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A Prediction System for Amounts of Fruits of a Citrus Tree
based on Machine Learning
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Abstract

Information and communication technology (ICT) is starting to be applied to agricultural technology.
And Research is being actively conducted to control crop production by analyzing data measured using
I0oT devices with artificial intelligence technologies. Since information about the growth stages of Citrus
can be converted into digital data, production control is possible by information and communication
technology. In this paper, we propose an artificial intelligence method that predicts the actual amount of
citrus. The proposed method presents a prediction model that can be effectively learn data corresponding
to factors that can predict the amount of citrus. The model consists of a complex model in form of an
ensemble for optimal prediction. The performance of the proposed model is verified using data obtained
from actual citrus trees.
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Table 3. The environment of experiments

CPU IntelR) CPU 260GHz

Memory 204G

GPU Nvidia Geforce RTX 3090Ti

0S (21¢]) | Linux (Python 3.8.13)

5 27 | train_size = 0.7, session_id = 42,
normalize = True, silent = True,
transformation=True,
use_gpu=True, fold_shuffle=True
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