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network (MLP)-ARIMA model was proposed to estimate the daily number of new
patients with COVID-19 globally [13]. With the advancement of machine learning,
many scholars have applied the aforementioned model to predict COVID-19. Siti
et al. applied the support vector regression (SVR) model to estimate the number
of deaths and cases in Malaysia [21]. Parbat et al. constructed an SVR model with
a radial basis function kernel to predict daily, recovery, and death cases [17].

Deep learning, a subset of machine learning, performs better in nonlinear pre-
diction. Long short-term memory (LSTM) is an algorithm developed from deep
learning. In 1997, Schmidhuber and Hochreiter improved the cyclic neural network
and proposed the LSTM model, promoting the development of the cyclic neural
network family and expanding its application range [7]. Nguyen et al. used the
LSTM network to calculate the cases for the respiratory diseases in central Tai-
wan [15]. Shashank constructed K-mean-LSTM to predict short-term COVID-19
cases in Louisiana [20]. Luo established a prediction model of daily confirmed infec-
tions with US time-series data based on LSTM and XGBoost algorithms [14]. Farah
used LSTM and BiLSTM to forecast the cases, recovery, and deaths of COVID-19
in 10 countries [6]. Unlike LSTM, BiLSTM could better explore the temporal fea-
tures within the data. CNN decreased the number of weights to be trained and
retained most of the important information, reducing the complexity of the model
and effectively improving the efficiency of neural network model training.

Traditional denoising methods are widely used to solve the strong noise problem
of complex time series [25], such as Fourier transform (FT) [18], singular spectrum
analysis [22], and wavelet analysis [16]. Compared with traditional methods, em-
pirical mode decomposition (EMD) has obvious advantages in processing complex
time-series data [8]. It can decompose complex time series into signal components
at different frequencies.

Given the problems of data noise disturbance and deep neural network applica-
tion, this study applied EMD to the model to propose the EMD-CNN-BiLSTM-
Attention model to estimate the daily newly confirmed COVID-19 cases in Europe.
In this study, a model was built for optimizing Variational mode decomposition
(VMD) with singular spectrum analysis (SSA) by establishing a new comprehen-
sive fitness function. Then, a hybrid noise reduction model was established through
Pearson correlation coefficient (PCC). Finally, we verified the theoretical model
with real time-series data.

2. Ombination of deep neural network models

2.1. Single deep learning model.

Convolutional neural network (CNN) is an effective feedforward neural network
for feature extraction and pattern recognition. It can be originally traced back to
the 1960s. The neurons within a CNN can respond to the surrounding neurons. The
essence of CNN is a multi-layer perceptron with weight-sharing connection mode
and local connection, which can significantly decrease the number of weights to be
trained. CNN can diminish the complexity and enhance the efficiency of neural
network model training.
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Long short-term memory (LSTM) enhances the cyclic neural network by incor-
porating a cell memory unit, allowing it to store memory over long intervals. It
employs gate structures to process information to ensure a strong time correlation
between two moments with long time intervals. The flow of LSTM is illustrated in
Figure 1.

Figure 1. Flow for LSTM.

LSTM adds three control gates: oblivion, input, and output. The oblivion gate
determines redundant information that should be removed from the unit state based
on current information xt and the output from the previous moment ht−1, which is
calculated as follows:

(2.1) ft = σ(Wf [ht−1, xt] + bt),

where ft is the activation value for the oblivion gate, σ shows the sigmoid activation
function, Wf denotes the weight value, and bt is the bias.

The input gate updates the memory state for the previous moment ct−1 based
on xt and ht−1. The calculation process is as follows:

(2.2) it = σ(Wi[ht−1, xt] + bi),

(2.3) c̃t = tanh(Wc[ht−1, xt] + bc),

(2.4) ct = ftct−1 + ic̃t,

where tanh(·) defines as the hyperbolic tangent function, ct−1 is the memory state
for the previous moment, ct is the memory state for the current moment, bi and bc
are biases.

The output gate determines the output for the hidden layer at the current moment
ht based on previous information. The formulas used are as follows:

(2.5) ot = σ(Wo[ht−1, xt] + bo),

(2.6) ht = ottanh(ct).

Bidirectional long short term memory (BiLSTM) is an improved method based
on LSTM. It combines forward and reverse LSTM, which takes into account both
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the current iteration time and reverse timing. It contains all the information of
both forward and reverse LSTM, effectively improving the availability of data and
the prediction performance of the model. The flow for BiLSTM is shown in Figure
2.

Figure 2. Network structure of BiLSTM.

The mechanism of attention involves ignoring irrelevant information and select-
ing useful information. Therefore, experts have proposed the attention mechanism.
This mechanism assigns different weights to input features based on their influence
on the output, thus screening out important features and improving prediction pre-
cision. For the output of BiLSTM ht = {h1, h2, · · · , hr}, the attention mechanism
is calculated as follows:

(2.7) et = νtanh(wht + b),

(2.8) αt =
exp(et)∑t

j=1 ej
,

where et is the attention probability distribution at moment t, ν and w are the
weight values, b is the bias value.

2.2. Combination experimental model.

The proposed model was divided into input, CNN, BiLSTM, attention, and out-
put layers. The data were input into the model through the input layer. The CNN
layer extracted the feature of time sequence and generated the feature vector to in-
put into the BiLSTM layer. The BiLSTM and attention layers forecasted the daily
newly confirmed cases by learning the rules in the feature vector extracted using
CNN, and the prediction results were output through the output layer.

The main parameters used for model training were as follows: the time step set
to 5, the optimization algorithm set to Adam, the number of hidden layer nodes set
to 16, the training epochs set to 50, and the batch size set to 32. Figure 3 shows
the flow of the CNN-BiLSTM-Attention combination model.

Table 1 displays the structure of each layer of the experimental model.
(1)The CNN layer grabbed the features of the data from the input layer, mined

and screened time sequence features, and input them to the BiLSTM layer. The
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Figure 3. Flow diagram of CNN CBiLSTM C Attention composite model.

CNN layer included the convolution pooling, and full connection layers. One-
dimensional convolution was selected for the convolution layer based on the char-
acteristics of the COVID-19 time-series data. The convolution kernel size was 16,
and tanh was used as the activation function. Then, maxpooling was adopted for
pooling on the pooling layer, and the maximum pooling was set to 5. After pro-
cessing the input vector through the convolution and pooling layers, the dropout
layer with a probability of 0.05 was introduced to avoid feature overfitting. Finally,
a series of data was output as input to the next BiLSTM layer.

(2)BiLSTM positive and negative structures were used to train the data charac-
teristics of COVID-19 sequences.

(3)The output for each time step for the BiLSTM layer was taken as the input of
the attention layer, different weights were added to input features, and they were
output to the output layer through the full connection layer.



2240 S. MA, X. BAI, Z. HAO, AND H. CHEN

Table 1. Parameters of CNN CBiLSTM C Attention composite model

Layer
number

Name of the layer Network parameter Data structure Activation
function

1 Input layer None (None, 5, l) None

2 Convolution layer
Fters = 16,

kernel size = 1
(None, 5, 16) Tanh

3 Pooled layer pool size = 5 (None, 1, 16) None
4 Dropout layer Dropout rate = 0.05 (None, 1, 16) None
5 BiLSTM layer Number of nodes: 32 (None, 32) Tanh
6 Attention layer Number of nodes: 32 (None, 32) Sigmoid
7 Fully connected layer Number of nodes: 1 (None, 1) Tanh

2.3. Model performance evaluation index.

In this study, the predictive performance of the model was evaluated using two
indexes: mean absolute error (MAE) and root mean square error(RMSE). The
evaluation formula used was as follows:

(2.9) RMSE =

√√√√ 1

n

n∑
i=1

|y′
i − yi|2,

(2.10) MAE =
1

n

n∑
i=1

|y′
i − yi|,

where i denotes the label of sample data, yi is the true value of the test set of
newly confirmed cases, n represents the total number of sample data, and y

′
i is the

predicted value for the test set of newly confirmed cases.

3. Results

3.1. Sample acquisition.

This study compiled Tencent real-time epidemic data (https://api.inews.qq.com)
on COVID-19 from various European countries by Jupyter Notebook (Anaconda3).
By checking and comparing the COVID-19 data reports on different Web sites, it
was found that the real-time COVID-19 data published by Tencent were relatively
comprehensive, with fewer missing values and more periods. Therefore, this study
consolidated the COVID-19 data from the 43 European countries and 1 region to
obtain the total COVID-19 epidemic data of the entire Europe spanning from March
13, 2020, to November 11, 2021.

3.2. Normalized processing.
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The epidemic values were extremely large and the calculations were complicated.
Therefore, the values were normalized to keep the epidemic data between [0,1] using
the following equation:

(3.1) X̄i =
Xi −Xmin

Xmax −Xmin
,

where i is the number of samples, whose value is 1 to T , T denotes the total
number of the samples, Xmax and Xmin are the maximum and minimum values for
the samples, respectively.

3.3. Data denoising using EMD.

The dataset was divided in the ratio of 8:2. That is, the first 80% of data were
used as the model training set, and the remaining 20% of the data were used as
the model test set. The predictive performance of the model was assessed using the
evaluation indexes RMSE and MAE.

Figure 4. EMD decomposition result.

The COVID-19 data were decomposed using EMD. As shown in Figure 4, the
original data were decomposed into seven intrinsic mode functions (IMFs) and one
residual component (Res). IMFs reflected the distribution of data in different in-
fluencing factors and scales. The noise gradually decreased and the data became
stable.

3.4. Analysis of results.

The trend comparison between the predicted and real values of the original data
under eight prediction models is shown in Figure 5.

The predicted effect of eight models is presented in Table 2.
As shown in Figure 5 and Table 2, the predicted trend of the model with EMD

decomposition algorithm was better than the actual trend. Both RMSE and MAE
were significantly reduced. Upon integrating the EMD decomposition algorithm into
various models, the EMD-BiLSTM model exhibited varying degrees of improvement
in prediction performance. Compared with BiLSTM model, RMSE and MAE de-
creased by 27.82% and 29.07%, respectively, with the largest reduction range. The
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Figure 5. Trend comparison of forecast models.

Table 2. Predicted performance of eight models

Model RMSE MAE

BiLSTM 0.1136 0.0853
EMD-BiLSTM 0.0820 0.0605
CNN-BiLSTM 0.1053 0.0818
EMD-CNN-BiLSTM 0.955 0.0733
BiLSTM-Attention 0.1041 0.0815
EMD-BiLSTM-Attention 0.0916 0.0703
CNN-BiLSTM-Attention 0.0982 0.0743
EMD-CNN-BiLSTM-Attention 0.0798 0.0592

RMSE and MAE for the EMD-CNN-BiLSTMmodel decreased by 9.31% and 10.39%
compared with those for the CNN-BiLSTM model. Compared with the BiLSTM-
Attention model, RMSE and MAE decreased by 12.01% and 13.74%, respectively.
Compared with the CNN-BiLSTM-Attention model, RMSE and MAE decreased by
18.74% and 20.32%, respectively. Compared with the four models without EMD
decomposition algorithm, the CNN-BiLSTM-Attention combined model displayed
the best prediction performance, and the prediction error was noticeably smaller
than that in the other three models. Comparison among the four models using the
EMD decomposition algorithm revealed that the EMD-CNN-BiLSTM-Attention
combined model demonstrated the most effective prediction performance.

4. Conclusions

This study integrated the benefits of deep learning and neural network prediction
algorithms by establishing a combined prediction model based on the bidirectional
LSTM neural network. The model incorporated BiLSTM along with CNN and
Attention mechanisms. Additionally, several comparison models were constructed
to verify the superiority of the experimental model. For the experimental data in
the model training without the EMD algorithm, the prediction effect of the CNN-
BiLSTM-Attention model was better than that of the other models. In addition,
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when the experimental data and logarithmic control data were decomposed using the
EMD algorithm, it significantly improved the prediction performance of the model
and reduced the prediction error. The model proposed in this study displayed better
performance in predicting the time series for confirmed COVID-19 cases in Europe,
with an RMSE of 0.0798 and MAE of 0.0592. The proposed model achieved higher
prediction accuracy compared with the comparison models. It provided a promising
method for predicting COVID-19.
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