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Land Cover Remote Sensing Classification Method of Alpine
Wetland Region Based on Random Forest Algorithm
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Ministry of Agriculture and Rural Affairs; Engineering Research Center of Grassland Industry, Ministry of Education
College of Pastoral Agriculture Science and Technology, Lanzhou University, Lanzhou 730020, China)

Abstract; Alpine wetland is a typical and unique ecosystem in the Qinghai — Tibet Plateau, which is
considered as a sensitive zone and early warning area of global climate change. Using remote sensing
technology to extract land cover information of alpine wetland more quickly and accurately is of great
significance to the monitoring and protection of local ecological security. Firstly, taking Zoige Wetland
National Nature Reserve as the study area and GF — 1 remote sensing image as the data source, the
random forest ( RF) classification experiments were carried out based on 26 variables, including spectral
characteristics, water index, topography feature, vegetation index and texture information. Then, through
the out of bag ( OOB) feature variable importance score and accuracy evaluation results, the optimal
classification scheme and characteristics of land cover types in the alpine wetland region were selected.
Finally, the feature variables were dimensionally reduced, and based on the same variables, the
maximum likelihood classification ( MLC ), support vector machine ( SVM ), artificial neural network

(ANN) and RF were used to classify, and the applicability of different methods was compared. The
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results showed that combining with the spectral characteristics, water and vegetation index, texture
feature of GF — 1 image and topography information, the RF model with 26 variables reached the highest
classification accuracy, the overall accuracy (OA) was 90.07% , and the Kappa coefficient was 0. 86.
Using the variable importance analysis of RF model, important feature information could be effectively
selected. Based on the importance analysis of RF model, the important feature information can be
effectively selected, the dimension of feature variables can be reduced, and high classification accuracy
was ensured. Among the four classification methods, RF algorithm was the most ideal one at present, OA
was 17. 63 percentage points higher than that of MLC, and 6. 98 percentage points and 6. 56 percentage
points higher than those of SVM and ANN respectively. The RF classification method combined with
multiple remote sensing information and feature selection can quickly and efficiently classify the land
cover types of alpine wetland region, providing a quick and feasible technical means for the monitoring of
local alpine wetland.

Key words: alpine wetlands; land cover; random forest; feature selection; remote sensing; classification
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Fig. 1  Location of study area and its GF — 1 image

1.2 ERHERTALE

2016 4F 7 4 15 H B m@HF5TIX GF — 1 SR IL
B (N #k i dik : http : / www. rscloudmart. com/) , Jii &
Rif, Kz, CF -1 204G ERS 0k 1 o
ARSI B S ] 4y BRSO 15 m i Landsat8
OLI @3 B (PAN) AR WS M0 GF — 1 &
PERTIEBHREIE . M AR R E AR
BTAE LB AR BITR 2 AR

®1 GF-1WFVERIBITESYH

Tab.1 Main parameters of GF —1 WFYV sensor
A BB DG/ um 43R/ m
WP Bt -B(Bandl)  0.45~0.52 16
2% Bt - G(Band2) 0.52 ~0.59 16
WFV
419 Bt - R(Band3) 0.63 ~0.69 16
JTLT AN B — NIR(Band4) 0. 77 ~0. 89 16
Y W /d 4

1.3 7 SEE

NG O RO T i A SN
Google Earth 521% , # F§ ArcGIS 10.2 £ GF — 1 321%&
EVEREFIA R A . B RSB R AR B A R A R
P B YD R AL A T AR S R . o TR
FRTEE VA R B O, 2 0 T R AR R Btk
1 18 650 MMETTAE N FEA B (5 € 53 9 031
AN GHFENRHL S 628 > i i W W L 867 A Tk
M 889 A~ HEI ML 1283 4~ B 952 1) .

2 MRAIE

2.1 HREK
F SAR 5E A4 AL PR | 1 5o 2 40 24540,
BFEFE R O B I AR M 2B AR 4 (Kauth —

Thomas transformation, K —T) Fl#h I 73 #7155 , 15 8 4>
F I & R AR 5 SR 5 ] R S50 12 R 47 e AiE
P B O BT RRAE 8 R O T R S SRS L VA
I8 R T R 58 R RRAE , BU A [R) D7 125 5% g €0 3+
MR R T A R . B 2 RO R A B R

GLCMIHE
FERAT AT
BN

el AR | A || &

| B )|

Lol A el I | K

AE J| AE || 4E [ 4E [ 4E
I II

L

KRS FEEFEE

K2 fARmRE
Fig.2  Flow chart of technical route
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Tab.2 Classification feature variables and their introduction
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Tab.3 Comparison of RF classification results based on feature selection

VEVIES REAIE T % FAEEEE 0A/% Kappa R
RF_I Band4 \BI ,GLCM_1 ,DEM 4 85.95 0. 80
RF_2 Band4 \BI,GLCM_1 .DEM ,NDGI RI,WI ,Band2 ,DVI,GI GLCM_2 ,Band3 NDWI 13 88. 68 0. 84
RF_3 AR HEAE 26 90. 07 0. 86

SCEONERUNEEY WIS DUNEAL N b A W -8 WK
I P A AR MOR B (B 6) o il 181 6 I,
THE R A 2 — , BEH 2 5 W 5 TR I 48
AT, B2 DR DU 5 30 3 9893 9 36 2t A0 S 50 P Ml o A i 25
B A A 3 U S8 B
3.3 RAEGEFENERITLL

VAL Hr ] R, d5e2 ff Band4 (BT GLCM_1 Al
DEM 4§ 4 AHSAEAZ 5 #E 4T RE 43 2¢, 0] L3k 2 3

OYFNG BN TAERCR I RUR . O T IR RF BRI
Oy EMUR SR  ET RRE PR AR BN |, R T 4 28
5% 0 F1 5T 1K B K A T 4 4> 2% 5 ( Band4 (BT GLCM _1
F1 DEM) , {fi F§ MLC .SVM H1 ANN J7 3 % BF 5% X i
TS RF By /EXTEE, 38 8 RF_1 MLC_1 |
SVM_1 ,ANN_I,

By 26 4 RIAN, A R RRAE R 1 4 Fp 4y 2505 ik,
RF 732 25 Jo RS B 55c i, OA il Kappa %043 9l N



557 39 PRt A5 JEF REMLAR AR A0 5 2500 M 1X + 4 T 55 38 K 2 ik 225
100} WRF_1 mRF 2 mRF 3 100¢ ®RF_1 =RF_2®RF 3

80r

60

PA/%

401

T AT

80

60

UA/%

40

20

(I?_& ;‘?X;\: QB ‘@RL;&) 5 @3&) ’%j%
S ,\g\\'@’\ 2

D
A A

BS AW L 2R A A 7 R (PA) 5T P RS (UA)

Fig.5 Accuracy evaluation of different land cover types
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Tab.4 Accuracy evaluation of classification results

by various methods
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