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Abstract: The 3D real scene forms the spatial foundation and provides a unified spatial positioning framework and analysis
basis for digital China. According to content and hierarchy, 3D real scene can be categorized into terrain, city, and compo-
nent levels. The city-level 3D real scene is mainly composed of 3D mesh models derived from oblique photography, LiDAR
(light detection and ranging) point clouds, and texture images, which are semantically processed and integrated with real-
time perception data. Urban 3D mesh models are primarily composed of vertices, edges, triangular faces, and texture

images. Compared to point clouds, 3D mesh models not only display more detailed information about objects but also allow
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for easy control of the level of detail through adjusting the parameters of the 3D mesh model. The focus of 3D real scene is
on the digital mapping of production and living spaces, which can assist in the fine-grained management of cities and serve
intelligent urban planning and construction. Interpreting 3D mesh models of urban scenes, such as semantic and instance
segmentation, is a crucial step in constructing city-level 3D real scene. Currently, the semantic and instance segmentation
of urban 3D mesh models primarily involves manually drawing the outline of object and cutting out each individual object
from the 3D mesh model using object boundaries, followed by assigning semantic information. However, urban 3D mesh
models are typically represented in a tile-based format, and cross-tile cutting can easily lead to issues such as fragmenta-
tion, seams, and discontinuities in the model. In recent years, deep learning technology has seen rapid development.
Deep neural networks, due to their ability to learn discriminative high-level semantic features from given datasets, have
been widely applied to the interpretation of image data and three-dimensional data (such as point clouds and 3D meshes).
In addition, with the continuous improvement in the performance of graphics processing units and the expansion of anno-
tated datasets, the accuracy of deep neural networks in interpreting 2D images and 3D data has significantly improved.
Despite significant progress in the interpretation of 3D mesh models, most of these studies have focused on small-scale,
toy, and simulated 3D mesh models. Research on deep neural networks for interpreting complex urban 3D mesh models is
still in its early stages and faces many challenges and difficulties, primarily in the following three aspects. 1) Urban 3D
mesh models are often irregular and may contain holes or be nonwatertight, making it difficult for traditional deep neural
networks to directly apply to these models in extracting highly discriminative features. 2) The efficiency of extracting multi-
scale feature is low. Traditional 3D mesh simplification methods (such as quadric error metrics) , which are used to gener-
ated hierarchy 3D mesh, use greedy strategies that are difficult to parallelize. When processing large-scale urban 3D mesh
models, these methods inevitably increase computational burden. 3) Compared to benchmark datasets for images and point
clouds, publicly available benchmark datasets for urban 3D mesh models are scarce. The structures of buildings, roads,
and vegetation in urban scenes are complex and varied, making the annotation of urban 3D mesh models not only require
specialized knowledge but also consume a significant amount of time and human resources. Compared to the intelligent
interpretation of images and point clouds, the application of deep neural networks in the interpretation of urban 3D mesh
models started later but has still seen rapid development. However, currently, few review articles systematically explore
and summarize how different deep neural network architectures achieve the interpretation of urban 3D mesh models. There-
fore, this paper aims to systematically review and summarize existing deep neural network methods for interpreting urban
3D mesh models and highlight the open challenges currently faced by researchers, providing a reference for future
research. For this purpose, we initially survey the vast literature and categorize the intelligent interpretation methods for
urban 3D mesh models into three classes, according to the types of representations used in processing urban 3D mesh mod-
els. 1) Methods based on multiview images attempt to project 3D mesh models into 2D images from multiple viewpoints and
use well-established 2D image deep learning methods to learn discriminative semantic features from the projected images.
Subsequently, the semantic features learned from the projected images are mapped back to the 3D mesh models. 2) Meth-
ods based on center-of-gravity (COG) point cloud representation convert each face of the urban 3D mesh model into its
COG point, thereby abstracting the entire 3D mesh model into COG point clouds. Subsequently, intelligent interpretation
algorithms designed for point clouds are used to process these COG point clouds. Different from traditional point clouds,
COG point clouds can inherit rich texture and geometric information from the urban 3D mesh model. 3) Methods based on
3D mesh elements aim to define learnable operations (such as convolution and pooling) directly on the 3D mesh elements
(vertices, edges, triangular faces). This approach allows for the direct learning and extraction of rich high-level semantic
features from the urban 3D mesh model, thereby avoiding information loss that can result from preprocessing steps such as
multiview image projection and centroid point cloud abstraction. Subsequently, we conduct a detailed comparison of the
four categories of methods and outline their current challenges. Furthermore, we summarize commonly used datasets for
intelligent interpretation of urban 3D mesh models and compare the interpreting performance of different methods on these
datasets. Finally, based on the systematic survey and comprehensive performance comparison, we discuss some promising
future research directions from aspects such as dataset creation, 3D large model construction, and application scenarios.
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BTk, LURAHR R P ok SCHUN , feJ5 4% 2D &
QB PELE R S m $ 5 B 3D A | TR RS 85
B Bt , OrthoMeshSeg J5 16 M IE S KSR R &, 1T &
AT T 2 Bl 7 ) R A — RO, JF R CGAL
(computational geometry algorithms library) . H. £ &
HHEZOLL S 3D Mesh B AL A2 51, ARG 4538 1A
B T IE S ERR R . 1 2D BRI B
B, o T RENE B IO B R PE A3 SURFAIE , Rong F1
Shen (2023) F| H] ResNet 43 51l % i 44 9 RGB [€ {8 Al
e FE R IEAT RRAE SR I, IFTE ResNet 55— J2 /5 1
& 0 5 BRI R A5 B (cross-modality feature
aggregation module, CM- FAM ) Xf RGB E{G 451 1 55
PRFHEFATRAERL G o ResNet fie)m— 25 th il &
FRAE B R A KL T2 RRAE Y BT S5 B (CF-
CGM) , A BRSBTS AR 1) 5, JFARHE 2 1 R Ak
] i 518 2R SR AR AR DL EE H X S I R R
BB R RIREFE D o B, PHEIS IR E R A
DeeplabV3+ (Chen %5 , 2018) () f# it 2% #E 1718 X 43
Ho TE YRS 4R SCRlG BB, OrthoMeshSeg J7
245G 2D U R 45145 R 5 3D BEAY Y JL e — 2t
HRIHATHR G PLAL , LAaE— 284 @ T 3D Mesh #E#Y
i e WER I o 7F InstanceSegMesh (Chen, 2022a)
H, R AT 2D-3D Al S BRI KT 3D Mesh 5284
SR AT SE ) ) o A T S BIR G Ay Bk AR
Chen(2022a) & Ali T B 1~ 2& T 3D Mesh 152 1 1 512 3
A3 ) o B 4R InstanceBuilding, 1% £ 4 0
T A AR TC AL IR S X R Y 3D Mesh B
B %) E S d H Swin Transformer(Liu %5,2021)
XF I AL EAG i J TOUE AT 4 31 153 52 i g gt
SR 3k B R S ) 45 5% 3] 3D Meesh #5541 i (14 2 51
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Yy b HE AL 3D S Fe i, ] MRF 5231
3D Mesh 5284 L SR ) (1 HAR AR 23

JAE T ) Z2 A0 IR RS SR i 5 12 © 28 R B 3
25 W 2% (deep neural network , DNN ) fiE % Ab FH AL AR
(IR TT 3D Mesh B8RSR HIE | 15 350 2 05 AT 9K T i
ZPRAR 7T, Z2 IR R A R i SURRE AR 2
S la e e b 2 IR G B B A AR, jk 28 P R
AN 3G 1 23 X 3T 3D Mesh B figf iR 235 5 7= A=

SO 5 73— 5 T, b3 T 1) 22 R PR s 1 O ik

o, A B Z4E KRR, Z0% T 3D Mesh
RRAL A A JLART 25 TRV R , 5002 30 A SCRFAIE %5
T B, 500 3D Mesh A5 () i RS 2
1.2.2 L6z RN 7k

AR S S NIz W = AR e R
AIB A, H B AR AR R AR EE AR
YR AREIEAT TOREWTIE, KT — R it
[ BR B 2% 2] 7571 (Gao 55,2021 ; Zhang 57 ,2019) . H
F1 | PointNet (Qi 5 2017a) F1 PointNet++ (Ql A
2017b) BN by 2 = 4E 2 b B Y B R A T Uk o
PointNet 75 EL 1% 5% 2] JOF 5 = 07 LB A I BIPERY
X o 7E PointNet 11, £ 22 &A1 2% (multilayer percep-
tron, MLP) ¢ FH THRFESEHL, 1M T-Net U] H] &b 38 5
TP S IURTER: . R4 PointNet 7EAL BT P
SRBHE T R A (B AE—SE B B A B
Nk = R ER A A5 B AR RN RE 1A R DL Sl =
ETFFERS. T v Xk 2 e R, PointNet++7E
PointNet [ JEfify b X FRiF 42 BUBTH R 47 T el idt | 38
it 22 JR W SRR IBOAN [ RUBE B AR ik, 35 1%
JRtR AR B FERE 1. BARTF , PointNet++7E
FEANZ W AR GBI s AT o A, e A o320
B PointNet 5~ W 8 K 42 U PR RHAIE . dl i 2 2
W RFE$EE A H FPS (farthest point sampling) J5 7%
Az S ) 43 A B P 5 A, BERE AR AL B S = 2
i B G A A SR R AR, O FLOR R R A T AL
FHEEEM: . F PointNet A1 PointNet++ 1) JEfilf I, 7/
BT — RSN T R 72 7 ik

55 M, 3T 3D Mesh £ R g g 424t &2
15 B Canes 73 BE R gc | X R i etk ) O HL
REAS RS A1 2 AR AL R BN X B, T =i
B BE AR OT VR R S 1 BE S U S B BEE
P AT O = A S BRI R I T T
3D Mesh BRI PERT ST o — 0N, IR 3D Mesh

AR v B A TRT R e e B SR SR, T
A~ 3D Mesh £5 B 52 1L BT 55, 25 (centre of gravity,
COG). ZJa, MM =4k iz o B REMF IR L 0 i
SO R m AT A B . AN[F ARG 4 s,
O 25, 25 AEAE IR TIT 3D Mesh A5 1 v 24k 7K 2 5 il SC B
HILATAE B o Tutzauer % A (2019) #8351 Multi-
Branch-1D-CNN J7 # (George %5 , 2018) 1 3§ 117 3D
Mesh #5 A fi# % J7 101 A9 ¥ 77 o 7F Multi-Branch-1D-
CNN T MEF BT R = Mm i 2 RE
FRET LR ), M B0 i s, BV = A T
F = IH— AR AL 1] ok R AR5 i A %) 1D
CNN P BEATRFAE SR HL . R T, Multi-Branch-1D-CNN
T R 84y YRR, T 20 1 SRy iRk, 2 3UR
FRAY 220 RRAE SN RE ) A R A AL, 52 ) it 1R 45
ROKEEE . A 1 i SORAF BAEIRTT 3D Mesh #5744
i PF P Y HE 22, Laupheimer 55 A (2020b) 4 35k 17
3D Mesh 15 AU ] .00 5 = 2R 3R, 1 HLBT O 5 = B
AR AE A S AL EE = A TR I B Y SO8AE B
(hn HSV A28 I E A ) 15 = ff T A9 12 [ ik, e
J R TR o) 50 968 B2 ol 228 IO 48 5% Jo 0 o = SR AT 1
P, T SEBXT 3D Mesh 5 A) A9 fi# 1% . Laupheimer
4 N (2020b) 75 74 @l 5% 56 b b %8 T RF (Breiman,
2001) . PointNet (Qi %5 , 2017a) . PointNet++ (Qi 45 ,
2017b) A1 Multi-Branch-1D-CNN (Tutzauer %5 , 2019)
(R PERE 1, 45 5 3 W PointNet++ 3815 T fie i () fift
PREEIR . X FEJE AR PointNet++ A JZ R Ak 145
fIE2= 2T RE T, REfE SE 4F MM P2 R A A 42 Jm 15 8 . [+
B, Rl SE IS L IR T SO B S AT IR
4 JRp Y I N 42 151 3D Mesh BB AY AR KT FE . % T4C
PRAE BAEIT 3D Mesh BRI rp A T ZEE , SRR 2
A N(2023) 7R H A 52 2 T s A P BRI 4% — 4
Yy 5eit LAy E1 974 3DCity-Net 71, F ] 3D Mesh #5571
(B 1Y = 42 [B] Al AR B R SCHRE DA Y 55
AIE [ FER 271 3D Mesh BERS R i) =TT A D P I
S BRI FTCAS ST 3D Mesh 1547 fig
PEORE JE (9 5% ), 3DCity-Net 76 8 T M 45 DGCNN
(dynamic graph convolutional neural network ) (Wang
4F,2019a) ik A T E R B AR 3DCity-
Net REASTE — & 2 E_F AR SRR B M s AT AR
F X 3D Mesh B RY i 0K B2 A S0, EL2 3 o
I3 MRS AN BTG, X DL S B 2 S 1 0 A
PiX — [A] #1, Zhang %6 A (2023b) 7 3DCity-Net F fi
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8 R i s = YN R B R BRI

42 5 Mesh-based DGCNN i 17 3D Mesh 155 7 i 1%
BHE . Mesh-based DGCNN 7E [ £ 45 #4) i A S0 R
FR RS B TIF, SEBL T R SO B A i 2 i A
MRS RO E R . BAR IR SO E B A
B B RE RS i SO AR R A M T AR BB BE A
LM PEREM I, (R SORE B A AR R
T OMELUR RS S 9 BLR AT RS o T
i AL RS 25 ) S AR b T A 38 SCR B 45
¥y, HBA 2 ) W] i BER AR 1Y g 0 NS 1y B f
B, 2 LR B AR TE 5 5 AR A AT 55 Th AR 3]
TR . I, B XS B R ], Zhang Fl
Zhang(2023)7E Mesh-based DGCNN F%)FEfiff |- 38 1+
& i ER A S AR T OL A0 4 Mg e e |
T 3T 3D Mesh 5 7 fif % % £% MeshNet-SP.
MeshNet-SP #£ F LISTA (learned iterative shrinkage
and thresholding algorithm) (Evtimova Fl LeCun,
2022 ; Gregor il LeCun, 2010) HEZLSZEE T A] 4 A4 #
i A5 Y (differentiable sparse coding module, DSC) .
Tl S2 I 25 R W], DSC BEIRAERS 11 MeshNet-SP 75
N1 K B g 37 M P 1 AT BLAT U R 1 L RE A AR
153 HA HERRE BE AT 3D Mesh R4 R
5 ERTTEAR, T HE5R B0 L R 1]
(117 B4t , Laupheimer % A (2020a) $2 1 45 LIDAR
(light detection and ranging) }5. z= 5 3 117 3D Mesh £
R Z2 RS R PEAE S, 38 3 1 25 —Mesh B A (point
cloud mesh association, PCMA) #L il , i LiDAR & =
A Y T TR R 5 7% 38060 1 19 = A T e (Bt
75 ) FFAE ) 5 0 2833 PointNet++ [ 2% i 4 3D
Mesh #5 RUAR 21 22 e A% B X NLAY LIDAR iz L, A
1M 5B LIDAR s 5 Bl AR o 38 3 ] PCMA#L
i, MultiModal- Net(Laupheimer Fl1 Haala, 2022) 1EIH
AlSEg T, E— DI E 145G SRS 3D
Mesh B BY fift AT 55 P B D0 B
554 3D Mesh B3 0y 500 A5, 25 A A PRHE R |
B4 LiDAR 5 5 55 3D Mesh B8 f) i PRHE 4L AR [H]
Wilk 55 A (2022) AN B AEALBE 3D Mesh #4784, i /2 4k
HAE B 3D Mesh A58 R ) 508 B, 4 T R) 52 45 A
LiDAR 5z o Wilk 45 A (2022) ¥ 55 73 31 F| H] PSP-
Net (Zhao 4§ , 2017) Al OPEGIEKA’ s J5 ¥ (Dominik
45 ,2021) SHBUARHE AL R LIDAR (= #1728 R
PR A 45 B A 51 3D Mesh A5 70 () A it A2
AT RN A 1 A5 B 3D Mesh #5817 Grzecz-

kowicz A1 Vallet (2022 ) 2 Fi| FH 20 25 KA (texel sam-
pling) 2% A # K F£ (Poisson disk sampling) 77 ¥ B 4%
IR TT 3D Mesh #5081 2 1 SR b = 4E i = 8dls , R )R
I 5 328 1) =4 55 2= TR FE 27 2] 7 1% KPConv (kernel
point convolution) (Thomas 55,2019 ) X} SR AE ) — 4 45
= AT IR, o R = R 2 RS R S 1) IS 3
BT 3D Mesh AL 5@ 1 FEI T 3D Mesh £ AU 5%
T HEAT SRR AR I =L S = A LU LA H 1) n)
A8 3 42 A R S R R A A PR R MR RE S R 5 2)
YR S EA U R0TE I 5 3) A U =4 s
B SOHAE D 5 4) =4k i = AR AT LS ) 1 R 0]
WSt 5] 3D Mesh (9 10 & 8 = A il . Grzeczkowicz
A Vallet (2022 ) 18 2 17 fill 52 50 3k 1 A AR SRAE /L
IR =2 5 2 BRI B B 4 1) ik 1 45

BRI, TCIR T 3D Mesh BERIG: Sy
Ji0 5 i S8 I T 3D Mesh AU e Ta | RAE =4
S, R AR BRI B AT BN R R R T KNN (K-
nearest neighbor) 55 J5 {2: R AR MLSR & , I A 785311
JEUGIRTHT 3D Mesh B2 rROTER (T = A1 1i F A4 )
] A AR SE R o R LT R A RS S LA
B 55 2 43 M B BF9E (Wang 45, 2019a, b; Zhang £l
Zhang,2023) , KT 3D Mesh BA 4Rt T —Fiir
F . GraphTransMesh(Tang 55 ,2022) ¥ 54~ =1
T A B9 50 55 COG (center-of-gravity ) # 4 €] (graph)
A TGRS, T T 98 32 0] ply = A3 D AR ARL R DG R TR,
P 3 Bz, Holf (o s AR ZL (0 i i — B4R

K3 COG B Z5H iR B B (Tang 45 ,2022)
Fig. 3 Schematic diagram of COG graph structure generation

(Tang etal., 2022)

BT AR Z ROE B RRE , GraphTransMesh #& T
Transformer F1Z R 454 , &1 T — 21l U-Net(Ron-
neberger 55, 2015) (1 W 28 25 44) , Q] 4 B, 42 i
T COG &T o SR A A L SR B0 T a0 B ) SR T
2, QN 5 s SR T e A R R SR B
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1 R P Jr i R ZEOMETER SRS
B, FUR A A 1 RS = A T i s S
AR 7 22555 B T 80A 58 A SO IEHER R4S
B HE LU SR PG b AR SRR B A RS ARRAE . h T
fif P 3X — ] B, Yang %5 A (2023b) #£ GraphTrans-
Mesh (Tang 55, 2022) Ffilh b3 1 20 4 BURE
TextureConv, TextureConv B 55K = ff S0 B WL 5
FEIE SO, SR J ) FH 4 Ul 2 T 2% DRI S0
T fi IR B 1 S0 BRI S TR 28 X6 IV 1Y = A T T
RSN

51 7] Z2 L R 37 1 D7 ¥R 2L, THT 18] 500 1
RARTN WY TTIE T e BRI 3D Mesh A5 R4y
J o iz, SR ) T 1) 5 2 TR R o 2 T 2% A

22800 A AR 3D Mesh 57 () JLAAT  SC 3
SERE AT EORIEAT I T 3D Mesh A5 5150 2 231 (14
FEo BRI, 38 0 i i B A SO 3T 3D Mesh
B HEAT AR PR R TT %, i T HERER AR B0 5
DA REOR T B BIK e —E R E LR
TIXLETERIYERE . 53— 7 1, IR 3D Mesh 58U
F B 1 B () A 2 B R 2 50 il = b Bl ks
3D Mesh & 1 = A1 1 A K/ KO A S 25
W L 9 A A ) 22 A, A A S L) 3t 40 (AN 55 1) )
SRR BRI R s ) (A ) > A,
R B30T 1) J50 0 1 2 27 WY T VA BEAT 58 0 R FH
3D Mesh #5271 05 8] [B A B3 FHSC R RS
B PG b SR BGR B BT SCRFAE

_________________

16+9(32 32)(32, 32)

e N
| BUSR |

22+128 128 128

I I,I S
(128,128.0)

64+3(128 128) (128,128)

' 123123 % HAREAE

64+6 256 128

3 § Wt
§ BRI
i E'L‘J\% ) o RGB 256+3 512 1024 ‘2_5_6‘+| 024 512 256 ‘ %ﬂ'{ .
5%5x16 | | fpiyyz WIER| | . 3 TORHE
¥ ; { LR
1x1x12 — Wit
SORER ©

Bl 4 T3 3D Mesh BT A1 22 RBE VA B 4 25 I 28 4544 ( Yang 55, 2023c )

Fig. 4 Multi-scale deep neural network architecture for urban 3D mesh model interpretation ( Yang et al.

S—_— i

" /‘ g
i } < S
s @ L 4 \./
}L \ o =Y /e " \ /—/')\\ e 'L]
\ ‘\Y'/ 72 g
LA o B
(a) COGHEI F R 2 (b) COGI&| bRt

K5 COG [ fb b et i 4248 Fs 7R B8 1K (Yang 5 ,2023b)
Fig. 5 Schematic diagram of COG graph simplification and sur-
face connection neighbors (Yang et al. ,2023b) ((a) the downs-

ampling processes of the COG graph; (b) the upsampling pro-

cesses of the COG graph)

1.2.3 T[] 3D Mesh #5171 5122 14 7 vk
IR T 3D Mesh B 8Y [A] i F 38 1 JLAS ¥ DA K2

, 2023¢)

PR S B . 1T 3D Mesh 0K (95
T B TE HHAE 3D Mesh AU TC 3 (T0A A1 = 1
T ) b SCRT 2 2] (AR (AN AR AR ) |
BB I TTT 3D Mesh A5 v 2 5] R U & 1 = By
T SCRFIE , LAkt o R 240 MG B0 L sl %
SRR P AR S AR B

1 5L E 24240138, MeshCNN (Hanocka %5
2019) /2 FLH27E 3D Mesh BT 2 b SUAf 242 2] 4
TEM LRI R 2 —, 528 CNN 24l MeshCNN 4
XF 3D Mesh R IC 2 T BB Gt b2 b ik
JZ . MeshCNN (% [ 24 25 74 55 U-Net (2% 55 44 2540,
Ho AR 2 5 4 AT RFAE LG 1 A B A LA
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KA~ K . MeshCNN A i) 45 B84 5 225
T R HOGHR I 44 =B i b i 4k D) 2 Jd
b — PR R T AR NS A A T SR A T R S,
AN R I SE A B AR A L T I3 B39 3D Mesh
FERL . MeshCNN i 2 27 2 O e 5 WP 46 i1 7 2% 1 453
4, NITIE BG— M 55 SR sh iy # o FEx A~k Fi v,
MeshCNN [ 2644 % H B2 (0 R iR AT 47 i, T 25 34
TUATIRFAE . SR, MeshCNN FLUZE {5 BLAG /N R B
H.3D Mesh Bdla 4k LA E] THIE. A 1K MeshCNN
07 FH 3 L SRy R RUBE T 3D Mesh A5 B fif %6 v,
Knott Fll Groenendijk (2021) 42t RS-MeshCNN Jy 7% ,
X MeshCNN ZEAT 1 9 75 18T (9 4t - 1 T 5
it 5648 2 (breadth-first search, BFS) J5 i K 4= il &) T
EHRY G R, LSS SO B 2) 7E AT (LR 4
TESER 38 hOGRERAAE | LA T I 2% 1 4 1) e

5 MeshCNN (Hanocka %5, 2019) A~ [d] , Picasso
(Lei %5 ,2021) 1 PicassoNet-11(Lei 4§, 2024 ) £ %f 3D
Mesh A& HL 4 TR =M TR 8 T SRR, £
£ 5 3 2K : facet2vertex £ | vertex2facet 45 F Fll
facet2facet I fH . Hodh | facet2vertex B T R E 5
TOURUAHAR 09 = A T Fr 09 BT SO AR R X6 oy T st 1Y)
REAE , AN AR I I T HEA T 2R A5 5 vertex2facet 45
FUNNKE = 1 T R TR AR IE 2R AT 35 5 4R 1% =
FAHTE A s facet2facet £ AR T = A 101 A NI R
FERU B R 22 2] HEORHE . Oy | BERSTEL AT
WAL HAE , Picasso(Lei 25, 2021) F ] GPU SZH T 3%
T QEM (quadric error metrics) (Garland 11 Heckbert,
1997) (¥ 3D Mesh #5¢ B e fif 16 75 35 o X AR XK
FRABE 3D Mesh #5547 A 125 19 0 £6% FiE 615 S 0 oy 3] o
%% . PicassoNet-11(Lei % , 2024 ) W fifi Fi] 22 e
i A B AR A L2 73 BEA Y 3D Mesh, Jf A b 4 B

EANG- A0k 118

N T) YT 1) 22 A0 PG 2 7 18 015 AT o) B 1
N W T T ] 3D Mesh 45554 50 2 (1) J7 ¥ o 7%
X} 3D Mesh BEATHLIEI B3 sl w42, i H R AE
3D Mesh A7 B T A5 30 . = A1l R b & UL
TS HRAE , AL VR AT 3D Mesh B BUARAE (1) 2 ~J Fi4b
G A T 3D Mesh #8178 19 JLAAT 15 B .
SRINT, PEALFR KM I 11T 3D Mesh A5 AU EHG I, B2 4%
i 57 BFS $% AR (Knott £ Groenendijk , 2021 ) .GPU Jm
Y QEM ] 1k F AR 55 58 88 52 BT KA I 117 3D
Mesh 5 28 fife 13 0 246 £14) it 280 g DI 2, {HL 2 O R A
S22 AT EAT B 5 1 v BB A T OSSR T 3D
Mesh #5278 (1) fiff 156

2 ERSMAREREILE

B 2 30 1T B0 AR R (R PR, 3T — e A
RAGF) T WA & B, 3D Mesh #5580 1 Ky Ik 17 = 4545
B EERAR, I 3D Mesh B8 LA /&5 5 £L 1 I
F 5 1 U] SO B AR PRI R SR
TIRN 9 2 7 22 M 7 255 401 3af FE B 1 K A 7 FH 9 77 o
SR, T4 H 25 PE KBTI 3D Mesh 15 B8 s 4 | 1%
i Pl 2] 71 (H RF-MRF ) 75 7 52 8% 1 4b 35
FALT AFAEPEIRE A B A5 ), i R R 2 2 S
LB K B RRAE 2 2T 6 77 RN % R B 9 s 2k b B
3, B R P 3D Mesh B 7505 BB fift 135 X AL 1) O
FoAR . FEIRTT 3D Mesh B (1) BEAR 135, AR H5 9
17 3D Mesh 15 7R 75 U A [R], G- B8 2 2] J5 i)
LG Sy T8 1) 22 40 1 28 7 14 7 125 T 1) B0 1 5 3R
17715 DL BT 1) 3D Mesh BBUTTCER 7k 3FP )7k
FIOEBSE AN TR . R it 3 o ik b A T iR

1 3MAENRE L

Table 1 Comparison of advantages and disadvantages of three methods

P %t

Fe] A
a1 2240 ST T - ’
WRMZPEBORIIE 0 e g 25172k
B es *"AL L /; o
G 16 0> 5 2 2 B 7 W5 IR TT 3D Mesh #2834 1T A 267 S HL R

Ok, MU =2 i IR EE 2 2] Ok

HE T 3D Mesh BERIBRE BN 24 “HE UG, B AR — 4k R TR 27 ) T7 ik, R B 1] ik

(5 B BUK, 2 L5 B

BBV ., R AR R4 , SORAE AT 5
FEBU PR RIE R FEA I A A
Pt

1Al 1] 3D Mesh BRI SR A B HE7E 3D Mesh AR AU ST 2 (W5 GO A = AT E4EALHL 3D Mesh B4l , i iME B AR

ik J) b B A AR AT

TR A, U ZRAfEBE R
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%] LE A3 AT o Fo J3H, BT 3D Mesh #5114 57 5 7] A0 23 4 7%

1) 1 1) 22 00 P s 9 J7 3 ol o K 3T 3D
Mesh #2240 “4EIEIR L 285 A TG RY
T PRI 2 2] BRI IX BB R TR AR
S B, 5 g o B A R AE/AR 25 B2 1] S 2 3 717 3D
Mesh #7325 1% 9 B R AR 3 AE T L RE RS 7200
M EA " HEEHR IR 2 T FOR  fife TRk T2
RS 2R PE . SR T ) 22 90 P R B 7 ik A e —
LAY AR (1) IRTT 3D Mesh A58 5] — 4[] %
A8 it e 2 S BULAME BBk, SO HRAEAL B
MR ETT I 5 (2)1% 77620 T 3D Mesh B7UA
B LT IR S SURKEE e BB HRIE, 2L
AR SR R I 2 PR

2) ) Jot 0o i 5 s BT ¥k ol R 3 3D
Mesh 55 F 18 454 TR 287 S B0 i, AATITIE B
i iz, SR R STk A8 = 4 5 = B TR 27 T 3¢
AR i AT IR . i TG 8 = 53 3D
Mesh #5470 b (4 = £ 11— — XS BLAY , PRI o o
I RS B R 3T 3D Mesh #5280 (19 fif 1245 2 .
ITIEAEIRTT 3D Mesh 45 78 fift P40 5 b o5 32 5
A7, FLAR BAAE T AR 4 SUR ) 3 B, W] 3 o KNN
L AE BT 3D Mesh H B Y41 5 Z AL 1L AT
B, I REAE A R HE B 3D Mesh A58 75 f) Jay s 4
fiE A JRAFAE . HEAD, Bl R i DA AUAE B
X R T 3D Mesh R 70 fif VRN B A 36 T BEAE T
SR, THT 6] S35 25 27 B 7 1k Rl R e BU L AF
SIS o R, T 3D Mesh 5 11 4% 6 Jit
DRz e, M KNN SET7 R AR 3 L i 25 A 3 P
RU 20 1 315 3D Mesh A1 5T 2K (8] [ A7 4 #i4b G

PO M s b= AR R R NS R
BREAS A PA

3) ] 3D Mesh BEAYTTR 1Y 7k . HALAL 3D
Mesh BB TCZR (CANTILAL A —=FTE ) 8 LT %
ITEEXT 3D Mesh BE7Y () R it Ak G #4 , T DL 42
M 3D Mesh A0 Hi B B B 1) i B i SCHRRAE o X R
Ty it G T e R A D R R I E B IR T
3D Mesh B AR FNE5 14, A B T I T 3D Mesh 52
R PRI S PR AR R . SR, B FRIR T
3D Mesh BRI e T8 = (T4 24 8, HLZER
RIS 018 IO 245 ), 380 T I RO E S o R S0 b, 7
Ab PRI FRBIRTT 3D Mesh R EHE I, LA 8 i BFS
BORFN GPU MR QEM faj A F AR S 7 12 AT LASE ity
o IR AHX — I FRAROR 2 % AT A R O ik
RSB T 3D Mesh BEAYFIFAT55

3 HESE

R R e T N3 A s o NI RN -3 ]
3D Mesh 5% 7Y 5 4 A8 15 8K 805 2L . 38T 3D Mesh
FHE AR B AR GE 8 i N TARE SN BRI =
Bt 3 RAF PR JE B 5 3D Mesh BEA0 . iy T3 TT
3D Mesh 5B AR FRIME , AT 2248 Ll AHHR i
T ERE B AR B[RRI N 7 R, R AH LT 4 (5]
18 e A SRR A A T 3K 3D Mesh S
AR, EPXTIET 3D Mesh 15 A8U fi iR AT 55 , A
SR B I T 3D Mesh B 5 (0 #EAT TR ME
w2 iR .

+R2 T 3D Mesh#iE &
Table 2 Urban 3D mesh datasets

EAS eI E RATHEAR R /km? = MAHECRE/M g
Hessigheim 3D(H3D) 11 2021 0.19 ~37 N
SUM 6 2021 4.00 19 N
InstanceBuilding 12 2022 0.43 ~8 N
Wuhan 7 2022 0.53 ~20 N
Urban-BIS 10 2023 10.78 2843 N
CUS3D 10 2024 2.85 ~290 N

b HOREL B



$30% /E 68 /2025 £6 A

SKITIE, SKORBE, Kk, ERME, DHF, £
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1) H3D (Hessigheim 3D) %t ¥ £ (Kolle &5
2021) . H3D Mesh ¥ 4f5 42 i 8 [ 57 140 i e 2
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E 6 AR H3D Mesh 54 (Kolle %5, 2021)
Fig. 6 H3D mesh data at different times (Kolle et al. ,2021)
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Fig. 7 Schematic diagram of the SUM dataset (Gao et al. ,

2021) ((a) textured SUM mesh; (b) label ground truth)
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(a) FN . ZEERIAIFITE AN

(b) Hirth: =4Edsi L)
®'8 InstanceBuilding AR IR =K (Chen 25 ,2022a)
Fig. 8 Schematic diagram of the InstanceBuilding dataset
(Chen et al. , 2022a) ( (a) input: 3-D model and UAV
images; (b) output: 3-D building instances)
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i

K9 Wuhan R4~ 2R (Yang%,2023c)
Fig. 9 Schematic diagram of the Wuhan dataset
(Yang et al. ,2023¢)
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PC-Mesh) 7& JIr 47 45 5 & 3L B 4, 1 PSSNet
(planarity-sensible semantic segmentation network )
(Gao %5 , 2023) . GraphTransMesh (Tang % , 2022) .
Yang 45 A (2023a) . Yang 45 A (2023b) . Mesh-based
DGCNN (Zhang 4§ , 2023b) P4 J% MeshNet-SP (5§ ¢ i
85,2023) [A] (M RE A B B A0 25 5 . Sample-PC-
Mesh Z I LA RE % 12 1 5105 T Hofh 05 125, Hodse 25819
Jii PR 2 Sample-PC-Mesh 38 3 11 #4 SR #£ 77 % M 3D
Mesh K R BEAT 18 AR RAE SR J5 A A 2 Ak B AP



$30% /E 68 /2025 £6 A

SKITIE, SKSREE, Kk, ERiME, BRF, =18
£ R H 5 = MR R R R EIERARR

# 1 KPConv (Thomas % ,2019) ¥ 44 BEAT 1 L 431
K Fh 7 1% BB % i Sample-PC-Mesh 3t 43 % # KPConv
W0 265 B TR RE 3, DT RE % 4R A5 bE HLA S T 0 s
BRI A PERE

B 11 W45 Rk, 7E Wuhan 30405 48 19 15 X
43 BT 45, GraphTransMesh ( Tang 55,2022 ) | Yang
45 N (2023a) LA K Yang %5 A (2023b) 78 A $6 5
)R TCH 25 5%, Yang 55 A (2023b) (1977 A
SRl T HARMA T . X H P FE WA T
X 3N J7 ¥R Y 2% 2R A SRR B2, Yang 5 A
(2023b) J7 i 7 GraphTransMesh JE filh I8 88 T 4¢

B PR B TextureConv ., TextureConv B 56 = ff
SUHLW SR Ry HEE SRR AR S R T 4 A PR 25
25 DAFEIE SC3 v 4 B B 1Y SRR R S T 25 X 7
1Y = AR TR BT o SR, B 4 A S0 3 A AR B
TextureConv HJ& X HLAS = A1 [f] i N 1 LA T 45
L, T A B R G G B S BRAE B o 7E STl 3D
Mesh A& #1 | oA = 10 3 il 2 5 0% T ARAR /)
R ) 2 2 ) AR A TR Z A DR Cn g ) PRt B
A=A NS SR E BT A R, R
2 PE BB B TextureConv ME DL 27 21 15 2 551 M 1 £¢
PRAFAE

= OA = mAcc = mloU
912 93

100 |

80 73.7

60

TEPRIE/%

40

20

RF-MRF SUM

E10  SUM #diadE il o)

93

PSSNet  GraphTransMesh  Yang%: A
(2023a)

YangZE A Mesh-based  MeshNet-SP  Grzeczkowicz

(2023b) DGCNN FIVallet (2022)

Jiik
SRR

Fig. 10  Quantitative comparison of semantic segmentation results on the SUM dataset
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Fig. 11 Quantitative comparison of semantic segmentation

results on the Wuhan dataset
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