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squares regression , PLSR) . % #f 1] 4L (support vector regression , SVR) F BPNN ( backpropagation network ) # £ [ £& tiy T il £
RHATHIL, EREN, SIREEWHA/NT0.65 0 AT ML R (KT PLSRER, ELUREELH AT 0.7 1, ERHM
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NIR Prediction Model Optimization Study of Pinus sylvestris Wood
Density Based on Convolutional Neural Network

LIU Xiaoli, LI Yaoxiang”, PENG Rundong, ZHANG Zheyu, CHEN Ya
(College of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract : Near—infrared spectroscopy is uniquely suited to the prediction of wood density, and is a convenient and rapid non—de-
structive testing technique. Convolutional neural networks, as one of the classical deep learning models, is capable of extracting feature
mappings from data for learning using convolutional and pooling operations, and has more powerful modeling capability compared to tra-
ditional learning models. In this study, CNN was used in near—infrared spectroscopy to predict the air—dry density of wood. Pinus syl-
vestris was used as the study object to obtain the near—infrared spectral data of the cross—section of the sample wood. The high leverage—
studentized residual (HLSR) method was used to remove abnormal samples, and SGS+MC+Auto was used to pre—process the spectral
data. The characteristic wavelengths were extracted by the CARS algorithm and a CNN model was constructed to predict the air—dry
density of the samples. The prediction results were compared with the prediction results of the partial least squares (PLS) , the support
vector machine (SVR) and the BPNN neural network. The results showed : when the calibration set ratio was less than 0. 65, the mod-
el prediction results were slightly lower than the PLSR model. However, when the calibration set proportion was greater than 0.7, the
prediction accuracy of the CNN model was better than the other models, and the performance and stability of the model improved with
the increase of the proportion of calibration set. The study showed that CNN can significantly improve the accuracy of the model for pre-
dicting wood air—dry density in near infrared (near infrared spectroscopy) , and realize the effective prediction of wood density based on
NIR technology. It provides a theoretical foundation and scientific basis for the non—destructive testing of wood air—dry density.
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A8 BV A A 5 ) — T B AR A, A
AXCRT AR i b SR AR A A4 B B8 1 4 M 55 ) BRI g
T L3S B4 5 W A A ) 75 il 0 o 0O AR
A A ARG I — LR AR Bk 2 G T O T Y 7]
I, ARGER RGN A A 45 B B T3k 6 RE A 57 A i IR
HABRH, Jovkig 2 ALy A8 PR e A6 I i
FRM PR BRER A A AL EL R R R A b 2
JERITE A EEE L,

T LI AT ( Near—infrared spectroscopy, NIRS)
FORNE g — T P A0 1] B S ey 10 I 75 G B TS 40
REIMEEA | LX) A 8 14 2 2H st F 1) 3P o bR it |
YR 50 ) 00 A A4 5 B 455 T, Zhang
SO ILFAT LT AN ETE R AR B T ResnetlD-SVR -
TrAdaBoost. R2 Fiili#i 8 SCEL T & A AR M ST %
JEE A TCH AR 5 XS 45T B T LD AN R R
P/ 3 A 1) HLAE B T 4 b A A A Ao 2
FE TRNAE B BEAH OC R B (R) 1 0. 945 Li 551k
214N S PSO-SVM ( particle swarm optimization —
support vector machine ) 5 2545 FH0I 75 A (4 4% i
WL, TN £ R R TR E RE(R?) M 0. 925 TSR
2T NIRS 55 PLS—-DA ( partial least squares dis-
criminant analysis) &5, MERR TR 1 9 Fp i 4,
i =3k 99. 58%,

S NIRS HA 5 A 2045 5, HAE NIRS
el b AR CIE B IE OGS (R B IR S ),
TR ARAR R AL RE T o S i Rt 2K Tr] L, B 303
FEAR I TR NIRS Hdi g7 v, H il i
ATy Ik B FE SR ] ML (support vector
SVR) | i f5¢ /IN — 3¢ [l I3 ( partial least
squares regression , PLSR) il BP 1 28 % 2% ( back-
propagation network , BPNN ) Z54 11107121 - SR Tfi7 | fifi
A XF NIRS GUSAR R A WHRA AL GE @ RT5 1%
fy it i 1t B M Ok PLSR B 9 T A B 4% % %K
Y, FE TR AR I, SRR B AR AR
SVR “H T #1109 [ 51, {H S 55000 1E 5
TR A AE BE PR R FE Uk, X 2 B0 Y R B
0 BPNN S5H 4%, 5y B U4 Tl

BB P 22 W 2% ( convolution neural network ,
CNN) J& R B2~ > Ul e ) 2 Ak 22— #
BT AE G @72 (10 PLSR . BPNN %) 5BEf T
BRI S RO 2 TR AR R i LA A e i

regression |,

CNN AEE B ST Jmy 8 OGRS 3, ] I R AT
RIFPRUEAN RS W 2R A B2 2% B2, CNN AR fE A
Z YR T PR IUCR ORHIE | R AT AL AL RE T N
AR A, P AR g Ml e L v A B h A E R
HIURTE B S AR )3, AR A i+ S 80
SRR AR CNN B2 FH AR B
7R 12| N N ¥/ = o i L L
HUUEGUR, FHE LT NIRS, 2350 R
CNN,BPNN,PLSR Hl LSSVM ( least squares support
vector machine ) 5 7Y 1 U + 38 & 7K 3% | A CNN
RRALT 3 e A R 45 2R 100 4 TR 22 3R 88 ( determi-
nation coefficient of prediction set,R*) >4 0. 956 277
Hi% 2 (root mean squared error of prediction, RM-
SEP) 4 0.804, BRZREAF™ H T NIRS, M CNN 15
PSP &, SBT3 B A R e AR I 1)
R Rk 95. 4%, LI ERFFERY] CNN 2 —Fh 55
) NIRS 5 bt GEPEMT %

ABFFEIET CNN T2 A B2 GO0 FH A9 D6 A
FWE T, IR 540 ST %5 Y NIRS 0l 46 O F 52
X, R AT 0 25 B 5 6 1% A B A5 D7 ¥ ) 5% 5
WAEA GGG h BL L AL GO 75 T4, SR J5 X
TR B BEUL L, 23 3R CNN L PLSR il SVR
SRR T A A R R A A | I L A ) A A
FUMBCR 1Y 22 57, We B U U AL B, 2l NIRS 78
ARFBEAT ST ST AR LB A S AR

1R

1.1 (B EHER

RIS R F2 H ASD A A 7= i, £ FK A Lab-
Spec © Pro FR/A114260 #5615 H#1 . FIH
PGS 1 SR SRR A AT 2T AR G, eI K
JEFEEEE 350 ~2 500 nm, YGIEFEE K3 nm@
700 nm,10 nm@ 1 400 nm, 10 nm@ 2 100 nm, JGi%
KAEERIFE M 1.4 nm@350~1 050 nm,2 nm@ 1 000~
2 500 nm,, S FRCHES R SR DU R 20 R
WS DC EWRAT, 0 OGRS R G
1.2 R

JIT FHARE £ A FE R 28 e VA8 i I8 MOl Jmy AR
ITLIMRI% ,129°04/38” E,46°53"13" N, Hikb /N 2422
Vom0 BT I A S 38 L N Y A T
Mg75 ., 15 106 4~ 20 em x20 em x50 em AR T4
RAAFE S o A ot 78 38 XT3 = PR B8 T
B4 A E TR 0 I AR A AR R AR ) S
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Tab. 1 Basic statistics of air—dry density of Pinus sylvestris

FEAE/AS BME/ (g - em™) BRME/ (g em™) F/ME/ (g - em™) bR/ (g - em™)
Number of samples Minimum Maximum Average Standard deviation
106 0.559 3 0.634 0 0.5212 0.030 3

1.3 BETFERMEMLE (CNN) KA TS5
REE

BRI ) 2% (CNN) 3l H AL 5 55 A 2 (input
layer) .45 #2 2 ( convolutional layer) . {6 )2 ( pooling
layer) . 4= 3% £ )2 (fully connected layer) 5 i th )2
(output layer) , 452 AYVEFE SR A FRIE AR
B TRy 2 BB G Ao A W7 b 7 o A KR
gy, IR TR S AR AT BRI 5, SR IBURE (R B
BREHE AN

X =12 (X xw)) + ] (1)

A FORBRZEG « FRBIUSH X, A5 | 5
FRUZH Y AR X 5 -1 SRR Y
AP ) H W B o, R | 2 AR
by A L BRZ R E I,

A2 8 A PR 0T A5 AR i s A8 R E £ B 2E
Fr R RAE, 980 2 BB T 5 i e A 0 7Y & i

P, Tk St BE UL B AR AR e B B e, 2
R ELM A 4 P R Ay (b PERE
ANHRFE R T G S B B S TR T 414
T4 BT A A ( ATSpecNet ) , ATSpecNet 1 >4 A
234N 4B 3 MK ZE 1 A RTZ 6
AR 1 AEZE A A S g 4L,
T A58 A R GRS BRI AT 63 ANRRE , Xtk 4
NIZH KN R 63x1, — 4B R ECH 7351 R 128
64 132, BRI KNGk 5.5 Fil 3, B K
1, WS PRACK tanh, TAR)E AR 0 K/NE 251
M 6 i)z i th 4E 5 53 0h 32,16 .8,
4.2 F1 1,1 tanh 7E R 380 pREL, RMSprop L 1L
2 W 2F 2 F 0. 01, epoch SN 200 #) )7 1% 2%
(MSE) M5t 4k s 85, 4 1 i 2, 3 i pe Ak 19 285 46
2% RIS RS 2B e AR AR T 25 2R 1Y) o
BPEIE R R A S8, IR AR CNN AR

—> TA L 1 A —
Spectra after data BEIELR (5 L 75%
pretractment Calibration set 75%

TR i HE 25%
Prediction set 25%

,
g S,
¥ = I =
& £ i
= =
- ()

J
l

CNN 31255 13
The chart of spectral data analysis and
the structure of CNN model

Bl 1 CNN-NIR P4 2515
Fig. 1 CNN network structure
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2.1 FREHF

I3 R ATAF(E 5 A A 5k 22« 456 (high le-
verage studentized residual, HLSR) JE& X-Y 1Y &
BEQE A I J5 7% (outlier samples detection based on
joint X=Y distances , ODXY ) 56 5% 22 K 56 ( spec-
tral residual, SR) %77 Y 6F JEUH R HE AR 77 59 2
EAIER . 3 Fh o W AR A BIBR B AR AS B B 45 2R

B2 i, DABA G T 4R U i REL(R?) & RM-
SEP BRI IR P b, WL 3% 2, BEF 5 (E 50 Bk
J& B NIRS %iH 27 i PLSR #5580 (A5 45 A5 Al 1
KA HLSR Ska, R FA40Ch 6, A R? K
0.612 2, RMSEP % T 2K 5 Bk 55 (H 1 B AL [ Ry
0. 017 9, JZ AN [F) 57 {BL 29 B B3 12 v o) 235 2R 1) B/
., BRI EEPE S 2 (P RE M B R IR e YA
KM, SR8 7% 18, HLSR Bl G b A% i Y 57
HAHMBRFIL

K2 ARREEIIBRTEOEFRAMZEZERANER

Tab. 2 Modeling and prediction results of Pinus sylvestris wood density based on different outliers removal methods

R KIESE SRk
e SR S % Vel Calibration set Prediction set
Number of principal NIgS— S Nrgree— - -
Sample removal methods components PLE R AL KIEY T2 g REL T Jr iR 2
R RMSEC R RMSEP
HLSR 6 0.664 6 0.016 7 0.612 2 0.017 9
ODXY 5 0.641 4 0.018 3 0.494 5 0.020 9
SR 5 0.610 7 0.019 1 0.453 5 0.0210
None 5 0.653 7 0.017 7 0.5237 0.019 9
1 : None AR H 5 IR G0%
Note: None is the exception elimination algorithm not used.
E25 0 #69 8t 106
= e e 09 48
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E E 0.5F ° o ° e o..o - .. . O.o. .0.. ° & 2k oo ° ‘ 3 ‘
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= 00l el T 1t
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BRI FEAJFE
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(a) HLSR (c¢) SR
T o B2 3FMREERIBRTEELDBRER
6 : Fig. 2 Sample removal results based on three outliers
s| removal methods
R *102
L o4f KH HLSR SERAFSEARAS a8 1o A D 2 A Al sk
< 3 ] " ZERGIRIY ¢ oA i FHE R E HAR, AR+ 1=
5 51 _______________________________ 2.365, LT HLSR 555 % BEA AL BT AT 55 2%
e . : gk . IR TREA S 40 .69 3k 2
P A SRR SH BEAR BB T T CNN BRI,
0 20 40 60 80 100 120 2.2 BEFHAMIELIIMLIETAET &
s 0 E 7 A B L
(b) ODXY AR R (nLV ) KAl Ak PLSR #581  “R F Z o0 #Ut

F 1E ( multiplicative scatter correction, MSC) brifEfk
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(autoscaling, Auto) . £ #4#¥ (detrending, DT)  b5ifE
TEZS A8 5 48 # ( standard normal variate transforma-
tion, SNV) . # {6 H.0> fk (mean centering, MC) 5
Savitzky—Golay 15 F1°F- 1 ( Savitzky—Golay smoothing,
SGS) S5 FAb BT ARG & X I 4h 6 1% AT P4k 2R,
W 3, T WA S K NIRS 6% B 8 57 /Y
PLSR S PFHr 46 bn 245 2 1 W 1 i3, B A X
NIRS JGiE#EA T FiAb 2R, AT DAAR b b A DR G5 A9 B4k

VRS R M 0 S ) R, A 3] R A R 0
MRCR, LR AR RS HE4R, R SGS+MC+Auto
A G WAL BE 5 R, R BOCR 4, BN 4E R
410.761 6, RMSEP A4 F 4R EE M 0. 017 9 BN
0.014 1, /2 /N [F] 7 Ak # J vk Ab 3 455 A0 3 0 4
RMSEP Wy iR/ME, 2565 8, AR IERE SGS+
MC+Auto 4 H 5 ) NIRS #4582 37 CNN A Hf 25 )
T A

R3 AEABLETENEFRAMEERNLER

Tab. 3 Prediction results of Pinus sylvestris wood density based on different pretreatment methods

A HEE T
kb 385 T Calibration set Prediction set
) Number of principal —— - N -

Pretreatment methods components ESEY s RETE 375 iR 2% Y B 7 MR 24

R RMSEC R? RMSEP
None 6 0. 664 6 0.016 7 0.612 2 0.017 9
MSC 7 0.791 5 0.013 9 0.655 1 0.016 9
SNV 4 0.461 3 0.0223 0.6250 0.017 6
SNV+DT 6 0.683 0 0.017 0 0.598 8 0.018 3
SGS 4 0.843 1 0.011 6 0.6313 0.017 5
MSC+MC+Auto 7 0.791 5 0.013 9 0.655 1 0.016 9
SNV+DT+MC+Auto 8 0.896 4 0.009 8 0.717 4 0.0153
SGS+MC+Auto 4 0.8812 0.010 5 0.761 6 0.014 1

2.3 EFRARVHELLIMLIEFERRMAIE

TALE T AT LLTEBR NIRS £ i Bl LI 7
HEL A A% 55 ) AL, 2 i e SRR L, H
NIRS Hdha A3 e A7 18 R i B2 4% TUAR AR B 1 v 4R 2
P, T E TP SRR Y TR B S RE . P
it — 2 Ak NIRS %udis, HIFR NIRS %k 19 50 A%
B, SR m B A B AE S . ASWEFER HISE 41k A i
I FE AL 3 ( competitive adaptive reweighted sam-
pling method, CARS) $#&HURFIE B .

K JH CARS £ NIRS B i, 5250 1% R ARk
(Monte Carlo sampling runs, MC ) Xf AR FE A K AE
100 ¥, LA 10 4758 B UE A E de KW 8 1 X400k
15 i) PLSR,

K CARS $IBURMIE D Bt , e 20k 4% 63 IR
AR5 PLSR (9t BTG B -5 B kA
FN IR ART P O AR IR S 4R ML 0. 761 6
#2551 0.934 1,17 RMSEP M 0.014 1 FEAIKH 0. 007 6,
P 3 () EERY 20 e 5 H B R A B iy
PR, B 3 (a) AR, B SRR DR 1S I, pl ik
H A 2 e 0 S L E R S T 2%

[ 3(b) Fn 28 LIRS J7 B 1% 25 (root mean
squared error of cross validation, RMSECV ) ffi# KA

WHSE I A a3 R, B KR ITUAR (S B phl
& ,RMSECV BUEFC/ NG K, Y RAERECH 51
ff RMSECV A2 i /IME, LA FRA5 5 UL 19 FRAE 1 K
. TE 1~50 IR ALZ St A b NIRS $5d 1
TUAAE BRI, 2 REERBCR T 51 1, RMSECV
BAE I LT, X R IR AT B B A Bk i [H]
B, B A5 BBl 2 B, 3 SO A ) 930 00
REAR

Bl 3(¢) &7 i B 1) 7 1E D 4 76 B R AE 1Y
L= 22 000 28 A 0, I B 5 2R 3R OR e/ RM-
SECV XJ 0 T4, XFHE 3(a) (& 3(b) 4
FHEL X, FeWIRAEKECH 51 AT, RMSECV /)y,
IR AR B 7 A R 5 R T AR ST A G i
o P RFAE D 4R | L0 HE S 31 63 MFAFIE K .
2.4 BIEERIEE

SKIAFAF AR A 25 FE WO B | A 55 B AL
B 75% W4T ROFEAAE A 1% 1E4E ( Calibration set) ,
AL TN AE R 5 B R S5, v
T A% 25% WIFEAAE R 150 4 ( Prediction set) , #f1%
FEASEN) R® RMSEP AT/ iR 22 (RPD) % 3 8
YRR REH (R P48 A, F R0 T A5 78 ) F500 A
1, WIS, AR R EE L3 4.
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Tab. 4 The prediction results of wood density with different model

B4R T4
%l Calibration set Prediction set
Models Y BOEB R 2 R e Y AHXS o3BT 15 25
R RMSEC R? RMSEP RPD

PLSR 0.992 2 0.002 5 0.934 1 0.007 6 3.972 2
BP 0.8556 0.010 8 0.794 1 0.013 5 2.247 9
SVR 0.899 6 0.009 2 0.875 8 0.010 2 2.894 2
CNN 0.974 8 0.004 6 0.941 9 0.006 9 4.2312

TE A X FEAS [R] AR TR T (4 A 1 s 2% R ) 4%
X AR IR 5B A 25 %% 8 A [l U 03000, NN A5
RITIM A8 ) e fhe, 7ERS AL S Pk 2 Ak AE 5 Fl i
B 7 1T, CNIN ABE 78 ) T30 4 e o R 8500 K (R =
0.941 9), k. BP I SVR BRI 4 #2755 0. 147 8 F0I
0.066 1, BAT R mIE L4 B, 2B CNN BRI
PIARCR R, ¥R iR2E RMSEP £/ ( RMSEP =
0.006 9) , Lt BP i1 SVR #1453 J|F#K T 0. 006 6 I
0.003 3, B CNN BLHY 4 WK BE e =i . RPD fi
K(RPD=4.2312), I BP I SVR BB 43 542 e T
1.983 3 f1 1. 337 0, &M CNN AR T AR 124k

PERBIRAE ; BP 1 28 0 26 155 70 A oy A3 455 780 v SR L 4%
#;SVR \PLSR 7F 4 A h B rp 25 ) 3l 3 Hh g
KB, CNN 55700 (g FUIORS B & M 32 fh M e A
t,0LF BP SVR L GAA =l CNN 2544
AT LA > B A 1) v B R A B, I die KR
YIZRH A NIRS E4f , M 2 7 700 68 48 75 1 K
M4 5 P AR AR

5% 4 & PLSR REAIFI CNN #5580 i P-4 38 b
A[LUE Y PLSR R IE R e 28 R® e K, M
0.992 2, KIE4E My He i %L R RITIN 4R () e o
R BY2E(E R 0.058 1, H CNN BEARIAL IE AR (1
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TEZREL R MR PeE 8L R® 1925625 0.032 9,
CNN ARG A 5 4 A DAk P Am 22 4/, TRk
CNN F [ EL A AR 5 TS B2 O PLSR.,

PLSR 5 CNN #2 AU () [a] 15 25 R an & 4 B,
2 AR A TE AR 5 TR0 AR (1% %% S0 8 343 53 A HE

0641 [0 Mtk
Calibration set
062 |® T

Predicted set
— 11 &

Fitted curve

0.60 -

value

T 058

B /(g-cm™)
Predicted

£ 056+
0.54 F

0s2f &

SEME /(grem™)
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(a) PLSR

Tﬁ{)”'l{ﬁ /( g cm™)

PIALRMIT, & 4 BT A1, 2 A G A OE SRR AR
A 2ESEIFAN R, AHXT T PLSR BEAY | CNN #27
F14) SR04 A A T 4 S L 4, BB 3z Ak g )
3, JFH CNN B RPD {8 K, Bi ] CNN %
(P BEFE PRI T PLSR.,

0.64

| o °

- alibration set
0621 | o Hiiit

Predicted set

0.60 [ |[— 1:14 &

L Fitted curve ;

°
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(=)
N
&
T

SEE /(geem™)
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(b) CNN

B4 AREERGRIMEIEFE

Fig. 4 Regression plots obtained by different models

ZEA TR CNN AR 2 —Fif i 1 RE G A5
AR T2 B NIRS #5280, 3T [ (L 40 7
TR, R F CNN AR ERE HE 7S T HA < T 25 B T
DAY | FLAR BT 1% Gt i TUIASE A0 HL A O s f A 75
Faddrt 2 AL BE 1 5 T dE R ML WFgT KR
CNN A, CNN 2548 REIE— 25 R A B8 114 24
JE S HEBRASAH SCEE (1 T8, I LI € 54246 NIRS
Bt B Y 2 BVRRIE S B R X SRR
15 B TS RS T4 BE A S AR TR0 U5, DA 2 57 19
IAE ) T 437 AL BE J B 5 | g AR Y T
R

AR CNN HE R (A F 3 S AL 7T LA 440
TEASER R S AU A, (T CNN JEARSE 2
B NJZ 2 A 0 4 4 A o B i i, R R R
YIGRREARTEAT YIS, PR R b () S 800, TR e
#E57 CNN BRI, 24 2 5 g i) Il A A d /1
R, B (3% 00 1 i AT B TR R B R, Bl G I 4R
FEAS BN, XEE A NIRS B #4711 45, 580
P 45 25k T AU, DA 55K S5 A1 i A5 18 S 40
— AT N RE S S A R
2.5 BEEEREINEBRFNEE R

R T RS AN ) SRR AR H2 XA R 28 SR 5
AW R BEHLEURE 75 5] 43 156 1 56 5 T 48 | 12 1E
R HOBB EE R 0. 5~0. 9, BRI TN 4R N

M SEREA () R* RMSEP 5 RPD, N iE— L 561IF
CNN [l [ ¥51 3000 452 750 /4 0 000 285 S, & 57 BP | PLSR
SVR G GBRIE RS BRI S , WLEKS,

HE 5 AT, HECIEEAEA Y (5 TR 0. 50 B,
PLSR 5 SVR FA () WM PE e S8 A7 (b ERe L T
CNN F7 BP #1258 W 45 A5 R0 P B e 25 . 4 IE
SEREAR BB 0.55 5 0. 60 Bf , PLSR B8 A H5c 4l
B CNN 527D B 000 1 RE A5 21 T B B i 4 T
MAGIEEREA 5 KT 0. 70 I, CNN #58U7E fif
R v e A A, AR AR ) TRDUDORG B B AR S
ZALPERE S T AL e YA ESE LK
T 0. 80 I, B AR AR (1% T I00RG 8 42 ey, (L2 0 4
PIREARANEI/INT 21 AT ST, U IESE di b
4°0.70 B, T AR (YR AR FOR T 30, HA KR
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Tab. 5 The predicted results of training sets with different sample sizes
CNN BP PLSR SVR
KR4/ B
Calibration set/ RE Wi Mgy e Wors Mgy e Wkl Mgy e WIrR HIXAE
Prediction set A BRI Brig2E FY4 R Wiz EY 4 R WrizRz: E314 WE - MRz
R RMSE RPD R RMSE RPD R RMSE RPD R RMSE RPD

(0.50)52/52 0.7356 0.0158 1.965 8 0.6553 0.0139 1.7199 0.8417 0.0115 2.5376 0.7703  0.0143 2.1072
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