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Fig.1 Location distribution map of the study area
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Fig.2 Monthly cumulative rainfall in the study area
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Table 1 Phenological information of peanut planting
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Fig.4 Hierarchical distribution of field survey data
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Table 3 Pixel number of training samples and test samples

32 RAEE RIE i T

. Kz K Eis

FEAR ZK ZK ZK
Y GRFEA B 54 551 892 304 115
TR AR Bk 54 551 892 304 115

3 RN
31 TEEBEHXETHSH

MR T A A 2 T, o B S 4 A ) 2 A e
NG VA A TR R R AE SR A Z W B H
WEEMH . R 6, P AR AL~ 4 B R 1
W gt KB R B, T i=1, 2, 3, 4, 5, R Al
KA TR G N 45 9 B R H B8 B H — 4k 5 L, Hod
B AR e~ ST % 1 08 Ry B, E(E AR R R R
H B NI . 454 18 6 F46 A= ke B e (36 1)
ZAE ] BT R A (B 2) 2R B i T e AR R



584 I A N T VA o5 37 &
-
At4 L ] —
At4 L |
I E—
IR @ [ T
-100% —50% 0 50% 100% -100% -50% 0 50% 100%
B S EL
I N |
At4 T . I At4
] I A3
T A2 . omm
I .
—-100% —50% 0 50% 100% -100% -50% 0 50% 100%
AW t)2214 IELTHNE B
]
I At4 I
e i I At4
|
At2 e | o —
I [
-100% -50% 0 50% 100% -100% -50% 0 50% 100%
S B+ AN B W B+ AT AN B
|
I A KK - BRI PR w B wihe
N
A2 i
.
-100% -50% 0 50% 100%
SN B+ B AT A B

6 BERRRBERSHRAHILER

Fig.6 Multi-band daily average increment map of peanut drought disaster level
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Table 4 Evaluation of recognition accuracy of peanut drought grade
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Fig.7 Evaluation map of the earliest identification time of

peanut drought disaster
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Fig.9 Statistics of peanut disaster area in 2019
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Remote Sensing Evaluation of Peanut Drought Disaster based on
Daily Average Increment of Multi—band Reflectivity

Qi Wendong', Li Zhigang”, Gu Xiaohe’
(1.Beijing Sun-Golden Technology Co., Lid. Beijing 100088, China;
2.Ping An Property Insurance Co., Ltd. Shenzhen 518046, China;
3.Beijing Research Center for Information Technology in Agriculture, Beijing 100097, China)

Abstract: Drought is one of the main meteorological factors affecting peanut yield. Remote sensing assessment
of peanut drought disaster is of great significance for yield estimation, disaster prevention and mitigation, and in-
surance claims. At present, the remote sensing evaluation of peanut drought mainly depends on the change infor-
mation of spectral index, which is easily disturbed by the growth process in different regions, which limits the
universality of spectral index method. Supported by multi temporal Sentinel-2 remote sensing images and field
samples, this study analyzed the internal relationship between the daily average reflectance increment informa-
tion of time-series bands and the drought disaster degree of peanut. Decision tree, random forest, logistic re-
gression and other methods were used to classify the Drought Grades of peanut, and the overall accuracy and
kappa coefficient were used to evaluate the accuracy of various methods. The results showed that the daily aver-
age increment of NIR reflectance in a single band was a strong indicator of peanut disaster. The results showed
that the combination of multi spectral bands was better than single band in indicating drought degree of peanut,
and the combination of red band, blue band and near infrared spectral band had the strongest indication, with the
overall accuracy of 89.93% and Kappa coefficient of 0.847 1. Compared with Logistic regression and decision
tree algorithm, random forest algorithm has the highest accuracy in drought assessment of peanut. In the analy-
sis of the optimal time combination of drought grade, using the multi band daily average reflectance increment
information of peanut growth peak period (July and August), the overall accuracy of disaster grade remote sens-
ing recognition can reach 88.62% , and the Kappa coefficient is 0.827 4. The results show that the drought disas-
ter assessment method based on multi band reflectance daily increment in the growing period can effectively ex-
tract the disaster area and severity of peanut.

Key words: Peanut;Drought; Multispectral remote sensing; Yield estimation



