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Detecting Method of the Wood Surface Defects Based on

Modified LeNet-5 Model
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Abstract: In order to improve efficiency, accuracy and commonization, the traditional LeNet-5 model
was modified for detecting wood surface defects by increasing the number of convolutional layers and the
pooling layers to 4 so that the network depth was increased. The batch normalization algorithm was used
to solve internal co-vitiate shift displacement over-fitting problem. Leaky Relu function was used as the
activation function, then sparse categorical cross entropy was added as the loss function, as well as Adam
was used as the optimizer to enhance the network model. The comparison test was carried out on the
samples of Pinus radiata with and without classical defects(knots and cracks). The results showed that
the modified LeNet-5 model performed best comparing with VGG19, AlexNet and ResNet-50 classic
models. The accuracy rate was 99.87%; the verification set was 99.43%; the operation time was reduced,

therefore the accuracy and efficiency of detecting wood surface defects were improved.
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Fig.1 Wood sample pictures and image collecting devices
1.2 FEARTALEE

W0 2% I R I 7 2RI, DA N kY 2% )
ZARE S . UGB BEAL BN B . A e
LA WA R Y R A B A B, KR 4E
KB 7809 8 880 7K, ELRH HH (B B i B A 13 {5 e
A, AN ERIRG R EGLE. &9 R
Bl . 7 Jee A P 10 20 PR AR Bt n P 2 s

HT T AR SRR R AR 2 2% AR, HL R B o7
DAY, REE ARG R KDAE, e
28 0 2% B B N B O 2 R KR, DR R TR R
BB e 0y 224x224 B F KN, RN EEAT 17— fL Ak
B, JF%8 T 2B, BEHLIERL 7 104 FRAMSGREE
BRI EE, HAR1 776 IRAEATIES, #r



5 6 1

K FEAE: HET S LeNet-5 R i A R 1 SR i e iR 1 7 Y50 33

7R JE BRI SR E B AR A 2, b I gRE T
IZRRILE, B0 IR SR ] T S5 IE X 2% A TR PR HE R 178

17
E

2 RERIERSEREGE

Fig.2 Defect image data set extension
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Fig.3 Schematic diagram of traditional LeNet-5 model
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Tab.1 Parameters of modified and traditional LeNet-5

models
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Fig.4 The network structure of modified LeNet-5 model
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Tab.2 Convolution neural network structure parameters of modified LeNet-5 model

EH Hx R AL AN it EH K BRI AN v
1 Input - - 224x224x%3 9 Pool3 2x2 2 24x24x32
2 Convl 3x3 1 220%220%6 10 Convé 3x3 1 22x22x128
3 Conv2 3x3 1 218x218%6 11 Conv7 3x3 1 20x20x128
4 Pooll 2x2 2 109x109%6 12 Pool4 2x2 2 10x10x128
5 Conv3 5x5 1 105x105%16 13 Flatten - - 12 800
6 Conv4 3x3 1 103x103%x16 14 FCl1 - - 64
7 Pool2 2x2 2 51x51x16 15 SoftMax - - 3
8 Conv5 3x3 1 49x49%32

HNEE
AiEEEn
H'EEEN
HEENEN
HENEEN

O

J& & Conv2 Pool2 Conv4 Pool2 Conv5
E5 BRI R AT LR
Fig.5 Visualization of convolution and pooling features
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Tab.3 Relevant parameters of convolution neural

network that can be executed
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Fig.6 Accuracy and loss curves of the modified

LeNet-5 model network structure
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Fig.7 Comparison results of accuracy and loss curves of

five models
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Fig.8 Wood defects and non-destructive sample prediction chart
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