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Research on Point Cloud Semantic Segmentation Method
Based on Graph Pooling Optimization
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Abstract: To address the limitations of point cloud segmentation methods based on the encoder-decoder architecture in
utilizing geometric details and contextual information, research on the feature loss in point cloud semantic segmentation is
carried out. By analyzing the complementary relationship between geometric details and deep semantic features in the raw
point cloud, a multi-level feature representation system is constructed. A technical solution combining an edge-guided graph
pooling (EGP) module and an edge-guided graph unpooling (EGU) module is presented, and the EGP module explicitly re-
tains edge structural features through a geometric constraint mechanism, while the EGU module guides feature reconstruc-
tion using the retained edge features, forming a closed-loop optimization system. Experimental tests are conducted on the
S3DIS benchmark dataset, and the results show that the proposed method achieves a mean accuracy (mAcc) of 73.8% on
the Area-5 test set, which is notably superior to that of existing methods. Ablation experiments validate the effectiveness of
the EGP and EGU modules. The method meets the requirement to maintain fine geometric features in 3D scene understand-
ing and demonstrates its potential applications in point cloud semantic segmentation.

Keywords: point cloud; graph convolution; graph pooling; edge preserving; semantic segmentation; S3DIS

0 3E HEM TN SRR p = 4ER AR L, [ HAES 58
BB SAUT A . I SC R DB IREEAE . SR

SR SO EE I LIS S = e SR A 8 KO 0 Al R s TR R S B G A B 2 I 4 X LA
OARS . EFEET . AR SR SRR HEA . SR O 5T BT S LR e ) Tk

s EH#I:2025 -04 -29; {EE HHI:2025 -06-02,
E&UBR:EHR A RBIEE (62271393) s Bpi 44 H AR 2 FLRF 52 112 T H (2023-JC-QN-0744) ,

EEB N ART (1990 - . & A 4L i .

BIREE . FA4BA973 ), & Wi+, mg TR,

SRR T, A%, EE. 3T B0 25 28 51 07 ko s LT W BP0 & 5 5], 2025,33(10) : 298 — 304,

¥R MU www. jsjclykz. com



5 10 39

WEW . 5. T ER AR R B 1 SO H TR © 299 -

CIN SR AL L BEALAR AR R SRR X ey ik
TE AL F /N BRGS0 R 6% AT — I ROR . (BAERAIE &
IKRET) EAFAE W A R BRI . JCRR AR 4 B R B = X
FRBHE S5 R I A A5 B RE J7 . XE DL B B0 i TR 2 IR
R

LA . BEAE R 2 I BRI SR K JE . BEFE AT
TE =B R A P AR B AT T W R AR R T =2
FEWWE R R D R FE AR ok = s
(] 1) 73 DA R JU) O A%, A X 2 R A% BN = A s B R
. S =4 EE 0 b FRER AL T — B EL A RO il e 7
Fo SR, X B0y T I 4 AR T 2 R Y [ A
JE : 4w PR R RE S Y SR AN T AR T . H a2
B E AN AR R . T R A R A R A S
TR 2) B IENT E a = gE  m  E
1w b, AR B YRS B A K AT A B, X
5 ¥ BOARAE TR AR B A —E e, (HAS A sk A 3
FIATILRIR R, S =R MERNELR, JUH
TEAL HAZ 5 JUMT AR I 33 il 2 A BB X i 24T 55 77 A=
BRI 3) a5 2 B AL B i IE A
PointNet+ 4", EHEAE 8 28008 Db 1T 8 AFE, REOS I
KR AR B LA 5 B S8 3 . XS IR BN
SR JRy B TLA] 235 A8 IRF 6 B o f L fHL 7 TR R R 97
1 NN C1 B SN 7 R S 01510 e 70 L N O B LR X I B S
T I R B

FEMMEAS IR 2 . BEE B 450 5 0 = 800 Z 1) %F
VBN RPN S LR W B KB e 7))
K&, WORMAES) 1 iZ SR k2D . 33X 2675 vkl A
DR O G AMURE T R s R S
B LT RAAE - 38 75 B B B 45 (GCN, graph convo-
lutional network) BB % = 2 b #F 47 B¢ AF 42 B, ) a0,
DGCNN" FH K ik 48 (KNN, K-nearest neighbors)
AW ES LG L, A s BT
il . DeepGCNs"™" M2 T 14 58 GCN £ £ 2 2% 11
PR . Oy [ 22 W 28 Y i — 20k RE B T IR SRR . it
b, Graph U-Nets™ S2 8 T &I B0 b 1 4 5 2% — fife %
#2245l A gPool Fil gUnpool 2. 4351 ] T &1 1 i &
ECREEERAE, X115 76 B 45 4 F SE 35 )l U-Net 1)
AR AT e . SR, A B J7 AR R 1
BORAS T WA AL AN RS B SUE B A
AR EFAEHE AL D L2250 %5 72 d i L
il {5 U 2R R) s 20 300 2% 45 b R AE 1 5 OR 455 A8 A2 5
3) FRAEEE g B rh B = A R LA 4R AL

A TR LG . A SCHRE A 3 2 DR 1R AR T Ak
B2 HA LU BUR O 1) 3l i JUAT 29 o L i)t =X 4
B AR AE (T DGCNN W sh S EME) ;s 2) #

AR AL RGBT 8 2 A REAE B & (3 Graph
U-Nets [R5 _FSRBE 7 HE X ) 3) 22 IR
IE 2R IR R 808 B8 4 W Pl J LT 40y 535 R G L
DeepGCNs [ BEFFIE SR HO .

%7 A AL 3Rk 3 s ) g 8 S5 I AR 5 TLAT A B 1Y
A B 48 A % 3 5 1) o S A e
1 BN szEXREFE

A FAR I T — R EE T SR B AR A =
BN, LS SR F 4 5 AR R A R 2 T S 4 A AR
FERFAE 32 BB B, % 7 35 A B H R A T Inception
DenseGCNfe b 3 & JE 3 1 = 4k £ 22 #4f8 . Inception
DenseGCN 2 —Fi gl & T Inception #EH 2 R R 1iF $2
HURE /) Fl DenseGCN i fiE %5 48 3% 452 ¢ M 1 56 i 19 2% 45
B R 5 T A 3O RS R B . b . T B X
Bl fb e, &t TR R (EGP, edgepre-
serving graph pooling) #LHk . i JL AT 2 S AL 7 8 56
D GORRAE s BT SO ERE . B T I SRR R
Wik (EGU, edge-preserving graph unpooling) #i3t,
FIF R B W0 A5 B8 AR A . X F T
1 FEORIF JLADHRG B2 0[] B G 38R T T 4r B i, o
A EES R T B R R &
1.1 EFaGRFEHEBL (EGP)

Ak B AE 2 B & B 4% (CNN, convolutional
neural network) R E AR, fERERELE . WS
B DA SRS SRR AR TR SR T T R AR, W
7 XA KR, 5 CNNOARE, K5
M (GCN) Joik B CNN i fb#1E, B A S
MR R AR B 25 M 85 M5 B . N R X — Al @, Graph
U-Nets $#2 T — Bl £ %) B 8 BB 28 19 28 b 4k 5 7% .
ZH AT G AT topk TEAHLE . TGS
PEAG Y AR EE R BRI 0 i RIS B SRR A
KL . X RN AR BB S DR UE E AR AR Y AU (E B
AW EF, HHEEFTANGEELEIKE . wHh, i
J& B ) 2 T8 R R A SRR B AR A L, XS EUR
B JE VR 2 W, BRI A RS R RN C R .
TR — R BR M, PR T — R LAY B T i
IR R WAL T s (EGP) . % J7 ¥ B8 6 7B U 4k Al
PR B R ILT S5 05 B o AN RRAE Ty ¥k g X L an & 1 i
e BT () JERTIET topk (AN £=3) A% 58 IE
Wik ik, B 1 (b R T EGP ik in i #2 . 7E EGP
A, I top-k BEHE R TR E . AR E X AR
HEAT R RAE T DB AR A B A ik vh & A A
Wy R B el &, SR JE M AL T oREE (Bl {6, 1.
top) BEPRIEARE Y . SESAURE

t?\ tx\ IS\ IIO\

¥R MU www. jsjclykz. com



« 300 - TIN5

%33 %

T 505 500 [ b A A H . EGP RE 4% 78 43 1 35 56 8 1 45
R ER LA S5 A R AE . R G, e ki B2 . EGP g
G OR B O 22 2 AV ARRAE A5 06 AT $i2 o 8 B0 7 73 28 A1 4 81
£ P ITERER B

(a) fe GE B MALR AR
1 SREE TR R

(b) EGPRAFE ¥

e g fitrh, BRI (A 2 Pias) 558
XA R ZHAT 1> 1B BERAE, Z )5 MR A [ B2 K %
HEATHET DenseGCN Y FFAE4R B, I A 45 R AT 4.
FHEH EGP 47 B b B2k . 4 WAk R, r O EGP
HIBEHL R RAE A

K2 EERER

HAKIT . i3 top-k 5 WRFAE 1B b 2B 515 45 B
R AL AT R BT IO AL TE IR R B EL
It v oA 3 R AR AR I, O A B AL R SR AR R AR R
PRI F B PG RANEE. &5, BEHRTEEN £
AR KRG SRS B . i EGP By
SRILH G AT G I — DRI R BB B AL
TR AL AR R SRR fF S . EGP By it
AN I
X' P!

[
idx = rank (Score . k)
X, =X, ®h(X},, XD

Score =

(D
Score = sigmoid[ y(idx) ]

X' = X'Gidx,:)

X = X'®(Soreld)

H: ke RoRi L top-k FPEIEFEM Y SR, X
(B2 3 20 52 56 56 F 55 B8 40 M A 45 4 1 O X B A E
HARW G S A e 50 3 N2, ide F1 X' Gidx, o) 4y
I e e AU AR S RURRAE R M . A R R A
X, RREEN SIEIE, X, FRKEYLT RS RE K
LRI RRAE o T 2R R IR LS R I B 3 PR

A - R

DenseGCN @ P
0 EGP

B3 gafdaraitly (R Dy EGP At i 7 1 i)

1.2 EFrgRHEMEREHL (EGU)

SO AL A S i e S R 2 Y, O H
FR R W T R AR I TR R AR A5 09 B = 4 SRR R A2 B AH
W% BE KT, LME R JE 2 i A3 5 2 B S 1 38 =5 & i Al
WAEE . M. PR EGU B8 5 S R R E
BT R RO D T R IR T UG 5 B ) A A
AL SRR F B . 5 EGP 284, EGU i i
TR ST RUOR AR R R EE B . Bl SE . XAR SR A
WY G T REATRENL R RAE . DARRARIT S E 2%, IRl id
fREE e (E R, ZJ5, EGU X oL Sl g sm
FROEG BT R G . PR ER L. 5P 2R
g, EGU EHd 0w sl 5 HA R S =88+
M SR ICT , IFR R A 1 A5 B R G 5k b0 Y R AR
MERIR o XA T B A LRE S A UK I T KA 245 2 04 #i
B RRAE B AH R AR, A RE R IR AL KRB ),
[] I O B B S Sy AR AR AR AR B . X SE AR R EGU 1E
ManEEsh RIS 6, BERS TERNMHRE.
EGU iz it A F .

X, =X, @w(X, X)) (2

Hodr . X7 2 Bk BRI 215 5 19 g A5 8 AR B oA B 2
MARRIERE R, o O ENEENECEBFEBHE,
1.3 W%igit

HT EMAL AL B s o s an i 4 s, 35
UL U B G h 4% — A 4 454 O KR e, s R BT
DGR E L (EGP) T i S 55 59 B 3t 1k
(EGU) , d5c K B B2 b R B8 A0 = 5080 ob i Jma 350 4 4y Fn 42
JREEHE . W sk Ao

YR A AT 3 N RRAE £ U M 20 48 B = B8 FE
fiE, £ EGP i@k 51 A top-k 5L, IEFEAT 53 i i 1Y HT &
ASHLOTT AL ML R AR B, AR R UE G B R AE Y
P A ] o AR 5 R E R A R W R S Y
SUPFRHIESS B o 0% 25 2R T1 5 4 B 5 XF 0L 1Y 5 4 . 3 3k
55 G i 4 () Bk BR % 1 S LR B AR AR B A ROR A .
o EGU, 76 b AL B4R vh [ RE I £ b0y i, A )R 3
AR JEE G BEL T SRR S G R RS

¥R MU www. jsjclykz. com



5 10 39

WEW . 5. T ER AR R B 1 SO H TR - 301 -

A
v v s N
i @@DenseGCNs i
i @MEGP :
- ! @BECU ;
| aEE

4 BRI AL 1 s B DT R AR T

R o O ZT RRHIE S B BRI RRE .

TEE 4 RSN IR A0 2 53 5l 227 G ) g 1A 1)
fAE RS AR, M BAERTEM K P AL RS .
A E A RS R T S R R SUE R TR
T SO EE S R IR T B A E S R SR
2 XWHERSSMW
2.1 HIEEEEEER

S3DIS " J2 py H7 0 A K 2 A A 1Y — A RO = 2 =5
WA ESBIRE. TEZMATREsE 8. X
SHEE . ZBIE R T 6 DRI E N X . St
21U A, HMETHhAE, 2aE, ERWEZHNY
o BRSBTS T TR AR, {45 13
AXIGEH, MEEE, B 1T BT T, MR
5o VR IZECE S W SO R RE AT L S SR 0 i 2
ENGEZALRET] .

% {8 ] Tensorflow 1 Python3. 6, ¥ B 3h& N
0.9, Wlha% 2] %0 0.001, R K/NN 12, #HAT T
100 % 1 %x, A RS IERHEE (OA, overall accuracy) .
32 3 b (mIoU, mean intersection over union) A
325 5 HE B 3R (mAcc, mean accuracy) {E R 43 E
PEREVEMT 8 b5 o AHOCE LN -
Zfzocﬂ

OA = —= : 3
2 ::o 2 j:o Cij
| £ Ci
mACC = ﬁ Z,’:() E:\'ZU ¢ (4)
mloU = 1SV (5)

k+1’“2ﬂv+%fw(m
Hdr: e FRBIEER £ DL, o, RRK ARE
BOME ¢ Y A IT R T S 285 5 .
2.2 #ERE5HW
7 ETE SIDIS Bdli 48 E AT T Area-5 H1 6-fold 7§
F, 5 BA kAT T X, A0 45 PointNet '™,
DGCNN™, SegCloud™’, PointCNN"", SPGraph™,
HPEIN"™", MinkowskiNet'*, PAG™', PointWeb"'*,

PCT", SegGCN™", KPConv**', RandLA-Net**, DP-
FA-Net™, JSNet+ 4", szigsb Bansk 1 f3E 2 .
21 S3DIS Area-5 b (5 S #1145 B 8 %

WIR7S A OA mAcc mloU
PointNet AR — 49.0 41.1
SegCloud s — 57.4 48.9
PointCNN Jg 85.9 63.9 57.3
SPGraph AR 86.4 66.5 58.0

HPEIN AR 87.2 68.3 61.9
MinkowskiNet IUNES — 71.7 65.4

PAG AR 86. 8 - 59.3
PointWeb A 87.0 66. 6 60. 3

PCT A - 70.8 60. 1
SegGCN AR 88.2 70. 4 63.6
KPConv AR — 72.8 67.1

RandIlLA-Ne A 87.2 71.4 62.4
DPFA-Net AR 88.0 — 55.2
JSNet++ A | 89.1 64.7 58.0

A3 HEE | 87.7 73.8 60.0

%% 2 S3DIS 6-fold | HyiE X5 #0145 3t i %

Tk LN OA mAcc mloU
PointNet g 78.5 66.2 47.6
DGCNN Jog 84.1 — 56. 1

PointCNN oy 88.1 — 65. 4
SPGraph g 86. 4 75.6 62.1

PAG M 88. 1 — 65.9
PointWeb Jog 87.3 76.2 66.7
KPConv Jog — 79.1 70. 6

RandLLA-Net == 88.0 82.0 70.0
DPFA-Net g 89.2 — 61.6
JSNet++ g 88.7 72.8 62. 4

A FidE 88.6 75.8 63.1

TE Area-5 B4 b, AT mloU 353 60. 0%,
OA Jy 87.7% ., mAcc Hy 73.8% . MIEPEREIL T K £ %
HAth 75 . 76 6-fold #x #l 4& b, & 5 ¥ By mloU 2k
63.1%, OA }88.6%, mAcc K 75.8%, BIKTE mIoU
febr b AR T B TR RO (H S AR BB AR SR A6 T R
G, AR UL, AR SCOT LR M AR R B o S HME R R
(mAce) J7 A T 28 BTk, 6% 0 15 BE 18 1R 47 4tb
FRER R AN A& R S5 RRAE . TSR BIRS . &
Vi B T FE 5 2 1 S E S BRI .

5 OA FlmAcc ML, AT EFE mloU F8¥5 A
XFiEh e, AR SR AN

B, mlIoU XF /N H bR 26 50 S Uk, mloU J& 5
THEANENWN U #1738, X THF. R%E/NEF
00 43 B HE B ME MU, M Z T, OA Bl mAce
XF 70N AR 28 51 1) 52 i AE 3N o B AR SO YR AE A B X

¥R MU www. jsjclykz. com



. 302 - TIN5

%33 %

Se/NH bR I RCR A 05 BAR. S BURAK mloU FER. H
UCs IR UL 85 T B = BUBE 2. fE S3DIS K4 48
W EROR O Z T R AR RL . LN BR BE RIS AR . 5
TP ARSI IRAE X I X LA L2 i B T —
ERBE M ATy, FE mloU FRE. MELZ T, OA M
mAce X5 T H /N

Bl 5 BN T A SO kA B 2k % N 5t b iy n] AL 73
WIROR . NG53R AT UOLEE ] . %07 15 B 8 vt RU3 OF 2
FIARERENER, XEEMG T EGP M EGU ik
AP EAE . EGP 56 B il i JL A 29 RALH . 7EF R AR
WA RR B T ORI G AR s EGU BB T £R
LG RS, ST ER AR AR A M
P TR T AR AL 36k vh B JLA) — Bop: . Bl ) A
oA R AR R, AT 3R AT AL 7 B4R

(b) HHE

(c) 734 R
[#5  7E S3DIS |- iy Al LAk &R

(a) HIHH R

3 JEIR T ORI 7 i AE S3DIS Bl 4 b i 41 4 %1
Bi. NIRRT LR, AU IR EZ AR
B R A e RE, REERT (77.7%) . T
(84.8%) FuMit (97.5%) LT HEFHME N L
B T AR @ 1 4y RS B, 7E RS BE (80.5%0) MU &
(46. 4 %) S50 1y mIoU B84 T HAh K 28005 2.
EEP (59.6%) FIIT (41.6%) % HATE L LA 45
MR # BRI BREE . XHE TR ENEZEK
FROERLA L . 762 22 5 N 35 T BB A8 [ B 4 2 Jm B JL
G TR oy = ol N & = < N S BN o - R B A L
FULMFFAESEICRE 1. BT TRN LR BRI EBY

(54.2%) FIHEF (20.6%) K5, HAoBEENAE
PETEAsE, B EEA A O R B R, LW
RIIZITEX /N AR AT B M5 A 14 E
RORAXT A PR, 31X 32 T 8 = 50008 A B 7 3k 28 X3 1Y
i B T B, R R W 5 8 A A I 28 6 /N RUEE H s 11
FRAESRILRE J) . DA iE— 2 4R TH R 3 E PR RE

2.3 HBECIS

2.3. 1 R[] 1 T ko 56

HT RGEVEAE S B STk, AE S3DIS Fodl 4R 1
Area5 T4 LT TIMALSCE . R4 LR E R 0K
WE T EGP Al EGU 5 H /e 557 4iF 42 B 5 5 4t o 19 56 B 1
Mo Bk 5. 4R MH% 5 Graph U-Nets” i [y
gPooling fil gUnpooling &t 20 EGP #1 EGU i,
BRI B RORG B COA) FlF- ¥ 25 5 HE 1 % (mACC)
SR E R R 86,90 F 72.4% . Mgl RS B EGP 5f
EGU B i 4E B — A4, A2 23 OA Fl mACC 1
B G . X R R EGP A5 im o L] 25 FHL I 2L
R8T M W 2R 45 M REAE . T EGU A58 H ) 5 F 5% 46

HARFIESC I T RS S AR E A, —E MRS EA
FWD TR AR AR T R T B AE BG4 kL
JUTRFAE MR FE . X FE 40 E B, &1 XF 3D s 2 B0 dis i
P At Ak A S b AR R . 4R T S o3 E 4 R 1A AL
B, B EENHEESNEMERE L.

2.3.2 [ R AH T Bl S2 56

top- & Wk (EHEE T Ak I FR R AR B L T S
B, EHE R R IUAT SR i s R e . N R (S
SHOCHARIEE R . Wk KWk AE SN P55
ANITCRIER . N T HE kA, 76 Area5 B4R I HEAT
TX S (g, k€ {8, 16, 32, 64}), SLIG4EIR
mk 5 .

25 0l A, 2 k=16 B, % FEAESE
mAcc Fl mIoU $& b5 1 ik 8 e VM. X — BUERE S A
RO 36 05 2 R R AR S ) 2 BERRAE ] N e R A
2.3.3 AN REE B - By GRS AT

BEML T RAE LB - 3 BT S LA P G oK . 7E

# 3 S3DIS area-5 AYIE X 5r%E] mIoU X H %

Tk mloU | KAEAR | itk | JEE | B | #7 | @)p | T | 1T | AT Bk BRI AR | &Y
PointNet | 41.1 | 88.8 | 97.3 | 69.8 | 0.1 | 3.9 | 46.3 | 10.8 | 59.0 | 52.6 | 5.9 | 40.3 | 26.4 | 33.2
SegCloud | 48.9 | 90.1 | 96.1 | 69.9 | 0.0 | 18.4 | 38.4 | 23.1 | 70.4 | 75.9 | 40.9 | 58.4 | 13.0 | 41.6
PointCNN | 57.3 | 92.3 | 98.2 | 79.4 | 0.0 | 17.6 | 22.8 | 62.1 | 74.4 | 80.6 | 31.7 | 66.7 | 62.1 | 56.7
SPGraph | 58.0 | 89.4 | 96.9 | 78.1 | 0.0 | 42.8 | 48.9 | 61.6 | 84.7 | 75.4 | 69.8 | 52.6 | 2.1 | 52.2

PCT 60.1 | 92.5 | 98.4 | 80.6 | 0.0 | 19.4 | 61.6 | 48.0 | 76.6 | 85.2 | 46.2 | 67.7 | 67.9 | 52.3
PointWeb | 60.3 | 91.6 | 98.5 | 79.4 | 0.0 | 21.1 | 59.7 | 34.8 | 76.3 | 88.3 | 46.9 | 69.3 | 64.9 | 52.5
JSNet++ | 58.0 | 93.7 | 98.5 | 80.5 | 0.0 | 16.9 | 57.2 | 41.9 | 76.8 | 84.7 | 30.5 | 60.2 | 58.3 | 54.9

AL 60.0 | 92.1 | 97.5 | 80.5 | 0.0 | 20.6 | 59.6 | 41.6 | 77.7 | 84.8 | 46.4 | 61.5 | 63.4 | 54.2

¥R MU www. jsjclykz. com



5 10 39

WEW . 5. T ER AR R B 1 SO H TR + 303 -

A FET AR LI 9 S g A

EGP EGU OA/ % mACC/ %
X X 86. 9 72.4
X J 87.1 73.1
J X 87.2 73.0
J J 87.7 73.8

K5 RIA kB E L RE A S

kFAH OA/ % mAce/ % mlIoU/ %
8 86.5 71.2 58.3
16 87.7 73.8 60.0
32 87.1 72.6 59.4
64 86.8 71.9 58.9

TR RCRIT L B T SRR B AT L 3 D A Y
SEC RN BT AR LA SE R T T . B
F EE B RE 9 O B B 22 JR B, A T S A AR NS R Y
FRAEQREE . D A RCR SRR . FRATR 3 2 S AT
SR fEMTGARE 3 NERYh . S E r=0.3, 0.5
0.7 B ASTR] L B PR R B HL T SRAE EC A - X5 20 0 1 BE 1Y)
SO T AR T I E A
6 RIERRAE LG - B L SR B A R

ZE% FREEEH r | mIoU/% mACC/ %
1 0.3 58.9 72.1
2 0.5 59.7 73.4
3 0.7 60. 0 73.8

W 6 TN, 43 )2 a8 3G 0 afE =0T SR A A8 R 2 AR
EHcPRIEAR, FHERELF LT CGE E B mIE
JRFBILMT A, REIE BLRFAE Bl )2 K A2 4k, RIZ IR
WEZILM A (r=0.3), MRZMEIELREG r=
0.7), FHE Area5 $3R4E 1 SEBL T 73. 8% 1y mACC, #
B2 B2 1. 2%, [EREENE, d/mm - i r
=0.9 S3BUNEI (HEF) B mloU FREL5.7%,
iR TIE A R EE . 5 E R
Graph U-Nets) fH b, A% B R £ LT3 803 0 [\
BF 3T T GRS Y oy BRSO S A R OR
W B T LB, (H Lz APk AT BE 32 B 4R % B O A 1 5
Wi, AR RIS i A 38 N A 2 il S EGE— itk .

3 H£WRiE

BT E AR AL 1 5z i S0 BT IEAE R o R
TR KA TR EAR . I OGRS TR A .
1 A DeepGON $2HURL B # FMRFAE . AN fLRE A% 3 U
MRBE R G Z MR SE R . I REE HERR . A Hoit &
BB HBRREIEE B . R (EGP) Hitfe
(EGU) #4EH, R topk MK & Ao i, I

RAHHLABERE B . AR 7B 2 ) R, b
BHWA TR AE R RE K. A, i U BS54l
BB R, BE— PP TR ER L. S5
SERERAE T AR SORE L 4 00 8P R B o ROk R L 22
K BT RN T 5 2 . 0 B S e DL R
HEGFETH Az EIRE, o, & REGIA
U’ Net BERL, 33X 0] BE 23 ik — 20 $1 iy B8 0 7 0 245 2R 1) oE 1
PEAE R

L E e
[1] 3/hE, SRR, H 58, 5. UGN T i =4k
WS ER I [T] 8P BB 5 BB 22 22 4,
2025. 1-10.
[2] JTH., LUO X. 3D scene reconstruction of landslide topog-
raphy based on data fusion between laser point cloud and
UAV image [J]. Environmental Earth Sciences, 2019,
78 (17): 534.
[3] ZHOU T, ZHU Q, DU ]. Intuitive robot teleoperation
for civil engineering operations with virtual reality and deep
learning scene reconstruction [ J]. Advanced Engineering
Informatics, 2020, 46: 101170.
(4] Z k&, Wa‘k. & B, 5. EABREHRGRIEHE
oy gy [1) s pLE B i 5 B 2 % 4. 2021,
33 (7). 1026 —1037.
(5] 2k %, 3cd, Xkik. %, BT CRrm il =48 K
moaE KRG E B SR ik (] B KR TR R
2025, 45 (1): 95-103.
[6] NIEMEYER J, ROTTENSTEINER F, SOERGEL U.
Contextual classification of lidar data and building object de-
tection in urban areas [J]. ISPRS Journal of Photogram-
metry and Remote Sensing, 2014, 87. 152 —165.
[7] WEINMANN M, JUTZI B, MALLET C. Semantic 3D
scene interpretation: a framework combining optimal
neighborhood size selection with relevant features [J]. IS-
PRS Annals of the Photogrammetry, Remote Sensing and
Spatial Information Sciences, 2014, 2. 181 —188.
(8] EZ L. Je T /AR KR40k = o3 % [D]. /R
T M/RIE TR R, 2022
[9] LE T. DUAN Y. Pointgrid: a deep network for 3d shape
understanding [C] //Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition, 2018 9204
-9214.
[10] ZHU X, ZHOU H, WANG T. Cylindrical and asym-
metrical 3D convolution networks for lidar segmentation
[C] //Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2021. 9939
-9948.

[11]J1J, SHIR, LIS. Encoder-decoder with cascaded CRFs

for semantic segmentation [ J]. IEEE Transactions on

¥R MU www. jsjclykz. com



. 304

TS AL A 5 45

933 %

Circuits and Systems for Video Technology, 2020, 31
(5): 1926 —1938.

[12] CHEN Q. CHENG A. HE X. Spatialflow: bridging all
tasks for panoptic segmentation [J]. IEEE Transactions
on Circuits and Systems for Video Technology, 2020, 31
(6): 2288 —2300.

[13] SUN X, CHEN C, WANG X. Gaussian dynamic convo-
lution for efficient single-image segmentation [J]. IEEE
Transactions on Circuits and Systems for Video Technolo-
gy, 2021, 32 (5). 2937 —2948.

[14] LAWIN F J, DANELLJAN M, TOSTEBERG P. Deep
projective 3D semantic segmentation [C] //Computer A-
nalysis of Images and Patterns: 17th International Con-
ference, Ystad, Sweden. Springer International Pub-
lishing, 2017. 95-107.

[15] BOULCH A, LE SAUX B, AUDEBERT N. Unstruc-
tured point cloud semantic labeling using deep segmentation
networks [J]. 3dor@ eurographics, 2017, 3: 1-8.

[16] QI C R, SU H, MO K. Pointnet;: deep learning on
point sets for 3d classification and segmentation [C] //
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2017. 652 —660.

[17JQICR, YIL, SU H. Pointnet+ -+ deep hierarchical
feature learning on point sets in a metric space [J]. Ad-
vances in Neural Information Processing Systems, 2017
30.

[18] ZHAO H, JIANG L, FU C W. Pointweb: enhancing
local neighborhood features for point cloud processing
[C] //Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2019. 5565
-5573.

[19] LI Y, BU R, SUN M. Pointenn: convolution on x-
transformed points [J]. Advances in Neural Information
Processing Systems, 2018: 31.

[20] WANG Y. SUN Y, LIU Z. Dynamic graph CNN for
learning on point clouds [J]. ACM Transactions on
Graphics (tog), 2019, 38 (5): 1-12.

[21] LI G, MULLER M, THABET A. DeepGCNs: Can
GCNs go as deep as CNNs? [ C] //Proceedings of the
IEEE/CVF International Conference on Computer Vision,
2019. 9267 —9276.

[227 GAO H, JI S. Graph unets [C] //International Confer-
ence on Machine Learning. PMLR, 2019. 2083 —2092.

[23] QIAN G, ABUALSHOUR A, LI G. Pu-GCN: point
cloud upsampling using graph convolutional networks
[C] //Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2021. 11683
-11692.

[247 ARMENI I, SENER O, ZAMIR A R. 3d semantic par-

sing of large-scale indoor spaces [ C] //Proceedings of
the IEEE Conference on Computer Vision and Pattern
Recognition, 2016. 1534 - 1543.

[25] TCHAPMI L, CHOY C, ARMENI I Segcloud: se-
mantic segmentation of 3d point clouds [C] //2017 In-
ternational Conference on 3D Vision (3DV). IEEE,
2017, 537 —547.

[26] LANDRIEU L, SIMONOVSKY M. Large-scale point
cloud semantic segmentation with superpoint graphs
[C] //Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, 2018 4558 —4567.

[27]JIANG L, ZHAO H, LIUS. Hierarchical point-edge in-
teraction network for point cloud semantic segmentation
[C] //Proceedings of the IEEE/CVF International Con-
ference on Computer Vision, 2019: 10433 —10441.

[28] CHOY C, GWAK J Y, SAVARESE S. 4d spatio-tem-
poral convnets: Minkowski convolutional neural networks
[C] //Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2019. 3075
-3084.

[29] PAN L, CHEW C M, LEE G H. PointAtrousGraph:
deep hierarchical encoder-decoder with point atrous convo-
lution for unorganized 3D points [C] //2020 IEEE Inter-
national Conference on Robotics and Automation
(ICRA). IEEE, 2020. 1113 -1120.

[30] GUOM H, CAIJ X, LIUZN. Pct: Point cloud trans-
former [ J]. Computational Visual Media, 2021, 7:
187 - 199.

[31] LEI H. AKHTAR N, MIAN A. Seggen: Efficient 3d
point cloud segmentation with fuzzy spherical kernel [C] //
Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, 2020: 11611 - 11620.

[32] THOMAS H, QI C R, DESCHAUD J E. Kpconv:
Flexible and deformable convolution for point clouds
[C] //Proceedings of the IEEE/CVF International Con-
ference on Computer Vision, 2019: 6411 —6420.

[33] HU Q, YANG B, XIE L. Randla-net: Efficient seman-
tic segmentation of large-scale point clouds [C] //Pro-
ceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, 2020. 11108 -11117.

[34] CHEN J, KAKILLIOGLU B, VELIPASALAR S.
Background-aware 3-D point cloud segmentation with dy-
namic point feature aggregation [J]. IEEE Transactions
on Geoscience and Remote Sensing, 2022, 60. 1-12.

[35] ZHAO L, TAO W. JSNet + +: Dynamic filters and
pointwise correlation for 3D point cloud instance and se-
mantic segmentation [J]. IEEE Transactions on Circuits
and Systems for Video Technology, 2022, 33 (4):
1854 - 1867.

¥R MU www. jsjclykz. com



