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Surface defect detection technology of wood-based panel based on image
segmentation and deep learning

YANG Fan, YANG Bokai, LI Rongrong
(College of Furnishings and Industrial Design, Nanjing Forestry University, Nanjing 210037, Jiangsu, China)

Abstract: [Objective] Aiming at the problems of low detection efficiency, low accuracy and digital storage of
detection results in the manual detection of surface defects of panel furniture parts, a surface defect detection
method of veneer wood-based panel based on image segmentation and deep learning algorithm was proposed.
[Method] The defect data set was constructed by the artificial panel images collected by industrial cameras.
The global threshold and local dynamic threshold algorithms were used to segment surface defects and image
interceptions. The ReLU6 nonlinear activation function was replaced by ReLU function, and the method of
reciprocal residual structure was introduced to optimize the MobileNetv 2 deep learning network, and the defect
identification and classification were carried out. [Result] The accuracy of the algorithm for the detection of
edge breakage and scratch defects on the surface of the veneer panel is 93.1% and 97.5%, and the recall rate is
95.3% and 97.6%, respectively. The average detection time of a single sheet is 163 ms. [Conclusion] The
method has high precision and stability, which can solve the problems of low accuracy and low efficiency of
traditional manual detection methods, and provide a new idea for automatic detection of surface defects of
furniture panels. [Ch, 6 fig. 3 tab. 21 ref.]

Key words: defect detection; machine vision; image segmentation; deep learning; panel custom furniture

Wk B 2023-05-06; &l HH: 2023-09-11

FAEWH . BFEAPT ARG PER BT (Tiawbi202008)

YEFE T A : # ML (ORICD: 0009-0004-0710-1266), M\ = #IL %% 40 58 4% AR 78 5 H AR i 22 1 rh |y il A 5%
yfan@njfu.edu.cn, MIEIEE . ZFESE (ORICD: 0000-0002-0485-3188), FIZHZ, 11, Mz HERER
WERARGRA . KRB RBHEHIN TH AR . E-mail: lirongrong@njfu.edu.cn

E-mail:


mailto:yfan@njfu.edu.cn
mailto:lirongrong@njfu.edu.cn

541 5 1 W JURE: TGRS FIMITR B~ > 1\ 3 M2 1 ok o A 177

MG E AR AR B i St dit T Pz i BRI DA S R A 0 A S R, R O A 1 A
Ve, B2 LML i 5 MR RE . X SRR (R B E A TR T 2, AN EER R R R B
KT S5HIE SR, WRESCER & R BB AL . BRBYBE, Mt B G R I £ Z AN T o 32, i A
RORAR, RIS S22 PR RS2 M, DA T 5 500G T 24 SR v 2 TG 1k PR M 58 [ fi 1,

BLES LB —Fh I T F R A MR A B AR, BESCER A shib AR # Ak =X 0 B B A, PG
DNDRS B2 i . R DR A AR B O T o M A S 40T B 3 T i o A ARG N BB | R ERT 4
32 HTEGEMEE LS IriE . TR RIBLER - > Ik AR 2% 21 D7kl sy 3
e 0 MG AL B v (0 B B R AR SR A L B N B Ak S T NI A R TR BE . A R 75 1A
1G4y R B 2 > Bk v A BEALAR AR RN P SR B s B T A A T Rl . s A2 &
I, IR 2 BB T TR REAR A A, (AR S TR B R GG IE, fAAE
CAGBE AN R, HAER R T e &2 BT | MM R i S0P (O SE R 258 . ZE AR 2% T BB 1L
H, BILA ARSI R AR AR A 23 R AR B 5 oA B I RS SRR RIS, T B ) R A A AR
X Ry ERFEA UG AT, MELLSE BUPE AR 2BRE 5o A5 EL BAOb BG4 T Z2 Rl BiE AR AT 55 o 8 Lk
K H AR A I 359 40 SSD B | Faster-RCNN & YOLOvS 2 :U5719 0 RE Xt H A Sk B 407 B 45 8 2547 8] )9 74
W, IFXT BRI TION . SR, BARR I TA R A — 2 AT, W KR s A 1 GO
PR B TR R, AR RIS, B R T 206 R R 46 i — 2 4y PER 5 I e ssom , (A5
AR A 1 3 287N B AR ARG AT 5 3 31K 2 A1

ARSI R TG 3 BB G BAR A EG Hh B RBE AT 40 B T304 T MR, AR TR B 2 ) B3k
HH (18 25 AU 28 D 28 AR X R U 1 R A T Bl B 2 R, 5 S IRt PR A A YN i A 5 Jl N i 2 T
HR 320 RN A SRS AR 4 55

1ok [a A & Se s BB S oL

1.1 ERPEREMIRGIEE

ARG FERMGCR E RS . L RS . BR S o

b N5 5 5 5 (P 1), PRIROR S 4 R ) I - e
SICK 1 RangerE = BUHOLL FEAML, AHPLEHH-5 R
PRIZS I 60°ff s LED GRB I LR T —
i FJ7 40 om b, AU A A B, 4 L
o o ) U C 15225 A

BETERE 1 B RE I AHAL & 3% 2 000 4k i (55, £k S s
PR 2L 0 0 o £ b 1. LI B 1 AR H A A 4
b PRV A BT &R S8 Windows 10, GPU £ %5 Figure | Wood-based panel parts defect detection system

4 GTX1660Ti, CUDA M4 11.6, F{%7E Halcon #l
AL A T I KBTS
1.2 HIE&EEI

A = RFNR B AUA e . RFEARPLLAATEIHE 400 ps- Wi, SRAE B MR G ) 53 3
FL70.14 mm-R R, M PEREL 020 mm- R R HAHHLEEGI ] 1200 ps, LED JGIY BEGR 2
FEAE 35 Ixo 1XI6 R AR 1 A1 M ERFEAR 500 5K, Q& 2A s, XFHirp 300 skbbt EG AT B %
BT TR BE EURFEAS , IR HBEL B, . R . S O L AR S ERE 1 O R AR R AR n &
800 5K FH TR 22 > W AT ISR 50, SREGEHEAEA A 2B FoR . F4x 200 5K i b EHRAE A
FH TR RAR O A T B

2 AR R Tk A N B ik R 2

RGN AT 2 T SR A S R AN P 3 s o A Al A7 i P PR A T i T TR A5 R A B A 51
SEVERLBRE, Ao 0 X2 A BB R B R/ VR AR AGINAE ,  FHASIRERS MR AT R s AR5, R
B UG AN SRl i) B R 22 R 45 0 e AR E AT SRR 0 260005 e, EPEHR L R AR PSR B



>
=
%

178 202442 H 20 H

B .
b
i
1
O

000001 000002 000003 000004 000005 000006 000007 000008

000010 000011 000012 000013 000014 000015 000016 000017

000019 000020 000021 000022 000023 000024 000025 000026

000028 000029 000030 000031 000032 000033 000034 000035

000037 000038 000039 000040 000041 000042 000043 000044 -

A NIERIR A A B. (kI R4 HE A
B2 SRy MM R B TG B AGAE

Figure 2 Image data set of panel and defect
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Table 3 Evaluation results of different detection methods
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