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Strip Surface Defect Detection Based on Adaptive Global Localization Algorithm

WANG Yan-Shu' YU Jian-Bo!

Abstract A deep learning defect detection model based on adaptive global localization network (AGLNet) is
presented to solve the problems of low intelligence, low detection accuracy and slow detection speed in hot-rolled
strip surface defect detection. First, the feature extraction structure is combined with residual network (ResNet)
and feature pyramid network (FPN) to reduce the disappearance of defect semantic information between layers
transfers. Secondly, an adaptive tree-structure region proposal extraction network (AT-RPN) based on tree-struc-
ture Parzen estimation (TPE) algorithm is proposed, which does not need the accumulation of prior knowledge, and
avoids the training model by manual parameter adjustment. Finally, a global localization regression algorithm is
proposed to locate defects more accurately in complex defect detection using global positioning mode. In this paper,
a fast, accurate, more intelligent and more applicable algorithm for surface defects detection of hot-rolled strips is
realized. The experimental results show that the detection speed of AGLNet remains 11.8 frame/s and the average
accuracy is 79.90 %, which is better than other deep learning algorithms for strip surface defect detection on NEU-
DET dataset. In addition, the algorithm has a strong generalization ability.

Key words Surface defects detection, deep learning, feature pyramid network (FPN), adaptive tree-structure re-
gion proposal extraction, global localization
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tional neural network, CNN) VR EE S SR
J F T A AR B A 0 37 2 rh ) R I H BN Y
RO REPL. H i i E AR A B, TE R e e
FR) 4t SR AE AN S ) S M, AT a6 AT NS F R A0 381 4%
PR R B 1t R,

B TR 2] B R B A I & H A I SR A S
B A 7= o R, AT 5% R H R b ) BB H AR,
I HALE . RANFSEAIER. BT, BWEY W
RSk B B PR, —2RJE L Faster R-CNNI,
Mask R-CNNF RRERHHT B (Two-stage) Faill
% 3 —2R L YOLOY, SSD (Single shot multi-
box detector)™ KA Bt (One-stage) Frill
Sk XU Bk U K B B A A 5% 23 I AN i
Bk SER, 1 Sl X 5k I 4% (Region propos-
al network, RPN) M {4 J5 €] 73 fif il 2 A~ ml e 7 A2 H
s B A e DX 4, Fod I [B] U 45 2K R £ (Regression
loss function) #fi € HFr 47 B A L., i 7Kk
R4 (Classification loss function) & H br 12851
B, X PP T VAR A LU R, E R e 0 T
FEA FAERTINRG B2 bR AR, R BoAar il 7 v 4
SR BE R DU AT L AT T 2 EA. Tao S5 K
Faster R-CNN H T-Jo AL HL 73846 v 246 2% 1 B
SENL, B SEAE BRI N e 441 X I, 548
G XS S R A AT I, He 2609 @it Faster R-
CNN 7 £ 22 1R B R A7 Rr 0, 2 X 4% 1) B8 72
¥ Backbone 2 JAFIE R &N — N2 R
fEEl, £ NEU-DET #4455 _FA BT B R AU
B Bl SRE AR ] — A B R A 4% B
Bk BRI ALEHE (Bounding box) HIAAFR, DL
A0, FEIAE Hh L5 AR 1 B BE AR SR R 3R 2
— ity B vy R I AR 2% 07V B R RS A FE AR
fi. Cheng 55" 4 th B A 7 7 1038 v = ML AT E
T8 R [ RHERE A ) DEA  RetinaNet {8 %% )
W 2%, 12 0 2% SR FH 3 T 22 00 BEAL AR R IO A AL AL T 1%,
PErE T 4 Bk MRS B2 R, R A TR R A ik S
TP T 25 B R 2 B 33 J2 FHIR J2 SRR AR 3E AT A At
. PRI B B I IR B 78.25% [T KRS L
Chen 5§ SSD W48 0 F2fish o S H#36 B 195K
] 1 e o X IR AT 8 o, A6 AN 2 R R AR B AT
Hbr i, 193] 7854 B8R . Zhang 500 4%
YOLO-v3 AR -4 G 4 hi ik b 5 for, H 222
U AE T 5l AT ZRBLE L #E LTI AL (Batch
renormalization) Fl Focal loss, #t—2#m T 6l
For i .

IR R B W B S A S T R I B T R AR
5E (Anchor-based) HLHIHEAT M. /8 H Anchor #l
il AT LAF= A2 B AR S HE (Anchor box), {3 4% AT LA
B AR BT HAR A EE, XA & $

SN E ISR AN REN E: AN S AN E R N wall B Sk Ay
AEHE IR, FR, EIZGE R mA T RELRM
Z#, 1k Anchor-based MW 4% 5 25 5 Il 2k H. 5 infa
58, H AT IR R BN FRAR . SR1T, Anchor-based 7E
BRI ZRATIR A 1% 2 A £ 1) £ Anchor-
based 2% (1)l Zrid 72 B G AT S HOREEIR T T
Al 2) Anchor-based %45 5 A B K & 56 & A
WA HARRE S E, SBUEAFEA™H AP, IR
Pt E SR, H s st 5.

AT ARSI A 3 B R R VE4, Anchor-free 2%
DA B R B pL ), $R M 1 {of FH 8 i oy R ) o B
R TURMERE 2 AN 9 Ao FE 55 il @, B8
FH T S 1) A I A0, 3 32 T s Ay 3 S Ak
HIWE . Anchor-free 3222 DL APAS[R] 1 7 Xk
WA B I H PRI, —Fh 5 i 2 K A HE A A
R RUHIIA SR 5 R Il L Dy 5 S s AR Aan il 5 DL
in] /8, %40 CornerNet!™ F1 CenterNet!". Jia %5
Pt 7 —Fh ot CenterNet SR 5¢ il 1A= B & A sk
Rkl 5 — o7 v R B SO B AR K K&
I3 LS /ISR, R ANKE BEAT 43 A B A 34T % 4
T, $27+ 7 B hskr it gE. Zhu &P {2 —FH
FRAE I I RFIEIE B TCAY (Feature selective anchor-
free, FSAF) B, iZAH AT DLk N B2 A R4k 4
FEEEERI B SR ZS . Tian 5552 2 H 2B
Fr B (Fully convolutional one-stage, FCOS) £l
A%, A 2% DARRG 2 o i 5 g e T B AR R
o] R B TN S A S SN R
WA 1 B DA 25T I — kar U 28 B 407 RO R 00 235
. Kong % {2 i FoveaBox %%, iZ M 25340 1
AT, = PMHTBREXDE, —TMHTL
FRETIO, MR S 7RI R {22, Anchor-free
THEBON RE L], 22 5 B0k il HORA K FRE.

FESZ R 1) Tl A 2 v 75 SRS il 52 0 18 52 T 4
FER A AE ARSI B35 DT I 08 3R S PR 00 i 2
FrbA, A T {R%F Anchor-based W %% %2 52 T A KE
W, [FBF H A Anchor-free W45 1) R vl Al =7 35 1)
R AL, JE I RSB A AR SRR H by A 1 e 7
() XU B H A 0 X 28 AH 4% L. Lu 5502 42
Grid R-CNN, fif B # 2 A ey B 1) 77 20
WIGE P R r, AT A B 6 o gt e A 5 o7 A Y
AL E, 8 2 B bR AL B AE S U,
Wang 55 3¢ H 4 M B0 i4 7 € A (Side-aware
boundary localization, SABL) FAL I 75¥2:, L $2
Y B 2500 IR AE, R Bucket HLH X PY 2512 i3
ATHETRE AL, AR T A% G 07 1550 AN Bl A () L[]
9. SR, IR 5 EARAE B AR B IIRS B EUAS
TR, BRI A 1) Tl ™= ik Z, &
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MY NGB ITE A LE 2 s MNLV ST 2 £ 2 A= f 3 (<Y
My, bk J7 v R A 2 SR SRS B AR, 3K
U A N 28 Z 50 B, A BEORFF kS 5 HC) S
il A62% 7 ORE BN S B AN [A]; 2) &S Hk
TR ZEFBOR, L8 — 7 LRk g2, &
(AT R B AR, IR TR AR A I S R AME.

DARER b IR HE B ) ), A SR B N A S
SENLZE (Adaptive global localization network,
AGLNet), 7EH SRR RS B2 B[R, 2 H H i&
N TR A HE R BV (Adaptive tree-structure
region proposal extraction network, AT-RPN), $2
e ke T SR U0 B R AL, B T & A
R0 TR Bk R A S ) FEETTERA W
JUANTTIH: 1) $2 H — Fh 82 ik 22 I 2% (Residual
network, ResNet) FIFFAE 4 FIHE M 4% (Feature
pyramid network, FPN) FJRFHESE RN 25 4544, A
RO A H CNN B % ERRE, Wb T HAk s
S SCERK BEE T Tk g 55t v /0N i B R A
% ff 2% T R o 25 [B) A1 Jr) %85 4 3 B ARSI 232 41K T 1) 1)
A 2) $E i AT-RPN 832, 78 RPN (284l B
AN 72T TPE (Tree-structured Parzen estimat-
or) [f1 Hi&M Anchor Wik, DL RolAlign
(Region of interest align)®™ yhft.gsty, sEBL 1 I 45
At #2465 98 LU (Anchor-ratio) 24 H £
T, TN, R T AR, TR T4
TIBE A, 3) R AR EALFIH (Global localiz-
ation regression) ik, %77 1L FWUNEFE B A
BLIuH 5 AR EME (Ground-truth box) WYANTT
M) bW #% & (Box offsets), i — Il 73 2 il il
(Binomial classification prediction) FIH &L £4%
i (Sparse selection module), SREXGE f5 ) H0E
REZEIMARAIZE, ATEREH bR SR i 1 2 AL
G, A CRAUE R I ) B Sege A NEU-
DET ¥4 #HATI0UE. 25 R 3R, AGLNet sLI1
T 3 3] g 1) FAKEL A B R TR R B AR I, PR T An-
chor-based % 75 B KB S 30 HTA ) 0] 7, 7] B
ZEff T Anchor-free 4% H A Fa e 11 i), 75 % 42
Rl o ROR A, IR R IE IS B 79.90%, BA
5 v VR R 2 RS P SIS P, s T R 2 ) b
NLEYoRIEZN T

1 BENEREMML

AGLNet 2543

N 1 fias, AGLNet 454 3 BATE =4
1) RPAESEEUM 45, SR FH Bk 72 X 28 FIRRAIE 42 7 P AH 45
& (ResNet50_FPN) HAFE(S BHEHUEE 1. 2) AT-
RPN fRIEHERR U %, 25 G 3 BB I RHE(S A B

1.1

LT A BIEHE S K, TSR IBOR I (0% 32 [X 35
Horf RoTAlign it A [ 2% A1) F 22 RUBEHRFAIE B AN FL 5K
s HEAS S 18 4% 52 (0 il DXIRFAIE . 3) 2R
A A, AR B i ide X 38 i RS 1 X IRt AT
BlHTHE, K43 HErm A BA5 8, SREHIH 4 K40
KB EGRE H BRI RAE B

FHIE £ BN P 28

FRAEFE U 48 K ] ResNet50 FPN #2HH &
EIE R 2 RO RHE B, SRR B 1 SRR,
ResNet50 i A\ EIG AT MK GE BE 21 5 4 FE 1) Fr
FEFRI, AR BT B IRHIE R ©2, ©3, C4, C5};
FPN F|H] ResNet50 A= il i 25 B BURFAE B, SREUM
o 24 B 4 B 1) E R PR DA R I R A, OF
25t 256 N 1 x 1 BERREIT5. [N, 7543 LR
FEAS B 45 B 54 AE I 04 &3t 256 M1 x 1 I8
AR B &5 R T sk EAR AR 2 T4. T3 F1 T2 3k
WU AR R T4, &3t sk &AM ME R M{T5, T4, T3,
T2} A4t 256 43 x 3 B, HABINE
o 55 4 SRR IR B4 B IS R RFAE.

AT-RPN {EiEEIRENE L

FE H B feril v, {5 FH 22 RO RN O S AE AR
WIETI, 20k RPN R X 2 (Region of in-
terest, Rol) e J5 7 A ik X 32k, P58 i Je 2 H
PRIENH AN G SRAE 55, H O B 2 B0 B AT DAl K
R i G SN ), DA R SRAS R AR 45 R, XA
HHE I G B RO B E S8 b, ASCRA T
5T TPE MZEMMATIE, TR T H &R 5
% LTI E, N T AGLNet, @k 3k 15 &
HISHE, I T ANNEIAN. BS A e
Ao PTEME BN 05 S80S, (1) M
X (2) Prow, WUz & WS4l G, B
KB e A0 AR RS U R

1.2

1.3

Ageale = Vh X w (1)
h

Am,io = - 2

o= 2 )

w <W, h<H (3)

Hodr, Ageae HEHE RS (Anchor scale), BME
HETAREITTTT 5 Avasio REBHERT R TELE; W, H 2%
e X I B8

T Ee AR SR AR £ ok T S HUAL ) AT 5
Forh oA R J7 i DU B e =0 i TPE it
MSRF AR UL S fIe A 1 JEARL, A5 P e v 45 AR
Y (Gaussian mixture model, GMM) k2% >] i 2
HOR AL J5 3%, AT DA A OISOt e 6 — =
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| ResNet50_FPN HHiFFE 4% | | EN LY DACIEE RS RFS |
I (1% 1) 256 | | I
! . | | [T .
| o5 / I I EEEEEnN (Ut 7 b c) :
I o4 (1% 1) 256 T4 | : Ll L i R v I
: / . . Tl e !
o3 (1 x7) 256 o /I i HiEs B EEE i
HU)\;( 2 ¢l 5{) M/—U/ | : i TN [ !
I : 2 ! T TS (tr b o)l
[m——————— !:::::::::::::::::::::::I___ : ' ’==ﬁ==”=l=:
| AT-RPN BEHERIUTIE K A R 8
e " 1 |
: E ! : | Softmax = i 3 !
B HHE 5% | H - — - !
i | I !
o ! |1 amr e :
b AT-RPN kil 4 | | !
| ! ]

o | |
I ' I |
L bl 1 B w sk s g |
] H : — Sy { 1 B |
: i ROIAthl R E i i : D l%”%l"" H*ﬂ‘ﬁ’]ﬁ*{iﬁ %%i& (l” tor, [;” (;5 I :

] T T ] 1 -
i | I (O *ﬁfmm_ i : | i
L s TemiBE P AT BE TR A B S
- I 5 l_ d | Immm;wuuﬁ el
. - Lo !
L P 1 !_ ______________________________________ |
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| AR || KO3 R A2 FL BRI PR A P B

Bl1 AGLNet £5#4
Fig.1  The structure of AGLNet

B AH BT HA DL i 0732, TPE £ = 4 7 18] Hﬂﬁ%’é?ﬁﬁi@%{%ﬂ@”ﬂ@%&ﬁ& YN
RORTELT, [FIR TR B B 2 e 2,

CEREGR Il 5 B et R 1 75 5 LL A Lpiks Arid) = ZLCIS pis i)
MEFI RN, Bl [0.5, 1, 2] F1 [4, 8, 16]. {HAZ, XFf
IrE A RIS FURR IR A P P L 1) (4

FO AT MU B, TEVR AR S Bm 17 100 2 B A

TLHIAE, LR FRAE 2 20 000 Sk Mk X0k, mge  1E AT-RPNSUAT, RbreHUe Uk AL, A
LIt (Intersection over union, ToU) WIAR#EZEAT NBCREHIE, FAIEE NS B A
fEel X TEEER S T KRR, R, AT I 1) AN B, S BRI AR S ELAR RAB R 9f 2, LLIK F
TEARBFIR I B brsh e, RiEE R & BN SECEE AR E B, X, py R ANEAE I T
B RIIEE . IS K T A SO EHE RS Agae pr R ToU FRE FIRER. bR e ER & BARR), pr =
FHHE R FE L A Lo PIASEE S E0 AT 0 A0 19 ARV 1 YR EEAE BARHE, pf = 0. Nas, Nieg, p
HEFT & B LR A IEHE. AT-RPN WEHE = (h) N[ e A

ML (w) fENEAREZS A, FRE A (1) Ml Las(-) #2509 HARI i ok ef 2, B

(2) TS5 H SR P v B L A FRUPE Las(p, i) = lglpi -pi + (1 =pi )1 = p))]  (5)
AT-RPN @ ZH AL R T PN
'/L/FE% 1. &Eﬁéﬁﬁ%iﬁiﬁ, Xﬂ‘@%ﬁ% (h) 74‘:[] reg()i%j—"ﬂ J—_E ﬁFE/JIEUEHJ %@ﬁ Eij

T (w) HIBUE VS B AT 2 3. Lyeg (15, 13%) = Z smoothr(r; —r;*)  (6)
S 2. WEHARRS, AT-RPN 2% 5 5 ietey iy
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K, ri= (e, 1y Tw, ) FANGIE XTI A EE PR ECR SR BUHT I = AE AR BT D Sh s AR AE A 38 25 1 1A

BB, rr= (1%, vk, vh, ) Fon H BARE SR E
MEMIEE S, smoothy (x) BREUE XN

th(2) 0.522 lz] <1 )
$Mo0o x) =
g |z — 0.5, 75
i A R 0
roo— T — Tq — Y—VYa
T = W, 5 y = ha
w h
w=le Ly =lg 8
re =lg=s o =lg g (8)
r*_x*_xa T*_y*_ya
x T Wa ’ y ha
r=lg—, r=lg— (9)

X, 2y, w*, b RN B bR ESE bR AE 0
U AR BR AT AL BR . bR g HESE FE AN S S 20y Ya,
W, hq 535 A TR HE P A HE o O s A8 B AT AR
P Al AE T R

S8 3. ERAIR T B 46 1k ¥ S EEUE
ZJE, ST m AR B R B AR R ECH
S BUERT A B IES A, (8T 5 SRR
FHIEAGE 1 3 5245 B AT R A HUE.

i Pl E 3 B IE, AT-RPN SREL S — /N5
b [P S HUR A

L:x—>7R, T EX

Hrb, y ZESHREHE, « AR ESEL

BB 4. FAR AR AR B R £, R

xiy1 = argmax L(z; ¥,)

(10)

(1)

S8 5. [ H:REREL (Acquisition function),
FERRIEA, WILA 1A 2 B S H0h T g S A
BB 6. LW NMANKTESH (2 € x), WA

FFEAR L(2) h, BRI R N
yr = L(z;0;) + € (12)

Hrh, e BPBERE R e ~ N (0, 02) FIHEH,
o M BT .
BB WHEBZHMA 2, y, FFIMARIIA R
ML 2 5
Virr ={Vi, (Tit1, Yir1)}

X, O NI SR, e Bs i s 1
TRk, EEPRA~T.

I (11) W, R IR K2 (Expected im-
provement, EI) /EJy R4 o £, i 1 143G 48 75 ] 22

(13)

SEH, A AT DA SRR AN Y 22 TR e B — RO
BT R AF N — AL S EUR bR, TR e S Bk
W

/jj (y* —y)p(ylz) dy

b, v R ERREEIE, » 2BIKESE, v
Fe i B Z K2 19 H bR R 0T 33 ) SEBR A,
p(ylr) RFEREL M 5y FIMEZE. TPE LBy
FETEAE DU e A i) 2 B, A

plaly) = { o sy
g(z), FHy>y'
X E AR E L —RIEHE Ky, [ NAIRIZH
BE y*. 1(x) REFEDNTEET E—RERF HARR
By 1z KRR A; g(x) RERT E— s
H bR R EUE v 1 2 IRER A0, 74k B bR ek 3
PIME, AWrdEAT IR LRI 1(2)/g(2) W KAE.
TEAMERI R SR ELAE N RERE, Wi TPE
B EL RECh

/_y (" —y)p(yle)dy =

v pyl)p(y)
[m(y Y) () dy

WEy=py<y*), vy NEWRREWEKTR
HRMEEE, H

El,-(z) = (14)

(15)

El-(x) =

(16)

p(z) = / p(z|y)p(y) dy =
Yl(x) + (1 - z)g(x) (17)
RIERTIE, 7T %0:
Bl (z) = /_y (" —y)p(xly)py) dy =
I(z) /_ " (v —y)ply) dy =
Wi -1 [ ey a8)
5 ET B8 n DA 46 o)
BL. () = rl(x) —(x) [V p(y)dy 19)

Yi(z) + (1 —z)g()

ERRRIER R, TPE 5L AT DAk 2 5 Bl &
EI K o* {ENEEB S S I, 7 F—F
EAR, H2IE B E BRI BB 4 1 ], A S
H T TPE ML 5L WS 1 FoR.
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®5% 1. TPE &%

BN, VIZAHIAE T A (w, h) B

Wi, #ERRAHE (w, h)

1: BB SHIIHL;

2: For i =1, 2, 3, - -, IERFFU;

3: i H B FE B ) A BE A

4: BB REFRH argmax, L Hi%# ;1 N FIHRR:

Zit1 = argmax L(z; U;)
x

5: %EEX H ﬁ‘@fﬂﬁ Yit+1;
6: S (ig1, Yipr) MAFFBSEEAH U, 1=
{Us; (Tig1, Yigr) }, S EHEA TR,

72 AR 1 SR T e R

8 HAWIE 3 ~ 7, H AR B AR B B B AN A
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B, TR NEAENIC S, BV ER T2 5
AT S, SRR S E, 1&&
TSRS, K 3 A AT-RPN SR LE /1A,

ENNZd RE b, SR HHE 23 e — A 2k bR
2 K H ToU B3R, HIWr iz X8R T H brid 2
5¢. ToU R HEHEAN H Ax 5505 8 HE 2 8] i 22 &R 1
BURF A e, 2 SN

IoU(A, B) = ‘
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Fig.4 Comparison of AGLNet with Faster R-CNN and
Grid R-CNN
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Fig.5  Surface defects of hot rolled strip in

NEU-DET dataset
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F 1 FAEBTE NEU-DET #2610 B sl P X ks 45 R (%)

Table 1  The average precision results of defect detection for each model in the NEU-DET dataset (%)
Tk YIRS HE Jedk DEH JBR 2 JENEA RIIR
Faster R-CNN 79.20 71.31 84.63 82.92 80.17 80.31 75.87
RetinaNet 75.36 53.02 78.74 93.33 91.37 62.21 73.49
FCOS 75.18 52.41 75.03 91.48 84.85 62.86 84.43
Grid R-CNN 73.14 41.52 78.68 86.23 86.47 59.74 86.21
YOLO-v1 62.90 42.35 63.42 68.23 66.49 69.37 67.53
YOLO-v2 66.53 47.35 70.47 72.23 65.82 65.49 77.84
YOLO-v3 69.40 68.39 61.88 71.44 68.33 72.66 73.71
YOLO-v4 77.99 64.87 70.84 93.24 83.83 69.52 85.63
YOLO-v5 76.82 62.42 75.76 84.23 81.27 64.59 92.63
YOLOF 77.32 63.48 71.82 90.56 85.21 64.24 88.63
AGLNet 79.90 54.72 83.31 88.63 91.67 64.42 96.64

# 2 AGLNet. Grid R-CNN and Faster R-CNN 3T NEU-DET $#s 8 (¥ %f F il i 45 51
Table 2  Comparison results of AGLNet, Grid R-CNN and Faster R-CNN based on NEU-DET dataset

2 Fk

BEHR

JFR £ gl

AGLNet

Grid R-CNN

Faster R-CNN

7 s 1B B IR HL (Floating point operations per
second, FLOPs). M Z4(# (Parameters, Params)
ARG A BRI B & (FPS) 5 HAthAs I 2% 34T
th#:. FLOPs RIRFT iR BT 5LRE /1, Params Z%(
K/ANFER P T W AE. Wik 3 fras, AGLNet [
FLOPs ik T HAh 2T B I Faster R-CNN
A Grid R-CNN, 7ERTI RS BE b i T3 P kR 2.
XF W] AGLNet £EHE = vHERS FE I R, PRAC 148
BMTHE . BT Anchor-free AT Retin-
aNet, FCOS 1 Grid R-CNN, AGLNet ffj FLOPs
%11 RetinaNet, fi T FCOS #l Grid R-CNN. #
BUBREZK YOLO RAIMHE, AGLNet {E
FLOPs J7 & A2/, R & T M E IR L. 45
b FEIE SRAS IR P FOAS I TE B AT HE R, AGLNet
DR B e B RIURG B2, [P AGLNet A 8 &
1) FPS, B AGLNet B LER I B2 BN

EANEA

75, BRI S S A = r ST B df e R ) Dk BE K
224 REYL

N T A THEAS AR (A RE, A AT AR A I
AR, RXEEA LRSI 45 BT B 78 0 1 7 4
RyER 1, URGKB PG 9], RetinaNet,
FCOS, Grid R-CNN L& AGLNet X 3 A
FE5y B 53.02%, 52.41%, 41.52% VLK 54.72%, ¥
MR EAKE AR, RIE AP 50 (29) w18
t, EAKCE ) AP T3 S0k BRI A 8] 2 [R] N DR RR AL
KA BB, RIMA ST HEAT U R 5258, 435K ToU
FIERE B E N 0.5 F10.75, #R 5T ToU [BRI{H ¥ B X
RLPRE DN G5 SR A (8] 26 PSS FE A, Seas
ZERINZE 4 PR, Hodr, gts RTINS B SEAFAE
LR AR, Dets F A H SR B GREE S 4L, Re-
call FRFRAGI H SR BB I LL B, mAP ke i i ok
(1 SR o P S 35005 % .
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%3 &R FLOPs, Params fl FPS Xf L 45 B

Table 3 Comparison of FLOPs, Params and
FPS of each model
WARES FLOPs (GMAC)  Params (M)  FPS (i/s)

Faster R-CNN 408.36 98.25 ~8.2
RetinaNet 239.32 37.74 ~12.3
FCOS 438.68 89.79 ~9.3
Grid R-CNN 329.51 64.32 ~10.2
YOLO-v3 89.45 27.84 ~15.4
YOLOF 151.47 63.24 ~13.4
AGLNet 273.95 79.80 ~1.8

K4 FBHREBEEAT ToU BE T FINHRE,E R
Table 4 Detection results of various defects under
different IoU thresholds

ToU 1A 7Rt gts Dets Recall mAP
1oU0.5 £ 139 1 886 0.935 54.72
10U0.75 24 139 1823 0.923 47.48
1oU0.5 Fe gk 181 1188 0.945 83.31
10U0.75 ek 181 1163 0.932 82.17
10U0.5 Pk 151 627 0.960 88.63
10U0.75 Brb 151 591 0.942 89.45
1oU0.5 JBR 55 88 689 0.955 91.67
10U0.75 JBE 2 88 636 0.938 89.24
1oU0.5 JENEAL 126 1034 0.893 64.42
T0U0.75 FENEAL 126 1051 0.882 59.66
10U0.5 Bl 117 317 0.991 96.64
10U0.75 RIyR 117 322 0.986 92.79

IoU0.5 Eoe 1N ] 802 5741 0.947 79.90
1oU0.75 AR B 802 5 586 0.934 76.79

S Ak R B, £ AGLNet i NEU-
DET #dE &R, 25 7 ToU MRERE, &5 E %
TS5 MRS FE (7K, JEFRAK T 3.11% HIPPIgA
RS BE; AH RN BRI AR, ANEICT 1.3%
7£ ToU0.5 MMEOL T, P HEEER T 0.947, &
GRS AL PR A B B 1) A B2 A 4 0 I8 B T
0.935 F1 0.893; 7F 1oU0.75 MITEIL R, P A\l %
IEF T 0.934, FLEUR RN AL AN SR B KA 5] R
WA HEER] T 0.923 F10.882. Fik £, AGL-
Net X H AR 6168 772 A L1, AT LA H R
o K2 BB I H bR, 25 E, B2 ToU (1 E %
FENEES AP Sy N (EP PO 2013 AL e A s
WO R s o IR AR R . S e, &
BRACA 2 IEFEA G, TP 588 AT LR FR RS = 1 KT

[FI, 7£ ToU0.5 TG AL T, 6 Mk b i 4 [a] 22
HBAFT 5 v, (BRSO R N AL I mAP ZIRAK. @
gt HecfdEdid, JIEMEEEECH 139 4,

{H /& AGLNet &l ok 1 886 MEiE Hbx, fikEA
iz et I IEREAR AR, S 0T SR LI,
X B AT IR AR A TR 3 LA

5 BApR i i g5 R R, RERE R
A EEERBAAA W R JLANRE AL, AR T B A szl
MERE: 1) BB oy B 22 2) BREAI A (A4 R
AR, 3) HAAREAE N A 2 A0 JEERRA I IE R X 3
4) R S LR AR () 25 44

Bl 6 1, DAPANGRIE B B R N, e 81 R Sk
bR AERILL B B B, 4551008 AGLNet #6300 H R 11X
1. Zgabxtth, 78RR A, BT s A
R, N AR ) B S AR s HE 1 DX L s 7 —
8 A B X 3R — 3040 T X k. FERG I 25 R
AGLNet FEACKBREAE X 3R 750 5k ks IE % X
Wk, S8 T 24 BN E FRAE. B
DL AGLNet 55 Hx B R 1) s U, 30K K ik
B A5 B ASE WU ) i 1, JF 380 i LS e A R
IEH XK. B4R AGLNet 865 50/ B ORI H SR FA
MALE, (T 5 7 Sehs @ MEM AL B A M RE, A
SEIERZITERNEGE RS Hbr e EM RS R
i, 25 AR ) mAP 45 RN KHIAR,

(a) 2L
LS E HEAL
(a) The manually marked
ground-truth boxs of
crazing defect

(b) Fik
BT RIS S
(b) The actual

detection boxs of

crazing defect

(c) IEN%E UL (d) ENFAL
FLSR e HEAL B Sk sRERES
(¢) The manually marked (d) The actual
Ground-truth boxs of detectionboxs of
rolled-in _scale defect ~ rolled-in_scale defect

Kl 6 AGLNet AR ZE0R BN E AL BRI
Far s 5 N AR B X E
Fig.6 Comparison between inspection results of
crazing and rolled-in_scale defects under AGLNet
model and manually marked positions
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£ 5 JHmEhSLIn LR
Table 5  Results of ablation experiments
e ResNet50 FPN ResNet50 AT-RPN RPN mAP (%) FPS GPU fElt 5 & (MiB)

1 J J 79.90 11.8 5568

2 J J 78.64 10.3 7039

3 J 77.97 12.2 5024

4 v J 76.82 10.6 6436
8 A7 B SO I B Al b, St Al S e 36Uk oAt
P9 2 KR XT AGLNet #RCR IR T. 45 Sk 5 0351
Fii %, 48 ResNet50 FPN (% fl AT-RPN ik 0301 010
B 7 e mAP, HIEEEAHN S, B, X EiR o 0-25¢ zzi
PUKSEYe i mAP I FPS T T %5 el 1 Hk 2o
WA 6 Fiors. 0FELSEI 1 RIS 2 DL G s 015y o
3 }Fuigﬁ 4 i%ﬁ)a’ AT_RPN *ﬁﬁ%ﬂuﬁ&&iﬂi&%% 010 ¢ 0 2000 4000 6000 8000 10 000
AGLNet [P IIRS 55 AN TERE . 0 bLSTa 1 FISEES 3 0.05 N
DRSS S5 2 FISRE 4 328, FPN IIA 4% 5 2 of | M ktstaiabingetorss .
2 v DX 2 ks O FROHS [ B S5 M A 0 ) . 0 0 5 000 11‘0%_‘%(‘«)'/&&15 00020 000
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Table 6 Comparison results of ablation experiments
e ufses mAP $EFF (%) FPS 7t LRI EHER (%)

1 SEEG 1/5256 2 1.26 1.5 20.89

2 SLEG 3/5EE 4 1.15 1.6 21.93

3 SRE 1/5050 3 1.93 0.4 -10.82

4 SRS 2/SEN 4 1.82 -0.3 -9.36

5 SREG 1/9550 4 3.08 1.2 13.49
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Fig.7  The change of classification loss function of
AT-RPN, RPN and AABO

L — AT-RPN {2 B 415 s H
0.040 —— RPN {7 B 451 0 4
0.035 1 — AABO fLEHRHAH
I 0.030
0.030 1 0.025
am 0.025 ng“
) A i)
% 0.020 0.010
0.015 - 0.005
. o) 0 2500 5000 7500 10 000
0.010
0.005
0 L L L L L
0 5 000 10 000 15000 20 000
ERIEL

K8 AT-RPN.RPN fl AABO
SENASAEVEEGPNTE Gt AT =
Fig.8 The change of location regression
loss function of AT-RPN, RPN and AABO

35K R B R R R i e e . A 4h, IER 6
VH R SEIG XS Lhgh Fnr s, {5 AT-RPN J&, o] DAY
B 20% LA FUISEAE 1 5, KRB T BB S
MEEXT B GPU ) 5 2, HIE A TSR T
IR EE . BT A, 45 2% bR E5O Tl S0 R0 ¥ Rk S 56 %)
Fbgt AR, AT-RPN 7] LUK K HE T P 25 R R 00
J5E RO £ AT DU P ) ek R B 2 ST SRR T AL
SAF G F, s bR kAR = N A 5K 3 B



1562 =l 3 1k

S 50 &

2.3 N BEAR RPN EE R 574

N T Az S E AGLNet BRI PERE, A
SR OB 0 B R R AT I VR B R H PR AR
(Printed circuit board, PCB) J& % ¥ Ju & 14 1
Bk, R Tl WA 2N & Z N, B
ERARKAWORE, 77 m) E R AR
PCB 5145 B /N 7 [ I BE . AR G0 N A S
KB AE M T H A sl /2, bl AT 6%
IR FEAE PN T REAS I ) 7 2 B AR e N A
Mg, PLIKE] PCB R B Al 52 5 PR R R 5
= H .

¥R LI /E PCB-Master™ 45 i 4T (ht-
tp://robotics.pkusz.edu.cn/resources/dataset/).
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W7 X5 Bt 1.82%. M H — I Be #f1 B2 20 4T,
AGLNet 7EJRFL. B Wil 50K BRIEEGE 11y
A TR MRS i | A 4 4% R =6 71 78 A Sl I A 0 2
BECNEE, FIE 99.70% A1 99.65%. 1E 434 1)
K g, g2 F YOLOF, (B R ER % 94.22%
IR IIKS FE . $PA5 AGLNet 7E PCB-Master 44
FRRE IR, % 8 IR T AR AL 2 5] FPS B

Max = 5.9, Min = 0.1
Mean = 1.07, Var = 0.29

400 F

400
350 |

300
300 |

200

[\

ot

o
T

.8
E
" - ks
% 7 PCB-Master IEEREARE R > 200
(]
Table 7 Basic information of PCB-Master dataset g
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HRBEASTY B = LINCERA e é 2 3
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IWFL 115 497
P 50
B BE 115 492
% 115 482 0 0 1 2 3 zl 5 é
i 115 491 Ratio of height/width
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AR 16 503 Fig.9 Statistical results of aspect ratio in
AR S 693 2953 PCB-Master dataset
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Table 8 Test results of each model on PCB-Master dataset
Faster R-CNN RetinaNet FCOS Grid R-CNN YOLO-v3 YOLOF AGLNet
AP (JRAL) (%) 87.43 91.54 90.73 95.55 85.83 94.22 99.45
AP (F%) (%) 84.90 90.50 85.24 93.37 79.25 93.35 95.17
AP (b1#%) (%) 86.15 89.65 84.74 91.45 74.73 88.63 92.93
AP (Fi) (%) 89.45 92.16 92.83 99.70 83.23 99.70 99.70
AP (EA) (%) 86.91 95.26 91.50 95.36 82.62 98.86 99.65
AP (41) (%) 86.53 87.48 88.03 90.48 73.10 95.39 94.22
mAP (%) 86.90 91.10 88.85 94.32 79.79 95.03 96.85
FPS (fpﬁl/s) ~4.20 ~6.67 ~5.41 ~5.88 ~9.52 ~7.69 ~6.25
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Table 9 Data statistics of PCB-Master defect
detection test set

BREEZ gts Dets Recall AP
TRAL 169 696 0.998 0.995
BRI 142 665 0.990 0.952
Wi 142 667 0.990 0.929
S8k 132 590 1.000 0.997
£ 143 687 1.000 0.997
AR 137 644 0.979 0.942

SARERRE AT 865 3949
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Fig.10 PCB-Master test results
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