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o gk ISO 20473-2007°) w=w, A ejd g2 Table 1-13 #2o] 4
2] A (near-infrared), 4 ¢4 (mid-infrared), 4 A (far-infrared) & =
U= 4 AokFig. I-2).
Visible Infrared
light NIR MIR FIR
Io—o: ° A
< | ﬁ—’
0.38um 0.78 um 3 pum 50 pm 1 mm
. X-rays
Ultra- !
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e R L e B e
Wavelenght: 1nm 1um 1 mm 1m 1 km

Figure 1-2. Spectral range of electromagnetic waves.
(Z5]https://www.petnology.com/competence-online/news/preform-heating-methods-in-the-two-stage-stretch-blow-moulding-process/detail. html)
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(ISO 20473-2007)

Spectral bands for optics and photonics.

Table 1-1.

Wavenumber(cm™)

13,000 ~ 7,000

3,300 ~ 200

200 ~ 10

Wavelength(nm)

780 ~ 3,000
3,000 ~ 50,000
50,000 ~ 1,000,000

Near-Infrared
Mid-Infrared

Far-Infrared

Al (exited) ¥t}

= tC
= ——

SH =

% (bending)

=i
=

(stretching)

_EH

iy

7 780 ~ 2,500 nm WY =A, FE F

=0

e
T

(amplitude)

2z
=

Al

5 250

S|
s

Y (overtone band) %}

719wl

A}
Al

CH, -OH, -NH

-
T

Zj =]
Z st (combination band)el]l ¢

2003). °]& ©|

o
IT

Q] 2ol A

o] & t}H(Pasquini,

B

T

—

0

)

oF

o]

o]lott, 1950t "= #5739 Karl Norris7b A=

il

il

FATE 1980 tell o] =

%3

(chemometrics)©]

s} )7 25t

Els

HkAL(diffuse reflection)ol] 2]

s

SFA
=

(absorbance) =74 3}



o 7] o}

H4l

.
o

°

WA o
AR

-

=13
=

H

94

2 Abgho] 79

1 7}

0

fveel

A
M

& O
_EH
o

to] Fatel o

S

g8}

oz}
=

749 KBroll < aj

A9k A (specular reflection)

.
T

o] WA WA

o

.

o} .=

A==

=
4 AXYE 2

13
<1

Fahgo] vhop EabubAte
o)/}

YH(Wang et al., 1995). 4 9]

o =4

1

0
S

To-

ox

¢

B

AJr

—_
fiie)

AJr

A

akA AL,

xgg

=13
=

W7F A

=
e

94 9]
A=1

&t7] o

)

<

=13
=

ARZE A=A

ilin
o

ol
B
ol

5

1

0
S

}‘\l,

3}
5
= 7 o]

goj 7},

73 °]

o=
RELA

&

s A

A ®H(Tsuchikawa et al., 1998;

H]

HA A&

2ol

71

°©

Jo] Ay
A oS AN gom el AE T2E 7}

A

o
T

Tsuchikawa and Sisler, 2003; Yeh et al., 2004, Yeh et al., 2005).

et o (Kienle et al., 2008).

s
aLA el

%



2003; Dahm and Dahm, 2004).

i AA| AGANA A S o] &3 gAY Ve AFAHoE
T=4%k vk o™ (Wright et al, 1990; Michell, 1995; Shimleck et al,
1999; Raymond et al., 2001), HA1¢] =A% 3F=F E2A(Gierlinger et al,
2002; Bergstrom, 2003; Poke et al, 2004; Yeh et al, 2005; Li et al,
2007; Uner et al, 2009; Uner et al, 2011), Zx W & Adg 2
(Tsuchikawa and Tsutsumi, 1998; Thygesen and Lundgvist, 2000;
Eom et al, 2010; Yang et al, 2013; Yang et al., 2015), &% EA &
21 (Shimleck et al, 2003; Inakaki et al, 2012; Alves et al, 2012) & t©
Fah Ropo A st AaHolgrh =AM oA ZAj] shetA
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(Swanninger et al., 2011).



Table 1-2. Band assignments (from the literature and tentative assignments) in near—infrared region of wood and wood

components. (Schwanninger et al., 2011)

Wavelength (nm) | Component Bond vibration Remarks
nd
1143 Lignin gnd 8? giEIHs f;r'of CH; groups CHj groups and aromatic moieties
1170 Lignin 2" OT asym. str. C-H, HC=CH | Lignin
1157 and 1171 Hemicellulose 2 OT C-H str. CHs groups in acetyl ester groups in hemicelluloses
1188-1195 Lignin 2 OT C-H str. CHs groups, lignin assigned form spectra
1212-1225 Cellulose o OT C-H str. two to three bands t.a. CH and CHs-groups, cellulose
Tentative assignment to CHs groups in acetyl ester
1350 Hemicellulose 1 OT C-H str. + C-H def. groups in hemicelluloses and lignin and all wood
components after acetylation
1360 All? 2" OT C-H str.
1366 Cellulose 1 OT C-H str. + C-H def. Cellulose
Tentative assignment to CHs groups in acetyl ester
1370 Hemicellulose 1 OT C-H str. + C-H def. groups in hemicelluloses and all wood components
after acetylation
st
1386 - }St 8? g:g ig Y C-H def. isolated OH groups, C-H combination
1410 E;gtrrl;ré/tives 1 OT O-H str. Phenolic hydroxyl groups or from lignin
Formation of water-water H-bonds and development
1414 Water 1 OT O-H str. of water-water H-bonds depending on the water
content in microcrystalline cellulose
1417 Lignin 1 OT C-H str. + C-H bend. aromatic associated C-H
Amorphous regions in cellulose + H,O; free OH
Cellulose/ group or OH group with a weak H-bond, amorphous
1428 H,0 1 OT O-H str. +Hs0 polysaccharides of wood, free and weakly H-bonded
OH: O(6)-H(6) of cellulose, glucomannan; O(2)-H(2)
of cellulose and xylan
1435-1438 - 1 OT O-H str. Water
- 10 - i‘] =

-} &

]

1

n’



Table 1-2. (Continued)

Wavelength (nm) | Component Bond vibration Remarks
1440 Lignin 1 OT C-H str. + C-H def. CH or CH2- group
1447 \I;égsnm/Extractl 1% OT O-H str. Phenolic OH group
.. s Phenolic groups of lignin with intramolecular

1448 Lignin I OT O-H str. H—bondini to an ethgr group in ortho position
1471 Hemicellulose 1% OT O-H str. H-bonded O(6)-H(6) of glucomannan
1473 Cellulose 1 OT O-H str. Semi-crystalline regions in cellulose
1476 Cellulose 1% OT O-H str. Semi-crystalline regions in cellulose

s Cellulose and absorbed water, weakly H-bonded OH
14°77-1484 Cellulose 1% OT O-H str. of cellulose-O(6)-H(6) Y
1480 Cellulose 1% OT O-H str. Semi-crystalline region in cellulose
1484-1493 Cellulose 1% OT O-H str. Semi-crystalline region in cellulose
1489 Cellulose 1% OT O-H str. Intramolecular H-bond in cellulose
1493 Hemicelluose | 188 OT O- str. O(3)-H(3)---O(5) intramolecular H-bond of

glucomannan

1510 Cellulose 1%t OT O-H str. 0O(2)-H(2) of cellulose (?)
1515 Cellulose? 1%t OT O-H str. O(6)-H(6)---O(3) interchain H-bond of cellulose
1534, 1550 Cellulose 1%t OT O-H str. H-bonded O-H groups of Cellulose
1540 Cellulose 1%t OT O-H str. Adsorption of Water
1545 Cellulose 1%t OT O-H str. Intramolecular H-bond in cellulose

st 0O(6)-H(6)---O(3) interchain H-bond of cellulose
1579 Cellulose 1" OT O-H str. Strongly H-bonded O-H group in cellulose
1586-1596 Cellulose 1% OT O-H str. Crystalline cellulose II
1588 Cellulose 1 OT O-H str. Strong O(2)-H(2)---O(6) of cellulose
1591 Cellulose 1 OT O-H str. H-bonds of the cellulose
1592 Cellulose 1% OT O-H str. Crystalline regions in cellulose

_11_
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Table 1-2. (Continued)

Wavelength (nm) | Component Bond vibration Remarks
S Strongly H-bonded O-H group in cellulose I,

1597 Cellulose I OT O-H str. strongglsj H-bonded O-H ggroups in spruce wood
1616 - 1%t OT C-H str. =CH,

Band in microcrystalline cellulose and wood (found
1632 Cellulose 1% OT O-H str. in bark tissue and compression wood, but no

assignment)
1666 Hemicellulose 1% OT C-H str. CHj3 groups
1668 Extractives 1% OT C,—H str. Extractives
1672, 1674, . s Aromatic groups in lignin (aromatic skeletal due to
1677, 1673 Lignin 1" OT CoH str. lignin), aromatic C-H due to lignin
1681 Hemicellulose 1% OT C-H str. CHs groups
1685 Lignin 1% OT Cu.—H str. Aromatic ring associated
1695 - 1% OT C-H str. CHs; groups
1698 Lignin 1%t OT C-H str. C-H of lignin
1703 Cellulose 1% OT C-H str. Cellulose, most probably from CH, groups
1705 Hemicellulose 1% OT C-H str. CHs> groups
1710 Hemicellulose 1 OT C-H str. Furanose or pyranose due to hemicelluloses

Lignin/
1720 Hemicellulose/ | 1% OT C-H str. All componenets, CHs groups
(Cellulose)

1724 Hemicellulose 1% OT C-H str. Furanose/pyranose due to hemicellulose
1726 Lignin 1% OT C-H str. C-H stretching of CHs—groups
1731 Cellulose 1%t OT C-H str.
1765 1% OT C-H str. CH,-groups
1780 Cellulose 1 OT C-Hg str. Cellulose
ggg Cellulose 1%t OT C-H str. Semi—crystalline or crystalline regions in cellulose
1791 Lignin 1 OT C-H str. Appears in wood and milled wood lignin
1793 Cellulose 1%t OT C-H str. Cellulose

_12_
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Table 1-2. (Continued)

Wavelength (nm) | Component Bond vibration Remarks
1811 Lignin Unknown Appears in wood and milled wood lignin
1820 Cellulose O-H str. + 2" OT C-O str. Cellulose?
1830 Cellulose O-H str. + 2" OT C-O str. Semi-crystalline or crystalline regions in cellulose
1907, 1910 Hemicellulose 2" OT C=0 str. Hemicellulose
1916-1942 Water O-H str. + O-H def. of H,O Water
1980 Water O-H str. + O-H def. of Hy Water
2080 Cellulose O-H str. + C-H def. Semi—crystalline or crystalline regions in cellulose
2086 Cellulose/Hemi | ) o+ O 1 and C-H def. | Cellulose, xylan

cellulose
2092 Cellulose O-H and C-H def. + O-H str. Cellulose and xylan
2110 Cellulose O-H def. + O-H str. Cellulose
2134 Elgnm/_ Ca—H str. + C=C str. Lignin and extractives

Xtractives

2134 Hemicellulose C-H str. + C=0 str. Acetyl groups in hemicellulose
2170, 2178 (}jlilrlrlllilé)esl?élose Not assigned Cellulose, xylan
2200 Lignin C-H str. + C=0 str. Could be confirmed in wood and milled wood lignin
2255 All O-H str. + C-0O str. 777 Acetyl groups in acetylated wood
2267 Lignin O-H str. + C-0O str. 777 Lignin
2270 Cellulose O-H str. + C-0O str. Cellulose
2271 Cellu_lose/ C-Hy str. + C-H; def. Cellulose and hemicellulose

Hemicellulose
2272 Hemicellulose C-H str. + C-H def. CHj3 groups
2277 Cellulose St;H+ e fe;C str. and/or CH | 01 ose
2201 Cellulose gr_%_sg oo S Cellulose
2328-2332 Hemicellulose C-H str. + C-H def. Hemicelluloses, xylan

_13_

A& st



Table 1-2. (Continued)

Wavelength (nm) | Component Bond vibration Remarks
Cellulose/ .
2335 . C-H str. + C-H def. Cellulose, hemicelluloses, xylan
Hemicellulose
9336 Lignin C-H str. + C-Hy def. 72 Mll_led wood lignin hardwood and softwood, (tentative
assignment)
2338 Cellulose C-H str. + C-Hy def. Semi-crystalline or crystalline regions in cellulose
C-H str. + C-H def. and/or
2343 Cellulose o OT C-H def. Cellulose
C-H str. + C-H def.
2352 Cellulose ot OT C-H, bend. Cellulose
O-H def.
2361 Cellulose or C-H def. + C-H str. Cellulose
or C-Hy str.
2380 Holocellulose? | 2 OT O-H def. 297
2384 Lignin Not assigned Lignin, could be confirmed with milled lignin
2461 Carbohydrate C-H str. + C-C str. Starch
2491 Cellulose C-H str. + C-C str. Cellulose ?77?
2488 Lignin C-H str. + C-C str.?? Milled wood lignin hardwood and softwood
Notes) OT : overtone, sym : symmetric vibration, asym : asymmetric vibration,
otes
str. © stretching vibration, bend : bending vibration, t.a. : tentative assignment

_14_
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3.2.1. FAAE 4
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Figure 1-3. Geometric interpretation of principal
component analysis in two dimensions.
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3.2.2. SIMCA (Soft independent modelling of class analogy)
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(Eq. 1-19)
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y - bO +$1b1 + $2b2 + ° + xmbm + f (Eq I _22)

7] Eq. 1-22014 b2 A7A52 avl, f& o2 e @ad o
7] A ohejel gol Aelste] Eq 1-249F 2o B&sst & 9ok

Yy = inbi (Eq. 1-23)
=1

Y=XB+F (Eq. 1-24)

SHHE dolH X (NX M 585 dolg YV (NX D)3 A&

N
it
-

X ox AYste= 3AAST B + HA2A5W(east squares)
&ote] 72 F o, o= Eq. 1-259 Zt} ol& t¥lad A3
2 (Multivariable linear regression, MLR)o] 2} 3lt} o]& o] &3

=yusel F5uUSrte] ARaAZ HAA% B ol od mdsie

&

O g o g
' Y
i

B= (XIx)"'xTy (Eq. 1-25)

MLRel| 9la] g7AASsE Fal7] gdaide X'Xo| dazho] wre=4
Asforgth, aeu AAHo et F kA f9ldl o8 X'Xe| o
go] EAetA geth AAZ, P FUm)ol BEA 9 A5

(n) Bot 2 39(n <m), 37As B 7F ¥4z SA3H. o=
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I 273 Eq.

Eq.
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(Eq. 1-29)
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(Eq. 1-30)
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K

4 At (Perez et al., 2009).

— _ 2
—= (y1)7’€d7?6‘ted~,K ypredictedme(mA,K) /ZUK

1
Wpredicted x) = ——7=—=¢ Eq. 1-32
S Wpredicted, & O-K\/% (Eq )

1

Onot K 27

2
f (y ) — 67 (ypredicte(L nUtKiypredi,ctedA, mean, K) /20710tK
predicted, not K

(Eq. 1-33)

e K 39 Ede o3 gd #5A xh e
K T S FYpeqned © K)E 88 2= 3
T [-00Y,; prediaeal NS T O] S, Whi =
e Fypeqnea C Nt K)& BHE WR FE

f(ypr’edictecﬂnot}() 94 :|1 Z_]__ [y% predicted OO]oﬂ }\:I 94 % Zjl O] % q

yl predicted, K
F(yi,pr’ediafed - K) = / f(yprediafed, K) (E(] I _34)

F(yi,pr’ediafed - nOt K) = / .f(ypr’ediafed7 notK) (Eq I _35)

yi,ﬁpredi,(:ted# K

i

L

Yi prediceed = BD K AW HA not Koll £38k= 27FA 74

ol =

b EAE7] e, A9 not K 4 59 o] 1o HEE AHqfst

b Aesty, Aqrsld & F, ., © U Zoh(Pérez et al, 2009).
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F (yi,pr’ediafed - K)
F(yi,prediafed C K) +F(yi,pred7'£t6d C not K)
(Eq. 1-34)

Fnorm (yi,prediafed - K) =

F(yi,pr’ediafed C not K)
F (yi,pr’edicted C K)+F (yi,prediafed C not K)
(Eq. I-35)

Fnorm (yi,prediafed C not K) -

X CK L Wi predicted) = 0.5

norm

X, CnotK ifF,,,. pedited) < 05 (Eq. I-36)
wE ol AW K o 3 #8373 U9 not Kol %% 3Eo] Eq.
[-373} o] 5daEE 3l ¢y, 5 e AHoz2 B 5 gt
Fnorm(yi - K) :an'm(yi - TLOtK) = 0.5 (E(] I _37)

olg WEIE yE MEZL BAAN Yoo, % F W Ea 1-362
Eq. 1-31% @dele] e Eq. 383 2ol @ 4 3l

)(i - K lfyz = ycriteria
)(i - TLOtK lfyz < ycriteria
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9] Aldk 34 (unit step function)’} T2 AFEE Ao o] F T80
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= Z&H Ju(Fig. 1-6). =892 v AP er dLst
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function
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unction) % #=r g4=(hyperbolic function) &°] &4 3} 3t
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Figure 1-5. Signal transduction structure of a single artificial neuron.
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Activation function Equation Example 1D Graph
Unit step 0, z<0, Perceptron
(Heaviside) =505 z=0, variant —_—
1, z>0,
Sign (Signum) e Perceptron A
Pla)=40, z=0, variant NN —
1, z>0, ]
Linear Adaline, linear
P(z) =z regression 74
Piece-wise linear 1, = % Support vector | —
#z)=14:2+% —-3<z<3, Machine —]
0, z= —%1
Logistic (sigmoid) Logistic
_ . —
¢l = ——7 regression, Pl
Multi-layer NN
Hyperbholic tangent _ef—et Multi-layer NN
PR = ——— /

g

Figure 1-6. Most common activation functions.
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=3 rd
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= %= (Output layer) 2. &

A2 =(Input layer), &Y =(Hidden layer) 2
TAAET olE EAged Fig. 1-7% 2tk
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Output layer

Hidden layer

Input layer

Figure 1-7. Artificial neural network. (3 layer)
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p=Wz'+b, (Eq. 1-42)
p: (Ix1), W: (JxM), z7: (Mx1), b: (Jx1)

h = f(p) (Eq. 1-43)
h:(Jx1)

(Eq. 1-44)

Y39 B B gl 3, FHF kWA wsolde] FY oy, &
et 2

v = 9(q;) (Eq. 1-45)
o] & W gl v o] T

qg=Vh+ec (Eq. 1-46)
q: (Kx1), V:(KxJ), h: (JX1), ¢: (Kx1)

y' = g(g) (BEq. 1-47)

2o dolg X (MxNE %939 "oz 8z Y7
(KX N)E 222 g 7F=x(W, V)¢ bias(h, ¢)& T3t B4
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(Eq. 1-48)
(Eq. 1-49)
(Eq. 1-50)
(Egq. I-51)
(Eq. I-52)
(Eq. 1-53)
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2=
HEHOoRE Eq [-48% Eq. 1-500] <J&te] ZAbsl7H (Gradient

descent)oll &3t JAFAAEHY g5S AAst= 45, =71 7oA v.4

w;= 5 E(learning rate) n WHE BAY TFEA U e Wipew= T

I 2

V. new = U — 1041 (Eq. 1-54)

W) ey = Wy 10T (Eq. I-55)
wxof Z} #A=X7)F Zk= class value (0 == 1DE

Lippmann 1991; Zhang 2000). ®#lo]|= A= F & WY Ald &
I AL FE Alolo] #IAIE UEUE o=, Wol=x AHZ(Eq. I-56)
of 93] AL FE2FH A% &S 7T F T

=), =

= A7 (Bayes theorem)el| 7]HksF &
g7

q

_ PX|Y)P(Y) )
P(Y|X) = 264 (Eq. I-56)
dolg E7F9 B, P(Y|X)E deold X7F Fo4& At Y
o %% AS 3 (Posterior), P(X|Y)E 7 Hod Z£aglE ool g

X9 g5 2¥xe $%(Likelihood), P(Y)E JoE9 Rxo oisk ALA
& (Prior), P(X)& dlolge] BxE gujgtt dA oo
o gaoz pAsel vy, P(X)E= v Ea. 1-573 o] & & 3l

P(X) = Y, P(XY,)P(Y,) (BEq. 1-57)
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Axel §olge Husts] gIstel B Eq. 1-58% o]l AAnIE
0|83l a2 AelekW Eq 1-58% 2on] ofE ol&se] Eq I-56
NS HelE X7b W kel 5% SEE Bq 1599 o] w3

a, = In(P(X1Y,)P(Y},)) (Bq. I-58)

k=1 (Eq. 1-59)

wEtA] HolH X7 e A T AT ko] £ FES 29 ARA
wxo o AAT 4 Sttt dukdRl v FJde BERoA FEE U
N A E3E(Gaussian distribution)E WEE Aoz ddA Utk

(Akaike 1998; Penny and Roberts, 1999; Banerjee et al., 2008). 21}
A EESSTE viEo] oy, Aste] Esit). ol & destelr] ¢
A Abd SEH FEE FEeHA 23, Eq. 1-449 ¢ & dEste] 3

¢
J

ot =AZ deststd, AqrExe FAgESTS i A
= Ha glen, o] &0l 545 7HA = softmax & (Eq. 1-60)
2 AR softmax g w2 A7) Ao A E ghe WER
= 540l ol ke Aol dite destslFe el 3

(Williams and Barber 199).
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P(Y,|X) =y, = softmax(q,)

(Eq. 1-60)

O R e g8 44T oA st oF B H954

(Maximum likelihood estimation)®l]l 7]4¥Fsle] A 2] ¥ tH(Bishop 2006). &+
5 AE N/e dolH(x,)E°l KNY Mol &3S o, 2A &3

=

Aol AET 1, o]9f9o] AR L 022 st A dHolgHE AEHe (¢,)
stol ¢, oWA AR t,T Ted Zol AYT F dom, oF
one—hot encoding©] 2}l 3+o}.
Ymeasured *— tno - {(1) llffg : Z} (Eq I _61)
N 7Ne dlel”H7F K 7ol Hetol s g&Edo=z dufvt & /75
A5 Hrtete WH2 7 HolHY ASSES wole HoE oy
o] Aoy o= - 3t4=(Likelihood function)#}al 3ht}.
N K t
L(x) = [T P(vla,)"
e (Eq. 1-62)
tk
=1111v;
n=1k=1

$Eg4 L(X)E g5 dolgrt d3adwel A W, Vib,col <]
% =

3l y Ot 7P A g8 F t o ke W HAoge 7HE
Aolm LX) Hzts z2twe= st W, V,b,cE Zolokaln o] 3}

AL A9FAoleg @k LX)o HAdighe LX) nitgte] 04 W &
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E(X) =—In(L(X)) = —In(TT 11
v n=1k=1 (Eq. I-63)

2]
(Gradient descent)e] 71xl =% TF&HE SHFE]
A, A Hagho] ofd A9 °

71 el gkd HH3s Wy Eol  JNEE 9l vh(Stochastic  gradient
descent (Robbins and Monro, 1951), Momentum gradient descent
(Rumelhart et al., 1986), Nesterov Momentum (Sutskever et al., 2013),
Adagrad (Duchi et al., 2011), Adadelta (Zeiler 2012), Adam (Kingma
and Ba, 2014)).
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stAd 3 A7 "H(Convolution neural network, CNN)& F=2 34 BHe
ZIgko & gk Fofol A FAIAQl Aee UEWIL A= AAY X9 s
ojty. A Aol ZFEA ®H AL Lecun 5(1998)el <js] it
T2 S 9 FAw Aol ex A ntel AALstHel o g
B A

_E

o]-&3t FF AHes 7I=ol vlsl A FEAHA oW (Krizhevsky et
al., 2012; Zhou et al., 2014; Ren et al., 2014; Szegedy et al., 2015), ©]
ool & wAlelA 7HE dY AMRHE dEFAAWY stueolth Fig.
1-89 Lecun (1998)¢] 33t 239 FAd+ A4%e x5 HEY
ATH.

C3: f. maps 16@10x10
C1: feature maps S4: . maps 16@5x5

6@20x28 —— ol
oy Clayer -
6@ 14x14 e FS: layer QUTPUT

INPUT
32x32

Full conrl‘ection ‘ Gaussian connections
Subsampling Convolutions ~ Subsampling Full connection

Convolutions

Figure 1-8. Architecture of LeNet-5, a Convolution Neural Network, here
for digits recognition. Each plane is feature map. (Lecun et

al., 1998)

O

olo] Ats FAdw AAELE FAHw F(Convolution layer), €73}

St Z 8 Z=(Pooling layer, subsampling)e] W= WA Ftho A o]n]
A glo BEE 2271 A

HE 982 59 F g9F AGgelAst 5
O

2 51
A% = AAZAZ(Fully connected layer), 18|31 &8 ZF0 2 FA 53

.
FAF FolAE o FolAe delelg Feiske] FAF Aol <
Qewenh PYF Al AEHE kxk, 2719 249 BE(EE A
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9) Wikky)sh 22090 92 dlelel X Apolo] Bolsle $4F it
e thest 2k o)

wldf
ro

o8 THHE FATFS HE

biasE 2|7 gt}

ol & FAlSHAl AHet, Fig. 1-99F #eo] 3x3 A7]¢] ¥ deojE X
oF 2x2 A7)e] Y Wel ofsf A= FA HolH O = vet 2
om, ol= 94 tlolE ffo BHE S FUI A A Hely
W 2H gE ek g A 2o
Input data X Convolution filter W Convoluted result O
Xi1 X12 X3
Wi, Wi, On O
X1 X2 X23
W2 Wa, O Oz
X31 X32 X33

Figure 1-9. Example of Convolution calculation.

011 = Xll M/H + X12 M/IZ + X21 M/Zl + X22 M/ZZ + bll
012 = X12 M/H + X13 M/IZ + X22 M/Zl + X23 M/ZZ + b12
021 = X21 M/H + X22 M/IZ + X31 M/Zl + X32 M/ZZ + b21
022 = X22 M/H + X23 M/IZ + X32 M/Zl + X33 M/ZZ + b22

(Eq. 1-65)

G719F 22 ks ol&ste] S ZE= 23 dHolH(FE )
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INPUT FEATURES CONVOLUTIONAL LAYER OUTPUT
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Figure 1-10. Example of 1 dimensional convolution neural network for a
two class classification problem with one convolution layer
and two output nodes. X means the input, K means the
kernel(filter), w means weights and Y means the output
(predicted class). (Acquarelli et al., 2017)
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Table 1-3. Overview of classification methods developed in this study.

Classification
Method

SIMCA

Partial least squares
discriminant analysis

Artificial Neural Network

1 dimensional
convolution neural
network

Classification
factor

Residuals of each

class principal
component
analysis

*  Ypredictea Values of
each species
regression model

Ypredicted Values of

output layer

Ypredicted Values of

output layer

Discrimination

. Significance (Ol) * Yeriteria Yeriteria Yeriteria
criteria
) * Provide spectral Self-adaptive Self—adaptive
Provide spectral _ _ i .
Pros ) ) information modelling modelling
information i . . . ) -
e Provide probability Provide probability Provide probability
Depends on the Provide no Provide no
number of e Depends on a information of information of
c principal number of latent parameters parameters
ons
components variables High computational High computational
Provide no e Sensitive to outlier cost cost
probability Needs large dataset Needs large dataset
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densiflora), AtYUH-(Korean pine, Pinus koraiensis), 25 (Cedar,
Cryptomeria  japonica), A (Cypress, Chamaecyparis obtusa)<
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The amount of domestic conifer logs supplied for lumber mill
(Korea Forest Service, 2015)
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Figure 1-11. The amount of domestic conifer logs supplied
for lumber mill (Korea Forest Service, 2015).
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NIR acquisition area

i‘?/ 7 £ 5 =

»
¥
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Figure 1-13. Schematic diagram of near—infrared spectrum acquisition
from lumber specimen.
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A8 7F E 28t (Siesler et al., 2008).
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A+ standard normal variate (SNV)(Barnes et al, 19894 &=
A Al(Fig. 1-15)3FA . SNV AA2(Eq. [-69)% AlA&HY 2 13
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Figure 1-14. Raw near—infrared absorbance spectra of each species.
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Figure 1-15. Standard normal variate preprocessed near—infrared absorbance
spectra of each species.
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Figure 1-16. Savitzky—Golay 2" derivative preprocessed spectra of each
species.
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Figure 2—-1. Raw average absorbance spectra of each species.
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Figure 2-2. Standard normal variate preprocessed average absorbance
spectra of each species.
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Figure 2-3. Savitzky—Golay 2" derivative preprocessed average
absorbance spectra of each species.
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Table 2—-1. Band assignment

of near—infrared absorption occurrence in

Fig. 2-4.
Number Wax(freliir;gth Component Bond vibration

5 1157 Hemicellulose 2" OT C-H str.

6 1188-1195 Lignin 2 OT C-H str.

7 1212-1225 Cellulose 2" OT C-H str.

8 1350 Hemicellulose | 1% OT C-H str. + C-H def.
10 1498 Cellulose/ 1" OT O-I str.

Water
11 1473 Cellulose 1% OT O-H str.
12 1545 Cellulose 1% OT O-H str.
13 1591 Cellulose 1% OT O-H str.
14 1672 Lignin 1% OT C,—H str.
15 1698 Lignin 1% OT C-H str.
16 1724 Hemicellulose 1 OT C-H str.
18 1790 Cellulose 1 OT C-H str.
20 1916-1942 Water O-H str. + O-H def. of HO
21 2080 Cellulose O-H str. + C-H def.
24 2270 Cellulose O-H str. + C-0O str.
25 2328-2332 Hemicellulose C-H str. + C-H def.
OT : overtone
Notes) str. © stretching vibration

def. : deformation vibration
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Figure 2-4. Savitzky—-Golay 2" derivative preprocessed absorbance

spectra of each species: (a) 780 ~ 1300 nm range, (b)
1300 ~ 2000 nm range, and (c) 2000 ~ 2500 nm
range.
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Figure 2-5. Total explained variance of PCA model using raw spectra,
standard normal variate (SNV) preprocessed spectra, and
Savitzky—Golay 2" derivative (SG 2nd) preprocessed
spectra as a function of the number of principal
components
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Figure 2—-6. Average raw spectra and loading plot (PC1, PC2)
of PCA using raw spectra.
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Figure 2-7. Score scatter plot (PC1-PC2) of principal component analysis
using raw spectra.
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Figure 2-8. Average SNV preprocessed spectra and loading plot (PC1-PC2)
of PCA using SNV preprocessed spectra.
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Figure 2-9. Score scatter plot (PC1-PC2) of principal component analysis
using SNV preprocessed spectra.
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Figure 2-10. Average of Savitzky—Golay 2" derivative preprocessed spectra
and loading plot (PC1-PC2) of PCA using Savitzky—Golay 2"
derivative preprocessed spectra.
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Figure 2—-11. PC1-PC2 score plot of PCA using

Savitzky—Golay 2" derivatives preprocessed spectra.
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Figure 2—-12. Total explained variance of PCA model using each species

raw spectra as a function of the number of principal
components.
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Figure 2—-13. Total explained variance of PCA model using each species

standard normal variate preprocessed spectra as a
function of the number of principal components.
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3.3.1.3 Savitzky—Golay 2™ derivative A A3 E AA 3 2dHEHS
e FHE ¥H 2

Savitzky-Golay 2" derivative A A& & A3 FPE ~dvEe7 =
dol AE sF AEEE #F3dE 8007 ZHER)E ol &dtd
SIMCA®] A}g¢=E FAE mdS sttt Savitzky-Golay 2™
derivative HAZE AAS A5 7+ BRAY FF G99 ol
ol3] Fig. 2-3° Yetd wpep o] ZF =5 ~FEQ Alo]o £1X
WHol 7} Fadtdow, Fd=7 F45AT. oo wet Fig, 2-500 4
el vRe} o] A A Savitzky-Golay 2" derivative d A 2] & A A
g FAE 2HEYE ol&d FAL A AF/eA PCldl ¢

62.47%°] FA4kntol x3E . oY 3 B 4 #F3E AFEHS
o] & AHNME mIRHA R YEE T SIMCAC AMEE 24 <+

¥ Savitzky-Golay 2™ derivative HA g & AA3 ~dEZHS o] &
st AR rdeo HFH  FAHES  Jl4E total  explained
variance(Fig. 2-14)& o] &3l AAS A3 I@qF5e F=AH4E 24
2 TN 91.30%), 2uF9o FAAE Zde 9/M(91.11%), AYUF FAF
292 970(91.93%), AU FAAE Ed2 871(89.54%), ¥ HuW F

AR BEe 67(9111%)° FARS AEE W HAQ Ao AA
59},
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Figure 2—-14. Total explained variance of PCA model using each species

Savitzky—Golay 2" derivative preprocessed spectra as a
function of the number of principal components.
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£S5 9n 3t} AU % (Precision)S 25 Edo] o s
(Recal) 2
A A K < dHeolHe & 5 JAd K= oF9 HolHe Hl&s 9
2 = o= 355%=2 YUE
v FFd wek 99.07% ~ 7895% (4AE, AuE, Huw
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Table 2-2. Classification results of SIMC
models using raw spectra.

>

based on each species PCA

Actual Species
. Korean Precision
Larch Red pine . Cedar Cypress
pine (%)
Larch 106 0 1 0 0 99.07
. Red pine 0 30 6 0 2 78.95
Pred|c.ted Korean pine 1 3 32 0 1 86.49
Specles Cedar 1 1 0 115 2 96.64
Cypress 2 1 2 5 /2 87.80
Unassigned 52 48 36 60 29
. 2 species 19 82 78 13 30
Multi— 3 species 13 32 38 4 41
classified | 4 species 6 3 7 2 16
5 species 0 0 0 1 7
Total 200 200 200 200 200
Recall (%) 53.00 15.00 16.00 57.50 36.00
Accuracy (%) 35.50
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Table 2-3. Classification results of SIMCA based on each species PCA
models using standard normal variate preprocessed spectra.

Actual Species

. Korean Precision
Larch Red pine . Cedar Cypress (%)
Larch 153 0 0 0 0 100.00
: Red pine 0 94 3 0 0 96.91
Predlc.ted Korean pine 0 5 97 0 0 95.10
Species Cedar 0 1 0 136 13 90.67
Cypress 0 0 0 0 39 100.00
Unassigned 43 56 43 64 27
2 species 4 40 57 0 112
Multi— 3 species 0 4 0 0 9
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 200 200 200 200 200
Recall (%) 76.560 47.00 4850 68.00 19.50
Accuracy (%) 51.90
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3.3.4. Savitzky—Golay 2™ derivative A X3 & AA 3 A2HEHS

q8E 3 T A%

Q| 2l
T 24 A¥E EUE SIMCA % Jo2 AAS A3E Table
2-4°] YEATE SG 22k HE AAEE AAG ~HEHS o] &3
SIMCA % T8 AIEE 73%=, G F A5 v 714 8=
7V b mokth Al EE FF mEk 100% ~ 9854% (S E, AU
HA (o] 100%), v, AU o2 H7EE Aok 28y AdES

ol wet 825% ~ 67.5%GGHuT, H9E, Ay, W) Auy o=

ArhEgon, G5 Aeta SNV AXYE AF AHEYS &

& 2Rl val AMH AnE e,

9 ~AEWL o §3 SIMCA 5% % Azl s nEFe A7
o AFE G9EI AT gastgod, % 2R AR
Fastee AAT F Atk WA A Wk hppe] 3
BR7 o pRe AAsgon, sbrs stE 4Ee] S8 2R
oeds EAsAt TeEu HH T Ase] v 2 R 9%
SR APRE A2HYSS FAT + At
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Table 2—-4. Classification results of SIMCA based on each species PCA
models using Savitzky—Golay 2" derivative preprocessed

spectra.
Actual Species
Red Korean Precision
Larch ) ) Cedar Cypress
pine pine (%)
Larch 152 0 0 0 0 100.00
Predicted Red pine 0 139 1 0 0 99.29
) Korean pine 2 0 135 0 0 98.54
Species Cedar 0 0 0 165 0 100.00
Cypress 0 0 0 0 139 100.00
Unassigned 37 52 41 33 32
2 species 9 9 23 2 23
Multi= | 3 species 0 0 0 0 5
classified| 4 species 0 0 0 0 1
5 species 0 0 0 0 0
Total 200 200 200 200 200
Recall (%) 76.00 69.50 67.50 8250 69.50
Accuracy (%) 73.00
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LA EFEAAHAAN F8EH= FE AL ASHS SR 3)shH
FAE ] EA(Hodge et al. 2004; Alves et al. 2011; Silva et al.

2013; He et al. 2013) ¥ =4 o] Z(Tsuchikawa 2007; Via 2010;
Fujimoto et al. 2012; Tyson et al; 2012; Eom et al. 2013, Yang et al.,

20174 FE s dErla o F2 A2 AsHE oled &

rot
o
olr
ox
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T _ﬂ/ -Dl—f
rld
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1o,
%,
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Z(2011)e w3 7Y SA}

TFE Twsty] fste] 47 HE/aAg

A A5 A AHERS o] i HAa A d3d 24e 7

P31tk Pastore:= a7yl ok FAMSE 47 =E9 RS 8
cAe A AHEYS o] gste] B i F

ER2 o va] Addo] vof =F

B A7l dojXtt= A+ A (Nisgoski et al, 2015)7F Ei1¥ w}
d&=E Aasty] fste] A AEAA SH3

102 7% T5& HAAsE Aol nl&Z 3ttt (Ramalho

j
et al, 2018). oA FAg FALYHd AHERS o & HFE FHA

e ARER £F TRl sbsdsith aelu, AARE FEE
FolAE Aol AGE FE} AGH/~NELY Fo we TR Y

To] zFol7} YEryktH(Braga et al, 2011 - 100%; Lazarescu et al.,
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2017 - 89.8%; Ramalho et al, 2018 - 70%). ©] 99 %= Horikawa &
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(2015)3 Hwang 5(2015)& sjietx oz FASE AU 2439 37

2 B Ax A5 Bd BN T S v Ao
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Az 2 WY
2.1. FAAE

TAANEE A 1A BE 50 x 100 x 600 mm Z7|e] HSAF
(Larch, Larix kaempferi), 2~ (Red pine, Pinus densiflora), 3t
(Korean pine, Pinus koraiensis), A (Cedar, Cryptomeria japonica),
W (Cypress, Chamaecyparis obtusa) AAES TFTEHZ 0718 3
sto] 71718 & &8st

TAABZEZRE 2494 2AEYS §53%e U A 1A
BE oW gom, wUd b dAY xde g pE A
A wd BAe AN
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T ATl dste] RS AS HHoE 2=, b5 Table

f

3-137 22 5719 class value®s ZE3E 3te i Ha A A9

BA12 A sk,

Table 3—-1. Model structure for PLS-DA.

Species
Korean Red
Larch Cedar ] ) Cypress
pine pine
Class value
Model Larch 1 0 0 0 0
Model Cedar 0 1 0 0 0
Model Korean pine 0 0 1 0 0
Model Red pine 0 0 0 1 0
Model Cypress 0 0 0 0 1
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2R FHA A #dEH B2 PLS-TOOLBOX ver 86.2
(Eigenvector research incorporated, US)S & &3t & FHAx

A wd B4 2 o A, B B4 mde) A4 4EE 96

S
k—-fold 2 7 A (k-fold cross validation, Fig. 3-1)& 2 A3}t
k-fold na} #HA2 HA g5 deoHE ke Fdde= s,
k-171¢] fdom F& Hax A5 #E BdS o5 AlER &0 =
25 AT & 29 shdel] AREHA FUd 1] Jdom md
o He= #Hr7bstes Ae Ee fAdel #H7F didol 2 wA &
gtomn Edo AFdes FRst= WHolv. webd wx 14
ol AEE = AE olgd HA o AAHEE WA 3
7 R HEds R £ o AdA 2d AZel= el 9
e Euet AdAY FgRE 93] venetian blindel ] g 10-fold
awzp fdAgol AAHAG FE HAa AFHA o md AT AL FH
ol 22! 4 (Number of latent variables)© 202 2 73} %t}

E Model
| Fold1 || Fold2 || Fold3 || Fold4 || Fold5 |

Test 2
Model 2 E> (RMSECV?2)

Test 3
Model 3 E> (RMSECV3)

Figure 3—-1. Schematic diagram of k—fold cross validation (k=5).

Calibration 1| |Calibration 1| |Calibration 1| |Calibration 1 Model 1

Calibration 2 Calibration 2| |Calibration 2| |Calibration 2

Calibration 3| |Calibration 3 Calibration 3| |Calibration 3

Calibration 4| |Calibration 4| |Calibration 4 Calibration 4

RMSECV (Average)

Calibration 5| |Calibration 5| |Calibration 5| |Calibration 5

NS SFSsNFSF
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9 #}F(Root mean squared error of cross validation, RMSECV)= <
g ol ol BEEA @e WA A4 AEL e A% A

s2A9 g3 wEolty webA shF dleolHol tiE }AFE A
ata 3] mEe] R dolge g oS AEEE FHEH7] §18)
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Figure 3-2. An example plot of the root mean square error of calibration

(RMSEC) versus root mean square error of cross validation as

a function of the number of latent variables. The optimum

number of latent variables corresponds to the minimum of

RMSECV (Poon et al. 2012)
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Figure 3-5. Histogram of predicted Y of cross validation by
partial least squares discriminant analysis model
with 8 latent variables using raw spectra; (a)
model Larch, (b) model Red pine, (c) model
Korean pine, (d) model Cedar and (e) model
Cypress
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Figure 3-8. Histogram of predicted Y of cross validation by
partial least squares discriminant analysis model
with 7 latent variables using standard normal
variate preprocessed spectra; (a) model Larch,
(b) model Red pine, (c) model Korean pine, (d)
model Cedar and (e) model Cypress.
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Figure 3-9. Classification error ratio of cross validation as a function of
the number of latent variables for each species partial least
squares discriminant analysis model using Savitzky—Golay 2"
derivative preprocessed spectra.
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Figure 3-10. Average classification error ratio of cross validation and E
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Figure 3-11. Histogram of predicted Y of cross validation by
partial least squares discriminant analysis model
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model Cedar and (e) model Cypress.
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Table 3-2. Classification results of partial least squares discriminant
analysis model with 8 latent variables using raw spectra.
(Criteria * Ypredicted,cv = 0-5)

Actual Species

) Korean Precision
Larch Red pine . Cedar Cypress
pine (%)
Larch 838 0 3 0 0 99.64
. Red pine 2 481 74 0 0 86.36
Predlc.ted Korean pine 0 71 377 0 2 83.78
Species Cedar 1 0 0 790 3 99.50
Cypress 4 10 3 37 843 93.98
Unassigned 135 381 498 149 146
2 species 20 57 44 24 6
Multi- 3 species 0 0 1 0 0
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 1000 1000 1000 1000 1000
Recall (%) 83.80 48.10 37.70 79.00 84.30
Accuracy (%) 66.58

Table 3-3. Classification results of partial least squares discriminant
analysis model with 8 latent variables using raw spectra.
(Criteria = Fprm Wpredicted, cv EK) = 0.5)

Actual Species

) Korean Precision
Larch Red pine oine Cedar Cypress

(%)
Larch 847 0 14 0 5 97.81
. Red pine 0 363 82 3 0 81.03
Predlc.ted Korean pine 3 65 507 1 12 86.22
Species Cedar 10 0 0 784 9 97.63
Cypress 5 5 2 24 860 95.98
Unassigned 41 10 36 8 18
2 species 93 549 347 179 82
Multi- 3 species 1 8 12 1 14
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 1000 1000 1000 1000 1000
Recall (%) 84.70 36.30 50.70 78.40 86.00
Accuracy (%) 67.22
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Table 3—-4. Classification results of partial least squares discriminant analysis
model with 7 latent variables using standard normal variate
preprocessed spectra. (Criteria © y,,cgictea.cv = 0.5)

Actual Species
) Korean Precision
Larch Red pine . Cedar Cypress
pine (%)
Larch 911 0 9 0 1 98.91
. Red pine 0 476 92 0 1 83.66
Predlc.ted Korean pine 0 54 279 1 1 83.28
Species Cedar 0 0 0 749 1 99.87
Cypress 6 6 1 65 716 90.18
Unassigned 81 424 594 135 273
2 species 2 40 25 50 7
Multi- 3 species 0 0 0 0 0
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 1000 1000 1000 1000 1000
Recall (%) 9110 47.60 2790 7490 71.60
Accuracy (%) 62.62

Table 3-5. Classification results of partial least squares discriminant analysis
model with 7 latent variables using standard normal variate
preprocessed spectra. (Criteria : F, o, (Upredictea. cv EK) = 0.5)

Actual Species
) Korean Precision
Larch Red pine . Cedar Cypress
pine (%)
Larch 868 0 8 0 1 98.97
, Red pine 0 301 64 4 0 81.57
Predicted | rean pine | 6 45 561 : 20 | 88.35
Species Cedar 2 0 1 650 9 98.19
Cypress 7 5 3 35 809 94.18
Unassigned 30 3 30 14 33
2 species 86 641 323 281 110
Multi- 3 species 1 5 10 15 16
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 1000 1000 1000 1000 1000
Recall (%) 86.80 30.10 56.10 65.00 80.90
Accuracy (%) 63.78
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Table 3-6.

Classification results of partial least squares discriminant analysis

model

with

14

latent variables

derivative preprocessed spectra. (Criteria :

using Savitzky—Golay

2nd

ypredicted, cVv = 05)

Actual Species

) Precision
Larch Red pine Cedar Cypress (%)
Larch 817 0 0 0 0 100.00
) Red pine 0 706 0 0 0 100.00
P;:('iesd Korean pine | 0 0o 721 0 0 | 100.00
Cedar 0 0 0 811 0 100.00
Cypress 0 0 0 0 690 100.00
Unassigned 183 293 279 189 310
2 species 0 1 0 0 0
Multi— 3 species 0 0 0 0 0
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 1000 1000 1000 1000 1000
Recall (%) 81.70 70.60 7210 81.10 69.00
Accuracy (%) 74.90

Table 3-7. Classification results of partial least squares discriminant analysis
model with 14 latent variables using Savitzky—Golay 2" derivative
preprocessed spectra. (Criteria : F,,,., (Uprcdicted, cv EK) = 0.5)

Actual Species

. Korean Precision
Larch Red pine Cedar Cypress (%)
Larch 983 0 0 0 2 99.80
. Red pine 0 915 0 0 0 100.00
Predicted | rean pine | 0 0 920 0 0 | 100.00
Species Cedar 0 0 0 961 1 99.90
Cypress 0 0 0 8 980 99.19
Unassigned 0 0 9 0 3
2 species 17 84 71 31 14
Multi— 3 species 0 1 0 0 0
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 1000 1000 1000 1000 1000
Recall (%) 98.30 91.50 92.00 96.10 98.00
Accuracy (%) 95.18
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Fig. 3-12& 7+ %49 Savitzky-Golay 2" derivative @A g & 2
Al 29 EH S o] &3to] e B mdo 33 VIP scores
et Aolth. 7 3 @ oA JHE VIP score’l =E
sAE 54 s e A 9gs wErde A9, 1720,
1739, 1870, 1895, 2304 nm, AuvF IFEELL 1632, 1674, 1720,
1895, 2304 nm, Aty FHE 2 AL 1632, 1720, 1870, 1895, 2304 nm,
AuF S rde 1375, 1698, 1895, 1912, 2157 nm, AW Jddxd
2 1632, 1674, 1698, 1895, 2347 nme] Ao Q1o A~dHE® ZFlo
b mde o] E=gd AoZ YEYT
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&

rul

BE SElA 1895 nm 9ol el B Ve, qgE, &

U, AAUFoll Al 1720 nm % 2304 nm 91<te] g gko] E=A LERYE

o, 2% ROl AE 1632 nm AeolAe] Yo FEAoR %

A vebykth e Abu el Hwo) A= 1696nm 2l toll A o] ¢ 3o

=A YES T Fig. I-49F Table 1-2& #3d w, 1895 nm, 2304

nm = o}& EAeo] Fo FF Jdoz Wiz AL oflL}, AHE
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Holl M= Aol 7} HAGAT. id 92> A2 & FFIFFd 9
3 THHUA =EHA FAAY, e Gl o5 TS Ao
2 F=491. Stefke 5(2008)2 1895 nm THLE & i T3 99
(1887 ~ 2000 nm)ell 9Jaf FTHE ] =dfyA= o =494 o
Aol A A= hemicellulose?] C=0 stretching 1xF )€ o (3600
~ 3330 cm Dol 7]91% 2% &l 98 s FFo] EAT Ao
2 FAYCY BuEArt 2304 nm QE2 AU R oy &7
olgt FFo] FHEO WAste FJo=E, FF A I 5AHo
AHF AT Ay, AU AyFolA FFHer ek dIFS e
W 1632 nm TH-2 cellulose®] O-H stretching®l ¢J3] &A= &
Fod g o g compression wood =+ FyoA FE LAHE $3Y

o7 ddx dtH(Fujimoto and Tsuchikawa, 2010). 944, sty

H 12
Ir _1L

, AyFoA  FEHoz yEY 1720 nm = lignin¥}
hemicellulose®] C-H stretching®l 23 wAs= F3
AJth. AuFef Hulo A FE Aoz Fe JdIdFS yERH 1698 nm
£ lignin® C-H stretching®] 1% s &thol] o3 FFFFo=
o 2 2o}, Savitzky-Golay 2™ deriavtive A=l o3 A7) ¢ 2
& g A 3t Y Aol7f AxEHWAM F£F o] o

del o7t WAE

= = 7 1= =
T ARey, Ao s e ¥ B2 A4 ded Ao
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Figure 3-12. Variable importance in projection (VIP) scores for partial least squares discriminant analysis model
with 14 latent variables using Savitzky—Golay 2" derivative preprocessed spectra: (a) model

(c) model Korean pine, (d) model Cedar, (e) model Cypress.
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Az 2 WY
2.1. FAAE

TAANEE A 1A BE 50 x 100 x 600 mm Z7|e] HSAF
(Larch, Larix kaempferi), 2~ (Red pine, Pinus densiflora), 3t
(Korean pine, Pinus koraiensis), A (Cedar, Cryptomeria japonica),
W (Cypress, Chamaecyparis obtusa) AAES TFTEHZ 0718 3
sto] 71718 & &8st

TAABZEZRE 2494 2AEYS §53%e U A 1A
el R gom, BUAY 3 dAxee AAAG

N7Fel QEEE AMEY dolHE 7 shdd AMEY gol AW
o Ve Gl FEAANLE HPPE FFL 0, EFAA} 10] 5
2 4isE AAs

- 122 -



TA AW o3 F=F FEE Python 36, Keras 224 %

S o] AT AT G e o FF
A HsEs fstel AA dHeolHy
=

2 8 : 28 Egde] 400070

~HE S S5 M E(Training set) =, 10007 2HEHS AS AE

(Validation set)=® 283} 31t}

AEAEdEL 1M A48, 1M 2493, i =852 +4
th gEZdE - ~HEH] Yy 2L 17210 =r,
T 647 ==, E93de FFY TR 22 MY =8
sttt old wE AFAAGY Fxok 4 F Aleldl EAs=
(7FF A B bias)e] 7l Table 4-13 #Zot

Table 4-1. Model structure and parameter of artificial neural network.

Total
Input data  Number of  Number of
Layer type ) ) number of
shape weights bias
parameters
Input layer 1721 %1 0 0 0
) 110,144
Hidden layer 64 x 1 64 110,208
(1721x64)
320
Output layer 5x1 5 325
64 x5

3ogem, 4] gl

2 ZF 110633702 QA& z+
e o] 4@ staol AAHATH

/3 <4< Rectified linear

1. O
unit(ReLU)E AH&etleom, 9359 243 do=zes 4 ¢35 =2

52 EH9Y3l7] 93e] SoftmaxES AFE3AT 232 A o
A3 dugEo2E Adam(Kingma and Ba, 2015)°]
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AE&Eom o we] stE-2 0.001°]%th Adam T2 FEA A
Ab 3F7FH (stochastic gradient descent)ol] 7]9k3l H A3 dug&E
= g5 AES dHeolH HAN,,)E cAdIFAD F 2
i1 o]l dHduatE Aol oy, MA ©lelE F batch(N,,,) W&
S FARE 242 s o2 dAGsE FHS RE Ho
P AAlE o 7bA] wkEgn wepbA dA delErE s gel b
N ALEE F7]5 1 epochdlt & W, 1 epocholA %=
TREE 7hs A 9k biase] AAle] Al@HET oo X <
*J%‘UPE’J = A&t s5S 918] batch sizeE 32
| M % 400 epoch &<t 55 AA AT
o] 3 2l 7 1 o] 4{,} I}A F o5 AEZ 343 (Overfitting) S H
A&7l €8l drop-out (Srivastava et al, 2014)o] Z &%
Drop-out& Fig. 4-13 #Zo] =9 AKX E A3 A 75X = QL
AN A GA TS 5+ e AT YA
HAE 423 g53 dAE & o (Hinton et al, 2012). oo &
AT AE AEZL epoch vt 29 F =29 30%E 49 493
e

olg3 d2d 7tEAE wAlst= drop-oute] A gH <l

<
o

&

Ao #HA Bd A4 AAM00 epch) g5 A T AT
@) (e}

A loss7F H A2 YERY epochE A ¥ 33t
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Input layer Hidden layer Output layer Input layer Hidden layer Output layer
(Drop-out)

Figure 4-1. Schematic diagram of drop—out in artificial neural networks;
left network — an example of artificial neural network with 1
hidden layer.
right network — a thinned artificial neural network by 50%
drop—out of the hidden layer on the left neural network.

- 125 -

A& st



25, 1A FAHF ABF 7+=x9 S5

12 A HF A 9%k =% F+E 2 Python 3.6, Keras 2.24
2 Tensorflow 1.11.0= AF&3ste] AAlstdt. 129 FAH Al
of & +F T SHEo HAAsY] A, 2do A HEFS
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2 1719 2MEdon G o HAS T A=Y FaA
AN E gAse] AAHoR 5% PR AFH YHB FHA7
OB AT AAE 149 AAY FEE E48S dHE Fig

Input Conv. layerl Conv. layer2 Conv. layer3 Conv. layerd Output layer
(1721x1) (1721x32) (1721x16) (1721x8) (1721x1) (5x1)

Conv. filter 1
[1%(3x1)x32] J
Conwv. filter 2
[32x(9x1)x16]
Conwv. filter 3
- [16x(27x1)x8] Conwv. filter 4
. * © [Bx(1x1)x1]
Fully connected
[1721x5]
- -— R e
1 spectrum 32 spectrum 16 spectrum 8 spectrum 1 spectrum 5 node

Figure 4-2. Structure of 1 dimensional convolution neural network.

Zd3dE 759 TR 22 5/ ==& wiAs . ol
Al +

Aol Fxsh 7t F Aol EASE ARCHE

- 127 -

s - i)



Table 4-2. Model structure and parameter of 1 dimensional convolution
neural network.
Total
Input data Number of Number of
Layer type ) ] number of
shape weights bias
parameters
Input layer 1721 %1 0 0 0
) 96
Convolution layer1 1721x32 32 128
(1x[3%x1]%x32)
. 4608
Convolution layer2 1721x16 16 4624
(32x[9%x1]1x16)
. 3456
Convolution layer3 1721%8 8 3464
(16x[27%x1]x8)
8
Convolution layer4 1721 %1 1 9
(Bx[1x1]x1)
Output layer 5x1 8605 5 8610
P y (1721x5)
kA B oA G A AAIS 12 A A A EAAE F 16,8357
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g3d o (a=0.001), 8= A3 I
=

571 #18le] SoftmaxE A8l
43l dugFo 2= Adamo] 485
o]}

149 FAF NPT e
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100%

Accuracy
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Lo ]
L
[}
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Epoch
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A racy [ Trai £) wn
Accuracy (Train set) w
; Q
— Accuracy (Valid sef) P
4 0.6
Loss (Train set)
——Loss (Valid set) 0.4
0.2
0.0

Figure 4-3. Model Accuracy and loss of train/validation set for 400
epochs using artificial neural network based on raw spectra.

Table 4-3. Classification results of artificial neural network (validation set)
using raw spectra.

Actual Species

) Precision
Larch Red pine ) Cedar Cypress
pine (%)
Larch 200 0 1 0 0 99.50
. Red pine 0 185 7 0 0 96.35
Predicted | rean pine | 0 14 190 0 0 | 9314
species Cedar 0 0 0 194 2 98.98
Cypress 0 0 0 6 197 97.04
Unassigned 0 1 2 0 1
2 species 0 0 0 0 0
Multi— 3 species 0 0 0 0 0
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 200 200 200 200 200
Recall (%) 100.00 92.50 95.00 97.00 98.50
Accuracy (%) 96.60
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100%

Accuracy

2004

Figure 4-

r 1.2
0.8
Accuracy (Train set) "
Q
— Accuracy (Valid sef) o el
Loss (Train set)
——Loss (Valid set) 0.4
i 0.2
0
0 50 100 150 200 250 300 350 400
Epoch
4. Model Accuracy and loss of train/validation set for 400

epochs using artificial neural network based on standard

normal variate preprocessed spectra.

Table 4-4. Classification results of artificial neural network (validation set)

using standard normal variate preprocessed spectra.

Actual Species
) Korean Precision
Larch Red pine Cedar Cypress (%)
Larch 200 0 0 0 0 100.00
. Red pine 0 200 0 0 0 100.00
Predicted | rean pine | 0 0 200 0 0 | 10000
species Cedar 0 0 0 199 0 100.00
Cypress 0 0 0 1 200 99.50
Unassigned 0 0 0 0 0
2 species 0 0 0 0 0
Multi— 3 species 0 0 0 0 0
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 200 200 200 200 200
Recall (%) 100.00 100.00 100.00 99.50 100.00
Accuracy 99.90
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3.1.3. Savitzky-Golay 2™ derivative A X & AA g A2HEH
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Figure 4-5. Model Accuracy and loss of train/validation set for 400
epochs using artificial neural network  based on
Savitzky—Golay 2" derivative preprocessed spectra.
Table 4-5. Classification results of artificial neural network (validation set)
using Savitzky—Golay 2" derivative preprocessed spectra.
Actual Species
) Korean Precision
Larch Red pine ) Cedar Cypress
pine (%)
Larch 200 0 0 0 0 100.00
. Red pine 0 200 0 0 0 100.00
Predicted
redicted | worean pine| 0 0 200 0 0 | 100.00
Species Cedar 0 0 0 200 0 100.00
Cypress 0 0 0 0 200 100.00
Unassigned 0 0 0 0 0
2 species 0 0 0 0 0
Multi— 3 species 0 0 0 0 0
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 200 200 200 200 200
Recall (%) 100.00 100.00 100.00 100.00 100.00
Accuracy (%) 100.00
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Figure 4-6. Model Accuracy and loss of train/validation set for 400
epochs wusing 1 dimensional convolution neural network
based on raw spectra.

Table 4-6. Classification results of 1 dimensional convolution neural
network (validation set) using raw spectra

Actual Species
. Korean Precision
Larch Red pine ) Cedar Cypress
pine (%)
Larch 200 0 0 0 0 100.00
; Red pine 0 200 1 0 0 99.50
Predicted | rean pine | 0 0 199 0 0 | 100.00
Species Cedar 0 0 0 200 0 100.00
Cypress 0 0 0 0 200 100.00
Unassigned 0 0 0 0 0
2 species 0 0 0 0 0
Multi— 3 species 0 0 0 0 0
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 200 200 200 200 200
Recall (%) 100.00 100.00 99.50 100.00 100.00
Accuracy (%) 99.90
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Figure 4-7. Model Accuracy and loss of train/validation set for 400
epochs using 1 dimensional convolution neural network
based on standard normal variate preprocessed spectra
Table 4-7. Classification results of 1 dimensional convolution neural
network (validation set) wusing standard normal variate
preprocessed spectra.
Actual Species
) Korean Precision
Larch Red pine ) Cedar Cypress
pine (%)
Larch 200 0 1 0 0 100.00
: Red pine 0 200 0 0 0 100.00
Predicted
e |c.e Korean pine 0 0 199 0 0 99.50
species Cedar 0 0 0 200 0 100.00
Cypress 0 0 0 0 200 100.00
Unassigned 0 0 0 0 0
. 2 species 0 0 0 0 0
Multi- 3 species 0 0 0 0 0
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 200 200 200 200 200
Recall (%) 100.00 100.00 99.50 100.00 100.00
Accuracy (%) 99.90
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3.2.3. Savitzky-Golay 2™ derivative A X & AA g 2HEHS
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Fig. 4-8e] Yetideh 129 4% AAdWY ghgo] whEgd uat
7 Agrs 9 F ARy ¢ w27 sEse AR UEut
S AlES ASwr HF AlES ASEo Ha v AL 24T Y
== 5 30%E wiAlstal stss AAlSkE drop-oute] H-E&EHA7] whiE
o] t}.

Savitzky-Golay 2" derivative dx]g]S A3 ~HEHS

AT AT g5s s AldE 400 epochd st T M @
lossE YElH A A& 349 epoch® YElRTH o] o) A= AEQ loss
6174 x 10°2, 9 ~FEHS o]&3k mdo nls °F 1/908] SNV
ZHAEHS o] &3 154% A Al we] of 1/22v = YEbRTh

A9t biasE HA wdz AAI o=

o

rr rlo

12 S Al st &4
H FE(Y,q0)°) 0.5060%) o1&l B57F I w3l EAsh= 45
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Figure 4-8. Model Accuracy and loss of train/validation set for 400 epochs

Table 4-8. Classification

using 1

dimensional

convolution neural

Savitzky—Golay 2™ derivative preprocessed spectra.

network based on

results of 1 dimensional convolution neural

network (validation set) using Savitzky—Golay 2" derivative
preprocessed spectra.

Actual Species

. Korean Precision
Larch Red pine . Cedar Cypress
pine (%)
Larch 200 0 0 0 0 100.00
; Red pine 0 200 0 0 0 100.00
Predicted | rean pine | 0 0 200 0 0 | 100.00
Species Cedar 0 0 0 200 0 100.00
Cypress 0 0 0 0 200 100.00
Unassigned 0 0 0 0 0
2 species 0 0 0 0 0
Multi— 3 species 0 0 0 0 0
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 200 200 200 200 200
Recall (%) 100.00 100.00 100.00 100.00 100.00

Accuracy (%)

100.00

- 140 -



4.

To-

il
il

9l

¥

XO

96.6% = 3

T
T

99.5% o]

T
T

=

g

A

AN G A

=
=

A3

a

S
~

. %8

il

o

1A
T

(dummy dependent variable)<2}

—_
fiie)

o}
fveel
ol
¥

XH
|

n-

0

A|m
o
o

2}

=
=

SEE

1

0
S

o] 7}

il

Mo

3
12

A
&

Jo
=

1=
=

E

]

<
—=

1

5|
-

A4

=
=

il

A

7 100%

F9l o, Savitzky-Golay 2™ derivative

°©

[€)

L=

To-

¢
o)

Hr
o
m
|

—

=0
<]

X

~X

T
M
o)/

ﬁo

Mo

0

ol

o

o] HFof 1

ot

B2 A=A

]

[ex
[}

¢

—

To-

olo

ol
m
W]
w
<]
T
"

M

To-

T
)

fiie)

o

ol
T

Mo

0
ol

o

o

il

Mo

- 141 -



Al 5%




A (343

1

]
S

o] 7k

1.

—~
;oﬂ_nﬂ.b.,
H.:l o ﬂo % io Mﬁ o um_la éo &0 o
nr B ﬂvAdﬂ o gl s A q_Wo N K m_ m_wm o
Wy do T X W q = o 2 T Al
—~ O_ i H_A;O = ‘_Vlopﬂ N [ S, X E_ E_ TR el
o] o oo ol s W ﬂaﬂ,ﬂ o X < =R m nﬁﬂ A=
) *or T EE W T T wm iﬁm_ﬂrabdr
2LE3TEITEE gREE FFcET
TR T (e )
Uﬂm_%%mﬂﬁ@wﬂ TEYE P BT
i dgﬁmﬂmﬂ)% 2 ™ B Toem® g
x_mxmaaanxnm_.]%ae Hwﬂﬂwi < 7 Mo o B
HL#H%%ﬂ%MMﬂ @Egmﬂma Méﬂa?uﬂ%i
X il % o — 90
@ﬂ%%ﬁi@%(ﬁ s ggaaax
1@o_ﬂga;§faybmh = % e
u_x%%ﬂﬂﬂﬁrﬂomA J%% _Jﬂ_xbﬂi;.__ﬂ
- 7. 0
%a;%ﬁla%%m% Ry e T B
— < f [aze) la% —~ —
T ore < omE b isud; utﬂxmﬂ o0 N oz W
J_é.io T © 2NN L L\)Z
X .HT%{ W oo = N ) 5 _EVGE__%L#M
Hfiﬂm.ﬂaumuc%ﬁ NG &z B L
x5 Tl T T @(ﬁgﬁ
%wmwﬁz@ o~ T B =Y % .
ﬁEW%ﬂﬂi%mmx Hu?wrﬂaﬂm.wﬁa%ﬁ%
g Neo_nmo@d;.wyg ﬂQ@L.WMB.mm@ﬂ%?
Fo I ﬁ?mﬂzooum% @ﬂutﬂo;b m.nﬂm@E
— H oy Al oy o R (- E X [ N W X Mﬂ 5 < S T wr
= = I B OF X - < o) T © o <V A 2 _—
ztﬂ;l_lumn_.gﬁ:L mioer < M n w & oﬂEZMﬂW,r
zﬁbﬂPMﬂMNmﬂ utﬁﬁomﬂoﬂaﬂﬁmZJ_.Cm;o
%@.zo}uﬂ_?%e — 1 oo W E . X A g =
e~ <) K mﬂﬂnp,ﬂ ﬂlaE ioaut_01
o fo ﬁl Ju_! N o Tr H_ﬂ_ )A_l ‘OI Jl (e d — n »A_.c
— No ﬂdxmu o @)
<% ., = g X E W v 2T e T S WA B
A 2w I
TN T iy ol SI B aLCJDATMﬂr@ mﬂmﬂﬂpl
WoRR R 5 o P o 3§ W g e
o) M T M m ﬁm .EJW ﬁ_. T X
BT R

- 143 -



(2) SIMCA: 7} Qe 31 dolEE FAE B8t wasts 2
A REE W v)FEe® 4, vA delEst 7 Jae] AR o
SAE A s AATE S el A BE ol TEEAE
Ferste]l BREZ AAHT B At A sslege] ey
AL, SNV, SG 2"l met 7 % el FAE $48 F36

of SIMCA 9% +% T#& dA st
9 ~AES o3 SIMCA Tl 4

7895%, A2 AR 15%% FFEoH, ER P FE R}

kA Ay E}S 1:} SNV AAgE AAs ~dEHS o] &3e] SIMCA
BHE AASAS W A%E= 519%, Ha FUEE 9067%, AL
A& 195%= LJrE} on ¢ AHEHS o] &3 AT HF BFH
ol FAHIL FH R Hgol @A #Hastdrh SG 2 A
s AT SRS 01%3 SIMCA Pr% Ak AL 7%, Az

01%?} fr% ;113% iﬁi}EF,lJA SebA A 2 uha)
=] shom] SG 2" AA e, SNV dAAe, o 29
22 7@?32}1-:_2 S22 RO A, wEkd SF5 A
o]
2"
2

~AEF S o] §ala] SIMCA ola] AAZe] £F FE& 287 4
A= SG 2M HAAE AEste] MEd mEs &8ss Ao 7HE
A% Aoz AaEA

- 144 -



B SIMCA(Raw)
[ SIMCA(SNV)
B SIMCA(SG2nd)

Reliavility (o)

Figure 5-1.

Reliability of SIMCA classification model as a function of
mathematical preprocessing.
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Figure 5-2. Reliability of partial least squares discriminant analysis
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Figure 5-3. Reliability of artificial neural network classification model as

a function of mathematical preprocessing.
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Figure 5-4. Reliability of 1 dimensional convolution neural network

preprocessing.
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Table 5-1. Classification results of outlier set by SIMCA model using SG
2" preprocessed spectra.

Actual material

MDFE Ceramic board Douglas—fir

Larch 0 0 0

: Red pine 0 0 5
Predlc.ted Korean pine 0 0 0
species Cedar 0 0 0
Cypress 0 0 0

Unassigned 100 100 94
. 2 species 0 0 1
Multi- 3 species 0 0 0
classified | 4 species 0 0 0
5 species 0 0 0

Total 100 100 100

Table 5-2. Classification results of outlier set by partial least squares
discriminant analysis model using SG 2" preprocessed spectra.

Actual material

MOFE Ceramic board Douaglas—fir

Larch 0 0 75

Predicted | Red pine 0 0 0
. Korean pine 0 0 X
species Cedar 0 0 A
Cypress 0 1 ;

Unassigned 0 0 )

. 2 species 64 08 58
Multi- 3 species 36 1 5
classified | 4 species 0 0 0
5 species 0 0 0

Total 100 100 100

Table 5-3. Classification results of outlier set by artificial neural network
model using SG 2™ preprocessed spectra.

Actual material

Ceramic board

=<
O
m

Douglas—fir

Predicted
species

Larch
Red pine
Korean pine
Cedar
Cypress

o
o

o

Unassigned

Multi—
classified

2 species
3 species
4 species
5 species

Total

OO OO O OO OO OO

()
OO OO O OO OO OO

()

OO OO O OO OO OO

()
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Table 5-4. Classification results of outlier set by 1 dimensional
convolution neural network model using raw spectra.

Actual material
MDF Ceramic board Douglas—fir

Larch 100 0 0

i Red pine 0 71 13
Pred|c.ted Korean pine 0 0 84
species Cedar 0 0 O
Cypress 0 29 1

Unassigned 0 0 5

2 species 0 0 0

Multi- | 3 species 0 0 0
classified | 4 species 0 0 0
5 species 0 0 0
Total 100 100 100
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Table 5-5. Classification

results of 1

dimensional

network (validation set) model using raw spectra
(threshold = 0.99).

convolution neural

Actual Species
. Korean Precision
Larch Red pine Cedar Cypress (%)
Larch 200 0 0 0 0 100.00
. Red pine 0 187 0 0 0 100.00
Predicted | rean pine | 0 0 189 0 0 | 10000
Species Cedar 0 0 0 194 0 100.00
Cypress 0 0 0 0 196 100.00
Unassigned 0 13 11 6 4
2 species 0 0 0 0 0
Multi— 3 species 0 0 0 0 0
classified | 4 species 0 0 0 0 0
5 species 0 0 0 0 0
Total 200 200 200 200 200
Recall (%) 100.00 93.50 94.50 97.00 98.00
Accuracy (%) 96.60
Table 5-6. Classification results of outlier set by 1 dimensional
convolution neural network model using raw spectra
(threshold = 0.99).
Actual material
MDFE Ceramic board Douglas—fir
Larch 0 0 5
. Red pine 0 0 0
Predlc.ted Korean pine 0 0 14
species Cedar 0 0 0
Cypress 0 0 0
Unassigned 100 100 81
2 species 0 0 0
Multi— 3 species 0 0 0
classified | 4 species 0 0 0
5 species 0 0 0
Total 100 100 100
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(5) Fohg Fuel 2R o)y

2 AFoA A8 - EFEA 7] (SpectraStar - 2600XT-R,
Unity Scientific, US)+= A @A A &8 7l53st AX3 AHjoh 2 G
+ 680 nm ~ 2600 nm Afe]d] AHEHS 3 4= 1 nm TTOE
=4 4 9o AT o #-3H|(Signal to noise ratio)”} 100,000 : 1
o] 4l AL EFEA 7T

T3, FA, AT 2 A A
7] st AAES ol EAA
Ao w o gert. webA Al
AeA = FaE A9 d & A

rdlo] of2lo] Hgetr AA oY FEANA AR FAOF

(Portable) +&<e]A #3347 (Table 5-7)= W7 900 ~ 1700 nm A}

Table 5-7. Specifications of several near—infrared spectrometer.

SpectraStar DLP NIRscan )
Model NIRvascan Micro NIR
2600XT-R Nano EVM
Unity Allied Texas
Producer T — VIAVI
Scientific Scientific Pro Instruments
Wavelength
680 — 2600 900 - 1700 900 - 1700 950 - 1650
range (nm)
Wavelength
. 1 10 10 6.2
resolution (nm)
Signal to
. . 100000 : 1 6000 : 1 6000 : 1 25000 : 1
noise ratio
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Abstract

Classification of Wood Species using Near—infrared

Spectroscopy and Artificial Neural Networks

Sang Yun Yang

Program in Environmental Material Sciences
Department of Forest Sciences

The Graduate School

Seoul National University

Traditional lumber species identification methods using microscopes
identify the species of wood based on anatomical information such as
the color, surface features, and anatomic structures. Therefore,
highly-trained wood anatomists are essential for anatomical analysis.
A DNA analysis 1s hard to identify the species of lumber due to a
difficulty of extracting the nucleus of wood cells, and costs a lot of
money for the analysis. In this study, lumber species classification
methods based on near-infrared (NIR) spectroscopy and artificial
neural networks were developed for the simple and rapid lumber
species classification.

Larch (Larix kaempferi), red pine (Pinus densiflora), Korean pine
(Pinus koraiensis), cedar (Cryptomeria japonica) and cypress
(Chamaecyparis obtusa) were employed for the study. These five

species accounted for the majority of the log supplied to the



domestic lumber production industry. The NIR spectra were
acquired from the five species Iumber samples, then several
algorithms were used for classification.

Principal component analysis of the NIR spectra and soft
independent modeling of class analogy (SIMCA) were applied for
the species classification. As a result of principal component
analysis based on three types of mathematical preprocessing (Raw,
standard normal variate (SNV) and Savitzky-Golay 2" derivatives
(SG 2")), it was impossible to classify the species because
PC1-PC2 scores were superposed. The SIMCA model based on
SG 2" preprocessing was determined as the best classification
result among SIMCA classification models. The accuracy,
minimum precision, and minimum recall of the best model were
evaluated as 73.00%6, 98.54%, and 67.50%, respectively.

Partial least squares discriminant analysis (PLS-DA) is a
multivariate linear regression method. PLS-DA has a dummy
dependent variables (1 or 0) depending on the group. There was a
difference in the species classification reliability according to the
three types of mathematical preprocessing (Raw, SNV, SG 2").
The PLS-DA model based on SNV preprocessed NIR spectra
showed lower classification reliability than that of raw spectra.
Thus, the SNV preprocessing affected negatively on the PLS-DA
model. The PLS-DA model based on SG 2™ preprocessing was
determined as the best PLS-DA classification model. The
accuracy, minimum precision, and minimum recall of the best
model were evaluated as 74.90%, 100.00%, and 60.00%,
respectively.

PLS-DA calculates a classification probability with distributions of

the model prediction values when their distributions are considered as



(Gaussian probability distribution. PLS-DA models based on raw
spectra and SNV preprocessed NIR spectra rarely improved the
classification reliability after converting the predicted value to
probability. However, PLS-DA model based on SG 2™ preprocessed
NIR spectra highly improved (Accuracy = 95.18%, minimum precision
= 9919%, minimum recall = 9150%). Variable importance in
projection analysis was performed to analyze the NIR band that
affected the improvement of the PLS-DA model based on SG 2™
preprocessed NIR spectra. 1698 nm which is the light absorbing
region of cellulose, 1698 nm which 1s the light absorbing region of
lignin, 1720 nm which is the light absorbing region of lignin and
hemicellulose, and 1830 nm and 2304 nm which are not revealed as
the light absorbing region by the main component of wood, And it
was evaluated as contributing to improvement of species classification
performance. There were three distinct peaks including 1632 nm
(assigned to the cellulose), 1698 nm (assigned to the lignin), and 1720
nm (assigned to the hemicellulose and lignin) and two not-assigned
peaks including 1895 nm and 2304 nm. These peaks were positively
affected to the PLS-DA model after SG 2" preprocessing.

Artificial neural network (ANN) that searches optimum weights
for classification from the spectra and 1D convolutional neural
network (1D CNN) that searches optimum filters for classification
from the 1input spectra was performed for Ilumber species
classification using the NIR spectra.

ANN has three different layers (Input layer : 1721 nodes, hidden
layer : 64 nodes, output layer : 5 nodes) was designed. The
classification reliability of ANN models was similar or higher than
that of the best classification of PLS-DA based on probabilistic

discrimination. Especially, accuracy, precision and recall of ANN



model based on SG 2™ preprocessed NIR spectra was evaluated
as 1002 each. Also, the classification reliability was improved by
mathematical preprocessing in ANN.

In order to reduce dependence on the mathematical preprocessing
used in NIR spectroscopy, 1D CNN which finds the optimal
mathematical preprocessing. 1D CNN architecture developed in this
study has the four 1D convolution layers with different filter sizes
and channels. They are arranged to perform preprocessing
including spectral filtering, separation, and synthesis. As a result
of evaluating classification reliability of 1D CNN model based on
raw spectra, the accuracy, minimum precision and minimum recall
were 99.90%, 99.50%, and 99.50%, respectively. The reliability of
1D CNN model based on SNV preprocessed spectra was the same
as that based on raw spectra. The reliability index was all 1009
for 1D CNN based on SG 2™ preprocessed spectra. Finally, it can
be concluded that the most reliabile and simple species
classification 1s possible when using neural network theory,
especially 1D CNN among the species classification methods using

near infrared spectra applied in this study.

Keywords : Near—infared spectroscopy, Species classification,
Principal component analysis, Partial least
squares discriminant analysis, Artificial neural
network, One—-dimensional convolutional neural
network
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