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Abstract: Cultivated land is a vital foundation resource for agricultural production and ensuring food security.

Accurate identification of cultivated land is of great significance for the conservation of cultivable land resources and
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the sustainable development of agricultural production. In order to construct a high-precision cultivated land
identification model, this study used Sentinel-1/2 data together with the spatial cloud computing platform and built
combinations of different feature types. Through feature importance analysis, cultivated land identification features
were then evaluated to identify the optimal feature set. Random Forest (RF), support vector machine (SVM) , and
classification and regression tree (CART) models were employed to identify the cultivated land in Zhangye City,
Gansu Province for the year 2021. Simultaneously, the classification accuracy of each classifier was compared and
analyzed. The results show that using a combination of vegetation index features, radar features, and topographic
features improved the classification accuracy to 91.32%; Features that performed well in cultivated land
identification in the study area included elevation, radar polarization channel VH, and normalized difference water
index (NDWTI). In the cultivated land identification of Zhangye City, RF algorithm demonstrates clear advantages,
with an overall accuracy of 90.04% and a Kappa coefficient of 0.79. Based on the RF model, the cultivated land
area associated with Zhangye City is estimated to be 585000 ha, accounting for 15.4% of the total area. The
methodology developed in this study achieves accurate identification of cultivated land in Zhangye City and offers a
tool for cultivated land mapping in the region.

Key words: identification of cultivated land ; machine learning; random forest; Sentinel
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Fig.1 Overview of the study area
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Fig. 3 Workflow of the cultivated land identification in Zhangye City

RF: BfiHL 7 #k Random forest; SVM: ¥ 4% [i] i Ml Support vector machine; CART : 43¢ [l I3 4 Classification and regression tree; RFE: i I3 4#1iF 4
[% Recursive feature elimination; Kappa: 1 24k .
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Table 1 9 groups of different feature type combinations

%% Number FEAE 28 I 41 4 Feature type combinations

1 J:i% Spectrum

2 Jti¥% -+ 5 ik Spectrum - synthetic aperture radar (SAR)

3 6% -+ A8 B 75 2L Spectrum -+ vegetation index

4 FE#% 75 %0+ 75 18 Vegetation index+SAR

5 6% -+ A8 B 5 B+ 75 ik Spectrum 4 vegetation index +SAR

6 FE 4% 15 %0+ 75 18 + € Vegetation index +SAR+soil

7 T W6 B+ ik + M JE Vegetation index+SAR+topography

8 T e B+ B ik + M JE + 14 Vegetation index+SAR+topography+soil
9 A HBRFAESE B A All feature types
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TR 43 528 JEATBF AR, IF X AS ) 43 2R 28 1 A R BOR AT X Lo R 1 2 BE AL AR bR 228 3 v 1) SR )
AW 5T 43 5 X T 10,30, 50, 100, 300 F1 500, Jf MY 5 K BE fe 26 3k £ T e SR B R O 500, H At 2 B
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2.1 HAEfHk LR

3 3 HAS [ RRAE S B 21 A 1 43 2665 15, AT A0 48
F) T 45 R E 2 A G BSEHUNE B (0 sk . N 4 TR, £
TR AIE 2H 0 (0 2 45 (1 FH AT DA RORS A B4R T 4R
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Fig. 4
feature type combinations

BRI 2R AL 1O HR AR, L& 2 0 il AR s iR & A A 3

g i R W B R 2 A L 4B 4 B O TR AR &

A 5SROI MRS B TR AR A L S 6 MR E B A K

TR IE AL A L A A T R AR BT IR B R E AL A L 4L A 8

P W AR BT IR IR K R R IE A A L AR 9 N ARl A . The

combinations of feature types in the figure are as follows: Combination 1

Accuracy and Kappa coefficient comparison of 9

consists of spectral features; Combination 2 consists of a combination of
spectral and synthetic aperture radar features; Combination 3 consists of a
combination of spectral features and vegetation indices; Combination 4
consists of a combination of vegetation indices and synthetic aperture radar
features; Combination 5 consists of a combination of spectral, vegetation
indices, and synthetic aperture radar features; Combination 6 consists of a
combination of vegetation indices, synthetic aperture radar features, and
soil features; Combination 7 consists of a combination of vegetation
indices, synthetic aperture radar features, and topography features;
Combination 8 consists of a combination of vegetation indices, synthetic
features, and soil features;

aperture radar features, topography

Combination 9 consists of all features.
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R2 TRAANFEHEZEHS

Table 2 Rank of feature importance

B HFAE Feature FEAIE B % Feature importance
4K Elevation 8771.81
VH, % iEFE T # VH #% L Synthetic aperture radar features VH polarization 8210. 86
9 —fk 7K $5 % Normalized difference water index, ND W1 8128. 18
faf 5. LL {8 Sample ratio, SR 7979. 18
VV, ERHFAE 1Y VV 4k Synthetic aperture radar features V'V polarization 7978.85
U5 — Ak ¥ 5 45 50 Normalized difference phenology index, NDPI 7947.32
-+ 38 1 %% 4 B 5 KX Soil adjusted vegetation index, SAVI 7896. 25

2.2 HiRA LR

WP 5 T3, 3 Fh o3 2 2 4 B 1 Bk b 40 A3 5 T 1l o (0 0 b 40 A AR B, AR BF 9 e B T 19 A ML R X i
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o b B TR 15. 4% 13,506 .16, 500, 7E M T 7 30, B il i S Mk 2 0 DX, T R BRI R ) B i A B
T, ISR RE NS B A X 43 M SR G B SOK AR A 3T SV VAR R AR BHS 10 B b 1] B i Al A 9 A (R X
IRt DX 38 P 5 A% 8 S RD T B A DX A AR AN G RF B RS CART #5578 4 25 4% TR 7 0 42 B 8, 45 03 M T AR 22 4 /)
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Fig. 5 Cultivated land identification result of random forest, support vector machine and classification and regression tree
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