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Abstract 

The air quality index (AQI) depends on the concentrations of six pollutants (PM2.5, PM10, SO2, NO2, 
O3, and CO). In this paper, a Prophet-LSTM model with improved particle swarm optimization 
(PSO) is proposed to analyze the time series of six pollutant concentrations in Wuhan city. First, the 
time series are decomposed by Prophet, and Prophet is used to predict the trend term and periodic 
term. Then, LSTM is used to predict the error term. Finally, the improved PSO algorithm is used for 
optimization. These experimental results indicated that (1) Prophet’s decomposition method has 
good applicability to time series with the multiplication form. The Prophet-LSTM model can 
overcome the influence of PM series irregularity, large fluctuations and multiple noise on the 
prediction effect, which improves the prediction ability of the model. (2) The improved PSO 
algorithm can greatly improve the accuracy of the weight solution space and has the attribute of 
parallel computing, which makes the solution forms more diversified. (3) The hybrid model has 
better prediction ability than the comparison model (LSTM, Prophet, Prophet-LSTM). The hybrid 
model combines the advantages of Prophet and LSTM, which has strong adaptability to the 
randomness of sample selection and has strong accuracy in predicting pollutant concentrations. 

Keywords: AQI prediction; Prophet model; LSTM model; improved PSO 
 

1. Introduction 

With economic development and social progress, human energy consumption is also increasing 
year by year, resulting in many pollutants and increasingly serious air pollution. Generally, the air 
quality index (AQI) is used to characterize the air quality level, and its value depends on the 
concentration of six pollutants in the atmosphere, including PM2.5, PM10, SO2, NO2, CO and O3. 
Among these air pollutants, aerosol particles, especially those with an aerodynamic diameter greater 
than 2.5 µm (PM2.5), not only cause serious harm to the human body but also cause huge economic 
losses to society. Although the governance of PM2.5 has achieved remarkable results in recent years, 
the task of emission reduction is still very arduous. Therefore, the accurate prediction of pollutant 
concentrations plays a key role in society and people’s daily activities. 

In the aspect of PM2.5 pollution concentration prediction, numerical models and machine 
learning models are the two mainstream models used to predict the concentration of the air pollutant 
PM2.5. The numerical model studies the diffusion mode of PM2.5 pollution source substances and the 
mathematical relationship between PM2.5 pollution source substances and PM2.5 concentration and 
then summarizes the diffusion equation in mathematical form between them and numerically solves 
the equation. A good numerical model can accurately predict the concentration of air pollutants 
under specific meteorological conditions, specific places and specific times. The Community 
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Multiscale Air Quality Model (CMAQ) [1] and Weather Research and Forecasting Model with 
Cheemistry (WRF-Chem) [2] are two mainstream numerical prediction models of air pollutants. 

The CMAQ model is one of the most studied models by scholars at home and abroad. It is a 
numerical model developed by the leadership of the atmospheric model and analysis department 
under the exposure Research Laboratory of the U.S. Environmental Protection Agency. Chemel C [3] 
applied the CMAQ model to study the concentration of air pollutants in the UK and predict the 
concentration of PM2.5 in the UK. Their research results provide an important reference for the UK to 
formulate relevant policies. Djalalova I [4] established a CMAQ model based on the historical data of 
the United States to predict the hourly PM2.5 concentration in the United States within 12 months. The 
model results show that PM2.5 is highly dependent on the concentration deviation under the CMAQ 
model. In China, some scholars use the CMAQ model to study PM2.5. Shen J [5] evaluates and 
compares O3 simulations over the Pearl River Delta (PRD), and his research results show that the 
Models-3/CMAQ and CAMx models have better prediction effects. Cheng XH [6] obtained the 
dynamic statistical prediction method by combining the CMAQ model and adaptive partial least 
squares method and studied the temporal and spatial evolution characteristics of PM2.5 
concentrations in China from January to December 2014. The research results provide a new way for 
air quality prediction, pollution weather early warning and pollution prevention and control. Wu YJ 
[7] built a double-layer nested WRF-CMAQ three-dimensional air quality model suitable for Beijing, 
Tianjin, Hebei and surrounding areas. The model fitting results show that the WRF-CMAQ model 
simulations of the main meteorological parameters and pollutant concentrations in various cities are 
in good agreement with the observed values, and it is verified that the ISAM marking results are in 
good agreement with the main model. The WRF weather forecasting model is a weather forecasting 
model jointly developed by the U.S. Environmental Monitoring Center and the National Atmospheric 
Research Center. The WRF-Chem model is obtained by adding the atmospheric chemistry module to 
the WRF model [8]. Im U [9] studied the air pollution in Istanbul in winter by building the CAMQ 
model and WRF model. The research results are of great significance for exploring the local pollution 
emission sources in Istanbul. Tuccella P [10] established the WRF-Chem model to evaluate and study 
the sensitivity of gases and aerosols in Europe. In summary, the numerical model can not only predict 
the severity of air pollution but also analyze the sources of air pollutants. The model is intuitive and 
clear. The limitation of the numerical model is that it requires very detailed air pollution parameters 
and meteorological data to establish an accurate air pollution prediction model. 

In recent years, many scholars have begun to use deep learning models to predict PM2.5 
concentrations [11–13]. Yue Q [14] used a BP, CNN and LSTM to train the historical data of Beijing 
PM2.5, and the accuracy of the model reached 81%. Chen PS [15] combined a BP neural network with 
a genetic algorithm to study the evolution law of PM2.5 and verified the effectiveness of the model. 

This paper uses the historical data of PM2.5 in Wuhan from 2014 to 2021, decomposes it with the 
Prophet model, conveniently adds the long short-term memory (LSTM) model to the error prediction, 
uses the improved particle swarm optimization (PSO) algorithm to carry out weighted hybrid 
optimization on the hybrid model, and compares the model effect with other prediction models. 

2. Models 

2.1. Prophet 

Prophet is a time series prediction model opened by Facebook in 2017. Prophet is widely used 
in a flexible and simple way, can automatically fill in missing values, and has a very good prediction 
effect. Prophet uses the time series decomposition method to predict and model the time series. 
Prophet’s model constitutes Equation (1): 𝒚(𝒕) = 𝒈(𝒕) + 𝒔(𝒕) + 𝒉(𝒕) + 𝛆 (1) 

where 𝒈(𝒕) is the trend item, 𝒔(𝒕) is the cycle item, 𝒉(𝒕) is the holiday item, and 𝜺 is a random 
fluctuation term. 
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(1) Trend term: the trend term of the Prophet model uses the improved logistic growth function 
to fit the aperiodic changes in the time series (Equation (2)). 𝐠(𝒕) = 𝑪(𝒕)𝟏+ 𝒆𝒙𝒑(−(𝒌+ 𝒂(𝒕)𝑻𝜹))(𝒕 − (𝒎+ 𝒂(𝒕)𝑻)𝜸) 𝐚(𝐭) = ൜𝟏, 𝐭 > 𝐬𝐣𝟎, 𝐨𝐭𝐡𝐞𝐫𝐰𝐢𝐬𝐞 

(2) 

where C represents the capacity of the model, that is, the saturation value of growth, which is a 
function of time t, 𝒌+ 𝒂(𝒕)𝑻𝜹  represents the growth rate of the model over time, (𝒎+ 𝒂(𝒕)𝑻)𝜸) 
represents the offset, 𝒔𝒋 represents the mutation point where the growth rate changes during the 
change of time series, and 𝜹 represents the change in growth rate at the mutation point. 

(2) Periodic term: The Prophet model uses a Fourier series to simulate the periodicity of the time 
series (Equation (3)): 

𝒔(𝒕) =෍ (𝒂𝒏𝒄𝒐𝒔(𝟐𝝅𝒏𝒕𝒑 ) + 𝒃𝒏𝒔𝒊𝒏(𝟐𝝅𝒏𝒕𝒑 ))𝑵𝒏ୀ𝟏  (3) 

where 𝒑 represents a fixed cycle, N represents the number of cycles to be used in the model, and 𝒂𝒏,𝒃𝒏 is the parameter to be estimated. 
(3) Holiday item: The Prophet model regards the impact of different holidays in a year on the 

trend change of time series as an independent model and sets a separate dummy variable for each 
model (Equation (4)): 

𝐡(𝒕) = 𝒁(𝒕)𝒌 =෍𝒌𝒊 ∗ 𝟏{𝒕∈𝑫𝒊}𝑳
𝒊ୀ𝟏  (4) 

where 𝒌𝒊  represents the impact of holidays on the predicted value and 𝑫𝒊  represents a dummy 
variable. 

The main advantages of the Prophet model are as follows: it can flexibly adjust the periodicity 
and make different assumptions about the trend of time series; there is no need to fill in the missing 
value, and the model will automatically process the missing value; the results that need to be 
predicted can be obtained in a relatively fast time; and it can adjust the parameters of the prediction 
model for different scenarios and improve the model. 

2.2. LSTM 

LSTM is an improved model based on a traditional recurrent neural network. It has good 
performance in time series prediction. LSTM has a more refined information transmission 
mechanism, which can solve the problems of insufficient long-term memory, gradient vanishing or 
gradient explosion faced by RNN in practical applications, allowing LSTM to deal with the long-term 
dependence problem in time series. 

LSTM relies on the three units of the input gate, output gate and forget gate to control and protect 
the cell state. The input gate controls the inflow of information, and the output gate controls the 
outflow of information. The forget gate controls the strength of the memory unit to record the 
historical cell state. The main functions of each state gate are as follows: 

(1) Input gate: determine which information enters the cell state and update the cell state 
information. Determine the value to be updated through the sigmoid function, then create a new 
value vector through the tanh function, and finally update the latest cell state (Equation (5)): 𝒊𝒕 = 𝝈(𝑾𝒕[𝒉𝒕ି𝟏,𝒙𝒕] + 𝒃𝒕) 𝑪𝒕 = 𝒇𝒕𝑪𝒕ି𝟏 + 𝒊𝒕 ∗ 𝒕𝒂𝒏𝒉(𝑾𝒄[𝒉𝒕ି𝟏,𝒙𝒕]) + 𝒃𝒄 (5) 

where 𝑾𝒕 and 𝑾𝒄 are the weight vectors and 𝒃𝒕 and 𝒃𝒄 are the deviation vectors. 
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(2) Forget gate: through selective processing of historical information, we can determine which 
information needs to be lost and which information needs to be retained in the cell state. Enter 𝒉𝒕ି𝟏 
and 𝒙𝒕. The forgetting gate 𝒇𝒕 is calculated by the sigmoid function (Equation (6)): 𝒇𝒕 = 𝝈(𝑾𝒇[𝒉𝒕ି𝟏,𝒙𝒕] + 𝒃𝒇 (6) 

where 𝑾𝒇 is the weight vector and 𝒃𝒇 is the deviation vector. 
(3) Output gate: determine the information to be output. First, the sigmoid function is used to 

convert the output value into 0 and 1. 1 means output, 0 means no output. Multiply the cell state by 
the obtained value to output the final information (Equation (7)). 𝒐𝒕 = 𝝈(𝑾𝒐[𝒉𝒕ି𝟏,𝒙𝒕] + 𝒃𝒐) 𝒉𝒕 = 𝒐𝒕 + 𝒕𝒂𝒏𝒉(𝑪𝒄]) (7) 

where 𝑾𝒐 is the weight vector and 𝒃𝒐 is the deviation vector. 

2.3. Improved PSO 

The PSO algorithm is a global search algorithm proposed by Eberhart in 1995. PSO is a random 
search algorithm that simulates biological activities in nature and swarm intelligence. In addition to 
considering the group activities of simulated organisms, the PSO algorithm integrates individual 
cognition and social influence, which is a swarm intelligence algorithm. It requires each particle to 
maintain two vectors, velocity vector and position vector, where i is the number of the example and 
D is the dimension of the problem. The velocity of a particle determines the direction and velocity of 
its motion, and the position reflects the position of the solution represented by the example in the 
solution space, which is the basis for evaluating the quality of the solution. The algorithm also 
requires each particle to maintain its own historical optimal position vector (pBest) and a global 
optimal vector (gBest) in the swarm. The improved PSO algorithm uses cached (persistent) computing 
to accelerate the algorithm. Data caching occurs when these persistent data can be accessed between 
multiple operations. When an RDD persists, other partitions of each node can be calculated in 
memory using RDD, and other action operations on the data will directly use the data in memory. 
This will speed up the calculation of future action operations (usually 10 times faster). Because there 
is a lot of repetitive work on Bates input in this model, the operation speed of the model can be 
significantly improved by using this algorithm. The pseudocode of the algorithm is shown in Table 
1. 

2.4. Prophet-LSTM Model with Improved PSO 

First, PM2.5 concentration data are segmented into trend terms, period terms and error terms by 
prophet. Among them, the trend term and periodic term are fitted by the Prophet model, and the 
error term is extracted by LSTM. Then, the combined model is optimized by the improved PSO, and 
the final characteristic is output, that is, the predicted value of the PM2.5 concentration is obtained. 
Finally, the model is used to predict other pollutants to verify the generalization ability of the model. 
The prediction framework is shown in Figure 1. 
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Table 1. Pseudo code of improved PSO. 

 

 

Figure 1. Framework of the hybrid Prophet-LSTM model with improved PSO. 

  

# Note: this example aims at the minimum value of the problem 
# Parameter: N is the scale of group questions 
procedure PSO 
 for each particle𝑖 
  Initialize velocity V𝑖 and position X𝑖 for particle𝑖 
  Evaluate particle 𝑖 and set𝑝𝐵𝑒𝑠𝑡𝑖 = 𝑋𝑖 
 end for 
 𝑔𝐵𝑒𝑠𝑡 = 𝑚𝑖𝑛(𝑝𝐵𝑒𝑠𝑡𝑖) 

while not stop 
  for 𝑖 = 1 to N 
   Update the velocity and position of particle𝑖 
   Evaluate particle𝑖 
   if fit (𝑋𝑖)<fit (𝑝𝐵𝑒𝑠𝑡𝑖) 
    𝑝𝐵𝑒𝑠𝑡 = 𝑋𝑖 
   if fit (𝑝𝐵𝑒𝑠𝑡𝑖)<fit (𝑔𝐵𝑒𝑠𝑡) 
    𝑔𝐵𝑒𝑠𝑡 = 𝑝𝐵𝑒𝑠𝑡𝑖; 
  end for 

end while 
print𝑔𝐵𝑒𝑠𝑡 

end procedure 
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3. Analysis and Results 

3.1. Data Description 

The experimental data set is taken from the China Environmental Monitoring Station 
(http://www.cnemc.cn/), and the daily data of PM2.5 concentrations in Wuhan from January 1, 2014, 
to May 3, 2021, are selected. The total amount of data is 2678, and there are no missing values. We 
take the historical data of PM2.5 from January 1, 2014, to December 30, 2020, as the training set and 
the PM2.5 data from January 1, 2021, to May 3, 2021, as the test set. The training set is used to fit the 
model parameters, and the test set is used to evaluate the prediction ability of the model. 

3.2. Prediction Appraisal Criteria 

The average absolute error (MAE), root mean square error (RMSE) and mean square error (MSE) 
are selected to estimate the prediction results in different models. The smaller the values of the three 
indicators are, the smaller the prediction error of the model. Their expressions are shown in Equations 
(8)–(10)): 

𝑴𝑨𝑬 = 𝟏𝒏෍|𝒚ଙෝ − 𝒚𝒊|𝒏
𝒊ୀ𝟏  (8) 

𝑹𝑴𝑺𝑬 = ඩ𝟏𝒏෍(𝒚𝒊 − 𝒚ෝ)𝟐𝒏
𝒊ୀ𝟏  (9) 

𝑴𝑺𝑬 = 𝟏𝒏෍(𝒚𝒊 − 𝒚ෝ)𝟐𝒏
𝒊ୀ𝟏  (10) 

where 𝒚𝒊 is the true value, 𝒚ଙෝ  is the estimated value, 𝒊 = 𝟏,𝟐, … ,𝒏, and 𝒏 is the sample size. 

3.3. Hyperparameter Selection 

The daily concentrations of PM2.5 from 2014 to 2021 are used in this experiment, and there are no 
missing values. The training set and test set are divided by a ratio of 8:2. 

(1) Changepoint parameter: initialize the Prophet model, search in the interval [0.1,1] by the grid 
search method, and test the training set. When the changepoint is equal to 0.9, the average absolute 
error is the smallest. 

(2) LSTM prediction: To capture the error term, this paper considers feature extraction through 
LSTM. To accelerate LSTM model training, Wuhan PM2.5 data are standardized. The standardization 
formula is Equation (11): 𝒙𝒋 = 𝒙𝒊 − 𝒙𝒎𝒊𝒏𝒙𝒎𝒂𝒙 − 𝒙𝒎𝒊𝒏 (11) 

After example analysis, the parameter settings of LSTM are shown in Table 2. 
(3) Weight setting of the hybrid model: The Prophet model and LSTM model are fused by the 

weighted average method; that is, the final prediction result of the model is Equation (12): 𝐟(𝐱) = 𝒘𝟏 ∗ 𝒇𝟏(𝒙) +𝒘𝟐 ∗ 𝒇𝟐(𝒙) (12) 

where 𝐟𝟏(𝐱)  and 𝐟𝟐(𝐱)  represent the prediction results of the Prophet and LSTM models, 
respectively. 

To find the optimal weight coefficient, this paper uses two methods to solve it. One is to search 
the optimal weight combination by the grid search method. The second is to use the improved PSO 
algorithm to solve the weight value. The two algorithms correspond to two models: the Prophet-
LSTM model and the Prophet-LSTM model with improved PSO. 
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Table 2. The parameter selection in LSTM. 

 

3.4. Comparison of Results 

3.4.1. Experimental Results 

The periodicity is decomposed based on the Prophet decomposition principle. From the annual 
trend, the PM2.5 concentrations in winter and spring in Wuhan are higher than those in summer and 
autumn, of which the PM2.5 concentrations are the lowest in July and the highest in February. The 
rationality and accuracy of the model are further verified by analyzing the decomposition results. 

The predicted results of the four models are compared with the real values, as shown in Figure 
2. When forecasting through LSTM, the volatility is large, and the fitting degree with the real value 
increases with the passage of time. In contrast, the prediction data of the Prophet model are relatively 
flat and less volatile on the whole, but its accuracy is lower than that of LSTM. Therefore, the Prophet 
and LSTM models are combined to have the advantages of both. Therefore, we compare the predicted 
values of the first mock exam with the single model and clearly show that the prediction accuracy is 
improved while reducing the volatility. The effectiveness of the model is further verified by adding 
the improved PSO algorithm. 

 
Figure 2. Comparison of model predictions. 

  

Hyperparameter types Value 
Batch size 7 
Time step 7 
Input size 1 
Max epoch 20 
Iterations 30 

Loss function 
Optimizer 

MSE 
Adam 
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3.4.2. Comparative Analysis 

This paper selects three models (LSTM, Prophet and Prophet-LSTM) to compare with our 
models and uses the three indicators (MAE, MSE and RMSE) to measure the effect of each model. 
Tables 2 and 3 show the daily PM2.5 concentration predictions on the training set and test set, 
respectively. Figures 3 and 4 intuitively show the comparison of the evaluation effect in different 
models. 

Table 3. Comparison of models in PM2.5. 

Data set Models MAE MSE RMSE 

Training set 

LSTM 22.5309 1076.5015 32.8101 
Prophet 18.8704 744.1384 27.2789 

Prophet-LSTM 15.0784 510.9208 22.6036 
Prophet-LSTM 

(with improved PSO) 
14.8890 506.4713 22.5049 

Test set 

LSTM 18.0275 637.2866 25.2445 
Prophet 17.5042 534.8259 23.1263 

Prophet-LSTM 12.0409 246.8808 15.7124 
Prophet-LSTM 

(with improved PSO) 
11.2338 225.2582 15.0086 

Note: Considering the randomness of the model involving LSTM in each round of training, the final 
index values are the results obtained by averaging repeatedly. 

  

(a) (b) 

Figure 3. Horizontal error of prediction models: (a) Training set; (b) Test set. 

 
 

(a) (b) 

Figure 4. Predicted by different pollutant concentrations: (a) MAE; (b) RMSE. 

The experimental results indicate that (1) Prophet’s decomposition method has good 
applicability to the time series satisfying the multiplication model. The hybrid model solves the low 
prediction accuracy caused by more data noise. (2) The Prophet-LSTM model with the improved PSO 
algorithm has a better effect, and the accuracy of the weight solution is higher. (3) In terms of 
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horizontal accuracy, the Prophet-LSTM model with improved PSO is better than other models in both 
the training set and test set. (4) Compared with the LSTM and Prophet, the Prophet-LSTM model 
with improved PSO combines the advantages of the two, which shows that the model proposed in 
this paper is more effective and accurate, and the hybrid model is crucial in improving the prediction 
effect. 

3.4.3. Generalization Capability Analysis 

It is necessary to verify the robustness of the Prophet-LSTM model with improved PSO. The 
performance of the hybrid model is tested based on data sets of the same type (PM10) and different 
types (SO2, CO, NO2, O3). The prediction results of the model for different substance concentrations 
on the test set are shown in Table 4. The prediction accuracy of the model is higher than the prediction 
accuracy of PM2.5 when predicting CO, SO2 and NO2. In addition, the stationarity test (ADF test) of 
CO, SO2 and NO2 data shows that their p values are less than 0.05, while the p values of PM10 and O3 
are greater than 0.05. Therefore, CO, SO2 and NO2 are nonstationary data, and PM10 and O3 are 
stationary data. 

Table 4. MAE and RMSE in the test set. 

Index Pollutants LSTM Prophet Prophet-LSTM 
Prophet-LSTM 

(with improved PSO) 

MAE 

PM10 32.5500 27.1741 26.3076 26.0576 
SO2 2.5735 3.0088 2.4247 2.3076 
CO 0.1963 0.1928 0.1866 0.1809 
NO2 14.9144 12.1231 12.2905 12.0758 
O3 25.8970 22.9098 22.1432 21.7179 

RMSE 

PM10 42.1750 36.0481 35.5689 34.6279 
SO2 3.4050 3.6736 3.1421 3.1346 
CO 0.2407 0.2506 0.2329 0.2249 
NO2 18.0875 14.8783 14.8832 14.6824 
O3 32.4554 28.4266 28.2440 27.5377 

MAE and RMSE in the prediction of PM10 and O3 have little difference compared with the PM2.5 
prediction model, and the reduction can be ignored. The first mock exam is that the single model 
LSTM and Prophet have no strict relationship with prediction accuracy, although Prophet shows a 
relatively good character in most cases. From the first mock exam, the Prophet-LSTM model with 
improved PSO is still the best prediction model, and the hybrid model has a higher accuracy than the 
single model. Third, the effectiveness and robustness of the proposed model are proved. 

4. Conclusions 

To solve the problem of low prediction accuracy caused by the noise of PM2.5, this paper uses 
the time series of PM2.5 in Wuhan city, and a hybrid Prophet-LSTM model with improved PSO is 
established in this paper. First, the data are divided into trend terms, periodic terms and error terms 
by the Prophet decomposition method. Next, considering the advantages of the Prophet and LSTM 
models, the trend term and periodic term are predicted by the Prophet model, and the error term is 
predicted by the LSTM model. Finally, the two models are combined by an improved PSO algorithm 
to predict the daily PM2.5 concentration. To highlight the effectiveness and rationality of the Prophet-
LSTM model with improved PSO, it is compared with other models (Prophet, LSTM and Prophet-
LSTM). The results indicate that (1) the prediction effect of the hybrid model is generally better than 
that of the single model. (2) The Prophet decomposition algorithm decomposes the original time 
series, which can effectively extract time series information and remove noise so that the prediction 
accuracy is significantly improved. (3) The hybrid model is optimized by adding an improved PSO 
algorithm to improve the weight accuracy, thereby improving the prediction accuracy. To study the 
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generalization ability of the first mock exam, we predicted the concentrations of five other substances, 
such as PM10. We found that the hybrid model has a significant improvement in prediction accuracy 
compared with a single model. 

In addition, considering the characteristics of the time series, we found some interesting 
phenomena. The hybrid model Prophet-LSTM with improved PSO seems to prefer time series with 
obvious periodicity and long-term trends and is in line with the multiplication model. In the above 
analysis, the conjecture was preliminarily verified only by broken line diagrams and ADF tests, 
without in-depth analysis, which provides a new direction for research in related fields. Although 
the Prophet-LSTM model with improved PSO proposed in this paper has high accuracy in the 
concentration prediction of a series of time series such as PM2.5 and can better solve the characteristics 
of irregular sequences and more noise, it has not performed too much extraction for the error term, 
resulting in more factors and poor interpretation of the error term. If the error term can be further 
decomposed, the prediction accuracy may be further improved. 
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