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Recognition and Localization of Wood Defect Image Based on Deep Learning

LT Ruochen!, ZHU Youxiang', SUN Weimin!, GONG Siyuan®, QIAN Xin’?, YE Ning!

(1. School of Information Technology, Nanjing Forestry University, Nanjing, 210037, China; 2. Housing and Real Estate Promotion
Center of Jiangsu Provincial Department of Housing and Urban Rural Development, Nanjing, 210009, China; 3. Nanjing Jinling High
School, Nanjing, 210005, China)

Abstract: The traditional wood defect location methods mainly include physical equipment detection and
traditional computer technology detection, but they are difficult to collect data, highly dependent on the
data itself, which are not suitable for actual production. We propose an automatic defect location model
(ADLM) based on deep learning, which includes single defect location model (SDLLM) and multi-defect
location model (MDLM) to meet different requirements. This model uses MobileNet as the backbone
network, and only a few data sets are needed for training. In the public data set Wood Defect Database,
this model has a defect identification rate of 86.1%.In the single defect data set, positioning accuracy of the
model can achieve 97.5%. In the multi-defect data set, positioning accuracy of the model can achieve
90.0% . Compared with the traditional model, the ADLM need not manual feature extraction at the early
stage, and has the advantages of faster detection speed, higher accuracy and wider applicability.

Key words: automated defect location model (ADLM) algorithm; multi-defect location model (MDLM);
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wood image segmentation; MobileNet
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Table 1 Different wood detection methods

Vi % e %/ %
Texture feature-based method ™ 92.67
Bees algorithm to the optimisation of a support vector machine!”! 93.33
Clustering method based on the color moment!”! 89.60
PCA feature fusion and compressed sensing"”! 92.00
Hu invariant moments and BP neural network” 86.00
Otsu™ 89.60
GLCM and clustering algorithm"” 86.30
Image block percentile color histogram and eigenvector texture feature™™” 93.00
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used in MobileNet
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Fig.4 Structure contrast
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Fig.5 Pre-training flow chart
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Fig.7 Generating thermodynamic diagram and selection steps of classification
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%03 1 Single defect location model
i\: ImagelF, Image$iEsE
Wi SRPEREIA
function ATTENTIONMODEL(Image,Images)
2: Mobilenet.train (Images)
Mobilenet. lastlayer <—1*1conv

4:  Image<—NewMobilenet(Image)
heatmap<—Mobilenet.predict(Image)

6:  heatmap<Binarization(heatmap)
while X < heatmap.col and Y < heatmap.vol do

8: if headmap(X,Y) == 0 then
pic < headmap(X, Y)
10: XX+l
Y<Y+1
12: end if
end while

14:  x,y, height, width < Max um(pic)
result < Image(x, y, height, width)
16:  return result
end function

(SR PN YA VR TR RS

Fig.8 Single defect location model algorithm
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width 78 HEAHE B9 5E 8L , height 278 B ME Y i B o oA TR 345 16 5 s Ay i ] e R ) ke B, RID O T AP
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Fig.9 Multi-defect wood board
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£y 1 Multi-defect location model
i\: Image F, Image$#Ese
Wi SREEE A
function ATTENTIONMODEL (Image,Images)
2:  Mobilenet.train (Images)

Mobilenet. lastlayer <—1*1conv

4:  Image<—NewMobilenet(Image)
heatmap<—Mobilenet.predict(Image)

6: heatmap<—Binarization(heatmap)
while X < heatmap.col and Y < heatmap.vol do

8: if headmap(X,Y) == 0 then
if visited(X,Y) = False then
10: stack—(X,Y)
while stack. ISNOTEMPTY do
12: point < stack
for i=0 — k-1 do
14: stack < head [i]
end for
16: end while
end if
18: end if
x,y, height, width < Max um(pic)
20: result < Image(x, y, height, width)
end while
22:  return result
end function

P10 2 Bl (A R 58 vk
Fig.10 Multi-defect location model algorithm
4 = I
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Fig.11 Wood training set
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12 SDLM il #2545
Fig.12 SDLM training results

K13 SDLM & 25 5%
Fig.13 SDLM localization results
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Fig.14 SDLM location error results
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(c) Dead knot 1 (d) Dead knot 2
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Fig.15 Results of SDLLM localization of different wood species
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Fig.16 Picture of multi-defect wood
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Fig.17 Experimental results of multi-defect wood
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