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Abstract. PM2.5 forecasting is crucial because it affects people’s physical health, but also provides guid-
ance for pollution control. Since the prediction of PM2.5 involves various meteorological factors as well as
the influence of historical data, in this paper, we take the prediction of PM2.5 as a multivariable time series
prediction problem, and propose a hybrid time series model based on LSTM and dilated convolution networks-
DConvLSTM. The model can capture the internal long-term dependence and external impact factors from a
large amount of historical data, and make a prediction of PM2.5 concentration in the future period. DConvL-
STM can identify the simple time pattern from the sequence data through the Dilated CNN in one dimensional,
where the added cavity is used to filter the sequence signal and increase the receptive field. LSTM is a variant
of RNN, which naturally has the characteristics of learning long-term dependence from time series data. The
DConvLSTM is composed of a one-dimensional Dilated CNN, LSTM and a completely connected layer. In this
paper, DConvLSTM model is applied to the prediction of PM2.5 concentration in Beijing. The experiment
shows that the proposed model could well predict the PM2.5 concentration in the future period. Comparison
with other models, DConvLSTM has a higher fit indicators and computational efficiency.
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1 Introduction

In recent years, the problem of air pollution brought about by the development of society and industry has become
more and more serious. The haze formed by PM2.5 as the main component has received great attention because
of its harmfulness to people’s body [1]. PM2.5 concentration have been included in new air quality standards by
many countries. The prediction of PM2.5 concentration is crucial to provide guidance for people’s life and help for
air pollution control. How to establish a reliable prediction model of PM2.5 and further improve the prediction
accuracy is our main research work in this paper.

At present, many scientific research institutions are actively involved in the establishment of the PM2.5 prediction
model. Benas used multiple linear regression models to predict the concentration of PM2.5 by combining more
meteorological elements, but also did not consider time dependencies [2]. Model research based on time dependence
and multivariate variables is a category of time series analysis in machine learning. The current best method for
time series analysis is RNN(Recurrent Neural Network) in deep learning. Min Han Kim et al. proposed a RNN
model combined with multivariate nonlinear regression algorithm for air quality prediction in 2010 [3]. In an article
published in 2018, Lei used LSTM(Long Short-Term Memory), a RNN variant, to solve the problem of long-term
dependence [4]. Compared with the Random Forest and Encoder-Decoder model, it achieved better performance
and improved the accuracy of the prediction. Bai et al. have used a one-dimensional convolution network united
with deep residual network to solve the sequence classification problem [5].

In this paper, our primary goal is to establish a PM2.5 prediction model based on one-dimensional dilated
convolution network and LSTM to predict the concentration of PM2.5 better, which can include both multivariate
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meteorological factors and time dependence. Another objective is to comprehensively evaluate and analyze the
performance of our model. The final goal is to compare the performance with LSTM, GRU, and Conv1D to verify
the superiority of DConvLSTM.

2 Related Work

In this chapter, we will introduce the principles of one-dimensional convolutional neural networks and LSTM, as
well as the current state of research on the combination of convolutional neural networks and LSTM.

2.1 Conv1D(One Dimensional Convolution) and Dilated Convolution

Since the AlexNet designed by Krizhevsky et al. [6] won the championship with a huge margin in the image
classification competition of ImageNet in 2012, CNN (Convolutional Neural Network) has become the focus of
academic research. CNN can automatically extract partial features of data by convolutional calculation on original
information [7]. Similarly, Conv1D can convolve one-dimensional signals to identify the underlying rules in sequence
data [8]. Conv1D can not only extract more important features from the sequence data, but also reduce the dimension
of the sequence. When reduced to length 1, the model can be used for regression modeling. Likewise, the length can
be the number of categories, and the model can model the classification problem. Formula (1) is the convolution
calculation formula.

F (x) = (f ∗ g)(x) =

∞∑
τ=−∞

f(τ)g(x− τ) (1)

Where F(x) represents the function for the convolutional calculation, and f(x) and g(x) represents the input and
convolutional kernel respectively. x is kernel size, and τ represents the index of data in the sequence.

Dilated Convolutions are mainly used for semantic cutting [9]. Compared with the ordinary convolution, dilated
convolutions adds a dilation rate parameter to indicate the size of the expansion. Dilated Convolutions differs from
ordinary convolutions in that although the convolution kernel is the same size, it has gained a greater receptive
field by the existence of the dilation rate [10]. The receptive field is the range in which the convolution kernel can
act on the original information. Equation (2) is the calculation formula for the convolution kernel size of Dilated
Convolutions.

ksize = rdilation ∗ (osize − 1) + 1 (2)

Where ksize is the convolutional kernel size after expansion, rdilation is the expansion rate, and osize is the original
size of the defined convolution kernel.

2.2 LSTM: Long Short-Term Memory

LSTM is a variant of RNN. The original purpose of LSTM is to learn the long-term dependencies between sequences
and determine the optimal time lag for time series problems [11, 12]. The Schematic of LSTM is shown in Figure
1, which is composed of an input gate, a forget gate, an output gate, and a memory cell. Among them, three gates
can solve the long-term dependence problem faced by ordinary RNN. Cells are a memory component that has a
self-joining state that holds the temporal state [13]. The greatest strength of the memory unit is to preserve error
constant of network and solve the problem that the gradient vanishes faced by the deep neural network as the
number of layers increases.

The specific derivation formula of LSTM is as follows:

ft = σ(Wxf ∗ xt +Whf ∗ ht−1 + bf ) (3)
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Fig. 1. The schematic of LSTM.

it = σ(Wxi ∗ xt +Whi ∗ ht−1 + bi) (4)

ĉt = tanh(Whc ∗ ht−1 +Wxc ∗ xt + bc) (5)

ct = ft � ct−1 + it � ĉt (6)

ot = σ(Wxo ∗ xt +Who ∗ ht−1 + bo) (7)

ht = ot � tanh(ct) (8)

σ(x) = sigmoid(x) =
1

1 + e−x
(9)

Where ft,it,ot are forget gate, input gate and output gate respectively. htrepresents the output of hidden layer in
time t. ht−1 and ct−1 represent the hidden output and state of cell memory in previous step t-1. W and b are weight
matrix and bias matrix in different hidden layers. σ and tanh are activation functions. The symbol � represents
the scalar product of two vectors.

Since our model is composed of convolutional neural network and LSTM, we have done some research on the joint
model of the two models. Shi et al. [14] proposed a ConvLSTM model which uses a convolutional network instead
of a fully connected layer to model timely rainfall. But the model is a many-to-many model, and our prediction of
PM2.5 is a many-to-one model. Gope et al. [15] proposed a hybrid model combining CNN and LSTM. The output of
CNN in the model is used as input to LSTM, but CNN is mainly used to model spatial data. Zhan et al. [16] merge
Conv1D and LSTM to model stock sequence data, but the data is univariate, and we are modeling a multivariate
time series.

3 Model

To develop a deeper model in the time series and build a excellent model for PM2.5 prediction, we propose a hybrid
model based on LSTM and Dilated Conv1D. The model can predict future information based on historical data
more accurately and accelerate the efficiency of computing performance if the network is very deep. In part 3.1, we
propose the model structure of DConvLSTM and elaborate on the design principle of the model. In Part 3.2, we
describe the construction of the PM2.5 predictive model.
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Fig. 2. The structure of the proposed DConvLSTM.

3.1 DConvLSTM: The model based on Dilated Convolution in One Dimension and Long
Short-Term Memory.

Figure 2 shows the structure of our proposed model, DConvLSTM. The model combines Dilated Conv1D with
LSTM. The model structure consists of input layer, extended convolutional layer, LSTM layer, fully connected
layer, and output layer. The input layer can receive multivariate sequence data. The convolutional layer consists of
one or more layers of dilated convolutional neural networks in one dimension. The Conv1D can identify the local
features of sequences by convolution calculation of sequence data and the convolution kernel, and also shortens the
length of the sequence and enhances the dependence between data. The dilated convolution network increases the
receptive field of the convolution kernel of the same size, and brings faster mining of the sequence pattern which can
balance the correlation between different data. Each layer of convolution has multiple filters, each of which learns a
feature from the sequence, so the model can learn more features from the sequence. The LSTM layer consists of an
LSTM network that learns the long and short term dependencies in the sequence. LSTM has two temporal relations:
short-term memory and long-term memory. Short-term memory is realized by the interconnection of hidden layers.
Long-term memory is realized by memory cells which run through the entire timing chain. The fully connected
layer consists of the dense network and is responsible for mapping features into the sample space. The output layer
outputs sequence data of the same latitude as the sample space.

Next, we will elaborate on the computational logic and construction principle of the model.

We assume that we have a set of time series data{xet |t = 1, 2...n e = 1, 2...i} is input, where t represents
time lag and e represents feature number. Input features can be converted into the following matrix:

Xinput =

 x
1
1 · · · xi1
...

. . .
...

x1n · · · xin

 (10)

The data first enters the convolutional layer for local feature extraction. Figure 3 shows the diagram of one
dimensional convolution computing.
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Fig. 3. Schematic of the One Dimensional Convolution Calculation.

We define the filter kernel matrix as follows:

fkernel =

w
1
1 · · · wi1
...

. . .
...

w1
k · · · wik

, k ≤ n− 1 (11)

Where i is feature number of input matrix Xinput, which is the channel number in the usual convolution kernel
shape, and k is the size of convolutional kernel size, which is the filter width in the usual convolution kernel shape.

When we apply the convolution kernel to Xinput for convolutional calculation, we first intercept the data matrix
of length k and width i from the Xinput matrix. We set it as Xp:

Xp =

 x1p · · · xip
...

. . .
...

x1p+k−1 · · · xip+k−1

, p+ k − 1 ≤ n (12)

Xp is a matrix of the same size as the kernel intercepted from the pth row of the X matrix.
Based on the convolution formula (1), we perform convolution calculations for Xp and fkernel

Fp = w1
1 ∗ x1p + w2

1 ∗ x2p + ...+ wik ∗ xip+k−1 =
k∑
j=1

i∑
l=1

wljx
l
j+p−1 (13)

Fp represents the value of pth cell in the output series as Figure 3.
The above formulas we give is the normal process of one-dimensional convolution calculation. When a hole is

added to the convolution kernel, the dilated convolutional calculation of Fp also changes according to formula (2).
The kernel with the original size k will change as follows:

fkernel =

 w1
1 · · · wi1
...

. . .
...

w1
r∗(k−1)+1 · · · w

i
r∗(k−1)+1

, r ∗ (k − 1) + 1 ≤ n (14)

Xp =

 x1p · · · xip
...

. . .
...

x1p+r∗(k−1) · · · x
i
p+r∗(k−1)

, p+ r ∗ (k − 1) ≤ n (15)
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Fp = w1
1 ∗ x1p + w2

1 ∗ x2p + ...+ wir∗(k−1)+1 ∗ x
i
p+r∗(k−1)

=

r∗(k−1)+1∑
j=1

i∑
l=1

wljx
l
j+p−1

(16)

The meanings of fkernel,Xp and Fp are the same as in the above formula. r is the dilated ration, which is same as
rdilation in formula (2).

Then, we can calculate every value in the output matrix based on the formula (16). Outputs of each column
comes from the same filter. So, M filters have M columns output. Just as shown in figure 3, we can get a matrix as
the output of the convolution layer which has M columns and K rows, where M is the filters numbers and K is the
output size of sequence after the convolutional calculation by input and kernel.

In the model, we continue to operate on the output of the convolutional layer as input to the LSTM layer. The
calculation formula of LSTM layer is shown in equations (3) to (9). Here we do not specify the operation process.
Let’s set Flstm to the output of the LSTM layer:

Flstm = Wlstm ∗ LSTM(Fconv) + blstm (17)

Where LSTM(.) represents the calculation procedure based on formula (3) to (8). Wlstm is the weight from hidden
layer to output, and blstm is the bias. Fconv denotes the output of Convolutional layers.

The last layer that requires data operations is the full connectivity layer, which maps the output of LSTM layer
to the sample space. Just like formula (18):

Ffc = σ(Wfc ∗ Flstm + bfc) (18)

Where σ(·) is the activation function in full connection layer. Wfc and bfc are weight and bias respectively. Ffc is
the output of full connection layer.

To sum up, this is the formula and principle of our prediction using DConvLSTM. Next, we will use examples
to analyze the use of the model in more detail.

3.2 Prediction for PM2.5.

The concentration of PM2.5 will be affected by current meteorological factors such as rainfall, high winds, and
temperature. At the same time, the PM2.5 concentration at the previous moment will remain after a period of time
and will have an effect on the PM2.5 concentration at the current moment. Therefore, the prediction of PM2.5 is
a multivariate time series regression problem.

pt+n =f([pt,m
1
t ,m

2
t , · · · ,mk

t ], [pt+1,m
1
t+1, · · · ,mk

t+1], · · · ,
[pt+n−1,m

1
t+n−1, · · · ,mk

t+n−1])
(19)

Where pt and mt denote the pm2.5 concentration meteorological factor respectively at time t. k means the number
of meteorological factors is k. f denotes the model mapping from the meteorological factors and history PM2.5 to
the PM2.5 concentration of n-step ahead. The construction of the function f has been elaborated in Section 3.1,
and is formed by nesting three functions Fconv, Flstm, Ffc and activation functions, just as shown in formula(20):

ypre = f = Sigmoid

(
Ffc

(
Tanh

(
Flstm

(
Relu

(
Fconv(Xinput)

)))))
(20)
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Where Sigmoid, Tanh,Relu are activation functions. ReLU (Rectified Linear Unit) can overcome the problem
of gradient vanishing and speed up the training. Tanh can take into account the differences in features in long-
term changes after LSTM layer. Sigmoid can realize nonlinear mapping from features to sample space. ypre is the
prediction result of the model.

Figure 4 is the structure diagram of the PM2.5 prediction model. On the left side of the figure, the input points
to the format conversion of raw data, which is preparing for the input of convolution layer. The middle flow chart
is the construction diagram of the PM2.5 prediction model. Among them we add super-parameters and activation
function for every layer. We use two convolutional layers to handle larger time step values in case the neural network
gets deeper. We also mark the output shape of every layer on the right of the figure.

There will be errors between predicted values by the model and real values. Since we solved the regression
problem, we finally chose MAE (Mean Absolute Error) as the loss function, as shown in equation (21). MAE is
more robust to outliers in the data.

loss =
1

m

m∑
i=1

|(yitruth − yipre)| (21)

Where yitruth is the true value, and yipre is the predicted value by our model.

In order to minimize the loss, we choose Adam (Adaptive Moment Estimation) [17], which has a good effect
and exceeds other adaptive algorithm, to optimize the weight in each layer. During the training process, the update
rules for each parameter are as follows:

θt+1 = θt −
α√
v̂t
m̂t (22)

Where θt+1 is the weight value after update. θt is the weight value before update. α is learning rate. m̂t is exponential
moving mean. v̂t is square gradient.

In conclusion, by using DConvLSTM to predict PM2.5, we can learn the dependence of PM2.5 value with the
past period of meteorological data and PM2.5 data in the training process of minimizing loss function. Then we
can establish the model for PM2.5 forecasting.

ICONIP2019 Proceedings 55

Volume 17, No. 2 Australian Journal of Intelligent Information Processing Systems



8 L. Zhao et al.

4 Experiments

The dataset we used in the experiment is the PM2.5 dataset collected by the US Embassy in Beijing for each hour
from January 1, 2010 to December 31, 2014. It contains the average PM2.5 concentration and average meteorological
data in each hour.

We will have 2 experiments:(1) We will use different time steps and use different models to compare the per-
formance with DConvLSTM. We will use LSTM, Conv1D and GRU to compare with our proposed model. (2) We
will compare the computational performance of the four models proposed in (1). We use RMSE(Root Mean Square
Error), MAE(Mean Absolute Error), R2(coefficient of determination) as the indicator of predictive performance.
The formulas are as follows:

RMSE =

√√√√ 1

m

m∑
i=1

(yipre − yitruth)2

MAE =
1

m

m∑
i=1

| yipre − yitruth |

R2 = 1−
∑m
i=1(yipre − yitruth)2∑m
i=1(ȳ − yitruth)2

(23)

Where m is number of the test samples. yipre and yitruth are predicted value and true value respectively. ȳ is the
average of the truth data.

We use the time cost in each epoch as the evaluating indicator of calculation performance.

4.1 Prediction Performance Comparison with other models

Based on the smooth nature of the PM2.5 data, we used 3h, 6h, 12h, 24h, and 36h as the time to predict the
value of the next hour. Longer time steps will not only deepen the structure of the network, but also generate more
computing consumption, so we will not use it.

Since there is a slight error in each training result, we use the mean of five results as the final indicator value.
We used 3h, 6h, 12h, 24h and 36h as time step to test the predictive performance of models.

Table 1. The RMSE value comparison.

LSTM GRU Conv1D DConvLSTM

3 hours 26.008 26.697 43.722 21.454

6 hours 26.514 28.883 38.956 21.996

12 hours 26.39 29.362 30.064 22.976

24 hours 26.417 26.86 29.092 20.151

36 hours 26.589 26.403 29.454 20.699

We used 3h, 6h, 12h, 24h and 36h as time step to test the predictive performance of models. As can be seen
from Table 1, four models can achieve PM2.5 prediction, but DConvLSTM is better on the RMSE using the test
dataset than other models. As shown in figure 5, the prediction performance of DConvLSTM is the best at 24h. So
the experiment proves that using the historical data and meteorological factors of one day to predict PM2.5 will
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Fig. 5. The performance of predictions at different timesteps.

be more accurate. But we also found that both LSTM and GRU also performed well. Among them, Conv1D has
become better and better with the increase of time step. But the increasing steps also lead to more complex network
structures. So, the experimental results prove that DConvLSTM is the best choice of PM prediction model.

We use 24h as the timestep to test the predictive performance of four models by using different evaluation metrics,
such as RMSE, MAE, and R2−Score. Table 2 shows the values of different metrics. DConvLSTM performed best

Table 2. The performance comparison of different baselines.

RMSE MAE R2−Score

LSTM 26.234 12.932 0.918

GRU 26.86 13.385 0.915

Conv1D 29.092 15.774 0.905

DConvLSTM 20.151 9.906 0.932

in the three baselines. From figure 6, we can see that among the predicted error of all models, the error metric of
DConvLSTM is the minimum, but the coefficient of determination is the maximum.

Figure 7 shows a comparison between the actual value and the predicted value of PM2.5 by four models. The
results show that DConvLSTM is the best matching of the real value trend among the four models.

4.2 Computing Performance Comparison with other models

We take 24 hours as the time step and analyze the time consumption of every model in training process. In the
experiment, we use 50 epochs for training. As can be seen from the table 3, when the time step is 24, the Conv1D
model consumes the shortest time and the LSTM consumes the longest time. But we know from section 4.1 that
Conv1D has the largest error and DConvLSTM has the smallest error. Therefore, by comprehensive consideration,
the DConvLSTM model is the best model for us to predict PM2.5.
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Fig. 7. (a):The prediction of PM2.5 based on LSTM(timestep =24). (b):The pm2.5 prediction based on GRU(timestep =24).
(C):The pm2.5 prediction based on Conv1D(timestep =24). (d):The pm2.5 prediction based on DConvLSTM(timestep =24).

Table 3. The statistics of training time.

LSTM(s) GRU(s) Conv1D(s) DConvLSTM(s)

Total time 542 306 57 198

Average time 10.84 6.12 1.14 3.96
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5 Conclusions

In order to solve the prediction problem of PM2.5, we propose a hybrid model based on LSTM and one-dimensional
expansion convolution network. The model is mainly for time series prediction problems. ConvLSTM has three
advantages: first, using the one-dimensional expansion convolution to filter the original sequence data, the time
feature can be further extracted; second, the expanded convolution network can also reduce the dimension and
speed up the calculation speed of the network; third, we can learn long-term and short-term dependencies in
time series and can effectively build predictive models. Through our validation in the experiment, we found that
the DConvLSTM we built can not only effectively model the sequence problem, but also greatly improve the
computational performance of the model training.
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