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1o TS SR T ARAE D oy SR, R 2 il B — AL = D i s AR A S Bl
U8, EAEEER AVIRIS, f2E A ROSIS, MIEKM CASL, HER) PHI 4. HLESGEA
Ve Y255 P P AR R . BIFFE 45 2 36 11078 ks 7 45 4E 2002 4F AR ER
PHI = 638 MG LK R A K BOERERRAE , SR FHTR A PSR 2 28 7 T o048 o N Tl 4
7 BRI R KRS SR T TAS 33, MUASN RS RE AT 94.9% , X5E 120 45 LAE RO X
DCAIFFEIX, o FH AR i A5 bl A S st i Bl 3l 2 3B R0y 20 O TR A T AR
Yoy SgE, %074k 0 SeiE i NDVI 38 ECK 5T X 20 AR X AR 8 X, AR5 e AN
JER B BRI 5325078, A FARVEDIR A FAE Y 95% L L. Melgani
V2 WA TR S L s O e B S 1 ML RIRE T 2 A o) KA pR B
(SVM-RBF) (AR PEZHF AL, DL AVIRIS B0 R8s, »F 5k . KRS mEw ik
FIARSERI, ARk B4 31k 87.1% M1 93.42%., Tarabalka ') 2244 SVM #1125 JREL e AL
Y (MRF) 258X AVIRIS £di /N | RE 6 . TORGEREDIIIREANNIE, %
D7 E e MR R SRR AL AVIRIS BRI TR R A DS, SRl DR BHR BN
IEMfE, FFZS BB R SUE BRI — A5 2 B 2K 450, 28K 92.05%. 43tk
IAELL AVIRIS B OCRERCHE A B IR ,  XoF 3 AR JE M B SRR 9430 1L 28 B 7 22 46
FORERAEY RS RENLIA I T /3 280058 o 1B R m bl (SVM) 3284551
AR IR, JF SCN RPN — e 3 s B LA & 2 [V R AR 2 R 2 |) °F
TN R R bR 2 AR UM A B e s B, D R M 558, JHR 4285
TR B, ZERIED D ZHREE N 94% LI b, BIRDENEE N 90.4% ., HLARE G
BIRRANEY RS LLZRKAE . TR KRESREREIEY, Kl Lot/ g
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Table 1 Advances in crop classification based on aerial hyperspectral data from 2002 to 2018

ARG Te# W% A KR (%)
2002 B KR R PHI 94.9
2006 pUBTEAR INEE L FOK L SREE L KR ML S A 95
2006 Kazuo % 12" ok PEIR. REAR. A4 AISA 91.2
2010 Melgani % '/ Tk, KRG, #EE AVIRIS 93.4
2010 Tarabalka % 1 Tk N R HO AVIRIS 92.1
2015 g EE N AVIRIS 96.6
2016 Chen % 1%/ B NI S 5 S AVIRIS 84
2017 Xue 4 120/ INFEL T AR SEAE. L PER CASI 87.8
2017 AR Bk, KT NE. BEE. B AVIRIS 86.6
2018 VS = ViRsE, fiAibE . Fk, S, AVIRIS 90.4

1.2 EHSAHITEBRORIED S EHAR

20 42 90 K, Bk iE R AR BRI B, & E R I WA 58 & 5 3804 il
BOCIEAL R DR . EEES T Terra, Hyperion %5 6% L2, HAKS T ADEOS-1 F1
ADEOS-2 il DA, FRETF 2008 445 THA MG (HS) MHEE 5% F I
MR TR AR (HJ-1A) 270 Bi% 1999 4536 E AM-1 TR KN, BE#HE G
TR F A0, P e R VY 43 28 b DL Y B 2 R D 2 AR A0 45 35 [ 19 Hyperion
Bl . T E R HI-1A B0 O B o ST T AR IR . BIFT X e
L3 27 Galva™o P EEFIH EO-1 TR FARIUH B OGO, 8 i B A8 [ 4047
TEHEAT JUIBRL, X O P AR SR X G 5 R SRR T 43S, 2R R 87.5%
ZE P} SR ] Hyperion %0, R HUMOEIE IR A BN SH5 [ LT S 3 B0 M i L
TR AR AR, BT 25 SR R B M TR A 15 T 3 M R SRR 1) B AL B (0 D T 3y
FIFHT Hyperion SR EDEIER S, AT IS 2L | el . DIZRRE AR BOR
GyRIESE X AEATAVE Y T AR BT ST, Herh 25 B $R HORS B 4 85.3% . Bhojaraja ™! 253%
FGIE MAVCHES (SAM ) 43255 7 Hyperion 155 GG B0 [ [ RE R 4085 b DX A4 AR A6 1
FRHEATHEI, KEEE R 73.68%. A T HEE MG RE, AH1E SAM EERN 5| ATBEAR
PEATH TP ERTTE, Wl W 7 Al B i (HA ) HERTIAE] SAM w4 —Ff
ST TS A HIE (HA-SAM ) EDGIEAR I, 2Ok e HA HARN
Hyperion S5 BOCRE ML T o0, SRBUR VG IE TP RIS RE R ERIE, SRJ5 R SAM 7
BTN, BSR4 R YA kBl 30 YRIN, 2R NS e de s, ELZOT EERY A 2k i
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T2 2005—2019 FETEHSHIEBIEORIEN S LER
Table 2 Advances in crop classification based on spaceflight hyperspectral data from 2005 to 2019

G E& LIETRoE ot S K (%)
2005 Galva™o %5 ) e Hyperion 87.5
2010 g e Hyperion 85.3
2012 Du % Ry Kk Hyperion 90
2012 EE ik Hyperion 90.3
2015 Bhojaraja % 1) T Hyperion 73.7
2017 DL HY . A K Hyperion 85.6
2018 B Sl HJ-1A HSI 81.5
2018 Aneece 25 ¥ )% N NIS AN 5 SN NS AN ¥ £ 4 Hyperion 90
2019 T Tk, kK. KEE. KH HJ-TA HSI 88.7

2 BEA SRR (E ) KT

G RS E TG R B R as, I E G R 252 B = RS2
M 7R I8 R 2B J1 . A2 = RS2 IF OB H A& (LiDAR ) REfg PR Ei 3R
HTH =i s bR, AESECE R ERA (DEM ), WIS EbikE s Sk, "TLLRHES
HRIEE, SRRSO 1 TS 2 IR BB AR VE W 4 2 WF 5 rh Aol 1 1 5 4
PR WSS 003 37 Lin 2 SR LT X4 B0 (OBIA) iz, 45
£ CASI EGIEBR AN LIDAR B xt £k . #M, S SREM AT THREAN5025, 22k
FSHE R 90.33%. J T fftdk i T LA G Bm IR /D | 45 18] 40 MR A T i — S &2
7% MR IX B RIA AN B ER  [, —Se 2 3mSR s e 2 (R P
1o B [B) A3 BRI 2T GRS B TN E 25, DR EARVEY S B, nsk ek
AR HI-1A HSTEDCHESRE R UG 7 AR AE A B R84 — 5 (GF-1) m2slsy
R ARSI NDVI B [a])3 51 o8 Z2 5%, X 35 948 V8 7 i AR VE IR FH o 25 b
KIEEH (CART) F1SVM ikt 11038, WFoeal AR, SR 20608 B i Sk 4y
SRS BE T T B — BB IR A 0 2R BE , RN IR SRE BE 4351 88.2% 11 84.5%. #4318,
75 T AT HST SA 2R LIDAR B0 AR il 8 R AL (DSM) VR R WIIAEA%, *F
MATEGFAZ AR A 25 IR . YEISRRIE LU s R R BTG, 15 Bh i 2 i =002
43258 (SMLR) #E47TRIMGA/INE . BHEREY 2, NG IE 94.5%,
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Table 3 Advances in crop classification based on multi-source remote sensing data from 2014 to 2018

Ay liE=a IEIRIE it A I (%)
2014 Kussul 4520 KT, NE. FllEE. £, WEE. AKHY RADARSAT-2. Hyperion 80.4
2015 Liu % 14/ Fok R AESE. BB 2B, SREAE CASI., LiDAR 90.3
2017 kAR e N HJ-1A, GF-1 88.8
2018 k&S W NE L R, LE HJ-1A. OLI 882, 84.5
2018 Han % KRG, PN, GF-3. Sentinel-2A 85.3
2018 WEAEY Tk, kUl dEE. . HHL BL HIS. LiDAR 94.5

3 RAEME I 0 IEE

BrIE I AT ] LR RO AR AE D . A1 B & i R Y o 25 vk
[l N A2 B SR B A o ISR SR I 20 2505 B RIS DG 18 B AR 20 ik 4y
HET WYL F R T 2R TR LA K Z 3 R
g L0l
31 ETiHHEEENE

W TR IERAEY 7 BT AT R B R B B, H SN B i 2
Z RNV GAEAZ R RS2, R E N /b 2235 78 R R OGS RRAE LB 4T T R AW 3 200t
58, BIFETOLIEAE B2 0 BT RS B m I s B R Y 432 Bl i
RAEP UG 22 5, 4548 A DGV RCHE AR RSB 2025 Y 3 T
AT MAVC L . SGIEE B HUE . THE R MOGIE A O AT B B I AT /N R B DL T
2 123 Rao LS I o E T2 R R ARG RN R ST I 2 A IE NS %, A
EIRE A PR M X /K A . HRE . BRI AR AL SR E AT 6% M s, S HER
JEE ST T P 0 AR RS R 86.5%, S5 3 RUBE S 7 ik 0 B AR o 2K B
88.8%.
32 ETSHHESE

FETOUIEAR B A % I ED G AE 9 2 A5 BRRE, S0 2R a Rl gl 8l
CPRERIRAT . I, AR A AR R RIS BARSS & 0 T m oG B R A B 4325
T R A T R R ARV E Y A TS P 2 — PV A Chen U A i A%
/NS B ARH (MNF ) $REEHR LR R I AL IO 25 (145 B OB BRHIE . 8084
fESE ) OGS —28 [AIFL A FRAE Al i, SR SSF-CRF 20207 ik X se . HER S RIEY
AT, BERERM, BEAEARNGRMT, 2k I I T e g 2dids, B
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FHGREIRB] T 97.9%. Li ) SEH N T —Fh 2L T S 4R A BlA SRMS 1O RO AR 0 207 1k,
16 AVIRIS S48 b X £ oK . KRESEHAT THREAN403E, %07 B i S5 A DG 28 (Al 451 2
(SSFL) $RBOGIEZS HRAE, Hm FR# 3 (LBP) #EBUENS B SOHRE, %
SUHFAE SIS MR IERL S, Gl 3 TR~ ST AL (KELM ) 17 0 e ik gk
TTARVERI 325, 3R REIRE] 90% LI I

33 ETHUEMESZE

FEEE A LT R L E AN B, R R OGS SR T ARV E Y e, A
BB 5028, SR E R KA RIS, 3T 500 Ak A AR 43 28 7 ol 2 e X 3B
(1) 1= YIS AR A T B PR AR FR B, SR 5 MR A — R 11 R D) 6 R R 20 J 1) o s A Sk 4y
Pelfedh Ve v,

W BrE B4R R LG Uk BB s h e Bt A TN UL, B — T ER T4
2, HAE SRR T RGBS B L A R R A I B B v
HEAT T KE AT, FR R R D B Bk BE A 28 (1) RFHFEERM
Ve, HVET VR RR A B B B A A O AE B R OR N BRIy 2SR AR . B
SRR T35 (OIF ) . H ISR I Be e #: 3k (ABS) %5, x4 ™ %% 1 ABS J7 ik
TP T BRI A FE 5, AR AR B KU, BERE T R S 180 AN Uk BE R Y 50 4N I
B, X 50N BEEEAE R CBRIET | LR L 4l XK, IR B BRURBE A
BEVERIS A AVIRIS 08 I, XK. KESREY AT U B o2, 45 R WIR%
Y )5 BT R AR R D T, A SRS B R R B ) SRS B AR R T 3.7%; (2) Sk
F I 0] o3k 0 P B B O e, R S 1A O S0 I R AR ] ) fe R B I B R 1R A
B A, ARBTRUE . J-M RS . G . G AR RS Rl B %
TR ABISE, KB 250 K-means 251 ABS J5 ¥ 45 & WEAT B G Sl BE ik
B, BEHCT AVIRIS Bl iy 18 /NI B, SR FH SCHRF ) st ML S B0 DX PN B oK, R b A F
1ror2, S5 EM, M3 B B BBORIE T ABS ik, K BN 83.64%.
Bajesy ' SR M 75 7 BN SRR ACKE B B ek v 20 W B Dk B R W e B e %
R B B BT ZLUNAEA, N B R Rk AU RS e e B, B
W BEVEFR I A T 2R A ] M Bk B 4, AR M I B BT IR LR B IR R
% K-means AT LS,

FRIE PR BUR TR TR 4% (U BCEBIIE , T AR T4 B — 2 RO UEI , K e it £t i
2 TR e S R A 2 T T 1k L AR — R ORI TR 4R, HE
I B S T JBUABR (5 R, H RS PRSI S B F 5k 7 2 iy R r I
J7 A ER T I (PCA ) | /N A B AR O R0 Y (LDA) 4
BEAh, AR R A B G R SR AE SR O VTP T RAEY 2 SR BT . Jia ™
SR B HUINE 2R N AVIRIS Bl h A TR SRR, 0 AP SRIEGEE MR RRE rh
VEHU B R PR R AE, PR B4R (KNN ) 20Xt S0 XN IR/ N2 . B K254 T
Oy, SERRWAEHE SR EON 13 N, SN sy 89% ., BB AR T
PR B R B e, ST SR i B AL S X N ok ANE &P TR, 3
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I BN AR SR IO 1 70 RBOR AT He A, BIFFE 3R B, SR F G 70 WO B RS AR
PEWOTIE M 3 RO, /RGN 90.1%.
34 ZBHEIBEMNE

OGS BRI X BOR AR B2 = 0 R, A ISR TR — 1 e s g 14
TR IEAT AP S 2552 B4 A AR CE RO BRI, A3 RS B XE LA B 01 7, B S )
FIABIRGU, 7EEDCE G B — R 0 0 2ROE R 200 5 A BRI R 5L, %07
VT LUK 2 By 2K B 4 SR BT 45 B R AR BRI B A 2R 1 P, S KA E R
SRR LG R A E . HE AR G RSP SE 3 RSy, Hrhm EE R
HRAN AN AR eSO, A 3 R i R PR e 1 O R TR
FEAKY, RIFEAHE R UIZREE D, SRS R RO RRE 5 245 Bl A I Zhbe A, kg
adaboost 2 Fll bagging &7 7, Kumar '™ %] F] adaboost Fil bagging & v Al K T SVM iy
ZORAERZE S, 7E AVIRIS mGISEdE G038 . ARSI T 28I, Ik E
KT 96.8% . H AL gy U B TR RHIE AR M B e, 207 AARIA Y
SR — N RIR FRHE L, Ceamanos 77 S5 H T — R TS Fr LA A S
XF AVIRIS Bl i) K . REL /NZSFMATRAN NS, 207 B el Bl 70 s T4,
XA SVM HE479328, AR5 AT i SR A A 1) 33 ) e HIL O3 28 A A T e 4
RRE, ZITIE NG RE] T 90.8%. 5 =PI/ K28 18 7 ORI T AR 19 4y
KM, SR A SR e 0 T RS A (B B A dens e i 1
S PRLLEE R AR — Rl SRR AL 5 AN B I I 2 A0 SRS B S AR IR
I HIT AVIRIS EOGHEREAR EXTEOK . RESSERIEYHAT /326000, 45 REM L2683
BEBEE A DR R I 3 JE B (T 90% ), (B2 i THIZ5E 2R FH 2 4Rk
Bot=EER, SECTBIERB T AR . 3R 4 R E R T T RS

R4 20082017 FEHIEEBRRIEMAY LT HHER

Table 4 Advances in crop classification by hyperspectral remote sensing from 2008 to 2017

A0 fE# Tk

2008 Rao ™"’ ST 526

2014 Chen % TG . TEA . SURRIER) SSF-CRF 72255t
2019 Li &) FET L OGRERAE R R 2 ST LA

2005 pUE A XoF 1 3 7 5 B B i A B A T DL W 2
2018 FIQUE K-means JZEHI ABS J7ik4h & I8, SVM 432
2010 Jia 25 17 BEUINBAS SR T AR, KNN 432

2016 B AR MRS IE SRR, SVM 432

2002 Kumar 4§ ™ B adaboost Fi% . bagging B, SVM Bk
2010 Ceamanos %5 '™ SETF R AL A K

2017 S 7 FIHI 2 D GIEHE B0 23 a8 Sh B G (DCS-SST)
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BAA R IR AR O 1T, Xs Iz 21 1 BRI o
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PEAL B E MRS IE , 5 i I B AR S i 2 —

(4) ¥ REDCE R IEAA Y W AR, 2R R B EE AR = B HER,
PR RIS E AR E TR, BE— PR IT R EE A 73 ST A ATL BT 22 Y50 il
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Research advances on crop identification using
hyperspectral remote sensing

Zhang Ying', Zhao Xiaojuan®, Wang Di'*
(1. Institute of Agricultural Resources and Regional Planning, Chinese Academy of Agricultural Sciences/
Key Laboratory of Agricultural Remote Sensing, Ministry of Agriculture and Rural Affairs, Beijing 100081,
China; 2. Qinghai Agriculture and Animal Husbhandry Remote Sensing Center, Xining 810008, China )

Abstract: [ Purpose ] Crop type identification is an important prerequisite for crop area,
growth monitoring and yield forecasting. Timely and accurate access to crop types, spatial
distribution and acreage is important for developing agricultural policies, promoting social and
economic development, and ensuring national food security. In recent years, hyperspectral
remote sensing has been widely used in crop mapping due to its high spectral resolution and rich
spectral information. [ Method ] This paper reviews the research progress of hyperspectral remote
sensing applied to crop classification, summarizes the hyperspectral data sources commonly
used in crop classification at home and abroad, and analyzes the applicable range of various
data sources. The method of hyperspectral remote sensing classification of crops was sorted
out, and the advantages and disadvantages of various classification methods were discussed.
[ Result ] There are some shortcomings in the classification of existing crop hyperspectral remote
sensing. (1) The spectral resolution of airborne hyperspectral imagery is high, but the image
monitoring area is small, which is not suitable for large area crop area extraction research.

(2) The spaceborne hyperspectral imagery has a large monitoring area, but the spatial resolution
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is low, and the precision of some crop area extraction is lower in practical applications. ( 3) Due
to the lack of research on the hyperspectral characteristics of crops, the classification algorithm
is not systematic and the universality is poor. [ Conclusion ] Future research direction of crop
hyperspectral remote sensing classification. ( 1) Enriching crop types monitored by Hyperspectral
Remote Sensing. (2) Improving the spatial resolution of hyperspectral images, and realize
the classification of crops with complex crop planting structures and broken areas. ( 3 ) Further
research on the mechanism of crop classification and multi—source data fusion using hyperspectral
remote sensing.

Key words: hyperspectral ; crops; remote sensing; classification
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