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Integrated deep transfer learning and improved ThunderNet
in tile surface defect detection
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Abstract: Due to the complexity and randomness of the environment in the production process of ceramic tiles, it is very difficult to
construct large-scale and high-quality ceramic tile surface defect data samples, and the insufficient distinguishable feature information
under few-shot conditions has a great impact on the accuracy of ceramic tile surface defect detection. To solve this problem, a tile surface
defect detection method based on deep transfer learning and improved two-stage ThunderNet network is explored. Firstly, a tile surface
defect detection model based on the improved ThunderNet network is proposed, and the structure and functional characteristics of the
model are elaborated. Secondly, the decision-making mechanism for spatial parameter transfer of tile surface defect depth features is
constructed to effectively improve the characterization ability of sample feature. Third, the ShuffleNet backbone network is optimized
based on Switchable Atrous Convolution (SAC) to enhance the model’ s learning ability to the changeable shape of defects. Fourth, a
feature fusion algorithm based on multi-scale mapping and squeeze and excitation ( SE) is proposed to realize the multi-level

differentiated characterization of tile surface defect feature information in a limited feature level. Finally, a tile surface defect detection
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algorithm for fusion deep transfer learning and improved ThunderNet network is given. The experimental data show that on the same tile
surface defect test dataset, the proposed method has superior performance for the detection of tile surface defects under few-shot
conditions, and the average accuracy, average recall and average detection speed of the model reach 87.22%, 93.69% and
61. 6 ms/img, respectively, compared with the traditional ThunderNet model, the average accuracy and average recall are improved by
9.30% and 4. 16%, respectively, among which, based on the SAC optimal atrous ratio combination { 1,2}, The model accuracy is
improved by 5.51%, the model accuracy is improved by 6.16% based on the optimal compression ratio of SE 24, and the model
accuracy is improved by 3. 86% based on the transfer mechanism in this paper, and the network convergence is accelerated. Compared
with the traditional ThunderNet network and other mainstream detection models, the proposed method improves the expression ability of
few-shot object features through knowledge sharing of transfer mechanism, and realizes hierarchical representation of object features by
introducing SAC and SE under the premise of controlling the scale of the model, which effectively improves the real-time reliability and
reliability of the model.

Keywords :tile surface defect detection; switchable atrous convolution; transfer learning; channel attention; feature fusion; few-shot
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Fig. 1 Tile surface defect detection model based on deep

transfer learning and improved ThunderNet



53 3

=l

AV B T R 2 ) A EE ThunderNet F{3E i 28 1 B B AG0 <211 -

2 BEFRETHBFEIIMELH ThunderNet B
Zr R AR T iE

S ifp RSB RE it H 7 e R A BRI PR P AR K dl

CEM

ShuffleNet
With SAC

T FE S T AR A B R ) R, AR S0 i LA JR 3 3R T
R VLGOIV iy 2 THI I B PR R W G RS 3 3o i 1
ThunderNet £514 , SR DL T 43 B RFAE 23 (], P 26 45
FatnE 2 fos

BRI AL B AR

FEEA |

GBS

A

BriaS

K2 P ThunderNet /9254551
Fig.2 Improved ThunderNet network model

2.1 ETHEESHNIBFESIIRE

TERE 2 IR — Al 7E A [RAT: 55 252 MR Y Oy ik
AT LU S AR B AR AT 55 H0HE SR B0 X 7843 W] Ar Rk 28
TR e BRI, I AR DG AR B 2 T B0 A
AR YN Gt A IR A AL S A E AT R I 20 1 H Ak
BRBATEARZEARRIE , 2 o 1 I TC T B L 2 T 1Y
SRS TR I AR S DA LA AR B IR R A A B A A VR
YIGRFEA 23 8] | LR it e B B o B ARl i AR 25 ]
S AR B ThunderNet W25 R RRAE 25 0] 42 BURR B | 3

25 S SR I RS TR B ki 19 ShuffleNet 1
T AR A2 (R AE R 4l 5 BB, B A
[F] B8 R 25 BT B S 80 28 H B R 7Y | 0 2% 2 50 % SR W
K 3 BT, DL e K45 55 A ShuffleNet W45 BRI 45 Stem
BUE R BB 0, 46 128 YR 3 38 1 1 % 5 Il RS 2 (1% A [ B
S ARYEIEN B R mAP" ™ Y A4 R4S H brisi s
R R mAP T IIER B B SRS K, DAAE y H bRl
BRI SR 280, DT 72 43 B2 o B A ol 5 it 3% 1T BB
R A AL ) e i TR BE

—————

1 i
B0 meu i WE2 i WEs W4
[ | t
B | ]| Shuffle I | Shuffle Shuffle
¥ | Stem —IL Block 4 —E—) Block 8 —E—b Block x4 —» Conv_last
h | T ! T | T |
! : | | ! | | | |
b | ! | | | |
L I ! | i ! I
H bR 1 ! | ' | ' ! !
1! v | v | v |
! | | |
N —r»: : : Stem —bl Sg;:)f;}(e x4 —n—b: S;;;fgf %8 —o—b: Sl:]l;fcf}f x4 —»  Conv_last |[—» #H
! |
P! | |
o K=fg ¥ ! _ | I
i 'u':::::{:'_)-’::'___lf__ Ses) 1 K= {88 | ShuffleNet
13 WS ETER RN

Fig.3 Diagram of network parameter transfer strategy

FON AT GRad R, 22 R I R VR4S i R I 2

Felg K4 ShuffleNet 1 K B BESECERT M R IR R
SEARIATREEE TR FE T N UK R A T S 501, Bk
5 1T S5 A I A Y R 4 - 58 B B RUE AS 0 AR 78 R
VR IARAE AN A B 2% 2 1 B 0 SRR RRAIE , 44 o R TR RS

MIPERE
2.2 EF SAC A9 ShuffleNet R £&#7iE

WA 2 7N, ShuffleNet J&1% 58 ThunderNet P25 1)
BT M2 B ICER G R AE I VEH . i ShuffleNet
P28 DWC 4 B8 18 DX 8 555 35000 T A R0R)



2212 LSRR R e o

38 &

AN 0 3 7 A [ 23 B) 7 b R A 8 ) FB | AR S 3k F

SAC #J# ShuffleNet T /%%, 7E ShuffleNet 5% J5 — 1> Fr

BtiY Shuffle Block >R ] SAC #EHeE: 4 DWC £ BUSHL 52

AN]SR A7 B 1 e D)4 TR0 AL L, D9 2% 45 44 an 1] 4 o

7No SAC FEHL i FiAb B4 5y R SO SAC 414 A A4b
C-difin

Channel Split

Shuffle Block

BN ReLU

Channel Shuffle

C-d %t

A 2R
BT

ARy bR SCRBE B B3 AT AR R, B E A ShuffleNet
H i — T BRI 5 sl AR AR 2 T ke o iy A A
FI%d: T e RO =X (1) ATARAAS ) 82 5 il
AR S ] T

4 T SAC BHAGE Shuffle Block
Fig.4 Build the shuffle block based on the SAC module

T =Fr(T) ®T=9(""(Avgpool(T))) ®T
S(T") =9 (f ™' (Avgpools,s(T') ) )
T"=F_(T)=S(T") « Cono(T ,W,r)

+ (1 =8(1")) « Conv(T", W + AW,r")

I = P = 0 (Avgpool (7)) T

(1)

Ao, 17 R IEIRE B AR R s s B 2R E B R A
FRIEEL, 77 2 28 AN [) 8%z BT H1 B 75 i H %) SR FF3 ARRAIE
Bl , T R R AR 1 B 2R AR B RE A3 (A
F, () e RO"™ 2L/ N Xi&Ewtk, £ (T) e
ROV I AN B 1 A T U] 4 25 3 R R AF PR AL,
@EZICEMMIZE , XH, ¢ =352 /2 Shuffle Block [
B AGEIER, H W 43 32 SRR B s R E, 4 )R
TS B A A T Y A S RS SR T )
HepRE S(+) th SxS FHEAL)Z FARdE 1x1 BR)ZA
B, Conv (T, W' ,r) RREBEME, W BEHE,
r={r,r,| FAE SAC Wz, AW 2T 2 AL
FIRAEH 0, 9 J2& ReLU 3G R %L, £ J& 1x1 BBEH
iBH

FH O, Y 38 B A ek 2 1T R P AR AR R e R T
SAC 1) ShuffleNet ‘BT 2% 7] K45 A [a] KB A 38 18 %240
R & 25 ]
2.3 ETFEZREBRS SE NS EMEE X

ot Az 77 i R R AR AE BB RN RS O, R 4
ThunderNet 7£ #15 DX 38R B v R FH B — 24 J38 AN 728 1) 4

fIEZS (5 B AT R, 3 R 32 AL BB 0 A 2 1 520
il AR SCER T T 2 ROBE WL R SE Y RRAE Rl B
25 ARG E H AR dm 4 T ke A [ 48 B2 R 19 I 2 AR
(&, S BRIl —FRAE R T BR B 5 B 22 S AL R AR A 2
Fi7s .

Bk, =50 D ERBEYIZRAEA XTI CEM Hp iy R0 £ )2

PHL, ke [0,1] ,05K(2) P,

k, = I,Llogz(m/s) =1

k. =0, Llogz(m/s) <0
s wh, SR BB R T8, s WU RAEL g TR
IFi) T RRLGF A T AR S5 ) 4% R T2 8K

FET k|, ATARAG BB I GRAE A B G i IS B AR 14
Z=[E P, ,un=(3) iR,

P, =f(k)=Glk,] (3)
A G J2 CEM i th A BRFERAE TS, f(+) WS ek
B, FRBASFHEEIF S G thXt I &, BURRIE T, B se st
ANTR] /IR i S 2 LA A [ il 42 )2 AR B 1 9 25 By
B ARSI ZAE AL S WL S AR IE I 25 6] P,

251, R 28 th R AL G A 3% 1 SR B AR AIE TR
v 38 T2 ) (R M S, AR SCTE R A TR TP B SE AR
DA 3 0 T S8 5[] )R AR e 1, SE B ER 45 )
K5 i

B A U8 8 B H bR SRR A 2 T R B R AR ]
U e RO NIE(4) AR EA TR AE %
T S5k o i AR E P S TR Y

(2)



Hi3W Fl-G IR FE T 24 X FNGH ThunderNet [ h% 2 1T LB R0 + 213 -

VAN,
U Ix1xC Ix1x (" v
7 (1) G777
s o
— H' » -
Fiate ('") |
w' w’
c C'

K5 SEBHREEHE

Fig.5 SE module structure diagram

1 " W

V=F,(U) = 2 2 i)

Y =F (Y, W ,r)=0(W,6(W,'Y))

Y'=F_, (Y, U)=Y QU
Ao Y SR IR E E b B R A A A 8 A R T
Wi S5 ) 4 JRy 43 AT, Y R 3R T R TR B 4R B A ARy
GEPRIZS ], Y S i Y 1) B 78 0 £ B i A AT
BIZI], F,(U') e R S 1 4 i v 2 A ik
PREL, F (Y, W) e ROV BAERGR r T 14
FROEE R R, F, (Y, U') J2 38 38 4 5 % 70 2 A T R
., Hrp, ¢ 2% A SE B RHEEEIES, H W 2
FAEE MR RITE, W = (W, W, SRR o h

C’xg

(4)

SHEL W, e RS REGHERESH, W, c R
TR FERIESE, v REE RS, o F8 Sigmoid 1
5 BREL, 8 KR ReLU U BRAL, ® FRomiliE4EfE b X
JLFR A,

G, JE TN REAS WL I ) S B R R 25 0] P, Fl SE
B ARSCE T —Fh 22 ROBE R AR Rl G 506 20 SE
B AR S R AIE (8] 55 4B 2 R A B AR, SE3A AR
FE T BRI ZS AR A RAE , flA 3RE I (5) Fis

F=f(SE(P) DP,) (5)
Arp. P, e RO Hop ¢ =216,H" W' ¥1/& 7, SE, &
AFREEN SE & ¢ e 10,11, @ R/RFHIEEIZEIT
FHN, fRBRS EERZEMY, R, % CEM i iR
B H AR ISP RIEEIEE G th 2 ROBE BRI SE /9
FRAE Al B A BLS AT AS B BB A A UG M5 B A e
fEF =[Fy, F - F, 0,1, 3 F % A GrEEI
GREA M AT B AR AL RAE ) 3, 0, Bk FEAE
AR TP R ), RIVR I B8 H A 32 i R 280 S
(VAR I

B, HET A A8 SR A 2 A Smooth-L1 47 2% i X
O T B B PN 245 4 O R AR, an=X(6) BT

LY b)) =Ly (Y'Y L) + A[e” > 0]L, (b,
b™) (6)
Kb, FERFERITRIIALE , 6" 2 Ground-Truth ¥
SCHE , BBk EAREE, ¢ B EEL IR BIbRES , Wi

¢ =0FMNER, L,(Y,Y.)=-In, (Y IY.)FK
A& U O PR B, L, 278 Smooth-L1 3 4E [ 15 451 25 pR
., Bt PRk B AR BRI 2R AR AR A 0 0 O A A
IE [ £ o LS R O s 2 P AR A ASE A0 A, AR B I
[ 2435 S RS TR ) 4% 23 50 %) 226 AR BT, A IR R e L i
T RIS SRR, AT & H R A 45
2.4 EFRETHZIFMYEH ThunderNet FIEFERE
B BAAG  & X
SRy SIS At % THT R P v R BE SRRSO P iR
TRALH] FET SAC 1Y ShuffleNet %% 22 KL B Al SE
PRFIE AL G L AR SCEh th T I T IR B IR B 2 ) Rt
ThunderNet F% %1% 2 T BB A 34925 | QnaE32% 1 R,
Algorithm 1 EFIETA2:T Rk F ThunderNet 1) BEf4
FET AR A
Input: i ASBM A GRHEARLE U, FIEKHE AL Q,, &
Tl FEFA VN REALE Ve R FE A 4L Sy ShuffleNet
MWEESHECH S = {s1,82,...,5m },SAC B BHE rir €
1,2,3},SE iR BH 0 € {6,12,24,36}, 1, = Ly, =
1,r%¢ = 6,K={s0},Q = 0
Output: ¥EEMBFIH CLA,, fERHANE REG,, -
WG E mAP
1: form=1— M do
2: HRHULREAFNEESEL {50, -5 5} B model,,,, P14
HAPAEBITURTE mAP,,
3 if mAP,, > mAP,,_; then

4: K<KUQU{sn}
else

6 Q<= QU{sn}

7 end if

8. end for;Output K

)

9 ARIAENRIE R IR mAP BRI SAC BHL 1,72

10: RBAEMNEAE R mAP BTN ) SE S5

1 BRI A S AR e ek 23 8] Py

12 K6 T 4 26 R R0 kDN 3R B g5 O R B S B0 Y
GLA,, REG,,mAP

13: return GLA,, REG,,mAP

ARG BRI 2P A T LB 2 2T LT
DAASEIRY (5P S5 4G 0KS B mAP PEM 45 BR PEAG S TR S
HAES K T B ROCR, IF 15 SAC B e fE S HUfE
rory 9 SE BUHR I R AE R 0SB T A I R G P
NGB PR AR AL R AE 23 6] P, F) 8 ST R e ¢ e
RN B E L 45 R i i

3 ZWELERSH

9T BAEAR SCRE I AT AT R R, AR SCHE T T
TH RIS LSR5, JRBRE A Ei 40 43 1 PaddlePaddle 2%
TEER A 2 T SR B G B | AR b TR L 9 2% T ke I
47" (NEU-DET dataset) , El bR 7% Bl BA 400 ok IR T
FPRA T GRS R A TR R 6 CCD HH AL
HIKROBOT MV-CL086-91C-C, 15 | % & % 45 K 1% 3 A5



<214 - S [ I I Ve 3

38 &

1975 9k BB AF BOd B 45 2k 2 254 5K BELH R IR 5 Ak
1 800 7, &6k I/ Fr ST Ry 512x 512, 88 M B e N<F 2y
2 048x1 000, HELHF IR A R SH A 200%200 , #3455 B e AY

o BERER |
TR RS
B

MR
kIR
!

(a) RIIR

(a) Cruise

(b) Bx
(b) Spot

(OFZE 3

(¢) Side crack

FEMRAN K INKG BRIG5> AR 2 T TSRS R TS
PLK KT #R 6 Fh2E B {di ] Labellmg %045 1 5 ¥ 8 B il
BB B bRk S PRI A | B A b G an P 6 iR

E ;

(d) At
(d) Bump

(f) Broken angle

K6 I BriE E R A

Fig. 6  Partial defect image samples

SCHFEAT R0 LE AN Rl S0 24 MREAR SR T 5 47
SEX AT LA 80% = 10% = 10% 1) HL A, 43 5 4) 3 1
SRAR SRR FNINCAR | LA ORAIE S50 FE A 1) Fif L A 52
BRI T REME AR SCIR A S AR Dy B i P B B
R2% ThunderNet , I ZE I ZR T EL coco K5 4 TR ZRAL
&, W E 2% 3 HE 42 4 Pytorchl. 10.0, CUDAIL 1,
CUDNNS. 0. 5, Y1255 %0 Epoch = 30, %15 Bt [ )1 2k 4
AL FR I /N Batch_size = 16, FEL T 80 ke [ Il 2k 2410 Ak 38
K/ Batch_size = 16 , 550 BB I 25 HE L AL 38K /)N Batch_
size =8, 732K BRECH CrossEntropyLoss , 51 AL T loss_
weight=1. 0, {7 & [A] 19451 5¢ BRECH Smooth-L1Loss , 51 2% #X
T loss _ weight = 1.0, M 2% 1 £k PR Bk SGD, % X %
learning_rate=0. 002 5, B8 [ momentum = 0. 9 , A B FE I,
T weight_decay=0. 000 1,SAC bR ) 4~ B 23 0 R
ror, BINEESES 11,2, 31 BEVLZEECZ DU R AL
) TE o) 5 i 3 T SR 74 114 25 T 2R S 4 AL 6, SE BB By T
FE4iESE e NBGERE G 16,12,24,36) thFARIEHL,
DA 5 14 3R 055 P R 4 R Y T R BRI B 1 Y SRS
FEON 160, R KB PR I RS M=20,N =
10, Fariill 25 S 3% 3 7 25 5 P46 b5 7 38 43 9] 32 (average
recall, AR) . 35 % M K5 B ( mean average precision,
mAP) SERHEHE [E] 48 45 (frames per second, FPS) FlI
RIS H I ( parameters, Params) 25 HPEAS , Hodr | #0028

FeAS 3 BIE R 0.5, AR 845 A 4 28 ) Bl A5 DU 74 [0] 8 11y
BfE, AR A R /MR TR A s A 1% 0 9 47 I, mAP 45
T SRy 25 2H ) e 5 Gy DN A 8 ) 47 41, AL 3 s B % T A7
25 Bl e ARG T M E | FPS F5 b A A 25 7 R A 42
A TR B P 5 i T S B ST Y R (R] ) B i AR A Y
R SR 32 | Params $8FR A A th s 202 o] () S B8
iR A (] S A AV RN, S5 Ah SCHR[ 5 ] 25 i
TABEEbR TR TR T A S LE CPU intel-
Xeon, 16 G WA, B GPUTesla T4 335% F 1847,

h T BRI A S E AR B A SR AR X I
AR B B 7 25T 3 BRI SR S AR T S G T
B I W it 9 T R P RS B g M R Lt k. el (BT T
DL LSRR LA A9 it e Ry 5 sl 4hs 1 1 R AL B A
WA A WY g i ot | G v R B D5 Sl A8 AR X6 7 1) H s sk
BRI R B A, AT R COCO R s ASE 7Y 2 5011 Bl F
I A5 SR — it , 3 S T COCO 1E A —Fhid Al B 42 , H
W R B — M, 5 Bt 2 T B R PR AR DG MR IG5
T BE A 040 B v 1) 25 i o 5 S e 0 B T R 45+ A L2
e, PR SN B B TP AU A3 i B AR AL, PRIt B BB B
BRBAREASAE g PR IS A 1 g A, S BRI R AR R B H
BRI IE 18] A 850 0T B, 32 T 5 AR BUSEBY 1 1 B8 27 )

RHIRE SAC B BAE N 2SR S8 G K 8 4



5431 FlA TR BE T AL 2 > M ThunderNet B % 2 T B3 4G <215 -
] N 2 R W S S A 0 4 0 R B R
' o EE T AT 15.28 M AN T 3% 2Kkt | AT ASPP S uk )21
0.667 S N N 5 NISENN
SRR 1711 MBI T 15% 0 2808 X T2
0.556 T E ST y
e JRUBE IS SE BRI Fil £ 2 v A 2 7 5 s 2 T 5k B
gomr PSR A/ L T 4
0333 r R
0.222 0.778} e = et
, --model_with_Steel Params: 15284
ortty S ﬂﬁdig&}iﬁ:ﬁ%%o 0.667F ﬂ
y +—model_with_Aluminum ,,s;:“,m__ 1701~
of +-original_model 0.5561 .
s 10 I5 20 25 30 | " eramseida2m
o Zoau ‘
P 7 R TR0 7 4 7 s Ao B804l 2 e
Fig.7 Performance curves of tile defect detection 022
. . | “ +— ThunderNet+Feature Fusion
model of different source domain models 0.111 ThunderNet
ok + - ThunderNet+ASPP
5 10 15 20 25 30
0.8891 ‘ epoch
o7rs] g 10 TR AR A K 1 B R
0.667F o Fig.9 Performance curve of the detection model
0556} »t " based on different feature fusion algorithms
(=9 x,,"ﬁ\'d' N
T 0444t Vg
0333 K10 25 1 SE RPN RE 1 45 3 T R LUK IR
oml i‘:iz v & J1 B3 ( convolutional block attention module,
.y b CBAM) ™ 4507501 - 15 K 0 2 25 1 g 1T DAL 48
ol Ty A CBAM HEAY RGNS B2 155 T3 SE 4 %8 AR
5 10 5 20 25 30 B G F i fE SE FRGR TR . Hd  FEHIT SE

epoch

K8 ATz i RS B B RE h 2k

Fig. 8 Model performance for different atrous rate parameters

T NS AR AN [ 25 1 AR 20 T B R AR 04 A A DK
JEASA R . IR AR 78 vy = ry I B 25 26
BTG RS BB AR T TE 1y # oy I, ST
RERKSEHAE (r, =2,r, = 3) BIPEREER T 2510
RRUNAS (r, = 1,r, =2) BRIEIARY . SO T ik
PR B EAT AR R /IS B G548 5 A, 25 T R S R
it U R i e b B2 JBURFAIE, 3 B0/ H R A AE 1Y
BRI A R/ INas R R S 40 G T 1 52 IR BT 1 D) 46
BUHL, R, 3% 5E v, = 1,7, = 2 ENZRSC SAC BEH Y SRR
ZHAE .

Sy T UEAR SR B AR AR Rl 5 Sk A R 181 9 45
A AR SCRRIE Rl A1 5 4 P ) 5 ) 4 7 B b Ak
(atrous spatial pyramid pooling, ASPP) ' 4#:1F fil £ 8. 1k
ORI ot A v RS BE AR At 2, IR R T LA
S5 A IR Rl B0 Y ARG, W0 A0 1 L A A A A
Horp Tl 7 SRR AIE Fill 5 53005 10 B BORS B2 % = T Ak T
ASPP PRERIRG AR BE | [A] B, A SC 43 300 1380 1 1T 79 e
PR MERI SR A LR S A (14.82 M) BT

BRI = 36 IHETRLR I PEREA R BEE 1Y
T/ Y0 it 2 T S5 o A D00 2 8 A e S L PP 0] B 34
P =6 W AR M BUT B AR S EA A
XS5 RR W], 4 8080 N [R] I SE ASEHR b i G802 1
SRR Z S8 3 22 9 AR A5 A S A B YRR AR
bR TR L, T3k 20 00 B 215 s uE DA 78 432 2] %)
AN ] 388 T ] P A EL AR OC R | 2 AR 8 AR A 2 AT i C
JHFMERE IR . ARSI e R % r = 24 B BT
2 RUBE WL A SE (8RR AF il 5 580 1 T8 A 3% THT e o A )
FERIVERRILAT

VAT RS FE AT AT B 11 B R R 30 AR K
A FRHCRRIE RS K AR AL G A R [R] i 36 ik
£ I mAP FIHRAA Loss MAEFLXT LLlZE . ML 11 WA
A TR [ ) fie SR SR B RE A SR FIIPAN SRR T i
MEEUGHIRRL (K= {5, K= 159,51 K=150,5,,8,} ) K
B R A E EAE AR (K= {0} ) ZAR, 28 0 S4AS:
FE TR T B B B, 2R S B 4 2 A 38 EL A RS Wi
%o 730 EBSHUG BRI 00 0 A 1R 4 i A6
AR | 0 28 W S Bk B2 1 LU B R i A 42 1 I 1 4
B 5 B AT AT M | BEAE SR S BU0 MG AL BE A X
%, UL R R AR T S EUE A K= (s, ], HT s,
ShuffleNet [ Stem BB %) 25 254



38 &

216 - BT &S 2 i
0778}
0.667}
% RE S
r/y’”’
A
odaal /f —- CBAM
l ,'/;:" . =6
0 —ee =12
L 2
0333 | DRy
5 10 15 20 25 30

epoch

F 10 ANFEERT K SE A g il &

Fig. 10  Performance curves of SE models under different r*

0.889 ) . ... 4045 k=0
. — | K= {so}
K={s0.51}
0.778 3.467 K= {s0.50,52}
0.667
2.889F |
0.556 7
= L2312
S 0444 K
0333 1.734
|
0222f / 1156
K=0
0.111 P 0.578f
K={so.s1} NSRRI
of+ K={50.51,52} o e
5 10 15 20 25 30 0 500 1000 1500 2000
epoch iter

(a) BB PERE Evs AREB £ A
(a) Model mAP vs. K

B 11 ARREEZBESEES K B e il 2
Fig. 11

different transferred parameter sets K

(b) BB Kvs AREBES
(b) Model loss vs. K

Performance comparison of model with

F T 2B BRI RS 2% 2] A INREAR A T AT
AT, e R AR T X B340 £ R A, S SC IR e e 9
BT 57 B AN R Bt e bt RN R AR T 18 3 B A 78
SRR LI EAGTERE, Kb BRI ()i A5 4
B K={s,} XTHEE R 1 iR,

F1 ARG ERTHIR S REBEREIERWLE
Table 1 Comparison of transferred and untransferred
model metrics under different training samples

WERHEA TR AT BHR
Kok AR/% mAP/ % AR/ % mAP/ %
300 62.19 53.93 53.24 41.75
600 82.18 73.37 80. 06 64.35
900 89. 64 84.91 87.08 81.74
1200 91.36 85.13 89. 18 83.45

BRI, 5 ORIE R IR T 2R A B AR L, ]
T2 2T TR OB /MR AR 26 P R ATI R PR 8 AN B 1Y)
K BEANA [ ply e vl UL, 3 T RIS ROT A% 27 2] J5 1]

DA S5 R AR A 2 X A5 AR S SIS 0L B4 52 M), I 2 e AL 7Y
ZACRE T X TR R A B AN A 55 47 B F 2 52
YN

AN, 55T A0 ] 1) e it ke T AR A A S EE A
TAR ST ®ES BB BB % YOLOVT©Y |
RetinaNet!*’ , PR BE A M 4 9 Libra _ RCNN &
Transformer' > %5 323 H AR A% I 75 1 A D0 45 55 | LA B %oF
LT 4 S SAC AT 2 RS SE AR A& 53
PR AL AR b R TEAG (A, JF 45t T 25 B ARLAE I 25
b R e A ASIORG T L £ an &l 12 iR Her BT
RGBS EIE S84 G .

0.889 -
0.778 +
0.667 +
0.556
Z
£0.444 7 ——Our_Method
=~ ThunderNet+SAC
0.333 ¢ —+ - ThunderNet+Feature_Fusion
{ — v - ThunderNet+Transfer
0.222 1 —«— ThunderNet
v/ »— RetinaNet
0.111F ~+ YOLOvV7
o —e - Transformer
oF + Libra RCNN
5 10 15 20 25 30
epoch

B2 A AR ARG X e

Fig. 12 Comparison of detection performance of each model

*2 ARAEENIFENIERITLE
Table 2 Comparison of evaluation value
of different methods

Wi/ AR/%  mAP/% Params/M
ms/img
ARSIk

(' ThunderNet+SAC+ 93. 69 87.22 61.6 22.30

HEE ﬁ[ﬂﬁ+Transfer)
ThunderNet+SAC 91.21 83.43 60.9 21.85
ThunderNet+##EfI & 90.65  84.08 53.9 15.28
ThunderNet+Transfer 90. 55 81.78 53.7 14. 84
ThunderNet 89.53 77.92 53.2 14.82
YOLOv7 90. 23 74.54 61.7 36.31
RetinaNet 87. 64 64.37 64.7 36.43
Transformer 90. 23 78. 45 60. 1 58.35
Libra_ RCNN 92.53 81.37 68.2 41.63

A 2 Al A SCHRE I 3 1 SAC, 2 RUBE L5
SE FRFAF filA 3801k A ARG T ASE 70 Hb = At T 324 S48 B9 Pk i
B, Horp SR SAC FVERAE @l A Ty ik A B R 43 51 L I
KA IMORE BT T 5. 51% 6. 16% , 7 SCI7 s AR S
PIRGIAS BE A3 T 87.22% , IR SRR T T 9. 30% , 14
e T A T G DU ASE TR | AR TR Y S 5 R B
WA RS KR A E T 61. 6 ms/img, 1 £ %



95534 o

VREE T 7 ) R ThunderNet A8 i 28 1 SR B A6 <217 -

file 2% TH 5 o 149 S PR VA DU 0K [RTIRE NP 12 T LA SRR B A I 1 b AT 5 DR 8 B T, ARG M 8 7 52

S H A SC 7 7 A B SR Al B4 ok o G 0 A B i A
o itk A SCER B A BCHE ThunderNet K630 5 125 78 & 6%

o N}
(a) KIYR (b) B (c) 14%
(a) Cruise (b) Spot (c) Side crack

PR ARAT T B ARG I AR | R e g A 0 45 R A 8T 13
FR o
']
(d) Tl (e) MtV (f) WA
(d) Bump (e) Dirty (f) Broken angle

K13 B Btk R T i R ARG I 25 2R

Fig. 13 The diagram of partial tile surface defect sample detect result

4 % i

1
|
-

N T e IR SE BRI 5T M LSRR 2 AR | R Y

A R T IR o PRI AR AR AR AR 10 TR R, /INREAS 25 1 T I 2841
PEPRIME , IR AR i ik 225 8] 1T 1) 22728 1) kg T 2045 R A
B ARSCER N T — R A I BE ThunderNet A6 IS
SR SAC 1 25 P 265 X A 7] RUJSE AS: I X R 19 2% > 3 o7
T Z2 R R SE BYRFIE RS J7 20 /20 )2 R 22
SEACBYRRIE KNI 25 8], S R T 5 22 S F AL T
TIA TR 20 J5 B W is TR B AR B b AR IR 45 ) 4
i BB, A7 % 5 PRI AE 23 18] Bz AR RE T,
o0 245 S SH Y [ o it R A ARG DU 138, AR SR 10 5 TR
FEIE RS 24 2] RNk ThunderNet 13 1% 22 T Bit e 4G I A 75

RERS AT S5 X e W B HEA TR, B 3 1 2 5 (A,
S BN 52 A A8 SR 1 2 TR R o ARG e 2 AR i F
FEH A,
S 3 Hk
[ 1] ZHAO Z. Review of non-destructive testing methods for
defect detection of ceramics[ J]. Ceramics International ,
2021, 47(4) ; 4389-4397.
ZHANG H, PENG L, LEI G. Saliency detection for
defects  of tile [ J].
International , 2022, 48(21) ; 32113-32124.
SIOMA A. Automated control of surface defects on
ceramic tiles using 3D image analysis[J].
2020, 13(5); 1250.
LI X, ZENG S, ZHENG S,

detection of ceramic tile based on sliding filter and

[2]

surface ceramic Ceramics

[3]
Materials ,

et al. Surface crack

[4]

automatic region growth[J].
2019, 56: 211003.
WAN G, FANG H, WANG D,

surface defect detection based on deep learning [ J].

Laser Optoelectron. Prog,

et al. Ceramic tile

[5]

(6]

[7]

[8]

(9]

[10]

[11]

[12]

Ceramics International, 2022, 48(8): 11085-11093.
PHRRIA], PRI, FEF okt Faster R-CNN AYYGHR FE vt

ERGR BE A T [ ], o 5 AR = 4, 2021,
35(1) :40-47.
YI X T, SAN Y F. Internal defect detection of

photovoltaic cells based on improved Faster RCNN[ J].
Journal of Electronic Measurement and Instrumentation,
2021,35(1) :40-47.

LB, BiE, fARR, %. B TUGH YOLOv4 Bk

PCB St B # I W 5% [ J]. I 27X £ % W], 2021,
42(10): 171-178.
WU J G, CHENG Y, SHAO J, et al. PCB defect

detection based on improved YOLOv4 algorithm [ J ].
Chinese Journal of Scientific Instrument, 2021, 42(10) .
171-178.

Qin Z, LI Z, ZHANG Z, ThunderNet ;
real-time generic object detection on mobile devices[ C].
Proceedings of the IEEE/CVF International Conference
on Computer Vision, 2019 6718-6727.

CHOLLET F. Xception:

separable convolutions [ C].

et al. Towards

Deep learning with depthwise
Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition,
2017, 1251-1258.

XUE R, XIANG W, DENG Y. Improved faster R-CNN
based on CSP-DPN[]].
2022, 199, 1490-1497.
CHEN K, AN J, FANG Y,
waste plastic bottle cognitive based on YOLOv5s and deep
network [ J ]. 2022 7th
International Conference on Automation, Control and
Robotics Engineering (CACRE) , 2022, 275-280.
ShATT, BB, EUEE. @G AARTER A BIFPN
YOLOv5s S bR a0 Jr 2 [ 1], B A vy 7 4 4%
A, 2022, 41(11) ; 170-179.

HAN Y J, WANG W, WANG F P. YOLOvSs traffic sign

Procedia Computer Science,
Research on solid

et al.

stochastic  configuration



18- O R 538 %
detection method based on coordinate attention and [21] HEY, SONG K, MENG Q, et al. An end-to-end steel
BiFPN[J]. Foreign Electronic Measurement Technology, surface defect detection approach via fusing multiple
2022, 41(11) . 170-179. hierarchical features [ J ]. IEEE Transactions on

[13] Z=iffy, shEsr M4, & ETHRETSEEIMK Instrumentation and Measurement, 2020, 69 (4 ).
AR NI LT[ T]. IS R 1493-1504.

#z, 2020, 34(2) : 88-96. [22] CHEN L C, PAPANDREOU G, KOKKINOS I, et al.
LI W T, HAN H H, JIAO D, et al. Research on foggy Deeplab: Semantic image segmentation with deep
hierarchical intelligent cognition method based on deep convolutional nets, atrous convolution, and fully
transfer learning[ J |. Journal of Electronic Measurement connected crfs [ J |. IEEE Transactions on Pattern
and Instrumentation, 2020, 34(2) . 88-96. Analysis and Machine Intelligence, 2017, 40 (4).

[14] 25, skbk, MR, 45 —MaE o] Ml 225 834-848.

FRURBE 2 2] W IR IS5 [ 7). A Bk2#4l, 2019, [23] WOO S, PARK J, LEE J Y, et al. Cbam: Convolutional
45(9) . 1772-1782. block attention module[ C]. Proceedings of the European
LI C, ZHANG D, DUSH Y, et al. A butterfly detection Conference on Computer Vision (ECCV). 2018 3-19.

algorithm for transfer learning and deformable convolution [24] WANG C Y, BOCHKOVSKIY A, LIAO H Y M.
deep learning [ J]. Journal of Automatica Sinica, 2019, YOLOv7: Trainable bag-of-freebies sets new state-of-the-
45(9) . 1772-1782. art for real-time object detectors[ C]. Proceedings of the

[15] JHEZEMS, T2, shask, 5. 2T WDCNN-SVM {5 IEEE/CVF Conference on Computer Vision and Pattern
FEE RS S A L T e Wik (1], BT Recognition, 2023 ; 7464-7475.

& 5 A g4, 2021, 35(11) ; 115-123. [25] LINTY, GOYAL P, GIRSHICK R, et al. Focal loss for
TANG J P, WANG H J, ZHONG J L, et al. Fault dense object detection [ C]. Proceedings of the IEEE
diagnosis method of gas turbine rotor based on WDCNN- International Conference on Computer Vision, 2017 ; 2980-
SVM deep transfer learning[J]. Journal of Electronic 2988.

Measurement and Instrumentation, 2021, 35 (11): [26] PANG J, CHEN K, SHI J, et al. Libra R-CNN:
115-123. Towards balanced learning for object detection [ C].

[16] TUsemk, wafe, JREE, 5. 1 20 S AL Proceedings of the IEEE/CVF Conference on Computer
B2 Wi BRI T r 2 (1], T EER R Vision and Pattern Recognition, 2019 821-830.
iz, 2022, 27(3) : 898-910. [27] SONG H, SUN D, CHUN S, et al. Vidt; An efficient
GONG R L, SHI J, ZHOU W ], et al. Two-stage deep and effective fully transformer-based object detector[ J].
transfer learning for computer-aided diagnosis of breast arXiv preprint arXiv:2110. 03921, 2021.
ultrasound [ J]. Journal of Image and Graphics, 2022, 1EEE N
27(3) : 898-910. BRZE IR, 43 7] 2008 4F 2011 4 Al 2017

[17] CHOWDHURY D, DAS A, DEY A, et al T AE T AL A2 2 i L2240
CoviDetector; A transfer learning-based semi supervised R A2 B A AR R PR, 32 A 5T
approach to detect Covid-19 using CXR images [ J]. F5 A RN 5 & e R G ML,
BenchCouncil Transactions on Benchmarks, Standards E-mail; chenkq@ hfuu. edu. cn
and Evaluations, 2023, 3(2): 100119. Chen Keqiong received her B. Sc.

(18] ABFARE, JEEN, RIFR. ST IR > 1 ik b degree, M. Sc. degree and Ph. D. degree from Hefei University
IR AR R s bk [ J]. Db 2= 4, 2023, of Technology in 2008, 2011 and 2017 respectively. Now she is a
43(4) . 146-154. lecturer in Hefei University. Her main research interests include
HAO B Q, FAN Y G, SONG ZH H. Crack defect pattern recognition and intelligent systems, and machine vision.
detection based on deep transfer learning for pulsed vortex B+ EGREEL) ,2020 4E TR ¥ b
thermal imaging[ J]. Acta Optica Sinica, 2023, 43(4) . i WY YA T W == 1 1| A e o
146-154, TR T A SEHLALE

[19] YAN H, PENG X, CHEN C, et al. YOLOx model-based E-mail ; shihu_zhuo@ 163. com
object detection for microalgal hioprocess [ J]. Algal Zhuo Shihu ( Corresponding author )
Research, 2023, 74. 103178. received his B. Sc. degree from Tongling

[20] HU J, SHEN L, SUN G. Squeeze-and-excitation University in 2020. Now he is a M. Sc. candidate in Hefei
networks [ CJ. Proceedings of the IEEE Conference on University. His main research interests include deep learning and
Computer Vision and Pattern Recognition, 2018 computer vision.

7132-7141.



