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WOA-BP rice yield prediction based on Spark
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International Collaboration Research on Precision Agricultural Aviation Pesticides Spraying Technology/

Guangdong Laboratory for Lingnan Modern Agriculture, Guangzhou 510642, China)

Abstract: [Objective]l With the rapid development of big data technology and artificial intelligence, aiming at
the problems of low accuracy, too large prediction area, too long model optimization time of the current rice
yield prediction model, etc., a whale optimization algorithm-backpropagation (WOA-BP) rice yield prediction
method based on Spark was proposed. [Method] This paper took rice yield and weather data of

counties/cities/districts in the western region of Guangdong Province as the research object, used WOA to

S B EA:2022-07-04  MILEE AFTiE):2023-05-11 09:32:34

B & M1E: https:/kns.cnki.net/kems/detail/44.1110.8.20230510.1127.002.html]

TEBEENHRESE, ML, TEAFRUEAIFE S KKELEA R, E-mail: 1217405445@qq.com; @BE4E4:
Fafe, A, B, TEAFRIAIFEL RHBELALE. YEN 5 E M LK KA, E-mail:
jhw655@scau.edu.cn

ESTH: A AR R L LT KRB (NT2021009); 7~ A4 Kbl 5 A A a8 5 K4 (2021A1515011514); SF$RE
A4 37 5] &#% (D18019); FTHBEFBHELSFARLKRMA A (No.206-A021006); /A A T EAR AT A3 X
(2019B020214003)


mailto:1217405445@qq.com
mailto:jhw655@scau.edu.cn

614 Mg 4l K22 24 (https://xuebao.scau.edu.cn/zi/hnny_zr/home)

44 %

optimize the weights and bias values of BP neural network, and constructed a rice yield prediction model to

improve the prediction accuracy. In addition, the WOA-BP algorithm was parallelized in the Spark framework to

reduce the algorithm time overhead. [Result] In terms of model accuracy, by comparing the prediction results

after inverse normalization, the mean absolute percentage error of the BP neural network model optimized by

WOA decreased from 8.354% to 7.068%, and the mean absolute error decreased from 31.320 kg to 26.982 kg,

the root mean square error dropped from 41.008 kg to 33.546 kg. In terms of run time, 3-node Spark cluster

reduced runtime by 11 742 s over non-Spark mode, reducing time overhead by 44%. [ Conclusion] The WOA-

BP rice yield prediction method based on Spark can better predict rice yield in western Guangdong

counties/cities/districts, and at the same time can well reflect the influence of weather factors on rice yield in

western Guangdong Province, which is a reference for studying the rice yield situation in western Guangdong

counties/cities/districts and even the whole Guangdong.

Key words: Weather factor; Rice yield; Backpropagation neural network (BP); Whale optimization algorithm

(WOA); Spark
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Table 1 Precision comparison of the three models
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