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Abstract: Air pollution remains a crucial health concern in highly populated cities as air
pollution may cause several disadvantages for humans. Chongqing, China exemplifies cities
enduring long-term air pollution. This study concentrated on using time series models to
predict the future trend of PM2.5 and PM10. The AutoRegressive Integrated Moving Average
(ARIMA) model and the Seasonal and Trend decomposition using Loess Forecasting (STLF)
model were trained using daily air quality index (AQI) datasets from 2014 to 2023 to predict
the trend in 2024. Their performance was evaluated using Root Mean Square Error (RMSE)
and Mean Absolute Error (MAE). The STLF achieved higher accuracy than ARIMA due to
its ability to effectively capture seasonal patterns and long-term trends inherent in air
pollution data. The findings indicate the significance of choosing suitable prediction models
for forecasting future patterns. Furthermore, they underscore the potential utilization of STLF
models in public health planning and environmental policy formulation.
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1. Introduction

The air quality index is a parameter of the level of air pollution. It considers several pollutants in the
air, among them PM2.5 and PM10 are the focus of this study. The complex air quality data are
converted into a single positive number that usually ranges from 0 to 300. AQI is separated into
different sections, which range from "Good" to "Hazardous". Long-term AQI studies in a region help
us understand how polluted air might affect residents' health. Air pollution increases the risk of health
problems. Particulate matter exposure often leads to respiratory symptoms and may trigger asthma or
lead to premature death [1]. Chongqing, as one of the largest cities in China, has developed significant
industry since the mid-20th century. The rapid growth of industry progressed particularly during
World War II and the "Third Front" campaign in the 1960s, establishing it as a major center for heavy
industry including manufacturing and steel production. [2] This heavy industrial legacy has been
closely tied to its air pollution issues. Coal combustion and other industrial activities have contributed
largely to the high levels of particulate matter in Chongqing [3]. Such high levels of air pollutants
have negatively impacted the public health of Chongqing residents. Studies have shown connections
between the long-term air quality issues and childhood asthma and atopic dermatitis in Chongqing [4,
5].

Many studies have employed time series models to predict the trend of air pollution levels,
particularly emphasizing pollutants such as PM2.5 and PM10. The majority of studies have utilized
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the ARIMA family because of their strong performance in capturing linear time-dependent structures
in the data. For instance, Gao et al. used ARIMA models to predict air quality in Hunan, China, and
Zhang et al. applied ARIMA to forecast PM2.5 levels in Fuzhou, China [6, 7]. However, the ARIMA
may be limited with nonlinear patterns and complex seasonality characteristics of air quality data. To
address these challenges, hybrid models combining wavelet decomposition with ARIMA have been
proposed. These models have shown better results for improvement of forecasting accuracy [8, 9].
Moreover, Ahmad et al. and Ye also developed the Prophet forecast model to handle the time series
data with strong seasonal variation [10, 11]. Despite these advancements, there is still a need for
comparative analyses of different models in order to determine their suitability for air pollution
prediction. Therefore, this study provided a thorough comparison between ARIMA and STLF models
in predicting air pollution trends.

This study explored forecasting future trends of PM2.5 and PM 10 using STLF and ARIMA models.
The models were trained based on daily AQI collected from 2014 to 2023. The performance was
evaluated by comparing predicted trends with actual data collected in 2024. The results suggest that
STLF outperformed ARIMA in both PM2.5 and PM10 prediction due to lower RMSE and MAE
scores.

2. Data

The data are obtained from the Chongqing Environmental Protection Bureau for daily air quality
measurements of Chongqing, China. This dataset includes data that ranges from January 2014 to
September 2024, which is over 10 years of data on AQI values for air pollutants in Chongqing. An
extended timeframe captures long-term trends and seasonal variations that make statistical analysis
more reliable and forecasts more precise. The following Table 1 provides a brief look at the data,
which offers useful insights into Chongqing's air quality trends.

Table 1: PM2.5 and PM10 general statistic

Statistic PM2.5 AQI PM10 AQI
Mean 118.04 60.38
Median 114.00 57.00
Standard Deviation 41.88 25.71
Min 32.00 12.00
Max 299.00 226.00

The summary statistics clearly indicate that PM2.5 has a higher average AQI compared to PM10,
thus meaning that fine particles contribute more to poor air quality. PM2.5 also had higher variability,
as the standard deviation was higher. Maximum values for both pollutants point out times of extreme
pollution, with PM2.5 reaching the hazardous AQI value of 299. Overall, the city experiences poor
air quality, with PM2.5 levels regularly exceeding healthy limits.

3. Method

3.1. ARIMA Model

The ARIMA model is a common method of time series analysis. It can capture temporal dependencies
and patterns in data and is particularly effective for short-term predictions. In this study, ARIMA is
used to forecast the AQI of PM2.5 and PM10 in Chongqing.

ARIMA consists of three key components: AutoRegressive (AR), Integrated (I), and Moving
Average (MA).
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AR: Measures the relation of current values and their past values.

I: Indicates the number of differences required to stationarize the series.
MA: Incorporates the error terms of past observations.

The general ARIMA model is represented as follows in Equation (1).

a- Z b1 — L)Y, = a + (1+ Z 6,L))e, 1)

Where Y; is the value at time t, ¢; are the coefficients for the AR terms, 6; are the coefficients for

the MA terms, L is the lag operator , d is the differencing order to make the series stationary, « is the
intercept, and €, is the error term at time ¢t.

3.2. STLF Model

STLF (Seasonal and Trend decomposition using Loess Forecasting) decomposes time series data into
trend, seasonal, and remainder components. It is suitable for most environmental series such as PM2.5
and PM10, since it brings out most of the seasonal patterns and long-term trends. It's effective in
managing fluctuation over extended periods.

The STLF model separates the time series into three components:

Trend: The long-term direction of the data.

Seasonal: Recurring patterns or cycles within the data

Remainder: Residual noise following the elimination of trend and seasonality.

The final model combines these components for forecasting future values. The LOESS method is
applied for seasonal adjustment. In this study, after decomposing the time series using STL, the ETS
(Error, Trend, Seasonal) model was then applied to forecast future values.

The STLF formula is expressed as follows in Equation (2).

Yt=Tt+St+Rt (2)

Where Y, is the observed value, T; is the trend, S; is the seasonal component, and S; is the
remainder.

4. Result

To assess the performance of ARIMA and STLF models, the forecasted values are compared with
the actual AQI in 2024 in the following section.

4.1. PM2.5

The ARIMA model results for PM2.5 are summarized in Table 2 below, providing the model’s
forecast accuracy and residual analysis.
Table 2: Arima Evaluation matrix on PM2.5

Set ME RMSE MAE MPE MAPE MASE
Test Set -78.55 85.23 79.25 -97.15 97.56 4.47

The ARIMA model was applied to the PM2.5 data. The residuals were checked using the Ljung-
Box test, yielding a p-value of 0.5941, which suggests that the residuals do not exhibit significant
autocorrelation. However, the RMSE for the test set was 85.23, indicating that the model may not
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perform well in capturing complex seasonal patterns. Visualization of these forecasts are shown
below in Figure 1.

PM2.5 Auto ARIMA Forecast
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Similarly, the STLF model’s performance for PM2.5 is displayed in the following Table 3,
highlighting its strengths in handling seasonal patterns.
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Figure 1: Arima Forecast on PM2.5

Table 3: STLF Evaluation matrix on PM2.5

Date

2024-07

Set

ME

RMSE

MAE

MPE

MAPE

MASE

Test Set

-53.81

59.20

54.02

-69.33

69.45

3.04

The STLF model demonstrated better performance. The Ljung-Box test for the STLF residuals
returned a p-value of 0.1207, indicating better handling of autocorrelations and trends. The test set
RMSE was 59.20, significantly lower than that of the ARIMA model. Visualization of these forecasts

are shown below in Figure 2.
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Figure 2: STLF Forecast on PM2.5
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The ARIMA model’s results for PM10 are presented in Table 4 below, offering a detailed view of
the model’s performance metrics.

Table 4: Arima Evaluation matrix on PM10

Set

ME

RMSE

MAE

MPE

MAPE

MASE

Test Set

-43.60

4791

44.44

-117.96

118.77

3.83

For PM10, the ARIMA model had an RMSE 0f 47.91 on the test set. The Ljung-Box test showed
a p-value of 0.7293, suggesting uncorrelated residuals. Although the model handles short-term
predictions reasonably well, it struggles with capturing the seasonality inherent in PM10 levels.
Visualization of these forecasts are shown below in Figure 3
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Figure 3: Arima Forecast on PM10

Finally, the STLF model’s forecast accuracy for PM10 is shown in the following Table 5,
demonstrating its comparative effectiveness over the ARIMA model.

Table 5: STLF Evaluation matrix on PM10

Set

ME

RMSE

MAE

MPE

MAPE

MASE

Test Set

-26.97

30.79

27.87

-78.64

79.44

2.40

The STLF model significantly outperformed the ARIMA model, with an RMSE of 30.79 on the
test set. The Ljung-Box test returned a p-value of 0.5333, indicating that the residuals are uncorrelated
and that the model fits the data well. This model is particularly proficient at detecting seasonal
fluctuations in PM10 data. Visualization of these forecasts are shown below in Figure 4.
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PM10 STLF Forecast
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Figure 4: STLF Forecast on PM10

5. Conclusion

This study compared the performance of ARIMA and STLF models in forecasting future air quality
index trends of pollutants, PM2.5 and PM10, in Chongqing, China. As previously discussed, the
STLF model showed consistently lower RMSE and MAE scores for both pollutants, therefore
outperforming the ARIMA model. The enhanced performance is attributed to the STLF model's
capability of effectively capturing seasonal patterns and long-term trends in air pollution data. Results
of the study underline the importance of appropriate model selection. Accurate forecasts of future
trends in air pollutants may aid in the development of public health policies and plans in densely
populated urban areas.

This research has wider implications than in Chongqing alone, as it provides information toward
air quality forecasting in other urban areas with similar environmental challenges. Further studies
could incorporate additional parameters such as meteorological data, industrial activities, and traffic
patterns. Furthermore, in future research on air pollution forecasting, researchers could explore
replacing traditional methods like ETS with advanced machine learning algorithms, including
Recurrent Neural Networks and Long Short-Term Memory, after decomposing the time series using
STL.
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