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Research on temperature change based on machine learning and time factor
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Abstract: The need to address global warming has increased in importance as the pace of global temperature change has accelerated.
As a result, this research conducts a thorough analysis of the global temperature change trends and discusses the shortcomings of
conventional temperature forecast models. To address the problem, the temperature prediction model based on machine learning and
time factor is built in this study. The model analyzes temperature change from a temporal perspective, conducts data analysis of time—
series temperature. According to the trend of data change, the changes in time and temperature data are periodic, and the degree of
influence of different time is calculated on the temperature model, further the level of influence is used to refine the temporal data. The
temporal data with various degrees of refinement are imported into XGBoost and other machine learning models for training and
prediction, respectively. The experimental results shows that when various degrees of refinement is equal to 5, the root mean square
error is minimal. The root mean square error of the XGBoost model is about 0.26, and the accuracy reaches 99.18%.
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Fig. 1 Distribution of monthly average temperature data
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Fig. 2 Algorithm flow chart based on XGBoost and time factor
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Table 1 Time series training data set

P i ML FE Hy ER —AERE HHBHE —EPREY
18380101 0 1 1 1838 1 1 1
18380201 3 1 2 1838 32 1 5
18380301 3 1 3 1838 60 1 9
20011201 5 4 12 2001 335 1 48
20020101 1 1 1 2002 1 1 1
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Table 2 Degree of influence of each time factor on temperature
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Table 3 RMSE at different refinement P

RMSE RMSE RMSE RMSE RMSE
(P=7) (P=6) (P=5) (P=4) (P=3)

]

Lasso 9.442 9.307 9.360 9.301 9.774
ElasticNet 9.443 9.308 9.361 9.298 9.774
Ridge 8.362 8.341 8.401 8.343 9.774
Gradient 0.601 0.594 0.582 0.591 0.656
LightGBM 0.678 0.670 0.673 0.674 0.721

XGBoost 0.560 0.506 0.490 0.512 0.546
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Table 4 The degree of influence of the time factor on the model

after screening
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Table 5 Optimal parameter ratios for GridSearchCV and RandomizedSearchCV

S MRS MREREESE RS I REESE
n_estimators (175 15 20,50,200,300,3 000 50 20/40/-++/480/500 280
learning_rate (% >J %) 0.1,0.01,0.05 0.1 0.01/0.02/+++/1.99/2 0.42
max_depth (R R IREE ) 5,6,7,8 5 2/3/+-/14/15 6
Min_child_weight (/M) 1,2,3,4 1 1/2/+++/8/9 6
Subsample (FEASRAE L)) 0.6,0.7,0.8,0.9 0.6 0.6/0.61/---/0.8 0.61
colsample_bytree (FFAERFELLA])  0.5,0.6,0.7,0.8,0.9 0.6 0.5/0.55/+--++-/0.95 0.82
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Fig. 3 Predicted values and true values
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