202345 A WHHENKFS%MARB¥R) May 2023
539 % 3 1 Journal of Shenyang Jianzhu University ( Natural Science) Vol.39, No.3
NEHS 2095 -1922(2023)03 - 0518 - 07 doi.10. 11717/j. issn ;2095 — 1922.2023.03. 16

ETREMRNMNEEZHAREHRE DA
BRESZTMEZHLERZLTZX

BIK, s B8, EHA MEx, 5 @&

QUL PRAR SR 2008 52 TR~ , 10T YLFH 110168)

W OEBW AIRAZHMEFZAG LR FUERARKRE MA@ LW T %,
HiZE T EAGRLEN F AP RAESF . ik i d Mask R-CNN #f RGBD A%
T B AT B AT IR A | 45 AT R ARAL Rkt B A — e AR A | B R AT AL KRy
ZHIZEME— AL T AR GBRD S BEEN S SRR TSR AT
M R AT R B R K EARE, R RS AL =T A ET,
KEFHHAREAN12.3% ,REFH T FREA36.8% ; RHE P E=(FTEHE
L, REFHITHREA 9.3% ,REFHTHREEA19.7% , &t B9 T
T VAR AEMIR R T ARG TR R T RN AR AR T
GRLEN FRREE G ALK,

KERIR A ARG AR = gk E 20 R TR EE AL ; i b
hE 4 ES TU39S. 1 XHEARER A

Crack Recognition and Multi-resolution 3D
Reconstruction of Ancient Wooden Structures
Based on Depth Camera

YAN Weidong ,SHI Rixin , WANG Jingli, LIU Guogqi,MA Jian

(School of Transportation and Geomatics Engineering, Shenyang Jianzhu University , Shenyang , China, 110168 )

Abstract ; This paper was proposed to study the 3D digital technology and surface crack analysis
method of wooden structure ancient buildings, and to provide reference for the modeling and crack
measurement of this kind of ancient buildings. On the basis of Mask R-CNN to identify the crack
information in RGBD images, the local to global optimization strategy was used to calculate the
camera pose,and a multi-resolution implicit structure to contain the 3D model of ancient architecture
and crack information and analyze the length and depth of cracks on the surface of ancient
buildings. A multi-resolution 3D model with fracture information was obtained , which improved the
accuracy of 3D reconstruction of the fracture,and analyzed the length and depth of the fracture. In

s HHA.2023 -02 - 15
BEEWHE : BERARBFRE4ETH (51978420) ;i1 A HE TR H (LIKZ0602 , LNQN202035)
EERN A DR (1964—) |, B Hobz, i+, FENFML B0 TRE SRS mirs,



53 4]

) TR A B T IR EE AR BLA il i SR A R TR 5 2 0 R — A iy ik 519

Red Wood data set and real scenes,the average calculation error of fracture length and depth is

12.3% and 36. 8% respectively before improving the 3D reconstruction accuracy. After improving

the 3D reconstruction accuracy, the average calculation error of length and depth is 9.3% and

19. 7% respectively. It is proved that the method can quickly and accurately identify cracks in

ancient wooden structures and obtain 3D models of ancient buildings, which is more efficient and

cheaper than traditional crack measurement.

Key words: ancient architecture; wooden structure; crack recognition; 3D reconstruction ; multi-

resolution ; RGB-D camera ; frame patch

HFEARE ST 05 R
TSR A R 4 4 A 4% R 2
NP s B R Wi Y, Bk
AT IAIHERS 25 H BIAS 1] 336 5 A 4 A R
T3 ST X A 4
BERTIN AT H

s N T AEAE TARMERE R BRI
TR, R TR T — 2R BT G )
TRIE 2 > W5 S ARG PG b i 8 b )
XI5 # )y i h 442~ R Girshick ™ 7F
Faster R-CNN [ 25 Hh 75 i #t i AR s i 5 B,
5 %, K. He %0 #2724 M i) Mask R-
CNN S 43E1 /4% Seal T FMRAY B FRGI
e 25000 fifi Fil YOLOVS 3k 15 31 (&1 1% v (it 24
4., 5 YOLO 55 Hbrkail 2% 46 Lk, Mask R-
CNN A 55 14 S0 ™ {5 ST LA S A 1t 2 i 24
HER X, AR RS &, wF+
AAET SR = 2 T ARCK o AR A A
ghk RmaPR R B T E A, AT AR
I T A R A S e RN TR B A LR
B FREED O R E SR 5 2 UL
([ F AR Ty HEAR R I ) = 245 ¥ 5 0 R
FERE R R R, o R
TRIEAINLA A R & RS ARV S
FEAE VLR AT B A A R AARDILOE 2, Bk
TRBE P 31 = dk 2 (], HARR s el B e, T
VLS B b 58 B A, B A KRS e 51—
A TAE (AR AR, S, Tzadi 451 ff
FME AR5 R A = L R ek
() GPU B4 , i 1 85 Ui 1 5 p i 4 2 ] o
T — - A 2 L B i R T A PR B§ . AL Dai

ZESIYE ML NieBner 251 $2H1 (1) Voxel Hashing
Bk okt #2457 Bundle Fusion =4
ARG, 5 AR E] 4 5 AL, LA
W | 76 i R AR A 5 b HLAT T A 0
PE AR = F @Ik S UES— A=
Fa 3 ) = AEA RS R BB TR ) 43 B A A v B
MREEE B, 1. Mccormac %5171 Hi2 Hf 5]
PGAFN R = 4 B @I A 0 U7 ik, FIFH CNN
I 2 R 53] 37 5 R AN ) 0 SO X3k, Tl )
SR IARRG B = iRl XA E
e 2 AANR, AR UK S48 220 1) 7 A

ZEA DL B WFSE, 2 ff ] Mask R-CNN
S G X 24 i BTty A AR 4 4 % T 1 2L
=B, % T Bundle Fusion 240 =4E
AHE SRR S8 7 B 5 R E B 3 =4
fE A LI C VA e S P SN U IR ey i
SERRAY PR — A REE S T L TR
AR AR B SR S TR AR Y
KJEFRE . ¥ Voxel Hashing 5 4k Fh K %
MY ZEAHET BN [ 3 e m e 3 5t b LA
SEPLER R MR ) =R

1 HEP RS20 PR —4iE
T
P2 T R S £ iR Y

bebagril]
i ﬂg§ﬁ:ﬂﬁ ZHERE

o

RGBDEI%
Mask R-CNN
¥

a
o
=
@
=
=}
]
—_
o
=]
=}
m

1 RGBSR

Fig.1 The framework of system



520 WHERKESMARBFR)

%39 %

TR RGRELR , AL R AR U S R ALAL
DA | = 4 T A ARG s
1.1 REAFNSENCE LU RS

P 2 S e R S AL, LA e
AR A — 1> RGBD #LH i, 244% 11
S5 R 2 A AR S AR e i) W e A v 3
FrihdT,

SEBRERSE
SFHIR I

B2 2EEPUN S AP SR
Fig.2 The crack recognition and camera

pose optimization module

1.1 MBS

AEBLA %82 B — il RGBD EIMZ A9 AH AL
TR e = e B BRI R — i)
AR 7 A TS B AL R TR
— MR PR AT, 25— F Y RGBD
Wiz, (re[0,n),n K HTAHHLHA4E By S I
B0) Bk, FFH SIFT 2 B AE 2 5Oy w46
I, BRI FRE SR 6, 0F T4 6, 56,1
FFIEVCED G & |, f# FH Bundle Fusion H7AG4EFAE
SUIHIE 7 kR i R AR AR 1 DT L DG R 1 ]
PR, I RAIE SO G R F AR LA 2
W1, R L, Z R G AP S T
To SUHT 1, W B G 1, Wiy 08T il
RGP, Xt 10 1Y
RIS 5 BRI 10 Woika i S — 4~
e FEWTER N SR AT SR AL S04k, FE iR
ZIE AT 4 Jm AL Ak, DAkt FE v
8 35 AT 550 B 10 55 LA 0 () B 5 iR 22
FH AR i, DAk 25 SR oA B— Wi
BLEIALE I0Hh T,

1.1.2 ZdaEiy)

FEIAIPE & W4T — O L aE U, LA AR
IR S RARSE 2 3128711 BT Y5 S G G i w2
f) RGBD M I,( mod k =0) , ¥ H: i RGB
55 A B Mask R-CNN' %] £ 5 ) 55 )
FE M,

M, T 1, RPE—F, 10 5% T 5249 ir e i 26
SN K AN, B A7 L B M, (x,y) =m, H
me {0,c) WIEEKWEIIE, ¢ 4 Mask R-
CNN WY e bREE . M, P75 T
I B—MERX N A F R, E RS 1,
TR B A B AR B Bk il 75 %1 TSDF A7
T RAE VU S AL Z AT
TEAS R B 2R 2 R A T L 248 1P UM T AN R e 4
— MR IRAT , BRI E 2 1, SR AT RS, M, Tl RE
WARITFAFR, T X —mE, % M,
F AR E R T R E R A 1, B T
A XN M, EAFENRS M,

1.2 =HBERESR
1.2.1 =4 d dps A 2k

TE Voxel Hashing 535 9 3EAHE b B —
D2 PR BRSE LA ) = 4ES5 (5 B
MREE(E D, IRl PR R POk ik =4k
Y e AR Yo I EAR YA fb e SeA Herp
FEAGW) R T 2 19 3D s Fi 2L 4% 1Y 52 115
B difb e A g an ik iy 3D BdlE . B 3 R
TNZ AT PR T A (2 NG A R
YL FRAT LA A fb e, —AFEA
ORI AL SR X I B S 5 — A = 4k

—7 f
A1/
wie DD [ goi%
iR

B3 ZoPrRmEdiin

Fig.3 The multi-scale reconstruction module



53 4]

) TR A B T IR EE AR BLA il i SR A R TR 5 2 0 R — A iy ik 521

bro BEASFEARYORAI 21K R 0. 08 m,
YR SEI T — N AR 87 MR A
B, — A 32° MR AL, FA
FHAR AR Z AT B 25 2 10 mm, 401k B Al
ARRR ZAEE &N 2.5 mm,

TR B — W5, AR R I i A LA 2
RN T 1, AHALILES T Ay A B I 3R 15X
SR iR ) S4B W= (x,y,2),
It A R BO T A A A

H=(p,x+p,y+p;z) modn. (1)
K:p,,p,,ps ARKBIRE 0 HGARD
KN, AN FEARB ) AEALE VT Ll H
ol B MMEE WAL E W] DL 5 LT
J& AP AL bR 22 TR 5, AR
PR RIS R 1, RS T 18 , 28 1, ' RGB
FIUE R GRS AS G 8 5 s I (EL, 10

S AN AR A5 8, B SDF AXH | 50, 1
MRME B, AT U0 I 2 2 8% i e I r
B 204k 1% 3 AR He—— R 7E 40 10 36 o I
BRI SR B R I an 4k B A7
StfE 1, FIHLOLET T (0 SEA e rpr | FoKs 41 T Bk
IR R BB 1, 1 AR, TR AR
AbXF ;Y SDF AL it FIHERS {5 2.
1.2.2 FigUEREIRRME

MSEN 1, WA ZE L TR 5 AP B AR
fBJE TR T Ty T B S AR 2 1)
AR B (1) 7 A AR bR R A
HUARZ Z A CHR , JTF RGB KSR R 14
B s Bl G B h RR b,
1R Z#R 4 & SDF {6 D M E(Y E . Biafl C
FIHERS(E M,

WA AR R A R A bR W
A1 RS SR g S p

p=(Ty,' xW), s xT.. (2)
KT, e R VLI NS, FritBm
SDF {8 D' A E' Fitefi ¢’ WX (3) ~(5):

D' =Depth(p) -W,. (3)

E' =1 -Depth(p)/d,,.. (4)

C' =RGB(p). (5)

Krfod,, HREE RV R KRIREE; W, N
W 1E z i _E A9 HE B ; Depth () BB RGB ()
PRIEICR AR 1, %55 N7 Y TR B2 & i RGB &l rh 4
EREMIREMEMBEE, K5 D E
C'HIEMA AL G 3 D E.C

FOFT G TE 2 R S A R AR B
AR IR 10 WT, JF 40 3 2Lt 2 75 A %
N RS &, BT84 5 Bundle Fusion H?
— 3, EERE T, M BR Z AR S E R B
HRAE T B AR AR B RS B 41k B 1Y)
PRZE AR A HERS (5 B AW, b S AR e rp
TR BT 2 K rh AT S .

M' =Mask(x,y). (6)

Mask () PREICH SRS B Hh 38 B R &R
MIFERS(E K MR-G5 M A5

M- M, m>0,D<0.01; 7

M, Hoth,

it M >0 BFEA S, Bl 1.2.1 %
H 7Tk ST A A B R R 2 T A G H
FEREAE I B 1R O v6 TR i Ak B ik
RIE, R — M-S RAEF B
Fo = Y] R DR R B R8T R
ZER IR B S R R
1.2.3  REEKE SR

FLF 24— M 5 B AROIR R A, 2 5k
MR BER RN MEE M KN, TE == |
K BRI 269 7 B bn e M EE IR &R |
(] EE AR L, Al 6 Bl e Rl K 2
KA R M LBE K

TETH R B IR BT, PR — 1> AL 5%
JITAE Y JRr 8- 1, 8 RANSAC 418 = 4k
T, TEREE DI 5 = B HLZE L 3 4>
TR AR T AR Ax + By + Cz + D =
0, THAZLEE X I B — > S 20w 46 F i 1 BB
B d =|Ax, + By, + Xz, + D| . # d, /N T E
FE (BRICR 0. 02m) |, NIlIE S92 5 A i
Y NAEAS R, ARl AR A T 3308 Y 7 T
o ERB— BT AR
FHEBIENAEA G R, T REE X



522 Tk B SOR S e AR (A R R SE R

%39 %

B B B P Ty R e KA, 10y B
MIREEE d,.
2 BRI
2.1 Mask R-CNN ##E&E 5ill 4
HHiOC T RAE MR R 5D 5 24851
RGBD ##fs £ M5 /0>, 3% FHl Red Wood'*' /3
FFECHE 4 v HUT 03056 J7 51 A Sl 5 56 %5 4
& WFIE & —Doe s R R S5 B
FEAERR 73 T AR5 O, (W] labelme #3
T H 75 i 2L 48 bR 1 R DA Mask
R-CNN MZ&I1%5, YIZRS80n2 1 Fis .,
%1 Mask R-CNN JIIZZS%
Table 1 The training parameters of Mask R-CNN
B/ MEALEIEE T B
200 4 ResNet-50  CrossEntropy
2.2 HEERFIKIGERITLE
1t Red Wood % 4E 4 I Il % Mask R-
CNN [ I IR 4 9 25 R0 B0 4
ME S i 248E  niEl 4 Fos

| (2)RedWood #i 5 (DEZEFR
4 Mask R-CNN H 51|45 5
Fig.4 The result of Mask R-CNN
Fi2 1. 2.2 Jy bl &k = A i AL 5%
FEDMAZR (8 B ok, i = (2)
IRZ P RN B FE RS B 5, 5 U
LERPHE . 7F Red Wood i #i 4 Fil EL 5037 5
HE# i T Mask R-CNN (RIS B | R T
PR RS 1Y AR5 B B0Y B 487 T kb
U AR (ER2) .
%2 5 Mask R-CNN H5IPKEEEXT e

Table 2 The comparison of accuracy between
proposed method and Mask R-CNN %

ik Red Wood %itffi 4k B s
Mask R-CNN 49.94 32.11
Lo PR E 88.13 54.30

3 ZPER =Y EE
3.1 ELIGERIGEE

[l 5 hy =2 5 o0 ) S B 45 SR
DirectX 78 47 TAEARYSLRT L5 | #1 Bundle
Fusion —%X ,

(a)RG@/Q (b)DirectX
B5 =4esdsiiaci
Fig. 5 The performance of 3D reconstruction
6 N ZIrHF R =4k #H 4 5 Bundle
Fusion( BF) #4558, 240 Prf iy = 4 f it
He ARG 0 SRR TR 221 I 75 T

N
Jh
(b)BFEERE

B 6 BF E@S5ZnPrRdm s 25t

Fig. 6 The comparison of reconstruction results in

(2)RGB (B RERRA

BF and multi-resolution method

3.2 KWHERSW

Bundle Fusion & | Voxel Hashing 5
PEATE P, L TSDF KR 2 i Bk B 0
IR IA] B 10 mm A9 1 28 3635 5 #210)
Yt TERXP SRR 25 ) rp N B2 B4R
THL A ARR W BAR S RSPk 8 i,
A2 B R I S A A A A B, Y
ZEH5 A 10 mm B}, Bundle Fusion 75 5 H
468.75 MB . ff =5[], 2 @R 2
2.5 mmfi, 75 45 30 000 MB A7 19 %5 1]
SR I T RO AR A X AL I | 353
2.5 mm AR EEAL AT 4 3 843.75 MB i
FE2S 8] TEOR T B AF 25 RS T i) LA 5 =
YA RSB



53 4]

V) TR A5 S T IR AR ML iy R SRS R REE U5 2 0 W = 4 i 1k 523

4 REEREHHE

4.1 HERESWIWERITLL

S i EE E AU 24 RO N 7 BT
INo TE = YEARER 2 [0 s i B — > 2L T 7R
AINLE YRR N AR I | H S48 X AR R
A IR AR T, I 5 HEAR & B> S 1Y)
X3, K 7(a)>~ Red Wood % & £ v 1y
AP RIS Ry 11 A2, IF
B 10 2485 7 (b) M E I Fh i
o HREPIGER s s 2 38k IE
Wi 2 28, TR 2880 X B, &l
7(Ca) iR 1 Ab, B 7 (b) HrR ] 2 Ab,
TR TR RN P 2% 5 = 4 1 AR 2
G, SHEZ UGN T R A,
WM T ST, SR R T Rt 3 ) B T U R
FE/NFEIME (0.2 m) 1Y X B4 5, L4 &
BUNRGEE

(a)Red Wood
B7 RS EE
Fig.7 The recognition and reconstruction of crack
H1 T Red Wood Bdfa 4k AN 7 248 11
KEEMF B, H I\ RGB & sz IR % i v 15
AR, PO P Xk O A TR BE AL, RIS
BERFPLG O AT B AR P S AR AR T
I BEEMKEE . £ 3 AR 9 DMRAED
S B 5 SEBR B0 b, Horh, 2R S BR
RS B R T T T R ARk
Ny R S TR B B R R
JE PR 228N 12.3% , k)5 h £ 55
PR = AT AR B AR KL, iR
2N 9.3% .
4.2 HERESWLBERNLE
fli F RANSAC Sk & B — > R4 B
TV, IF 153 2L 5% 1 5 RIRE . T Red

®3 ABERE
Table 3 The analysis of crack length

G2 Kautk 4tk SR
- fi/m  {i/m  JE/m

Red Woodl  0.862  0.843 0. 831 3.7 1.4

R/% R'/%

Red Wood2 0.621  0.627 0. 660 5.9 50
Red Wood3  0.633  0.658 0.713 1.2 7.7
Red Wood4 1.178  1.171 1. 094 7.7 1.0
Red Wood5  0.288  0.272 0. 265 8.7 2.6
Red Wood6  0.472  0.464 0.396 19.2 17.2
Red Wood7 0.904  0.982 1.051 14.0 6.6
Real Scenel 0.751  0.763 0.892 15.8 14.5

Real Scene2 0.314  0.329 0.418 24.9 21.3

TE:R R IR R R IR 2%,
Wood K SR ALAL 5 B — WS R FDEO A B
B AR R R BDOG . B BE B G T RS
SEPRER AR, DR I R EE TR 3 e 45 RS
LY N TR T X (W 4) .
R4 REEGIEMT
Table 4 The analysis of cracks depth

Kafk ik SEFRE
fi/m  {i/m FE/m
Real Scenel 0. 048 0. 040 0. 037 29.7 8.1
Real Scene2 0. 009 0.011 0.016 43.8 31.2

Zo A B — ) PR = Y ) IR
RN 36. 8% , £ 4y iR = 4 F 11 F
YRR RN 19. 7% .,

5 %% i

(1) 3 40 fb 252 A0 T @ 5K, 7F Red
Wood % ¥ £ P 8 AR 00K B O TR
49.94% #5551 88. 13% , 1F H 5 5 K]
PFURIRG B 32. 11% 4355 5 54. 30% .

(2) 5 AN T g5 R AR 25 R
1£ Reg Wood B 4E , 58— 7 PR & 4t
TR, 250 BT 1k I R - 1 i
2R 12. 3% P31 9. 3%

Q) EHL Y s, 55— Prifed gt
T AR, 25 B 7 B IR BT 4 1 25
M 36. 8% FEAKE] 19. 7%

R/% R'/%




524 WHERKESMARBFR) 939 %
‘ wind,2020,410(6) :207 —208. )
S Z 3k [11]  Boswi=, 5 #. 20060 R I O L T 46

(1]

[10]

CHENZY, ZHU E C, PAN J L, etal
Structural performance of typical beam-column
joints in Yingxian wood pagoda-an experimental
study [J]. Key engineering materials, 2012,
517.669 - 676.

GIRSHICK R, DONAHUE J, DARRELL T,
et al. Rich feature hierarchies for accurate object
detection and semantic segmentation [J].
Proceedings of the IEEE conference on computer
vision and pattern recognition,2014.580 —587.
REN S, HE K, GIRSHICK R, et al. Faster R-
CNN : towards real-time object detection with
region proposal networks [J]. Advances in
neural information processing systems, 2015,
28.

GIRSHICK R. Fast R-CNN [ C]. Proceedings
of the IEEE international conference on
computer vision. [ S. 1.]: ['s. n. ], 2015;
1440 — 1448.

HE K,GKIOXARI G,DOLLAR P, et al. Mask
R-CNN [C]. Proceedings of the IEEE
international conference on computer vision.

[S.1. ]:[s.n. ],2017:2961 —2969.

i i DA X E A 55T YOLO vs Y
SRS ZLLERIN Tk [ T] . TR AR SR 27
e AERBIERR) ,2021,37(5) 1927 -934.

(MA Jian, YAN Weidong, LIU Guogqi. Crack
detection method of ancient building wood
structure based on YOLO v5 [J]. Journal of
Shenyang jianzhu university ( natural science) ,
2021,37(5) :927 -934.)

A, 2 e S URHE R SR
YL T]. T2 3 {5 L, 2020,45 (4) .
46 - 50.

(HAN Shiwei, LI Yihui. Oblique photography
and fine modeling for ancient buildings [J].
Journal of geomatics,2020,45(4) .46 -50. )
A5 B = AEBOL A BORTE S A ST
MRS RGIT AN [ T]. 2 s PR A
H.,2018,43(2) ;35 -37.

(LI Yan, SU Yongjun. Application of 3D laser
scanning technology in modeling and system
development of ancient architectural gardens [J].
Journal of geomatics,2018,43(2) .35 -37.)
F5 08, I, Tk, SCE SR b Z2 40
W EE RS a1 L B ot S
I 223, 2008 ,20(11) . 7.

( WEI Hu, ZHANG Liyan, ZHANG Hui.
Simultaneous fusion algorithm of multi-view
depth map in binocular stereo measurement [ J].
Journal of computer-aided design and computer
graphics,2008,20(11) .7.)
MRk, T3, i T, BT 20 A2 50
B = e R A [T]. B X, 2020, No.
410(6) ;207 —208.

(CHEN Shuli, WANG Tao, LING Wangzhang.
Reconstruction of ancient architecture 3D model
based on multi-view image [J]. Technology

[12]

[14]

[15]

[18]

[19]

[20]

[21]

HHN =g EEI].
38(7):157 -160.
(RUAN Jingyun, LI Ben. 3D reconstruction of
damaged ancient buildings based on multi-view
depth map registration algorithm [J]. Computer
simulation,2021,38(7) :157 - 160. )
2255 % . 2T Kinect B RUR A = 4 E
LT]. MPLS N ,2016,35(5) :55 - 57.
(LI Wujun, WU Bin. 3D reconstruction of depth
image based on Kinect [J]. Microcomputer and
applications ,2016,35(5) ;55 -57.)
Whoi 25 PRI T, SRIKEE, 4. il SR e — 4k
RGBT ST, THEALY 5
4:,2021,38(8) :17 - 22.
(CHEN Zhanjun, LIN Yaoyu, GONG Yongxi,
et al. Design and implementation of 3D visual
reconstruction system for ancient buildings [J].
Computer applications and software, 2021,
38(8):17 -22.)
1IZADI S, KIM D, HILLIGES O, et al. Kinect
fusion: real-time 3D  reconstruction and
interaction using a moving depth camera [C]//
Proceedings of the 24th annual ACM symposium
on user interface software and technology. [ S.
1. J:[s.n. ],2011:559 - 568.
DAI A,NIEBNER M,ZOLLHOFER M et al.
Bundle fusion;real-time globally consistent 3D
reconstruction  using  on-the-fly  surface
reintegration [ J]. ACM transactions on graphics,
2017,36(4) .1 - 19.
NIEBNER M, ZOLLHOFER M, IZADI S,
et al. Real-time 3D reconstruction at scale
using voxel hashing [ J]. ACM transactions on
graphics,2013,32(6) .1 - 11.
MCCORMAC J, HANDA A, DAVISON A,
et al. Semantic fusion: dense 3D semantic
mapping with convolutional neural networks [ C].
International conference on robotics and
automation. IEEE([ s. n. ] ,2017:4628 —4635.
XU B,LI W, TZOUMANIKAS D, et al. Mid-
fusion ; octree-based object-level multi-instance
dynamic slam [ C]. International conference on
robotics and automation. IEEE, 2019 5231 -
5237.
WU W,GUO L,GAO H,et al. YOLO-SLAM ;
a semantic SLAM system towards dynamic
environment with geometric constraint [J].
Neural computing and applications, 2022, (1) :
6011 -6026.
NG P C,HENIKOFF S. SIFT :predicting amino
acid changes that affect protein function [J].
Nucleic acids research,2003,31(13) :3812 -
3814.
CHOI S, ZHOU Q Y, MILLER S, etal. A
large dataset of object scans, 10. 48550/ arXiv.
1602.02481 [ P].2016.

(FeALGne . EEDY e SCHIRE I )

T BT E 2021,



