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Abstract: Due to external factors, the unearthed cultural relic model appears to be broken, and its virtual
restoration is of great significance to archaeology. Most of the existing hole repair methods complete the
hole based on the structure of 3D model, and the completed result is lack of color and texture information
of the surface after the 3D (3-Dimension) model structure is repaired. Therefore, based on spatial struc-
ture and texture information of cultural relics, this paper proposes a 3D cultural relic hole repair method.

First, in order to solve the problem of repairing the structure of 3D cultural relic, the algorithm based on
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the radial basis function is used to fill the holes of the mesh model , and the vertices of the hole patches are
adjusted by fitting the surface equation to better integrate with the original model. Second, for in order to
complete the surface color and texture information of the 3D model, make the hole patch and the original
model surface texture natural transition, the 3D problem is converted into 2D (2-Dimension) image inpaint
problem, and a refined network is added into EdgeConnect to generate higher resolution result. Final, us-
ing Mudbox software to map the 2D image to the surface of the 3D model to fuse the results of structure
and texture repair. The results show that the improved 2D inpaint network in this paper improves the per-
formance of the evaluation metrics PSNR, SSIM and MAE by 0.54%, 0.217% and 6.52%, respective-
ly. In addition, the combination of 3D structure repair and 2D texture repair makes the restoration of the
cultural relic model more complete. The proposed method can effectively restore the mesh structure and

texture information of the 3D model of terracotta army.
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Fig. 1 Flow chart of 3D cultural relic hole repair method
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Fig.2 Schematic diagram of related concepts of holes



o 81 JE B 4, 4

S5k 5 sr PR G g = 4k S LIRS 2 7 vk 897

K2), Bt Ems Vs =MAEEs AT
MAERHE A AP RN FLIA , 2§ AT+ AP i,
KR VIMAB R SES B, i TFALBREAS
Z NI, BG4 i 1 T A VB R AR B A
WHEA AT A, Y0 T EA PR L &
G 8 — A P B A B 3K T R R i — A
FLIA -
2.3 ETZERESHN=ANEEERX
FEFEATFLIR A I 2 J5 | AR SCR FH 36 F 42 1) 3

HTRHEmE 7
RS

BRRCI = A DA LR B B2 7R T A B
2B 2 8T AL JE B = A AR AR AR A B R
A R LR DX RN R AR A AR G e L
26 38 o kTR AR T AY 43 78 7 125 A AL IR DX R Y
ST R o ORI AR ) ik ek ERCHE SR = A T
Fr AL 48 385 ) ot T R e AR AR Oy AR
W07 2R Y = AR T SO A 2 G
A5 A4 8B = A T it S A S AR AR A
BRI R ] 3 TR o

I EE TR A

EE e || e AEA T

K3 g S T IR R R IR
Fig. 3 Flow chart of the structural repair method
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Fig. 6 3D structural repair results based on radial basis functions
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