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Abstract

Based on the Autoregressive Integrated Moving Average model (ARIMA), Gray Model (GM), ARIMA
and GM combined models (ARIMA-GM), the daily maximum temperature in summer is predicted.
This paper collects the maximum temperature data in a city from June to August in 2019~2021, and
used it as experimental data. The experimental results show that the GM model and ARIMA-GM
model have better prediction results. Compared with the GM model, the prediction results of the
ARIMA-GM model are more stable.
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Input: Historical dataset ¥°, forecast days n:

Output: predicted value for n days
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2) d-difference method for ¥°
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Input: Historical dataset Y°, forecast days n;

Output: predicted value for n days

1) ini(Y°)<—preprocessing dataset Y’

2) Y'«—accumulate( ")

3) creatDiffEquation(Y")

4) a. u<—obtain by the ordinary least squares

5) Set,,.qu<—CalDiffEquation( Y. rh

6) return Set,, .y
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Input: Historical dataset Y°, forecast days n;

Output: predicted value for n days

1) ini(Y°)<—preprocessing dataset Y’
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3) Set,eque—predictby GM(1,1) model
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Table 1. The mean of the mean absolute errors of the different forecasting models

= 1. TRIFUMRER FIEIREE

ARIMA GM ARIMA GM
2019~2021.06 1.150 0.770 0.751
2019~2021.07 1.636 1.207 1.166
2020~2022.08 0.869 0.680 0.655
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Figure 1. Mean absolute errors of ARIMA, GM, ARIMA-GM models
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