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Fig.1 Location map of the study area
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Table 2 Reference data for dominant tree species

P ARS Fi WIREAR /A IR A /A4
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Table 1 Nineteen bioclimatic variables

A5 gt i % 53 B/ m
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il H i v BIO5 1 000
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I B K & BIO13 1 000
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e i 2 i K BIO16 1000
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5 I 7 ik K i BIO18 1000
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Fig.2 Workflow of dominant tree species classification
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Table 3 Features used for dominant tree species classification

FHAE ik
Bands Blue, Green, Red, Red _Edgel, Red_Edge2, Red_Edge3, NIR,
Red _Edge4, SWIR_1, SWIR_2
TVI 0.5 %(120 X( preatdge-1 = Pareen )= (200 X (Pred= Pareen)))
MTCI (PredEdge-2 = PredEdge-1) ! ( PRedEdge-1- Prir)
NBR (Pair=Pswim-2) !/ (Pyr* Pswir-2)
IRECI (Predsdge-3 = Pred )/ ( Predzdge-1/PRredEdge-2)
MCARI2 ((Predzdge-2 = Predrdge-1)= 0.2 X( Predrdge-2 = Poreen ) )X ( PredEdge-2/PRe dEdge-1)
LSWI (paim=Pswim-1 )/ (Pyir + Pswir-1)
NDRE (pnir- PRredEdge-1 )/ (Pt PRredEdge-1 )
Chl NDI ( PRedEdge-2 = PRedzdge-1) | ( PRedEdge-2+ PRedEdge-1)
S AE REP 705 +35%(0.5%(Preat Predrdge-3 )~ Predzdge-1) / ( PRedEdge-2 = PRedEdge-1)
NDVI (pNIR'pRED)/(p,V1R+pRED)
EVI 2.5%(puim-prea)/ (P 6% Prea=7.5 paet 1)
MSR (Pvir/Predzage-1-1)/ /(%)+l
N PRedEdge-1
RRI2 PRedEdge-1/PRed
DIFTVI TVIgpr - TVIaur B ER TVIHEF R TVI
DIFNDRE NDREgpg - NDRE yur % Z2 19 NDRE i 5 Fk 22 ) NDRE
DIFNDVI NDVIgpr - NDVIpr 7 229 ND VI Bk (1 NDVI
TCGRE Tasseled Cap Greenness
TCWET Tasseled Cap Wetness
SAVG Sumaverage:%zlmle/":l(iX GLCM (ij)+jx GLCM (i,/'))
DIS Dissmilamy=2j’:]2j:]\ i-j|x GLCM (i)
S PR VAR Variancezzllz;:l(j—u,»)z><GLCM(i,j)
CON Contrast=z:‘:]2;':l(i—j)2 x GLCM (i)
) ixjGLCM (iyj)-{p,*
CORR carrezazion:ELEll{ U p i :) Lo
Elevation
B F#AE Slope
Aspect
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Fig.3 Schematic diagram of decision fusion method
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Table 4 Contribution rate of environmental factors affected on the distribution of each dominant tree species

Tl i B/ BTk (%)
Elevation(93),B1007(4), Slope(1.2),BIO02(1.1),
B 12
BIO15(0.5), BIO19(0.2),
B Elevation(92.3), BIO04(3.5), BIO02(2.6), Slope(0.8),
TRV
BI1003(0.5), BIO15(0.2), Aspect(0.1)
- Elevation(58.2), Slope(19), Aspect(9), BIO02(7.6),
- BIO12(4.8), BIO14(1.4)
R BIO11(79.9), BIO13(8.5), BIO03(3.7), Slope(2), BIO12(1.8), BIO14(1.4), Aspect(1.4), BIO14(1.2)
Elevation(68.4), BIO04(13.3), BIO02(11.6), BIO15(3.2),
LRI
Aspect(3.1),B1003(0.2), Slope(0.1)
o Elevation(54.9), Slope(19.7), BIO15(15.6), BIO04(3.1),
- BIO02(3), Aspect(2.8), BIO14(1),
Elevation(50.2), BIO13(27.9), Slope(13.7), BIO03(2.2),
i
BIO17(2.1),BIO15(2.1),
o BIO13(58.6), Elevation(21.5), BIO01(5.7), BIO03(5),
BI019(3.4), Slope(3.1), Aspect(2.6)
Elevation(40.2), BIO05(27.3), BIO12(13), BIO15(7.2),
1l
Slope(5.9), /\spect(s 6),BI017(1.7),B1I003(1.1)
o BI013(61.3), BIO11(21.7), BIO07(8.3), BIO014(3.6),
7 BIO02(1.9), BIO19(1.3), Aspect(1.2), Slope(0.5), BIO03(0.2)

£S5 TRAEVERHEIELER
Table 5 Classification results in terms of OA and Kappa

for different seasonal image composites

2= OA/% Kappa
HE 68.28 0.63
CES 69.55 0.65
Z= 67.96 0.62
X7 66.76 0.62

XTI - E G R SVM 3 K AR AR
BB A A SR 83 IR IR K 43 Bl ik A5 4 2
W R T, KA RBR TR R, M
HEZEREGN KA REERES,OAN
69.55% , Kappa & 0.65; 24 ffi F & Z& 5% 14 i HUA5 19
K B B, OA K B K 66.76 % , Kappa b 0.51, H 4K
Gt K n G AR S D HU XA R R B AR ZE
#,iX 5 Salvatore Pratico 28 i iF 98 4516 — 5, 4R



% 3

J7 82 WA - 2o g AR L X AR AR BB ol SR Tl o 2R 645

Ja L VEY B 2 83 MERF AR By E ARG 2, WK S R
7o R i 2 1) 0 B b s ) o A d LA R R Ve
i LR 25 Pl R o A1 R AN [ T BB 2, o 6 4
W] = 2 RV TR B . V2 E S R TN
TR SR 1) 4 A I R0 AT LR R A B0 6 B RS

BT AR R R AR B ST XN S, — s
WFFE I AT T DXL V- 35, 22 A4 b 2 A5 76 4 () 1) b
T 25, 23 {45 b 8 AR 78 BB vh i B 0 A8/ . Ol
TR R A MR R A Y Y 2 (E S R
PEAF IR, DEUTTE A A% BLRL B IX, 24 4 2R 1 A

Elevation
DifNDVI
DifNBR
Aspect
DifNDRE1
DifTVI
Slope
Blue_savg
REP

SWIR _savg
Red_savg
MTCI
Green_savg
SWIR2_savg
Red_Edgel_savg
IRECI

LSWI
MCARI2
Wetness
NDRE1

NBR
REDNDVI
SWIR2_corr
MSRre
Blue_diss
Blue_corr
Blue_contrast
Green_corr
NIR_corr
TVI

SWIR
Red_Edge2_savg
NDVI

EVI
NIR_savg
Green

Red_Edge3_savg
Red_Edgel_corr
Red_Edge3_corr
SWIR2
NIR_diss
Red_diss
Blue_var
Green_diss
SWIR2_contrast
Red_corr

Red
NIR_contrast
Red_Edge2_corr
SWIR2_diss
Red_Edgel
Red_contrast
Blue
Green_contrast
Greenness
NIR2_corr
SWIR_diss
SWIR2_var

*RFAE

NIR

Red_Edge3

Red Edge2

Red_var
Red_Edgel_diss
Red_Edgel _contrast
SWIR_var
Green_var
Red_Edgel_var
NIR2

SWIR_contrast

NIR_var
Red_Edge3_diss

NIR2 var
NIR2_diss
Red_Edge2_contrast
Red_Edge2_diss
Red_Edge3_contrast
Red Edge3_var
NIR2_contrast

Red Edge2 var

0 1000

3000 4000 5000

EEE

Bs5 BENEZEHF

Fig.5 Importance sorting of features



646 &K

R 5

37 &

25 S i R ) AR Ak T 2 B O S T M L X
A B F X 4Rl . RO BE 413k Bk i
PeAE %, i REP MTCI.IRECI,.LSWI . MCARI2 %,
Ui BT 1 300 U B A A o] 1 e Y S B L SRR
AP BOT B SAVG T EMEISME R .

15 31 4% 2 R A B T B RS 4, AR SO EE TS TR
FFAE 2 A B 4 28RS BE A 52 L 25 SR A& 6 BT R .
A FH G35 R AE 3 26 K5 FE eI, SVM AT RF 19 OA 43
B 54.89% M152.50% o A M 5 1F XF 42 T 43
N B DT MR R R, BV BE AR R 2 1000 ~14 00, &
WIAE I 52 2% 10 LU DX, ) 14 53 A7 52 3] R 1) 52 )
BK . SCHARER A K ER & 1%~7% i3
TS HRARAE 9 T AE . MaxEnt {1 2R 85 A 1 50K
JE TR OGS AR IR RSB AR IR ) SVM R RE, %
P B SR A ) SAB ARRAIE 25 8] 3 B 3 22 (AT A T g
Rl oy 25 o Bb Ah, I 83 4 45 fiF /Y 43 25K (OA:
69.55% ) R I RFE B 4 Ji7 50 4k £ 1 1 43 K
(OA:68.73% ) W& =, {H RFE P& 48 )5 A9 R 1E 42 B A7
504 Wb T A U . BT AR SCEE B RFE FE4E JR
FHAE4H A 1E 9 SVM FRF 1950 AFRE

SVM | —— | Stk
RF ——— +2r
SVM | —h— FBYVARFAE

RF —— HE] 53
SVM —— 5 i

RF | , HuFE+ L
SVM —— ; .

w5 | , K+ Hb T
SVM —— .

RE S+ 4rF
MaxEnt — S+ HI
SVM | — it

RF o — {7

45 50 55 60 65 70 75
BAKEEE %

E6 AEDEXBIFMEAEGHIEER
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Decision Fusion Classification of Forest Dominant Tree Species in
Shangri—La Area of Yunnan Province

Fang Panfei’, Wang Leiguang”’, Xu Weiheng”’, Ou Guanglong',
Dai Qinling", i Ruonan'
(1.College of Forestry, Southwest Forestry University, Kunming 650233, China;
2.Institute of Big Data and Artificial Intelligence, Southwest Forestry University, Kunming 650024, China;
3.Key Laboratory for Forestry and Ecological Big Data of National Forestry and Grassland Administration ,
Southwest Forestry University, Kunming 650024, China;
4. Art and Design College, Southwest Forestry University, Kunming 650233, China)

Abstract: Based on Google Earth Engine (GEE) cloud computing platform, we collaborate with Sentinel-2 im-
ages, WordClim bioclimatic data, SRTM topographic data, forest resources planning and design survey data
and other data, and use Random Forest (RF), Support Vector Machine (SVM) and Maximum Entropy (Max-
Ent) machine learning algorithms were used as component classifiers to carry out the study of dominant tree spe-
cies classification with multi-source features and multi—classifier decision fusion. Two serially integrated and
three Bayesian parallel integrated models were constructed by the three component classifiers for determining
the spatial distribution of 10 major dominant tree species in Shangri—La region of Yunnan. The classification re-
sults showed that the overall accuracy of the three component classifiers was lower than 67.17% , the overall ac-
curacy of the three parallel integration methods was comparable, about 72% , the accuracy of the two serial inte-
gration methods was higher than 78.48% . Among them, the MaxEnt SVM serial integration method obtained
the best accuracy (OA: 80.66% , Kappa: 0.78), which improved the accuracy compared with the component
classifiers by at least 13.49%. The study shows that the decision fusion method has higher accuracy than the
component classifier in dominant tree species classification and effectively improves the classification accuracy of
small sample tree species, which can be used for dominant tree species classification in large mountainous areas.

Key words: Dominant tree species; Machine learning ; Decision fusion; GEE



