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Identifying Dalbergia spp. wood with hyperspectral imaging technology
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Abstract: To rapidly and nondestructively identify common Dalbergia spp. of wood on the market, wood from
Dalbergia spp. (D. cochinchinensis, D. bariensis, D. oliveri, and D. retusa) was identified using hyperspectral
imaging technology. The hyperspectral images were collected and the reflectance spectral from the region of in-
terest were extracted from the images. Wavelengths from 955 to 1 642 nm were preprocessed by Savitsky-Golay
smoothing (SG), standard normal variate (SNV), and Multiplicative Scatter Correction (MSC). Then, a partial
least square-discriminant analysis (PLS-DA) and an extreme learning machine (ELM) were used to build dis-
criminant models based on selected sensitive wavelengths using principal component analysis (PCA), regres-
sion coefficient (RC), and successive projections algorithm (SPA) from the preprocessed spectra. Results
showed that for selected sensitive wavelengths using SPA from SG and MSC preprocessed spectra, ELM models
obtained the best classification accuracy (100.0% ) for both the calibration set and the prediction set. Thus,
this study provided a new method to identify Dalbergia spp. wood rapidly and nondestructively. [ Ch, 5 fig. 4
tab. 17 ref. ]
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non-destructive identification

ZLPRALZE Dalbergia spp. AR M 16 IR I 049 5 A 40 IR0 808, TS AE R )G, &AW, S5 .
AH L ¥ AE 2L Beniodendron minus A F14E 8 Prericarpus spp. K, LRI BT M i GERE B 2 N2, W
B AMGE M (A" . LLRRBARTE B ZhR i GB/T 18107-2000 (ZLAYH3AT 7 Fi, AS[) (1 Fh 25 o s Ak
AEYAH LA, Wlan, A WEFEAS Dalbergia cochinchinensis, MFR “HBLIAR”  “KRLABRK" 55, SLRE
AR b, RZRLL AR M A B AR 22 o G, A7 S AN 1 WROF A0 A% {8 B 1) BB [ B A Dalbergia o-
lveri AL R E 2CBE A, 518 MU SR B AR . Frlh, XPL0REOAR A A 21751,
AT RELLRA T S BT AR S A i . HAT, MR s H, B AT Dalbergia
bariensis , Y [CH AR AL M B Dalbergia retusa 1) 75 W5 O AR SRR IESEA TR, S0 4 P2 R A R A
AU o AR A [ DI T BB E Dalbergia AR M FIE A 818 Dalbergia odorifera ) DNA 17 $2& BRI 41
b, GBI S 2E S XA 8 MK, RGNS 8 PRI ARM A it 4T 54k, ol AR AR
il XL Ty VL HR R AN TR 2L BR A AR AR N S AL T AT RE AR AR o (IR DL B D7 AR A — SR R 2 AL,
TRy . AETT . BUARBGE, BURBIR AR JCE RN To A I . PR, IS — BB X LT BR AR B S R AT P
TC N 9 7 A B SR (AR 2 0 S i R B AR R ST AR R B R Iz B e R B AR BT
B AJ L[R]3 ORI o G 0 R ROGTEAE S, BT R B B S el iy SRR AR L R BG4, TG
TR W BREE A R AR BT M, B R GRS R AR R BR BR SO R e B A A
FURT, 1 R A 12 e e iR BOR X LR B AR i AR5 o R D AR 1036 iy 16 38 B (900~1 700
nm) 21 TR A AR B 1 8 G35 R o B Ay, Hrh L B R IX 2 2L R RO M I SO AR AR AR BAR 2 . BT DL,
AT H B AE T A 5 638 AR AR 32 BURE A Y R X 35§ (region of interest, ROI) Y4 635 (5 KL LA
SOl PRIEFHE IS, S5 2Rk T i O B S A Y SR LT RR B R M B RS TE

1 MEE7&*

1.1 ##
ARB WA L N L LA 4 R LB R M (& *1 ZRFRABBEAHIEE
1), SRR A . EL B . BLER SRR R, £ Table 1 Information of red rosewood in the experiment
AEVETF MU Bk KA i3, ¥k 3500 mmx27.50 mmx  AMFE 7 it AT (grem™)

1450 mm M9 AR AT, & KBRS O He-Fh, Soubypely  CCHOAUR EH 101-1.09

4 FTRECCH R IR . preme, sommisse | S o
i ’___[iﬂ A% lzjj\ CEE Y (I 0.98~1.22
12 EBREEGRE

e 2L A B K 19OR R S L BT X

e ARG EEME: RGOEHIL(NITE-QE, Spectral

Imaging Ltd., 25 >%), IRCP0076 R %85 fiF- . Wif% s ng B9

5% 3k OLES22 (Specim, Spectral Imaging Ltd.,Oulu, 2§ g T-HL ! Ly li_l‘f?i“ﬂ
)24 150 W RDELFIR LT ATRESERLE. 6 [ :§f5§? -
OB S om, RAEMFDCIE G PR 320 x| ] N
256, i H 1942 09 6 L A2 8741 734 nm 3¢ F= | LTS
256 LB g T AR ST . ANk LAY PR B XA L . .

F B DY I 4 T B L o B S T & 1 1 &sraEfifis

B3 AT I o 0 SR 9 SRR 9 SRS 7 O 6 Figure 1 Hyperspectral imaging system

1%, IR RGWAHESEOBENT . BECHRIBEE N 4 ms, W2 MR N 12 ecm, V& h
Jg 18 mm-s™, AHFFE R F 0 & OGR4k & ENV 14.6(ITT, 2% ), MATLAB R2009a (The Math
Works, %[ )A Unscrambler 10.1(CAMO Process AS, k).
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KBRS AT R A IE o 1 B EARERS EBOR T FARA IE R Ty, w6 5SS 45 2 R AR 1 R
Iy, REMRBIWLREAIEE G L, HEBERKIEAX R=(I-1)/(Iv-1y) , HEKRIEEMHEZ R, K
RN B ZL R A A A 28 D3 R vh Tl e OR/INRL S 30 x 30 1R 3R m i B4R X A% 4 4>, 4 FhLL R AL
RIGPATF 36 AR IX Iy 36 AEA, St 144 DREAR S K5 P A7 20 R BUR M A 7 4 B Kennard-
Stone S35 DL 2:1 1 LU0 43 AR ASE AR AN TN A, LA @ BUARFEA 96 4>, TN AEREA Y 48 4
1.3 NifFisbiE

SR AZ AR Ik e B A R G £ R AN LB iR MR T S R MR RS, A5 R ] Savitsky-Golay SF-
B (SG), i IE 25 48 B 7% 4t (standard normal variate, SNV)AI £ ¢ 88 8 ¢ IE (multiplicative scatter
correction, MSC) X 8 % ik DX S 56 335 47 WAL B . b SG 1 ¥ B 12 % T 0 Wt 75 e i T A — i g ik 1Y),
SNV 5 MSC n] DA 1EAE A (] by J50RLECR 7 R i 221
1.4 $FHERKEE

CLIRBUARFEA IS S AR FETE R, S 1 /A B iy A% B R4 e 3 A T B TR, o 22 A A B i
SO AR A B B, TR R S IR U A RS i, i TRMAM AR R | F4ERE T
A DO, BN 28 I ZLBRABUR B X 63 B9 W SORE BE AN TR] X2 X 4 ROR B R — D E ST
AW 5T R R4 43 B 7 (principal component analysis, PCA), [\ £ %3 ! (regression coefficient,
RC) F1 1% £ 52 " (successive projections algorithm, SPA)EHFAFIET K .
1.5 HFSHAE

3 3 £T R 1 42 T T HR A LA S 28 o R AR A e 5 5 1) DY i BRI o S0 S T A e /s 3 3
B! (partial least square-discriminant analysis, PLS-DA) Fil# FR 2% 2J #11.1"! (extreme learning machine, ELM)
FIA G B AL A5 R FH TR 91 4R DRy A5 R DE A A v RS At A R0 L A 80 SRR A B A A3 o

2 HERGAMN

2.1 LIEE#EARH i 4FAE

T AZ MR AR A B PR N Z A5, SRRk anfa s & A KM, KB R A 25~
200 I EX B GRS B ST Bl 955~1 642 nm, 4 FhLT FAS Ak S 206 4 Bk E, B
WA WA 2, PR 1106 nm Fl 1 308 nm 4bF 5 m 161 RO %, 4R A C—H — 4%
FEAFARAEALF 1 214 nm™, LR R () O—H —ZAEBP 4 F 1 476 nm, 4 PPl fRE AR M 7EIX 2 DK
BF I L BT A R, Ak, EHLECRE S RCE BRI A A S, MR
2.2 4FHEKKHIIZEL
221 E R4 TR LM AR e A AR P B D AN BT AR R 1 R . AR PCA
G BT A% B 9 55 PP S RCE 2 R0 WHIE I K/ SR BEBURAIE B K, BLZ: MSC T 4b #1563k i) PCA FEAE I
Kk A, PC1(73.00%), PC2(25.00%)F1 PC3(1.00%) ) RE5 2 5Tk R iEE] T 99.00%, — 63 5
B4 XA R B 6 B B % K AE PCL FT PC2 R 2 AH R Y, an 8 3 o, i PC1 AT PC2 rp k3%
71103, 1 143(5ARFEHRMN C—H R a <), 1 193(5RBEER M C—H 5 45 9= 2h
HK), 1307, 1394 F1 1 479 nm(5EF4ER 1) O—H —RASF AR TR A 56 FRENE K .
222 wAZHGE BIERBGEZEET PLS-DA @4 b B2 rh A5 200 o [ U5 38 5040 60 78 R wd B X e
SRR B B R, ORR A A D A TG I 1 T T R BB A 1 RN R S B RRAE B K . B 4 T
W : X2 MSC Ak BG4 6 3i R 10 9 R B0 Pk i RRAE B 4 o 10127, 1 147, 1177, 1 366 (5474
2 C—H — g f5 g Al C—H iR i G 0A 3¢ ), 1 417(5AKRBE M C—H — A5 i 45 F1 C—
H 25 iR s &34 ), 1453, 1619 F1 1 632 nm( 544 % O—H —RAG MR A 5) .
223 HEGHRPE  ELPEIEE MO BE AR TR AE B e B R R 4L A PN AR ) SRR M
F /o X2t MSC fiAb BE A4 6% B4 R SPA (179 AE D K e B AN 5 Bim o 18 8 R AIE I < A8 A
Bl 5~30, 4EREL 8 AR AT, B RMSE (Bis 8 &k 0.377 5, Bt s KAk 1123, 1224
(54921 C—H —HfEimgiEsha6), 1284, 1362, 1423, 1433, 1565 fil 1 605 nm, it~
[ R AIE I K e B e G0 M0 AR AE D K A B 26 2 s, dd 3k PCA B0 12 3 A SR 0E B0 1 A B0 2
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Table 2 Number of effective wavelengths selected by different methods
A R I 328 A B A
P LS N : . AT
PCA(FEJR I 73 ¥ i%) RO 5 & Hid ) SPA GELERR L)
SG(Fi) 6 7 6
SNV (rifEIE &S A8 6L) 9 10 10
MSC (ZICHS R IE) 6 8 8

23 ET£HMAIEHBHLBRB AL RFIRH

Xof AR AL B AN e 5 3 iy vk AL B S 9 6 43 ) 57 PLS-DA Fi ELM £57%) . PLS-DA 533 J2 il i
VA5 8 B 55 200 {5 20 B R DG O 28 o7 el AR R, S 7Y 4 i 7 A%+ %8 (latent variables, LVs)
5, BIEA 0.5, 7 [l Y= AR T A5 38 (1% TN AF 5 B0 (B 22 2 1 240 X /N T 0 D00 ) O, R Rz D b
Hiik. ELM BRI EAT 22 o) s EE R, 2 A PERR I 5450, RS 2B R ECh  “sigmoid”, KR & E M 4T
ANBCBEE N 20, RERIAG TN PE RE B EE o 2 FASERL G 0 o g SR AN 2 3 TR .

H 35 3 A ELM (R (R8O 2247 T PLS-DA BT, 28 5k T b 3 4 SHU0 B4R 22 47 T ok S Ak 21
AR R TR | T A ) SR TR fg YR 1) TF B 2 48 5 T 85.00%, Jirh, 22 MSC i 4 3 5 Ay e A 1R 1) 0F 1 %
K #] 100.00% , T4 BT 5 1E 5 R4 35 ) 97.92% , B e A0 R B0 o T A ) R R ) A3 A e A
8 AH I 4 T 1% 1) 21 R A AR 1 B 2SR AT AT Y
24 ETHERKNIBREARMMEIDZ

FE TR AR U 1 A ST 1 ) 590 A3 AT AR TR ) 43 BT 25 R AN 4 TR o
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Table 3 Identified results of different discriminant models based on full spectra preprocessed

PLS-DA ELM
il R ZRIE S LG ERUES
POIEA BRI U BIER% U B BUIEOAS RER%
R B4 89 92.71 42 87.50 93 96.88 44 91.67
SG 90 93.75 42 87.50 95 98.96 45 93.75
SNV 94 97.92 44 91.67 95 98.96 46 95.83
MSC 95 98.96 44 91.67 96 100.00 47 97.92

AW : G SG P 5 SNV g fifk E 4528 fik 5 MSC O 2 U0 UM BEIF
F4 ETHEEKEINTEERGIRGE

Table 4  Identification rates of different discriminant models based on different wavelengths selection methods

A PCA/% RC/% SPA/%
b s T
RIS IRIE S RIS FRE S HEpE 4R FRIES
. PLS-DA 77.08 79.17 80.21 72.92 93.75 89.58
% ELM 100.00 97.92 98.96 95.83 100.00 100.00
PLS-DA 72.92 72.92 80.21 75.00 80.21 87.50
Y ELM 97.92 91.67 97.92 95.83 100.00 97.92
PLS-DA 64.58 70.83 83.33 87.50 85.42 89.58
M ELM 98.96 95.83 96.88 93.75 100.00 100.00
YL SG -5 SNV NRHEIEZSZE 4t s MSC y ZOCHUMRLE s PCASY T3 73 #rids s RC W T R #k s SPA i 84k
ik,

MF 4 mTHT: iz AT SPASRIRAY AL T+ SG Al MSC FiAb HH ' 35 A9 R AE B I 57 19 ELM BE RS 7S 1 #x
LR RCR , A AR AU AR #R BT T 100.00% H9 U 5 . 32 ] PCA k3% i 2 T MSC JAb FHOE 1% 1 4
AEP I ST (9 PLS-DA BERUIRAG 1 fe 22 A RN AICR , A REAR A R R AR 64.58% , T3 4R i 18U 5
70.83% . [Ny MSC fiabk B 63 Hoz ] PCA SR BURHT 2 A T afi, B BIAESEST PLS-DA S AR I RCR
Bz, MR PCA, RC A SPA X 3 BlRF AR P I e £ 5kt ar (IR B B n] 1, 3z 1 SPA S35 A9 IR 1 IE
AR e o WA, TEAR DG B BT ik T4 R, 32 1 ) — FioRp AR 3K Pt 7 i5 i Sr B R, ELM
TR B PR TR A R B R T PLS-DA BERY ] REJZ Ry ELM A o 289 B 9 25 14 i AASULEL 1B C B9 i
B ARG 2R B o

3 i

A5 ) FH 18 6 3 IR B AR 25 A AR [ 14 S 3% 9 A B8y e ARV AR 0 KK e 488 7 ok A S 07 AR 0§94 40 531 4 A
BERY SCE T X 4 FPLTER A AR A AR .t bh i R B, JE T A6 LR PCA, RC il SPA
5 140 AR ERUAC R AE Y 1% A N7 A ) AR R ELM AR Y SR 51 IE A R 45 = T PLS-DA #S7 f A, T 4
SPA £ B R AF 7 4 g 57 i BE B R OR e i . Hirfr, SG-SPA-ELM £ 7 | MSC-SPA-ELM #5574 (1% 45
ALTFNTUIN AR (9 U0 2 AR A ] 100.00% o DURFAE A g7 i 0 SR AH L etk S, 4 T AR R L
WAS TR PONRCR . B —E I . AR v e R, BT @ik sUg B8R 256 000 4 B
BRERY P Bk AR | S LA L DL RER A U A AR AR AR T — B R

4 5FE Xk
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