MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
[doi: 10.15888/j.cnki.csa.010093] [CSTR: 32024.14.csa.010093] http://www.c-s-a.org.cn
O R 27 B AT W I AL A Tel: +86-10-62661041

- —
£T RandLA-CGNet WAMEZEN R ZIEX
E
T, TEW, o R, EEM, sk S
CAERHE K 5 B A 5 RSB, A5 E 050018)
2OATAE TV R 2 T i P SRR R A S S L g U R B Hh 0, R 300401)

BEEE: 75 #9, E-mail: suhe2280@163.com

1 BEE R AR A AU SR I N D BROR R Sz, N R 3 R A 1 X B TR AR A R M)
PR RE AR S 200 5443 AR 56 ) L, B2t — ORI = N 1 18 X e #1177 RandLA-CGNet. 7E 4wt 2 Hhfa
JRE8-4x /) LN 3CRElE (local-global context fusion, LGCF) AR, 76 BY &35 AR I A5 S5 1) [R] s @l N 848 I R Sl X
TEARTD E W VOB 145 B IERHIE (norm-gated channel feature, NGCF) #5180 is X X 48 4341 1 A e o 4 B 8E AT B i
RLEFRE, WA G 0 TUAR S, 386 4 R S R BURE, SR SRR RS 4B A RN RE T B SR Rk
452K R 2L (focused cross-entropy loss, FCE loss), 75 PRE AR 8 X Kk 22 BORE A R e USCSIORTRE AR FEE 1 (RIS, 384 Xk
I FEAR G DHEEFEA OGTE, AT 4 FH A5 AL 7 0 77 DI R A 2800 B 7 IR e, Sege 45 R W, AR SCHR H A Y
£ S3DIS 5 L4 /ST XIHIE 04+ mAce Fl mloU 53 42T+ 2 88.8%. 83.4% Hl 71.9%, H AR A 43 7l
7 0.8%- 1.4% Al 1.9%. 5 EHRFIEM L, B LG-Net 22 HHRTF 0.5% 1.0% A 1.1%, S ARKE L LU P 258 9 LA
FGC-AF #&F+ 0.2% #1 0.7%; RandLA-CGNet 7E {35 4 R P BEAR F5 1 [R5, 6F /NP AA DL fe 321 F4m 15 3 ) ToU $2F+
T 1%—6%, A BT RHEAE N 5 55 40 R BRARE TT, B8 o BT SS T/ D R AR 28 0] 5 407 10 5 RS i g
B A BB R TT &,

KPEIR): S8 5 #E]; RandLA-Net; /MR A1 12 5455 1, AR 51

Sl e, VG R, 75, R W, 5K ST B T RandLA-CGNet R % N i 18 X5 S iH ENLR G S A http://www.c-s-a.org.cn/1003-
3254/10093 . html

RandLA-CGNet for Large-scale Indoor Point Cloud Semantic Segmentation

WANG Jian-Chao', WANG Hao-Yu', SU He’, WANG Zhen-Zhou', ZHANG Dan'

'(School of Information Science and Engineering, Hebei University of Science and Technology, Shijiazhuang 050018, China)
2(Plrovincial and Ministerial Co-construction Collaborative Innovation Center on Reliability Technology of Electrical Products, Hebei
University of Technology, Tianjin 300401, China)

Abstract: As the digital twin VR technology is increasingly widely applied, a method named RandLA-CGNet for large-
scale indoor point cloud semantic segmentation is proposed to solve the problems such as the limited overall accuracy,
low recognition accuracy for small objects, and blurred boundary segmentation in point cloud semantic segmentation of
large-scale indoor buildings. In the encoder layer, a local-global context fusion (LGCF) module is constructed, preserving
local neighborhood information while incorporating global contextual semantics. In the decoder layer, a norm-gated
channel feature (NGCF) module is designed, which performs the adaptive recalibration of feature maps along the channel
dimension to enhance useful information and suppress redundant noise, thereby enhancing sensitivity to details and

boundaries, and improving the model’s refined recognition capability. Finally, focused cross-entropy loss (FCE loss), a
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hybrid loss function, is adopted to ensure stable convergence for the majority of samples and maintain overall accuracy.
Additionally, this function increases the focus on hard samples and minority class samples, thereby enhancing the model’s
segmentation performance in boundary regions and for rare classes. Experimental results show that the proposed model on
the S3DIS dataset by employing 6-fold cross-validation increases OA4, mAcc, and mloU to 88.8%, 83.4%, and 71.9%
respectively, an improvement of 0.8%, 1.4%, and 1.9% respectively compared with the baseline models. Compared to
mainstream algorithms, it increases LG-Net by 0.5%, 1.0%, and 1.1% respectively, with the overall accuracy and mean
intersection of union (loU) 0.2% and 0.7% higher than FGC-AF respectively. While maintaining overall performance
advantages, RandLA-CGNet improves the /oU for small objects and boundary detail segmentation by 1%—6%,
significantly enhancing the recognition capability for low-frequency classes and complex boundaries. Finally, an effective
solution is provided for the precise modeling of few-sample classes and detail boundaries in point cloud semantic
segmentation tasks.

Key words: point cloud semantic segmentation; RandLA-Net; small object recognition; boundary segmentation; low-

frequency category
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W FRHER K, ZARIRAAY. 7 PPl A e Ab 22
T S48 1 i 2 BN 7 THI R 0RE, AR SCAF S i HX S3DIS
(Stanford large-scale 3D in-door spaces dataset) Z{#E4E
HEAT SEEG. AR 4R S3DIS A& HH AR R 2% K A ) — A
KA N =B R, ZBIERA S T2 =
N IR 1) 5 B AE b3S, F T E N i g S
S AETE ST EI B AR 6 AN E P A A X (3
272 AN 1R, i 13 FhiE ChREE. & — B LL 6 i
B LY, O ALE (v2) St ENE (RGB).
3.3 THEEtR

N T HEH VA RandLA-CGNet {145 200k, A8 58
KH T ZATEbREEAT LU . 15 U B — BCR
HEARKEFE (overall accuracy, OA)~ FFIFEE (mean
class accuracy, mAcc) F1I°F¥43 I (mean intersection
over union, mloU) AT AL, OA4 %8 5 73 FIE
MIREARRE SRR L mAce REHREH B
FR) 73 B 28 SR A P 3 B 45 2R 28I EE (ToU) A2 A
Xof 35— S 1) T 5 SR AN L S K A AR S IR AR I LU,
FCFH T D0 ST R AR T R A O, A G B Bk
i, I ME B mIoU M2 BT 385 ToU -F391H, 7 E
XN

C
1
OA:NZTPI- (15)
i=1
C
TP
Acc=— ) — -1 16
mace C;TPﬁFNi (16)
C
TP
: (17)

IoU=—=S — "1
ko C;TP,-+FP,»+FN,»

Horb, TPARIREN i PRI 7 1) B, FPidoR
MR IR IR0 1 BB, FN RS0 @ R iR
7RI R AL, C Ronili o RIS KR, N R
R T R
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3.4 HRASEIG

NG AIE BT H HH 30 R R st A 7R i ) B T R,
A CHE S3DIS HHE M) AreaS | L RandLA-Net A&
MR T 8 ML SESR. 1k, WL 2 R
AFAE SR & LFA BEHUE #oy RiB-4 8 bR SO
LGCF #e; F R, 7EMRAD 2 51 N TEE ] 4208 18 FR AR A
e NGCF; 52, fo) i b4 2451 2k #Ri 41 FCE loss. i i
B0 B N ORI AT X LE I, SEEG 25 A (I
# 2) W, LGCF 8. NGCF Bibk L [ FCE loss
KRB R BER TR R, S & T RILIT
TR RE. AR SCRME TN ARV 8 R el 45 AR

SEER 2 BRI, AR TR 1, ilid LGCF #%
HAFHAL 2 1) 04 mAce Fl mIoU 43 B4R T 0.9%.
1.5% F1 1.8%, B T KM loU WA T B4, FoAh 251
(1) ToU ¥ T, B8 3 % NGCF EHLER i B i 24

%2

1, 04 mAce Ml mloU 73 5Tt 1.1%. 1.7% 1 2.3%;
B 4 SR FHAT SOG40 2K bR B0 £E S R R B 25 T
TR G il A 35 i K 0o BB (1) A7 THD RS, HEBD OA
mAcc Al mloU 53 HHEFF 0.2% 0.2% F1 0.3%, H
1) LloU 32Tt 10.7%. XTI 57 AT 4 & 5 RN,
51 N LGCF B L LR¥F S B 20 715 (1 5] B B2 4 =) )i
ARG FE, RIS mloU fRFFAEL] 64.3%; T 4 NGCF #
FCE loss &5, RE 04 BAL 51 N NGCF A fr
TR AEE . T Yk ARSI R A
Jr#ETt. £ LGCF #1 FCE loss L&A, 04 FaHrAH
BB 2 (I LGCF) W&H TR, 15285 (i
sofa) MERE R ZE 2T+, XK B FCE loss B XL &
OV M /D 285, 5 LGCF HI2E & 2 ThRED ]
T AR ELA . A AR R A AT A AR 5 S T PR
()4 T B .

VRS 25 R (%)

Method LGCF NGCF FCEloss 0A mAcc mloU

IoU

ceiling floor wall beam column window door table chair sofa bookcase board clutter

1 (base) — — — 876 703 623 928 976 80.8 0 17.4 61.1 371 779 858 652 71.0 69.6 535
2 J — — 885 71.8 641 931 98.0 828 0 24.6 674 472 789 859 623 728 662 544

3 — 3 — 887 720 646 945 977 828 0.1 224 62.8 495 795 864 698 734  67.1 542
4 — — 3 878 70.5 626 92,6 97.7 802 0 28.1 60.7 375 759 873 603 722  69.0 527
5 J \/ — 89.0 72.1 643 940 975 836 O 25.8 634 467 717 86.7 649 727 680 544
6 J — \/ 88.0 734 646 924 97.6 8.0 0.1 271 620 551 750 85.6 744 675  70.7 50.7
7 — \/ \/ 88.1 71.5 638 939 979 826 0 20.0 66.7 38.1 77.0 869 672 744 681 572

8 J \/ \/ 89.1 73.6 659 936 97.6 83 0.1 255 664 449 794 89.6 785 732  69.0 555

A s S rAG G, TR 1,
OA. mAcc 1 mloU ¥JB BRI, &, &5 BN
HE M ) RandLA-CGNet #5Y, 04 mAce Fl mloU 4
RERTE 1.5% 3.3% F 3.6%, - TAE RS T IR 7Y,

Nt — R 5T NGCF B rp gl A A E L ik E
Xof AR IR P BB R I, AR SCURETE T VR A 1 9 S A (AL
*3). LI R K, 1=0.5 B 04+ mAcc F mloU 43
WA 88.7%. 72.0% A1 64.6%, & — ANk RE AL 1T

87 5. 24 2 BUE K (I 0.25) B, NGCF 34 5 RRAE fift A\
AR, KB IE B E IR Z IR, mloU % 7=0.5 i’ F
F% 1.3%; 124 A BUE# G (W 0.75 55 1.0) B, NGCF #i
HH 4D R R AAE K D5 G R AAE 20 A 3 O FE B B, A T
PRVEREEL 2=0.5 BF N BRI, 4=0.5 BFF4 1 B 461(E 2
5195, BEORE G RHEMZ O E R, R
KA NGCF S % B i 18 1 3 5 /E FH, IGO0 BUR A B
K, B RO T RE ) 515 B e, HAa RARE.

&3 NGCF FH A A i & U A B9 S (%)

loU
M 04 mdec mioU ceiling floor wall beam column window door table chair sofa bookcase board clutter
0 87.6 703 62.3 92.8 97.6  80.8 0 17.4 61.1 37.1 779 858 652 71.0 69.6 53.5
025 88.0 71.0 633 93.4 97.6  80.9 0 20.1 59.7 46.8 784 857 69.8 71.2 67.2 524
05 887 72.0 64.6 94.5 977 828 0.1 224 62.8 495 795 864 69.8 73.4 67.1 54.2
0.75 878 71.6 628 91.5 97.6  80.8 0 21.8 62.1 413 7715 860 694 68.0 68.6 514
1.0 869 713 62.6 91.0 97.5 804 0 21.1 61.5 428 787 849 692 69.8 67.7 49.6

3.5 XFEEsCid
SR UEAS SCHE H I SR AE = R 5 = 18

FrH I OCBRE, 735 58 F 7N 3 58 SR UEAT FURE Area
PRI B X 3o A SC B 5 2 A R SR AT XS LE.
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4 AR FH /S 958 X UELE S3DIS HidE &1
SRR AR, NI A X E K B 4y 6 1, B
I3 R IR AR AT 6 RINCAI I 25, mT AR 40 V7
Tl AR B2 A e 7. A SO B 1) 244 kG FE L Rand-
LA-Net &t 0.8%, Z5-F 3 H 5 % RandLA-Net #25
1.4%, £ P58 3 Hb_E E RandLA-Net #2755 1.9%. H 41
Wi R, TEAZ% O 25 B LT RandLA-Net: 41
X wall (B5EE) ) IoU M 80.6% 2T+ % 81.5%, beam
() M 62.4% $2THZE 63.3%- clutter (Z¢4) M 60.1%
T2 61.9%, 1ERARVERE 5 IS GORE B 1 4 THI i B
PointNet (04 M 78.6% $&F+ % 88.8% mloU M 47.6%
PTFE 71.9%). RSNet (mdce M 66.5% $#-TFE 83.4%.
mloU M 56.5% $EFH 2 71.9%) 25 B 7. X Fih 7t
UK window () door (1) table (%), B2 5H] 45>
A KPConv. SPG A B& T T B, (H5 HABE LA LL,
Y45 B B AR T, B ToU % PointNet $2 7+ 18.1%, 1K
ToU % DGCNN #2175 20.7%, 51 IoU % RSNet ]
TIoU 327} 13.1%. %} F beam (32) 1 column (#1) S5H 7
5], % DGCNN. PointWeb. ShellNet 245 %I 2 T}
2.9%-16.3% A%, BARTE floor (HUER). wall (H5E%) &5
KBIFA K PointNetCNN. KPConv 555 {H 2 15i%
BT AT Sk AT Ak, BARA SO VEAE AR 5y SN
¥ _E#E T PointMM ) 90.4%, {B1E-F-328 3t L4
BZARTE 1.2%, IF BAESCHVPLfa bR b4 1B B SCF-
Net. LG-Net fll FGC-AF 25 #EAH A Wall (B55E).
beam (). clutter (RY) 4% 0K LI REIR T, 46

UE T ARSI RN 5 A4 5 N 37 5 0 B 1A R

5 ¥ Areas 1 9l i X 80T () S B 25 . A
H Areas 1E NIIAEE, BT AreaS FIHAR XA FrA
[, A0 2 AR AEAE 22 S, W] DA S B b PPl AL 2R )2 A
PERE. T CAE A SO ) S AR B L RandLA-Net #
H 1.5%, 257905 FF % RandLA-Net $25 3.3%, 7-°F
¥152 3 b %% RandLA-Net $&51 3.6%. 16 K355 5
TG AR SCRERLN T wall (B5EE) 122 HF KT
MinkowskiNet [] 86.2%, {H# RandLA-Net &£ 2.5%;
X TIN5 30 FHBUR SR, A SO Y 85 H A 3 AR
RIS 7E sofa (W R) K0 B 1) ToU 18 %) 78.5%,
% RandLA-Net ] 65.2% #& Tt 13.3%; /£ window (&)
o B IoU 153 66.4%, %t RandLA-Net [ 61.1% 4
Tt 5.3 %, # PCT #27Tt 4.8%. 5 LG-Net Al BADENet
FHEE, A7V S RS FE 43 3 1 1.0% F10.4%, 33
ZEFFEE I 2 IR TE 1.0% A1 3.3%, [F] i 78 357 25 K i
% BADENet £ F+ 1 9.3%, SEHL T X 5 4 R .
Area5 FIFISZIREE F, IR T A U ALE 15 25 40 81| 5
XIRIZ A MR T RS AL R A R
3.6 AL HR

T RERE B AT 1B S B SR R, AR SOK
=B X BN BT AL, i 5 Fos, BB IR
G Rz A ESE D ERR SR B R R A
=R FRBLAY PointNet++73 % 5 )45 5L . RandLA-Net
TR 53 B J5 B 25 B DL RO ST v oy B R I 45 3R, 1 Y
RN 3 MR M.

Fa4 N XIGIFFE S3DIS B¥iAE NS H S (%)

Model 0OA mAcc mloU

loU

ceiling floor wall beam column window door table chair sofa bookcase board clutter
PointNet” 786 662 476 83.0 887 693 424 231 475 516 541 420 9.6 382 294 352
RSNet?!! — 665 565 925 928 78.6 328 344 51.6  68.1 597 60.1 164 502 449 520
SPG™ 86.4 73.0 621 899 951 764 628 47.1 553 684 735 692 632 459 87 529
PointCNN™ 881 756 654 948 973 758 633 517 584 572 716 691 391 612 522 586
PointWeb™ 873 762 667 935 942 808 524 413 649 681 714 671 503 627 622 585
ShellNet™ 871 — 668 902 936 799 604  44.1 649 529 716 847 538 646 486 594
KPConv™ 791 706 93.6 924 83.1 639 543 66.1 766 578 640 693 749 613 603
SCF-Net!'” 884 827 716 933 964 809 649 474 645 701 714 81.6 672 644 675 609
DGCNN"" 845 555 932 959 728 546 322 562 507 629 634 227 382 325 468
LG-Net™ 883 824 708 937 964 813 652 518 662 697 69.1 751 639 635 66.0 584
PointMM' 904 — 707 954 975 8I.1 595 388 66,5 739 73.0 84.0 535  68.1 586  69.5
FGC-AF'" 886 — 712 935 966 820 637 539 653 707 713 731 596 654 688 6L5
RandLA-Net'™ 880 820 700 93.1 961 806 624 48.0 644 694 694 764 600 642 659  60.1
Ours 888 834 719 937 970 815 633 485 656 714 728 783 660 674 667 619
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# 5 S3DIS HIEET Areas [T HLSLK: (%)
IoU
Model 0OA mAcc mloU — - -
ceiling floor wall beam column window door table chair sofa bookcase board clutter
PointNet'”) — 490 411 888 973 698 0.1 3.9 463 108 59.0 526 59 403 264 332
PointNet++"" 840 636 552 905 981 758 0 6.8 576 215 69.6 793 507 625 58.8  45.7
PointCNN™ 859 639 573 923 982 794 0 176 228 621 744 806 317 667 621 567
SPGraph™! 864 665 580 894 969 781 0 428 489 616 847 754 698 526 21 522
PCT? — 677 613 925 984 806 O 19.4 61.6 480 766 852 462  67.7 67.9 523
MinkowskiNet™” — 717 654 918 987 862 0 34.1 489 624 816 89.8 472 749 744  58.6
DGCNN'M 833 476 928 975 749 0 11.8 507 237 69.6 664 487 86 316 42.1
LG-Net"” 881 — 649 — @ —  — — — - - = = — — —
BADENet'? 887 643 62.6 _ - - — — — - - = — — —
RandLA-Net 87.6 703 623 928 976 808 0 17.4 61.1 371 779 858 652  71.0 69.6 535
Ours 89.1 73.6 659 936 976 833 01 255 664 449 794 89.6 785 732 69.0 555
JRlG S
T - Y
B
bR
PointNet++ g
o g
o g|
(a) il (b) 2 (c) W53
ceiling floor wall beam column window door table chair sofa bookcase  board clutter
KRAEHR M Kl BE (i3 Gl Il 5T lin WK iz SL S|
K5 oElg Rt
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7EK 5(a) J5 1, PointNet++7E RAEM 5 444
(clutter) 22 F4b 2 L H B 558 (1)< 3 A= 43, FLRRAE
RIKS B Z Mgt T RAEFuE, A4 Fd T
FHRE, A ISR 4 5 2015 S B HUAR . AL 2T,
RandLA-Net i i = 5 REAE 58 & B B0 P 1) 45 L, &)
WRARNG AP iR VE N RARAR , 3 3 YR T H A 36 =) 350
REIE SR A, 2 %0 BE R 37 5 0 4 J=y v SR, AT T s A
BT RACHR T 550 FAT B FF4G. ik, AR SCHE
Zifit %8 5 2F B 51 N LGCF. LGCF H4 /43 3z 3@ i xof iy
A 5 B FEE AT P 0 Ak 5 00 18 AR e, A S 5
(O ST R 1) i, AT 75 I8 T8 4E 1 3 5 R AR AR R
ST THI 45 KA BRI AL, F0 11X W (R0 R 0, e 90 31300 57 o
Ny W8 A, 4, PointNet++5 RandLA-Net 76 45 ]
¥ (column) AbHKG HAR 43 A BEEE (wall), HEAKREE S
HUTHT (floor) 73 SR, 7E A SCHR H A A 1, FCE loss
FEYIZRIN g3k £ 73> pii 7 W B oo RO 6 S AN, AT
A BT AR A - SR 0 R TR0 B T, b R
a5, KSR SE AR .

e 5(b) 5t 2 1, PointNet++X} 4522 (bookcase)
bk (sofa) S5/ NP 45 ¥4 () 20 B 9 55, 400
A SOk LR AR ONHE - (chair). 5 (table), #4204
KIAFARE R 5 #1922 5 444, RandLA-Net H.243% T
LT Rk, (RAE BZRTIE . W R IR F 5401 kAR
oy, X ENR S m AT D . RETIR 5 TR
. LGCF 1R 4 S B 57 SRS 4l LA 2, 1T A i
JZ 1 NGCF 55 1o 3 450 1 38 A5 8 80, 38 98 6
DR FE 2848 (b ) (o 2, PRI A AR R AR AR I
S Tl R AR AL, A SO AR BB s fff b oy 1) T5 48 b
R T ) 4 5

1EE 5(c) 5t 3 W, TR AL ERAMIAH L, 25
() A 408 1) 2% L 28 i sk Z /2 8 14 40531 7. PointNet++
A RandLA-Net fEARAAMUL R K200 (anvb & F0#;
TF) BYIRIHIRE: A RmAR ke T, A
o3 X AR VA O AR S ) NGCF RS
By BT 8 4 P L R AR AT T 1 iR, AT T
590 IR B A G ()8 TE B pR e N, 7R Bk 22 Rl B AR
B R AR AR (S B, T BOH BRI R -F -t =38 2
(AR X, FEFERND R THAR K dds 5t 1) 3 FHERR L.

R 7 3 5 e 6 Ll £ SR TS 4 UE B AR ST AR
BUTEAT 43 30 S B /D AR S0 i ) - g B 2
Tt #E—FIUE T LGCF. NGCF 5 FCE loss =%
P IEME A 2.

4 Fw5RE

AR X RandLA-Net 7 KRS % N G 50 i = 4y
F O NI 5 T T T AR AN R I R, T TR
-4 s BN SCRb S (LGCF) AIYE $ 0] 4% 3 16 45 1F
(NGCF) W K A5He, [E >R FH FCE loss K AR R A
1. LGCF TEgmfib#t f5 3 2 T RAE G HAT R =) SRR
RA A Rl = 7, BER AR LT an =y, EA
5 )2 UK B AT S NGCF U B ARG 2 Bk KO 422
J&i, CART2E ST 143 S 50N 22 A 10 77 =X, i i 4
FEAT AN AS AR E, A 205 X 10 7574 2004 ot
IR P10 30 00 A1) M 7R A . T A SR P RS TR A R PR
{5 A5 BT FE 0 22 40 5 43 s PR O S TR B, B 2 G 7E
Mo FVDBEEFEAR. 2 S3DIS B4 /59138 LI, A%
YR LR 4 RandLA-Net 76 8RR % (04) &
HH 88.0% &t % 88.8%, K V-¥IHEFE (mAcc) Hi 82.0%
BT E 83.4%, “FIAZHE (mloU) 1 70.0% =T+ =
71.9%, Hrb gt ML BOM S NMEREIER ToU 134
T+ 2.3%, I'THELS S A 0 5 5 2015 Ab B T 2.7%; 5 L[]
B, ZHCEAI NG 4%, IR L 5%, FH T ES

g5 TR, A U 0 SOk RN B 1 Uy
FIE S5 v AT TR 4 15 3 5 ) R R A T
BRI TT F. RNl — IR R BB RS, DK
P53 55 H O MO R A5 5 ), 7E B R 1) 3 A M B s
IR . SR S YEE U BRI T &

SRR
Zhang YT, Wang ZY, Wang X, et al. A 3D pickup
estimation method for industrial parallel robots based on

—_

point cloud simplification and registration. The International
Journal of Advanced Manufacturing Technology, 2024,
133(11): 5175-5195.

2 Gao Y, Xia SB, Wang C, et al. Semantic segmentation of
airborne LiDAR point clouds with noisy labels. IEEE
Transactions on Geoscience and Remote Sensing, 2024, 62:
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