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Defect Detection of Large-size Light Guide Plate Based on Improved YOLOvV3

HU Jin-Liang, LI Jun-Feng
(Faculty of Mechanical Engineering and Automation, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: Large-size light guide plates (LGPs) with single edge lighting have the characteristics of uneven dot
distribution, different defect sizes and shapes, complex background texture and so on. The traditional machine vision
method of manually selecting features has insufficient generalization ability. In response, this'study proposes a defect
detection method based on improved YOLOV3 for large-size LGPs. Firstly, the improved multi-branch RFB module is
introduced into the shallow feature layer of the network to increase fhp network receptive field, enrich the target semantic
information and strengthen the ability of feature extraction! Secondly, the depth separable convolution is used to replace
the standard convolution to reduce thesize and calculation of the model. Furthermore, the K-means algorithm is improved
to linearly scale the clustered anchorbox so that it can be closer to the real box. Finally, a large number of experimental
studies are carried out by us'iné the defect pictures of large-size LGPs collected in a production site. The experimental
results show that the average accuracy of the proposed detection algorithm is 98.92%. Compared with YOLOV3, this
method has the average accuracy and F1 increased value by 8.55% and 10.76% respectively with a detection speed
reaching 71.6 fps, which can meet the detection accuracy requirements of industrial production.

Key words: defect detection; deep learning; improved YOLOvV3; depth separable convolution; improved K-means

algorithm; object detection
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BT Stk (LGP) RAHEE. mEHE. MK
Sh. SRS HEH A0 AR, b am A T FHL. P
PR HLT S A B . SR E i B 1 D AR 4
OB ZH RS 43, HE IO B ) G A L L D J5
B, AR SR AE A =ik AR, i T E MR, R S
REom, OiEE R IS, g &, BREE
GhE, 2 FBURR IR P . DRtk o HdE
AT BB R Il 06 B A BE ML A AU S R A I T T vk
FHA R AR (SVM). AR5 (KNN). Jedit
2R AL G LA AL T 10 T BN TR BURRAE, X T
R ERRGRERIEE T ER S TR H .
mH, &5 %2060, KAEHR R ZTI, etk
B LR E.

AR, UREE 52 S1 VLT 2 BT UG B ks D
24T 4 TR HEAT RS 100 2 o B3
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Hik.

W Bt H ARSI Sy S 42 B RPN (region proposal
network) FEHE, 28 J5 T H br 19467 B A 51ME B, H
FEREN, AN BE CRUEAS I ) SEA v, R EAREK A R-CNN
2, fE LA F % 8 T Fast R-CNNPL Faster R-CNN,

— B B H Al R A s e AR, B R
LA N 25 SR BURFAE, 0 H Fr 147 B AR R S
FLA RS B, ER XS N B FRAS IIAR B A X 5
ik, BAARERMEMSE T 24 SSD. YOLO #7514

RFE 2 2] J7 B BA s R RS2 R B 35 2] e
77, AT B Z R B A R RS S, 2 L RE

B g, A R AR A B e A EEOR, RIS ST N T

PIRE T R SR AR R s, i
R 0 . R A i VR P 2 ST S5
VEHEAT SRR A TR MR, 127 R 15

AT IR B, 1L T T 52 2 (95 5 2 7 2
WA ; Deitsch 25 AU 2538 i etk VGG19 W 2% &5 K
A P i TR s, ST P 2 4 75 0 4 2 M
K, B RCRIAE; He %5 AU 610 R4 22 T G B, 4141
% e 4 2 2 2 VR O, 38 5 o 3 0 B
FIRFGE, HE— 4R TR e % Ding % AU 411 7
R X PCB 22T 5 W R I 2%, S8 e B4 16 ¢
e FRHIE, FF45 % U &7 85 % 5 A B Fater R-
CNN e, B3k [ R ST £ B i, 274 P 2 0
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TR/ INBR B OGRS 55 5 ZE e N0 3R A 3 T it
) YOLOV3 S I i A0 2 ThI o P ar 0, = 22 e gk A 1
N K-means RRH VL, AL IAESEL. @&k EFiE
JEIRFAIE, A2 S R RBE Al ] )2, 7F NEU-DET 4
£ P IUHERRIL B 80%; He 5 N IR TIR A 4%
R 22 X 2 7 FH T AR A4 R Ba far il , o R HE R I8 B 1
99.14%; ik 4 A" £ YOLOV3 f%H 5] A Dense-
Net 25 FH T 1 DU U5 5C BR B, B2 m s 2L 3R BURRAE BE 77,
IR RUEE, ST xE /N RS) H bl RE 735 VL e 4%
AU BT Faster RONN BEHT — Rl 1 55 4 2 2 #
AR W65 A4 25 T B AR AL R4y KA
F AR, o AT Rl

BN KR B AR S BOR Y, 15 55
PR % M H, HSBE MR B2, KANHIES & 7, T2
BHEm. B &RG. Aig. B, BREEC-R.
RRE XS KRS SR A 72 | SRR A 3 AR Bk fa 1 4
ha i, B BM&IE S B brsfa b R
R SR T L, R S R A AR
AR, NGR RS R/ BRI R, 2T,
ASCAE— B B B AR 3% YOLOv3! ! i3kt B, 2
H— A2 T ot YOLOV3 52k SEal 5 e AR s fe (1) 73
5 e AT, TR A i85 A2 re e U AR PR A R 5K

oG, BB H AR B, §F H YOLOV3 ¥
25 R Z AL 2 1 52 B, SR TE VR SR E 2 5
A&ﬁzﬁiggmamﬁﬁh%maﬁﬁMﬁ%ﬁ
AN F B R BT IR ES JLIK, O T A R RN
ST N S B A I AT B, R IR BE AT 73 B AR
B Wb B 0T, BEXE S AR BB AR L, N T
HE— 20 4 R A 2 /N R B ) s D B 7, A A et K-
means 55T A IE IRHHE, /N RO [ Al A ik
AT B A AT, A 2 SN H bR, DAERAS 5 e (0 HE
ARSI S5 AR, AR SR I ORORST 3 o AR i o A )
LV IR IS 2 98.92%.

2 i YOLOV3 Al 5 i
2.1 2 YOLOv3 [

YOLOv3 /2 % T i 21 3 1) H A A I 9 2%, 488
Darknet-53 {54321 W 48 EATRFE SR E, A5 455k 2
#& ResNet (residual network)!"* ) AR, 78 = T &% of
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AR 25 D) 265 )1 T 0 P A P82 3 % il A, 9 EL s i 8
RO 1 HL 85 E SRR 78 2 R INRHAE B R R 2 X
5 RN KERAE B 1 H bR A7 B A5 B, AT P R AL i
A, T LASRAS 5 47 1 20 0L R AIE B TR A R B S
B AHZ, 7£ YOLOvV3 M5, AR5 A 2 s R Lk
BRKMSHE, RZFEE B B RUN, T i, &
SCHEH T R YOLOV3 M2, S5 in i 1 fios.
T K 28 B RS2 AT, 4 BICE TN )Z Y2 i

———»[ o]

Type Filter Size Output
Convolutional 32 3x3 416x416
Convolutional 64 3x3/2  208x208
Convolutional 32 1x1

1x Convolutional 64 3x3
Residual 208x208
Convolutional 128 3x3/2  104x104
Convolutional 64 1x1

2x Convolutional 128 3x3
Residual 104x104
Convolutional 256 3x3/2 52x52
Convolutional 128 1x1

8x Convolutional 256 3x3
Residual 52x52
Convolutional 512 3x3/2 26x26
Convolutional 256 1x1

8x Convolutional 512 3x3
Residual 26%26
Convolutional 1024 3x3/2 13x13
Convolutional 512 1x1

4x Convolutional 1024 3x3
Residual 13x13

B 1 SR YOLOV3 4% 45 #g B

2.2 Wi# %4> RFB &R
N R ML B & 4t 2 2 AN B 8 A2 B 40 %,

RFB() B 1% 4 3 S Ho B I UL 3 RS BF, fds

[ 26 R SZ LT 4K RFB ARSI 46 72 (2 AN ]
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JE G RAARFRR K R 0 2GR E, 485
A0 L HVBSZ B DA R IR YR, B, il 1x1 1y
HRBR A, HR, 23T 11, 3x3 fil 5x5 B, A5l
ANTE) ROBE B RS2 B, AN [A] K/ IR 5 AR N N3 422 (Hf
B ST RN 1. 3. 5 MG, &5, B8
432 B BEAT Concat $F4%, & A FIHFE, 17+
28 ARG AN [R] R~ 6k B B ARRRIE RIS BE 7. LAh, 1
RFB #iH b iR % H T ResNet F1 1 shorteut %3275 1,
A] DA RAak 2 o P T 2, {50 FEE R A 11 1 M A% 3k 21k
=, PRGN 2% IR 2 % B2, $RTH I 28 BN 2R 850 R AR IIE

T Z Y3 AT 51N St 5 ) REB RS2 B 1 95 A5 B
RFB 5% 7) 3L M AU IR 52 B g i, AAS
[ FRUBE 6 BURZ 3 st S HURR AL, I BLAS R K R 9 =2
TERIRTHERZ BT, 9 T i ALK NS, R
WIEA > SERGEEE G N Tt DR R
TN GR B AL DI E 5, A8 20t K-means S5 52K Y
B R, I 73 0T RN ROBE R B HE E AT AS R £ 4
ATH.

1
| Convolutional Set |—:b-| RFB I
+

UpSampling

| Convolutional Set |—E—b-| RFB '—:—b
»[Coneat ]|

4b-| Convolutional Set }—b

A Y

-

L

RS ST IR o T it iR, K OR
FPA ER ) 3x3 B RAE 5x5 B Sk /5 1
RFB B ANIE 2 fros. 9 1 $#7H/ H bR B4 DU HEAf 22,
A LLYERFEJZ R0 2 2 18] 5] N RFB BERE . ATt
TE M 28 AR B 5| NSOk RFB B E AT 7 RE K
S SEER A5 R WL, AR T E Y2 A =
Y3 AT 5L S JE ) RFB A5 S0 5 RFAE 52 X, Aol 7
2 de i, AT DAE— D3R T 28 F e I 12 e
23 REASBEER

MobileNet!! ™% 2 51 i £ 1 Ay i 6 B b 42 I
25 1) IARARER, B S T B AR A B E 4y
REAES. ORI NIRFEE] 73 B AR, IREE 70 5
LSRR 2 2% Th B R AR ES R 2 B8 1 NR
[ 5 F (depthwise convolution, DW) Al 1 4™ 1x1 f] &
A (pointwise convolution, PW)* . 7 B 5 A4 H] T
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ReLU activation
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Rate=1 Rate=3 Rate=5
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T
I 1x1 Conv b

A

B2 SulkfS 1t RFB ASHeA 14 ]

SR 7

Dy +«— N —»
(a) PRAEG AR 2%
1
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(c) 1x1 SERIZ
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Fi=MXDpXDpXx(DpXDpxN) )
A A R BE AT 23 B B AR 58 U AH | IR AT 55, TH R E
R (2) Fik:
Fr=DgXDgXMXDpXDp+MXNXDpXDp
=MXDpXDpX(DgXDg+N) (2)

PR SRR R L E S (3) Fras:
Fr  MxDpXDpX(DxXDg+N) 1 N 1
Fi MxDpxDpx(DxxDgxN) N D%

EE AT ﬁﬁﬁﬁ%ﬁﬁfﬁ%ﬁﬂdﬂ T AR HE S AN
AT R P i SR AN 3%3 B AR,
S ERAE U L, IRTERT 5 BB BUR 2 T LU L 5 B
VAN 1/9, TR FE TR b B ) R . 06, 9 T 4
VoRA S RN 48 A5 TR K /N RN B, R R T 4 B A
B i@ G .
2.4 i K-means BEEE

f£ YOLOv3 Bz 5] N T #HE (anchor box)
A IR L HHE RST R JE T COCO #dim4R, F 2ihi )
NS REMBE Y52 R H bz, PR R F 25,
5 etk B Ax KT 2 5 k. Bk, FIH K-means
BRI TR G B AR AT R HAE R B HE
RS 5 3 SIEAE ) RO bk S A, DU 0 280 R . K-
means JRFE VS —ME M T BNLES F S B, 2
A FEY B 4 0 o Mt et SRR IOUBE AR A 1 A, 479 AT
SRBEAGE, WA R, |

K-means E(Aﬁﬁﬁ?ﬁﬁﬁuﬁ& 1.
Bk & . K-means %%\ﬁ%‘ -
i T ——
Q) ISR T 4% S BIRIeh 0 MBS, 1055 4 B9 B
BB RS JT R
(3) EH S L MR Loy,
(4) [FIFNS B (2) 42 IR 4k ST, BRI (8 2 1 o 21 1028
e RasE, R LE R

TE YOLOV3 1, K-means H L JOU ki &
FREREREE B G R, Wk (4) fis:

d=1-10U(x,S,) “)

Horr, 10U 72 B SEHE x F1 -5 PE 2 5 00 16 SR 2 rp 0 i AE
S HIZZ L. 2 10U IR B OKR, T2 B R B9 d Bk /).

R OMHE AR (5) Fir:

E xi€cnXi

ol ©)
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4, 7F 52x52 FRAE B A8 B/ —
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FFEE HAHE R~

13x13 (56, 46)(78, 95)(89, 49)
26x26 (40, 55)(52, 31)(53, 66)
5052 (27, 29)(31, 52)(36, 37)

£ YOLOV3 H il i Ak il 3 AN ROBEAFAE 1]
BEAT TR, 75 /N R AR5 A BRG  e K H bw, A & R
FEE R RFAGE RS I A /N b, 8 DR ORUBE R ARRAAE P
BN H bR 1ESOCHER A B A/ B ARBREE & HLE

I B RN S S, BA R YOLOV3 (4% %.

FRUE T e 5 O AR KR S AR 0 BRI (R
R BEIARB N R R 6 SURHEEAT 2 PE 4L,
RO JEAEL R 15 A AE SE 1 B SEAE, DLBSAE A0 2% B
5 L 5 HL ORI /N, B 4 BT, A5/ R A
RSFHUN, K HOHE R ~F 8 k. g Rt (6)
Rl (7) Fi

X, = axi, xg=pxs (6)
’ (Xi_)C]) ’ ’ ’ r Vi
.= X(x,—x;)+x =x;— 7
T =) (X6 =X+ X1, ; i (7N

Horp, xin yoR JRIRHEAE IO SE AT U, L yi R HAERE
AT EAMEARTRUE H) TE A = U A, ofIE N 0.9, BRIME N 1.2,

L) G p) (O 0s) () (505) (X6 V)
7 II. I|| \ T
/ I;,' | | I\\.

! ) Y
; Vi / I|II '|I \._\. ‘\

/ | | \ Y
L3 [ L4 L L] 4

(CIP ) I €205 2V R € SN ) (CH) @5y " e ve)
L]
Pl 4 HIHE S Va5 A
*
25 kA 0
YOLOV3 ({4 5K R A0 g AshRpr BHRL . B

FE S Ly FIZR BRI Ly =8B 73 4%, =k (8) Fioms:
Loss=Li+Ly+ L3 (8)

AR FRAL B 12 L= (9) s

s? B .
Ly =2 )0 > @l =) + (i =50

i=1 j=1

B

”LZZQ;’;’J[V— Vi) +( V- \f”@)

i=1 j=1

oo, AR N ARRE AL, HUEN 5 52 REAHAE
b A8, STRAEA 75 BN A T S A
H, BB 9; af DI 554 B TE R O 56 A BUHE o 22
BRI F AR, 25 B g AR, Waf=1, %
Ma§'=0.x, y, w, ) e SE B3 0 FEHE ) 0o A b3 5 JEE 0
PSP .57, Iy BRIHER) 0 A bR 56 R A
BREHIRLIA (10) s

L = Z Z a()b](cl - Ct) + /lnoobj Z Z a'Ob](Ct - Cl

i=0 j=0 i=0 j=0
(10)

Hrh, c,b%%m%hﬁﬁﬁﬁﬁ oM I T B
1D}JX_‘{§F%.
Fnli kL= (11) Fros:

La—zzo/’*” Y, wi@=-pi? (1)

i=1 j=1 ceclasses

Horf, pie) BRI P28 A TN 2 H bR 8 T C A S
F, Pi(c) A MEE AT I E] HARJE T C I TR

3 SEEE T
3.1 XWERESXWIMNE

SRR SR B ARSTI SE 56 1 & AN S PR, BEAN R
TR EGORAHy A1% 0 FEMR A PR #E93 HI P
TOARHLR S S AR E T, %ﬁé%u:l:}“‘m#JLﬁUE R
JE il Wfﬂk%i’“ﬂ%%ﬁﬁﬁkf /£ OK [X $5% NG [X 5.

(a) B LG (b) B% I

(IR 5 &

SCES PRI B A1 5R 2 Frow, BRI 2R S S 3
7E LA RIS N EAT, 7RISR R FHBEHLER B % (SGD)
AT, B NE R R/ R 416x416, H146H%5 2] 2
R 222351255 0.01 £1.0.000 1, ZhE KN A 0.9, BUE
IR AN 0.0005, fibE KN 16, FEM LI ZRad T,
VI ZREE R SE ) loss [ARAL I ZR & 6 FToR.
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K2 SLRINERCE

WA R Mo & S48
CPU Intel Core i5-8500 16 GB P77
GPU NVDIA GeForce GTX 1080Ti 11 1 GB &1
BERS Windows 10 64 i
GPU Mg 2 CUDA 10.0 CUDNN 7.4.1.5
IR S HESE PyTorch 1.2.0
Python 3.6
5F ——Train loss
Val loss
~ = Smooth train loss
4 + - = Smooth val loss
z 3T
S \
2 -
1
0 20 40 60 80 100

Epoch

& 6 loss A-AK, £

3.2 HEEME

KRR E T TR AE P, @it 16K 2141
HURAE, #dl 4 B3t 2236 5K, {1 Labellmg K {:1%
H PASCAL VOC #4558 200 fg 5k B v bk fa 4T
P, F H a2 44, A2 i XML A s0 i, adr
BRI 4E . HERJARPRME B . BRI A B SE R, R
JE BRE R txt SCHEEE AR JIZREE . B un SR AN
REEMRI A 7:1:2.
3.3 BUEITNIESRR

TEARSCH, S FHHER % P (precision). A [FI% R

(recall). AP (average precision). mAP (mean average ‘

precision)s F1 EAE AP 4845, TP kel 4, B i

T R EE SR E B0 P S A R 2, O iR

K 1 BT S0 EN §A A MR 1 AR A

SR A [ 0 A R (12) FIR (13) FrR:

P=TP/(TP+FP) (12)

R=TP/(TP+FN) (13)

LA P AR, R ALK b 2L I R T

P-R Hi%%, FE% A GBI LE T 1R AP, 24

H ) AP BT HIELRE mAP, FA R I 2 % B 7
R 2k . tH A = (14) F18 (15) Fros:

1
AP = f P(R)dR (14)
0
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N
1
AP =—- ) AP 15
map=2> (1)

F1ABAE N F RV 23 AR () — Fh R b, ek
WA B, AN EIER S S PERE VA B AR, THEA
A= (16) fin:

PXR

F1=2-—— 16
P+R (16)

34 LWHERSHH
341 ERFRCE SN RFB BRI

£ YOLOv3 &g 5| X RFB B p 1 H F 22
TR 2 [ T | BG4 (045 (AR RS 11, £ 3
Sy SRS R 51\ RFB AR A I 485 St L. 7T A,
FEFME Y1 230N REB Bk mAP BT 5K s
FETRIMZE Y2 Z BN RFB #ib, mAP 2 1 2.29%,
F1{E#E T 5.04%; fEFUZE Y3 ZHiN\ RFB ik
R UHET R IR T T 4.98%, LEEER RS T
1.28%, mAP HHKIET, 325 1 6.38%, F1 {HIE
7.15%.; FETRIZE Y2 AT E Y3 Z A7 5N RFB
B, mAP RFHECR, -5 T 7.28%, sk LRk dE
R HIRE T 6.01%. 8.83%, F1 {HIE% T 8.35%.
TETNZE Y2 FIT00 2 Y3 A7 5] A\ RFB BEEm] A &
TH W 28 AR F) 1

%3 AFGLE I RFB R AL (%)

frE AR RO maP FL
YOLOV3 9035  85.03 9037 86.52
YOLOVH+YL = 91.08 85.77  90.71 87.39
YOLOV3+Y2 91.83 89.84  92.66 91.56

; . YOLOvV3+Y3 95.33 8631  96.75 93.67
YOLOV3+(Y2. Y3) 96.36 93.86 97.65 94.87

3.42 Uk K-means Sy BRI 45 55 b

Mt K-means £92:/) YOLOv3 1 YOLOv3 £l
SEIRNTLL N 4 Frs. v, RUBRRG . ZRER A R 2 5y
BT T 4.62%. 2.87%, mAP 5 T 5.09%, F1 g
BT 5.83%. A, B K-means H L0 LLA BT
YOLOV3 [ 45 il B A I A v 25, %oF /0 H A R R v
TR SETH RO 2.
343 ANFEFEFEXT

DA b 75 Ak B 3t 38 B T HE R R, I HLIX b ik 2
HAME, WA Retg it — DRI FE R ERE. N Tt
— BRI A S EIE R RE, B A S E VA S Faster R-
CNN. SSD. YOLOv3 ZERrill Fikit4T 1 Hhe. DLk
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i H AR SN A

B PR FLEEEIERERTR, 4580
ez 5 jos.

* 4 Yol K-means 507580 5 K0 45 S5 EE (%)

5 MEREG RERE mAP  F1

YOLOv3 90.35  85.03 90.37 86.52
YOLOv3+improved K-means 94.97 87.90 9546 92.35

K5 AFSFRGRN T
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