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Research on the Classification of Dominant Tree Species in Pu’er City by
Coupling Multiple Characteristics and Multiple Phases

XIAO Qinglin, ZHANG Jialong* , CAO Jun, LIU Lin, WANG Feiping, YIN Tangyan, YANG Kun
(College of Forestry, Southwest Forestry University, Kunming 650233, China)

Abstract ; The remote sensing classification method can be used to quickly identify the dominant tree species in Pu’er City, further
improve the accuracy of tree species coverage classification, and provide a reference for forest monitoring in the region. Based on the
global—scale remote sensing cloud computing platform ( Google Earth Engine, GEE) , the multi—temporal Sentinel-2 data corrected by
the atmosphere and terrain were integrated to identify the spectral information of tree species, extract texture, phenology, terrain and
other characteristic factors, and conduct different combination, hierarchical classification and random forest ( RF) methods were used
to classify the five dominant tree species in Pu’er City: Simao pine, tea tree, oak, rubber and Eucalyptus urophylla. The results
showed that when multi-temporal images were combined with multi—features for classification, the classification accuracy of terrain fea-
tures in forest and non—forest, coniferous and broad forest, and dominant tree species was higher than the introduction of phenology and
texture features. The overall accuracy of forest and non—forest classification was 99. 5% ( Kappa=0.98), F, of user accuracy and
mapping accuracy was 98. 48% ; the overall accuracy of coniferous forest and broadleaf forest classification was 98. 7% ( Kappa =
0.96), F, was 97.64% ; the overall accuracy of dominant tree species classification was 85. 83 % (Kappa=0.80), F, was 85. 19%.
Dominant tree species were mainly distributed on steep slopes in the west, southwest and south slopes at an altitude of 1300-1700m.
Extracting multiple features from multi—temporal images for classification can effectively improve the classification accuracy of dominant
tree species in Pu’er City, and can provide a large—area, high—precision forest cover classification map more accurately.
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Fig. 1 Technical flow chart
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Fig. 3 The importance of features for tree

species classification
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Tab. 4 Evaluation of classification accuracy of tree species

ittt

Spectrum + Phenology

W

T+

Spectrum + Terrain

Hik+oH

Spectrum + Texture

Tree species

PA(%) UA(%) OA(%) Kappa PA(%) UA(%) OA(%) Kappa PA(%) UA(%) OA(%) Kappa

EERN
AL 81.34 7404 78.93 7416 88.42  84.02
Pinus kesiya
ok
A L 71.76 70. 04 78.38 65.30 79.83 77.01
Camellia sinensis

[
S 63.99 68. 64 66.23 65.28 32.4 79.48
Quercus
e o 95.40 71.57 9. 67 70. 86 95.18 87.46
Hevea brasiliensis

‘ 83. 68 0.75 83.47 0.78 85.83 0.81

= l] 2
Fet 89. 67 83.51 82.82 87.15 92.33 84.72
Eucalyptus urophylla
HAbRFn
St 70.25 64.63 72.80 69.43 87.01 85.72
Other broad leaves
Hopthgtn
Nl + 76.36 75.51 76.52 74.97 85. 86 84.54
Other conifers
F(%) 76.07 75.17 85.19




%52 3]

F DRI, 45 < R 22 R0 22 I R - T T I 35S b 20 26 52 123

TEARME R 2RE FE AL, ARG FE Hy 85. 83% (Kappa =
0.81),F, 7 85.19%, b 7% 1 A 58 2 1 A0k
JEHEE T 2. 15% 1 2. 36% , 55325 1) B HRAF
Baeb MR, SYIRRHE SRR A S
HHEL , A BT R E 20 25 1943 2605 B 135 31 80% LA
1, H PA UA Tl F, 1530485, BT 5 | A MR BT
VA RCEE B FPor 2 B RE B2, A, IR SR 45 R 3%
B, B e RIS G LU LA AR Bl B 25 55 X 47
3.4 MBS

SiBUR O NI IS 1 = = 3£ B =0 e S 11
TR WX I T R R AT A3 28 A5 R R b A 2
Bl UUJTEE 3 B2 K6, h K 4 vl LA
T R DR CE MO )T, A
S AT FEIR X 0, MR IS 22 43 A A 5 T A VY
J7 ] ARG B E AR T WX — A, R A o) A R
> RE R A R A, TR P RS AR Y T AR
3 G PE T BT AR 36% 1 20% , i RRZE S5
AR, o35 B A B 17% F113% , BB A
L W L o NS 1 U o NPl o 2 N o |
4% 1%,

X T T P AR o 23 15 IS B 354 1) 98 1A 25
J7 AT 70 A o B T T AR LR ARt BB i, 35 )
BRI 3 75— B0 3 AR AR B R Tk R A A A
RBSEAS BRSO 4 S BRI SR AR Ay FE AR b i
PRI G AR KA R P 2 (3 Ty, W 1) 3 i
PHOIC BRSS9 12 R A M8 57 0 ok 52 Wi 18 b ) 20 A
1180, R SR T, 5 2R K — BB B AR A T b
WX BV | 1l A A R — S A A, P AL R
I A R M A 3 0 A1 AR P I P R S M R S 2
MRS FIHCA e o 7E AL 3R AR L3 1 23 A AR XA 22
B TRER B0 T R, Al AR SR 2 R LR AR A, A
SN A oA AR AR X 0 B AR K T R
TEFREE IR, QSR R AR R A Ao
S5 T TR e ) DX DU 5 A K TRV BRI A
Fift, ARSI AIAB B AR b 25, A9F 52 2 I T R
Fob 3 A5 BAr W] S A 2 AR AR A, B A T
1 300~2 000 m, B 7Y 25 1) o A ik 52 21 + 828
T 8RB A 25 PR 2R ) 2 0, 5 T I RS R )
PR S A, A T AR A0 52 s i B D0 A A 2 R 58
AT HE— 2L FE RN AT

B4 2019 FEETABRMBESHKLERE

Fig. 4 Coverage and classification results of dominant tree species in Pu’er City
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