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Abstract

The recognition of ancient characters is of great significance for cultural heritage,
historical research, and academic research, and it helps to promote the inheritance and
development of human civilization. However, due to the lack of publicly available datasets
for the recognition of Bamboo Slips from the Warring States Period, as well as the
interference of bamboo and wood patterns, ink interference, partial font breaks, and serious
imbalance in sample quantity that exist in the Bamboo Slips themselves, the existing methods
for the recognition of ancient characters have a low accuracy rate for the recognition of
Bamboo Slips from the Warring States Period. Therefore, it is necessary to conduct more in-
depth and targeted research on the recognition of Bamboo Slips in the Warring States Period
in response to the current problems.

In this context, this thesis focuses on the problems in the character recognition of
Bamboo Slips in the Warring States Period. The work summary is as follows:

(1) Aiming at the problem of lack of Warring States Period Bamboo Slips character
recognition dataset. In the thesis, 1001 kinds of Bamboo Slips of the Warring States Period
were collected, with a total of 19042 image data. Firstly, the image data was labeled, secondly,
the data was divided into Many-shot class, Medium-shot class and Few-shot data subset
according to the number of image samples, and thirdly, the data were preprocessed by image
size specification and standardization processing, and finally, the data were enhanced by
brightness enhancement technology, corrosion enhancement and expansion enhancement, and
a total of 26564 image data were added after enhancement, that is, the production of the
Warring States Bamboo Slips character recognition dataset zgzj1001 was completed.

(2) In order to solve the problem that the interference information such as bamboo and
wood grain, ink, and some font fractures on Bamboo Slips will affect character recognition,
this thesis improves the ResNet50 algorithm. Firstly, the spatial attention mechanism and the
self-attention mechanism were fused to improve the spatial self-attention mechanism (SSA),
so that the model paid more attention to the main information of the Bamboo Slips, so as to
weaken the influence of the interference information on the Bamboo Slips on the character
recognition, secondly, it was added to the last convolutional layer in the ResNet50 network to
complete the Warring States Period Bamboo Slips character recognition model based on the
spatial self-attention mechanism (SSA-ResNet50) Finally, the model training and
experimental results were compared and analyzed. Experimental results show that compared
with the improved ResNet50 model, the SSA-ResNet50 model improves the equilibrium
accuracy and F1 score on zgzj1001 by 1.67% and 1.34%.
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(3) In view of the serious imbalance in the number of Bamboo Slip characters in the
Warring States period, which will cause difficult model training and poor recognition
performance, this thesis improves the SSA-ResNet50 algorithm on the basis of the problem.
Firstly, the SSA-ResNet50 algorithm was combined with the SimSiam algorithm in self-
supervised contrastive learning to design a dual-branch network, secondly, the construction of
the Warring States Bamboo Script Recognition Model (SBBN) based on the self-supervised
double-branch network was completed, which improved the recognition accuracy of tail
samples and weakened the influence of the long-tail distribution of the dataset. The
experimental results show that the SBBN model has a balance accuracy of 97.56% and an F1
score of 97.38% on zgzj1001, and a balance accuracy of 98.42%, 97.45% and 96.90% in
Many-shot, Medium-shot and Few-shot, respectively. Compared with the SSA-ResNet50
model, the SBBN model improved the balance accuracy by 2.72% and the F1 score by 2.97%
on zgzj1001. The balancing accuracy of Many-shot and Medium-shot was increased by 0.82%
and 1.07%, respectively, and the balancing accuracy was increased by 5.58% on Few-shot.

(4) The character recognition system of Bamboo Slips in the Warring States Period was
designed. Firstly, the front-end interface is designed by using HTML, CSS and JavaScript,
secondly, the back-end service is realized by using the Flask framework, and finally, the user
registration and login function, image preprocessing function and Warring States Bamboo
Slips character recognition function are demonstrated. The demonstration results show that
the system can accurately recognize the characters of the Warring States Period Bamboo Slips,
which can meet the needs of users for the task of recognizing the characters of the Warring
States Period and has certain practical value. The research on the recognition algorithm of the
Warring States Bamboo Slips in this paper improves the recognition accuracy of the Warring
States Bamboo Slips and provides a reference for the collation and decipherment of the
Warring States Bamboo Slips.

In the thesis, the key technologies of the Warring States Bamboo Slips are researched,
which improves the recognition accuracy of the Warring States Bamboo Slips and provides a
reference for the collation and decipherment of the Warring States Bamboo Slips.

Key Words: Character recognition of Bamboo Slips in the Warring States Period;
Attention mechanism; Dual-branch network; Self-supervised learning; Flask framework
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Fig. 1.1 Example of Bamboo Slip characters image in the Warring States Period
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S RBIBORE. S PR R 25 R e AR
ﬁﬁf&ﬂf”@o M- ob
%'J riﬁb
Ul e Rl T | WHoE 7R T A REE
L Hey 3 i [ A i S o7 v = L s W53 3 P 45 (1 %
W HHE 5 7 fa S5 R 7 fa S5 R
e o
DL BRI KR USRS SR
empyy  ERMEERL SERT O EEEUNBETE  WHYILE, #ET
Al ] 77 1 S - 1R IEREE, DO NTE FETE R E XU S %
Pt B AF o B VER AL IR AR
SEFr B Il
C R SR R )
Kl 1.6 BIF 7 A A HESE S5 R 1R
Fig. 1.6 Study content framework structure diagram
1.3.2 BETZRA

AT EN, BRI ZHI T

R, B, TR SR BT
SRR T T RSO BRABUR IR T ARSI S AR PR

BA 7 SO B BRI IR, B T IE NIEAERA L e, RERY TR

MW EBTAR; &a, W TR ET A .

ZxHde B2
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O TR RN R L S S A R ER BT UL . e, NPIAR EERR 22 I 4 RV R ML
HARJFE BT T UY e, 2R T REERGIRA TSRO, AR EX
TR R AR YE s B, A T ARSI BTl A A SE R A BT

= BRI EAT R SO R SESE, A A TEE R, B,
Helabrik s Bkl oy Lo Ak BEATACHE 19 5% S5 B AT 5 B 17 o AT ) S5 1R 0 Ade B
292j1001 [fIE; SRJE, X zgzj1001 #EATIEIESTTH 0, 18 292j1001 22— K2
iy FEARECE ™ EA MRS, e SRR, e, KRR S
BRI AT I, AT OO R U AR ISR, O e SR SRE AR

o DY T2 I T 5 8] B R AL A AT () SO R SRR S, A A
TEHE Rl BG, XA SO SOt i) 22 18] VR BT PR U B s LR, XA
oA 1) Y 28 A R R R HE SRR AT BRI s RO, AR AR Rt i a7« vEA dE
PRANNZR SR E,  TFX TR IR 22 W 28 28 51 ST (M 45 % R BCEAT C SRS L e s B
Ja, B IR ) S I S5 SRS B oA, A5 H A B S AR A W] DL 55 4T ) B TS
SN SR RIS o

TR IR T A B X SR AT ) SO R R S, AR = AT
EHE . 12, VAT A I SimSiam HIEMIR s AR ANESE 251 LK,
X AR B AU PR X AR AR SR BEAT VEAR A T B, R B ARG AR 4% 22 3] 70 ST O
H B e 3] SCRR o A R R B By B, AT AR SIS 45 R e i, F
AR T O AR I 59 1 B SR K R A IS R, B TR AR S

BEONERIIFNAH T ANREAT R SCTIR RS, B, EFF Flask HEZEA
MySQL ¥¥ls AT Rt E Wa, T ARG, EERUFERGLSMRIE. &
GO ANEHE PR BT Bom . XERGEN AR, s T PEMThRE. P E
SKINAE . PR T P Th e AN 1 7 fel SC IR Bhae, XA R b, BRAE 7 A &
LSRR S LA RS RIFHIRBIZCR, BA — 2 sEHOME.

FHUENA L FETAFAT 745, FEREE AT 6 SO Rt — bt FE iR H 2
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2 REFIMEREA

FE T SCFAR A TAE Y, 4R850 7 R AR HAE SCTF AR B2 U0 S L TR
FITERRI 2 o BEE TFENRFERR M R R, RS S HOR Be 0% 1 R SR B S e
R TAE, DR A SOl PR R 2 ST RO SRS B b AT ff Se il e 1, SR AR 2
PR 28 [ JE A SR ER R AT T VR RO UL s R, SRR IVLEI R R B AT O, N e S
RUOEEE R BRI, R T K EEGR B B SR, i) e g IR e A R
FRBRE; ffa, VB T ASEES B B Se B A 5
2.1 RETREML

RPE 2 I8 2 R T AR SR LU — N R B T W . REE
= ) AT DL G B A 2 S B R RIS R, TR T B R v A EURRE
5 BPU, HFZ M 2% (Convolutional Neural Networks, CNN) /& —Fii 3 -7 B 24 >] B
A, B ER. SRR I E SRR, Rl 2 2 g W 4% AT 4 SR AU 22
PLES 2 T A R EHAR I, I8 75 20 BUR T A, FREREC e, T CNN J8 T
LB SLE SN GEREN T3, 7T CLF A S2 o) EAR 3T Ber A AR BUREAE (5 2
B R Ik T AR ) S E AT S R PR, AR T R LS ) BRI U7k, CNN
HA IR IR IR RO AE /7. IRk, CNN #2472 GRS 45 F

IR HR 22 2% (Deep Residual Network, ResNet) F2& {8 BI7E 2015 SE 42 Hi R IR 547
TN L%, GBI 5] N ZEEE AR AL G CNN ZE I 2R R o B A B6 5 3 Sk A A R
JABAR )RR X — SRR P I AR R B A T U R T AR YR, IR R T
BRI R A RE R I . (R, ResNet A B A LR 1 I 5 2 =T o f o 3 o) AL,
I R A 28 IR 28 R BT AR A TR B T — 2508 B %, R HE AR E 2 3] A AR T IR
IR . ResNet B GGl ik BEBIVEREARER . BEA S HOTHE B /NS0 AL
Rz AE G 25 BARR. BB BT BN SAT ST 2 . Hikz
FoI BT 2.1 s

ResNet JZZ 2B EBAFEH N L. BN x 2N EHR
FERAER R FO), 2B AN EEE M AE R . RE, KXW G I
TE— I B A H) . Bk, WIS o5 ) =3, Bl H(X)-x, T
DREEZ M RR F(X). MM TS B —AMEEM HX)=x i, RTEEIN
ZHER R 0, XAEFA 20 N BE G A M A e,  ATIAR BE T S N B A 38UE
B FEOT T HARI AR, S22 S5 R R RID T IR ]
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weight layer

F(X) i relu

weight layer

H(x)=F(x)+x

2.1 BRFEEF ]I
Fig. 2.1 Residual learning unit

ResNet L 5 FiAFRE KB AL 45H, 4379 ResNetl8. ResNet34. ResNet50.
ResNet101. ResNet152. i FH T~ A< S £ FR) ik 147y fia] SC == TR ) 0 4 v 1) L By RS [
SEN 64X 64, X T X BN RS B AN 75 L3 R IER G AR P 2 (Y 28 3 AT I 2k DRI,
A EEXFH P ResNet18. ResNet34. ResNet50 %5 2% kAT 1528, JFidkiT T 45 5%
SFE AT 3 2.1 9IX =P 45 (1 4584

# 2.1 ResNet18. ResNet34 Fl ResNet50 [ 45 4 #4
Tab. 2.1 ResNet18, ResNet34 and ResNet50 network structures

layer name output size ResNet18 ResNet34 ResNet50
Convl 32>32 77,64, Stride 2
Max Pool 1616 3>3 Max Pool, Stride 2
1x1,64
3 x 3,64 3% 3,64 ’
Conv2_x 1616 [3><3,64]X2 [3)(3,64] X 3 [3><3,64lx3
1x 1,256
1x1,128
3x 3,128 3% 3,128 ’
Conv3 x 8>8 ’ X 4 3x3,128| x 4
3x3,128 3x 3,128] L % 1'5121
1x 1,256
cmex e [ [X3%0xe [axaass
’ ! 1x1,1024
1x1,512
covsx  ze [k 2352 [3 3517 ] ‘3
! ’ 1x1,2048

APFS 1x1 Average Pool,1001-d FC, Softmax
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ResNet A PCRH 15 ZE 5 2] BT, SR LLIZS 3. R 2.1 By
7N, ResNet50 W 25 Af FH 11 2 22 25 #4544 (Bottleneck) o 7£ Bottleneck 45 FH />
IX 1 BRI YERE, IF Bl LU > S8R R . BIRPCRA T 3X3 &R,
XK/ A AR B /N B2 B R R Y AR 2R PR R, AT DABE G e R R R Y

JRERHIE, HHBEERDPISHENTEE.

2.2 EESH

FETRFE 2 AUy, TERIALH o 17— A7 8 Hs 20— A el i A 2
Bo o oE i PR G AN SRV R T R AL, RERE AR AL BRI B 3R
FFEE P AL FR B G B A5 S 2L XL A S AE T SN S A, (AT DUR R
RAGE, BESEMGE RIS TG L, R EEIRBIHER R . AN 22 TR
JINLEIAT B R AL A SR BT U, DR SRR A e R A A
2.2.1 ZEPEENNE

I SN AE R AP, e k2 mT DL A ot e B A R A B 2
B IF HREREARYE AL B 0 B B B S RF R s, AT B S P22 P (0 45 ) A

i SUE BP0, AR R TR BT 5 TR RS 5 B O R E R, IR AE ]
RAC BT 55 H BAS B AP MR RE, S ANV R U & 2.2 i

ol PGV WAL 22

— ﬂ% %ﬂfﬁ% ‘l

HE BRI, T AL I'M )

Bl 2.2 7 [A)yd
Fig. 2.2 Spatial attention module

A AR R BAR STy E 58, WRARIREE S F T SO A1 1y
Mk, R A e B A T T e i A A R B A 2 AR T, 1 P g A
T I AL T BB P S (R R S BURFAE (R R 471290, JEok, b i Rt A AP it Ak
28 RV A B R P BEAT R Ba, X HHEI 4 RAT B RERAE IR Sigmoid®1j
I R ECEAT VA Ak, SEEL Tt G E R A KRR SR
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2.2.2 BEAEINH

RS AR 22 X 26 38 A AN R RST BB AR (1 3X 3. 5X5) SRSZIURHIE
PEHUERAE, REREIREH EUE F IRRIE S B0, (B2, XMy R HRREImXER, mHt
DT EBRREE R . E 2017 4, wang 58 A G 3E R i Ae ] 28 A5 R SR S I 2 B A
B4R ME BB, 1 H A Non-local #EH AT LB VE N — A HIEE LRI, HER
JINLHIE SRS R ] 2.3 Fs .

z $ H>W>1024

aNYA
11
H>W>512
HW>512
softmax
THWXTHW é
5125HW
HW>512 HsW 512 I—||_|>\<<VN>11122
HXW>512
[ 6 : 14 | [ o: 1 | | g: 1 |

I
x  H>XWx1024

Kl 2.3 HERSIPLHE LR
Fig. 2.3 Self-Attention module

H VE R ST A0 B AR IE 6 B A AL B 2 R o8 REEAT M, CLHESM
B2 AR IR, T E A AR A RS E . I L AT LU N 4 R B
- Hb R i e N B AR AN R B 22 ) KR AR O R, AT B8 S A TR X 42 /) R SC Y
JRFNRE
2.3 KEBEGIRAGE

KB MG R 55 & — PPk i) BMG o 2k im) @, B S i 28 o A RELK R
A, BIUZDBERRREARS E SR T RREEARRE R R o Nk, MR ZHEEMEAR
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B G T SAEARER /N AR, B 24 E KBS AME . BTk
BIPEARRERZ, HXNK BN EE R, RBEIB N0 RS ERN. WRE
R KR MAEEM TSR 2 IR R, TR FER AR AL,
M PR A E R . ARSI B FExT RO B AT # SC7, HSCF I A A & X A4
AR, AL AR SR S R IR D7 i R AT I [ 7 il 37 (K031

=3
PN
-
%
SEIES
EHES
>
KA
2.4 KRR

Fig. 2.4 Long-tail data distribution chart

KR EG IR A7vE R B S FEREE. EIRL TR E AR5 s, AR
TR IR LT IEAT T X AT, B TIE RN R, N CEESG AR
2.3.1 EX#H#

AL G HRFE 22 SN SR, Hdl RAE 40 R FHBEA AR (Random Sampling, RS) 77
2, BIFE— /IR WA FEAR R B MRS 2 A S B3, SR, 75K R 40 A B 4
HEH RS 773, HlFE B Sk SRR e oK T AR, X AAS I SRt i B A e
KEBRALF . N T IRJEOXAN R, A5 5 ER AR OR B U 48 1) 40 A1

R R AE AL B AR ) 0] R b e o Bt B IR 7 BRSOV R AR Bl AL
K+ (Random Over-sampling, ROS)BUAIFENL X K 4#: (Random Under-sampling, RUS)ES],
ROS 7EIIZRIN FEALE R A A SRR AR Bl 28, 0 RUS ZERENL B B RAE &
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FERHB K H M FEA R TG4 . ROS (KB 2 1] At it iR B SREA 1 i L&
M RUS 2R Skl RFEAR R, PRSI AR B BEC, S T ff k. ROS 1]
A, Chawla 5 ANBMRH T & R/ B2 3SR 7772 (Synthetic Minority Over-sampling
Technique, SMOTE). SMOTE 4ikiEid K UL 4R H LA BUHT REAS K AN FEREAS I RE AL
B, XFERERFET REM T R BRI A M. (52, BT SMOTE (AU
H ARG IS BRI ECE, IR AN B SSFEANE R E, KRB
LSRN IR A, B A RE AR 2

ORI MU AR A SO, REMKRE AR, B2, Lk
/& ROS it /2 RUS AR AFIE M. T REEFARER D, HREMEFANZER
AR, M ROS HENRHRFEAIITEE RN, SFERIFEANSGSE S HIS
AR . MEEH RUS FENLEFERLIMEIEAR, 2FECLERFEARMAREZ . K,
BRI P SR 7 VAN A B U T R
2.3.2 EmM

A, YN SREUE G2 3, BN Sk RN 2 35 2 0] A BB 2 AR A 1
e KR A0 BB RN GR, SR EARE, TRFEME . 4K
FARBRE, SkEZ MR IR E S LRI A EZIRE . W
SRBTIREAFEAR B E R AHSE ), A A 22508 Sk = A AR R B Il o BRIt
SN 22 RAFTE R E, 1 25 200 SR AR T /N, IX R I SR A AL X 38 iR
IR AR i 2201

NT BRI R A 0, EINRTERIE A . B INAUR — b K R 4 A
(7735, KR oA 8 I 2R 5000 4 P O PR AR S AN 2 i 3 38 xR g vk B e A
[F A T AN [ AOA R, A5 0 A PR AR Sk 3508 24 1) () A B 42 s R A 2 ) AR, DA
R ETEREA D ATE B I, BB v 2 B SR N 4 35 2R B 5B AT AR B,

A ) dp B SI it 7 2 A A I R AR R B R A0 20 0 437 2K o Bl AT VR 4, R
R softmax 12k (Weighted Softmax Loss, WSL)J5 10, fiij 5 WSL J5iEANE, P
softmax 514% (Balanced Softmax Loss, BSL) J7 -4 bR 4l 5] N BB AR F B, LA
SIS EN RIS P A 1 e 2= 1 R T B R IR R s A, BSL ik 4 R
56 TRR VR R TR, SRR R o A i BRI o 54 AR S AT Sk AT E AL
AT, A4 B A% A 4R A S Ok BB (Focal Loss, FL) 5 kSRR BEAS AR S5 ) J . FL
78— LT TN B AT BRI A R ek L, BARSR UL FL 9 RS AR 2 L s e 1)
B, AR D BRI, M TH m R B 3R b A 1) S FE 12l
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AT R AT AR — € R B G2 i Bl S R o A I RIKI 2, (H2 EE AR
AR NN GE 7 R AR 2, M IR 5 3] B B IR LR AE R BE 0, BRI B IRy
AN IRIF I TTE
2.3.3 IBEY

IS 5 2] — MR F U AT CUn s 48 ) BN PSR I 5 H A AU 2 S i R 1
JNEWL s A Sk B2 ) o 2 B S R AR AR B RS BN R R, RS
AR RA B A B TP B AT R R AL, 3R 2.2 04 T AER R IEIR R o =FhE
RRIERS 2 S THE A AR T ik

#* 2.2 T
Tab. 2.2 Transfer learning methods
WIRFA LI AR B it
[Ep e SHIESV IV E4 % Soh 8 2 = 7N L eI e S| N e SRR
TOAR TR Y 2% BEAR NG D AR R R . el SRR
(MetaModelNet)*]  FEAIRY LR 21 22 FEARIRL 22 5] T 2%, /24 2T 7T 2% L
K LS REAAS R A R BT 0 W DASRAS S AP RE

BT KA AT RoR 5 SO B AT O 25, AR

=

S s TR 2 AT

“ﬁgi;ﬁf JRE TG T9 AT RO, DSTL Wi 04 ﬁé;”
R BRI, SOLFTH S A0 e ”‘

pEFEs)  HREUEASERIRA PR ENSEA SR W

(LFME)@o R SRR — G 1 o

WK 2.2 o RSk B AIRIER . BERSTIZR A R1R 2808 = PR R (3 7 2 ) v
Horbr, SR AR 72 8 F KB 1) v 27 380 1) 0 R MR R B 8 350 2l 1 1
T RPN 25 W) A2 AE R AR EHE Bk T Pl 2R, AR5 4 HIT 8 2 H ARE 55 i AT
TR . EIRZE TR — P — AN B AR R AR R B — N R R 1 v, AT
AR BRI PERE . TR I T LL— @ R B K R R R A P Re, H
Fe X MITVE R ERGERIEEIE S, Tl SO R e, XA REE, BN
PR SR R D KRR 4R, JUHER D AR IR AT i S R B a2k
2.3.4 fERBIIZK

TG R N 2 I G528 RN DI R R s 22 SR 3 268 MRS I 2ok 2 S il e
MBS SR KA R AP B & — AT R 22 2] il e =X
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(1) 2020 4, Kang 25 AfESC Decoupling T4 i e om 2 >0 dh AL B BUER 2
Oy KRR EAR, BRI, XK P BRI L 2 /B, FEtk 2
AT, KRR BRI R AL R 2 BB B, B[R I 2R3 s 2 ST B BERN 43 2R 38 I 2R B
Bto T SEIR R, RN IR KA TR AT ISR, nTAE KR SRS
HU A5 B8 4 IR 1 e

RIS — M BEDULIT A RO R A A A 2 2055 20, R 2 B2 i I 2693 R
BYBU#EAT o BB BOEAT RN ISR, FEVIAGEE A o i BEHLRAE 1) 77 kAT
BN GR, BB —ADTOINGEE, QR IN GRS RG22 8oy . 5=
By BGEAT B 0N, I3 — AN BN RS B TR SR Y, 45 31 2L b (O RR AR 32
BGR Z50,  HF e R E R BGR 2 W RT 22 2 S480, ARG 0 R8T O, RIS EIE
TF TR PERE -

SEIGUERA,  MRAR IR TT DL S G KR UM S I e o (ELR X A I BLl 25
VREL Sy P XA AT YN S, BRI 2R BB ELASE AL A R A

(2) 2020 %=, Zhou ZEAFEH T X451 32 M %% (Bilateral Branch Network, BBN), [A]
I} RS R ) o 2 S A1 2r 25 8% 11 261481, BBN tfig ) 1kl AR, {H 2 SRRl AR
[, BBN JEHMBARAY, FRoR5: M0 Mo K4 RN T, Bk, BBN HIfAY
WEREE e i 5 3% . A, BBN 7E SIS 50k 1 =3 SRAT A E A &S 2 ) B0 7
VR R ANAS R o IR LT VE AR T T IR BE M 4% 4 K88 5 ST IO e, SRR 282K
HOR-PET A TR RN .

BBN HIHEZE4E KUK 25 s . BBN I E 2 fi 1L 4 2% > 43 32 (Conventional
Learning Branch) . i #7 °F* i 4> % (Re-Balancing Branch) F1 2 1 %% 3] (Cumulative
Learning) SREBRZHA. 1% 405 21 50 SR AL RAE R R 16 K B oA, A H T
BB AT R AEAS B AR E . T B P4 SO SR R A 2, EERES /ML E P RIEE 2 1)
FABIEAREA, DA A e, AR T SEBLA R a0 SR T BRAA 2% 2] SR
e 15 % G825 21 4y SOR BB AR GRd FE TR I ZRAR B, @i — AN 34 o
KA PIAS 73 SO ERCEAE BHIBNASRIE, (815 BBN 15 ) B0 ARV R
TEAE BARBUE D BRI 1) 73 S A5 I

BBN ()X 53 32 4544 ] LASeas FR  R IR AR SR BN RE 70, $2mr 1 RRE AR iR n f
W, MMZM 7 EURENKES AN E. £id5LiieiE, BBN 2 /MK EHWE4E L
AF LA B S RN PERE . (HAE, R EIMRIIFEAR SR KA, 8P o SN
SRFES XA BE AT R, HE X R R AT A v e 2 S 2058 H il
PEFIZ ARSI
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Cumulative learning

Conventional learning branch

head—tail
! Uniform Sampler |

,,,,,,,,,,,,,,

head—tail
| _Reversed Sampler

il 2.5 BBN HEZL £ 14
Fig. 2.5 BBN framework structure

i bprg, N TR R R, BRFE. BN IEAE SR ST AR I 2R n]
PUESI—ERIMEH], (H2IX LT IR R AP A — L ] L

(1) HERFEHOR B EGE N SR B K00 T2, ORGER K R B 7oA i i 1 52 i
e AR R R AR TTR . B, R BRSO & T EURH A g Bl &
BLGANIR R — 80 Sk R ISAEAS RS L

(2) EIIALSIAR T2 BRI R s B AT etk , AN R SR AL AR AR 7y FCAS A A
HI 55 BLE, 4R R R MAE . (2, (EH M R 2 5 BUR AL M RHIE
FRETT TR

(3) IEFE A >8I MK HB I o 22 21K 2 5 R AL A% 2R VRS EAS 2 1 R B0
T, BENE AR DN G B AN . H, ARSTHIRIE FER RO E AT RS, sk
DRI IR AR BEAT AR AT M . IR, SRR FI AT A% 5% 21 05 12 R AR e i [ A7 i 5T
AR R A i AL

(&) fiEFh g2 — M EDW A UK B Aid A 22 55630, @i I 2 oy
RN AR A E I PIER 7, AT DU o R R B R, JLAh,  Decoupling 1
BBN #2 il 2R3 . Decoupling J5 245 R Il Zr IR s ELA A XE LADLAL, BBN J7i%
&7 5. 5y W G, (EREAE 5147 73 SO0 R AR AR AT B R ] R 2 B BB AL i 40 AT
ZACRESIAN L o

D, D 7o Al AT B S EAFAE B A L, AT 8 KR IR Sk i
frofits
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2.4 SCIGIRE
ASCH BT SR TE R 2.3 HOERLIREE P AT

* 2.3 LRI
Tab. 2.3 Experiment environment

T H Pic &
BIERG Windows 10 64 £i7
ALFRES (CPU Intel 19-12900
iR (GPU) GeForce RTX3090 24G
YRRy PyCharm
RS Pytorch1.12+Cudall.4
IEES Python3.9

2.5 KB

A TG TIREZIMCE AR EFE, SRR TR, A& FEMT
PLF LAE:

(1) XPIRFETR 22 M 25 P R A SR B AT T PRI B . AR S 22 TAER LR AR 22
(B2 B S G2 S 9 e i ) 8 = 4 A o TV 2 PR i N

(2) X2 (A B IHLHIRN B3 = WL R B AT 73, N JE AR SO E R T
WL S A 2

(3) Zid 7K EEMG IR AT 7k . STERFE. SR, TR S g1
SR BEIRMNTEAT T, B TIAEENAR, o 7T HAGEH TR EAT
B SCFIRAMESS BRI, A JE SR SO BRI Sus R Al 2

(4) TEEEEIE T AR SCSLE0 FH 2 286l EALAES, AR SCHrE A AR AR b E LA
RTINS
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3 MEEETE X FIRAHIESE

1 I 0 0 0507 TR R A TF IS4, TG, AR BB A7
R AT AR SRS BRI IE T 0. 26, MR T 1001 FREAT X,
S 10042 SKPRAHE . SR, APEHREUR AT ECRARIE . SRR, YR LTI
GERERARAE . SR, MR T R RS ORAE 202j1001, A8 T B IE 41
SO RIS (R SR R I G BRI E e 3k
3.1 BUREHIUE

A BT EEARTE . SRS BRI BRI
311 BURSKRE

0 B R SOERIET GRS RRR TG FMA NS, G5 (FE) |
()« CRIE) 2 RICEMSTR. 8 0T E—RAE, R EEHR T AT
FRVE. JGAEE) 1001 R EPTRSCT, t 10042 KGR

S5 BRSO SRR, A5 19042 T S A HON B E R I 0 B
SCPE ek, B S MR R P SO R B 2921001 MORRTE TAE . AT f S0 i
54 B 3.0 B

P 3.1 e [ A i 307 B 20 S s ]

Fig.3.1 Example diagram of some categories of Bamboo Slips in the Warring States Period
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3.1.2 HIEEXIS

TERARFRVETE UG, W E AT 8 SO BAR S T R oo O T S A VR A E A 4R
P RSB A B KT 100 5K R 234 Many-shot 25, &R0 1B 5 $s oy 20-
100 5k 748~ Medium-shot 28, A5 $E /> T 20 5kiI4r 4 Few-shot 2.
297j1001 A 2P KR4, HBUZE MR ABEA L E IS . HF Many-shot
43 I [E S, Medium-shot 3 297 S\ [E 55, Few-shot 3 661 J5 /4% [ 5.
3.1.3 HIBETMALIE

N T PRIR B X 48 BT B BRI B s A OSSN B, R T S AR
AT H i FA AR AR, BT AR SO B P S i AR, EERMT TERIAR
~HTE AR HE AL AL B

(1 B RSFREE

JREAR G B RN R G —1, T AEIRE S IR S, , 7 ZRIE
BN, BARSFNEEREWE 3.2 R, B, BGOSR EE
KA A IE T T SRIG, A 4678 (Resize) 3 64X 64 K/, XBERTIE [RGB
Wi Resize #AE =4 BRI, LRIUE TR AT DARAS HER AR . B 3.2(b) K
BT R FEE BT Resize #1E, B 3.2(c) MG RIE /G347 Resize #:1E, WTLLE
HHEAT A8 F 70 5 48 T300T LAY 2 5 0 e B 1 R

if 5 b

(a) A (b) 4k (c) B =7
(a) Original image (b) Resize (c) Pixel Filling
Kl 3.2 B RAHE

Fig.3.2 Specifications for image size

(2) prtEfeib
FEVR L 27 ST 55 R bR e AL R — AN AR B AL BB BRI, g 7 i/ il B A7
15 S 5 B a7 T R R S ] RN ARAS R I S, X e R AT 15 S 5 e B R AT A
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WabEE . B, THREANE A GRBEREMRESE Ra, RSB RER R
RiZWENIME; HJa, HBEIEEIERCEZE, EEAKXDAK (3.1) Fir:

_ x —mean(x)
Xnor = W (3.1)

Hor, xR BRIEIE, xnor RANGIARMEAE B R RAE, mean(x) RonitHAG
BIRMERIIE, std ()R HEAFBIRIARHEE .

"3 <
- | -
(@) A (b) FritEfL
(a) Original image (b) Normalization

Kl 3.3 trdEfrabs
Fig.3.3 Standardized processing

e ER I ] 3.3 B, AT BUGARAEAL AR IR DL, ] LU 28 i) o 1777 7 S+
ATRGUEE BT HUE B
3.1.4 HiEiEsE

T P 0 X 5 A A R ORI B R SR AT N, 8 OB R A I 2T LA
PAF AP RCR o AT EAR AL S5, 0 Ab 38 4 1 B B8 S AT B B AR . 72
20zj1001 HHE4EH, Few-shot 54 661 ik E SC & /NT 20 5k AR, BRIIEA S 322
X AT H G s A

B 48 it — Al N TAR OB A FE AR 78/ MEAR B IR, Rt
RCH AR AR AN R I IR, IR V2 R TR FE 22 ST I & ANk, A% Gt 1) B 3 i 4 oR
BFEEREG . VR 4Rt BT, SmEARSE AR R, T SCE AR, AR R
BT 5% B DT 1R S SO A Bt o B RS B SO RN, ARSI R S i
IEEMBE R T, AFEFEFHCERRER . TR G R B ARG SRR

BRI s Ean ] 3.4 oo i s R 3 ik nT DAY R BN [F] 5 FE T R A S
T e TR S g R T DU SO R, BEAK SR T DL 85 4T
6] BT PUE B I Hod i o b 39 o AR UG 38 5 mT DAASE 0L 68 18] S A8 1 M R RORG I
BEmE I AR AR (], SR TR 17 (L RE
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¥

(a) IR (b) =& (c) JEgh (d) ik
(a) Original image (b) Brightened (c) Eroded (d) Dilated

K 3.4 Hdlaig o lE

Fig.3.4 Operations of data augmentation

SRR, SR 292j1001 [HFEA S B 19042 Tk G EIEIEINZE 26,564
s UGB . B4 BT A A B ) 3.5() T, B4 AR AR 43 A B &) 3.5(b) i
No fE 2gzj1001 [IREA AT IR AT AR, SR EAT R SO i R R A, B
BHEREARDAARL, KIS IREA NG DB

300 A 300 4
250 250 1
200 200
i W
150 g 150
100 100
50 504
0- f U T 0-
0 200 400 400 800 1000 0 200 400 400 800 1000
HEHE HAYE
(a) HG 5 HI FRIREAS A1 1] (b) &5 i AORE A 7 A1 14
(a) Sample distribution map before enhancement (b) Sample distribution map after enhancement

Kl 35 FEA A
Fig.3.5 Sample distribution map

3.2 HEERMEI

XG5 E REARSCR AT Sih, IR BRI TEARME R0k 3.1 P, Herp, 28531
AR WA 2 A RIS B AR R IR 2 M R BT FEAS 1 0
FEAS B /NSRBI A2 2 R SR PR AR H D 10— SRR ORI RS EdE 1Y)
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R ZHIRETEALH B2 M IR IR SRR I AR 12 1% B S By 25
RIREAKCE KT 5

R 3.1 RET R SR BRI ARG B

Tab. 3.1 Basic information of the Warring States Bamboo Slips character recognition dataset

LGRS eI PSS PR/ BRI RIS
297j1001 1001 26564 9 300 26.54

Many-shot 43 6825 102 300 158.72
Medium-shot 297 11391 20 100 38.35

Few-shot 661 8348 9 19 12.63

o Many-shot 8354 43 Rk E T 30728, 3k 6825 skAEAK A S HHEEER
25.69%, fEiX 43 Fpaildr, FEARKEATLLAE] 300 5K, mE/NERA 102 K. e
Few-shot H', 8348 sKHEARE ., HEHIREN 31.42%, HEARKEON 19 5K, &/
FEABRAE 9 5k. WXL IR mT LLE H, R E AT 18] S0 2 s 4 70 A 2 v i v L) ok |
SCF RIS, EE £ ok A R B AR I AR L S . Bl A S B B 1 B AN Y 1l
MG, K AFEARKEZ IR, R IR AR 74 1 20 4R 2o 6 B () 7 AR AR
KIIFE o

3.3 HAIMER

VI SC AR e NETT T BB SR SCE, AR LETF5E, Lk ETE
FHISEBNE 3.6 . B 3.6() NPTARGUE T3, B 3.6(b) NERIETHE, K 3.6(c) Ak
S FARMTR ST, B 3.6(d) AN A5 5 KUK B4

FLEAE AR B TF 5 AR 5 5 E AN TE A TSR E AT T SC A i), R R R B

(1) HSCFRIEARRITAR, IARASBAGRRMLUE, XPSUgR SC71R0iE
BT, I BT S0 AT DU 2 TR AR A O B B AL T, R X AR R R A —
SEFM . VT ARSUEE T 3.6(a) s .

(2) e b srapdid Iz B, R N TAEHEERESM. BT
T B P oo SR BRI BT b, XSRS T S PR R T —
kAR, X SR AIE TP, ST an i 3.6(b)Fs -

(3) M ER ARSI AT, V21T R RIS A AR SR SR T . B
I (0] (P HHERS , A7 17 2 DRI B i) Py ML 0T B3 A RN R, R 80 B T A SO AR R AN 4, X
BRI A AR AN B A A 25 AR R T — e R . 505> A 22 4 6] 3.6(C) B
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(4) Prfa] BiCA AR NERSCR, - RENATHARBARS. Bk,
LA A — A SO AT ) Bt AN R 455 XA, 3R BRI T B 4 IR
BIRESIANZALRETT o AR KUK (1) AR a1 3.6(d) s -

(a) IR T (b) SZETHA
(a) Interference with bamboo and wood grains (b) Ink interference

(c) B>k (d) AFEHE XMk
(c) Corruption of part of the characters (d) Fonts with different writing styles
3.6 il [ 77 1 S A5
Fig.3.6 Example of Warring States Period Bamboo Slip characters

3.4 KB

A AT 189 55 (8 e R TARR R D, HARA RIS, Bk, A=
Sl B AR . BE R o3 B AL BE AN 0 g R R A 5 R T R AT R S R
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BEEE 29zj1001 [fI1E; Ik, Xt zgzj1001 BEATHIEES T 0MT: &5, X zgzj1001
BEAT IR B S5 AT . B TAE RS0 R

(L SEREARESIE. B, ST 068 E 718 7 B 34T B S pmiE TAE;
FLUR, Rl T 87 S0 - R0 B AR 4 R AR AR B E R 73 . Many-shot 28 CRFEA % & >
100) , Medium-shot 2% (GKEEARE N 20~100) Al Few-shot 2 (CGEFEASE <20) ;
SRJG, B SEBEAT T B A ST VE bR AL A HE 5 R PAC HE $ s B Sa, X EUE 4R
BEAT S BE SRR AR A L T ol Y iR G i S T s A, R 5 R R A TR S 1R S a
£ 202j1001 FHIAE

(2) Xf zgzj1001 AT HR LISt BIRSm IS A, 297j1001 & — K
AR, S CE NSRBI, KAl MR KEZERA. XM
BEA G A R BE SE RRRL  Ghr= AE AR R B SE IR, O E SR EE DO R 2.

(3) X zgzj1001 HEAT VME s A AT o %o Eds 4R UM S A4S, AT TR S B
TIRGUEG . BT H 7y TR R S R B 2 06 S RON&E e e, 9 28 DY & B A
TR
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4 EF =8B EBNNEINEEE X FIRANEEMR

N = F H R AT T S I RFE T A, AT SO B RIPTOR S0 . SRR, AR
W SRR AR A 0 SRR IE R, PRI AR HERR R N . PRk, XX — ]
M. B, AT ERE PGS BERE PSS, otz a8 iR Lk
FVEMRE SO EARERE; AR, Xt ResNet50 #EATHudk, K2 18] B E R AL in 2]
ResNet50 /5 — M EME, HISS 7RSO RS By ks, 2k 52 sy
FHRBIVERE: B, HEE 15T 75 8] B AL R AR A B SC - R s A
4.1 KFEZTEBFENER

X AT e SO RO S, HATTRI SO BT ORGSRk o AR IR SE
THAF B A S SO R AE e . R, AT St = 18] B 3= iU (Spatial Self-
Attention, SSA) KA PLIXAN ], 503k )5 ) SSA HEZR S5 K] 4.1 P

SSA bR ¥ 5 iy 2 [A] 9% & /)% 4> (Spatial Attention Part) . H L= JJ#4r (Self-
Attention Part) FIHF{EE 4 (Feature Fusion) ZHpk. il mh& 2 8= S HLH (Spatial
Attention) 5 HiE=Z /7 (Self-Attention) HLHISK ISENT 8 SCF BB EARRE, ZBETHE
B SN B, AN v 8 A 1 S0 BRI 1 g

H>XW 1 HXWC ' .
Avg Pool <IConv Sigmoid
Max Pool ©
Spatial Attention Part

<
<

A
Reshape | rsacom; >
H>W>C/2 ¢
H>W>C/2 HWC/2 H>XW>C
<dConvy Reshape J:l
C/2 1
|_| Self-Attention Part Feature Fusion

4.1 SSA HEZRZE 1)
Fig. 4.1 SSA framework structure
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4.1.1 ZEFFEHTS

25 (B 5 080 @i A MR AR AR S 4R E N TR R, AR S EEE T
BURIIRRAE BT, AT OG0 T R AT 87 B0 SO RHE S S, HAHEZR A5 an ] 4.1 7 Spatial
Attention Part #5747 .

XPT—ANGERE N HX WX C RHMIER], S 4E £ 34T P34k (Avg Pool) Al
I KAk (Max Pool) #:4F, $H4ERE N HXW X1 S IAIRHIE: AR5, KX PR
WEE A I, B —AEFEEWRERR; K, FHBRZ KN 7XT,
padding >4 3. stride & 1. #HdE R C FIEHBUZEAT BRERME, BREE - RN H
XWXC; ffa, STHFERIER Sigmoid & E0ks = [AIRFIE (S BB 2 0 2 1 2 (8], BB
TR R B A A A

EERANEIE AR (4.1) k.

SP(F)=S (f7X7([Favg;Fmax])) 4.1)

Hp, FRIERHMERE, SPF)FRR 2 AE R AP RIS RHEE], S()F 7 Sigmoid B
B, fPORBBHIEKRNN TXT WBRIEH, FuugMEpq, %78 Avg Pool A1 Max Pool
FAE S BRHAE B
4.1.2 BEAENINSIERS

H 3 B IS 2 o0k 1k EAT 18 S0 B A R AR EAS S, (50 190 26 R B 47 Hb 2 A
B NEAE RS F AL B 2 A K EE B OC &, AT IS5 1 AR T BT B AR
ARG R A2, HAEZR M an & 4.1 F Self-Attention Part 343 .

XT—ANRANGEE N HXWXC FRHERE, B =AY 1X 1 BB RHE B
BEATRRAER] HXWX1/2C; Kk, S =FFr R TEBER AL B. E FHEE; )5,
¥ ARHEEYS B RHIE BT A REA SRR AE i D FFAEIEL, R softmax eR 06 D HEAE
BIEATIA—4k: Ja, K D FHERYS E R EEATHE FERL-G s B 3 S LR
MIMEREL T B ) 4 R RFAIE o

AR ALETHE A (4.2) Fios:

exp(4; ® B;)

YL exp(4; ® By)
Hrh, QFRILETIE, SAF)ERET BEZE NG G WFEE RHEE R, A4
Fon A FHEEFIFEE S, BRR B RHEERFHRHEE S, E SRR E RHE B BFs
fEfE B

SA(F) =

X E; (4.2)
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4.1.3 $HiERLE

e 2 TR JE LIS 3 $ B B R AE S5 B 3 = D WL B BB (1 4 R R 2R AT AR AE
R, AT AR BRI =F & ANE F RRIE R R

HARSTH: B, 82 (A0 B 730 o SR R R 7 1 S B OB
R, @I BRI R E AT R SRS R Ba, B R S
FI 1 2 [ R AE B 21 1 R 3 30 o B R AE I L, 4 @ s Bk R 2 ] 1) iR 4 R A
Bl &R JIRHEERIEAN A K (4.3) Fiok:

Fesn = SP(F) ® SA(F) + F (4.3)

Hrr, FRFIGRIEE, Foa R BERIRER, QF/RITLERFRIE, SP()ZAT
AVER AR, SAC)ZRBEVERIRE. WX EERRE. B S R R 4G
R IR &, AT DASRBCE N -F & RIS 2

4.2 puHMEIEE F RHESR

% AT 81 507 EAFPE I RGOS . SR o AR T RS R R R A S BUR
JE 2 S) B R R S REANEE TR b AR S et e T ) A 0L ) % R A S
W . BARCRUL, HEHL ResNet50 Rk 4%, FE¥g 25 a] B v = 71 HLHTES 0 2]
ResNets0 & Ja — N GEAE G, BRI Ja MR B I0 7 25 (8] F R 0L Brds @ i
SSA- ResNet50 1 RUE L ZEH U] 4.2 Ffiow o

Convl_x Conv2_x >3 Conv3_x>4 Conv4_x>6

11, 64 1x1, 128 11, 256

HIN ——» T, 64 » Max Pool > 33, 64 » 33, 128 » 333, 256
1x1, 256 1x1, 512 1x1, 1024

| J—

Average | 1>, 512

it <«—— Softmax |- FC |« Poolg -] SSA = 353, 512
| | 1x1,2048

L | Convs_x>3

] 4.2 SSA-ResNet50 HE4E 45 4
Fig. 4.2 SSA-ResNet50 framework structure

HA ) 4 MkZEHN Conv2 x. Conv3 x. Conv4 x. Convs x, Z¥d% H 75
N: 3y 4. 6. 3. EEERE—NSEIEIMA T SSA B, MEZ IR
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R e A Dy 2 8] FE S LR AR B o 3 18] BV A LA Ak 1 v B A o A
FCF I ERCTE R, MR TIE S, A e 7R RA N R B TERE .

4.3 BERWNEERESHIZE

4.3.1 HIEXS

TERFAT RV ZR 2 00, Pk AT 87 SC R R 4E 292j1001 &Il 73 N ZR4E . B AE
. MARE. IZER T UIGBRMAE, LUEBIRREGE M 5 ) 2 E0HE 1R AR
s TSR AR U T3 I AT IR ) T Ok B UL AR, AR T 2 T A A
R fE, I R — AN ST O S R A S B AR AR LS R T R I, AR R
B ERIZARE

HASCES 3.2 BB B IS 4, 29zj1001 A S REAE A A, HAEA
R/ANREC 9 K . 4l — g ELBI B s AL AT BEAL R 7 o S BER LR AR A TniE
SRR B o PR, bk [ 7 18 S0 2 4 2gzj1001 42 BB MFEAS SR HIN 5 5K
B R AE REESE, ZITEER A M0, A BT RN R AT VP . S
a7y JE ) gh 83t 20558 Tk, BeiEAE L 5005 KB A, AR 1001 5K E s
4.3.2 iFhiERR

NT VP — MR IR, TR SRR PR e . fEd B — ML ALY,
RIS K& (Params) AT & (Floating-point Operations, FLOPS) A& W™ ht i 15
bro RS ERIBEBM TG FEZINSEHE, HEHT VR EANEENS
HARRIEAT I, SR E /MR KN TER, RUBEI 2 5 e B2, Ay it
HERIRE RIS HE I, TR OV R IR ek AN E R, THE R R AT AR
TR GR UG FE I B B R A, DRSS B AR () 52 A R, FESERRig v, BRI S E
A SRR W AL PR AU fF B R EE R R

TEIRFE IR, O T VRl o BB MR o 2 PP A . DL 0 R RL
T B FEAR Y I B SIS IR IR () T 25 ) 45 81 Y S Stk v B -

True Positive (TP): A7) IFAf iR 1E AL A T A 1E S

False Positive (FP): #5174 45 15 UK FRE A T o 1 2

False Negative (FN): #5885 52 Hls TR R A T A 672K s

True Negative (TN): 7 E R UK 57 AS T Sy 7125

HH DA DU AN SRt F s v LAE (R H HER R (Accuracy) « FERIR (Precision) « A A%
(Recall) X =ANE BIG 7 800805 FH B P FE AR o
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(1) #ERAR: RN 1) T 45 SR AN B S bR 28 DT AT 1 Ee g 1 e L. B R
AR ) T 5 SR R g AR o N B 2R B SRR A — BN, A R R T R
RN A R (4.4) FTR:

| ~ TP + TN i
CCUraY =Tp L TN + FP + FN '

(2) Hitfe: JoRIER S0 TE OISO IS B SOR EE l. REB i1 5
A3 (45)

TP
TP + FP
(3) AREIZE: WIYEAR, RIRIEM R0 EGIAH S LR EGIA S s, H
RS0 A 5 (4.6) FiR:

Precision = 4.5)

TP
TP + FN (4.6)
WIS SR A R FER AN AR, 52T — /NS EERTEN e bR, B FL 4
0 (Flscore). F1p%itdanast (4.7) Fix:

2 X Precision X Recall
F1=

Recall =

4.
Precision + Recall (4.7)

VP — A EUR 2 BEA b, HEm 2 — AN VPN Fabr . AH BT AR AT 1 3¢
TR 29zj1001 & — DA A0 I EEESE, 5 HERR 2R N PR FE bR 2 H IV A
B RGO RORTE A ) i H0Hs 45 P — Lo R R AR B iz i 2 T HAh k), axn]
RE 5 BB AU ) T U RE AR 2 ACRBIZE],  ANTAE AT e vy, ARG T 000 1
DR HAIRZE

AT R X R L, E P TR R (Balanced Accuracy, BA) SRt SR
MIRHER R IE, BAHE AR (4.8) Fimn:

_ XX ACG
N
Hr, NRIRFERBE, (RBRBAFER, ACCERKRE—ANFERILEHHER

gE LATR, FL A BeB SRR RIR, 24087 — A4 m rirAs e,
S HERA R T R RN R R R, B T A B B A . AR SO R I R
L7 ] SC IR BE 4 — MR A RO R A, FEASBCE W AN 1 (0 308 4
B, AT EIER IR AR R R, AT P HSHE. (TEE. TR
1 FL 5 305 M AR bRV N B P 48 b o

BA

(4.8)
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4.3.3 JIHGESHERE

A S {E GeForce RTX 3090 GPU L f# il PyTorch T E.44 2% ResNet18.
ResNet34. ResNet50 Fl SSA-ResNet50 #:7 , fifi FH B LS E T B (Stochastic Gradient
Descent, SGD)B4 Syt 74k, o SGD Ak FER s E R E N 0.9, BEFHF
WHEN 0.005, WILH%RBE N 0.001, FRHKTZIE KHRE (Cosine Annealing)B¥li%
B BEAR 21 % (Learning Rate), %77 &8 78 Y Zrid F2 v i) 5 2 22 1 RN 35 S A B
T S AZ AL . 1155 BB ] Cross-Entropy Loss®®!, Il k%% (Epoch) &% & A
400, fibE K/ (Batch Size) BB A 32.

BRI g ) R 26 - B 4.3 P, AT ILAE I ZRid #2 R Learning Rate Bfi#5 11125
Epoch [ nizdEnm F %, JFH@&TRE. HTMHH T RZE KR, TR %2
SR E BRI R LA X PR LRI 5 2] 2 2 w] DAB7 (B AR I kb BT 5
SR KA IR RIEIL R, BRI RIE 2 B ke . IF BA B T bl
RPWSCGE L, Refe A BUR D BRI NG P R IR . B, R R LR
KRS, B AE I SR FE H BE 0% 8 DA RO R 51K, A R T 58 m R B I 2520
Rt ShR B .

0.0010

0.0008

0.0006

Learning Rate

0.0004

0.0002

0.0000 L . . . .
0 100 200 300 400
Epochs

K 4.3 BRI 252 ) Rl 28 1K

Fig. 4.3 Learning rate curve for model training
4.3.4 1REN)IZ%

R BHFNGSHKER, R ETESCHIRMNETEE 29zj1001 HEg )24 ik
/T ResNet18. ResNet34. ResNet50 f1 SSA-ResNet50 B A f{)3)I1%%, I+ HillZ:— Epoch
SERJETE 292zj1001 H 36 IE B L AT R R P A
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8 -
6 —— SSA-ResNet50 —— SSA-ResNet50
ResNet50 71 ResNet50
| ResNet34 ResNet34
1 ResNet18 61 ResNet18
] P
g 4 8
o 5]
ERRN =
2 5]
14 1
04
04
0 100 200 300 400 0 100 200 300 400
Epochs Epochs
() B PRI I 254 Ok i 28 1] (b) 75 PR R B0k 45 2K vh 22 1]
(a) Training loss curves for various models (b) Validation loss curves for various models
P 4.4 BRI R bR Bt 2R T

Fig. 4.4 Graph of the model loss function

BRI Sk R B 2R R ] 4.4 Fos, IR Al DAE

(1) ResNet18. ResNet34. ResNet50 1 SSA-ResNet50 #7413l 24 b ()45 2% B
Bl 28 FNIGAE SR E R R A 2R Epoch [U3REZHT R %, JFHZE 300 /4~ Epoch
A CZIR B TURSUIRAS, M BE#E Epoch MR EREAL L B SRR K, T
AR RS 2N ZRBHL AR ES

(2) M ResNet18 HAU A1 ResNet34 FA 145 2% bR £ th 26 7] UG H Bl & 5E7E N 45
FUZECR IR, BB R N R IR, i B B0 2 0 E B v] DA B4 % ek B Ui Sl
£, R R B A

(3) M ResNet34 #F1 ResNets0 AR 145 2% b Bt 26 7] OB B BV E RIS
O REPE M A R R RE, BE )RR HES P A 0l & P R A PR Y s

(4) H5HAB=AEARIA L, SSA-ResNet50 7 41 2 ok #5 K F ik T et . HO
ResNet50 7% 1 SSA-ResNet50 512 457 2k bR 45 i 2 A 40 AT DAt B AR & sk 1) 25 1) 3 7
R IHUHI AT DL £ A A F 40051

Cr BRI, TRBEE S IR Y IR 285 2 H0RT DA i 45 Ok bR B WSSO B, T A DX 4% B
REHCES, BURRBISOE B, RN A RIE R . R R R
(RIHES (VE A PRI, ResNet34 535 ResNet50 5y (A AL Sk BF A 2 ) L.
AR FE i (1Y) SSA-ResNet50 ik i et 2% 18] H 3 52 7ML BE 0 S0y Hicdi 48 H e AR 1) o
FHIEE S, AT InER 7 A AL 40L& T8 R
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4.4 SLIGLER R FTEE ot

4.4.1 ResNet RFIEBIFIITLL AT STUNLER

(1) LE&REAT SR B B IE 4 292j1001 36 3F % E X ResNet18. ResNet34.
ResNet50 1 SSA-ResNet50 #5584 ({FATHERGZE . F1 704, RS HEMETHE RS
VYA PP R AR AT R EL A3, SEER 25 SRR sk 4.1 B, niARAan & 4.5 Bk

# 4.1 ResNet #5241 2 LPEA Fia vn 0S EE 3B
Tab. 4.1 Comparative analysis of objective evaluation indicators of ResNet model

o R R(RIES F1 704 B ZH THEE
(BA, %) (F1 score, %) (Params, M) (FLOPs, G)
ResNet18 89.75 90.41 11.69 0.15
ResNet34 93.29 93.19 21.80 0.30
ResNet50 93.41 93.32 25.56 0.34
SSA-ResNet50 94.97 94.57 34.15 0.37
1.04 1.0

0.8 4

0.6 0.6 4

F1 _score

% |
0.4+ 0.4 -
/ — SSA-ResNet50 02d —— SSA-ResNet50
0.2 ResNet50 ResNet50
ResNet34 ResNet34
004 4 ResNet18 004 J ResNet18
0 100 200 300 400 0 100 200 300 0
Epochs Epochs
(a) ResNet #5741 BA i 4 ] (b) ResNet #7 F1 73 % th £k K]
(@) BA curve graphs of ResNet models (b) F1 score curve graphs of ResNet models
B 4.5 AL TRI P g it 2k 18
Fig. 4.5 Curve chart of model recognition performance
M 4.1 R R 4.5 HAT LLE H

(D ResNet34 #7115 ResNet18 #AUAHEL, B RS H AN B30I 14— 1%, M
HVERESERR BA BN T 3.94%, F1 score 3N T 3.07%. Uil SR 5 BUZ AR
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W23 K SHCR AR, T i A5 AR 2 U R AR B A ) AR DA
1 187 ST R M R 5

2@ ResNet50 1571 5 ResNet34 # U AHLL, #AZH$EE T 16 )2, HESHE ST
HEMZEAR, FN ResNets0 Hiz KA 1)/Z Bottleneck &5 1k ZEH, Al LUK IEJ />
A S E SR, mAEARGPERE BA HIEINT 0.13%, F1 score RN T
0.14%, 15 B 9 28 503 o 45 AR 2 08 A 2R TR P R A R A PR 1, DR b A S 4%
ResNet50 #i AU Ay Sk A Y 5

(3 SSA-ResNet50 #5445 ResNet50 tAUAHLL, SEEIGIN T 8.50M, tHH &N
1 0.03G, BA#&E I 1.67%, F1 score i | 1.34%. W] SSA-ResNet50 14 [E] H
R RO — P RO, RS m AU R R, (S SR
FTHEEA =

@ MK 4.5 ATH1, SSA-ResNet50 #Zf) BA Fl F1 score fx i HAN A E Hetlt, 16
% 150Epoch /&4 B4 F LA R4, 1M ResNetl8. ResNet34 F1 ResNet50 7F
250Epoch oA A R B AIRAS 1 W AS 2 it (7 2 8] ¥ 2 Ao pL i mT DU RS2 (g 40
HHE.

2 FPrik, ResNet50 £k AiX =ff ResNet R4k e i L, HASH4E
W BN EEERZEANE, BRI A K. R B0 EAT 8 S B AR
T RSs . . S0 AR ARSET G L, MXETHE S SX AU P Re

oM. PRE, ARFEXT ResNetS0 HEMEAT Gk, i cbost (19 2% 8] B ¥ B B
#| ResNet50 Mz, $wm T BB M RE S, B 270 R BT 8] S IR A4
T BATAE] T 94.97%, F1scoreik®| | 94.57%.

(2) NTRAEAR RN SSA-ResNet50 #5751 i ik [ 77 ] C 7 [ R B4 AR5 B IR
HLAE ), 7R E AT SO IR AR 4E 2gzj1001 IR b HEAT R SR . SR Bk AT
{8 SRR A P SR TR W R BZ BT AR S T3 2 B = A TR R T &5
BT AT

K 4.6 y ResNetl8 BiZU 45 5. & 4.7 Jy ResNet34 HiRIFMIZE R, K 4.8 K
ResNet50 #7445 5 . & 4.9 2y SSA-ResNet50 15 7 1 25

H &l 4.6 ResNet18 #5844 il &5 S vl 1, HEAUE SR T4 Wi P Mg T
MR B R AN R . WA W LA RIS AR AT REOR T & &
B RURFESE A RE /1 N B, AT CiE R R 2 W RS ET M LR E S, REBGERAY
TR PR AR 2 . FE T Ik, 78 J5 B2 S U0 A5 A N 405 245 ) B VR A 2R SR 4R e A R 1Y
RRAESRACAE 77, AT A B Tt 0 ) R I R At 26
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TMAER: & HEHE: 04.81% TFMER: £ EHER: 92.12% FNER: F  #EHE: 92.63%

(a) BAT 4T (b) Wi 7 (c) ZuHAL T
(a) Ink interference character (b) Broken character (c) Pattern interference character

< 4.6 ResNet18 #5711 Tl 45 SR
Fig. 4.6 ResNet18 model prediction results

B8 4.7 d ResNet34 TR 45 B ml 50, FEAERBIE TP W p AU T
FHIRBHERF =T ResNet18 #7, nJ IS H, 18N KRE AR B FZ E00T DU =
PRI PRI = PR 0 1 VR A AR 2R

TSR &« ER=E: 95.56% AR : B EHE: 94.81% FMER: B HERE: 94.66%

m ! '

(a) SLETFHT (b) Wray- (c) SUHTHLF
(@) Ink interference character (b) Broken character (c) Pattern interference character

K] 4.7 ResNet34 A5 14 Fitil] 25 53
Fig. 4.7 ResNet34 model prediction results

HiKl 4.8 1 ResNet50 ATl 45 2R, HEAAE ResNet50 H A fry R Jl vk A < AN
ResNet50 #AFIRBIHER R Z AL, WU s FIER SRR O ik m Y
HITR TR
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&R & HEHETE: 05.84% TMERE: &£ EFBR: 095.19% TMAR: & ERFR: 94.83%

(a) BT T (b) WiF4F (c) 2L T4l
(@) Ink interference character (b) Broken character (c) Pattern interference character

4.8 ResNet50 #5714 Tl 25 5
Fig. 4.8 ResNet50 model prediction results

K 4.9 1 SSA-ResNet50 #M Fiill 25 B, #HiMAE SSA-ResNet50 4575 1 1R 7 v
FKT ResNet50 #8 (RI TR A ERfAE, T6RH 1 SSOdk AR 70 1) A ki o

BER: & EHRHE: 97.30%  FMAR: E EHR: 96.61% FHLER: B EHE: 96.41%

(8) SEEANT 7 B O 25 2R (b) W TN 45 SR (C) SUHT-Hu7 B T 45 2
(a) Ink interference character (b) Broken character (c) Pattern interference character

4.9 SSA-ResNet50 #5704 Tl 45 5
Fig. 4.9 SSA-ResNet50 model prediction results

25 by DNDUFPREZRY () TN 5 S T AR AL ] %«

(D 1 ResNet18. ResNet34. ResNet50 1 SSA-ResNet50 5 747E fi [F 47 ] 5 71 5]
HidE zgzj1001 MIMIALE AR AR, BB T DA RN A IS A I G, AEl
AR EARAR T DL H R A a1 S0, B — @ Bz AR 7T
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@ 7£ ResNet18. ResNet34 F ResNet50 LA A1 il ¢k S ny LAE Y, Bl & FIAR
TG RUZEINTR, AR TR0 45 SERD HE R R 32 5

@) £ ResNet18. ResNet34. ResNet50 Al SSA-ResNet50 PU R 7 o () 75 4% 5 xof
Lol sn, SRR S0 BRI SR T S AR AT RS T 1)
SR AR PR TR R

@ SSA-ResNet50 1557 ¥ 1R 5l 850 S Ik DURR RS RS o B i, i BH A B o5ad 1 2 ) | v
ST I S VEAT 18] S0 LI SRS ., AT DAAR I b A o % [ 77 15 S0 7 B AR AE
FIT 45 B S BRI ERG R R0 ) 8

B EfS SR EAT R SO B SR T S R T RS TS )
RS> MR AR (R %R . o, ResNet50 #E7 y =Fh ResNet 28 471 A5 7Y rb 33000 255 R £
UFIART A ZESE ResNets0 A b 47 ofidt, Ji it cbadt = 18] By i ML, (AR
B0 DY Ak AT ] S B AR ST 4y, AT & 1B AR X R T AR
A F U ) SSA-ResNets0 #5781 il 2 S e i, ELRE R (12 A 1 30T o
4.4.2 HEBERNIFNIEFRT L2

N T BRIE AR B Sk () ) B R IR A A, AN AT T I R SE S
THRALSZIG T BN ALY BB ARIGAE ResNet50 4% A 8 N2 ()33 = I HL AR Be 5
55 AN SEIGTE ResNet50 W 4% HR s il H i = ML ER s 55 =N SEEGN ResNet50 45 Hr
TSI AR T 5k 10 25 1) 5 3 = DAL AR

b B R ) sz 6 g5 B L W ER 4.2 FT .

R 4.2 FIER BRS04 RS E
Tab. 4.2 Comparison of experimental results of various attention modules

o 301 AT HETf 2 F1 7044
Y
(BA, %) (F1 score, %)
ResNet50 93.41 93.32
ResNet50+Spatial Attention 93.81 93.61
ResNet50+Self-Attention 94.12 94.34
ResNet50+SSA 94.97 94.57
% 4.2 [ LU

D 5 ResNet50 #HEL, 7E ResNet50 P48 A s inZs 0]y E & AL HIEE S . BAEIRE
7 0.43%, F1{E$EE T 0.31%, i B INZS TR 2 I AT DABR AR A R 0 65 7
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@ 5 ResNet50 L, £ ResNet50 P2 Hifs i 5 v & LG G . BAESE R T
0.76%, F1{EIZR 1 1.09%, Ut BE N E R Bt AT UG s B iR ) hs 15

® 5 ResNet50 #HE, 7 ResNets0 P2 H s iAot J5 123 (8] 3 v & AL R
B, BA #2517 1.67%, F1 score $2 1 1.34%. HHULAIA, Azl =S HiERE
JINUHIRE A IR J LA = JIHLH T B %

zE FRTR, EREEHT AN EE SR, AR T A T A IR A LR T L
HIHEAT REAE AL G T LASR s AL PR RS
4.4.3 AEHRBMNENITENIEFRITEL 54

FEVR L 24 =) BRI 4, AlexNet #7071 GoogLeNet #B8FT VGG16 7Y
AT EE > FAT%F, 1 ConvNeXt LAY S ik (1 B FAph 2 I 45 B . [RIk, 7F
FIFISEEE 264 T, K SSA-ResNets0 55X PUFP A HAT X LL 0 #,  SKRIGTEA B IE 146,
AR R W PE A 4R AR AT EL AT 3k 4.3 s .

R 4.3 AR Z I PFAN $8 bRxs B A

Tab. 4.3 Comparative analysis of objective evaluation indicators for different models

b R RGeS F1 534 it R
(BA, %) (F1 score, %) (Params, M) (FLOPs, G)

AlexNetl] 90.64 90.15 7.46 0.02

GoogLeNet!el 91.06 90.97 7.00 0.13

VGG16P 93.38 93.41 138.36 1.38

ConvNeXtt0 94.49 94.81 28.57 0.36

SSA-ResNet50 94.97 94.57 34.15 0.37
H# 4.3 AT LUE H:

(1) A& Bty SSA-ResNet50 ik PUFH AL i BA {8 55t i AR AL

(2) B VGG16 Hi% 5 SSA-ResNet50 Hi%[1) BA {E A1 F1 score (A%,
£ VGG16 B 15 4i )y SSA-ResNets0 LR () 4 £ %, 55 T SSA-ResNet50 15
) 1G;

(3) Az ikf) SSA-ResNet50 57 (1) BA (E AL T 5Lk ConvNeXt #7), H R
HENSHEMESZ .

LR LTk, ASCHGIERT SSA-ResNet50 A BEAE (RUERL = IR MR RE T, HAEUD
IS HOR AR TSR, T DAL AR BT ] S UM 55 T S BF RCR
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4.5 KREBINGE

RN T FRRATE ST ERIAT ARG . BRI A AR W B SRR AR A 2 X S R i
G PR ) R, A R St 7T A A Y R AL R T R S O A, FRR A
AR A 5 HA B R BIAAL AT T X B b, AR

(1) Xf ResNet18. ResNet34 Al ResNet50 #EAI 4T 15256, @t & ZH%
TRV B 2 2 AR AT LA iy i B AT 187 S0 2 Ui PERE . {H 2 ResNet34 1 ResNet50 A5 4
AR REAH ZEAN 22, 150 B I 28 BR00 v 6 AR 2 A e A 2R AR o 1k e ) 4 FH 2 6 PR
BRI I S 25 39633 ResNet50 157U 1 Jy B vk A

(2) Eboxr ik EAT A EARAER SRS . B TAARMIRE . TR SO A5 0] f 23 5 M B 2R 1)
PN SR 1) . A 5 et T 2 A B 3 R AL DR S R AT 1) S I AR SO R
I 1T BT BB A s w2, R N H T ResNets0 #4 |, %
7 SSA-ResNet50 17,

(3) N 1 3o Uk e ()75 18] 3 v U R G R, A AT 7R . Sk
Ik RN, ARSI K S (AR = I HLHIRD R IR AT R AE Bl R LR e A Y
R AIRE

(4) WA AT 2 WP TR PR 0BT, AFE Kl SSA-ResNet50 #7%°4 ResNet %
FIRERI R R B RE B IO T . 5 AlexNet. VGG16 Fil GoogleNet 2542 B ) 45 1R 5]
BAUFHEL, SSA-ResNet50 #AYAE &N FRAR HRIMELF, HAT U KA BA
{E = TSk i) ConvNeXt A58 . MR ARIAE SR P 5 FARMI LRI ARG 71
Tt & ST UE Az AR A a] DR G B U0 B BT T S0 a7, ELBE A TR0 v iy 2 A S
R PR
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5 ETBHBEEXS ZMERNKEM B X FIRAEEMRR

5 DY 238 e g R 2 1] B DML R, AR B S ek 1A T ST I AR
RRAE, ffoR T R S0 BT AR S . BRI, ER o AR W AR TR E B AR AL
FEA R A . AR, B TR SO RN AR A BRI, T ET
TF A H5 5 AN S50 10 1) R0 o o S A 2R ) 2 DR e A B R0 e e 22 . (Rt AR FE K SSA-
ResNet50 5y 5 H W B2 ST ) SimSiam Sk gh &, @it Bt B0 32 P 2% T fif vk
M5 LT 8] ST 7R ) B S R o A i R s, R R AR R P R

51 BHEEXtEEF3]

H B S — AR i 2% 203, i R B A SR D I BE Bk ST RER
BB MR E RIS, AR T N TARER 28 A b 25 B0, /ER B B %I —A
s A S @ R KR 2 A A A ISR AL (WM IEREAS)  Hh R AE ) & P B L B
AR TERFAE [F) B R B BE AT, AT SRBL T BE AL (R AE RAE RE /1102, SR, X Rh 5 S UFE K
B AR ATSCHE

2021 4F, fA[TABAFIPASR H SimSiam Sk it x b2 21 5vL03), SimSiam HE4L4E
U 5.1 fin. SimSiam W48 AR AS . PN TN S8 RS A~ 254 0 e ge k.
A N EIERNE, K2 BRI, T E R — A2 E RN E

RIXGT

> s €= |

|
| 7
Ik
| B
; R 7P - 1%
i e : > s ¢ T % |
reE £ |

g |

| B |

i :

| Ed |

| ¥ |

Bsas - i Bds -+

P 5.1 SimSiam HEZE£5 1)
Fig. 5.1 SimSiam framework structure
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SimSiam %A HshEgmMgas, MM H— 22 E R4 (Siamese Networks). 8t
B KA — AN G P S 3 5 P 2 TR) R 4 S AR AL B SR AT REE R R 52 2], [AIIySR FH —
] B IEBR R (Stop-gradient) >R G0 52 I 2RIV i i5t 17 /.- SimSiam Il Z5AN 75 22
KEMOFEA, M RIS BESHE/D, FEXS Rz M.

5.2 BMBIREIE(FIESS

A B BT B 2 2] SRy S S A G AE ok, ek T B R G S 2% Lk
(Self-supervised Bilateral Branch Network, SBBN) i fif ik [ 47 {8 S 7 $ s 4 K B o) A
IR, SSBN MU RIMELL K] 5.2 Frzn. SSBN FEZEHBEMM Y203 Hik
BT EE 5 20 00 SORI0 2% bR B B3 =0 O 2L

- SSA-
> FAULIEE > RecNetso ——
| BRI
-~ - - - h =~ ~
N e
45 1 RS e =
EGIE e S , h
/ \\
/
/ : SSA- \
/ MixUp > ResNets0 \ Y
II »| 5 dhee SimSiam |—> *’“fﬁé’iﬁ ]
\ SSA- | A
\ Cutout 1 pe sNets0 /
\ /
\ | /
o
NIEIRETTEE s 7
- ———————— 1 -
~ 7
~N '

5.2 SBBN HE4E45H4
Fig. 5.2 SBBN framework structure

5.2.1 HHMBFEIHX

BARM 48 52 2] o SRR T AT W SCE R R R 2] . B, AR EAT SR
T ECHE S N B B R AR AR s FLUR,  TE S RAE 88 oGt SR AT S R A, IR
EBEE A Bedn, BT SSA-ResNet50 RAZGHEEURIEAS B . BN 24> 3 iy
S RFEZEHN SSA-ResNet50 [ 2% 45 K k) i o

(1) ¥J5) KA 8330 3T 1 5] K #E (Uniform Sample) 0%, i {56 7K BE A< 78 B A
Epoch ' B A AHEE FIMERE P RAE — IR, X PCRAE 7 206G B T S B A 1) S5 a6 5040 43 A 15
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B Wil 5.3 o, BSERAE R BdRE 2B AR O, R A Ik T R 2
Mo SRR AR A LR 5 2 (IR 3R A5 B 2 PR RE A S, 1 6 SR 46 2
KA BRFAE o

300

100

lél 260 460 660 S(I)O 10IOL’J
FEARI K
K 5.3 TR
Fig. 5.3 Uniform-Sample

(2) il AT i S 2 VR 1) e s 4 1 PR e 480 20 SRR 5 3% N B SSA-ResNet50 ¥
%, Wity 1X1X1001 F7kE, JEid softmax 73S kit B uEmi Ry, HEMRRITE L
A (5.1) Fiw:

_ ep(si)
s exp (500))

Hrb, n RoRFEARER LB, X H n=10001, s;(x) XnETHiRIIED, exp(+) £
ANEATIRBUE S, X7 exp (5;(x)) Fasxt By 45 0 BEAT FRBOHE BB AT
5.2.2 BEEMLEFEINX

H BT b5 2] 7 S IR ARS8 . Mixup AT Cutout BGOSR AE. P4 SSA-
ResNet50 25 Fl1— A~ H Wi B Xt b 22 2] SimSiam P25 25 1% .

(1) BB > 4r SRR FE (Reversed Sample) 5, 2 RFERIERE S,
KA SRR E R, WS R AR E R BN BCRFERE 2, 1545
BRIV LR 5N O 5k B AT i S UM iR 4 zgzj1001 R HRMEA. WK 54 B,
R 5 IR AR 2 A7 A DUFI K R 23 A IR AR 7 A 1 A .

(5.1)

i
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300

1

= 200

100 o

(IJ 2fIJO 4(I)0 GLI)O BLI)O 10I00
PEARI A
Kl 5.4 R A
Fig. 5.4 Reversed Sample

(2) LW RFERR S, XA EE AT 43 71 Mixup F1 Cutout #R1E .
@ Mixup =2 —Fh 4 EiR A AR 2SS G 5 v, R IHIR A P A AN [F 20 1) B GOk A=
IR A FEALY, & 55y Mixup #:1F, K 5.5(@)NEK 1, K 55(b)ANEE 2, K 5.5(c)
SR I P 5 R HEAT Mixup 345 5 AR BRI & S

(a) A 1 (b) J5LEl 2 (c) IREHE1K
(a) Original image 1 (b) Original image 2 (c) Mixed image
5.5 Mixup #&1E

Fig. 5.5 Mixup operation

TR A BB AT LA G g e L7 B S5 PR AR SR REAR A L I 1), I HLdE I 518 1
R MRS, AR ECSEREAS R A RN, RE ek A AR I R 1 UL
A A2 AL RE /1. Mixup THE A K (5.2) A2 K (5.3) FioR:

A~Beta(p, B),
45
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Im = Ay + (1 = Dy; (5.3)

Hrb, 2 RA—ESE g 10 Beta 70 FREVURFEARIH — NS5, RS
RRATIREWIREEL . (g, y) F(xj, y) 9P R R AR A SRS B FRIARZE s Ry 13,
NI Mixup 4 5 B ERFALAE AR BRI ARZE o

@ Cutout #fF i 75 KU AP BEALIRRR — 3070 XAk, A= T I ZRpE A0, H A
TERAE N BHR LRI & — MR X, IFRAZ XN R R E B EN 0 BiE A
ZEAE E K H 2. Cutout #AF AT LARE IEAS RSN ZR i B 4645 ) i

(a) % &l 1Cutout (b) X} 5 & 2 Cutout
(a) Cutout of image 1 (b) Cutout of image 2

I 5.6 Cutout 1
Fig. 5.6 Cutout operation

K] 5.6 v Cutout 1, H A 5.6(a) % Kl 1T Cutout #:/E, [ 5.6(b) X] )5
Kl 2 4T Cutout #/E. Cutout ¥Rl BEALERS /& s E AT ST, Refg iR/
BHIE LA . FFH Cutout 3 AERIHL 1k BT 57 I 4 I AR I 5, AT
PE R R R M R

(3) &3d Mixup 1 Cutout #:1E 5, 43858 5 09 ™ 5k B& 2 ik N ACmix-
ResNet50 M 451, P ACmix-ResNet50 4% & SL ZALE ). 7 ACmix-ResNet50 142
BB oy A, J GBI AN softmax 2325 2820 it D i AP e o

(4) 383 SimSiam W2 T P AP 08 5 1) BE I AR SZARE . e, FHAREUE|
HIHRFEE A S| SimSiam H AL EE, St Nhy Mhy . SR)5, 3l G AT &=
WX AR ug My o 5, ERTET KGR My by Flug R 52AH
PE, SRS —EE . RIZAAIETE A A (5.4) A (5.5) Fis:

. _ ug hl

sim (ug,sg(hl)) = —mm (54)
. _ U hg

sim (ul,sg(hg)) =Tl ”h_g” (5.5)
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H, AL bR, sg(FRRMH TAF IR BERE, By kI Shmiit . a8 F 47 1)
A5 0 ) SR AT THE AT DU ORAE LR VS R AE-1 B 1 2 (8], 45508 1 RR5E
SARL, T N-1 RN TE AL
5.2.3 IKRHITE

CNN 383 5 [ A% 7 SR R 40 2K bR ER Rk FE A5 B AR B R 2 v, DT B ) 2%
SR UL B/AIMEAR R R B0, AR S s By SBBN HIHR 2K bR A 2 Bt B B 2522 2]
A SR BRI B o~ E IR BN L2 2] 23 S &5 Mixup AT Cutout 395845 4E 5
18I AE R 2 BB B A1 L g PA K2 SimSiam 33145 Hh 1 4% 5% 451 25 B8 8L g ZEL K o

(1) BRI L5 2 2] 3 32 R B A SO B 8 o TH BN A 3 (5.6) BTl

n

lee = = ) yilog i (5:6)
i=1

Hrb, y N ERR EAT RS IR BAE R, poNTEBRRIM LS 2% 2] 73 SCh it B H R ) 5
R BT ] S0 B R

(2) fEH BN 214030, 6 T — AN EAT ) 507 BB AN B (x, v), &
i Mixup F1 Cutout 345 #RAE 515 2% H (xg, yg) Fo (o, y1), FHR A EUE 7 7 N\ B4
ACmix-ResNet50 H1, SREUHFE A BUR R R Drix FPeue » SR IG TR A UG AE I B2
KRB i Pl e 1A (5.7) FIA K (5.8) Ak

bnix == ) g 108(Pmis) 5.7)
i=1
n
lewe = — Z Yg log(p’\cut) (5.8)
i=1

(3) KPR AT SimSiam M4, HiH g, o hfoug, JFHEA
AR sim (g, sg (he)) Flsim (uy, sg (hy))s 35 WTRl AR AR HIAR I Ak 3% 47 2K
Hlgim, W23 (5.9) Frass

lyim = sim (ug,sg(hl)) + sim (ul,sg(hg)) (5.9

e, A NS BaoR RGN 5 2 70 ST T B sy 30 73 SO A
1G5 BB BB, R RS20 K e BV E A B ek B 212 4k Bl . 15 SSBN
AR AR (5.10) Fros:

l=al,+ (1 - a)(lmix + lcut) + lgim (5-10)
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Hrb, alfyE ON:

2

a=1—(T> (5.11)

Tm ax

AR (B.11) 1, THINGHIA Tya MRKIINZIAL . afBQME 5.7 5
T BRI GRALRR, afRORENN, (L — o) S SIEWA . BT LB
VIR 1, —TF A8 W S B 2 0405, AR VIR0 LR R 2
AN IR LT 4 3

0.8

0.6

0.4

0.2

0.0

T T T T T T T T T
0 25 50 75 e 125 150 175 200
Epochs

5.7 o B
Fig. 5.7 The image of a

5.3 IRENIKKRSHKE

5.3.1 1FNiEHR

R R I B Ay, ™ B R AR S E AT 5 BUEME 28 I %
REFIEO, R EARE R 55 4.3.2 b2 (0 PR R A F1 8ok &
PEVEA A B AR (R P B . JF HE &8 3.1.2 5 i Many-shot 28 (GEEEAS>100)
Medium-shot 28 CCREEA%L 20~100) A1 Few-shot 2 CREEA$<<20) 1 KL E SC+iR
| B B 1) S S ok A T VPN AR B A A A TR 1 e
5.3.2 &S HIZE

#£ GeForce RTX 3090 GPU LAf#i [ PyTorch T HAGIZARAY, A BEHLERFE T F&
(Stochastic Gradient Descent, SGD) BiXiFAT A, Hrh SGD LT KB &R E N
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0.9, BEFWFRKEN 0.0002, V¥R EEN 0.01, FHRKHHRITZIE K RIS IZHT
K22 %, IZRrE IR (Epoch) W E A 200, #taE K/NEE N 32.

5.4 SERHERKITELS MR

5.4.1 ZBIIFMIgFRRTEL o34
(1) AN b2 B 72 % B AT 18] SO IR B 45 2gzj1001 % ResNet50 A4
SV k) SSA-ResNet50 #5244, BBN A DL LA A SBBN (1)~ e 2 H1 F1
o7 B AT 2 VAN FR AR #EAT X LL A A, Hodh BBN B AL E [ 4% (Backbone) i %
ResNet50, XJLtgiiRunsk 5.1 frox, wIMALUnE 5.8 Frk.

%% 5.1 zgzj1001 Hf 5 LM Fa bt b o Hr

Tab. 5.1 Comparative analysis of objective evaluation indicators on the zgzj1001 dataset

" R R(RIES F1 704
BRY
(BA, %) (F1 score, %)
ResNet50124] 93.41 93.32
SSA-ResNet50 (5 PU AL ) 94.97 94.57
BBN (ResNet50)kel 96.21 96.20
SBBN (AFEA) 97.56 97.38
o 94.97 96.21 9756 wor oo 0457 96.2 9733
80 80 |
9
g 60 F :: 60 -
p g
m )
a0l &40
20 F 20
’ ResNet50 SSA-ResNet50 BBN(ResNet50) SBEN ‘ ResNet50 SSA-ResNet50 BBN(ResNet30) SBBN
iy i
(a) BFME BA H (b) & AR F1 734K
(a) BA values for various models (b) F1 scores for various models

5.8 & PR K] BA BT F1 205

Fig. 5.8 BA values and F1 scores for various models
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M 5.1 FE 5.8 Hr] LA H:

@ BBN A BA ELFN F1 43 F0H0 LU Ak ) 15 R S5 78 ResNet50 FlAS ST 26 DU &
BTk i) SSA-ResNet50 A% =y, BiBH BBN AR i Hi I X040 2 19X 48 25 4] g i v ik 16
7 T8 SC - RO B B TR R A B 28 S IR R 4 AT ) ) R

@ 5 ResNet50 HERUAIEL, A Z ek SBBN f7 BAEIRE 1 4.44%, F1 0%k
T 4.35%. SASCE DU & ) SSA-ResNet50 fRAUAHEL, AEERAIN) BA i T
2.72%, F1 8RS 17 2.97%. U B4 T Lot 1) 8 T B B 0053 S 10X 6% 14D ik T A7 i S
PRV ELE T DU b g e 58 AT 7 SR o B s B B AR AE B R TR0 0] 3L

® 5 BBN BAIFHEL, Az i) SBBN A BA EHH25E 7 1.40%, F1{E42m
1.23%. 5t B AR BB LE X5y SC N 48 1 [ eSGdE 2 A 2, TEXUAr SCE I 7 — %0 S I
Sh4 BT L ST Y SimSiam 45 AT LA R0 e ik 7T 187 SC A 1R A A B A i
HE -

(2) AT B INAT FI5IE SBBN AR Y 7E R 7 8] S iR S B s 4 - U v g
RIS TR . AEAR EAT T S0 R B R AR 1 2l 74 Many-shot 25, Medium-shot 2§
A Few-shot 25 I, X ResNet50 #i%4, BBN fRAIFIA AR SBBN T A R 47
G EE ST H i, W3R 5.2 B, Al AL 5.9 Fias .

R 5.2 = MEAE T AR PR 20T L AT
Tab. 5.2 Comparative analysis of balancing accuracy on three subsets of data
Many-shot BA Medium-shot BA Few-shot BA

e (%) (%) (%)
ResNet50[24] 97.13 95.02 89.62
SSA-ResNet50 (U & A ) 97.62 96.42 91.78
BBN (ResNet50)18] 97.41 96.50 94.71
SBBN (AFEA) 98.42 97.45 96.90

MFE 5.2 FE 5.9 tH ] LB H -

@O 7EXPUFERI T, ResNet50 [t Many-shot 251 BA {E A HAth =FA 7Y () BA &
MZEAK, {HZ Medium-shot 2551 Few-shot 25fK) BA B L HABAE AL 2. i8] Medium-
shot ZEH1 Few-shot S H R FE A B A J2 2 F2 M A5 20 1R 591 TR A 356

@ 5 ResNet50 tAYAH LG, A SCEE P 3 et (1) SSA-ResNet50 #5581 ia i 45 & 2% i H
T JIHU SR AR 77 8 SC 7 B E B, AT Medium-shot Z5H1 Few-shot 24y 5
T T 1A4T%F 2.41%, {HE Few-shot 25 /) BA A 7 5
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@ BBA @it XA 2%, B0y s S i iR AR . £ Medium-shot 2%
A1 Few-shot 25 E 1 BA{EHAH Frdemi. Rl Few-shot 25 ) BAE, L ResNet50 fi
TR T 5.68%, Lt SSA-ResNet50 HEUHEE T 3.19%;

@ Azt SBBN HiALZE Many-shot 25, Medium-shot 2541 Few-shot 2% ) BA
AR IX UM R i i ). Hodr, A EE T 25 ResNet50 #5754 . Many-shot 25 BA {H12 5
T 1.33%; Medium-shot 2% BA {2 T 2.56%; Few-shot 2% BA {H1& 1 8.12%.
FHEET SSA-ResNet50 7% : Medium-shot 2% BA fE#& % I 0.82%; Medium-shot 25 BA
fEHEE T 1.07%; Few-shot 25 BA {E#2/5 1 5.58%. #tH] SBBN #A! 3 T #2726
FRFEAS BT R 2R R B AR (1 R P s

® 55X 3% BBN AHEL, SBBN &AL7E Many-shot 35 F BA {H# 5 | 1.04%,
7t Medium-shot 2% F42% 7 0.98%, 7 Few-shot 2 BAfE#E% 1 2.31%. iH] SSBN #&
AU 3 X H o) oy SR T RIS AR P RE .
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100 = 9713 ooy 07.62 gg.42 074 965 oo 9842 0745 g6
80.62 oL78
5
Py
2
<
=
50
25
0
ResNet50 SSA-ResNet50 BBN(ResNet50) SBBN
A
K 5.9 #idls 4 BT iTiEm R

Fig. 5.9 Balance accuracy on a subset of data
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Py 17 SR B 42 TP A Many-shot 25, Medium-shot 28411 Few-shot 2843 14 4> 5
IEF| T 98.42%. 97.45%7F11 96.90% 1R . [Klitk, A FE otk i g A RE i
PR T R 204 1 BUR A PR BEAS = 1) A R
5.4.2 1RBFNLERXFEE 4

N T VRS SBBA FRIUAE KR AT ] SC R B A2 B IR A ROR, DL vz Ak
P, £ Many-shot 25. Medium-shot 281 Few-shot 28 ARG _E AT R TR, T30 45
R 5.10. & 5.11 A& 5.12 s

MR & EHHER: 96. 4% AR & EWRE: 97.72%

(a) ResNet50 57! (b) SSA-ResNet50 17
(a) ResNet50 model (b) SSA-ResNet50 model

LR & EmHX: 97. 46% TR & EHmE: 98.16%

(c) BBN 7! (d) SBBN #&7
(c) BBN model (d) SBBN model
] 5.10 F-FiEAYLE Many-shot 517 71 3R

Fig. 5.10 The recognition performance of various models in Many-shot class
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PHHER S 2B S

M 5.10 & REALAE Many-shot SRIRAIRCR, LI DY ORI A SR K
T 100 A AT LLIE PR BF IR AR o W] BLAS I DY A s AL A Kt 5 b i RE A B
FEAE BTG HL N AT LLIA SR s U A 2

ﬁiﬂﬂ?ﬁ%: = HEmH=ER: 95.13% AR : = EWHE: 96.34%

() ResNet50 57 (b) SSA-ResNet50 F 7
(a) ResNet50 model (b) SSA-ResNet50 model

TMER: =  EHE: 96. 78% TMER: =  EHER: 97.39%

(c) BBN %! (d) SBBN ##i 74
(c) BBN model (d) SBBN model
K 5.11 F AR AE Medium-shot 25715 R
Fig. 5.11 The recognition performance of various models in Medium-shot class

H & 5.11 H &M ELYE Medium-shot 28U AR, A& el SBBN 54 v (1)
PR RCR i DY s 28 Y0 25 SR e i (AR . T ResNet50 1522 . SSA-ResNet50 15 7Y
A1 BBN B AERAEAR KRR 7 LN CRFEABERT 20 /8T 1000 HmHiE, HHER
L Many-shot 8 EHFTREK. FTLAMEH, ARE ol B RERE AR E KR R
AR T AR FFIR B B IR 80 R
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TR 8 EHE: 89.37% TR B ERE: 91.04%

(a) ResNet50 f& 74 (b) SSA-ResNet50 f& 74
(a) ResNet50 model (b) SSA-ResNet50 model
TR 8 EHEE: 95.16% TRZER: 18 HEFHZE: 98.48%

(c) BBN #i7Y (d) SBBN #7
(c) BBN model (d) SBBN model
Bl 5.12 HFEALTE Few-shot 28R I HUR
Fig. 5.12 The recognition performance of various models in Few-shot class

H & 5.12 F1 ) & AR ZE Few-shot 28 IH B R, AT 4%0:

(1) ResNet50 HiAUF1 SSA-ResNet50 EAIEREAA 7S L HITEIL, o HERH 2B

(2) BBN HERIEFEARA 7L L IFGL T o R 2] R PR 2, UiBH 7 BBN 54
P& A FH PRI R 43 S X 4 T LA v R A A A [ HE T 22

(3) Azt SBBN %1% Few-shot 5 iR HIER i, 0] SBBN Y
TE R 53 52 P 268 HEAilh 1 50 P 1 M 0o B 25 2 v ol AR oGy R Sl R PE AR, T2 i
R RFEARMUERZE, JouE 1 B B XS 3 W 28 508 R Bl AF A (1) 1 2 AR

gr b, AT O R AE AR AR E A 78 L BAE DL AR T DAARFEAR B A 1R B8R
SR A SBBN A H {1 1) 385 SR A2 3k DY o 2 7 1) 85 R e e RO
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5.5 KRE/NG

FH T A% 7 1 SO R B R AR AR B B R A A, ™ B IR AR B AN 3 1 ) R
o3 RS R G N AE AR B R Pt R 22 o DRI, A Nk A T R R0 SR 4 ) R
] A7 157 S 7 VRl B2 R i R B s AR A R 20 AT 3 B R ST, 2 T i s A TR P AR P
FEITERLE NI

(1) A#¥ SSA-ResNet50 Hih H B X L2 > H 1y SimSiam Sykgs &, Wit
T B BB RIS, B 3485 AR N 2% 5 2 3 SOM B IR B B 2100 50,
FA £ 272 2] 53 3 WA 28 B 250 50 SR PR 28 R AR S DY 2 e (1) SSA-ResNet50 P28 pl,  34%5)
RAEA R BIE T & R E s P KB RHE, AR TERMME R . BRE
X 27 31 43 ST R 100 SR A 0] B i R AR AT B ORI B I S R AR A
X RAE PR REEE AT Mixup AT Cutout #4F, FEAE SimSiam P2 v 5 Fh stk
EUER B AR 52 A, FFRE AR 5245 2K bR BV D B ek 2800 31 50451 2K LT

(2) TEdK EAT A SR a4 2gzj1001 X ResNet50 A7 45 U 25 ik ) SSA-
ResNet50 f571, BBN B DL KA B A5 A SBBN [P HERG KA1 FL 5 30EAT WA
TEARBEAT R LL AT, AT SBBN AP HERAZ N 97.56%. F1 43%CN 97.38%,
93 DU Fp S Y Hh R i 4 R e e RS A

(3) T HE SBBN 541 et A3 R v gl A v e T R 20 A & R M RE AN 5y
FRy ) 3, E dik A 7 S IR0 B 45 FR ) Many-shot 2%, Medium-shot 281 Few-shot 2§
BE AT I AT 520G . 45 R B R SBBN 5 A Sy DU R 7Y P18 vE B R B sy, AE
Many-shot 5. Medium-shot 251 Few-shot 2873 Hlik 2] T 98.42%. 97.45%7F1 96.90% 1]
PETHERER . 5 SSA-ResNet50 fEAUAHEL, Many-shot 251 Medium-shot 28 f -5 HE i
o EEm T 0.82%. 1.07%, fE Few-shot 28 - PifHEmfi & B fi4 & 1 5.58%, Ui T
AT U R R R AR S T T B

(4) N T VPl SBBA BEAYAE ik AT i SO R B 4 R IR A RUR, DASAR Y1)
ALt . 7E Many-shot 25, Medium-shot 2541 Few-shot ZE M 4L - EAT BRI T, 45
SR A B U AR AR AR A 7 2 B DL SR AT PLORFRIR I R ) R
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6 BEEXFIRAMARZERITSMH

H TR E TS SN TFAAAEERER, HMEEREAS PN, Bl E%E
MREE T ST R T N D3OGS 5 B 77 8] S i AT i R . Al T L= B T AR 58
BT % T A SO R R R g, R SRR T RIFIIRARCR . AT iR A E
Vr 181 S A A B R A S R 1, (R R AT 8T S P SRR 1 A . AR A
F HTML. CSS #1 JavaScript S RT3 7M1, A& T Flask 52 58:4% Web #2428 5281 5 i Ik 55 ,
SEIR TR AT SR A R G s S5 N

6.1 RFEHRME

6.1.1 Flask {EZ2

Flask /&2 — /3T Python 15 A B Web HEZE, B RIFHAT EMEAE R
P, AT A Bh T R s A Web SRR P, Flask 322l Werkzeug T Jinja2 5 K%
O RS HI R, Werkzeug £ BT#2 bk 55 A0 Ih R, EFEES G REMR . SIEEHAL
B A NSRS . E Werkzeug FEHEE T WSGI (Web Server Gateway Interface) 4,
€ T Web JIlR 555 A1 Python Web B FRE 7 2 [8] (1) 45 TG . Jinja2 /2 —MF Python %
IR G, BRI SO AE B A ) HTML DU, FE8efh 17—tz 2 ThRe,
CIIAYIRCE- i PN

Flask F TAERIRZ: 156, &P mAEERE RS Web r558%: HIK, Web ik
F P B RG RS, A WSGI MR &a, Flask HESLIEFEAH R ALK
BREOE R URL A5 B AT AL, kR [m] R 50 FF e 3 20 P o Flask P 52 24 ] 2

6.1 Flrso
N .
Werkzeu
g ADRETE il

6.1 Flask ) Ji 2 &
Fig. 6.1 Schematic diagram of Flask

Flask HEZLHSEHLOS DI 6.1 Fis. HER AT B, SRS IREH I
AZE Y DEBUG {E € /& 5 A T iR 2, ok, MR A R e 96 A 2 A1 P 7 A
X, JFOIE Flask N SEH. Hk, M Flask-Migrate % £d E 3t 471842, £
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AN, 2MibiiAEE, 05 DEBUG B, T E4RRSMEHE FEERE R, &
Ja s AT IZACHS, AT ASEELAR FE AT fa S0 R R SRR B0

% 6.1 Flask HEZL ) S DA AR AL
Tab. 6.1 Pseudocode for the implementation of the Flask framework

Flask HEZE 1) 5 FH £ ALY
import 0s
from flask_migrate import Migrate
from flask_minify import Minify
DEBUG = (0s.getenv(DEBUG', 'False’) == ‘True') # ¥ & il
get_config_mode = 'Debug' if DEBUG else 'Production’ # 3 B i, & 15 5,
try:

app_config = config_dict[get_config_mode.capitalize()]
app = create_app(app_config) # £l 5
Migrate(app, db) # #Jaa LR FE L%
if not DEBUG:

Minify(app=app, html=True, js=False, cssless=False)
# AR AR, s E B

if DEBUG:
app.logger.info(DEBUG ="'+ str(DEBUG))
app.logger.info('Page Compression ="' + 'FALSE' if DEBUG else ' TRUE")
app.logger.info('DBMS ="'+ app_config.SQLALCHEMY_DATABASE_URI)
app.logger.info(ASSETS_ROOT ="'+ app_config. ASSETS_ROQT)

if _name__=="_main__"

app.run(debug=True) # iz 475

AL Flask AR AT R 95, ST

(1) A E AT SR B AR ST python i 5 /RIS M, 1M Flask HEZEJE
JEARIS 2 Python, AH R gmREA QAL X - BN 1) 44 2 AN A 5 Jn s 5 5

(2) 5 Python fH:Ath Web HEZ24 Django #HEL, Flask HEZLMSE hn R 3%, HH &
A+ WAE I FER T RN AT A AR I sl $4 5, T e 1 S 5

(3) Flask HEHL R — MR RN Web HESE, LA OARREAE L HADAESEIR D . i
Flask HEZEIF R A SR EAT I SO IR R Se, AT LASE ik AT 185 S0 100 R G 4T I A
IBATIERE .

g5 LR, ARSCREAT R SR R AN R T Flask HEZEREAT T, @it
Flask HEZE ] LS HL IS 3 Ak 55 55 i s 57 T ) 58 B
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6.1.2 MySQL #iEE

MySQL 1EA— IR EEE EE RS, 7 Z0NH T %M Web BT,
MySQL ##f £ Z AR . R, 17 5. BRIV ESEA R0, b, ok 25
WA, FHTAA6E—HAERRER, REANBIEERRIRINZEM . 22580+
A AL, H TG A RSN RIS, TERR S, 17 RE—1
A% EH, B8 T &I EASESANE . FlE X T EREFCRMEE, O
FEAW. BRI, ARZMEEE . RIS T IS #6258 B 1) Hs 4544,
AT AR, W T IR SR AR . B — IR, SRS EOU AL
T

MySQL 7 #:8 F 45 #4L 2015 5 (Structured Query Language, SQL) #E4T ¥ a4
fE. SQL & —MbrifE b fEE FE A WIE S, A THAT OV EEEE . @R,
TN SEEE . IR DL B R S 2 A B A SQL iEA), P
A DA 5 b 8 BRD B8R B0 R 5, SRR . ML 2. EEThAEE. MySQL
Fefit 7 sRKI ARG SQL BVASCHE, 45 FH B AN s i AT & AP EERR AR, T
ANF N 5T K . MySQL 5 HARE R 6 & 58 R S LA 1R 2 A0 55

(1) HREEK. MySQL R H ZMEIEMAE AR, WMRIIFEAR, 5 XREARM
GAFHOR, B 7 HHE A H R

(2) G T8, MySQL i Wa 48 n] LA B ek N B0H P45 B J i, LR AL )
BT AR HUER 1 1 FF RN G2 B PR PR T v R B A

(3) =¥ k. MySQL SZHF 2 Fh¥UiE FE A7 1t 5| A 2 Figm ARG S 3 0, B
FERRYENL 55 7 RIE A G PG D12, SRR 2 M E R g .

DRI, AN ZE 4% MySQL 1 ik BT 13 ST R 3l 3 G R 45 a /2
6.2 RLZITHRIZ

AR EE ) F B S B RSN E AT R ST IR R S, BRSO P SR A AN
AERA () R B AT 4 SC R AR DS, R G B P B SRR R AT R S
A A, BG AR EEE . S E AT 8 S IR AR 4 B R AR T RE . ik AT R S R
REGMBIT EEARERRLE MW RAETHRER T FEIRE FE T
6.2.1 RGLEEMILIT

M55 1B A7 18 S 1R R e ) 5 R 10T 2 B AR AT DT BT SR o AR SS SR . A
T RA HTMLE, CcSSIOAN JavaScriptl™ 4% Web JT & & 5 e it—AN Bif i T2 T,
HA i HTML g 7 i R S5 MR N gs, (EH CSS SB[ Ui i) & Fp AN AL FE
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1 JavaScript SCHL 1 W MIENASZ HIhRE. Rk 52T Flask HEZLSCHL, M fE%
FmiEid AP FR A Web N FHFER?, RS EHER AL BATIN SR AR A o i [ 77 fiag 52
TR RGN AR D A s AR SR AR S R, i 6.2 B

BN SR E AT R SO REAN RS, 1 SR A 55 2 R BB ot % B e i i 5
ok, I e AR S5 U R AR B . BRI AR s JE, RER S AR [R] 2]
Iy 5 T d s R

A
2 L T T 35 2547
Java
HTML CSSsL Script . o
ey | | swm | | SR MR il
wkzE | [ A | | s s A
i 7

B 6.2 f 1E 77 i S0 IR R A R st
Fig. 6.2 Structural design of the Warring States Bamboo Slips character recognition system

6.2.2 RZEINEERI

FEX Al BT ] SC 7R R G AR it e pia, A DR Bt AT BETE . G
K 6.3 s, MR AT R ST IR RGOS B aE R BHR AR B A B
RGN G AR BIAEE DY AR 7)o S AR I BE U N s :

(1) BFRIEMAETSZIL 1P fE M 53R B S e 55 DI fE 5

(2) EMR EARREHR AL F - R B AT AL 1 T RE 5

(3) MR IAL BEALER 11 T b A% (1 B R AT PAL BE R A, B4R ZCHTEATE A R
SPRUVE R 64>64, UG TIAL PR J5 ARAF AL B (1 B8
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(4) R BIAEER G DT IR AR SCHA) 2 A e [ 477 flag SC IR AR R (SSBN), X AL P2 =
Py e FEL A i S0 BB AT IR F s IR IR

il T f DO R R 4t

L R PR AR 5 AL 2 PR

He He it He
- i i
H (] |5 ] i 51 5
LA ] |#& 1% b 17 i 7
A N EARES B B T+ ﬁ 7y 57
ml (=] e & 1 - 1% i iR
i ]

6.3 fk E AT SCF IR A R G D Re it
Fig. 6.3 Functional design of the Warring States Bamboo Slips character recognition system

6.2.3 HWIERERIT

S E TR SCF IR R G T, BN ARG B EHEEE R HENEH. &
Rt T HPE BN TG P EEHE &

AHET MySQL Wit 7 — M P EER, % 6.2 frn. R FEAHFE LT FE:
Fi P ID (User_id). F P4 #% (User_name). 4% (Password) 55 2. HH, ¥ User_id
A1 Phone_number ¥ B N5, MR P EME ERME—ME. N TRPHAP %S,
Password BRI 5 X Afr . @i it P SRR, A 8Eeiifi A 5 R

#62HMEER
Tab. 6.2 User information table
FE HRA KA Pl o BRI
User_id Int 20 = o
User_name Varchar 10 % o
Password Varchar 20 7 o
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6.3 RGNASEERR

6.3.1 FMPEMINGE

FE P B A R A g SO R RGeS, B N S T AT R T B
HAOBIRUNE .

(D FWANEMMEE . HEMNAEME S, SR AR,

(2) EHWESMRAE. RGNS RS, DRSS TR,
ARG LU 7 P S N RS 2 S 2 A Bt E R R A EMHE 2

(3) AP ESMRE. RGEESIEEDHEERTRE, MRAMAEMNE
Bt EFTR A IENHME

(4 REFEMPER. BRAENESEREMA T EE e ERE LR G, BHP
a5 RO R, R BEM SRR -

Al LYY 3 S RO AR e P AR B ] 6.4 T .

|

T

FIWT R AL

FEM R
Y
g
K 6.4 I i MHAAE ]

Fig. 6.4 User registration process diagram
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Fig. 6.5 User registration interface

6.3.2 BARPEZRINEE

P EMER)E, 8P SR IRk - S Ie uEDhRe, £ sk B AT 5L
FUNRG M et BEESCE RN RE I &R 6.6 Frw, & ET
{8 SCF R R G H 7 E R AW E 6.7 Fis .

MBI E AT SOOI KRG E RN, R FEEHATI TR PR

(D MARHFEE. BN P 2SI At 5%

(2) APERHAE. REIEEHREE B WA PGB T E: B8R E AT
HEHPEE, WA P T EN

(3) BRHEMEIE. AHIEEPFEERPER, WXH P& RENHFITRIE, %
HEANIE IR [P RS

(4 EXRG. EHEEAERENRIEELEHARS.
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K 6.6 FH 7 B iz &
Fig. 6.6 User login flowchart
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TH]

SEWS, ERE
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Fig. 6.7 User login interface

63




Fe YR P S A T 50 7))

6.3.3 ElGmAIEITEE

M ERRGGHNRGE E R, WK 6.8 Fin. T AMALRZIIGEX, DHFEX
SR, BT, RAl. idst. WEMESSIIEE. XA L N
EIX, FPEEAE X AT bAR B R SO A1 B s TiAL 2R 5 ) B AR BL A IR il 2

SRE TR FIRAIRS

— W {E BT TR FiRBIR S

APEE
ERFLE

TRz TE=E
R

oR

EH

K 6.8 R4 FH

Fig. 6.8 System main interface
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Fig. 6.9 System image upload interface
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K 6.9 N ARGEIE EAL I, AR FHELENE . 8T s RGRRCR,
BN BB AT WAL B AT, B G REGTANE RGBT EERAE A R A7
K&, & 610 NRGEBHAELER, ELyEE R, At EEmE .

EXE TR FIRBI RS

B B

T FHAIR

o—  HEigR

o RE
yMESERY
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6.10 R4t K& ik #4551

Fig. 6.10 System image preprocessing results

6.3.4 BEMEXFIRAIIEE

i 77 18] SC IR BN T RE N AR R G %O ThEE, X TP _EAE Bk EAT S0
BIUE, ZdEUE AL S, P o] DU R0 B ae ek % B 77 8 S =3t AR . Bl 6.11
HNERGERBREE, DB

(D ARG . KRG HER I G EG, S EGIENBIRA

(2) IEAREAT W SCFIREAL . ASCHGER SSBN ARSI MERR ALY, EA T
% L7 8 SC IR TGS R, DR e Bk SSBN A

(3) HHATIRA. RGUEF A SSBN AT EMGHEAT IR A, FFiR [E1R 45 FATHR
R 2 AE DU |

NTAEAR RGP HERE, il B AT 8 SC IR BHE R Many-shot 25, Medium-shot
FAN Few-shot ZE M 4E L B AL Pk B Gt 47 45 Rk . & 6.12 24 Many-shot &l
#E5, 1 6.13 v Medium-shot 2R ZE 3R, 1 6.14 v Few-shot 28R 45 # .
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Fig. 6.11 System identification flowchart
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Fig. 6.12 Test results of the system in the Many-shot class

66



RN 2 VA7

EETE X FIRB RS

EEE R

B 3 File to Upload

D Fins T — |

5=  pishic®:

£ RE
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TRBILEER: KR SR 97.87%

K 6.13 R4 {E Medium-shot 23R 45 5
Fig. 6.13 System test results in Medium-shot class
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EfRTahE
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;RS

pas:|
RBILEER: B AERRER 93.68%
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Fig. 6.14 Test results of the system in the Few-shot class
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IR SRR, KRGS R TFHIEE LEREEE RIFIRAER . RS
8 A5 FH A G 77 187 S RUAE 55 R, SR AT 19 S R B A AT B A v A A (5 1
Wy, HA—EmEHNE.
6.4 KREINLE

A EE 32 AT BB T 1 ST RN RGBT S N AR, MR A R SR
AU szpriz A AR R, @A HTML. CSS A JavaScript SEHLFT o AL i, 454551
Flask )% & 2% Web HEZLSZHL G 5 R 55, S2Bl 7 bk AT ) SC iR ) R 4e st 5 8
RAMBI EESNRREM &I RETRe BT FE &, Hrb:

(D KRG

SERIBCTE - B AR S Rerh SR AR SS SE . H i S B HTML 6 g
T OSSR NZS, EH CSS SEHL 1 IR I & A4 RE RS, {EH] JavaScript SEI
TS HINEE . faumk 4 3ET Flask HELLSZEL, 6757 P B9 SR AN B Ih g .

(2) RGYIRe T

ARG ae vt A S E IR BB AR B AL B AN R ) B
VUANER 7o B SE MR ST 7 F P R E M. B Sy IR UF D RE . BUE AR B
fiegh P BGORFRAT EAE R DhRE . AL BRAEER G 53 0 F A% B UG 3T AL 34 . iR
Tl A R A7 B R FH AR SR A 00 o Ly 1 S RURIARE A, AL 3 S )R AT R S BB
AT IR R R AR

(3) Hf eVt

FESE E AT T SCF IR R G, Bl N 5 B EEE R EEAEH . A
ARG T H P BRI MG R, NRGERESAEM D ae et 7 5al.
Bt H A ERR, RS PSR,

B, FEAR EAT T SR B E £ ) Many-shot 26, Medium-shot 251 Few-shot 25
A L AL UG AT 45 . 45 SRR, X ARG TR E AT 8 S0 1
HERRIR A, BeE I 2 P R E AT R SO IR B F R, B 8 B sE A E .
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7 RESRE

7.1 RZE

na=

BT % L7y 187 S U A7 AE B/ 28 S (1 2 L7 7 S 1R B e R DA B AT
LRI ARSEE TH SBITTH. 565 R W R0 7™ 2 IR R A B AN Y 1l 45
)R, ASCEETER T BL LTI N A

(D Mg 7 ET RS Rm RS . ARSCLL “IEER” AR, R NTT
{6 FAREE ST R s, T BB AT AR VE AR AR JE AT R RIS, TR BRAEAR
K4 A Many-shot 25, Medium-shot Z5F1 Few-shot 25 i J& 347 288 Tl Ab 2 AN 50 s
e, WS 1001 KEREATRISCT, 26564 kG EHE, B 5E a6 ST iR )
s 4 292j1001 FIHIAE

(2) &5 EAT A EARAE R SR o AR PTARSUR S TS B2 R s
RUR IR BRI 1) o AL i T 23 8] R AL SR DG o AT 18 SO B AR S
I8, BN 7T L THE B REA IS s 52, oKL T ResNet50 M4
b, T T A A B AL R E AT SR AR (SSA-ResNet50) . S5 4
REU, S5HERT ResNets0 HEAIAHEL, SSA-ResNet50 A AY 7P vEwf R Lt 1
1.67%, F1p%dkem 1 1.34%.

(3) EF0HR E AT SCF IR BER R A & 2K R0, HIE AR SE AL
o318 AR R G R AE RS AR P BEZE 1 ) . AR SCLL SSA-ResNet50 JyZERfiR %, K
WS MI2% (BBN) Al W Bt EL2: ST A () SimSiam Bikgs &7 i, HBET7TETANR
B S P 485 B s AT 1T S0 IR AR B (SBBN) . S 06 45 SR B, SBBN A 7
zgzj1001 b Pi#ERIZE N 97.56%. F1 434 97.38%. 5 SSA-ResNet50 #AIAHLL,
SBBN #AI7E zgzj1001 b PHfERIZRIES I 2.72%, F1 #%dR& 7 2.97%. £ Few-
shot 28 F-PHTHERI IR S 1 5.58%, fgm | REEMEARRRANRE. &%, ££ Many-
shot 28, Medium-shot Z5H1 Few-shot 357 Jillik £ | 98.42%. 97.45%7+1 96.90% )1 1
%, UEM] T SBBN B AT DLIEAE A A 5 05 0 T AT AR FFRCT (R AR

(4) WA 7T 8] SC R B A R s bR ad AR B Ok, i@ R HTML. CSS
JavaScript SEHLRET I A, 45 & 3T Flask 522 Web HEZESZHL 5 o AR SS, S0 T A%
FEAT 8 S0 IR A RGN T . ARG AT TR PSSR . EUR TAL BE D) REATAR
77 8] SR T RE N o 45 RRUIZ R G IL 1% 5 EAT ) SCE R IR, RET
T J2 FH P08 I AT 1 SC R S R oK, B — S AME
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7.2 REE

ERIRAS SCAE Y AT ] S IR TR AT T — LBt e, (ERARIRAT VF 25 Il il 75 i ok
Aesat, Rk, SO RS ARG LR R

(L) FREEATRISCHIRMEIEE . AL, “iFER 7 Ataag, Wy —4
B 1001 5 A E TR SC IR RS . (22, M SO I IUE R A T
PLERBEAT G b, Toidont Hdt AT B bniE AR J5 22 AR Al A5 R ANEAE 1) AR HEAT
H 2 AR SE I AR T, AT SIS R AT 7 37 R B 4R

(2) P/ R o AR STt AR AR R LAAT] 2D it e il 7 ff SR b il AL,
SCHU R S R RE R A . B, EUIZRIERE S, UIZRAEERE R, Xl ZRise & 1 22
KRB E . JEs LAEn] LIS AR S8, dndodt BN & R A 3471 2%

(3) SEUURE ARG I THRE . AR Sl FE AT B 307 1R F 48 22 BESEaL 1 R A7 7 5 19
ARG, AL, fEN TR ZRAN . e TR T BhEd
A FARAS I SR U SR — A AR, S A (AT 7 _E ) i S0 B sh AU T AR,
e RS
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