%59% % 18 81/2022 &£ 9 A/MA SR BT LR e

It Bl St FFIHE

v

1 B g B it ) 2 AT TR 52 20 S R
BICE, R, B, SRR, 2R KA, BEA

PEAL KA R B R A S H R 226, BEvh % 710127

WE  EZEMA AL, 8 T IR ZE 0 6 A VOB S BF 2 0 T AR B, O 22 09 7 S 0L B B2 AR N 78 0 R 284 42 ) T /R %
YIRS R R A28 S X5 G0 10 2/ W R 43 25 07 1 0 A R R AT 4 BUAS 78 0 B 28 A 6 500 SR A1 o 3 e AR R B 4
ZEHERA AR N A ()80, B2 17— 22 T 500 3G e 0 R A R R B A AR L i e e SR R A i KON e I 4% B 2
TS 7 5000 4 R AT B S o, SE R R AR AR 1O B 70 o Uk, 3 0 R o B 48 I 45 1 3 L 70 o AR O 7 R AR AR B RS
A R RE R KRR . SR, 51 A convolutional block attention module(CBAM ) Xl i 73 2% 3 AL ] A1 CutMix 38 55 5 W%
K AR THIRE o AR PR RE o B, 7E 2R A S0 B0 AR A X L SE R 25 R R I, S AR S R0 3 T LA RRIE RS AR 4y
TEAS SR BRAE JEARAFAE 2 RRAE fil G 45 20 AR 23 207 AR LG, T4 D7 R 0 8 M B R 1 0 S U T BB R o SR A
AR T 2252 e TAE D ie PR TAER S 2% B2 iF 4 i 1 284 S0 52 D TAE I e ARl %

KW KGRI BEMEMEN; RS RO BTN BGE IE R LS BRI g

FESES TP391.4 NXHEAFRERS A DOI: 10.3788/LOP202259.1810010

Data Enhanced Depth Classification Model for Terracotta
Warriors Fragments

Yu Yuehua, Zhang Haibo, Li Xin, Kou Jiaojiao, Li Kang, Geng Guohua, Zhou Mingquan’
College of Information Science and Technology, Northwest University, Xi’an 710127, Shaanxi. China

Abstract In the field of Terracotta Warriors protection, to reduce the challenge of matching and splicing fragments of the
Terracotta Warriors, more computer-aided technology is applied to the core link’s debris classification in the restoration of
the broken Terracotta Warriors. The classification accuracy is low because of insufficient characteristic extraction of
traditional Terracotta Warriors debris classification approaches and increased difficulty associated with data collection. In
this paper, a depth classification model of Terracotta Warriors fragments based on data enhancement is presented. First,
the existing dataset of Terracotta Warriors fragments was improved using conditional generative adversarial nets to achieve
the dataset’s expansion of Terracotta Warriors. Second, the deep convolutional neural network was employed to
automatically and effectively extract the debris feature information and achieve an effective debris classification effect.
Third, the double-channel attention mechanism of the convolutional block attention module (CBAM) and the CutMix
enhancement strategy were effectively introduced to significantly improve the deep classification model’s performance.
Results on the experimental dataset of the Terracotta Warriors reveal that the presented approach is more accurate than the
traditional classical debris classification approaches based on geometric, scale-invariant feature transform, and shape
features as well as the multifeature fusion. It can effectively reduce the subsequent restoration work’s complexity, such as
matching and stitching, and therefore improve the overall efficiency of the Terracotta Warriors” restoration work.
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Fig. 8 Fragment sample images

3.2 &t

T 5 VR BE Ay 2 % (N 2 05 2k A W B 4
ResNet18 [ 4% % B1 i il B2 i% i . B3 F B4 . B5
Ji B 6 R B 5 ARG S S HEAT A 2 T DA R A o R A
AT B — 25 Tk 6 4 2 1 FE AR . AR K 4
Y1 RN BB A A 45 1 B “07

ResNel8 == 2241 55 WA B B i Il 2 ol A, 87 56
Ak B IS 1Y) 25 A B R B8 5 A ResNet18 b, I3 i 1
B EUR bR . MG K45 R 5 W
WHR AR A IS, 00 T 206 X 2% B AUE R A 00 B Ak B4
VT I 28 Hi 1 1) 43 bR 25 5 S PR 43 AR 45 WG 3 22 [ 1Y)
PR

1 1 M
L:NZL‘:NZ *Z{ya logpic. (8)

Ao MRS B, B AR T R 2800 6 25,
PAM=6;y, 48 n A8, W% 2 B ARE AR ¢ i 25 B A0
A 5 02 1, 75 WS 02 O p, SR FEAS i J& T 28 1) ¢ A% it il
B

Gn 2R A5 20 Y 2 (B N A BV L DR R 2
Toe /NP T X 44 i 28 T 0 BB E AT B BT, BRI

M(i+1)=a-p(i)N(i)+M(i), (9)

R MG+ 1D)ERE I DGR ;0
T 46 2 2 SR 385 B O B 48 J0 Y TR 25 T 5 N 3R R i 48 0T
M A s M) BARE DI GFEARMBUE. M4
ResNet18 4 & A /N T B BB B, 455 1k I 25 .

I i B 2 BGRB8, 1k 2
RBE N 0. 25, ALY LA ]l 2000 19 46 45 5 HL
RS HIN#E 1R .

SN BV e

Table 1 Network structure and parameters

. Size of conv Output .
Layer Output size Stride
kernel channels
Input layer 256 X256 3
convl 128 X128 TX7 64 2
max pool 128128 3X3 64 2
(3% 3] 64
2 4 X 64 X 2 X 2 1
conv2 X 6 6 3 3] [64:|
(3% 3] [ 128]
2X 32 X 2 X 2 1
conv3 X 3 3 3 3] 128
(3% 3] [256]
4 16X 1 X 2 X 2 1
convd x 6 6 3% 3] | 256
(3% 3] [512]
X X 2 X 2 1
convb X 8 X8 3% 3] 512
Fc_6d 1X1 6

3.3 XIRERSHMW

THEBA 2802 43 2 ) 8 rh B UL B 4R A L % AR R AR 1Y
B IR FEAS Th 3 28 TE A I REAS B0 o SRR A R = 1 T
B o AR 525 40 2R P B HER 2 (Accuracy-Avg) 1E R IT
Hr HE 4R . Accuracy-Avg X FF A 4 2 5 5 1y e ) 2 BB
AR o AR IS DA 3 28 S b I R 2H S
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B H1IHLE EEXNEME LS 5Kk
SIFT $FAE JEARFFAE L SIFT 45 AE R AR $5AE K B %
JUARTRF AR A5 DU Fh 7 125 5 BT 8 5K FH R B2 25 0 1 0 2 07 vk
PSR . LI A RN E 2 R .

K2 AR IS TR 2T ORI T
Table 2 Comparison of effects of traditional classification

methods and proposed classification method

Method Accuracy-Avg /%
SIFT Feature 78.42
Shape Feature 67.55
SIF T+ Shape Feature 84.41
Salient geometric Feature 71.32
ResNet18+CBAM+ CutMix 88.69

IR 2RI LA Y, B 4 25 10 6 7 TR B2 0 S B AU i
AT B o KA R BAL TG ik . W TR MR IE
PRSI, 2 T S PRARRAE &2 2% , A O B fiff Y STFT 4%
R 535 A0 R R AE B 7 6 % T 1R 38 43 22 i v R
Y6 i S #4284 L B ARL DL A R A ARE R LA, HL I
JUARI R AE A BB A RV 1) 3% 1 -0 9 0 e, DRI 40 28 8%
AR . JE T ZFPRHIE AlA 1Y I 0T DU 208 =
TR A3 S UER R M T DL B DU RhE G i 4y 207 8k, R
S AR VR 2 ) B AN B AR R g 2 AR
SIS 25 BB TR O iR AT LUR AL H 3l 4R U A i
FRRIEAS B, ELAETE = Ak 4 O 245 F I RRIE (S S,
P T B MG R R

55 2 21 S0 b T A UL AR B BT Y ResNet18
BRI B F BB RS 25 58 A T CBAM
NI 3 T 2 AL 0 ResNet18 45 5 i A T 5= I i i
3 2 B S 0 2 SR K T B R A R TR A AL D
LT CBAM XGH 18 1 & ML & CutMix 3 5% 5 0§
) ResNet18 & i H T Z8 i i | 4 25 19 55 56 2%
HARZE SR 3 s .

%3 ResNetl8{RALRTJG 232 7 ¥ BUR X 1L

Table 3 Comparison of effects of classification methods before
and after optimization of ResNet18
Method Accuracy-Avg /%
ResNetl18 84.76
ResNetl8+CBAM 86.21
ResNet18+CBAM+ CutMix 88. 69

MFE 30T LU WK TR B 2 ) O ik 5 A Z A i
F 4328 A R A% A R T R A T HE R Y o 2R 4
AHH A CBAM XU 38 7 22 7 AL AT ) ResNet18 ()
S8 AE I A CBAM J5 , ResNet18 5 5 (%) 3 fiF 4
F1 BTN, AL AE I i e B DG T ZR A B R B FEELRRAE 9D
i Xk 2 28 5 S0 A FH ARG R 6 BELRRAE , 38 AY 3 BT A
AT DA ZWE AT, ELAE A 25 0 00 e 19 4 2R 4 A5 2 1 1F
— BB TF T T BB R AE ResNet18 45 A4 o [i] i} 4

AT CBAM B I8 1 2 AL Kz CutMix 1 558 5 g 7
RACABEB . CutMix 5 s 15 H] T % )2 08 i 1 75—
5 2 A I 5 1T 80 1 1 X 3o A 4 2 1 1T 0 T 4R o ) e
F8 DI, AR TR AN SO OG E 28 A ee Fr die AT X ) ) 70 2, T
H OGBS ZR A W 7 B9 PR X, CutMiix 3 56 55 I A5
B i 388 3 /) E 5 U0 FORS I DX A= BT Y 2 4 7 R
A T EL S LR 5 TT 8 [ A T LA Z2ms AN i, Al
FHEE R RE AL ™ A A 1 o R PE REFIIZ AL PERE . BT R T
V50 L7 IR S EE AN 9 BT o

2.0

—u— ResNet18+CBAM+CUTMIX
18 —e— ResNet18+CBAM
16} 4~ ResNet18

14t
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10}
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Fig. 9 Contrast of convergence

MIEL 9 0] LA Y AERT 100 YA AR I 25, T 42
A W S T AR T A 19 % 5 7E 22 5 Y 200 IRk
U, = A R 2R ks T 22, BE AR AR E , (H T 4R A8
Y51 2% oRBTE 248 T 220 YRS R R MR E] T 0. 003,
iii ResNet18-+CBAM 9 #t & i 2 B 2| 1 0. 015,
ResNet18 451 & {H HFEE] T 0. 017, 17 $2 452 7 75 22
R R R I3 AT 55 P U T S v R R e PR RE Y
ZFARWE 45 5 . oAb, 7E CIFAR-10 23 i dli 4k
xR AR T PR AT N, A R SR A PR .

#4  ResNetI8EALHIG7E CTFAR-10 73 JE 45 X 1L
Table 4 Comparison of classification results of ResNetl8 in

CIFAR-10 before and after optimization

Method Accuracy-Avg /%
ResNet18 89.25
ResNet18+CBAM 91.21
ResNet18+CBAM+ CutMix 91.73

M2 40 LE Y, ResNet18 £ 4k A5 71 76 23 H g 42
££ CIFAR-10 I fr BUS 9 ME 8 % 3 T8 B B S 1
HER 3 X LE 2 Al B0 4, A 80 4E CIFAR-10 4
O Z 0 BE B T R I REAR R, AL 4G 10 Fh 28
A, 4 B 5000 5k B A% & 10000 gk 38 4 1%, St
60000 i IR o % 54 48 5t & o0 K AR A Z AR+
&, R TE DI 2o A rb ] DLAS 2 5 A DI R R, s
IS EE R B X B o R T AR 3 — R
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