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Abstract

The latest data shows that since the beginning of the 20th century, the greenhouse effect has been
intensifying, resulting in a rise in the global average temperature of about 1.4°C, and extreme heat
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weather has seriously affected people’s lives, production and health. Therefore, it is of great signi-
ficance to predict global temperature, and this paper constructs an ARIMA autoregressive time se-
ries prediction model and a deep convolutional long short-term memory network model (CNN-LSTM)
based on the temperature time series to predict the global annual average temperature in the next
20 years. In order to compare the prediction performance of the CNN-LSTM model and the ARIMA
model, we trained and predicted the two models using global average temperature data from
1880 to 2022, respectively. By comparing the prediction results and verifying the accuracy, the
performance of the two models in temperature prediction can be comprehensively evaluated. The
results show that the CNN-LSTM model is superior to the ARIMA model in terms of prediction ac-
curacy and stability, and the CNN-LSTM model combines the advantages of convolutional neural
network (CNN) and long short-term memory network (LSTM). CNN can reduce the data dimension,
while LSTM can maintain a good memory of the time series with a long span, and this model fully
considers the temporal correlation of meteorological data, so as to improve the prediction accu-
racy of massive and long-term temperature series data.
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Figure 1. In the past 50 years, the global average monthly land temperature has been abnormal
1. iE 50 FEkFEM A FH[ERE

ERVEMEHE A =Fh: ANOVA, T-test, Chi-Square Analysis. 7<% ANOVA K56t 10 4 5id %
B3 10 4RI ARG K A7 TR 35 22 Rk
B REAR KR 7 AR A A, BRI JE 35 1 Fios

Table 1. Data partition rules

= 1 BUEXI o

ZH ) H4 EAEh
A 1972 4 11 H %) 1982 4£ 10 A ASE R
e 1982 4F 11 A %) 1992 4 10 A ASE R
C 1992 4E 11 F ) 2002 4E 10 H H <R 7%
D 2002 £E 11 3 2012 4£ 10 A H iR S%
X REZH E 2012 4 11 % 2023 4£ 10 A H <R F%

Ti ST AR AN 2 FioR, p {24 0.000 /T 0.05 E4E R, s & ARG K A R T
ZE5E, RN 10 SE50A MR A W .

Table 2. ANOVA results
F=2 HESWMER

df sum_sq mean_sq F PR(>F)
A 1 0.159478 0.158965 1.09E+29 0.000
B 1 1.200877 1.201734 8.22E+29 0.000
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Residual

1 0.3875834 0.386784 2.65E+29 0.000

1 1.377576 1.379263 9.43E+29 0.000

1 9.964574 9.959674 6.82E+30 0.000
114 1.66E—28 1.46E-30
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Figure 2. Temporal diagram of global steady temperature from 1880 to 2011
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Figure 3. First-order difference diagrams
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Figure 4. ACF plot after first-order difference
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Figure 5. PACF plot after first-order difference
& 5. —MZE5E PACF
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Table 3. ARIMA(3, 1, 5) coefficient table
% 3. ARIMA(S, 1, 5) &M A E

arl ar2 ar3 mal ma2 ma3 ma4 mab
RE —0.2243 0.8806 0.1991 —0.1814 —1.2392 0.087 0.4176 0.0268
(CEIIWIE S waR
Y, =1-0.2243Y, , + 0.8806Y, , + 0.1991Y, , +e —0.1814¢, , 3
-1.2392e, , +0.087¢,_, +0.4176e,_, +0.0268e,
4.1.3. BTN K 534
T &5 W3 4
Table 4. ARIMA model prediction results data table
= 4. ARIMA =BT R BaE 2=
o p FUSEAH(C) HHE(C) HAHRZE(C)  HIXRE  LERBETIM
2012 14.57 14.56 -0.01 —0.07%
2013 14.60 14.64 0.04 0.27%
2014 14.68 14.70 —-0.06 -0.41%
2015 14.73 14.68 —-0.09 —0.61%
2016 14.84 14.73 -0.21 —1.42%
2017 14.60 14.68 0.05 0.34% 0.1487
2018 14.69 14.74 —-0.05 —0.34%
2019 14.80 14.78 -0.15 -1.01%
2020 14.90 14.83 -0.25 -1.68%
2021 14.69 14.79 -0.03 —0.20%
2022 14.75 14.65 -0.10 —-0.68%
TP 6, B A 2SR LE L 7.
Forecasts from ARIMA(3,1,5)
; _
- I.M“'
[} <
£ 3
g i
§ o
s
\Q —
- T T T T T T T T
1880 1900 1920 1940 1960 1980 2000 2020
year
Figure 6. Forecast map of global average annual temperatures
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Figure 7. Global annual average temperature ARIMA model
forecast and true value overall comparison chart
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Figure 8. Trends in global annual mean temperature from 1880 to 2022
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Figure 9. Variation curve of loss function in CNN-LSTM model
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Figure 10. Comparison of temperature observation data and forecast data curves
of CNN-LSTM model from 2008 to 2022
10. 2008 £ & 2022 F# CNN-LSTM 1R S 33 MU e Fn 750N 4z th 2 3+t b E]
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Table 5. Global average annual temperature forecast for the next 20 years ("C)
5. ARk 20 FRIKFFIFIETUN(C)

T PR F TR T PR i TR

2023 14.85 2028 15.08 2033 15.32 2038 15.55

2024 14.96 2029 15.03 2034 15.35 2039 15.56

2025 15.15 2030 15.26 2035 15.38 2040 15.67

2026 15.09 2031 15.20 2036 15.41 2041 15.58

2027 15.11 2032 15.27 2037 15.49 2042 15.65
4.3. {REIFTEE
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RMSE = /%i(yi -y )
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ARIMA #5715 CNN-LSTM #84 f 240 Fa bR 5 b W36 6.

Table 6. Comparison table of the evaluation indicators of the two models
7= 6. AMARELTEMIgIRXTEE R

MAE MAPE RMSE
ARIMA 0.0748 0.5338 0.0898
CNN-LSTM 0.1003 0.0068 0.1281

1% 6 a] UE H P A AR T SR L 3t (H45 A ARIMA BT (R 3300 B (AL ] 7) A1 CNIN-LSTM A% 7Y
FR TR (AL 1) 10), CNN-LSTM B F 5 2R A T ARIMA KR, F500 45 5 56 i afi
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TR T A 5 S B R AR E A, 3 2PAER T CNN-LSTM R /A 3 0 T A Rk
CNN-LSTM #R A Gefs A5 24 B2 = R PO RS B2, R RO 4 BRAUR AR AL 1] B b 77 3CFF . ARk, FRATTAT
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