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Table 1 Basic information of three types of remote

sensing data

Kt YA /d SHER/m BB B4
Sentinel-2A 10 10/20/60 13
Landsat-8 16 30/15 11
Sentinel-1A 12 5X20 C P B

%2 Sentinel2A K ER{ER
Table 2 Band information of Sentinel-2A

IrPEE/m P BL 4k FL K /om RS
Blue 490 b2
10 Green 560 b3
Red 665 b4
NIR 842 b8
Vegetation Red Edgel 705 b5
Vegetation Red Edge2 740 b6
20 Vegetation Red Edge3 783 b7
Narrow NIR 865 b8a
SWIR 1 1610 b1l
SWIR 2 2190 bl2
Coastal aerosol 443 bl
60 Water vapour 940 b9
SWIR _cirrus 1375 b10
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Fig.2 Comparison of dominant tree species images
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Table 3 Comparison of interpretation characteristics of

dominant tree species
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Fig.3 The mean spectral characteristic of Picea crassifolia and Sabina przewalskii in Landsat-8 and Sentinel-2A imagery
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Table 4 Feature variables derived from data for the

Level-2 classification

B i FEAE 24 FR ik
SFAIE I\ N
dm e

S2mean P B 2-8.8a . 11-12 BY#4{H
S2rvi NIR/R
S2evi 2.5X((NIR-R)/(NIR+6XR-7.5X B+1))
S2dvi NIR-R
S2ndvi  (NIR-R)/(NIR+R)
Sentinel-2A Y  S2b78a (NIR2-RE3)/(NIR2-+RE3)
(10 bands) #¥fE  S2b67 (RE3-RE2)/(RE3-+RE2)
S2b58a (NIR2-RE1)/(NIR2+RE1)
S2b56  (RE2-RE1)/(RE2+RE1)
S2b57 (RE2-RE1)/(RE2+RE1)
S2b68a (NIR2-RE2)/(NIR2+RE2)
S2b48a (NIR2-R)/(NIR2+R)
Sentinel-2A £ #fl PCAL B.G.R.NIR % T PCA 43 #T1#Y
(4 bands) R 85— FE W
Elevation DEM A & B {E
DEM HIEjE Aspect T DEM $2 U 3% 7]
B ope T DEM B e
T : S2 7R Sentinel — 2A, b % /% band , B FCK 2 5 iz B AV I%
Bedn 5, BS54 2, NIRRRITLLAME B, R BRI BL, G
FnapOE I B, B FR #O6IE B, NIR2 & 7m 78 3T 20 40 Uk Bt L REL,
RE2 RE3 43 5403 34~ M Bk 2130 15k Bt

0 M 2 A5 i Al B SIS 1) B R AR DL 26
SR AR T — L RAR BUOND VD) | He A AR B 16 2
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Table 5 Feature variables derived from data for the
Level-3 classification
Kb FHIE 4 FR i ik
S2mean P B 2-8.8a., 11-12 Y £
S2rvi NIR/R
S2evi  2.5X((NIR-R)/(NIR+6X R-7.5X B+1))
S2dvi  NIR-R

S2ndvi NIR-R)/(NIR+R)

S2b78a  (NIR2-RE3)/(NIR2+RE3)
Sentinel-2A

S2b67 RE3-RE2)/(RE3+RE2)
(10 bands)

(
(
(
S2b58a  (NIR2-RE1)/(NIR2+RE1)
(
(
(
(

S2b56  (RE2-RE1)/(RE2+RE1)
S2b57  (RE2-RE1)/(RE2+RE1)
S2b68a  (NIR2-RE2)/(NIR2+RE2)
S2b48a  (NIR2-R)/(NIR2+R)

L8mean J%BL1-7HIH(H

L8ndvi (NIR-R)/(NIR+R)
Landsat-8 L8rvi NIR/R
(7 bands) L8evi  2.5X((INIR-R)/(NIR+6XR-7.5XB+1))
L8dvi NIR-R
Elevation DEM ¥ = 2 {H
DEM Aspect T DEM $2E U 3 1)

Slope & DEM $&HUAY 3 i
VV VAR TR RO R
VH  VHAR T X5 i R 5
7 : S2 %R Sentinel — 2A, L8 # 7 Landsat—8, b # 7 band, #{
FRESHBAMBEESRS B %S IL3K 2. NIR ER L5
3, RFRZDOLW B, G KR sOGI By, B o8 WG B, NIR2 3R
AT LLAMNIE BE  RELRE2 RE3 73 03 3Rl 2130 % B

4 ZHXR 55

41 HDEEREBETEM

Sentinel-2A % & 1 Ho T R 1iF 41 & $12 HUMK 3 2
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IV S (e P A R T e A T
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Fig.5 The extraction result of forestland in study area

and details comparison
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Table 6 Extraction accuracy of forestland for the four

types of combinations

AE Bl BRRERE/ % Kappa % %
1 S2 96.91 0.9312
2 S2+DEM 98.43 0.9681
3 S2+18 97.48 0.9486
4 S2+S1 97.47 0.9487

XFHE 43 B 8 i 2 5 1 AR SR 43 SRS JRE (R 7)
AR, LA 1A 2 HRALAE T OE S R, (LA Senti-
nel-2A It Landsat 8 Y6 1% 15 B 3 & , Sentinel2A A A
P 3 I B 21300 U8 B RN R A 3 21 A0 U B R T AR AR
KT IR B, H Sentinel-2A H Landsat—8 43 ¥ 2% 1
w2 1R T A RS B . 1E X Senti-
nel-2A 45 Sy B hil | 3B A5 S N Landsat-8 £ 48 19 0%
TR , DEM KU 19 B R E , Sentinel- 1A %45 14

x7T SHMAAHMBEMOLBE
Table 7 Classification accuracy of dominant tree species

for the eight types of combinations

SRR Kappa

He B SRR A y 28
1 L8 81.21  0.7240
2 S2 88.04  0.8241
3 S2-+Elevation+ Aspect+ Slope 90.54  0.8608
4 S2+18 89.59  0.8485
5 S2+ L8+ Elevation+ Aspect+ Slope 92.83  0.8957
6 S2+L8+Elevation+ Aspect+ Slope+VV 91.24 0.8724
7 S2+ L8+ Elevation+ Aspect+ Slope+ VH 91.23  0.8722
8 S2+L8+Elevation+ Aspect+Slope+VV+VH 92.85  0.8958
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SARNE FE T A B2 v ST RS A R A, LA Y 432
Wi ZRIFAHE ., MAE 8 I HIE 5 m
B AR S 22 08 B I 43 2R R A B o e, RVHAOKS
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Table 8 Classification accuracy of Picea crassifolia and

Sabina przewalskii for the combination eight

25 AP RS/ % NG %
CRUFNA 86.03 89.79
A% B 0 86.61 90.12
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Fig.6 The classification result in study area and details

comparison
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Fig.7 Importance ranking of feature variables
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Classification of Picea crassifolia and Sabina przewalskii based on
Multi-source Remote Sensing Images

L1 Meng, Nian Yanyun, Bian Rui, Bai Yanping,Ma Jinhui
(College of Earth and Environmental Sciences ,Lanzhou University ,Lanzhou 730000, China)

Abstract: Picea crassifolia and Sabina przewalskii are the dominant species in Liancheng Nature Reserve. Ex-
tracting the spatial distribution of two types of trees is of great significance for the management and monitoring
of forest resources in the reserve. Based on the method of random forest, 22 feature variables in eight combina-
tions from Sentinel-2A (S2), Sentinel-1A (S1),Landsat-8 (L8) three remote sensing images and digital ele-
vation model of SRTM DEM to classify Picea crassifolia and Sabina przewalskii in Liancheng Nature Reserve
of Gansu Province. The results demonstrated that the accuracy of integrating VV and VH backscattering infor-
mation of sentinels—1A (S1) was the highest, reaching 92.85% , which is 11.64% higher than that of single im-
age Landsat=8. Experiments showed that combining different bands of multi-source remote sensing images is an
effective means to improve the classification accuracy of forest types, which is beneficial to forest resource sur-
vey and vegetation information extraction in complex mountainous areas.

Key words: Sentinel-2A ; Feature variables; Random forest; Information extraction; Liancheng National Na-

ture Reserve



