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ABSTRACT

Various wood defects occur during tree growing or wood processing. Thus, to use wood practicaly, it is necessary
to objectively assess their quality based on the usage requirement by accurately classifying their defects. However,
manual visual grading and species classification may result in differences due to subjective decisions; therefore,
computer-vision-based image analysis is required for the objective evaluation of wood quality and the speeding up
of wood production. In this study, the SIFT+k-NN and CNN models were used to implement a model that automatically
classifies knots and analyze its accuracy. Toward this end, a total of 1,172 knot images in various shapes from five
domestic conifers were used for learning and vaidation. For the SIFT+k-NN model, SIFT technology was used to
extract properties from the knot images and k-NN was used for the classification, resulting in the classification with
an accuracy of up to 60.53% when k-index was 17. The CNN model comprised 8 convolution layers and 3 hidden
layers, and its maximum accuracy was 88.09% after 1205 epoch, which was higher than that of the SIFT+k-NN model.
Moreover, if there is a large difference in the number of images by knot types, the SIFT+k-NN tended to show a
learning biased toward the knot type with a higher number of images, whereas the CNN model did not show a drastic
bias regardless of the difference in the number of images. Therefore, the CNN model showed better performance in
knot classification. It is determined that the wood knot classification by the CNN model will show a sufficient accuracy
in its practica applicability.

Keywords: visual classfication, knot classification, k-nearest neighbor, convolution neural network, deep learning,
species identification, wood classification

1. INTRODUCTION a need for objective and accurate quality evaluation

and grading classfication for the efficient use of wood

Due to its eco-friendly, human-friendly, and unique based on its usage requirement. Generally, since wood
pattern, wood is highly popular. There has aso been is distributed in lumber form, the quality of wood is
a growing interest in wood as a core material for largely dependent upon the type and size of defects

sustainable development. Accordingly, there has been on its surface. While there may be different defects
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to be evduated basad on the usage of lumber, the qudity
of wood is generdly evauated by defects such as knots,
cleavage and twisting, etc., which govern the dynamic
performance and aesthetic properties of wood (KS F
2151, 2014).

There are various forms of defects during tree
growing or processing: particularly, knots affect the
strength performance of wood depending on their kind;
therefore, the types of defects of the wood surface should
be accurately classified for an accurate quality eval-
uation. There have been various methods using naked
eye, electron microscope, near-infrared spectroscopy,
efc. in species and grade classfications (Eom and Park,
2018; Kim and Choi, 2016; Kwon et al., 2017; Lee
et al., 2018; Mohan, 2012; Park et al., 2018; Park et
al., 2017; Tong et al., 2017). However, visual grading
is performed by experienced evaluators, and Lampinen
et al. (1998) reported that such visual grading results
in classification with an accuracy of about 80%.
However, evaluators subjective decision on the wood
quality may cause errors; hence, it is necessary to
develop a grade evaduation method thet is more objective
and less susceptible to surrounding environments.

Machine vision simulates and processes human’'s
visud capacity with a sysem of hardware and software,
and it is often used in automated manufacturing
processes in which defects of a product are repetitively
measured (Lampinen et al., 1998). Among machine
visions, image anaysis used to categorize images
usually extract features from images and categorizes
images based on the analysis of the extracted features.
Scde-Invariant Feature Transform (SIFT) is an agorithm
that identifies and extracts features in images, such as
corners, and it can extract features regardless of rotation,
megnification. or location (Putri, 2018). One of the intui-
tive and simple map learning models anong machine
learning models, k-nearest neighbor (k-NN), identifies
k number of daa that are the dosest in the same dimendon
from the existing data set when new data appears then

categorizes images by alocating the class with the
highest number of appearances among these data to the
class of the new data (Mohan and Venkatachd apathy,
2012; Putri and Machbub, 2018). Research has been
performed to categorize knots on a wooden surface usng
k-NN (Mohan and Venkatachalapathy, 2012), and it
has been reported that the categorization of wood defects
based on k-NN would result in an accuracy of about
72% (Tong et al., 2017). Furthermore, a study attempted
to combine SIFT and k-NN to categorize wood Species
(Hu ¢ al., 2015). However, there have been few studies
on gpplying the combined structure of SIFT and k-NN
to knot classification.

Image andysis based on deep-learning technology, one
of the artificia intelligence techniques, shows higher
performance than the other classfication methods. Object
recognition system using deep learning uses Con-
volutional Neura Network (CNN) to classify objects.
CNN peforms both feature extraction from and
classification of images at the same time. This method
extracts features from images through canals in certain
Sze then categorize them using Artificia Neura Network
(ANN) (LeCun et al., 2015). After having extracted
various features of images using severd canas, CNN
converts them into a one- dimensiona vector and
categorizes them via ANN. With CNN, feature extraction
and classification can be learned smultaneously with
labeled images, thus, it allows for extracting and
dassfying suitable features for each target object. It has
been reported that classifying the grade of broadlesf trees
usng one- dimensona ANN would result in an accuracy
of about 80% (Thomas, 2017), and there has been another
study on knot detection using two-dimensional CNN
(Norlander et al., 2015). While CNN is currently used
in dividing objects from various images or spectrum, few
dudies have gpplied it on wood. Therefore, in this study,
SIFT+k-NN and CNN models were used to redize a
modd that automaticaly classifies the types of knots and
the accuracy of the proposed model was evauated.
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2. MATERIALS and METHODS

2.1. Image dataset

The species used in this study were Larix kaempferi,
Pinus koraiensis, Pinus densiflora, Cryptomeria
japonica, and Chamaecyparis obtusa. The surface of
each wood was photographed, and a totd of 937 lumber
images were used for learning and validation. The
program used to label knots on the images was VGG
Image Annotator (USA, Department of Engineering
Science, Universty of Oxford). The knots on the surface
of each lumber were classfied into four categories based
on KS F 2151, namely, decayed knot, encased knot,
sound knot, and spike knot. Then, the knots' images
were cut in square to show the overall shape of the
knots. Their size was adjusted to 100 x 100 pixels
and the knot images with RGB color space data were
used for learning and vdidetion. The ratio of the training
set used for model learning, to the validation set used
to evaluate the learning level was 8:2. A total of 937
knot images were used for the learning while a total
of 235 were used for the validation.

2.2. Knot classification using the model,
SIFT+k—NN

Shown in Fig. 1 is the structure of the knot classi-
fication model using SIFT+k-NN. SIFT+k-NN is a
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structure combining SIFT, which extracts feature points
within an image, and k-NN, which classifies images
based on the feature points. Since each image contains
festures that represent it, they were extracted using SIFT.
From each feature point, vectors of 128-dimenson were
created and entered into k-NN for learning. The feature
point vectors extracted from the training set images
were set as the initial data and the feature points ex-
tracted from the validation set images were categorized
to determine the vdidation accuracy level of SIFT+k-NN
model. The validation set was classified as the group
with the highest frequency among the k number of the
closest data. Here, the k index, which determines the
performance of k-NN, was changed from 1 to 3, 5,
.-+, and to 23 while conducting learning, and the k
index with the highest validation accuracy was sdlected.

The features extracted from SIFT were grouped using
k-Means Clustering. While circling each point, a new
mass center was repetitively caculated until the group
no longer changed; subsequently, they were grouped
in such a way that they belong to the group to which
the closest mass center belongs, and the key groups
were then analyzed.

2.3. Knot classification using CNN

Shown in Fig. 2 is the configuration of CNN knot
classfication modd used in this study. The size of the
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Fig. 1. Structure of SIFT+k-NN model. The image extracted by SIFT(a), Summed descriptors(b) and k-NN(c).
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Fig. 2. Structure of CNN model (*: (No. of pixels, No. of pixels, RGB vaue), **: (No. of pixels,
No. of pixels, No. of dimension), ***: (No. of nodes)).

images used as an input was 100 x 100 pixels and
images having RGB color space data were used. First,
32 feature images were crested with convolution layers,
which were maxpooling-processed in 50 x 50 pixels.
Later, two processes, namely, convolution and max-
pooling, were performed additionally for each block,
and they were extracted as feature images in 6 x 6
pixels with 128 features per pixel. The feature-extracted
images were finally converted into a one-dimensional
vector with the sze of 4,608 through the full connection;
they were then passed through the hidden layer with
256, 128, 128 nodes for the knot classfication. In this
study, dropout method was used as a regulation method
to prevent overfitting of the modd.

3. RESULTS and DISCUSSION

3.1. Knot classification results based on
the model SIFT4+k—NN

Shown in Fig. 3 are the results based on the model
SIFT+k-NN. The more the k index, the lower the accu-
racy of the data for training became and the accuracy
of the data for testing showed to decrease dfter increasing.
The validation accuracy was the highest when the k
index was 17, and the confusion matrix at that time
is shown in Table 1. The average knot classification
accuracy of the model was about 69.36%. Spike knots

i

K-ifiGaex

Fig. 3. Accuracy of SIFT+k-NN according to k index.

showed the lowest classification accuracy, and it is
believed that this is because the number of spike knot
images was so small that it was difficult to extract
various feature points. In addition, since more images
of sound knots were collected than any other knot
images, the classification accuracy of sound knots was
higher than the others and the others were often classi-
fied as sound knot. Therefore, it is determined that
SIFT+k-NN model will offer a low accuracy unless
the number of imeges of dl knot forms is equaly acquired.

The sudy andyzed the key features based on k-Means
Clugtering. Shown in Fig. 4(a) are the key features when
the number of clusters was 8. There were differences
in the distribution of feature points depending on knot
types, and in Cluster 1, feature points extracted from
dark and the decayed parts were distributed. In Cluster
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Table 1. Confusion matrix of SIFT+k-NN model at k index = 17.

Predicted Knot type
= Decayed Encased Sound Spike
,Q . Decayed 23 6 16 0
= E' Encased 5 43 10 0
= Sound 8 9 95 2
4 Spike 5 5 9 2

14

=== (])Decayed knot

(2)Encased knot
=== (3)Sound knot
s (4) Spike knot
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Fig. 4. Predicted descriptors clusters per class (a) and distribution of feature points classified as cluster 5 (b).

3, feature points extracted from logged and processed
parts were digributed while, those extracted from loaded
parts and barks were distributed in Cluster 5. Shown
in Fig. 4(b) is the knot image with the feature points
distributed in Cluster 5 marked on it. These feature
points classified as Cluster 5 are mostly distributed in
spike knots, and within the spike knot images, the aging
of the wood surface excluding the knot parts was
extracted as a festure. It is expected that higher classi-
fication accuracy would result if knots were clustered
as data set in a polygon form instead of square form.

3.2. Knot classification results based on
the model CNN

Shown in Fig. 5 is the accuracy of CNN moded based
on the CNN learning epoch. As the result of CNN

Fig. 5. Loss and Accuracy of CNN model according
to Epoch.

learning, the highest accuracy was shown at total 1205
epochs, at which, the validation accuracy was 88.09
%. The training set accuracy after 1205 epochs was
97.23%, which was determined to be no-overfitting
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Table 2. Confusion matrix of CNN model after 1205 epochs

Predicted Knot type
= Decayed Encased Sound Spike
Q . Decayed 37 5 2 0
= E- Encased 6 50 9 0
= Sound 0 1 110 1
< Spike 1 0 3 10

Fig. 6. Knot image failed to classify.

to the images learned. Shown in Table 2 is the confuson
matrix at the time. The deflection to sound knots was
smaller in CNN than in SIFT+k-NN and even if the
even number of images was not secured among the
types of knots, CNN-based classification showed a high
accuracy. However, CNN-based knot classification, in
some cases, encased knots and sound knots were not
accurately classified. In case of the images for which
the prediction failed, many of them had healthy and
encased parts at the same time, as shown in Fig. 6.
In fact, if the dead part occupies 40 to 60% of a knot,
it is difficult to accurately distinguish encased knots
from sound knots. It is believed that since the CNN
modd used in this study could not acquire the sufficient
number of images required for the learning of such
a case, there were some cases in which the encased
and sound knots failed to be classified accurately. The
CNN-based knot classification model developed in this
study offers a high accuracy on knot images without

barks and if more knot data are used in learning, more
objective knot classification with a higher accuracy
can be expected.

4, CONCLUSION

This study aimed to redize a modd that automaticaly
categorizes the types of knots using SIFT+k-NN and
CNN and andyze the accuracy of the developed models
1,172 knot images in diverse shapes were acquired from
five domestic conifers and used for learning and vali-
dation. SIFT+k-NN showed an accuracy of up to 69.4 %,
but due to the deflection in the number of certain knot
images, other knot images were incorrectly categorized
as sound knots, which had the largest ratio. CNN showed
a higher dassfication accuracy of up to 88.1% compared
to SIFT+k-NN. Additionally, there was no deflection
in knot classification despite the fact that the uneven
number of knot images by type was not used in the
learning process. Therefore, CNN-based knot classi-
fication model developed in the study can offer a more
accuracy than the SIFT+k-NN-based knot classfication
method, through which it was determined that knot
classification based on the CNN model with images
or spectrum shows a practically applicable accuracy.
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APPENDIX

(Korean Version)
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oF. siggell AHEE o] oluAk F 937, HFo AET o ofulXk & 28540|¢irt.

2.2, SIFT+k-NN 2g-& o]83} £o] Bg

SIFT+H-NNE o] g3 go] Bif Bd9| 2= Fg. 13k . SIFT+-NN2 3 ) B8-S E&5h= SFTS EAHS
7[9ko 2 BRdhs kNNS A7) F2olc) ofux|ujct oju]z|e] A& ti#sh= S| th: EA517] gl o]ES
SIFTE o] g3l 2&sl9ch ZF EAMEZNH 128219 HHE WHESon, 54X HHES k-NNoj| st sh4-2
Aot ks AIE ojulR|olA &3 EAH WEE 27| glojg & dAstglon, HS NE oux|dA 5% E4HES
B3] SFT+NN Zdlo] A% Few g dasiih 145 AEE 7H 7718 k2] diofg oA 714 e HzE 7ixe
Jgo2 BRE o] uf, kNN 4%& A3 kindexE 1, 3, 5, ..., 2371x] WHshy sh&S Adye 5 7 A5
=7t 2 k indexs A4

SFToA &5 544 k-Means Clugtaings: o830 3ttt ZF A& <2lshy, Hgto| waiA| o
EASA AiLg wiEste] 71 77k FAIGA0] &3l &

2.3. CNN B2dS o] g3t 30| &+

Ao A ARSEE CNN go] B WEo] 142 Fg. 29F Zth Input© 2 ¢J2E|= o]w]2]¢] 27]4= 100 x 100 pixelso|w,
RGB A 32t HlolEl & 7H oW A& ARE-slSiTh WA convolution layers F3l 32 719} 54 o|u]A& gHE H, 50 %
50 pixels2 maxpooling #2]3}¢it}. |5 Z} block o4 5 ¥19] convolutionz} maxpooling 178 5712 A gstgl o,
7+ 9AE 1287]¢] 545 7HA+= 6 x 6 pixeds 27]9] EA4 o|w|X| 2 F&313ith EAo] & o|nA& FH L= full
connections 5-3f 4,608 7|5 74 1A HE 2 HIE F, 256, 128, 12871 2] nodeE 7}A]+= hidden layerd]] E1A1A
3o] £577} o] RojX =R FAEh o] o, 9| overfittingS: HA517] 913t regulation W 0.2 dropouts ARE-SFITH
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3. Znt  uF

3.1 SIFT+k-NN Zd& o] g5t go| 257 A}

SIFT+k-NN 298 o] 83t g-o] £57 Auh= Fig. 31 Zth k index} Wotgle] whel &g djojE|(Train)2] F3ws
dolz|o, A5 glolE|(Test) 2] A= E F7F & fashe A4S EAch A5 FEx kinde} 179 o 7V £& A%
Ar g Hgon o] mjol confusion matrixi= Table 13} 2t} mdlo] Hit o= oF 69.36 %= 30| L7V} 71535tk
7 e AT g Wl go] Fel= gpike knoto] %100, o] spike knote] o]u|z] <=7} o] gike knotol 4| F=&3H £ F 0]
thFslA FEER] 7] Wl 2Tt EE sound knote] o]n| |7} thE o] oju]z] R} wo] SEE 97| wio]
sound knot 57 FZwr} b2 go] Feut £ ehton o go] FE7} sound knot2 2 BFEE F$7) weolkth
bk SIFT+-NN 298 o] g3te] golg BRe 4§, BE F|o] §of o|u||7} #5317 SuEA] ko 1 3w}
%o oa grhEch

k-Means Clustering®: ©]-43t0] a3 EAHS BA3 A, 279 A4t 8719 499 28 &
2t} o] 7o wel EH Bx Ajort dAERoH, FHAH 1A oA M2 FH A
wxstglon, FEAE 3o 24 £, S 2E oA vHAe =1 B4 2EH EANE
4 (h)= S AH 5of| EE3l= EAPES §0] olujA|o] EAJE 13olck. Cluster 52 E75 EAHES 2 gike knotof
o] Bx3}9.on, sike knot o]u] | YofA] 3o B)7} opd AHe] Ago] EAo R SEHQIC oo et
obd thd FE= dlolg Alg FASIe ERE WY ¢ £ ABES B Folzt 7|dgH)

4

rlo
il
«
N
=
I

oo
©
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>
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3.1 CNN& o]g3t go] 7 Adt

CNN 355 Slax(epoch)of] w2 CNN 22 9] Hehe= Hg. 59} Zt}. CNN sk 23}, - 1205 gpocholl A 71 w2 Jee s
Belon of u) 8800 %] A% HehES Btk 1206 epoch o 4 SRHHIES] Hehwl 9720%= S5 ofn]Ae] THalgs]
A oke Ao Z mutstyct o] w2 confusion matrix= Table 29+ Zth CNN Zdlo] AL SIFT+k-NN 24Xt} sound
knoto 2 Hase] BREE dao] gastglon], FUA% 59 ofulS st ke FolE CNNG ol 43t B7s
2 LR A So] 7hsstnt R CNNE o838t g-o] E5FollA] encased knote} sound knot- A &kstA| £57-814]
Fote A97h AR WA Al Ao olu 59 A%, Fig. 63 ol A R} £ 197k o] Y= A9
T AAE 2 F97F 3019 40 ~ 60%E A}Aoh= -, encased knot¥} sound knotZ A s £73k] ST 2
A7) H B34 ONN RELL o]s) 22 492 Has] sl 4= Sl 4:9] o|v] 28 s} 351917] whio] encesed
knot} sound knot7h 3k BRE|X oHe A9t wAG Ao FAE B T4 e CNN go] £F e
)7k Z2A5H) R gol9] oju Ao & HEHAS Holu] B&L rRsstgon, o W gol Hlo|eE sk ol gk
9 o HHER APH go| BRI/l 5T Aoz st

1,722
Aol SFTHNN 2R3 ONN 298 55 8019 £75 508 THsH: ndg Fasi
B34 Stk Tl 7H S AA4F0R e Thoke B8] go| ojn]X) L1724% H5 st Bk
SIFT+H-NNS] 7, 2] 694 9%0] =S Reov], Sof ofu]x] 0] Hako@ o8] the £50] go| ofulx|7} 714
B B8 AA5H sound knote. H-REE 4bo] WISk CNN RS o] 83 go| 15o| 4%, 452 2

UFo e o] ER7F WFA R o|RojAl = Ao WATHA] Aokt whebA & dtoA] /R ONN go] Fi e

SIFTHCNNET & HSHER oZo] Rsagict. ol §a) 8 El A9ET /]d CNN RS o|§3 4] gol9
HRE AgE H]0] 38 YHEES Holt AOR UuH,
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