

  atmosphere-15-00418




atmosphere-15-00418







Atmosphere 2024, 15(4), 418; doi:10.3390/atmos15040418




Article



Enhancing Air Quality Forecasting: A Novel Spatio-Temporal Model Integrating Graph Convolution and Multi-Head Attention Mechanism



Yumeng Wang 1, Ke Liu 1,2,*, Yuejun He 3, Pengfei Wang 1, Yuxin Chen 1, Hang Xue 1, Caiyi Huang 1 and Lin Li 1





1



School of Remote Sensing and Information Engineering, North China Institute of Aerospace Engineering, Langfang 065000, China






2



Hebei Aerospace Remote Sensing Information Processing and Application Collaborative Innovation Center, Langfang 065000, China






3



Department of Science and Technology, North China Institute of Aerospace Engineering, Langfang 065000, China









*



Correspondence: liuke1176@nciae.edu.cn







Citation: Wang, Y.; Liu, K.; He, Y.; Wang, P.; Chen, Y.; Xue, H.; Huang, C.; Li, L. Enhancing Air Quality Forecasting: A Novel Spatio-Temporal Model Integrating Graph Convolution and Multi-Head Attention Mechanism. Atmosphere 2024, 15, 418. https://doi.org/10.3390/atmos15040418



Academic Editor: Alexandra Monteiro



Received: 5 March 2024 / Revised: 22 March 2024 / Accepted: 25 March 2024 / Published: 27 March 2024



Abstract

:

Forecasting air quality plays a crucial role in preventing and controlling air pollution. It is particularly significant for improving preparedness for heavily polluted weather conditions and ensuring the health and safety of the population. In this study, a novel deep learning model for predicting air quality spatio-temporal variations is introduced. The model, named graph long short-term memory with multi-head attention (GLSTMMA), is designed to capture the temporal patterns and spatial relationships within multivariate time series data related to air quality. The GLSTMMA model utilizes a hybrid neural network architecture to effectively learn the complex dependencies and correlations present in the data. The extraction of spatial features related to air quality involves the utilization of a graph convolutional network (GCN) to collect air quality data based on the geographical distribution of monitoring sites. The resulting graph structure is imported into a long short-term memory (LSTM) network to establish a Graph LSTM unit, facilitating the extraction of temporal dependencies in air quality. Leveraging a Graph LSTM unit, an encoder-multiple-attention decoder framework is formulated to enable a more profound and efficient exploration of spatio-temporal correlation features within air quality time series data. The research utilizes the 2019–2021 multi-source air quality dataset of Qinghai Province for experimental assessment. The results indicate that the model effectively leverages the impact of multi-source data, resulting in optimal accuracy in predicting six air pollutants.
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1. Introduction


The foundation of human survival, reproduction, and healthy development relies on high-quality air conditions [1,2]. In recent years, the rapid progress of global industrialization and urbanization has led to an enhancement in people’s living standards. However, this progress has also resulted in a range of air quality issues [3]. Air pollutants, including carbon monoxide (CO), sulfur dioxide (SO2), volatile organic compounds (VOCs), ozone (O3), and respirable particulate matter (PM2.5 and PM10), are known to be associated with respiratory illnesses, cardiovascular diseases, and cancers [4,5,6]. Simultaneously, specific pollutants have the potential to worsen climate change, jeopardizing human life quality and the sustainable development of society [7,8,9]. The effective and accurate implementation of air pollution prevention and control has emerged as a prominent topic and a significant research area globally [10,11,12]. To enhance air quality effectively, the Chinese government has emphasized the importance of advancing the coordinated control of fine particulate matter and O3. Additionally, there is a need to enhance the capacity for regional ambient air quality prediction and forecasting [13,14]. Therefore, investigating air quality forecasting, enhancing the accuracy of air quality predictions, and encouraging the intelligent utilization of monitoring data can offer dependable technical assistance for crafting effective management tactics for preventing and controlling air pollution in China. This endeavor holds significant importance for the precise regulation of atmospheric environmental pollution and the efficient enhancement of air quality [15,16,17].



Table 1 presents a list of abbreviations and terminologies employed in the paper, along with their corresponding units where appropriate.



In the current era of increased integration and extensive advancement of big data and artificial intelligence, alongside the progressive enhancement of China’s ecological monitoring system, and the widespread adoption of the Internet of Things (IoTs) and sensor technologies, the methodologies for predicting air quality are evolving towards diversification, intelligence, and precision [18,19,20]. Traditional methods for predicting air quality encompass numerical prediction, statistical prediction, and machine learning [19,20,21]. Numerical prediction in the field of atmospheric dynamics is grounded in theoretical principles. It utilizes various models such as Gaussian models (ISC3, AERMOD, ADMS [22]), Lagrangian models (OZIP/EKMA [23], CALPUFF [24]), acid deposition models (RADM, ADOM [25]), and coupled dynamo-chemical models (CMAQ [26], NAQPMS [27]) as the core framework. These models integrate meteorological data with pollutant emission inventories to streamline the processes involved in the emission, transport, diffusion, chemical transformations, and removal mechanisms of atmospheric pollutants. Ultimately, this approach enables the spatial and temporal forecasting of air quality [28]. Statistical prediction, in contrast, disregards the physical and chemical transport characteristics of pollutants. It relies on historical meteorological and air quality data and employs statistical models [29] such as multiple linear regression (MLR [30]) and autoregressive integrated moving average (ARIMA [31]) models to predict future pollutant concentrations. Machine learning exhibits an adaptive capacity that is absent in traditional numerical prediction techniques. It has the capability to discern nonlinear correlations within air quality data, a feature that sets it apart from statistical prediction methods. Furthermore, through algorithms like regression, classification, and clustering, machine learning can automatically scrutinize and enhance models based on the data, ultimately leading to heightened prediction precision [32].



The prediction of air quality presents a multivariate spatio-temporal series forecasting challenge, encompassing temporal interdependence, spatial correlation, and diverse information attributes [33]. The primary limitation of conventional methods for predicting air quality lies in the challenge of capturing intricate high-dimensional relationships and spatio-temporal properties of extensive data [34]. Deep learning possesses a potent capability to extract sophisticated and intricate features and acquire knowledge from extensive datasets, thereby increasingly establishing itself as a prominent technical instrument in the realm of air quality forecasting [35]. Recently, two primary categories of deep learning models utilized for the anticipation of air quality have emerged. The first category involves models that utilize a recurrent neural network (RNN), a long short-term memory (LSTM) network, or a gated recurrent unit (GRU) to capture temporal information. These models establish a nonlinear correlation between multivariate time series data and the forecasted pollutant levels [36,37,38]. The primary focus of these studies is on predicting the data from individual monitoring stations, overlooking the interrelation between multiple stations in adjacent areas. Therefore, an enhanced approach involves incorporating spatial networks including a convolutional neural network (CNN) or a graph convolutional network (GCN) onto the temporal model to capture spatio-temporal information [39,40], thereby enhancing prediction accuracy.



In studies focusing on the spatio-temporal prediction of air quality, a persistent challenge lies in the aggregation and integration of spatial site information. Additionally, addressing the issue of information attenuation in time series models when handling extensive datasets poses a significant obstacle. To address the aforementioned issues, this research introduces a deep learning model for graph long-short time memory (Graph LSTM) that incorporates a multi-head attention mechanism. The air sites are depicted as nodes within the graph, with node weights determined by the inter-site distance. The graph’s structure is established based on meteorological and POI data serving as node features. Integrating a graph convolution network (GCN) and a long-short-term memory network (LSTM) enables efficient learning of node features within the graph structure and extraction of spatial correlation information. The graph convolution operator captures long-term dependencies in time series through LSTM network. This approach is applied to air quality prediction at state-controlled sites in Qinghai Province, China, yielding favorable results. This study’s contribution can be outlined as follows:




	
The development of an information-rich graph neural network is achieved through the integration of multi-source and heterogeneous data. The model establishes a topology that mirrors the spatial interconnection of the stations by utilizing the geographic coordinates of the air quality monitoring stations. It integrates various types of data from each location, such as air quality data, meteorological data, and POI data in the vicinity, to create a feature matrix that enhances the characterization of the graph neural network.



	
This study proposes a model for air quality prediction by integrating GCN and LSTM networks using a multi-head attention mechanism. The model employs graph convolution to capture spatial correlations, substitutes matrix multiplication in RNN with graph convolution operators, and enhances the fusion and extraction of spatio-temporal features of air quality through an encoder-multiple-head attentional decoder architecture to capture temporal dependencies in long sequences for crucial feature inputs.



	
The experimental results demonstrate that the model surpasses existing methods in terms of performance, leading to an enhancement in prediction accuracy.








The structure of this paper is as follows. Section 2 provides a comprehensive review of existing research achievements and progress in the field of air quality forecasting. Section 3 elaborates on the multi-source air quality dataset employed in this study and the data preprocessing methods, ensuring the quality and reliability of the experimental data. Section 4 focuses on elucidating the architecture and mathematical formulation of the innovative deep learning model GLSTMMA proposed in this study. Section 5 conducts a comprehensive evaluation of the GLSTMMA model using the multi-source air quality dataset from Qinghai Province spanning 2019 to 2021. Comparative analyses with other mainstream baseline models are performed, and thorough discussions of the obtained results are provided. Section 6 summarizes the research contents and presents an outlook on potential future applications.




2. Related Work


2.1. Traditional Air Quality Prediction Methods


Traditional air quality forecasting methods primarily fall into three categories: numerical prediction, statistical prediction, and machine learning methods. Numerical prediction involves the computational estimation of atmospheric pollutants by solving the conservation of matter equation, aiming to replicate a realistic atmospheric setting [41]. Dennis et al. [42] utilized the regional acid deposition model (RADM) to simulate tropospheric conditions in the eastern United States. This model enables each cell to mimic the chemical transformations of pollutants in the atmosphere, including the cloud formation process. Hu et al. [43] conducted a one-year air quality simulation in China by employing the weather research and forecasting (WRF) model and community multiscale air quality (CMAQ) model. This study aimed to offer comprehensive spatial and temporal data on O3, PM2.5, and various chemical constituents. Numerical prediction models are associated with challenges such as complex operations, high hardware and equipment costs, and extended operational durations. Statistical modeling and machine learning, conversely, exhibit significant simplicity. Lei et al. [44] developed a statistical prediction model for atmospheric particulate matter in Macao with a confidence level of 95% through the application of multiple regression (MR) analysis. Their study revealed that potential height and mean relative humidity significantly impacted the forecasted concentration of particulate matter for the following day. Kumar et al. [45] employed ARIMA and various machine learning models, including linear regression, neural network regression, and decision trees, to examine and forecast the dispersion pattern of respirable suspended particulate matter (RSPM). One of the primary advantages of machine learning methods compared to classical statistical methods lies in their capability to effectively handle nonlinear features. Liu et al. [46] integrated principal component analysis (PCA) and clustering techniques to identify pollutant variables and patterns as significant predictive factors for PM2.5 concentration in support vector regression (SVR), multivariate nonlinear regression (MNR), and artificial neural network (ANN) models. Their study revealed that the SVR model exhibited exceptional forecasting precision. Additionally, they employed a cuckoo search (CS) algorithm for optimization to develop a high-accuracy cuckoo search support vector regression (CSSVR) forecasting model. Their study achieved high forecasting accuracy by optimizing the CSSVR forecasting model using the CS algorithm. However, machine learning techniques have constraints in capturing intricate and nonlinear spatio-temporal correlations, making them insufficient for forecasting complex, dynamic, and data-intensive air quality.




2.2. Deep Learning-Based Air Quality Prediction Methods


Deep learning can effectively extract valuable information from large datasets by enhancing the number of nonlinear feature transformations applied to the original data features. This approach aims to enhance the learning efficacy of the model. Currently, there are two primary categories of air quality forecasting models that leverage deep learning techniques: models that emphasize temporal aspects and models that focus on spatio-temporal aspects. Athira et al. [36] predicted the pollutant PM10 by employing a blend of RNN, LSTM, and GRU. Krishan et al. [47] amalgamated five combinations of factors and parameters, including vehicle emissions, meteorological conditions, traffic data, and pollutant levels, utilizing a two-layer LSTM model to adeptly capture long-term dependencies in modeling air quality parameters. Li et al. [48] proposed a spatio-temporal deep learning (STDL) model that leverages a stacked self-encoder (SAE) model to extract intrinsic features related to air quality. Yan et al. [49] devised a CNN-LSTM prediction model for air quality in Beijing, which incorporates multi-temporal and multi-site data. Their approach involves clustering seasonal air quality data from various sites with the corresponding spatial information. To enhance the representation of air quality site distribution in non-Euclidean space, Chen et al. [50] introduced a group-aware graph neural network (GAGNN) based on a hierarchical model for predicting urban air quality in China. Wang et al. [51] proposed the dynamic adjacency matrix as a graph convolutional layer and presented a spatio-temporal dynamic graph convolutional neural network (ST-DGCNN) to capture the latent and temporally varying spatial dependencies. Zhao et al. [52] employed an integrated method for air quality prediction by combining an air quality spatio-temporal network (AQSTN) characterization model with a GCNN model. Jin et al. [53] proposed a predictive model for PM2.5 time series utilizing a spatio-temporal graph neural network with self-optimization capabilities, referred to as BGGRU. Tang et al. [54] put forward a PM2.5 concentration prediction model that synergistically combines the time-frequency domain, bidirectional long short-term memory, and attention mechanisms. Ding et al. [55] proposed a hybrid model that integrates explainable neural networks and graph neural networks. Hu et al. [56] devised a joint deep learning network framework to facilitate edge-assisted PM2.5 prediction across multiple cities.



In summary, the methods mentioned above do not account for the impact of spatio-temporal correlation, lack the detailed dynamics of long-term dependencies in time series, and overlook the topology of actual geospatial space or the integration of temporal and spatial characteristics through different sub-modules.





3. Data and Pre-Processing


This study develops an air quality dataset through the integration of air quality data, meteorological data, and POI data. The subsequent section provides a comprehensive description of each category of data.



3.1. Air Quality Data


The China National Environmental Monitoring Center (CNEMC) is responsible for China’s environmental monitoring mission and can provide real-time air quality monitoring data from all provinces and cities in China. The data are collected from environmental monitoring stations nationwide and undergo rigorous quality control and data auditing before being publicly disseminated. Consequently, this dataset is widely regarded as one of the most authoritative and frequently utilized resources for contemporary air quality research in China. The data for this study were sourced from the China Urban Air Quality Real-Time Dissemination Platform (CUAQRDP) overseen by the China General Environmental Monitoring Station (CGEMS). The dataset included hourly observations of six air quality parameters: PM2.5, PM10, nitrogen dioxide (NO2), O3, SO2, and CO, as well as air quality index (AQI) data from eight state-controlled stations in Qinghai Province, China (Figure 1). The data spanned from 2019 to 2021.



3.1.1. Missing Value Interpolation


The analysis revealed that the dataset had a missing rate of approximately 5%, rendering it ineffective for air quality prediction. In this investigation, a bidirectional recurrent imputation for time series–attention long short-term memory (BRITS–ALSTM) model for interpolating missing values is developed using a deep learning approach. The model’s architecture is illustrated in Figure 2 [57]. The encoder utilizes BRITS to integrate single-site historical features and multi-site correlation features from the observed data. Subsequently, the decoder establishes the attention mechanism within the hidden state of LSTM to effectively leverage the past information from the observed data for generating hourly interpolation results of missing values in the air quality data.



The missing data for PM2.5, PM10, O3, NO2, SO2, and CO from eight state-controlled stations in Qinghai Province for the years 2019–2021 were interpolated. The results are presented in Table 2. The BRITS–ALSTM model demonstrated superior accuracy compared to traditional methods like mean padding and linear interpolation across all scenarios. This model effectively enhances the robustness and accuracy of air quality prediction models.




3.1.2. Spatial Correlation Analysis


According to the study on multi-site air quality prediction, it has been observed that incorporating historical data from neighboring stations can help mitigate the prediction error to a certain extent. In this study, the air quality data of PM2.5, PM10, O3, NO2 SO2, CO, and AQI from eight state-controlled monitoring stations during the period of 2019–2021 were analyzed for correlations. Taking O3 as an example, Figure 3 illustrates varying degrees of spatial dependence among stations located in different geospatial regions [58]. Air pollutants exhibit propagation in geospatial space, with a stronger correlation observed between stations in closer proximity. However, O3 concentration levels at the remote sites 2675 A and 2676 A also exhibit time-dependent trends closely resembling those observed at the other monitoring locations (Figure 4). This similarity implies the presence of underlying factors that consistently impact the levels of air pollutants. Consequently, incorporating historical data on air pollutants in the vicinity of the sites, variations in pollutant levels at distant locations, and POI data describing the environmental conditions surrounding the sites into the model can enhance prediction accuracy. This approach aims to achieve more precise spatial and temporal forecasts of air quality.





3.2. Meteorological Data


Meteorological conditions play a crucial role in influencing air quality. For instance, warmer temperatures can lead to chemical reactions that increase the production of pollutants, while variations in wind direction and speed can impact the dispersion of pollutants. ERA5 is a fifth-generation atmospheric reanalysis dataset that covers global climate data from January 1950 to the present. This dataset is developed by the European Center for Medium-Range Weather Forecasts (ECMWF) and is generated by the ECMWF’s Copernicus Climate Change Service (C3S). ERA5 offers hourly estimates of numerous atmospheric, terrestrial, and oceanic climate parameters with a high level of spatial and temporal detail. For this investigation, seven meteorological data variables were chosen from ERA5 reanalysis dataset spanning the years 2019 to 2021. These variables include 2 m temperature (T2M), wind direction (WD), wind speed (WS), surface pressure (SP), total precipitation (TP), boundary layer height (BLH), and relative humidity (RH). The detailed specifications of the download are presented in Table 3.




3.3. POI Data


Source apportionment studies of measured air pollutants, such as black carbon, PM2.5, and PM10, have revealed that the major emission sources of these pollutants are influenced by factors including industrial production, vehicular exhaust, and biomass burning [59,60,61]. The spatial distribution of these different emission sources has varying impacts on regional air quality. POI data can provide a range of location-specific information within geospatial contexts, such as land utilization, physical industrial layout, and other related aspects. The data can convey details on traffic flow, including major roads, transportation hubs, and parking lots, as well as information on industrial emissions, such as industrial zones and factories, and green coverage data, such as parks, plazas, and green belts. In this research, POI data serve as supplementary data for predicting air quality. POI data were sourced from the e-map Gaode API, and the distribution of POIs in each city and state are illustrated in Figure 5. The processing procedure for POI data are outlined as follows:



The acquired POI data underwent reclassification from the initial 14 categories to 12 categories, which include industrial factories, agricultural and animal husbandry companies, corporate enterprises, restaurants and cuisines, shopping and consumption, transportation facilities, residences, science, education and culture, tourist attractions, vehicular services, life and medical care, and sports and recreation. The quantity of each of the 12 categories of POIs within the 5 km2 circular buffer zone surrounding the eight sites was tallied as POI features. For any given site s, the statistical equation for POI features is presented as follows:


   X  p , s   =     c o u n t  p    p ∈  P i  ∧ p ∈ s       i = 1 , 2 , ⋯ , 12      



(1)




where    X  p , s     denotes POI characteristics of the monitoring site s; p denotes a certain type of POI;    P i    denotes i types of POI in the table; and count denotes the method of counting POI numbers.





4. GLSTMMA Network


4.1. Overview


The spatio-temporal prediction of air quality continues to present challenges in aggregating and integrating spatial site information, as well as addressing the issue of information decay in time series models when handling long sequences. This study proposes a GLSTMMA spatio-temporal prediction model for air quality that incorporates a multi-attention mechanism. By establishing a spatial graph structure incorporating air quality data and its associated features, leveraging the capabilities of GCN to acquire feature representations of the site nodes within the graph structure, and utilizing the LSTM network for sequence modeling to capture long-term information in the temporal domain, this study comprehensively addresses the spatial and temporal dependencies inherent in the time series data pertaining to the air quality of the research area. Figure 6 illustrates the detailed architecture of the air quality prediction model, comprising an encoder and a decoder. The encoder is formed by the sequential arrangement of two layers of Graph LSTMs, while the decoder utilizes two layers of Graph LSTM units. To enhance information aggregation capabilities, a multiple-head attention mechanism is integrated into the decoding phase. This mechanism conducts feature extraction from various subspaces to facilitate the effective fusion of spatial representations of the locations and temporal characteristics.




4.2. Station Relationship Graphs Development


To account for the spatial proximity among sites, this study treats the eight sites as nodes in a graph structure and represents their relationships using an adjacency matrix. If two sites exhibit correlation in the adjacency matrix, it indicates the presence of spatial correlation between these sites and spatial correlation within the monitored data at the site. This study defines a weighted graph   G = ( V , E , A )   to represent the graph structure consisting of eight sites. Here,  V  denotes N sites in the study area;  E  denotes the set of edges; and   A ∈  R  N × N     denotes a neighbor matrix used to represent the spatial relationship weights.



Neighborhood matrix: To accurately represent the spatial distribution characteristics of the site in a non-Euclidean space, it is advisable to develop a graph structure that better aligns with the spatial attributes of the actual problem. The calculation of the geographical position between sites is determined based on their respective latitude and longitude coordinates. In this context, Earth is considered a sphere. Haversine’s equation is employed to address the angular separation between these points, utilizing the sinusoidal function to compute the arc length distance:


   d  i j   = 2 r arcsin     sin  2  (   l a  t i  − l a  t j   2  ) + cos ( l a  t i  ) cos ( l a  t j  ) sin (   l o  n i  − l o  n j   2  )    



(2)




where    d  i j     denotes the true distance between site i and site j;  r  denotes the radius of Earth;   l a  t i    and     lon  i    denote the latitude and longitude of the site i;   l a  t j    and     lon  j    denote the latitude and longitude of site j.



Importing    d  i j     in the Gaussian aggregation function as the weight for the edges connecting the nodes enhances the representation of connectivity between nodes in a linear fashion. This approach aids in the seamless integration of spatial features across different locations within the graph structure. Here,    A  i j     denotes the connectivity between nodes    v i    and    v j    on the graph, which is calculated as follows:


   A  i j   =       exp ( −    d  i j      σ 2    ) , i ≠ j   a n d   exp ( −    d  i j      σ 2    ) ≥ ξ       0 , i ≠ j   a n d   exp ( −    d  i j      σ 2    ) ≥ ξ        



(3)




where    A  i j     denotes the edge weights calculated based on the distances between sites. These weights are instrumental in regulating the distribution and sparsity of the weighted adjacency matrix. The values in the matrix are determined by both the factual distances between the sites and the pre-existing knowledge.



Feature matrix: To comprehensively assess the impacts on air quality at the specific location, a feature matrix is created incorporating air quality data (PM2.5, PM10, NO2, O3, SO2, CO, AQI), meteorological factors (T2M, WD, WS, SP, TP, BLH, RH), and 12 categories of point of interest (POI) data surrounding the site. This matrix is then combined with neighboring matrices to establish a spatio-temporal correlation data framework. The neighbor matrix is utilized for the development of the spatio-temporal correlation data structure. Therefore,    X t  ∈  P  M × N     is defined as the feature matrices representing the air quality and associated characteristics of the site at different time points within a graph structure.


   X t  =        X  11        X  12      ⋯     X  1 M          X  21        X  22      ⋯     X  2 M        ⋮   ⋮   ⋯   ⋮       X  N 1        X  N 2      ⋯     X  N M          



(4)




where M denotes the feature dimension; N denotes the number of stations; and    X t    denotes the air quality and related feature data of all stations at time t.




4.3. Temporal Graph Convolutional Modules


GCN: GCN is a model that expands upon CNN to accommodate graph structures. This extension offers a novel approach for capturing spatial features that are unevenly distributed in non-Euclidean spaces. Upon finalizing the development of the adjacency matrix and feature matrix among sites, the specific equation for GCN in the hidden layer is outlined as follows:


   H  t + 1   = σ (   D ˜   −  1 2     A ˜    D ˜   −  1 2     H t   W t  )  



(5)




where  H  denotes the computation of the hidden layer of the GCN network;   A ˜   denotes the matrix after the addition of the adjacency matrix and the unit matrix (i.e.,     A ˜   = A + I  ,  I  is the unit matrices);    D ˜    denotes the degree matrix of  A  (i.e.,      D ˜    i i   =   ∑ j      A ˜    i j      );    W l    denotes the weight matrix; and  σ  denotes the   Relu   activation function.



LSTM: The LSTM model represents an advancement over the RNN model. In comparison to traditional neural network units, RNN can capture the impact from preceding networks. However, as the chain of information propagation extends to a certain length, the network may encounter issues such as vanishing or exploding gradients. LSTM addresses this challenge by incorporating a Gating Mechanism, which regulates forgetting gates, input gates, and output gates to manage information retention, addition, and output. This mechanism effectively mitigates the long-term dependency problem encountered in simple RNN. The specific information transfer calculations within an LSTM unit are detailed in the following Equations (6)–(10).


   f t  = σ (  U f   x t  +  W f   h  t − 1   +  b f  )  



(6)






   i t  = σ (  U i   x t  +  W i   h  t − 1   +  b i  )  



(7)






   c t  =  f t   c  t − 1      + i   t   tan h  (  U c   x t  +  W c   h  t − 1   +  b c  )  



(8)






   o t  = σ (  U o   x t  +  W o   h  t − 1   +  b o  )  



(9)






   Y t  =  h t  =  o t   tan h  (  c t  )  



(10)







Equation (6) derives a forgetting vector    f t    by considering the input    x t    of the current unit at time t and incorporating the short-term memory information    h  t − 1     received from the preceding unit after passing through the forgetting gate structure. Subsequently, Equation (7) utilizes the input gate structure to compute an input vector    i t   . Equation (8) determines the retention of long-term memory    c  t − 1     for network propagation and the retention of current candidate information in long-term memory    c t    within the network based on    f t    and    i t   , respectively. Following this, Equation (9) employs the output gate structure to calculate an output vector    o t   . Finally, Equation (10) extracts the output information    Y t    and the short-term memory state    h t    of the network from the long-term memory c and the output vector o of the current cell. In Equations (6)–(10),  σ  denotes the   Sig m o i d   activation function;    W f   ,    W i   , and    W o    denote the hidden layer weights of the forgetting gate, the input gate, and the output gate, respectively;    W c    denotes the hidden layer weight matrix of the current candidate state of the computational unit;    b f   ,    b i   , and    b o    denote the offset vectors for the three gate structures, respectively; and    b c    denotes the offset vector for computing the candidate states.



Graph LSTM: The core component of the model proposed in this study comprises GCN and LSTM units. The extraction of the spatial feature    H t    of the site is achieved through GCN and subsequently integrated into the graph signal    X g t   . By employing    X g t    as an input in the time-dependent model LSTM network, the matrix multiplications in the hidden states of the oblivion gate, input gate, output gate, and candidate gate are substituted with a GCN operator to facilitate a proficient fusion of spatio-temporal features. The network architecture of Graph LSTM is illustrated in Figure 7.



The recursive unit of Graph LSTM updates the hidden state of all sites based on LSTM, calculated as follows:


   f t  = σ (  U f   X g t  +  W f   h  t − 1   +  b f  )  



(11)






   i t  = σ (  U i   X g t  +  W i   h  t − 1   +  b i  )  



(12)






   c t  =  f t   c  t − 1      + i   t   tan h  (  U c   X g t  +  W c   h  t − 1   +  b c  )  



(13)






   o t  = σ (  U o   X g t  +  W o   h  t − 1   +  b o  )  



(14)






   h t  =  o t   tan h  (  c t  )  



(15)




where    X g t    denotes the information after the fusion of spatial features and graph signals at time t;    f t   ,    i i   , and    o t    denote the forgetting gate, input gate, and output gate, respectively;    c t    and    h t    denote the candidate hidden state and hidden state at time t, respectively; and  σ  denotes the   Sigmoid   activation function. Multiple Graph LSTM units are interconnected in a sequential manner, enabling the transmission of spatio-temporal information by passing the hidden state output of each recursive unit as input to the subsequent recursive unit.




4.4. Encoder-Multi-Head Attention Enhanced Decoder


The air quality prediction model achieves end-to-end sequence prediction through the utilization of multiple Graph LSTM layers that are stacked and interconnected to create both an encoder and a decoder. The encoder comprises two Graph LSTM layers that generate the encoding context vector through iterative encoding of the input raw data features in a loop. The decoder comprises two Graph LSTM layers. It utilizes the encoder output vector from the previous time step as the current input, amalgamates the encoder representation, and cyclically decodes the complete target sequence to generate the entire output. Additionally, a multi-head attention mechanism is integrated into the top layer to concentrate specifically on the encoder representation. The integration of multi-head attention enables the decoder to concentrate on contextual semantic information from various viewpoints. Additionally, regularization of its weight distribution to a certain degree helps prevent overfitting of the model, thereby enhancing the efficacy of sequence prediction.



The Query, Key, and Value components of the multi-attention mechanism need to be linearly varied to derive the final Q, K, and V. The computation of the multi-attention mechanism employed in this study is illustrated in Equations (16)–(21).


   Q n  =  E  o u t   ×  W n Q   



(16)






   K n  =  E h  ×  W n K   



(17)






   V n  =  E h  ×  W n V   



(18)






   S n  = s o f t max (    Q n  ×  K n       d k      )  



(19)






   A n  =  S n  ×  V n   



(20)






   A  o u t   = c o n c a t (  A 1  , ⋯ ,  A n  )  



(21)




where the initial state of Query matrix    Q n    in Equation (16) is a linear transformation of the encoder’s output    E  out    ; the initial state of Key matrix    K n    in Equation (17) is a linear transformation of the encoder’s hidden state    E h   ; the initial state of Value matrix    V n    in Equation (18) is a linear transformation of the encoder’s hidden state    E h   ; and the initial state of Key matrix    K n    in Equation (18) is a linear transformation of the encoder’s hidden state    E h   . Equation (19) involves the multiplication of    Q n    and    K n   , followed by division by the scaling factor      d k     . The result is then processed through the softmax activation function to derive the attention score    S n   . Equation (20) calculates the attentional output    A n    for each head by multiplying    S n    and    V n   . Equation (21) combines the attention scores from all heads to generate the attention output    A  o u t    .



The model is developed by sequentially stacking Graph LSTM units to create an encoder for feature extraction and a decoder for temporal prediction. The encoder and decoder collaborate to integrate attention mechanisms, improving the contextual semantic representation and maintaining spatio-temporal relevance in the modeling process. The architecture is designed to enhance the model’s performance in predicting sequences of air quality changes.





5. Results and Discussion


5.1. Experimental Setup


The experimental setup includes the configuration of hardware and software environments and related parameters. This study builds deep learning models based on the Pytorch framework. All tests of the experiment use 24 h as a historical time window for predicting the air pollutant observations in 1, 3, 6, 12, and 24 h (H = 1, 3, 6, 12, 24) of observed air pollutant values. The search for the model’s optimal hyperparameters was automated using a grid search method with set ranges of values and step sizes for the parameters. The model uses an Adma optimizer with a mean square error (MSE) loss function to update the parameters, setting the initial value of the learning rate to 0.01 and adjusting it dynamically, epoch to 100, and batch-size to 256.



The model involves utilizing hourly-level air quality observations spanning from 2019 to 2021. The data are partitioned such that the initial 70% is allocated for training the model, 10% for validation, and the remaining 20% for assessing prediction performance. Mean absolute error (MAE), mean absolute percentage error (MAPE), and root mean square error (RMSE) metrics have been chosen to evaluate the predictive accuracy of the GLSTMMA model in comparison to other baseline models. These metrics are expressed as follows:


  MAE =     ∑  t = 1  n   |  x t  −   x ⌢  t  |    n   



(22)






  RMSE =       ∑  t = 1  n     (  x t  −   x ⌢  t  )  2     n     



(23)






  MAPE =     ∑  t = 1  n   |    x t  −   x ⌢  t     x t    |    n  × 100 %  



(24)




where    x t    denotes the observed true value and      x ⌢   t    denotes the predicted value.



Meanwhile, the predictive efficacy of the proposed GLSTMMA model is contrasted with the baseline model for comparison.



Static refers to utilizing the previous moment’s observation as the basis for predicting the current moment.



Historical average (HA) refers to the method that computes the arithmetic mean of past observations and employs it as a forecast. This method presupposes that the time series exhibits smoothness and that forthcoming values are equivalent to HA.



The Vector autoregressive (VAR) model is a generalized autoregressive moving average model. VAR assumes that each time series variable is a linear function of the other time series variables. It predicts its own value by incorporating its lagged values as well as the lagged values of the other variables.



LSTM is a type of temporal neural network designed to manage the retention and discarding of past information by utilizing mechanisms like forgetting gates and input gates. It is specifically tailored for modeling long-term dependencies in time series data.



GRU is a type of RNN characterized by a simplified structure featuring only two control gates. It is designed to effectively manage historical information through mechanisms of saving and forgetting, while also demonstrating proficiency in modeling long sequences similar to an LSTM.



The CNN-LSTM network [49] integrates convolutional operations into the cyclic state transfer mechanism. In contrast to conventional RNN models, CNN-LSTM has the capability to capture spatial characteristics of data and integrate both spatial and temporal information to enhance predictive performance.




5.2. Experimental Results


Table 4 and Table 5 demonstrate the quantitative results of the air quality dataset in Qinghai Province regarding the forecasting of six air pollutants (PM2.5, PM10, NO2, O3, SO2, and CO) at 3, 6, 12, and 24 multi-step time intervals. Among these metrics, MAE, RMSE, and MAPE were comparatively evaluated across various models including Static, HA, VAR, LSTM, GRU, and CNN-LSTM. Additionally, MAE, RMSE, and MAPE of the proposed GLSTMMA model were also assessed in this study. As demonstrated in Table 4 and Table 5, the GLSTMMA model exhibits superior prediction performance at 3, 6, 12, and 24 h in comparison to the other baseline models. The model exhibits MAEs of 4.48, 5.13, 5.77, and 6.24 when predicting PM2.5 at 3, 6, 12, and 24 time steps, respectively. For PM10 prediction, the model shows MAEs of 9.96, 11.34, 12.44, and 13.42 at 3, 6, 12, and 24 time steps, respectively. Similarly, in the case of O3 prediction, the model demonstrates MAEs of 9.96, 11.34, 12.44, and 13.42 at 3, 6, 12, and 24 time steps, respectively. When predicting NO2 levels, the model achieved MAEs of 5.21, 5.72, 6.19, and 6.49 at 3, 6, 12, and 24 time steps, respectively. For SO2 predictions, the model’s MAE values at the same time steps were 2.74, 3.13, 3.55, and 3.94, respectively. In the prediction of CO levels, MAEs of the model at 3, 6, 12, and 24 time steps were 0.12, 0.13, 0.15, and 0.16, respectively. The results indicate that the GLSTMMA model exhibited the lowest prediction error and the highest prediction accuracy. When using the HA model for forecasting, for each time step, predictions are made based on the historical average values from the corresponding past time period, and the method of processing historical data is fixed. Therefore, the forecasting results do not change with variations in the time step. Furthermore, classical deep learning models such as LSTM and GRU exhibit modeling errors that are comparatively lower than those of statistical models. The limited quantity and uneven spatial distribution of stations within the study area resulted in poor stabilization of the CNN-LSTM model during the prediction process, leading to prediction errors that were once again lower compared to those of the statistical model. This implies that deep learning models may outperform traditional statistical learning models in predicting air quality time series across multiple time steps.



The predictive performance of the GLSTMMA model at different time steps was explored using the relative root mean square error (rRMSE = RMSE/RMSEbaseline) compared to the baseline model (HA). The specific results are presented in Table 4 and Table 5. A gradual decrease in model prediction performance was observed as the time step increased. This underscores the importance of improving the accuracy of long time series predictions. Consequently, future research should focus on enhancing the model’s precision in predicting long time series data.



To facilitate a more intuitive analysis and comparison of the disparities between the prediction outcomes and the actual values of the GLSTMMA model, see Figure 8. The prediction results and true observed values of the six pollutants using the GLSTMMA model for 24 time steps are illustrated in Figure 8a–f. The x-coordinate represents the observation time, while the y-coordinate represents the concentration value of the pollutant. Based on the results, the model demonstrates a higher accuracy in forecasting the future hourly trends of the six pollutants. The variance between the predicted values and actual measurements is minimal. However, the model’s efficacy diminishes when anticipating peak pollutant concentrations.




5.3. Model Effectiveness Evaluation


Given that MAE can provide a more accurate representation of prediction value errors, this study visualized the curves of prediction step size versus MAE to illustrate this relationship. The comparative outcomes of the variation curves depicting the prediction step size against MAE for six air pollutants utilizing various models such as VAR, LSTM, GRU, CNN-LSTM, and GLSTMMA are represented in Figure 9.



Based on the results (Figure 8), the GLSTMMA model exhibits superior predictive performance in comparison to the VAR, LSTM, GRU, and CNN-LSTM models across all air pollutants. Furthermore, the prediction errors of the VRA and GLSTMMA models exhibit a gradual and smooth increase as the step size increases. Conversely, the LSTM and GRU models demonstrate a more moderate change with a slight decreasing trend across various prediction steps. The CNN-LSTM model’s predictions display greater instability, showing varying performances across different prediction objects and steps. This variability may be attributed to the limited number and sparse distribution of study sites. The challenges in learning the characteristics of unevenly distributed site changes with CNN further support the notion that GCN is more effective in scenarios with sparse sites.



By plotting a Taylor diagram to comprehensively consider three key indicators—standard deviation, correlation coefficient, and RMSE—the performance of four models, namely LSTM, GRU, CNN-LSTM, and GLSTMMA, was compared in predicting ozone concentration. As observed in Figure 10, the GLSTMMA model excels in all three indicators, with its point closest to the origin of the observed values. This indicates that GLSTMMA not only exhibits a high correlation with the actual observed values when predicting ozone concentration but also has the smallest standard deviation and RMSE of its predictions, thus achieving the highest prediction accuracy. LSTM shows relatively small prediction errors, lower standard deviation, lower RMSE, and a higher correlation coefficient. On the other hand, GRU and CNN-LSTM exhibit relatively large prediction errors, higher standard deviation, higher RMSE, and a lower correlation coefficient. In summary, this study validates the superiority of the GLSTMMA model in predicting ozone concentration, providing a valuable reference for developing more accurate air quality forecasting models. The differences among the different models in various evaluation indicators suggest that combining the advantages of multiple models may further improve prediction accuracy, which is a direction for future research to explore.



The superior predictive performance of the GLSTMMA model can be attributed to several key factors. Firstly, the gradual and smooth increase in prediction errors with increasing step size indicates the model’s robustness and stability in handling varying prediction intervals. This contrasts with other models like VRA, LSTM, GRU, and CNN-LSTM, which show more pronounced fluctuations in prediction errors, suggesting that GLSTMMA maintains better consistency across different prediction steps. Secondly, the GLSTMMA model’s ability to excel in all three key indicators—standard deviation, correlation coefficient, and RMSE—demonstrates its overall accuracy, precision, and reliability in predicting pollutant concentration compared to other models. These combined advantages make GLSTMMA a standout choice for predicting pollutant concentration and provide valuable insights for developing more accurate and reliable air quality forecasting models in the future.




5.4. Dataset Validity Analysis


Controlled experiments were intentionally designed in this study to assess the efficacy of air quality datasets that integrate multi-source data in enhancing the accuracy of air quality predictions. Prediction experiments were conducted for six major air pollutants using the GLSTMMA model. The experiments considered the control variables method and utilized datasets solely containing air quality data, without incorporating any other auxiliary data. The prediction outcomes of the two datasets on the GLSTMMA model are presented in Table 6.



In Table 6, MAE, RMSE, and MAPE metrics for predicting the six air pollutants show varying degrees of improvement when solely using the air quality data compared to the comprehensive dataset that integrates data from multiple sources. The significance of the multi-source air quality dataset in enhancing the prediction model is illustrated in Figure 11. Upon the integration of the multi-source data, the correlation among the data sets enriches the features available for the model. This enrichment facilitates the exploration of the intricate relationships within the data, consequently enhancing the accuracy of the prediction. Therefore, the outcomes of the controlled experiments unequivocally confirm the efficacy of integrating air quality datasets with data from multiple sources. When air quality data are integrated with other pertinent meteorological, environmental, and social data, the predictive accuracy of air quality can be substantially enhanced through the utilization of deep learning models.



For future studies and practical applications, constructing air quality prediction datasets should focus on integrating diverse data sources beyond traditional air quality measurements. Incorporating meteorological parameters such as temperature, humidity, wind speed, and direction can provide valuable insights into atmospheric dynamics that influence air quality. Additionally, including environmental factors like land use, vegetation cover, and emission sources such as industrial activities and vehicular traffic can offer a more comprehensive understanding of air quality variations. Moreover, integrating social data such as population density, traffic patterns, and urban development can help capture the human impact on air quality. By amalgamating these multi-source datasets, future prediction models can leverage a richer set of features, thereby improving the accuracy and reliability of air quality forecasts.





6. Conclusions


In this study, a novel air quality forecasting model employing a hybrid deep learning methodology is introduced to enable the 24 h prediction of six air pollutants, specifically PM2.5, PM10, NO2, O3, SO2, and CO. The fundamental component of the GLSTMMA model consists of a Graph LSTM that integrates a hybrid GCN and LSTM neural network. The encoder comprises a two-layer Graph LSTM, while the decoder is a two-layer Graph LSTM augmented by a multi-head attention mechanism. The model is capable of acquiring time series data on air quality along with associated information such as meteorological conditions and POI, as well as the relevant features concerning the spatio-temporal dependence of air quality. Experiments conducted on the air quality dataset of Qinghai Province, China (2019–2021) demonstrate that the model exhibits enhanced performance in comparison to conventional statistical models and traditional deep learning prediction models. This improvement is attributed to its ability to analyze the learning of multivariate dependencies within air quality-related time series and spatial correlations. It is significant to explore the evolution of air pollutant time series in future research endeavors to advance the study and enhancement of the GLSTMMA model under varying prediction scenarios.
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Figure 1. Geographical distribution of state-controlled ambient air monitoring stations in Qinghai Province. 
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Figure 2. BRITS–ALSTM structure for missing value imputation in air quality data. 
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Figure 3. Correlation heat map of O3 monitoring stations in Qinghai Province. The blue points correspond to simultaneous observations from two stations, while the red line represents the fitted relationship between these stations. 
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Figure 4. Comparison of observed values at O3 monitoring stations in Qinghai Province. 
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Figure 5. Distribution of POIs in cities and states of Qinghai Province. 
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Figure 6. GLSTMMA architecture. 
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Figure 7. Graph LSTM architecture. 
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Figure 8. Comparison of model predictions versus true values. (a–f) represent comparisons of model-predicted PM2.5, PM10, O3, NO2, SO2, and CO concentrations with their respective true values, respectively. 
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Figure 9. Comparative analysis of MAE across prediction step sizes for VAR, LSTM, GRU, CNN-LSTM, and GLSTMMA models. (a–f) represent the comparison results for PM2.5, PM10, O3, NO2, SO2, and CO, respectively. 
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Figure 10. Correlation analysis of different deep learning models in O3 concentration prediction. 
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Figure 11. Comparison of predictions for different datasets. 
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Table 1. Abbreviations and nomenclature.
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	Abbreviation
	Nomenclature
	Units





	ADMS
	Atmospheric Dispersion Modeling System
	--



	ADOM
	Acid Deposition and Oxidant Model
	--



	AERMOD
	AMS/EPA REGULATORY MODEL
	--



	ANN
	Artificial Neural Network
	--



	AQI
	Air Quality Index
	--



	AQSTN
	Air Quality Spatio-Temporal Network
	--



	ARIMA
	Autoregressive Integrated Moving Average Model
	--



	BGGRU
	Bayesian Graph Gated Recurrent Unit
	--



	BLH
	Boundary Layer Height
	m



	BRITS-ALSTM
	Bidirectional Recurrent Imputation for Time Series- and Attention-based Long Short-Term Memory
	--



	C3S
	Copernicus Climate Change Service
	--



	CALPUFF
	California Air Quality Puff Urban Fluid Flow
	--



	CGEMS
	China General Environmental Monitoring Station
	--



	CMAQ
	The Community Multiscale Air Quality Modeling System
	--



	CNEMC
	China National Environmental Monitoring Center
	--



	CNN
	Convolutional Neural Networks
	--



	CO
	Carbon Monoxide
	mg/m3



	CS
	Cuckoo Search
	--



	CSSVR
	Cuckoo Search Support Vector Regression
	--



	CUAQRDP
	China Urban Air Quality Real-Time Dissemination Platform
	--



	ECMWF
	European Centre for Medium-Range Weather Forecasts
	--



	ERA5
	Fifth Generation of ECMWF Atmospheric Reanalysis of the Global Climate
	--



	GAGNN
	Group-Aware Graph Neural Network
	--



	GCN
	Graph Convolutional Network
	--



	GCNN
	Graph Convolutional Neural Network
	--



	GLSTMMA
	Graph Long Short-Term Memory with Multi-head Attention
	--



	GRU
	Gated Recurrent Unit
	--



	HA
	Historical Average
	--



	ISC3
	Industrial Source Complex 3
	--



	LSTM
	Long Short-Term Memory
	--



	MAE
	Mean Absolute Error
	Dimensionless



	MAPE
	Mean Absolute Percentage Error
	Dimensionless



	MLR
	Multiple Linear Regression
	--



	MNR
	Multivariate Nonlinear Regression
	--



	MR
	Multiple Regression
	--



	MSE
	Mean Square Error
	Dimensionless



	NAQPMS
	Nested Air Quality Prediction Modeling System
	--



	NO2
	Nitrogen Dioxide
	μg/m3



	O3
	Ozone
	mg/m3



	OZIP/EKMA
	Ozone Isopleth Plotting/Electrolyte Kissinger Modification Analysis
	--



	PCA
	Principal Component Analysis
	--



	PM10
	Particulate Matter 10
	μg/m3



	PM2.5
	Particulate Matter 2.5
	μg/m3



	POI
	Point of Interest
	--



	RADM
	Regional Acid Deposition Model
	--



	RH
	Relative Humidity
	%



	RMSE
	Root Mean Square Error
	Dimensionless



	RNN
	Recurrent Neural Network
	--



	RSPM
	Respirable Suspended Particulate Matter
	--



	SAE
	Stacked Autoencoder Encoders
	--



	SO2
	Sulfur Dioxide
	μg/m3



	SP
	Surface Pressure
	hPa



	ST-DGCNN
	Spatio-Temporal Dynamic Graph Convolutional Neural Network
	--



	STDL
	Spatio-Temporal Deep Learning
	--



	SVR
	Support Vector Regression
	--



	T2M
	2 m Temperature
	°C



	TP
	Total Precipitation
	m



	VAR
	Vector Autoregressive
	--



	VOCs
	Volatile Organic Compounds
	--



	WD
	Wind Direction
	--



	WRF
	The Weather Research and Forecasting Model
	--



	WS
	Wind Speed
	m/s
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Pollutants

(Missing Rate)

	
PM2.5 (5.70%)

	
PM10 (5.70%)

	
O3 (4.96%)

	
NO2 (4.86%)

	
SO2 (4.77%)

	
CO (5.00%)




	
Method

	
MAE

	
MRE

	
MAE

	
MRE

	
MAE

	
MRE

	
MAE

	
MRE

	
MAE

	
MRE

	
MAE

	
MRE






	
Mean

	
21.4726

	
0.9944

	
47.5001

	
1.0070

	
74.8322

	
0.9994

	
17.7608

	
0.9966

	
13.1555

	
0.9867

	
0.6231

	
0.9961




	
KNN

	
21.2697

	
0.9881

	
46.9564

	
0.9954

	
75.9053

	
1.0137

	
17.2510

	
0.9680

	
12.9697

	
0.9728

	
0.6187

	
0.9893




	
MF

	
18.5589

	
0.9592

	
28.2112

	
0.5612

	
70.3940

	
0.8156

	
19.9263

	
1.0599

	
9.4305

	
0.8431

	
0.8335

	
0.9737




	
MICE

	
22.5469

	
1.0132

	
48.2395

	
1.0171

	
73.2109

	
1.0014

	
19.3482

	
1.0064

	
13.5124

	
1.0135

	
0.6546

	
1.0087




	
M-RNN

	
6.7744

	
0.3115

	
20.7425

	
0.4352

	
18.7845

	
0.2483

	
5.7384

	
0.3187

	
3.7013

	
0.2772

	
0.1403

	
0.2220




	
BRITS

	
6.4716

	
0.3007

	
16.0573

	
0.3478

	
12.5022

	
0.1653

	
6.0460

	
0.3802

	
3.6611

	
0.2717

	
0.1288

	
0.2038




	
BRITS–LSTM

	
6.3088

	
0.2901

	
15.8079

	
0.3317

	
12.8271

	
0.1696

	
5.8899

	
0.3272

	
3.5000

	
0.2621

	
0.1584

	
0.2507




	
BRITS–ALSTM

	
5.9780

	
0.2739

	
17.6502

	
0.3698

	
12.4189

	
0.1629

	
5.0359

	
0.2805

	
3.0694

	
0.2317

	
0.1030

	
0.1630
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	Parameters
	Data Sources
	Units
	Temporal Resolution
	Description





	T2M
	ERA5-Land hourly data
	K
	hourly
	Temperature of air at 2 m above the surface of land, sea, or inland waters.



	WD
	ERA5-Land hourly data
	-
	hourly
	Wind direction at 10 m.



	WS
	ERA5-Land hourly data
	m/s
	hourly
	Wind speed at 10 m.



	SP
	ERA5-Land hourly data
	Pa
	hourly
	Surface atmospheric pressure is essential for understanding weather patterns influencing air quality.



	TP
	ERA5-Land hourly data
	m
	hourly
	Accumulated precipitation, including rain and snow, impacts air pollutant deposition.



	BLH
	ERA5 hourly data on single levels
	m
	hourly
	Depth of the atmospheric boundary layer is crucial for understanding pollutant dispersion and concentration.



	RH
	ERA5 hourly data on pressure levels
	%
	hourly
	The percentage of water vapor in the air relative to the maximum it could hold is significant in understanding pollutant transformation processes.










 





Table 4. Comparison error analysis of GLSTMMA and other baseline models for PM2.5, PM10, and O3 prediction.
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Pollutant

	
PM2.5

	
PM10

	
O3




	
Time Step

	
3

	
6

	
12

	
24

	
3

	
6

	
12

	
24

	
3

	
6

	
12

	
24






	
Static

	
MAE

	
6.77

	
8.74

	
9.18

	
7.83

	
13.26

	
16.82

	
18.14

	
17.14

	
18.32

	
28.72

	
37.37

	
17.76




	
RMSE

	
11.01

	
13.26

	
13.61

	
12.29

	
32.45

	
37.77

	
39.73

	
38.8

	
26.29

	
39

	
48.58

	
25.14




	
MAPE

	
51.62

	
70.19

	
70.39

	
57.61

	
47.41

	
61.41

	
66.96

	
64.65

	
56.72

	
110.28

	
172.38

	
57.61




	
HA

	
MAE

	
10.36

	
10.36

	
10.36

	
10.36

	
25.82

	
25.82

	
25.82

	
25.82

	
25.33

	
25.33

	
25.33

	
25.33




	
RMSE

	
13.82

	
13.82

	
13.82

	
13.82

	
37.10

	
37.10

	
37.10

	
37.10

	
31.48

	
31.48

	
31.48

	
31.48




	
MAPE

	
113.76

	
113.76

	
113.76

	
113.76

	
146.57

	
146.57

	
146.57

	
146.57

	
137.13

	
137.13

	
137.13

	
137.13




	
VRA

	
MAE

	
6.26

	
7.63

	
8.07

	
8.21

	
13.45

	
16.89

	
18.89

	
20.31

	
15.57

	
22.98

	
26.13

	
26.49




	
RMSE

	
9.66

	
11.14

	
11.61

	
11.65

	
28.59

	
31.86

	
32.7

	
33.1

	
21.17

	
29.61

	
32.97

	
33.35




	
MAPE

	
55.1

	
70.58

	
76.35

	
78.84

	
58.84

	
78.97

	
93.3

	
104.71

	
67.27

	
106.73

	
127.69

	
135.21




	
LSTM

	
MAE

	
6.39

	
6.4

	
6.42

	
6.45

	
16.72

	
16.74

	
16.68

	
16.88

	
26.94

	
26.98

	
27.03

	
27.13




	
RMSE

	
9.69

	
9.71

	
9.76

	
9.76

	
34.61

	
34.51

	
34.39

	
35.48

	
37.53

	
37.66

	
37.91

	
37.4




	
MAPE

	
58.22

	
58.24

	
58.4

	
58.91

	
59.10

	
59.13

	
58.98

	
59.37

	
30.49

	
30.41

	
30.07

	
30.72




	
GRU

	
MAE

	
6.4

	
6.41

	
6.42

	
6.44

	
17.69

	
17.69

	
17.71

	
17.62

	
25.76

	
25.69

	
25.61

	
25.22




	
RMSE

	
9.81

	
9.83

	
9.89

	
9.85

	
35.01

	
34.84

	
34.83

	
35.47

	
36.02

	
35.93

	
35.95

	
35.26




	
MAPE

	
58.36

	
58.39

	
58.41

	
58.84

	
64.96

	
64.99

	
65.17

	
65.15

	
28.2

	
28.14

	
27.9

	
27.68




	
CNN-LSTM

	
MAE

	
7.74

	
8.14

	
7.89

	
7.71

	
22.82

	
24.16

	
22.78

	
20.00

	
27.14

	
31.37

	
29.42

	
17.67




	
RMSE

	
10.43

	
10.7

	
10.24

	
9.98

	
38.88

	
44.18

	
40.15

	
25.88

	
38.38

	
43.72

	
41.9

	
25.26




	
MAPE

	
85.05

	
72.97

	
72.59

	
48.83

	
106.11

	
98.59

	
97.26

	
116.02

	
34.74

	
33.71

	
50.26

	
58.41




	
GLSTMMA

	
MAE

	
4.48

	
5.13

	
5.77

	
6.24

	
9.96

	
11.34

	
12.44

	
13.42

	
9.75

	
11.94

	
14.09

	
15.54




	
RMSE

	
7.51

	
8.33

	
9.20

	
9.84

	
24.65

	
27.01

	
28.95

	
30.14

	
14.37

	
17.15

	
19.77

	
21.34




	
MAPE

	
34.44

	
39.88

	
44.4

	
46.7

	
42.12

	
48.62

	
52.25

	
55.78

	
31.01

	
38.34

	
47.62

	
54.41




	
rRMSE

	
0.54

	
0.60

	
0.67

	
0.71

	
0.66

	
0.73

	
0.78

	
0.81

	
0.46

	
0.54

	
0.63

	
0.68
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Pollutant

	
NO2

	
SO2

	
CO




	
Time Step

	
3

	
6

	
12

	
24

	
3

	
6

	
12

	
24

	
3

	
6

	
12

	
24






	
Static

	
MAE

	
8.11

	
10.64

	
11

	
7.76

	
4.32

	
5.3

	
5.44

	
4.4

	
0.17

	
0.22

	
0.24

	
0.19




	
RMSE

	
12.71

	
15.76

	
16.28

	
12.26

	
9.33

	
10.74

	
10.7

	
8.32

	
0.38

	
0.45

	
0.48

	
0.39




	
MAPE

	
59.71

	
88.95

	
88.59

	
57.2

	
31.94

	
43.12

	
42.99

	
36.12

	
28.27

	
38.4

	
41.45

	
32.83




	
HA

	
MAE

	
11.34

	
11.34

	
11.34

	
11.34

	
5.65

	
5.65

	
5.65

	
5.65

	
0.26

	
0.26

	
0.26

	
0.26




	
RMSE

	
14.98

	
14.98

	
14.98

	
14.98

	
9.05

	
9.05

	
9.05

	
9.05

	
0.4

	
0.4

	
0.4

	
0.4




	
MAPE

	
126.46

	
126.46

	
126.46

	
126.46

	
53.66

	
53.66

	
53.66

	
53.66

	
56.44

	
56.44

	
56.44

	
56.44




	
VRA

	
MAE

	
7.07

	
8.49

	
9.03

	
9.14

	
4.44

	
5.34

	
5.59

	
5.71

	
0.17

	
0.21

	
0.23

	
0.24




	
RMSE

	
10.45

	
11.95

	
12.43

	
12.46

	
38.44

	
49.26

	
52.64

	
53.94

	
0.32

	
0.36

	
0.37

	
0.38




	
MAPE

	
65.51

	
86.51

	
94.39

	
95.94

	
38.44

	
49.26

	
52.64

	
53.94

	
33.02

	
43.46

	
49.36

	
52.15




	
LSTM

	
MAE

	
15.23

	
15.23

	
15.24

	
15.1

	
4.13

	
5.27

	
5.24

	
5.27

	
0.14

	
0.14

	
0.14

	
0.17




	
RMSE

	
23.81

	
23.81

	
23.89

	
23.73

	
15.98

	
23.67

	
23.47

	
24.54

	
0.2

	
0.2

	
0.2

	
0.22




	
MAPE

	
63.92

	
63.92

	
63.59

	
63.66

	
31.68

	
40.52

	
40.19

	
40.68

	
35.93

	
35.92

	
36.12

	
35.68




	
GRU

	
MAE

	
14.68

	
14.68

	
14.72

	
14.57

	
3.67

	
4.87

	
5.05

	
5.12

	
0.15

	
0.15

	
0.15

	
0.15




	
RMSE

	
22.25

	
22.25

	
22.36

	
22.06

	
10.42

	
17.89

	
18.8

	
18.13

	
0.21

	
0.21

	
0.21

	
0.21




	
MAPE

	
64.39

	
64.39

	
64.75

	
65.42

	
28.75

	
37.29

	
37.49

	
38.29

	
38.13

	
38.11

	
38.44

	
38.21




	
CNN-LSTM

	
MAE

	
17.6

	
19.34

	
17.2

	
10.69

	
3.19

	
4.15

	
5.59

	
4.69

	
0.15

	
0.15

	
0.15

	
0.17




	
RMSE

	
24.07

	
26.31

	
24.77

	
12.34

	
9.56

	
15.42

	
17.52

	
16.23

	
0.2

	
0.21

	
0.21

	
0.23




	
MAPE

	
96.16

	
107.39

	
125.75

	
123.25

	
24.39

	
30.16

	
32.37

	
31.12

	
43.22

	
39.14

	
31.46

	
29.24




	
GLSTMMA

	
MAE

	
5.21

	
5.72

	
6.19

	
6.49

	
2.74

	
3.13

	
3.55

	
3.94

	
0.12

	
0.13

	
0.15

	
0.16




	
RMSE

	
8.46

	
9.22

	
9.86

	
10.19

	
5.56

	
6.15

	
6.84

	
7.78

	
0.25

	
0.28

	
0.3

	
0.31




	
MAPE

	
36.72

	
40.26

	
44.02

	
47.52

	
20.47

	
23.76

	
27.46

	
29.81

	
19.68

	
22.6

	
25.81

	
29.2




	
rRMSE

	
0.56

	
0.62

	
0.66

	
0.68

	
0.61

	
0.68

	
0.76

	
0.86

	
0.62

	
0.70

	
0.75

	
0.78











 





Table 6. Comparison of air quality prediction results for different datasets.
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Pollutants

	
Dataset

	
Air Quality Dataset

	
Multi-Source Air Quality Dataset




	
Time Step

	
MAE

	
RMSE

	
MAPE

	
MAE

	
RMSE

	
MAPE






	
PM2.5

	
3

	
4.45

	
7.43

	
34.72

	
4.48

	
7.51

	
34.44




	
6

	
5.12

	
8.28

	
40.60

	
5.13

	
8.33

	
39.88




	
12

	
5.81

	
9.26

	
45.51

	
5.77

	
9.20

	
44.40




	
24

	
6.30

	
9.86

	
48.00

	
6.24

	
9.84

	
46.70




	
PM10

	
3

	
10.18

	
25.03

	
43.24

	
9.96

	
24.65

	
42.12




	
6

	
11.29

	
27.12

	
46.22

	
11.34

	
27.01

	
48.62




	
12

	
12.39

	
28.52

	
50.73

	
12.44

	
28.95

	
52.25




	
24

	
13.43

	
30.69

	
54.42

	
13.42

	
30.14

	
55.78




	
O3

	
3

	
10.10

	
14.71

	
32.95

	
9.75

	
14.37

	
31.01




	
6

	
12.32

	
17.62

	
40.72

	
11.94

	
17.15

	
38.34




	
12

	
14.54

	
20.43

	
49.89

	
14.09

	
19.77

	
47.62




	
24

	
15.89

	
21.98

	
56.83

	
15.54

	
21.34

	
54.41




	
NO2

	
3

	
5.40

	
8.65

	
36.85

	
5.21

	
8.46

	
36.72




	
6

	
5.81

	
9.32

	
42.70

	
5.72

	
9.22

	
40.26




	
12

	
6.21

	
9.87

	
48.09

	
6.19

	
9.86

	
44.02




	
24

	
6.57

	
10.25

	
51.15

	
6.49

	
10.19

	
47.52




	
SO2

	
3

	
2.83

	
5.85

	
20.67

	
2.74

	
5.56

	
20.47




	
6

	
3.25

	
6.63

	
23.81

	
3.13

	
6.15

	
23.76




	
12

	
3.64

	
7.29

	
28.69

	
3.55

	
6.84

	
27.46




	
24

	
3.98

	
7.94

	
30.78

	
3.94

	
7.78

	
29.81




	
CO

	
3

	
0.12

	
0.26

	
19.75

	
0.12

	
0.25

	
19.68




	
6

	
0.14

	
0.29

	
23.36

	
0.13

	
0.28

	
22.60




	
12

	
0.15

	
0.31

	
26.28

	
0.15

	
0.30

	
25.81




	
24

	
0.17

	
0.33

	
30.06

	
0.16

	
0.31

	
29.20
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