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The current influenza forecasting models often use traditional influenza surveillance data as one-
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dimensional digital influenza sequences to predict. This method has limitations in feature extraction and
cannot effectively mine deep information in sequences, thus affecting its prediction accuracy. To solve this
problem, we introduced an end-to-end integrated model of univariate convolutional neural network based
on image coding in this paper. The model encoded one-dimensional digital sequences into two-
dimensional image sequences which provided unique image-based information features for the model. On
this basis, a deep learning network model was designed and built by integrating swarm intelligence optimi-
zation algorithm, and the image processing method of convolutional neural network was utilized for feature
extraction to complete the influenza prediction of the influenza data sets from 2013 to 2019 and 2019 to
2023. Compared with the standard model method, the experimental results show that MASE and
SMAPE are 1.138, 2.307 and 10.505%, 13.881%, respectively. The model has better performance,
good robustness and flexibility in predicting influenza. In addition, the experimental results also verify the
advantages and practicability of convolutional neural network image processing in the field of influenza
time series forecasting.

Key words: influenza forecasting; time-sequence imaging; swarm intelligence optimization algorithm; con-
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Tab.2 Parameters of model module

" ey 2013—20194F 2019—2023 4
B RS s MR H S SO
RGBT [3,10.1] 3 6
FERIFR 2 B [3,10.1] 7 7
WIhH IS e AR A [8,20.1] 16 10
SRR 2 2
Ak Adam Adam
ZES R 0.001 0.001
et [32,64,128] 64 64
IR AL MAE MAE
SSA I L i R &L sMAPE sMAPE
SSABEE HH/ % 20 10
SSA S5 L/ % 20 10
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Tab. 3 Comparison of model prediction results

2013—20194FE8dE  2019— 2023 4%l

T
MASE sMAPE/% MASE sMAPE/%
LSTM 1.482 14.259 3.024  18.872
SARIMA 1.498 13.416 3.426  18.774
MLP 1.954 15.442 3.316  20.461

1D-CNN+LSTM 1.416 14.007 2.699 18.157
2D-CNN+LSTM 1.155 11.954 2.550 14.855
2D-CNN-+GRU 1.366 13.153 2.578 15.885

ForCNN 1.409 13.286 2.663 16.260

IMG-CNN-SSA- ; . . .
GADF 1.138 10.505 2.307 13.881

IMG-CNN-SSA-RP  1.365 13.137 2.449 14.424
IMG-CNN-SSA-MTF  1.406 12.583 2.306 13.926
IMG-CNN-SSA-1 1.447 14.437 4.750 30.352
IMG-CNN-SSA-2 1.241 12.306 4.028 25.177

IMG-CNN-SSA-3 1.371 13.207 2.750 17.144
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