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Application of long short-term memory networks in temperature prediction
HUA Fan, LI Li, CAI Xinnan, XU Jian
(Tianjin University of Technology and Education, Tianjin 300222, China)

[ Abstract] Temperature change has a great impact on people’s normal travel, social development and ecological environment,
while weather and climate have certain randomness and disorder, which are the complex model difficult to be predicted. In this
paper, long short—term memory (LSTM) networks deep learning model is used to construct the model and predict temperature time

series, and is compared with the prediction results of Gated Recurrent Unit ( GRU) model and Deep Neural Networks ( DNN)
model. The simulation show that the Mean Squared Error (MSE) of LSTM prediction is more accurate than the other two models,

and has better performance in processing large data sets.
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Fig. 2 Structure of LSTM

LSTM MY iC I B 240 5 1 5 5 1] (forget
gate) FAIT(input gate) it ] (output gate) FlCIZ
HTG(cell) , LSTM AU TARRAE AT EMAR AT

Step 1 UG TR — 1 B 220 ) BEUZ 4 1
h, , FUSETHIA x,, P8 sigmoid PR A H R
FIRYa S f,, RGE TR R FERIE R . Hob, £ Bt

fi=0(W, - [h_ 5] +b) (1)

Step 2 M AT TARYE ¢ — 1 120 B Beoe )2 i 11
h, . FISHRA «, T AAG 2 DA
JFiEa tanh £ HHG C, . Hd, Coe (- 1,1),
WFFE TR AR T2 a0 F

i, =0(W, - [h,_,,x]1+b,) (2)

C =o(W, - [h_ %] +b,) (3)
2 EATHER ¢, B E L AR .
Ct :fz*cl—l +iz*éz (4)

Step 3 f b 14EH €, Fu i 2 A, (1 tanh X
C, JE4i%) (- 1,1) , fFd@d sigmoid PRETS H e 2%
Bith b, HULRTHERAR BB AR E R .

0,=a(W,- [h_,,x]+b,) (5)
h, = 0, * tanh(C,) (6)

Hr, W, W, W, W, BINECGERE; b,,b, b,
b, YA MR & 5 o JE sigmoid PREL,
1.2 GRU ##!

I &R 8. JC ( Gated Recurrent Unit, GRU) """
FLSTM —#F #2561 T4l 0 0B PR 22 I 2%, {3
JELSF L LSTM BEfij 8 I HALn] LA RNN Ry
T B2 ) 0, HLAE A T 8] 3 s

Th,

El3 GRU&#HE
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Fig. 5 Specific flowchart of the algorithm
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Fig. 6 Variation curve of loss function
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Tab. 1 MSE results for the three models
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Fig. 7 Prediction results of three models
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