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Abstract: Objectives: Land cover classification in national parks plays an important role in understanding
the status of natural resources, identifying the existing ecological security threats and responding to them
quickly. Methods: Two land cover classification methods are developed based on Google Earth Engine
(GEE) platform by combining Sentinel active and passive remote sensing data, and spectral indices, textural
features and topographic features derived from the data to classify land cover types in the Qianjiangyuan Na-
tional Park (cropland, forest, grassland, water body, artificial surface and bare land). One used pixel-based
random forest (RF) classification algorithm, the other used object-oriented simple non-iterative clustering
(SNIC) segmentation in partnership with RF algorithm. Results: The ground experimental results show
that the highest overall classification accuracies of the pixel-based method and the object-oriented method

are 92.37% and 93.98% , respectively. Furthermore, the integration of synthetic aperture radar (SAR) data
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can substantially improve the classification accuracy when using the pixel-based method, but there is no ap-

parent escalating effect for the object-oriented method. Conclusions: Land cover classification map

generated by SNIC+RF algorithm in GEE platform is more complete and the algorithm requires fewer fea-

tures and runs quickly in GEE platform. Thus, this algorithm deserves to be popularized in national park

management practices.

Key words: national park; land cover classification; Sentinel; random forest; simple non—iterative clus-

tering ; Google Earth Engine
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Tab.2 Classification Accuracy and Ordering of Different Feature Combinations
HEE E SR VWiarS T 11 o 42 5 125
T RS ST L/ Y Kappa Z %1 LI F S SMAKTIE/ % Kappa £ %%
1 5-1 92.37 0.90 2-1 92.37 0.90
2 5-2 91.97 0.90 5-1 92.37 0.90
3 5-3 91.97 0.90 4-1 91.97 0.90
4 6-1 91.97 0.90 3-1 91.57 0.89
5 2-3 91.57 0.89 3-2 91.57 0.89
6 3-1 91.57 0.89 5-3 91.16 0.89
7 3-2 91.57 0.89 5-2 90.76 0.88
8 2-1 91.16 0.89 6-1 90.76 0.88
9 4-1 91.16 0.89 2-3 89.56 0.87
10 3-3 90.36 0.88 1-1 88.76 0.86
11 1-1 89.56 0.87 3-3 88.76 0.86
12 2-2 88.35 0.85 2-2 87.15 0.84
R3 FARASELBHHERFLER
Tab.3 Feature Selection Results of Different Classification Experiments
po— HE TRk (T4 5-1) T i1 %5 507 0k (5346 2-1) T i 44 5277 9 (524 5-1)
LS5y SRHEEE/ % A R SRS EE/ AR ST L/ Y

1 32 92.37 19 92.37 32 92.37
2 26 92.37 15 93.98 26 92.77
3 21 91.57 12 91.57 21 90.76
4 17 91.97 10 90.36 17 91.57
5 14 91.16 8 88.76 14 91.97
6 11 90.36 — — 11 91.97
7 9 89.56 — — 9 89.96
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Fig.3

Land Cover Classification Maps in 2019 Obtained by Two Methods

F4 ETERHSXEMNREERMBEITGER
Tab.4 Confusion Matrix and Classification Accuracy Measurement of the Map Classified by Pixel-Based Method

b i ARAR X KR AdEHE S PR/ % B R/ %
B b 31 0 0 0 1 4 36 86.11 13.89
AR 0 88 1 0 0 0 89 98.88 1.12
i 3 2 46 0 0 0 51 90.20 9.80
IS 0 0 0 20 0 0 20 100.00 0.00
PN 1 0 0 3 26 1 31 83.87 16.13
i Hh 1 0 1 1 0 19 22 86.36 13.64
S 36 90 48 24 27 24 249
HERE R % 86.11 97.78 95.83 83.33 96.30 79.17
TR 2/ % 13.89 2.22 4.17 16.67 3.70 20.83
SR 2/ % 92.37
Kappa 0.90
£S5 EEMNEZHSEBENEBEEMBEITHER
Tab.5 Confusion Matrix and Classification Accuracy Measurement of the Map Classified by Object-Oriented Method
s B R B4 Kk AR B pe¥ill PR/ % BRI/ %
B 32 0 0 0 1 2 35 91.43 8.57
PN 0 89 1 0 0 0 90 98.89 1.11
H 4 2 1 47 0 0 0 50 94.00 6.00
KA 0 0 0 21 0 0 21 100.00 0.00
N % 2 0 0 2 25 2 31 80.65 19.35
b 0 0 0 1 1 20 22 90.91 9.09
SR 36 90 48 24 27 24 249
A HERERE ) % 88.89 98.89 97.92 87.50 92.59 83.33
iRE/ % 11.11 1.11 2.08 12.50 7.41 16.67
SRS EE/ %6 93.98
Kappa 0.92
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