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Abstract: Selection of training samples, a direct factor affecting the accuracy of supervised classification, with
a higher spatial resolution image, requires more accurate training samples, but the human-computer interaction
capabilities in the selection of training samples is limited. Therefore, in this study, an algorithm was provided
for automatic extraction of training samples. Airborne hyperspectral data and LiDAR data were used in Gutian
Mountain National Nature Reserve. The hyperspectral data were used to extract training samples automatically
and variables of tree species were calculated. According to differences in structure and height of individual
trees provided by the canopy height model of LiDAR, a tree height mask was made to help circumvent the
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problem of different objects with the same spectra and identical objects with different spectra, as far as possi-
ble. Then, the spectral angle between each pixel and training sample pixel was calculated and highly pure pix-
els at different heights were selected automatically. In addition, a vegetation index and principal component
analysis were calculated. The precise classification of tree species was carried out by a support vector machine
classifier in the study area. The experiment used a method of stratified —auto sample selection to extract the
training samples of broadleaf, Masson pine, Moso bamboo, Chinese fir, and tea—oil tree forests, and then classi-
fied these five tree species. Results showed that the combination of hyperspectral data, LiDAR data, and the
structure of the insensitive pigment index revealed an overall accuracy of 89.12% and a Kappa coefficient of
0.86. Using a combination of the best variables, the user accuracy was as follows: broadleaf forest—-75.00%,
Masson pine——100.00%, Moso bamboo——86.36%, Chinese fir——90.91%, and tea-oil tree——96.55%. Therefore,
integration of different remote sensing data, stratified-auto sample selection, and hyperspectral variable selec-
tion using LIDAR and the structure insensitive pigment index were effective ways for improving tree species
classification. [Ch, 8 fig. 6 tab. 19 ref. ]

Key words: forest measuration; hyperspectral; LiDAR; stratified-auto samples selection; tree species identifica-

tion; spectral angle mapping; support vector machine
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Figure 1 Location of Kaihua County in Zhejiang Province (left), location and flight trajectory of National Nature Reserve of Mount Gutian

(middle), hyperspectral image (upper right ) and LIDARCHM image (lower right)

2 BEFERERTAE

2.1 HHEIKER

PLEEE L €T 2014 42 10 F o Bl B 290 B RO X, FRIBC T BIF90 DX 5 8] 4 B 38 110 g D6 i vy
I LIDAR fla s, Bk IBCy K /b 2o [Rl 26 JFJ& 1 &R 20 e n B T4, [W)4F 12 H XalAT 1
FEH AP FE R 2 o U RAT B S G5 L AR O AISA Eagle 11, GG Rk . /AL GPS/INS 453k K &
RERGH, s 64 A BOS 6% R ER T R R RERA MG ELR, WTRPHRT &
Riegl LMS-Q680i LiDAR &4 , wJ RAF A R0 =4 S B {5 B o w6l f% 84 AISA Eagle I 2
B SGIETEE Dy 400~970 nm, WAy 160 M -s™, FRFEDN 18.1 mm, JGi% sy PRy 3.3 nm, WM K
37.7°, BREFALY MM 0.037°, LiDAR % & 4% Riegl LMS-Q680i %% . K & 1 550 nm, #t%k SN
0.5 mrad, FOGMKMACEEHy 3 ns, 5 A N300, FRBOLIK b & 20 400 kHz, PIE R FF Y 1
ns, 1000 m &R EE R 3.6 ptsem™, FEHHHERN 1.15 m,
22 H¥EALIE
221 MEFZHAEREG LR FEARIRALE O SHLEE IR T T RGN E AR . JLRTEGE R
IESIRCIE 38 F5 X B AT KA IE DA S 5 LiDAR s 09 JUr e v o H T AL 4R s 52 K05 M A X 388
AN, B, ABFFER A FLAASH(ENVI, S&[E ) % o i Bl 647 RAUROE . I AT MODTRAN 4+
SRR, AT DURS I T8 RO 5 R %A RN, 3 AT LARTEE R T A A I SO i Y, oK
SRIESE, THER TSGR AR A0 s S S 3, OGS 2 28 7 AR IR AN, JF Hoaz 4L
S BOE iU i) v S (181 2) o motis g b T E, BiE i E BIla, WIERARIEZEH



BISEH2M P B A - 5T WL AR 7 5 s o 1 a0 A il U vk 317

Wilks” Lambda J 51| 73 A7 1 26 £ HA AURPE R RRAE B BE . Wilks” Lambda 4 50 73 Hr i 2 2k T 248 48 19 J5 22

SR, U SREACON IR, TR A SN ER, LA H AN MR 25, BG4 H R
B BB SGE W., Wilks’ Lambda 31820 50 B A& 4n 7 15,
_Ss
Y=
Sep= z 2 (xij_;ci>2 5 (1)

i=1j=1

Ser= z Z (xij—;c)z

i=1j=1

KD SsMEARB MR, ;(i=1..r, j=1.p), Se A 051 _px
WF IR, Sa BT D5 A (ERALRDE RS 4L orf g, | W R

MR, WAE O B 1 2R, R O WY |

GNP, B2, EEEET 1 Smany <031 —5%RH
HMEAAE", 1 Wilks’Lambda ¥ 6 B IO WL AL A 1E © g0

R G RE AR 5, 0/ AISA,

it e o " 0.1 AR,
222 #u# LIDAR # % 4 22 $F 5l )2 & B A A S e |
heigh del, CHM) & — 4~ A M 4 AR L L L L L |
(canopy height mo o )E\ FEEMRELR, %00 300 600 700 800 900 1000
3 L X S 2 BoPE 47 8 U 43 28 (TerraScan, TerraSolid A/nm
o522, R AT T ORI AR M T TR, X B B 2 AR kG &
S B A T AT TIN 46 8 12 5 A R e R A Figure 2 Spectral curves of five tree species

B (digital elevation model, DEM), 5 [0] % s 47 (B A= 8 80 5 25 1 4 28 (digital surface model, DSM), DSM 5
DEM #F17 22 (82 F A 2 @ 20 — b 5 19 CHM, J3 A TF i 1 3% T IR 8 4 U8 I 1 B R 5t )22 431 (SEAL,
WO RSN A, T EMOE RO 5EBE) . H T 2RE R B B

223 Jkakh LIDAR &% Bk 4 20 D4 A, o 3RO ET R, W etk S Li-
DAR ) CHM ¥4 647 )L B RCHE . REIE 5 AR B P 3R 2276 2 m AP, BP 1 AME0G,

3 R &E

“SEPETET BRI B I MR R 2R AR X P A A, R T IR A O, R EOE
T AHAUR R ) U AR A . LiIDAR KR8 ] LU 3R 52 e kB e B 0 A R AIE o AR BIF ST 00 2 40 28 AR,
TERIRAEMM S, 254 LiDAR 1y CHM S iH 80, ARG 2 BRI Y i BE 20 A, SExd “Splal i
FRIC, 82 H AN [ R Aol 10 B SR AR I 0 25 5, SR IO Wb 1 8 E R IR 22 5 A &% IR 2 it B &150T
HZERARGE IS . TSGR B Sh 320G fa, THR A [ B RRE 22 B [ A8 B 45 2 (vegetation
index, VI), PCA [&4EPBL. o6 AISA 5 LiDAR f9 CHM %4 1R SVM 43 248 X5 AN [A) A2 & i 4 &
PEAT R I S MU B2 LA FOR BRI 3,
3.1 EHBRIEMIM

I — A8 #E $5 8L (normalized differential vegetation index, NDVI)Xf + 335 a0 48 (b 5 AU, TEAR
5 X NDVI, 5 i b 5 AR iy NDVI R, Jf45 45 LiDAR 9 CHM $4s, &% NDVI KT 0.3,
FERT 2 m R TT AR ML, ZBRAEMR OGS E B i T,
3.2 4FETEEE
321 &kigk R Wilks’ Lambda i B 510 0 64 AU B m GG #EAT e 4t , 2 B o0/ . s
> HRE A F2 R AR O I R AR 19 14 A B S RRIE AR B AISA, X 14 MERE D BRI B 7, BB 13,
BB 16, BB 18, BB 21, BBr22, B 24, B 31, B33, B35, BB 37, BB 42, B
55 AL B 58, BT AL 3K K 4 Bl 452,11, 506.76, 534.44, 553.02, 581.07, 590.46, 609.29,
675.78, 694.91, 714.09, 733.32, 781.54, 907.45 F1936.49 nm,
322 #Madss LI ZLET NDVI, EVI(enhanced vegetation index )45 i 3l BLg 80, M S B 2 &



318 TN 3 N = o= R 2018 424 H 20 H

AISA¥#E LiDARX 4
Y Y
Wilks'Lambdal B 3% $ _‘ FLAASij(’%&”‘E IR i B A CHM (= P SR J2 32 Y
R &R J I U AT AR i 3 B
[
ES e it Y
JULAT B #E
Y
AL b TSR |~ T E R A
Y
HEENERE31
Y
W By 2K
Y
A3 R G B0 UE SRS T LG
Y
P Pf 3 25 5 1

B 3 LiDAR 5 &k a oA 4 £ % &K B

Figure 3 Flowchart of tree species classification based on LIDAR and AISA data
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Table 1 Importance sorting of vegetation index (No.1~8)
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Table 2 Number of sample points of five tree species
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Table 3 Spectral angle between broad leaved forest and moso bamboo before and after stratification
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Table 4  Overall accuracy and Kappa coefficient of the classification results

A SR % Kappa £ ${ R E B S AR % Kappa % X
AISA 65.31 0.56 AISA+PCAL 70.07 0.62
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AISA+SIPI 77.55 0.72 AISA+SIPI+PCA1 74.15 0.68
AISA+CHM+SIPI 89.12 0.86 AISA+CHM+SIPI+PCA1 78.23 0.72
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Table 5 Accuracy and confusion matrix of five tree species classification under the combination of the AISA+CHM+SIPI
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Figure 7 Comparison of classification results based on individual canopy

afi i Al ik 70.00%LA |,
43 HRLERLHE

LT SVM (1% 35 % 3% AISA+LiDAR 7% 5 CHM + 45 ¥
F8HL SIPT (143 2 25 R il £ R R (&1 8)

5 #ik5iti

R R A ORI | FC R U B T 7R
F975 [ RBE - Bl X 40 M e A0 B0 408 R AR50 T AT
BERE. HET CFRE. RORE WL
1, SEOEREZR, YL LiDAR 2 3 8 1% B A ,
T A R AT B SR £ 5 AR S A
AR [ 5 T AR I 0 PR LA AR 3 A 1T
SRR AR RS R IGREAR [ SRR, AR
SR T U A R Y R A AR B I AR | e
B, 0N AR F AT R R SR S R VI8°07'00E g g+ 47 w26

ABFSE L A B S UL LIDAR MBS, W L SRR mPA
WA LiDAR 16 45K (5 B SR 2 50K s, 023 0.30km
HCBET%? AISA, CHM, SIPI *l] PCA1 Jz 4 ﬁ‘ﬁlﬂ’%’é% @ 8 f&ﬂ-‘ SVM é!J AISA+CHM+SIPI %ﬁ{a\ﬁ(’}}%
Y4 4RI . Frt ATSA+CHM-+SIPT 745 £t 41 4 1 4 EER

s s N J e N Figure 8 Thematic map of the classification for AISA +
NG fre s, FLRVORS B A1 Kappa 25040 911 0y 89.129% ISPl o S
ata wi

29°14'0"N

29°13'30"N




322 TR AN N N = 1 2018 44 J 20 H

R 6 HE AR EX L

Table 6 Comparison of the percentage in the canopy
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