bl A B IR 2 B 45 i 1k
(IR 7 I s NI I S8 3 TN Sy S SIRS)
RS I AP A O s BR A ROE i 7R R —F 5
R A AR IR R AR S R SR R 25 S
FAAASPEE, B an A P VA5 R MO R Ik 1 4
I % 12 A5 25 DTC 5 D) 000 B 42 4l e DR X [ —
S LELY iU PUIRIIBAS = e s R (1] = s S MERS S - 2
18 b T M P12 ] B B 5

XML RATF SR 112 SRR 5 1
K, RGeS
188 RN =AY — P RAE B SR . 7ELA
PR SR DT T, 3 E A I A R AR AR A AT Y
TR Al 5 55 o BE AN AR e B R A X e ) A
TR FRARRRAR L AR 0 P E — B T 4%
(RS 2 CUPSway: <31 N N en Eo a ki PN
R, 32 Bl AR A M SRS AT IE N T B Gl A S 1
ol LR TR 2R A7 5 P b, 5 R R B 2 1 3R
Ha 3 Jey B LA 5 P, BE RS AT SR A D FL UL 1) AN 52
whEe MAN, B IEEIMIR S P & Hofr Kot 5 B Y
uy BRI, BRSSO R G A S
G 06 TR WA ) SR RS L 45 AR R 285 2 [ A 7 26
e AR, LS BUAE B IR AZ PR 340 G i 1) i G R S
AT, i b SR AR L 2R 48 05 BEA 2K
FEME A PREE T BRI, $2 THIE =S 7 R il Y
RATRRMEIE . AR IRAR IR S BTN IR IE R A S
55127 B I8 B 2 R AR S A S O TR Y B R
Beaih

A = R P a2 R K TR 5 TR
ZE WP R 5 N R A IR AT: 5 0 B e AN AR
P ORI | Bl kRt Sk v S PR T
AR 2R, SR 5 2 SR ] B X I G AR N e
TP R TR B A TN ] R ) =
{7

3 NHEHIRESIIZGRE

3.1 AHHIES

AT [11) o 2 3 s RO A v AR 2 T 58 42
AT R SRR L . ARIEAL A
TR 55 IR 52 4% B AN [A) , IRAT 55040 4 mT 4 43 ok B

B E ZRSPIRE, 45 A RS T AR EAREAS

(1) Oxford Z4f 5 i A R AR, L TR
F S AR T AR 0 o B AR L S AR E
PR, I R R E R IE R ORIk AT
G, RO PEINAT: 55 Ry 26 5 2 0 TR ) S E A
Hofe R AE T3 5 S UL BE =5 F1OG IR & A e B2
A, 502 A RE MR AT T L] 45 44 45 B 52 IR AR DT I .
T AR T Ay A 6 R I 3R A T R BB A AE TR
XU Y SCBRERLE , DR R A A (AR A
WP BEAS T () JLAAT i S

(2) NUS (Inhouse) Datasets f2: 2 P 5, 2= Hiu 5 15
SRR , T 5 I AR A B A BRI
etk =R E N R BUE S TR0 R IR
KA BBIRE R ENESSEE THT
WA E N R TR SRR SEENTERE. 5
= HME PRI SR LG, % N BB A [H] T B 2 R
B Jmy A2 2%, HLBRAAR  5¢ H B AR 45 o 02 45 H R
FEAE 25 50 5| RO < TRIIRF N 5335 3l R J) S 28
Pith gk — D IR Ve RO ERE o PRI 280 2R B 0
PSR S 2 A0 R (B R AR DL S Sh AP A T Y
ZALRE ) W AR 5 1Y Jaa S 40 5 220 1 E ) 6
FIBRE S T8 R 2K, R 1 = N 7 5o 4
M = RAE DT L A EEEIRE

(3) ScanNet J& [ 1] % N = 4 37 5 FRAf (1 K
BEbR B E 5 , th RGB-D {4 8kt 1 4 R4 1 (6 (5 5
R = A R AR, S IR g SObR 2 5 S 2 H
PRoFEIARTE RS — AR H WY IR S5 450, 605
=T HEMEY R REREIRE F RS T

© h[E KR KL AR



KENE, BE, DY, B&RIE, XK
REFRIAMNGIAR: FERIE, SEEXERRRERXEDEK

W B 55000 AT 55 B W YT bRl
HUh Z S RIS i B O o U . SR
AJ FIH] ScanNet f (0, MR 5 VR BE A = % 5540080 , 7
Se U2k is SRR Rl G A, AT G2 i 6 R IRIX
HPVRRL A S A A el A 114 325 T PR

(4) Oxford RobotCar Dataset & Bif & B # &
Oxford £ 44 1) 56 AL AR I IUAS . 1B 4R
Hh [7) — AT A & A, T 1) 1 48 A s B . il 4k
) 20 R AR WO TR 35 ARPL AL 12 (W] 20 B, 3 w0
HORASFRIN AL, FEEM T B EBmE T,
SN R G2 R DR A T S A I 250N %o F) AR S
WSS, HBEOEH IR A B TR ORI A
2 H SO S BB PFIN B . 5 ScanNet AN,
RGN % AP R 55, % RGAEQRAE S 2S
T SRR SRR IR TSR e H . Ht,
Oxford RobotCar Dataset AN ] H 4 1] 55 2 b 7
SIPEI o 2RSSR T N AR IR R il G R L
TEE LB A R PERB I IESR (1 1 B SRR

(5) KITTT ¥ 46 2 [ 302 B e 4t 4 174 238 i
LU, RAR T I S R0 DX A e S B AR RO
T ik (Velodyne HDL-64E ) 5 7 X H ML EG I 4
BRAE 1V R ¢ (global positioning system, GPS)/I5 L
5 BAJC (inertial measurement unit, IMUE B . ‘B
TS5 AL HE SR NE =4 H AR BRI 5 R 2
A RRUR B S R AR 2% ) SR AT SRl . 2019 4R
KA Y SemanticKITTL 4 Ji& 78 Jit KITTI Odometry J7
GIHERL EAE T 28 S8 R TE SUPRTE R AR =
RIBL 2 ob i =t ] T KITTLR = A&
PP 5 R AL, AL TP A B T I 75 B A R
ARG 9 5 125, [ B ] 3 0 B o s B 2 4 5 R
HIMERE .

(6) nuScenes Z{HE 45 HH Motional A &) %4 , B 1F
SETHHT AR P B IS S bR TE . B R AR
T GBI S T S A RO Ik
2K TR IR ARG K L 58 AR SRR B A
1000 /1> 20 #b25 B 37 55 J B, 32 (I 16 40 O 2l P %
23 KW =20 FHEAR T, AHE T 00 8 B — AL
A a2l S P UNAT: 55 19 BB 4E L nuScenes UL TE
T H AL A R 20 R AL ML A s AR AR 2 REAS
B S W LSSl T A2 38 BT rp gl A H AR A AR (Y
AR JE BRI I A AR R R IR AN G
T 2RSSV FI W i = SRR

TR S AR £ L 2 [) AR DI A A At 1 E Al . X
TS HIE Y 5C R D7 ), BF 5% & nl LA
nuScenes I RGE AL FHE DL FEEIIRG ARLE
A H A AN () SR s TE 22 A% J2% 2 U R) 25 A A 52 B 3
ti, I — B HAL G AR B SR T & e S
ZAkiE

(7) USyd Campus Dataset J2 [f] ] 5 45 25 1 £ 17
Sl b A LSRR R Ll B S LA A B TEZR
KA bE A AR, R P REEBOLE B AR S
T RO A MR o BRI AR I A X 5F
5L - R SR LR B, B i 55
F R B SCHR B AMIT T SR A0 ORI |, 30 RS RS A
RS RG AL R AR LRI 4548 1 M (ELRE 5 Ak
W] BEAF7E B 52 (I BRAE vh Ul BT T e P PR A o 8K
PEEEXS TP B RS s U D5 IR AR 45 AL R B
TR ERE A AL RE S U HAT O, IR L
fuf S5 F P S AR SE ST BE A7 7 T 5T B

(8) = AN A B, FiRER =
TE ) LT ) B2 30 5 = N S R =004 W
AL AR Saz s F B R SR AT F AR
UTAER , WIFFETT IR 5 1 T AL 2 2 A5 285 B R £ 4 1)
FG A HE . UAVScenes 3T MARS-LVIG §" JE JE
), PR AR 12 77 TR 5 LiDAR iz B9 bR
T, B A B B P I &t 52T (inertial measurement
unit, IMU) 5 48R Tl T2 & 4t (global navigation
satellite system, GNSS){F 8., JF 3 HpHb 23R 5] 7S H
A (six degrees of freedom, 6-DokF) 5 Vi 54T 55, 1]
AR 2 A S PR BT RO PN LAl . 5 e[
i, CS-Campus3D DA Sl A& A1 (1) CS-Wild-Places i
— 2L T ) 25 1 02 R 2 b TR PP b T S
HLEK LIDAR Z [0] ) 25 9 M DEBCRE ) o bR il 46
AL ) F e T R B 2, SRR A7
BT B AT ] WA FAPE RG22,
LG AR R 8 B e 1z A RE ) 15 g JoE N e P K
RS VER N T 3 R EOR

SRS A FREET A 600 &, 2
TEMLIUAR A | dz Sh SR PR 2% A D7 T S5 4R 3 5t
ARG R . UAVScenes 58 48U 4E B Bk
TIEAEARZS 0 PRI RE TSRt T 012K )
SO 4.5 5 TR B S — B B b X A I v
Lo ABAR S 355 56 B9 R BB v AL PP AT A R i —
A

13

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

£2 EEEAZHEIRFNNEEALHIEEME
Table 2 Overview of Major Public Datasets for Point Cloud Scene Recognition
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Table 3 Performance and Efficiency Comparison of Feature Representation Methods on the Oxford Dataset

Oxford
DRI NS ZHEM) FEM (ms)
R@1% R@1
PointNetVLAD RURRIE R 80.3% 63.3% 19.8 15
PCAN RURFIE R IR 83.8% 70.7% 20.4 55
LPD-Net SRR A 94.9% 86.4% 19.8 26
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SVT-Net R FHER X 97.8% 93.7% 0.9 11
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ComPoint BEEIRR 97.9% 93.2% 14.4 -
PointWave FAEEIRER 97.5% 92.4% 6.6 -
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Table 4 Performance Gain and Characteristics of Multi-Modal Association Methods

A PERE b 24
N S A i A Rl JE A EREEILE
Tk LRI PR LA o s (R@1) (R@1 $2£7})
LPD-Net FTARME FEIEBEE 86.4% +23.1%
MinkLoc++ RGB 1% FRAEPE 32 96.7% +33.4%
PRFusion RGB E % e =Wl Eey 98.2% +34.9%
QMMNet RGB K14 TR 96.7% +33.4%
SketchNet SRR R XA 95.9% +32.6%

1 BLYER A PointNetVLAD 7E Oxford B0H 42 1 R@1(63.3%) o 45 I7 B S0 I is B AFTE IS 5 | B 5 X A A2 %
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Table 5 Efficiency and Applicability Comparison of System Frameworks
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Table 6 Performance consistency comparison of representative scene recognition methods across heterogeneous multi—

source datasets
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