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Abstract: Temperature prediction is of great significance in weather forecasting, especially for dealing with extreme weather and optimizing
decision—making in various industries. Accurate temperature prediction is indispensable for the economic development of cities and human so-
cial activities. Taking Haikou City as an example, this paper proposes a short—term temperature prediction algorithm based on deep learning,
and adopts the CNN=GRU-ATT model architecture to improve the accuracy of the traditional temperature prediction model. First, the Pearson
correlation coefficient method is used to select features of Haikou meteorological data, and the selected features are used as the input of the
model. Secondly, the convolutional neural network (CNN) is used to extract relevant local features to capture effective information in multidi-
mensional historical data. The model further uses the gated recurrent unit (GRU) to model the feature sequence in time series to identify the
dependency of temperature changes. Finally, the attention mechanism is introduced to weight the output of GRU, so that the model can focus
on important time steps and ignore irrelevant information, thereby optimizing the prediction effect. The test results on the real temperature re-
lated dataset in Haikou from 2005 to 2024 show that the proposed algorithm has significant advantages in the prediction accuracy of RMSE and
MAE, in which the RMSE is 2.21 and the MAE is 1.65, which is better than the prediction results of other comparison models, and provides
an effective reference scheme for the short—term prediction of temperature in Haikou.
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Fig. 3 Overall flow of temperature prediction
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Fig.4 Haikou temperature change trend
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Table 2 Pearson correlation coefficient method validity test results

F2 Pearson X REEEFEMILER

BT RHE IR T RMSE MAE
= CNN-GRU 2.36 1.73
i CNN-GRU 2.64 2.02
2 CNN-GRU-ATT 221 1.65
7 CNN-GRU-ATT 2.47 1.86

A ARKALT, EBH R Pearson #H OC 2 £l #F 47 FR1F 1E 5
A FI T $i = CNN-GRU-ATT 5 Fl CNN-GRU 5% 7 75 i)
R
3.4.4 R FEFE F KA CNN-GRU-ATT A% A 37 ] 2 R 4%
LA

T ARG ] 2L K AR SC CNN-GRU-ATT #5784 F50 1)
RORHYSENR , TT I T 220 W 9286 . 2240 0 S35 7 i [7)
J 4 43 A v, A 00 oA ok 224 Ik 1) 5 B AFL T AN AU AS 2
A AT R . X S, B R E e A T
] 254, DR v AR 000 o P o TN R 25 A5 SR ik 3
Fi7s

Table 3 Prediction errors at different time steps
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