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TE A B o U . AR K FEEWIRIE T,
R 22 4 I 532 T Ak 2 A R I R] 5 2 e TR 1 o 2
R (Yud, 2019). "PEREZIBHFEARLE | 5K
WY KFER R, P B aEw L, e
MR Az 7 T i ™ IR PR A (Han #1 Song, 2019) . K
AR GE T RN P i LA, PO L R
) AR A AL TR ) s Ay [ER] OHR  WL R SRE £1Y)

rFE HEA: 2020-10-26; FENZAR: 2021-05-21

BB (BT, 20185 BEARZK 4F, 2019).
R B B P BRI Y Ry
Mo, TEAR IR R Ok 4 AR (Liv 55,
20115 Xu#§, 2019). HAT, SREEHHED) 2
N F A B4y W5 (Yin %, 20185 Hao %,
2019). 40, Kussul ¢ (2017) %7 Landsat 8
Sentinel—1 A 3 JEECH , i FH A4 BH b 48 00 4% B39 52
BT R RS, Horh R HR IR = T
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Engine (GEE) V&S 7 WML IX 10 m 25 [A] 43
BEAR R RN OT ST, Az BE A RS 2 20 )
H91% F190.2% . AL, 261k BEE R A
B, kR yE R EE T g,
TSR T AP . L2 T, motiEE
JERHSCHIR T e AT DI B e 21 A B B B E A
EWBEE, AW 5w AR i o SRS R
TEAC HEN 5 T A & BRI PR Al (B Fn 2
51, 2013; Yuan4, 2020). FAT, @b/
Bk B £ 1y N T RO R ROy 2R, il
Aneece Fll Thenkabail (2018) #]H EO-1 Hyperion
OIS EE, BT GEEFEG LB T 5 R EZA/EY
(K. KE. Z/NE . KAL) Mok, &
RIS B 51035 75%—95%. XIBERZF (2018)
{5 FH AT e 48 S B b X B9 Hyperion & 0G5S £ s, 2
W7 —Fhas A 6TE . SoHE 2 1) {5 LY 22 FRE
FPEWOTE, ZIT R RH R EREE T
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AR RO TE B AT LR B A1 A )
FRAE, H 3% S B R] (4 8 AR DG T8 B 1 AN T A
ORI . BT LA, TR HE 73 AR 22 i XS
BAG AT RRAEAL B, AT PRI AL A2 2, 4R
R AR, IF N i S B XU (Ding 45
2020) . BEHETTEE R > PSS, — 28R ARIE R I
FE (Feature Extraction) , R[Wf I af £ #1725 (7]
AR A, AR R I R L R 2 BURIR R B
Feln = R4 43 1 (Alvarez—Meza %5, 2017) ., {H
RFE TS B AL B R 2%, O LA e 4
RINTETA L RS 5BH . 8 RN RE L
FEFS (Feature Selection), B AE 546 B3 v 4 1R 3
il Ji D) e BB A ELAG R ME Y A8 B (Sylvester 45
2018), IZEITIERE T EHE A IR R, (AR
LR

DA 5 R W ) R B, FS ALk AT 4y b ad uE ik
(Filter) . f1%€ 7 (Wrapper) Flix A 7% (Embedded )
(Ligg, 2017). Mo, ad 98wk (MO T Rt i 45
MERVPAL HE M, R s, (HiRA 4R
AN — X H b & w AL (Sanchez—Maroiio 55 ,
2007) o A MO T 22 S R I PO, BETTPAL
JRERRAE R BT, BARAEEE &, HBCRML, A
i A AL B 4B (Gonzdlez %, 2019) . ik A
I o DB VA A Rk 1) — R AU, B R AE
PRI AR TR ] b A T S ) R

TH, VHaEEEaES. FHik, i AXkd
& H A WE5Y B w7 3 (Bolon—Canedo 1
Alonso—Betanzos, 2019). 2R, BRI ARG E
R Yl 5 o R A 1 B3 X AR Y E B AT HE )T
H X AP HE T IR AN GEAR R B bR i S AR R 4R .
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KR 53 Bt 5 396 456 [) B ol FH 2 0 Y 33008 1A T e 4
Fr b B (Chn ) B ol FH BE ML AR MR SR 19 28 £ HE
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SRR AT R A RN A3 A 3N B A B

EEXE R, ABFEE T —FR A R
TESERR ML, SR Gt ugk . Rk Anim A L
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L FRE P4, i 28 A I i ot
TEEE A o R R L S
2 MBS
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S A @ TR 2 XS, AR R K i 600—
700 mm, JKIGFAFE G RIEDER . ZH XA E
BANEY) R E K, B GF-5%1% (B 1) LI
9 Google Earth =3 BIE , WAF5E X 53Ry 5 TP
P B B KIRRCR B K . ARIFTER
FH B LR B A S, ForpR L BRAR . #E
FIR 25 7K T 4% 16 LT 4000 ML oT, KRGS T
1500 ™M 70, TE A TP BEHLIE L 2/3 AUREAS fifE
FIUNZREE , TR AR W) Ry 56 R E i, e A2
RIREAS S B N 1 7R .

22 SRIEHFEBRIAE

GF-5 TL A 2 v [ 5 43 51 K L I flE — — 0
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S 2T AR 43 1 6 1 4 BER 4393 R 5 nm AT 10 nm
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TEHER K10 nm) FHEL, GF-5 Eeil s AR
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BET RN S B B, TR LA A £ M
(KVERARE 45, 2020) . ASWFSEARHUAY GF-5 i tiik 4L
P A% F 201947 H 4 B, 7 35 m Bk 3760 k',
BAERBUS , B e R [ — XI5 1 Sentinel -2 F£1%
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1 1 1 1
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br RECGHEATHR I E AR, )5 #8417 FLAASH KA
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(R: Band 107(843.768 nm) ; G: Band 65 (664.115 nm) ; B: Band 41 (561.461 nm))
Fig. 1 Location of study area and false color image of GF-5 hyperspectral data
(R: Band 107(843.768 nm) ; G: Band 65 (664.115 nm); B: Band 41 (561.461 nm)
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Fig. 2 Flow chart of this study
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) —NRZER, RORPEMH BN T EEN, B
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45 2019; RadleyZs, 2020): &6, MIBFEHEPE
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1390 National Remote Sensing Bulletin i & %3k 2022, 26(7)

RF A1 L1 PR 7 35 3145 RO R T A 4 4 St
HJ AR BT W R A 0 RO 25 5% . ] RF 4FAE T
EBF, AL RF-KNN #5714 73 20 245 31 T 48 5,
1M L1RAAE Ao HLAR e, 3 IR 2 2545 A [
FE RO BE R TF . X T L1 IE AR AE B rh s
TR 7 7k B LA S, R T R
BT e AOKS B A HRAE . R T8 3 LA N R E 22 4k
Jei o 235 L A 5 e R R A 3 L M R . (H
it FH M AR i AR i T 2 I 4R B itE AT 4025
IR NI 1) 3 2% i 3] A8 o 22 [ Y B b e LR
Rtk PRCAR B 7 2A BEARF L1 E 4k

RYEE 6 P BEfinl LB, RFAILL F4Ed

A3 AT 1110 AN B f AE R 21 4h . AR
&, REF THE P 4% 1 ipk B RS 43 4 v 7 i I B
LI BE, L BT 4T A BE A — R
1M L1 T, 43514 74 F 8 A48 3 A FE LT 1 Al
UTLTANE B, BB A 2 AR, LD BE oy
e AWM EIEEZE R, AUF5RXT
BT LM RE F AR 43 2845 R AT T o0 0r
(F3), 7EMFHRF, SVM HIKNN 43285 12 1 45 i
T, L1TFAEX A H A A IR RF A4 & T
1.63%, 3.45% M 1.73%. Z45 R E£W, 5RF 74
oS BERNZT B B AR L, L1 AR B4 A
ZLAMIE BCH A R T B i AR A H AR RE T

#R3 ETFRFMLISHETENS RERTAE LR N B O R

Table 3 Recall rate of classification model based on RF and L1 feature subset for different feature types

11 3/%
A :

A< AR K pA A3 K T #t

RF-RF 90.75 90.48 97.88 89.17 91.22
L1-RF 92.38 89.58 95.75 90.75 93.69
RF-SVM 90.45 92.38 97.66 89.96 97.53
LI-SVM 93.90 95.69 96.82 90.26 97.24
RF-KNN 90.55 92.59 94.06 90.65 91.52
L1-KNN 92.28 94.19 94.06 89.67 94.08
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Table 4 Overall accuracy of each model and the corresponding input variable dimension after the second

feature selection process
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BRI 1% YR M4 H IR THE 3 L
RF-RF-SBS 91.66 0.46 13 92.37 1.62
RF-SVM-SBS 93.32 0.20 18 94.31 3.86
RF-KNN-SBS 92.01 0.43 14 91.97 1.42
MI-RF-SBS 91.29 0.65 7 91.46 2.78
MI-SVM-SBS 91.56 0.05 14 88.72 1.14
MI-KNN-SBS 90.28 1.64 3 86.18 2.11
L1-RF-SBS 92.85 0.82 26 93.19 0.81
L1-SVM-SBS 94.64 0.10 23 95.83 1.93
L1-KNN-SBS 92.97 0.27 17 93.49 1.21
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Fig. 7  Classification map using L1-SVM-SBS model
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Table 5 Confusion matrix of classification results based
on L1-SVM-SBS model
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Abstract: Accurate farmland area identification is the basis of crop yield estimation and an important indicator in food security

assessment. As an important data source for farmland identification, remote sensing data can provide dynamic and fast observation results



1394 National Remote Sensing Bulletin i & 54k 2022, 26(7)

for classification. GF-5, which is the only hyperspectral satellite in the China High-resolution Earth Observation System, has great
research and application potential in farmland identification. However, the dimensionality curse caused by the redundant bands in
hyperspectral data seriously affects the calculation speed and classification accuracy of models. To solve this problem, this research
proposes a hybrid feature selection algorithm for farmland identification. First, on the basis of the feature importance provided by the
feature selection algorithm, the feature dimension is gradually reduced from 295 to 5 with a step length of 10. The overall accuracy of the
classification results corresponding to each feature dimension is recorded. Second, the turning point (a dimension number whose
corresponding overall accuracy hardly decreases when the input variable number is smaller than it) is determined based on the overall
accuracy, and the corresponding variables are adopted as the feature subset. Lastly, the Sequential Backward Selection (SBS) method is
used to search for the best subset. Three feature selection algorithms (i. e., Random Forest (RF), Multi-Information (MI), and L1
regularization (L1)) and three classification algorithms (RF, Support Vector Machine (SVM), and K-Nearest Neighbor (KNN)) are
examined. Results indicate that the autocorrelations of the three subsets differ significantly. Most of the bands selected by the MI method
are continuous and concentrated in the blue and shortwave infrared range. Therefore, the extremely high autocorrelation that exists in this
subset has a negative effect on classification accuracy. By contrast, the correlation between bands in the RF and L1 feature subsets is
relatively weak. However, the two feature sets still result in different classification accuracy. According to the variable distribution, many
red-edge and near-infrared bands are contained in the L1 feature subset. These bands demonstrate better ability to distinguish farmland,
forest, and soil than the blue and red bands selected by the RF algorithm. The classification algorithms also have different capacities. In
the high-dimensional space, the SVM algorithm exhibits high robustness to noise, resulting in high accuracy. However, when the
dimension decreases to a critical value, the accuracy of SVM decreases sharply. By contrast, although RF is not as robust as SVM in the
high-dimensional space, it has excellent generalization ability in the low-dimensional space. Compared with the subsets obtained after the
first dimensionality reduction process, the optimal feature subsets obtained by SBS searching improve the classification accuracy of each
model. The L1-SVM-SBS model with a 23-dimensional input achieves the highest overall classification accuracy (94.64%) and cropland
recall rate (95.83%). This study provides a new method of farmland identification using hyperspectral data. By selecting numerous
representative and informative bands, this method not only improves farmland classification accuracy, but can also be used as a reference
for other classification problems involving hyperspectral remote sensing.

Key words: cropland identification, GF-5, feature selection, hyperspectral remote sensing, L1 regularization, sequential backward selection
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