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Layer (type) Output Shape Param #
lstn_16 (LsTH)  (None, 12, 50) 10400
lstm 17 (LSTM) (None, 5@) 208200
dense 7 (Dense) {None, 1) 51

Total params: 38,651
Trainable params: 38,651
Mon-trainable params: 8
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Layer (type) Output Shape Param #
convid 5 (ComviD)  (None, Nome, 32) 192
convld & (ConvilD) {Mone, None, 64) 6288
lstm_15 (LSTM) {Mone, 1@@) [la=lel
dense_ 6 (Dense) {MNone, 1) 181

Total params: 72,581
Trainable params: 72,581
Mon-trainable params: 8
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RMSE MAPE MAE
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SVR 1.055 20.909 0.500
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CNN+LSTM 0.030 7.396 0.014
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Layer (type) Qutput Shape Param #
convld 7 (ConvlD) (None, None, 32) 182
convld 8 (ConvlD) (None, None, 32) 3104
1stm 17 (LSTM) (None, None, 50) 16600
dropout 17 (Dropout) (None, None, 50) Q
1stm 18 (LSTM) (None, None, 50) 20200
dropout 18 (Dropout) (None, None, 50) Q
1stm 19 (LSTM) (None, None, 50) 20200
dropout 19 (Dropout) (None, None, 50) 0
lstm 20 (LSTM) (None, 50) 20200
dropout 20 (Dropout) {None, 50) Q
dense 5 (Dense) (None, 1) 51

Total params: 80,547
Trainable params: 80,547
Non-trainable params: 0
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1395/01/02 44 1 2 3 1 4 6
1395/01/03 38 1 3 4 1 3 5
1395/01/04 49 1 4 5 1 2 4
1395/01/05 a1 1 5 6 1 2 4
1395/01/06 40 1 6 T 1 2 4
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Layer (type) Output Shape Param #
lstm 1 (LSTM) (None, 1, 50) 19000
dropout_1 (Dropout) (None, 1, 50) 0
lstm 2 (LSTM) (None, 1, 50) 20200
dropout_2 (Dropout) (None, 1, 50Q) 0
lstm 3 (LSTM) (None, 1, 50) 20200
dropout_3 (Dropout) (None, 1, 50) 0
lstm 4 (LSTM) (None, 50) 20200
dropout 4 (Dropout) (None, 50) 0
dense_1 (Dense) (None, 1) 51

Total params: 79,651
Trainable params: 79,651
Non-trainable params: 0
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