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Abstract

In view of the vulnerability of optical remote sensing data is impacted by weather conditions such as
clouds and rain, this article takes the typical area of Heilonggang as the experimental area and ex-
plores the use of Sentinel-1 time series radar data as the data source for crop fine classification
based on random forest classification method. The results show that: 1) Sentinel-1 radar data is less
affected by weather conditions such as clouds and rain, so it can construct more complete feature
curves to reflect crop growth information, which has great application value in extracting crop plant-
ing structure in the experimental area; 2) Using Sentienl-1 data to extract VH and VV polarization
time series data and texture features and construct a variety of classification schemes, the results
show that the multi-phase VH and VV dual polarization time series data have the highest classifica-
tion accuracy, and the addition of texture feature data does not significantly improve the classifica-
tion accuracy.
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Figure 1. Overview of the study area
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Tablel. Field survey sample point data in the test area

1. LWXEFIMATHAR SR

HpRR /%S WHEREA
K - HEK 491 191
KA 120 52
peisdathil 534 233
it 128 51
Pl 108 44
BT 138 71
B>k 212 118
Kig - BEK 153 57
Lii¥ia 92 38
PN 242 96
Bit 2218 951

2.2.2. I 1 SEIABIEMALE

4 1% 1 5 (Sentinel-1) T 2 2 Rk & J5i (European Space Agency, ESA)FRIELIMZ 514 (Council of Eu-
rope, EC)EIX “EF e K" WA MG W LA, T 2014 4F 4 HRFTH .

ARICIEFEI Sentinel-1 REERSAZEAE N IW GRD %52, IFRHZHAH V. VH BB 3T RAEY)
532, JLIEEL T 2018 4 10 H~2019 4= 10 H AR 32 sesg G didE, HHE AR [ 405k 2 frs .

Table 2. Radar image data set of Sentinel-1
5% 2. Sentinel-1 Fik G HIBEE

HaR KR SRR ) HaR KR SRR ) HaR KR SRR )
Sentinel-1 2021-10-11 Sentinel-1 2019-03-04 Sentinel-1 2022-07-14
Sentinel-1 2021-11-04 Sentinel-1 2022-03-16 Sentinel-1 2022-07-26
Sentinel-1 2021-11-16 Sentinel-1 2022-03-28 Sentinel-1 2022-08-07
Sentinel-1 2021-11-28 Sentinel-1 2022-04-09 Sentinel-1 2022-08-19
Sentinel-1 2021-12-10 Sentinel-1 2022-04-21 Sentinel-1 2022-08-31
Sentinel-1 2021-12-22 Sentinel-1 2022-05-03 Sentinel-1 2022-09-12
Sentinel-1 2022-01-03 Sentinel-1 2022-05-15 Sentinel-1 2022-09-24
Sentinel-1 2022-01-15 Sentinel-1 2022-05-27 Sentinel-1 2022-10-06
Sentinel-1 2022-01-27 Sentinel-1 2022-06-08 Sentinel-1 2022-10-18
Sentinel-1 202202-08 Sentinel-1 2022-06-20 Sentinel-1 2022-10-30
Sentinel-1 2022-02-20 Sentinel-1 2022-07-02
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ACAHH SNAP (Sentinels Application Platform) 4 X} B ik AR AT R P IE . 5T E bR I8, Hb
TERIE BURRCAESETACEE, DURIUSHE A B 5 S, SCI DN {E 5 e R ae e, I PR
AUEIEE .

3. BIABBRIFMAEAR
3.1 XA

BEHLAR MR (Random Forests, RF) 732851242 2001 4E /1 Breiman 2542 H i —Fh G 2003 T CART st
(Classification and Regression Tree, CART)HL#% 5 2] J7i%, & —MEE R 2548 [13], FIFH AR R ) (1) ELAEDK:
ZAR R AT LR, AR SR 2 A O . 2R RE M R, M T BRI &, 24k
Ae ) TR, AU VETE E . IS EIE AR R LT, AR g G AR R S R R LA IR, DR
AN N K IHRR S IR R (AR e 1, B RIGFMPIMERE ), BRI, 2R, ERIEY
FIAEAE BARICS AR A B R . BT ORI AR, A SCEBFERENARMAE 52077, EREHLAR MR 72
HPER R RS AE T, R EREE m AR EE n AT EREN S, R R A A FHIUEA
A, HRHEZRSsxt b, ASOE n (EBE Y 1000, m E % B N/ REHIE S5 M I3 R .

3.2. SEHHIEERE

BOISHIR R R T 2 BUR I A R = AR 22 57, AR SEAS RN AH L AN e AR A 7 =
Sentinel-1 A SR BN RAEYIFEAS BRI 2, MEARSETTER, FET RN K E I (SF)
I3 RN Z A AR . 2B AEURAL . SUERAFAE . 2 B AR XU X SCERREAE 20 45 DU 5 T EAT A E Pt 1
WHot, BARTT R RA-H WA 3 s

Table 3. Classification scheme table of Sentinel-1 data
< 3. Sentinel-1 HIBH LS/ R

NRTR IIRFHE FHERR
A VH VH B /75
B \AY; VV i 75
C VH + VWV VH B TR+ VV B 7R
D TEX GUERFHIE
E VH + VV + TEX VH i F8dE + VV I FEE + QU4
4. &R

4.1. RIEMREEBES RARBHESE S

FIF 9256 X P I ZRRE A SE L 2 I A Sentinel-1 304 d AR ME Y s o) SO R B0MEL, 5440 8 e 1) 152 37 iy
2, TR WE 2 i, MW 2 Bl LEF], {E 2021 4 10 H~2022 4 10 A #H, ARRIEDK G
AU REE VH F VWV L IXBI . etk B&, Bra RAED I P S 1 SO R BUE A VH )
R T VV Wb Hod, &3 - B R KRBT M EUR REUETE VHL VV AL T 3 3h3E B 439
7£-23.24~-15.67. —15.27~-8.45 X [A], PHFIHIA 7 20T I 7 5 1) BUR RECE A EE A K - 2
TR 5 U REUEAE VHL VV R4 T B Eha [ 4l #£-21.03~-14.19, —12.55~-9.02 X [A], Wi
Wtk 75 R I 5 R O RECE A FEARMF, IFH VH BT B S R R R VV G E)
MEFETE R B F I 75 M B REUEAE VHL VV WAL R i shii Bl 4 5l £ -23.72~-15.63. —15.17~-8.74
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AR ETE ) I AE—18.82~-14.46. —11.37~—7.31 Z[a], WFhAL 7 20T I PR ) ) SO R 53 qh e i at
A FRAEHIN PG WS REUEE VH. VV AL 33078 B 4 3 7E-21.32~ —14.04. —14.35~-7.89
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Figure 2. Backscattering coefficient characteristic curves of different crops after time series
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Figure 3. RF classifier crop classification results based on Sentinel-1 data
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f# F Z 54 Sentinel-1 VH SRR AL B d 75 20 FURFAE, 51N RF 232828 i TR VEW 43 2545 S An 1] 3(a)
Fiim. ffFH 2 004 Sentinel-1 VV SARMEARVE 53 RHEFIE, 51N RF 73 2K88 1 T A5 RAEY) 73 2 25 S n 4]
(). (EHZIAH Sentinel-1 VH. VV XURAEIEAE A 73 REHE, SIN RF 40 8 B3 RAEY 732K
SR 3(c) . HAME HSEARRE, 51N RF 22K b 3 R AEY 4 2845 Rn 14 3(d)Fios . BREE A
Z [ A Sentinel-1 VH. VV XU EHE L SCORFHIEAE 9 73 REFAE, 51N RF 7328288 th TS R AEY) 43 2K 45
W 3(e) AR

ST IRUERE AR bR o3 2 TEBATRE FESGAIE, #7007 RAE RF K25 T TR H MRS Rk 4 Fos.

W 4 BRI DUE M, fE RF 73R4T, Frf 702807 B SRR FE4E 74%0L 1, Kappa REI1E
0.70 A ko 43307 % A FIH Z 05 A0 VH BB 30T 40 38, S RAS B2 77.18%, Kappa #34 0.73.
375 % B R Z 0 A0 VV AR B AT 702, SRS R 74.34, Kappa R%0C8 0.70, 540K %K A
FHEL, SRS E FRAIK 2.84%, Kappa REFF(K 0.03. 432577 % C RIHZ A VH. VV SR AL B 4T 5
25, RARKEBEAN Kappa R4 %19 80.86%F1 0.77, MHET /02K % AFI B, SAARKE S Al & 3.68%7FH
6.52%, HWUAFHTH 73BT BB FHREIE . 7K TT R D BT OEHRHEAT 2, B ERETE A
H1 B 435l 15 0.53%0 3.37%. 4325 % E BLAEH Z 0 VHL VV XURAEEE A SO AR E4T 4 25,
508055 C M, BARKEFERK 1.36%, Kappa REFFMC 0.01, KASERFFIEMINAR A Bt 2 0
HVH. VWV Z BRSO . &7 BN - B FOKRBIEEE Y = T 86%, XA iR &
T 74%, X BESE R RE B AT 72%, 5 KR - B R KRB B8 & T 75%, X R AR IR R B8R T 78%.

Table 4. Comparison table of RF crop classification accuracy of Sentinel-1 data schemes

52 4. Sentinel-1 #3885 & RF KIEMH L EXILEE

g AAE-EEK BT WE K- EEX fbiE

95 %= PA UA PA UA PA UA PA UA PA UA (%) Kappa
@ ) %) ) ) % ) %)

A 92.67 79.73 8310 9516 87.29 68,67 9298 96.36 84.21 8421 77.18 0.73

B 89.01 73.91 7465 8154 7288 69.92 91.23 77.61 78.95 83.33 74.34 0.70

C 93.19 79.11 83.10 96.72 88.98 76.09 94.74 96.43 84.21 86.49 80.86 0.77

D 86.39 82.50 80.28 89.06 81.36 79.34 75.44 91.49 81.58 81.58 77.71 0.74

E 92.67 80.45 8169 9355 83.05 80.99 84.21 94.12 81.58 86.11 79.50 0.76
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RIS B = 7y R, SORRFERT NI AR RRAE A B THLRAEY) 40 K

ELmAB

AR A8 B 5T 7 B A T SR B U A 5 MR 0 R R 5 N B B I BL, b AR R R S
(D2019402067).
SE3Hk

[11 MRE. Rk E AR TR 2 i 5 &P R[], HhERAF 4T, 2002, 21(3): 294-304.

DOI: 10.12677/hjas.2023.1312153 1128 Lol


https://doi.org/10.12677/hjas.2023.1312153

N

(2]

(3]
(4]
(5]

(6]
(7]

(8]
(9]
[10]

[11]
[12]

[13]

Becker-Reshef, 1., Vermote, E., Lindeman, M. and Justice, G. (2010) A Generalized Regression-Based Model for Forecast-
ing Winter Wheat Yields in Kansas and Ukraine Using MODIS Data. Remote Sensing of Environment, 114, 1312-1323.
https://doi.org/10.1016/j.rse.2010.01.010

Meffolr, fTEtam, R, 5 RABRAF SN RS EE]. B, 2016, 20(5): 748-767.

Boryan, C., Yang, Z., Mueller, R. and Craig, M. (2011) Monitoring US Agriculture: The US Department of Agricul-
ture, National Agricultural Statistics Service, Cropland Data Layer Program. Geocarto International, 26, 341-358.
https://doi.org/10.1080/10106049.2011.562309

XERIR, £78, BN, 5 w5 TR EETE A/ 22 Pl 45 F 1R E SI it s A v 8 B A ——BAT b 3
JHTT B[], A Ak B 51X %1, 2017, 38(2): 1-9+19.

AR, T mo—NT LERBGEHE N ARIEY /5 205 [D]: [0 3], dbnt: o ERERE K2, 2017.
TR, 20K, FEKIEL, 4. £ GF-15 Landsat-8 £ il 18 BEA R I oK LA U PRI [3]. ARl T2 224, 2015,
31(9): 173-179.

Csillik, O., Belgiu, M., Asner, G.P. and Kelly, M. (2019) Object-Based Time-Constrained Dynamic Time Warping Clas-
sification of Crops Using Sentinel-2. Remote Sensing, 11, Article 1257. https://doi.org/10.3390/rs11101257

RS, kT, REY, % BT Sentinel-2A NDVI IS 8] 5 71 403 i & /N 2R BI[I]. LR AL Rl 22, 2019,
47(16): 239-245.

FLORAE, 5K, ToRW, 25 RiH Sentinel-2A NDVI B[R] 3 51 R 1] [ 5% G a5 75 v AR AE I 40 2K 0], HbBR{E B
Rl 2E2E3], 2019, 21(5): 740-751.

REr, BEW, gk, & ST ZrH Sentinel-2A (SR EW I, RALHLIEZEHR, 2019, 50(9): 194-200.
R, ATy, B, & RE T KRS X AR AR B R R O B R SRR [T]. %8, 2018, 50(1):
1-6.

TR BN K AE R IR A R N B [D]: [ 2Arie ). bl RigsSi@ k¥, 2012.

DOI: 10.12677/hjas.2023.1312153 1129 Lol


https://doi.org/10.12677/hjas.2023.1312153
https://doi.org/10.1016/j.rse.2010.01.010
https://doi.org/10.1080/10106049.2011.562309
https://doi.org/10.3390/rs11101257

	基于时序哨兵1号数据的黑龙港流域农作物类别精细提取研究
	摘  要
	关键词
	Research on Fine Extraction of Crop Categories in Heilonggang Basin Based on Time Series Sentinel-1 Data
	Abstract
	Keywords
	1. 前言
	2. 研究区概况及数据预处理
	2.1. 研究区概况
	2.2. 数据预处理
	2.2.1. 野外样本预处理
	2.2.2. 哨兵1号雷达数据预处理


	3. 雷达数据农作物分类方案
	3.1. 分类方法
	3.2. 分类特征选择

	4. 结果分析
	4.1. 农作物后向散射系数变化趋势分析
	4.2. 农作物分类结果分析

	5. 结论
	基金项目
	参考文献

