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Input: (None,50,1)
Lstm_1:LSTM

output: (None,50,1)
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Lstm_2:LSTM
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dense_1:Dense

output: (None,24)
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Fig. 3 Multilayer LSTM model
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Table 1  Comparison of indicators before and
after model improvement
A Bzt Wi 1 Ui 2 Ui 3

RMSE 44.1859 135.406 6 73.533 4
fE455 LSTM A5 MAE 30.6445 104.7954 59.7722
MAPE 19.7319 13.3155 19.908 1
RMSE 31.1938 114.8919 60.378 9
Z)2 LSTM £ 2 MAE 24.946 6 101.187 5 52.8183
MAPE 18.861 7 10.906 0 20. 104 9
RMSE 23.7677 110.5135 36.0190
Z)2 LSTM 57 1 MAE 17.4309 90.478 6 28.158 8
MAPE 9.251'1 10.196 5 10.401 1
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Fig. 6 Comparison between predicted values and real values
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Abstract The prediction of time series traffic is a hot issue in machine learning in recent years.It has been found
that the prediction accuracy can be greatly improved by approaches of changing the network structure (such as the
number of neural network layers, the number of neurons in network layers,the connection mode between network
layers,as well as the application of special network layers) ,and selecting appropriate optimizer and loss function.
Here ,we propose a multi-layer LSTM ( Long Short-Term Memory) algorithm, which is a single model improved on
traditional LSTM algorithm , to reduce the model’s complexity and improve the efficiency of machine learning. The
model includes an input layer,five hidden layers,an output layer,a full connection layer,and also a dropout layer to
prevent the machine learning from over-fitting. The model uses adam as optimizer,mlse as loss function,and relu as
activation function.The experimental results show that the proposed model has better generalization ability compared
with traditional LSTM model.

Key words time series prediction;long short-term memory ( LSTM) ;prediction accuracy ; generalization ability



