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crops. [ Method ] Based on the multitemporal sentinel-2 satellite imagery, 3 remote sensing indexes of NDVI, MNDWT and CI

were selected and support vector machine, decision tree auto threshold and random forest were used to classify the single—view data

and to evaluate accuracy of every sentinal-2 image with ground field data. [ Result ] The classification result in July was the best,

with the overall accuracy reaching 91.05% and the Kappa coefficient reaching 0.8518. By comparing the classification accuracy

of different combinations of time—phase data, the classification effect was better after overlaying the NDVI data from March to

October, with the overall accuracy reaching 92.25% and the Kappa coefficient reaching 0.8736. Compare with the three different

classification methods, the classification accuracy of SVM was the highest, with the overall accuracy reaching 94.19% and the

Kappa coefficient reaching 0.9024. [ Conclusion ] July is the best time for crop classification in the study area.The classification

accuracy of multi-temporal data is significantly higher than that of single scene data. Classification combined with multi—temporal

NDVI, MNDWT and CI can effectively identify the crop planting distribution in the study area.
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Table 1 Sample size
S VIEREEZS SEUEREAR
Category Training set( Pixel )  Validation set ( Pixel )
B Tree 2736 1460
K3, Waters 13017 5616
B Pepper 850 240
#i%] Grape 2373 11417
FA4E Cotton 18719 58951
JEMEHE Nonvegetated area 4818 13771
FLE K Early—maturing maize 368 669
Wi K Late maize 453 1909
i Bottle gourd 550 1258
/N Wheat 1529 2775
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Table 2 Accuracy evaluation of different phase classification results ( % )

A i1k FHAHL HIA Haok e £ oK MR INF Livia L) etk pi s
Image date  Accuracy Pepper  Grape Early-maturing maize Late maize Botile gourd ~ Wheat Cotton Tree  Nonvegetated area ~ Waters
2018-03-23 HilEIRGEE 4125 40.92 0.30 9.38 0.64 9222 8822  68.90 58.44 99.64
JHPRSEE 411 78.83 0.06 11.40 0.25 100.00  87.05  57.85 69.93 96.63
2018-04-12  HlERGEE 4875 37.06 2.09 7.44 0.00 9553  80.56  69.18 63.24 99.22
JHPREE 350 46.34 4.19 13.58 0.00 100.00 7727 5636 87.23 99.59
2018-05-12  {fIEKGEE 4625 4692 0.30 0.16 24.09 9326 9171  67.53 56.79 98.70
JHPREE 199 9581 0.06 0.48 18.84 100.00 8721  49.47 84.92 98.56
2018-06-06 lENGEE 7167 39.96 3.74 12.62 74.48 88.50 9375  67.33 91.75 97.69
JIPHERE 687 95.06 2.99 31.14 34.79 99.76  91.12  63.67 77.75 98.83
2018-07-11 HIEKEEE  77.08  75.30 36.47 3.46 95.79 9445 9758  67.88 89.25 99.11
JUFRSEE 920 96.80 17.44 71.74 39.57 65.05 9723  79.41 97.63 99.23
2018-08-15 filEKEE 7042 67.41 87.14 26.30 48.09 7654 9736 6151 74.15 98.82
FHPORsEE 32,01 94.73 36.71 69.34 35.71 4211 9609 2045 97.86 95.57
2018-09-14 HIEKEE 6625  29.25 57.55 2472 61.61 7856  98.55  65.89 65.96 99.13
JHPRSE 4056 91.28 9.81 69.72 28.87 4909 8796  73.38 97.05 99.95
2018-10-04 HIEIKEE  87.08  85.22 53.36 48.93 21.46 64.86 9657  60.55 76.35 98.17
FPREE 19.44 9559 8.90 54.43 35.34 7503 9528  74.85 93.60 95.66
2018-11-05 KGR 5333 2273 0.00 0.68 0.32 87.68 8628  63.56 81.38 97.54
JHPHRSEE 392 49.62 0.00 1.62 0.80 9947 8210 3297 79.48 92.60




Kappa RECEE, 7 A0 R fedy, Sk
K BEIA 3] 91.05%, Kappa 23055 0.8518, Bk
ek, VEUIFEA K 5 1 A 0 o3 FERCRAH X AT
TEAE KRR AN L, A 28R AN 4 2%
23 HEHEHENARAS S LKBELLLER

XF 3—11 A 1Y Sentinel-2 T2 E g 47 A A
BRI A2 5 R SVM (02K it i1,
DAy ) AU R I 1 €1 N E=3) | = Wl = £
YRR, 3 A0y 8 Ay N 28R W i
b 3 Ay 4 A0Sy R B b, AR
FEEE T 13.3%, X2 W TRAEY WA K 5%
ma, 3. 4 A IR REMITIRER, kb T
BESORA, ZREUN, 7. 8 ARy 4K
FEMAMG, 53, 4 AEREHN 2R, AW
KA AR 225, BdE SN 5 2E Az 1L
25, ARIT X AFELAEY) o WXt T3 5. 4 5%,
9 FHHE S IMIEANREEE B RGBT
AL A Oy RAE A R ARCAR L, RIS IR AN,
25 BIF AR AP B = A 2S8R, MR 2l
b FEEA S A S SN i

M3 A, 3 A6y A& 8 A {5 B 5 NDVI
BRI IR 2, e T RFRIED K

K3 HEBELE

Table 3 Comparison of classification accuracy

AR SVAKG Kappa 2%
Image data Overall accuracy( % )  Kappa coefficient

2018-03-23 75.64 0.5972
2018-04-12 71.32 0.5164
2018-05-12 78.29 0.6352
2018-06-06 84.39 0.7375
2018-07-11 91.05 0.8518
2018-08-15 87.42 0.7915
2018-09-14 82.62 0.6961
2018-10-04 88.86 0.8145
2018-11-05 75.10 0.5772
2018-03-23, 2018-04-12 79.44 0.6604
2018-03-23, 2018-08-15 92.74 0.8800
2018-03-23, 2018-07-11, 92.66 0.8763
2018-11-05

2018-04-12, 2018-07-11, 92.51 0.8748
2018-10-04

2018-03-23., 2018-06-06, 91.98 0.8664
2018-08-15., 2018-10-04

3—11 H 91.98 0.8679
3 H NDVI 71.50 0.4215
3—4 J] NDVI 71.67 0.4609
3—5 H NDVI 74.79 0.5305
3—6 H NDVI 84.67 0.7341
3—7 J1 NDVI 90.30 0.8391
3—8 J1 NDVI 90.20 0.8399
3—9 J] NDVI 90.92 0.8513
3—10 J NDVI 92.25 0.8736
3—11 J] NDVI 92.22 0.8728
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Table4 Comparison of classification accuracy among
different classification methods

ST AN Kappa %%
Classification Method Overall accuracy( % ) Kappa coefficient
P A Sl 88.97 0.8151
Auto threshold of decision tree
BEHLERA 90.83 0.8461
Random forest
S AL 94.19 0.9024

Support vector machine
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Table 5 Confusion matrix of classification results

AR ABE LEER S

FTRDIN

25 PRI i Nonvegetated Early—-maturing BeEK Bottle i BmiE A BE AL
Category Pepper  Grape i . Late maize © Wheat Tree Cotton Waters Total User accuracy
area maize gourd

B Pepper 221 33 0 0 0 0 0 188 0 442 50.00
H#i% Grape 0 9347 0 0 0 0 0 29 1 9377 99.68
JEHIBE Nonvegetated area 19 1140 13771 1 4 67 1 308 31 15342 89.76
L EK Early-maturing maize 0 0 0 0 219 0 0 0 0 872 74.89
oK Late maize 0 0 0 1144 236 0 209 6 0 1595 71.72
W% JK Bottle gourd 0 0 0 0 694 0 0 811 0 1505 46.11
/INFZ Wheat 0 0 0 0 0 2708 0 0 0 2708 100.00
4 Tree 0 128 0 1 1 0 995 36 32 1209 82.30
HiAE Cotton 0 769 0 763 104 0 255 57573 0 59464 96.82
7RI, Waters 0 0 0 0 0 0 0 0 5552 5552 100.00
SEK Total 240 11417 13771 1909 1258 2775 1460 58951 5616 98066

TR Prod. ace. 9208  81.87  100.00 97.61

59.93  55.17  97.59 68.15 97.66 98.86
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