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Abstract

Computer vision and restoration are two different fields of technology. In recent years, the inte-
gration of the two has brought new opportunities and challenges for the restoration of cultural
relics. This paper aims to introduce the background of computer vision and cultural relic restora-
tion and clarify the purpose and significance of the research. Firstly, the use of computer vision
technology for digital modeling of cultural relics to better preserve and inherit. Secondly, using
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computer vision technology to detect and analyze cultural relics in order to better understand
their condition and historical background. For example, image processing technology can be used
to detect cracks and corrosion on the surface of cultural relics. Finally, computer vision technology
is used to restore and reconstruct cultural relics. For example, according to the existing image in-
formation and the relevant rules restore the existing image loss, and make the repaired image
similar to the original image or approximate the visual effect of the original image.
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Figure 1. Schematic diagram of human vision
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Figure 2. Image acquisition and pre-processing

B 2. EfERESMAE

2.2. BETHRBINELEREGRELALIER Candy B%

FEFEISERIBE T, ekl T — BB TR TE. 2T AT ARSI B4 E X
BEM R RO, ARG A FSER B, iR 21 505, dd i ARSI B, 2t
RN IOV DR AE . FEMCEERE I, AR T — Ak T BRI IR 22K T7%, SIriEE JeR A
PRCHIEIR, SRR RN, SR AT AR B PRI, IR D R 0 i

(1) INZREteh NSBB8 M AR, A BB AR E v b — 205,

(2) KN ZRAT ) 73 Sas B T B AN AE B I 2R

(3) XA A B REARBEAT S T, VPN 3 R, 5 SRR R AT ELAL

AT F TR 7 7 E R R BN Z (CNN)o 1Z VR UGN SRS b, 7 H 0 2k
BBIAR. BRMEMEE Jot “Hiic” WA, XA “Hi#dc Bk — kit el g kD
Prifisk. fltn, R ARAEE—5K 100 x 100 fIE A, AFAREALH 10,000 25 R BRI TT 1o BT
R, PRESREEN. A 10 x 10 IHE#HEZ, DUHCRIERIE A 10 x 10 B3 #3, Al bEs
BE—ADREBEG D10 x 10 FREE, CUBBGEEIE M, WX 3 fos.

’0
o PO
O
o o
o e
Lo
A ° o
° No
o No
o [
o o
o o
o -]
i . o o
convolution + max pooling vec | o \:
nonlinearity ‘ °
J —t
SRS |
convolution + pooling layers fully connected layers Nx binary classification

Figure 3. Image classification architecture

B 3. EfgorREiRty

K BURAL B GRS NG A RGN Z . FEMEERE b, ARSCREH T —FidE T E A2 M 2%
12 EAZE A BT, 2R O 5 H O IR AR T b AT 3R A . BT, BT BREZSN, R
FAE— MR, " R—Fox B S BTk r 730 AR “BoRi” SRR B RE
RFOER “2%27 FRFEEAT 165 .

DOI: 10.12677/csa.2023.1312221 2212 THENUR S 5 R H


https://doi.org/10.12677/csa.2023.1312221

E AT 48 K350 EUZ 0 93 BB AR EL A2 3 T U125 T ImageNet Fdli 4 R IX AN Bl 25 7 K4 120
Jisk e o He IR IR o X S8R UG I F A IR R (U 2 e 7 RIS AR %), G, SR 2™
A S D B [P BRI e R MR A7 TE R 0

WA V2 HLBS L0, #OE 2B, INRIA, XRCE 51042 UK AL 5E0F 78 /N 4H A ImageNet Jy
B, TFRH—ECENEGAE RS —KELT, PLESERGERHNRE - NEANZE0EE,
i H, FERTHAMAR T, K2R @ b 8 S 0T N TR .

Alex Krizhevsky (NIPS 2012) 2 55— X ImageNet LL2E 75 32, 25T Yann LeCun $2 H [ #2825 155 7,
T —MREERME ML, WESEMILE 7 M2, HhE—ERERE, B ERAEEE.
FEABBZ T, ZITER RS R BR AR, L SR RE R TG nZ s, A, ZRGE
M ZEG I — T, AR BT (S R AR FE AL iy, FI BTG 2, AT 1 5B B e, an ]
4 JhR.

AlexNet

Figure 4. Deep convolutional neural networks
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Figure 5. Convolutional Neural Network (R-CNN) algorithm
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Figure 6. Convolutional neural network in the upgraded Fast R-CNN algorithm
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Figure 12. SegNet
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