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Research Overview on 3D Mesh Simplification Algorithms and GIS
Application Based on Deep Learning

LIU Xi, LIU Gang, CHEN Genshen, FAN Wenyao, ZHANG Junjie
(School of Computer Science, China University of Geosciences, Wuhan 430078, China)

Abstract: With the advent of the digital age, the widespread application of 3D models has led to a continuous pursuit of efficient 3D mesh
simplification technology. Deep learning, as a powerful pattern learning tool, has emerged in the field of 3D mesh simplification in recent
years, bringing new opportunities and challenges to 3D mesh simplification. Firstly, a comprehensive review was conducted on existing 3D
mesh simplification algorithms. The system has summarized the main methods and frameworks for 3D mesh simplification using deep learning
techniques in current literature, including deep learning structures such as mesh convolutional neural networks and graph convolutional neural
networks. Subsequently, the application of deep learning 3D mesh simplification technology in fields such as geographic information systems,
graphic rendering, and computer—aided design was introduced in detail. Highlighting the potential value of deep learning in improving render-
ing efficiency, reducing network transmission overhead, and spatial analysis and querying. Finally, the full text is summarized and the future
development direction of simplification algorithms is discussed.
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BF, X =2 A% HEAT S S TR . XDy AR AR A AR (R T Y
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F_ (V)= c(MLP(AvgPool(V) + MLP(MaxPool(V)))

=o(W *p(W(F,,)) + W*p(W,(F,,)) (8

Hrpr, o RORWTEREL W, 5 W, Z 2L MLP (1)
FUE , p #/R8 ReLU BRELL F,,, 5 F . 53 W 0 2l AL 5
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Z AN G, LA R (T 4k 5 0% T T e b DR 45 5 s A 1Y)
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Zhang %7 B T — B OET B 00 T 05 5% 1 46 BU IR
(Vertex Connection Convolution, VCC) H F 4b # = £ [ #%
B, VCC FE4 AT T RS rh T 22 () 1) 32 4 M 5, RE A
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Y5 9 R B 1) 2 2% FE 085 . Huang %6842 1 T — i A
T = A 1 5 B 2 I 25 254, % R R T T — T
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PEFITERE
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AR, Picasso B & A0k 42 25 T FITAT %) JL AR 2544 . Pi-
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B ] A 1 328 S RRAE R TETRRAE , DASRE 5 R AiE 2 U
PATROR o facet2vertex £ B 48 AH SIS T 119 4 AE 31 55 T0 A2
FRAE 30 2 b B T8 R L OCTR B BRAR b AN [ 057 8 D) e
SCPAAZ 1 I AR AN R, R AN [] 3 i TR A 0 A
SRR T A PR IR AL . Picasso AR TH £, X 1z 9 1
] 8 n, TSR] R A, 2 TR A R SRR A Dy
w,, WS v 09 A0SR T N (o), TRRAE S J,, 45 2 TR R
fiEL,h

1 .
Iv - N(’l]) zﬁiN(v)(zt:lﬂitwm)]i (9)
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vertex2vertex 3= FH Fll facet2facet 3 L H vertex2facet &
TR facet2vertex 45 AR A B, I EURFE £ 05— Fk b FH F T00 4%
FERFIE o [R1B, Picasso AN FRRUE TR A4S , A B2, B T
SRR R A ISR o iR T ORSE % 2 TR AH B ST Pi-
casso F ] GPU X 4 A T 75 147 $AUA T IO s il BB, A 4
e 1 AR AL Y PRA T AR

Lei 45V FE Picasso B4 He Ak 35 15 2y i f SE flt | 0F —
BT — R R Y 53 )2 28 W 45 PicassoNet ++, Picas-

soNet ++41 & — Z I R AF LA FRAE BB AL #24F ,
o s 25 BRI P R R S Ay 1E 28 5 D A o 8 45 R OB
FAH GPU sk X o A 113 B B i £ b 3L, DRI 17 8 408 1 202
2 BIRRRAE I AT BRI Lb 3] SR M, PicassoNet ++ 1 fac-
et2vertex & UMY & i 2 B B TR TIAZf a5 Z Ml 1
AR S B, T JC DR e e A 728 1%, AT AT - BB B 7
AN [E) L 2335 Wz AL RE T T B .
315 AHBAE

F i 5 %5 ( Autoencoder) F 4 i %5 ( Encoder ) % 2% 1 i
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R A7, P o i A s AT B AL [ N d5e /b B A 5 5
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25 DL PR () 2R IE . IR A RIS F REG T
Spatial T B gt 25 0978 B #i é’élm?%(Deep Neural Net-
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Fig. 6 Hybrid point—cloud encoding process
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Table 1 Network structure for VAEs encoder

#1 VAEsHRIBBFMELEN

Z BT O R FEAELE R BRI PR
1 Conv3d+bn ELU 64 x32x32x32 4 2
2 Conv3d+bn ELU 128x 16 x 16 x 16 4 2
3 Conv3d+bn ELU 256x8x8x8 4 2
4 Conv3d+bn  Sigmoid/ReLU 512x4x4x4 4 1

H AT, K 2 B0 A 5303 249 356 7 U Aer B T 4 o B
W, Yan 25058 5 Y 56T & [ 36 4 15 2% (Graph Autoencod-
er, GAE) MR EE 24 ) ik LA AL 500 o 2 B A 42 i T
AR R IR A St AT T e el PR A 4t Y ] 4 AR
FH T8 2R, 380 5 £ FH B /0 F T et 04 D i
A VISR RN o 0 PR Ok pR AR, IR B i) LATE S
— I 2E I HESR TR 20 TC T RURE AR AR BE DL KA B REAE
RERR AR LY b I TR 2 2T B A T ARG —
Yan %5555 A O 9k T B R B IR B |, A SR B
ABREE LT 2 S AZ ALfE S TR Schonhof %
$& 5L T EfficientNet 2244 1Y VR B 5% 22 3D H el i &%, B
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TEAE A 3l 2 55 458 78 B AR e Bl B S 00T LATE M B /Y
J7 AR EAT R AR~ ) AR AR B Bt 1l SR idla A
FEIX— Pk

PUAT HE T IR HE 27 ~F 1) WA g AL 300 22 TA) A K R A ] 7
IR o He, GNG i 8l 25 VR 4 o 28 e i DL WA ]
R A 2 4 TS AT Ak BB S A A Y
RAE o BRI, GNG X R RUASE (R s 1) i £ 1 REAT BIR L e JEE 4K
T SHOE . GNN FI IR 28k b B AR B0 L 365 T4
FURE RS o 2 E R MNEEOR , GNN REAS T 4
L fige 0 Ak BRI KR R A BT AR R OE TR O k.
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SR RO AE A R RS 22 AT OB [ e s fl .
T 2R A5 549 D0 R TRT A A1 M) P 4 B e e 4 T LB i
REh s TEA DA%, T LSRG RIOR B A% B0 SC BRIl . (EAE I
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Fig.7 Algorithm relationship
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B LN AR B AN R 1
4.1 FUREEILLE

b JUT AR TR I R b ST 2 | b K B 2 K b BR b2 L
P H T () = AR T SR A M R ) R A B R
FEGRIE IR R M R K A R TR o b O A A T
G T PR, LA M SR b Ik BRI | b sk Ak o
G3AT LR A o b BT A AL A K Y = A

el T AUERE A8 2R S 11 T PR

TEAL B = 2 3t S PR RY IR A fi] A 15 AR — T S
D7 U T AL LA o Ak RASCR R AR A it 75 SR O 7
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Fig. 8 Mesh-based 3D geological model
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Fig. 9 Multi resolution line
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Fig. 10 Simplification effects of mountain ranges
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Fig. 11 Simplification and adjustment of terrain meshes
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