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ST 1 Summary of Study Quality and Risk-of-Bias Ratings Across Six Core Evaluation Domains.
	Study ID
	Author & year
	Dataset Completeness
	Data Standardization & Benchmarking
	Model Architecture Transparency
	Hyperparameter Reporting
	Validation Strategy
	Baselines 
& Reproducibility
	Overall Risk Average
	Overall Risk

	S1
	Ma et al., 2019a
	1
	0
	0
	1
	0
	0
	0.33
	Low

	S2
	Ma et al., 2019b
	0
	0
	0
	1
	0
	0
	0.17
	Low

	S3
	Wen et al., 2019
	2
	1
	1
	2
	1
	1
	1.33
	Moderate

	S4
	Y. Zhou et al., 2019
	2
	1
	2
	2
	2
	2
	1.83
	High

	S5
	Chang et al., 2020
	2
	2
	1
	2
	1
	2
	1.67
	High

	S6
	Fong et al., 2020
	1
	2
	2
	1
	1
	1
	1.33
	Moderate

	S7
	S. Li et al., 2020
	2
	2
	2
	2
	1
	2
	1.83
	High

	S8
	Ma et al., 2020
	1
	2
	1
	1
	1
	0
	1.00
	Moderate

	S9
	Mengara Mengara et al., 2020
	2
	1
	1
	1
	2
	1
	1.33
	Moderate

	S10
	Navares & Aznarte, 2020
	2
	1
	2
	1
	1
	0
	1.17
	Moderate

	S11
	H.-W. Wang et al., 2020
	0
	1
	0
	0
	1
	0
	0.33
	Low

	S12
	F. Xiao et al., 2020
	1
	1
	2
	1
	1
	2
	1.33
	Moderate

	S13
	B. Zhang et al., 2020
	1
	2
	1
	1
	2
	1
	1.33
	Moderate

	S14
	K. Zhang et al., 2020
	0
	0
	0
	0
	1
	0
	0.17
	Low

	S15
	X. Zhou et al., 2020
	0
	1
	0
	0
	0
	0
	0.17
	Low

	S16
	Abirami & Chitra, 2021
	2
	2
	2
	1
	2
	2
	1.83
	High

	S17
	Aggarwal & Toshniwal, 2021
	0
	0
	1
	0
	1
	0
	0.33
	Low

	S18
	Arsov et al., 2021
	2
	2
	1
	2
	1
	2
	1.67
	High

	S19
	Bekkar et al., 2021
	1
	1
	2
	1
	0
	1
	1.00
	Moderate

	S20
	Dai et al., 2021
	1
	1
	0
	2
	1
	2
	1.17
	Moderate

	S21
	González-Enrique et al., 2021
	1
	2
	1
	1
	2
	1
	1.33
	Moderate

	S22
	Huang et al., 2021
	1
	2
	2
	1
	1
	2
	1.50
	High

	S23
	Inapakurthi et al., 2021
	1
	2
	1
	2
	1
	1
	1.33
	Moderate

	S24
	Janarthanan et al., 2021
	1
	1
	0
	1
	2
	0
	0.83
	Moderate

	S25
	Mao, Jiao, et al., 2021
	0
	0
	0
	1
	0
	0
	0.17
	Low

	S26
	Mao, Wang, et al., 2021
	0
	0
	1
	0
	0
	0
	0.17
	Low

	S27
	Menares et al., 2021
	2
	2
	1
	2
	2
	2
	1.83
	High

	S28
	A. S. Moursi et al., 2021
	2
	1
	2
	2
	1
	1
	1.50
	High

	S29
	Sayeed et al., 2021
	1
	2
	2
	2
	2
	2
	1.83
	High

	S30
	H. Sun et al., 2021
	1
	0
	1
	2
	1
	1
	1.00
	Moderate

	S31
	W. Wang et al., 2021
	0
	0
	1
	1
	0
	0
	0.33
	Low

	S32
	Wardana et al., 2021
	1
	2
	1
	0
	1
	1
	1.00
	Moderate

	S33
	Yafouz et al., 2021
	1
	1
	2
	1
	2
	1
	1.33
	Moderate

	S34
	Yeo et al., 2021
	0
	0
	1
	0
	0
	1
	0.33
	Low

	S35
	Z. Zhang et al., 2021
	2
	1
	2
	2
	1
	1
	1.50
	High

	S36
	Zou et al., 2021
	1
	1
	2
	1
	1
	2
	1.33
	Moderate

	S37
	Ahmed et al., 2022
	1
	1
	1
	2
	2
	1
	1.33
	Moderate

	S38
	Choudhury et al., 2022
	1
	0
	0
	2
	0
	0
	0.50
	Low

	S39
	Dai et al., 2022
	0
	0
	0
	0
	0
	0
	0.00
	Low

	S40
	Das et al., 2022
	1
	1
	2
	1
	1
	1
	1.17
	Moderate

	S41
	Heydari et al., 2022
	1
	1
	2
	2
	1
	1
	1.33
	Moderate

	S42
	Kim et al., 2022
	2
	2
	1
	2
	2
	2
	1.83
	High

	S43
	Kristiani et al., 2022
	2
	1
	2
	2
	1
	2
	1.67
	High

	S44
	Kurnaz & Demir, 2022
	0
	1
	0
	0
	0
	1
	0.33
	Low

	S45
	Li et al., 2022
	0
	0
	1
	0
	0
	0
	0.17
	Low

	S46
	Li et al., 2022a
	0
	0
	0
	0
	1
	0
	0.17
	Low

	S47
	Li et al., 2022b
	0
	0
	1
	0
	0
	0
	0.17
	Low

	S48
	Moursi et al., 2022
	1
	2
	2
	2
	0
	1
	1.33
	Moderate

	S49
	Muthukumar, Cocom, et al., 2022
	1
	1
	1
	1
	2
	1
	1.17
	Moderate

	S50
	Rani Hemamalini et al., 2022
	1
	1
	2
	2
	1
	1
	1.33
	Moderate

	S51
	Tian et al., 2022
	2
	1
	1
	2
	1
	1
	1.33
	Moderate

	S52
	Wang et al., 2022a
	1
	0
	0
	0
	1
	0
	0.33
	Low

	S53
	Wang et al., 2022b
	0
	1
	0
	1
	0
	0
	0.33
	Low

	S54
	Wang et al., 2022c
	0
	0
	1
	0
	0
	1
	0.33
	Low

	S55
	Zeng et al., 2022
	0
	0
	0
	1
	0
	0
	0.17
	Low

	S56
	Zhang, Geng, et al., 2022
	0
	1
	0
	1
	0
	0
	0.33
	Low

	S57
	Zhang, Zou, et al., 2022
	0
	0
	1
	0
	1
	0
	0.33
	Low

	S58
	Zhou et al., 2022
	0
	1
	0
	0
	0
	0
	0.17
	Low

	S59
	Abbas & Raina, 2023
	1
	0
	1
	0
	0
	0
	0.33
	Low

	S60
	Asaei-Moamam et al., 2023
	1
	0
	1
	1
	1
	1
	0.83
	Moderate

	S61
	Ayus et al., 2023
	1
	1
	2
	0
	1
	1
	1.00
	Moderate

	S62
	Duan et al., 2023
	0
	1
	0
	1
	0
	0
	0.33
	Low

	S63
	Dutta & Pal, 2023
	2
	1
	0
	1
	1
	2
	1.17
	Moderate

	S64
	Eren et al., 2023
	0
	1
	1
	1
	0
	0
	0.50
	Low

	S65
	Fang et al., 2023
	1
	1
	2
	2
	1
	1
	1.33
	Moderate

	S66
	Hong et al., 2023
	0
	1
	1
	1
	0
	0
	0.50
	Low

	S67
	Kim et al., 2023
	0
	1
	0
	0
	1
	0
	0.33
	Low

	S68
	Koo et al., 2023
	1
	1
	2
	1
	1
	1
	1.17
	Moderate

	S69
	Lee et al., 2023
	1
	2
	1
	2
	1
	1
	1.33
	Moderate

	S70
	Li & Jiang, 2023
	1
	1
	2
	1
	2
	1
	1.33
	Moderate

	S71
	Li & Li, 2023
	0
	0
	0
	1
	1
	0
	0.33
	Low

	S72
	Liang et al., 2023
	1
	1
	1
	1
	1
	1
	1.00
	Moderate

	S73
	Lu & Li, 2023
	1
	1
	1
	1
	1
	0
	0.83
	Moderate

	S74
	Lu et al., 202)
	1
	2
	0
	1
	1
	1
	1.00
	Moderate

	S75
	Narkhede et al., 2023
	0
	0
	0
	1
	1
	0
	0.33
	Low

	S76
	Naz et al., 2023
	1
	0
	1
	1
	1
	1
	0.83
	Moderate

	S77
	Nguyen et al., 2023
	0
	0
	0
	0
	0
	0
	0.00
	Low

	S78
	Qing, 2023
	1
	2
	1
	2
	2
	1
	1.50
	High

	S79
	Shakya et al., 2023
	1
	0
	0
	0
	1
	0
	0.33
	Low

	S80
	Son et al., 2023
	0
	1
	0
	1
	0
	0
	0.33
	Low

	S81
	Srivastava & Kumar Das, 2023
	1
	1
	1
	0
	1
	1
	0.83
	Moderate

	S82
	Suriya et al., 2023
	1
	1
	1
	1
	1
	0
	0.83
	Moderate

	S83
	Thakur et al., 2023
	1
	1
	2
	1
	2
	1
	1.33
	Moderate

	S84
	Xu et al., 2023
	0
	1
	1
	1
	1
	1
	0.83
	Moderate

	S85
	Yang & Zhang, 2023
	1
	1
	2
	1
	2
	1
	1.33
	Moderate

	S86
	Zhang & Awang, 2023
	1
	0
	0
	0
	0
	0
	0.17
	Low

	S87
	Zhang & Zhang, 2023
	0
	0
	0
	1
	0
	0
	0.17
	Low

	S88
	Zhang and Gan - 2023
	1
	1
	0
	1
	1
	1
	0.83
	Moderate

	S89
	Zhang et al., 2023
	0
	0
	0
	1
	0
	0
	0.17
	Low

	S90
	Zheng et al., 2023
	1
	1
	1
	1
	1
	0
	0.83
	Moderate

	S91
	Zhu & Xie, 2023
	0
	1
	0
	0
	0
	0
	0.17
	Low

	S92
	Zukaib et al., 2023
	0
	0
	0
	0
	1
	0
	0.17
	Low

	S93
	Alawi et al., 2024
	1
	0
	0
	1
	0
	0
	0.33
	Low

	S94
	Chatterjee et al., 2024
	1
	1
	1
	1
	0
	1
	0.83
	Moderate

	S95
	Che, 2024
	0
	0
	0
	0
	0
	0
	0.00
	Low

	S96
	Chen et al., 2024a
	1
	1
	1
	1
	1
	0
	0.83
	Moderate

	S97
	Chen et al., 2024b
	1
	1
	1
	1
	1
	1
	1.00
	Moderate

	S98
	Chen, 2024
	0
	1
	0
	1
	1
	0
	0.50
	Low

	S99
	Chiang et al., 2024
	1
	1
	1
	1
	1
	1
	1.00
	Moderate

	S100
	Dey, 2024
	1
	1
	1
	1
	1
	0
	0.83
	Moderate

	S101
	Feldman et al., 2024
	1
	1
	1
	1
	1
	1
	1.00
	Moderate

	S102
	Guo et al., 2024
	1
	1
	2
	2
	1
	1
	1.33
	Moderate

	S103
	Haghbayan et al., 2024
	1
	2
	1
	2
	1
	1
	1.33
	Moderate

	S104
	Hu et al., 2024
	1
	2
	2
	1
	1
	1
	1.33
	Moderate

	S105
	Jairi, 2024
	0
	0
	0
	0
	0
	0
	0.00
	Low

	S106
	Jiménez-Navarro et al., 2024
	0
	1
	2
	0
	1
	1
	0.83
	Moderate

	S107
	Khadom, 2024
	0
	0
	0
	0
	0
	0
	0.00
	Low

	S108
	Kumar & Kumar, 2024
	1
	2
	1
	2
	1
	1
	1.33
	Moderate

	S109
	Manna & Anitha, 2024
	1
	1
	2
	1
	2
	1
	1.33
	Moderate

	S110
	Mishra & Gupta, 2024
	1
	1
	1
	2
	1
	1
	1.17
	Moderate

	S111
	Mohan & Abraham, 2024
	0
	0
	0
	0
	1
	0
	0.17
	Low

	S112
	Nguyen, 2024
	1
	1
	1
	1
	1
	0
	0.83
	Moderate

	S113
	Omri, 2024
	1
	2
	1
	2
	1
	1
	1.33
	Moderate

	S114
	Pande et al., 2024
	1
	0
	0
	1
	0
	0
	0.33
	Low

	S115
	Prado-Rujas et al., 2024
	1
	1
	1
	2
	1
	1
	1.17
	Moderate

	S116
	Rezaali et al., 2024
	0
	0
	0
	0
	0
	0
	0.00
	Low

	S117
	Sundaramoorthy, 2024
	1
	1
	1
	1
	0
	1
	0.83
	Moderate

	S118
	Verma et al., 2024
	0
	0
	1
	1
	0
	0
	0.33
	Low

	S119
	Vu et al., 2024
	0
	1
	0
	0
	1
	0
	0.33
	Low

	S120
	Wang et al., 2024)
	1
	2
	2
	1
	2
	1
	1.50
	High

	S121
	Wang et al., 2024) 
	1
	1
	2
	2
	2
	1
	1.50
	High

	S122
	Xie, 2024
	0
	0
	1
	0
	0
	1
	0.33
	Low

	S123
	Yang et al., 2024a
	1
	1
	2
	2
	1
	1
	1.33
	Moderate

	S124
	Yang et al., 2024b
	1
	2
	1
	1
	1
	1
	1.17
	Moderate

	S125
	Zeng et al., 2024
	0
	0
	0
	1
	0
	0
	0.17
	Low

	S126
	Zhou et al., 2024
	0
	0
	1
	0
	0
	0
	0.17
	Low

	S127
	Chen et al., 2025
	0
	0
	1
	1
	1
	0
	0.50
	Low

	S128
	Karnati et al., 2025
	0
	1
	0
	0
	1
	0
	0.33
	Low

	S129
	Li et al., 2025
	0
	1
	0
	1
	0
	0
	0.33
	Low

	S130
	Lin et al., 2025
	0
	1
	1
	0
	0
	1
	0.50
	Low

	S131
	Rad et al., 2025
	1
	1
	0
	0
	0
	1
	0.50
	Low

	S132
	Uluocak et al., 2025
	1
	0
	0
	1
	1
	0
	0.50
	Low

	S133
	Wang et al., 2025a 
	0
	1
	0
	1
	0
	0
	0.33
	Low

	S134
	Wang et al., 2025b 
	0
	0
	0
	0
	1
	0
	0.17
	Low

	S135
	Utku et al., 2025
	0
	0
	0
	0
	0
	0
	0.00
	Low

	S136
	Tang et al., 2025
	0
	1
	0
	1
	1
	0
	0.50
	Low

	S137
	Lee et al., 2025
	1
	1
	1
	2
	1
	1
	1.17
	Moderate

	S138
	Mohapatra et al., 2025
	1
	1
	1
	1
	1
	1
	1.00
	Moderate

	S139
	Attanayake et al., 2025
	0
	0
	0
	0
	0
	0
	0.00
	Low

	S140
	Ma et al., 2025
	0
	0
	1
	0
	1
	0
	0.33
	Low

	S141
	Xinxin, 2025
	0
	1
	1
	0
	1
	1
	0.67
	Low

	S142
	Agbehadji & Obagbuwa, 2025 
	1
	1
	2
	2
	1
	1
	1.33
	Moderate

	S143
	Xie et al., 2025
	0
	1
	1
	2
	1
	1
	1.00
	Moderate

	S144
	Zhu et al., 2025
	0
	1
	1
	1
	1
	1
	0.83
	Moderate

	S145
	Naveed et al., 2025
	1
	1
	2
	1
	2
	1
	1.33
	Moderate

	S146
	Psaropa et al., 2025
	1
	2
	1
	2
	1
	1
	1.33
	Moderate

	S147
	Wei & Du, 2025
	0
	0
	0
	1
	0
	0
	0.17
	Low

	S148
	Ming Wei - 2025
	0
	1
	1
	0
	0
	0
	0.33
	Low

	S149
	Zavala-Romero et al., 2025
	0
	0
	1
	0
	1
	0
	0.33
	Low

	S150
	Patel et al., 2025
	1
	1
	1
	2
	1
	1
	1.17
	Moderate

	S151
	Zrieq et al., 2025
	1
	2
	1
	1
	2
	1
	1.33
	Moderate

	S152
	Lawrence & Bhathmanabhan, 2025
	0
	2
	0
	0
	1
	0
	0.50
	Low

	S153
	Chen et al., 2025
	0
	1
	1
	1
	1
	0
	0.67
	Low

	S154
	Sreenivasalu & Mokesh, 2025
	0
	1
	0
	1
	0
	0
	0.33
	Low

	S155
	Oliveira Santos et al., 2025)
	1
	1
	1
	1
	1
	1
	1.00
	Moderate

	S156
	Li et al., 2025
	0
	1
	0
	0
	1
	0
	0.33
	Low

	S157
	Zhou et al., 2025
	1
	0
	1
	1
	0
	0
	0.50
	Low

	S158
	Mao et al., 2025
	1
	1
	0
	1
	1
	1
	0.83
	Moderate

	S159
	El Mghouchi & Udristioiu, 2025
	1
	1
	1
	1
	1
	0
	0.83
	Moderate


NOTE: Risk of bias judgements for each domain were operationalized using numerical scores Low = 0, Moderate = 1, and High = 2. For each study, an Overall Risk Average was calculated as the mean value across all assessed domains. Classification thresholds were defined a priori as follows: Low risk (0 to 0.67); Moderate risk (0.68 to 1.33); and High risk (1.34 – 2.00). These thresholds were applied uniformly across all studies.



ST 2 Taxonomy of Deep Learning Model Families.
	Deep Learning Approaches
	Target Prediction
	Study Area
	Year
	Prediction performance
	Evaluation Criteria
	Reference

	RNN
	PM2.5
	India
	2022
	Error rate - (PM2.5-1.33, PM10-1.5, SO2-0.9, NO2-5.0, CO-2.2, and O3-5.2) and Accuracy-(PM2.5- 98.77, PM10- 98.5, SO2-99.01, and CO-97.8)
	Loss function, and Accuracy
	(K et al. 2022)

	RNN
	SO2, and PM10
	Sakarya, Turkey
	2022
	(Correlation - 0.67–0.88, and RMSE - 2.84–14.09)
	Correlation, and RMSE
	(Kurnaz and Demir 2022)

	LSTM
	PM2.5, and PM10
	Queensland, Australia
	2022
	PM2.5 - (R-0.9871, NSE-0.9739, KGE-0.9737, RMSE-1.2172, MAPE-8.7476, and U95% -3.3597), PM10 - (R - 0.9846, NSE-0.9675, KGE - 0.9569, RMSE-3.6613, MAPE-6.7936, and U95%-10.0095)
	R, NSE, KGE, RMSE, MAPE, and U95%
	(Jamei et al. 2022)

	LSTM
	PM10, and SO2
	Basaksehir, Istanbul, Turkey
	2022
	PM10-(MSE-0.000309, RMSE - 0.017590, MAE-0.010856, and R2-0.879932), and SO2-(MSE-0.000865, RMSE-0.029415, MAE-0.010242, and R2-0.966446)
	MSE, RMSE, MAE, and R2
	(Das et al. 2022)

	LSTM & GRU
	PM2.5
	Beijing, China
	2022
	LSTM - (MSE - 0.5752, RMSE - 0.7219, MAE - 0.4396, and R2 - 0.8504) , and GRU - (MSE - 0.5922, RMSE - 0.7379, MAE - 0.4270, and R2 - 0.8459)
	MSE, RMSE, MAE, and R2
	(Yang et al. 2022)

	LSTM
	PM2.5, PM10, SO2, O3, and NO2
	Belfast city, Ireland
	2023
	PM2.5 - (RMSE-2.381, MAE-1.214, and R2- 0.833), PM10 - (RMSE-5.573, MAE-2.5, and R2-0.681), SO2 - (RMSE-0.591, MAE-0.396, and R2-0.589), O3 - (RMSE-7.071, MAE-5.015, and R2-0.856), and NO2 - (RMSE-6.575, MAE-4.626, and R2-0.793)
	RMSE MAE, and R2
	(Naz et al. 2023)

	LSTM
	AQI
	Beijing, China
	2023
	RMSE - 44.6539
	RMSE
	(Mishra and Gupta 2024)

	DNN
	PM2.5
	(Seoul, South Gyeonggi, North Gyeonggi, West Gangwon, Incheon,
Daejeon, Sejong, Chungnam, Chungbuk,
 Gyeongnam, Gyeongbuk, Daegu, Busan, Ulsan, Gwangju, Jeonnam, Jeonbuk, East Gangwon and Jeju Island), South Korea
	2023
	IOA - 0.85, RMSE - 8.63, R - 0.78, and Accuracy - 70.8%
	IOA, RMSE, R, and Accuracy
	(Koo et al. 2023)

	LSTM & GRU
	[bookmark: _Hlk179480175]PM2.5
	Taipei City, Taiwan
	2024
	[bookmark: _Hlk179480288]LSTM - (RMSE - 0.922, and Accuracy - 100%), and GRU - (RMSE - 0.940, and Accuracy - 95.7%)
	RMSE, and Accuracy
	(Chiang et al. 2024)








References

Abbas Z, Raina P (2023) A wavelet enhanced approach with ensemble based deep learning approach to detect air pollution. Multimed Tools Appl 83:17531–17555. https://doi.org/10.1007/s11042-023-16167-2
Abirami S, Chitra P (2021) Regional air quality forecasting using spatiotemporal deep learning. Journal of Cleaner Production 283:125341. https://doi.org/10.1016/j.jclepro.2020.125341
Agbehadji IE, Obagbuwa IC (2025) Integration of Explainable Artificial Intelligence into Hybrid Long Short-Term Memory and Adaptive Kalman Filter for Sulfur Dioxide (SO2) Prediction in Kimberley, South Africa. Atmosphere 16:523. https://doi.org/10.3390/atmos16050523
Aggarwal A, Toshniwal D (2021) A hybrid deep learning framework for urban air quality forecasting. Journal of Cleaner Production 329:129660. https://doi.org/10.1016/j.jclepro.2021.129660
Ahmed M, Xiao Z, Shen Y (2022) Estimation of Ground PM2.5 Concentrations in Pakistan Using Convolutional Neural Network and Multi-Pollutant Satellite Images. Remote Sensing 14:1735. https://doi.org/10.3390/rs14071735
Alawi OA, Kamar HM, Alsuwaiyan A, Yaseen ZM (2024) Temporal trends and predictive modeling of air pollutants in Delhi: a comparative study of artificial intelligence models. Sci Rep 14:30957. https://doi.org/10.1038/s41598-024-82117-z
Arsov M, Zdravevski E, Lameski P, et al (2021) Multi-Horizon Air Pollution Forecasting with Deep Neural Networks. Sensors 21:1235. https://doi.org/10.3390/s21041235
Asaei-Moamam Z-S, Safi-Esfahani F, Mirjalili S, et al (2023) Air quality particulate-pollution prediction applying GAN network and the Neural Turing Machine. Applied Soft Computing 147:110723. https://doi.org/10.1016/j.asoc.2023.110723
Attanayake G, Senarathna M, Bergin M, et al (2025) An Rf-Cnn Pipeline for Predicting Pm2.5 Concentration in Sri Lanka
Ayus I, Natarajan N, Gupta D (2023) Comparison of machine learning and deep learning techniques for the prediction of air pollution: a case study from China. Asian J Atmos Environ 17:4. https://doi.org/10.1007/s44273-023-00005-w
Bekkar A, Hssina B, Douzi S, Douzi K (2021) Air-pollution prediction in smart city, deep learning approach. J Big Data 8:161. https://doi.org/10.1186/s40537-021-00548-1
Chang Y-S, Chiao H-T, Abimannan S, et al (2020) An LSTM-based aggregated model for air pollution forecasting. Atmospheric Pollution Research 11:1451–1463. https://doi.org/10.1016/j.apr.2020.05.015
Chatterjee K, Kumar SS, Kumar RP, et al (2024) Future Air Quality Prediction Using Long Short-Term Memory Based on Hyper Heuristic Multi-Chain Model. 12:
Che J (2024) Short-term air quality prediction using point and interval deep learning systems coupled with multi-factor decomposition and data-driven tree compression. Applied Soft Computing
Chen G, Chen S, Li D, Chen C (2025a) A hybrid deep learning air pollution prediction approach based on neighborhood selection and spatio-temporal attention. Sci Rep 15:3685. https://doi.org/10.1038/s41598-025-88086-1
Chen Q (2024) An adaptive adjacency matrix-based graph convolutional recurrent network for air quality prediction. Scientific Reports
Chen S, Zhao Q, Chen Z, et al (2025b) A Hybrid Air Quality Prediction Model Integrating KL-PV-CBGRU: Case Studies of Shijiazhuang and Beijing. Atmosphere 16:965. https://doi.org/10.3390/atmos16080965
Chen X, Hu Y, Dong F, et al (2024a) A multi-graph spatial-temporal attention network for air-quality prediction. Process Safety and Environmental Protection 181:442–451. https://doi.org/10.1016/j.psep.2023.11.040
Chen X, Xia H, Wu M, et al (2024b) Spatiotemporal hierarchical transmit neural network for regional-level air-quality prediction. Knowledge-Based Systems 289:111555. https://doi.org/10.1016/j.knosys.2024.111555
Chiang Y-L, Wang J-C, Lee M-H, et al (2024) Deep-Learning-Based Multi-Timestamp Multi-Location PM 2.5 Prediction: Verification by Using a Mobile Monitoring System With an IoT Framework Deployed in the Urban Zone of a Metropolitan Area. IEEE Internet Things J 11:8815–8837. https://doi.org/10.1109/JIOT.2023.3322862
Choudhury A, Middya AI, Roy S (2022) Attention enhanced hybrid model for spatiotemporal short-term forecasting of particulate matter concentrations. Sustainable Cities and Society 86:104112. https://doi.org/10.1016/j.scs.2022.104112
Dai H, Huang G, Wang J, et al (2021) Prediction of Air Pollutant Concentration Based on One-Dimensional Multi-Scale CNN-LSTM Considering Spatial-Temporal Characteristics: A Case Study of Xi’an, China. Atmosphere 12:1626. https://doi.org/10.3390/atmos12121626
Dai H, Huang G, Zeng H, Zhou F (2022) PM2.5 volatility prediction by XGBoost-MLP based on GARCH models. Journal of Cleaner Production 356:131898. https://doi.org/10.1016/j.jclepro.2022.131898
Das B, Dursun ÖO, Toraman S (2022) Prediction of air pollutants for air quality using deep learning methods in a metropolitan city. Urban Climate 46:101291. https://doi.org/10.1016/j.uclim.2022.101291
Dey S (2024) Urban air quality index forecasting using multivariate convolutional neural network based customized stacked long short-term memory model. Process Safety and Environmental Protection 191:375–389. https://doi.org/10.1016/j.psep.2024.08.076
Duan J, Gong Y, Luo J, Zhao Z (2023) Air-quality prediction based on the ARIMA-CNN-LSTM combination model optimized by dung beetle optimizer. Sci Rep 13:12127. https://doi.org/10.1038/s41598-023-36620-4
Dutta D, Pal SK (2023) Prediction and assessment of the impact of COVID-19 lockdown on air quality over Kolkata: a deep transfer learning approach. Environ Monit Assess 195:223. https://doi.org/10.1007/s10661-022-10761-x
El Mghouchi Y, Udristioiu MT (2025) On the Prediction and Forecasting of PMs and Air Pollution: An Application of Deep Hybrid AI-Based Models. Applied Sciences 15:8254. https://doi.org/10.3390/app15158254
Eren B, Aksangür İ, Erden C (2023) Predicting next hour fine particulate matter (PM2.5) in the Istanbul Metropolitan City using deep learning algorithms with time windowing strategy. Urban Climate 48:101418. https://doi.org/10.1016/j.uclim.2023.101418
Fang W, Zhu R, Lin JC-W (2023) An air quality prediction model based on improved Vanilla LSTM with multichannel input and multiroute output. Expert Systems with Applications 211:118422. https://doi.org/10.1016/j.eswa.2022.118422
Feldman A, Kendler S, Marshall J, et al (2024) Urban Air-Quality Estimation Using Visual Cues and a Deep Convolutional Neural Network in Bengaluru (Bangalore), India. Environ Sci Technol 58:480–487. https://doi.org/10.1021/acs.est.3c04495
Fong IH, Li T, Fong S, et al (2020) Predicting concentration levels of air pollutants by transfer learning and recurrent neural network. Knowledge-Based Systems 192:105622. https://doi.org/10.1016/j.knosys.2020.105622
González-Enrique J, Ruiz-Aguilar JJ, Moscoso-López JA, et al (2021) Artificial Neural Networks, Sequence-to-Sequence LSTMs, and Exogenous Variables as Analytical Tools for NO2 (Air Pollution) Forecasting: A Case Study in the Bay of Algeciras (Spain). Sensors 21:1770. https://doi.org/10.3390/s21051770
Guo Z, Jing X, Ling Y, et al (2024) Optimized air quality management based on air quality index prediction and air pollutants identification in representative cities in China. Sci Rep 14:17923. https://doi.org/10.1038/s41598-024-68972-w
Guo Z, Yang C, Wang D, Liu H (2023) A novel deep learning model integrating CNN and GRU to predict particulate matter concentrations. Process Safety and Environmental Protection 173:604–613. https://doi.org/10.1016/j.psep.2023.03.052
Haghbayan S, Momeni M, Tashayo B (2024) A new attention-based CNN_GRU model for spatial–temporal PM2.5 prediction. Environ Sci Pollut Res 31:53140–53155. https://doi.org/10.1007/s11356-024-34690-z
Han Z, Xie Y, Moinul Hossain Md, Xu C (2023) A hybrid deep neural network model for NOx emission prediction of heavy oil-fired boiler flames. Fuel 333:126419. https://doi.org/10.1016/j.fuel.2022.126419
Heydari A, Majidi Nezhad M, Astiaso Garcia D, et al (2022) Air pollution forecasting application based on deep learning model and optimization algorithm. Clean Techn Environ Policy 24:607–621. https://doi.org/10.1007/s10098-021-02080-5
Hong F, Ji C, Rao J, et al (2023) Hourly ozone level prediction based on the characterization of its periodic behavior via deep learning. Process Safety and Environmental Protection 174:28–38. https://doi.org/10.1016/j.psep.2023.03.059
Hu W, Zhang Z, Zhang S, et al (2024) Learning spatiotemporal dependencies using adaptive hierarchical graph convolutional neural network for air quality prediction. Journal of Cleaner Production 459:142541. https://doi.org/10.1016/j.jclepro.2024.142541
Huang M-L, Chamnisampan N, Ke Y-R (2025) A Deep Learning Model Integrating EEMD and GRU for Air Quality Index Forecasting. Atmosphere 16:1095. https://doi.org/10.3390/atmos16091095
Huang Y, Ying JJ-C, Tseng VS (2021) Spatio-attention embedded recurrent neural network for air quality prediction. Knowledge-Based Systems 233:107416. https://doi.org/10.1016/j.knosys.2021.107416
Inapakurthi RK, Miriyala SS, Mitra K (2021) Deep learning based dynamic behavior modelling and prediction of particulate matter in air. Chemical Engineering Journal 426:131221. https://doi.org/10.1016/j.cej.2021.131221
Jairi I (2024) Enhancing air pollution prediction: A neural transfer learning approach across different air pollutants. Environmental Technology
Jamei M, Ali M, Malik A, et al (2022) Air quality monitoring based on chemical and meteorological drivers: Application of a novel data filtering-based hybridized deep learning model. Journal of Cleaner Production 374:134011. https://doi.org/10.1016/j.jclepro.2022.134011
Janarthanan R, Partheeban P, Somasundaram K, Navin Elamparithi P (2021) A deep learning approach for prediction of air quality index in a metropolitan city. Sustainable Cities and Society 67:102720. https://doi.org/10.1016/j.scs.2021.102720
Jiménez-Navarro MJ, Martínez-Ballesteros M, Martínez-Álvarez F, Asencio-Cortés G (2024) Explaining deep learning models for ozone pollution prediction via embedded feature selection. Applied Soft Computing 157:111504. https://doi.org/10.1016/j.asoc.2024.111504
K M, R R sekar, Avr M, et al (2022) 5G Narrow Band-IoT Based Air Contamination Prediction Using Recurrent Neural Network. Sustainable Computing: Informatics and Systems 33:100619. https://doi.org/10.1016/j.suscom.2021.100619
Kabir S, Islam RU, Hossain MS, Andersson K (2022) An integrated approach of Belief Rule Base and Convolutional Neural Network to monitor air quality in Shanghai. Expert Systems with Applications 206:117905. https://doi.org/10.1016/j.eswa.2022.117905
Karnati H, Soma A, Alam A, Kalaavathi B (2025) Comprehensive analysis of various imputation and forecasting models for predicting PM2.5 pollutant in Delhi. Neural Comput & Applic. https://doi.org/10.1007/s00521-025-11047-2
Khadom AA (2024) Predicting air quality index and fine particulate matter levels in Bagdad city using advanced machine learning and deep learning techniques
Kim D, Han H, Wang W, et al (2022) Application of Deep Learning Models and Network Method for Comprehensive Air-Quality Index Prediction. Applied Sciences 12:6699. https://doi.org/10.3390/app12136699
Kim Y, Park S-B, Lee S, Park Y-K (2023) Comparison of PM2.5 prediction performance of the three deep learning models: A case study of Seoul, Daejeon, and Busan. Journal of Industrial and Engineering Chemistry 120:159–169. https://doi.org/10.1016/j.jiec.2022.12.022
Koo Y-S, Kwon H-Y, Bae H, et al (2023) A Development of PM2.5 Forecasting System in South Korea Using Chemical Transport Modeling and Machine Learning. Asia-Pac J Atmos Sci 59:577–595. https://doi.org/10.1007/s13143-023-00314-8
Kristiani E, Lin H, Lin J-R, et al (2022) Short-Term Prediction of PM2.5 Using LSTM Deep Learning Methods. Sustainability 14:2068. https://doi.org/10.3390/su14042068
Kumar S, Kumar V (2024) Multi-view Stacked CNN-BiLSTM (MvS CNN-BiLSTM) for urban P M 2 . 5 concentration prediction of India’s polluted cities. Journal of Cleaner Production 444:141259. https://doi.org/10.1016/j.jclepro.2024.141259
Kurnaz G, Demir AS (2022) Prediction of SO2 and PM10 air pollutants using a deep learning-based recurrent neural network: Case of industrial city Sakarya. Urban Climate 41:101051. https://doi.org/10.1016/j.uclim.2021.101051
Lawrence S, Bhathmanabhan S (2025) Evaluating machine learning models and imputation strategies for Air Quality Index forecasting in urban India. Environ Monit Assess 197:1303. https://doi.org/10.1007/s10661-025-14700-4
Lee C-Y, Lee J-Y, Han S-H, et al (2025) Performance Evaluation of PM2.5 Forecasting Using SARIMAX and LSTM in the Korean Peninsula. Atmosphere 16:524. https://doi.org/10.3390/atmos16050524
Lee YS, Choi E, Park M, et al (2023) Feature extraction and prediction of fine particulate matter (PM2.5) chemical constituents using four machine learning models. Expert Systems with Applications 221:119696. https://doi.org/10.1016/j.eswa.2023.119696
Li A, Li J, Shen Z (2025a) An efficient modern convolution-based dynamic spatiotemporal deep learning architecture for ozone prediction. Environmental Modelling & Software 188:106424. https://doi.org/10.1016/j.envsoft.2025.106424
Li D, Liu J, Zhao Y (2022a) Prediction of Multi-Site PM2.5 Concentrations in Beijing Using CNN-Bi LSTM with CBAM. Atmosphere 13:1719. https://doi.org/10.3390/atmos13101719
Li D, Liu J, Zhao Y (2022b) Forecasting of PM2.5 Concentration in Beijing Using Hybrid Deep Learning Framework Based on Attention Mechanism. Applied Sciences 12:11155. https://doi.org/10.3390/app122111155
Li S, Xie G, Ren J, et al (2020) Urban PM2.5 Concentration Prediction via Attention-Based CNN–LSTM. Applied Sciences 10:1953. https://doi.org/10.3390/app10061953
Li W, Jiang X (2023) Prediction of air pollutant concentrations based on TCN-BiLSTM-DMAttention with STL decomposition. Sci Rep 13:4665. https://doi.org/10.1038/s41598-023-31569-w
Li W, Zhang Y, Liu Y (2025b) Multivariate Air Quality Forecasting with Residual Nested LSTM Neural Network Based on DSWT. Sustainability 17:2244. https://doi.org/10.3390/su17052244
Li Y, Li R (2023) A hybrid model for daily air quality index prediction and its performance in the face of impact effect of COVID-19 lockdown. Process Safety and Environmental Protection 176:673–684. https://doi.org/10.1016/j.psep.2023.06.021
Li Y, Peng T, Hua L, et al (2022c) Research and application of an evolutionary deep learning model based on improved grey wolf optimization algorithm and DBN-ELM for AQI prediction. Sustainable Cities and Society 87:104209. https://doi.org/10.1016/j.scs.2022.104209
Liang Y, Ma J, Tang C, et al (2023) Hourly forecasting on PM2.5 concentrations using a deep neural network with meteorology inputs. Environ Monit Assess 195:1510. https://doi.org/10.1007/s10661-023-12081-0
Lin G, Zhao H, Chi Y (2025) A comprehensive evaluation of deep learning approaches for ground-level ozone prediction across different regions. Ecological Informatics 86:103024. https://doi.org/10.1016/j.ecoinf.2025.103024
Liu N, Liu X, Jayaratne R, Morawska L (2020) A study on extending the use of air quality monitor data via deep learning techniques. Journal of Cleaner Production 274:122956. https://doi.org/10.1016/j.jclepro.2020.122956
Lu X, Ye C, Shan M, et al (2023) The Prediction of PM2.5 Concentration Using Transfer Learning Based on ADGRU. Water Air Soil Pollut 234:258. https://doi.org/10.1007/s11270-023-06271-2
Lu Y, Li K (2023) Multistation collaborative prediction of air pollutants based on the CNN-BiLSTM model. Environ Sci Pollut Res 30:92417–92435. https://doi.org/10.1007/s11356-023-28877-z
Ma G, Xu K, Zhang Y, et al (2025) A novel deep learning model for air quality index prediction integrating time series decomposition and intelligent optimization. Results in Engineering 27:106078. https://doi.org/10.1016/j.rineng.2025.106078
Ma J, Cheng JCP, Lin C, et al (2019a) Improving air quality prediction accuracy at larger temporal resolutions using deep learning and transfer learning techniques. Atmospheric Environment 214:116885. https://doi.org/10.1016/j.atmosenv.2019.116885
Ma J, Ding Y, Cheng JCP, et al (2020) A Lag-FLSTM deep learning network based on Bayesian Optimization for multi-sequential-variant PM2.5 prediction. Sustainable Cities and Society 60:102237. https://doi.org/10.1016/j.scs.2020.102237
Ma J, Ding Y, Cheng JCP, et al (2019b) A temporal-spatial interpolation and extrapolation method based on geographic Long Short-Term Memory neural network for PM2.5. Journal of Cleaner Production 237:117729. https://doi.org/10.1016/j.jclepro.2019.117729
Manna T, Anitha A (2024) Hybridization of rough set–wrapper method with regularized combinational LSTM for seasonal air quality index prediction. Neural Comput & Applic 36:2921–2940. https://doi.org/10.1007/s00521-023-09220-6
Mao W, Jiao L, Wang W, et al (2021a) A hybrid integrated deep learning model for predicting various air pollutants. GIScience & Remote Sensing 58:1395–1412. https://doi.org/10.1080/15481603.2021.1988429
Mao W, Wang W, Jiao L, et al (2021b) Modeling air quality prediction using a deep learning approach: Method optimization and evaluation. Sustainable Cities and Society 65:102567. https://doi.org/10.1016/j.scs.2020.102567
Mao X, Liu G, Qin Y, Wang J (2025) An Improved TCN-BiGRU Architecture with Dual Attention Mechanisms for Spatiotemporal Simulation Systems: Application to Air Pollution Prediction. Applied Sciences 15:9274. https://doi.org/10.3390/app15179274
Menares C, Perez P, Parraguez S, Fleming ZL (2021) Forecasting PM2.5 levels in Santiago de Chile using deep learning neural networks. Urban Climate 38:100906. https://doi.org/10.1016/j.uclim.2021.100906
Mengara Mengara AG, Kim Y, Yoo Y, Ahn J (2020) Distributed Deep Features Extraction Model for Air Quality Forecasting. Sustainability 12:8014. https://doi.org/10.3390/su12198014
Mishra A, Gupta Y (2024) Comparative analysis of Air Quality Index prediction using deep learning algorithms. Spat Inf Res 32:63–72. https://doi.org/10.1007/s41324-023-00541-1
Mohan AS, Abraham L (2024) An ensemble deep learning approach for air quality estimation in Delhi, India. Earth Sci Inform. https://doi.org/10.1007/s12145-023-01210-5
Mohapatra E, Das M, Rath S (2025) Deep learning-based AQI forecasting: a CNN-LSTM model with visual insights from SHAP-LIME and PDP. Discov Appl Sci 7:1326. https://doi.org/10.1007/s42452-025-07845-x
Moursi AS, El-Fishawy N, Djahel S, Shouman MA (2021) An IoT enabled system for enhanced air quality monitoring and prediction on the edge. Complex Intell Syst 7:2923–2947. https://doi.org/10.1007/s40747-021-00476-w
Moursi ASA, El-Fishawy N, Djahel S, Shouman MA (2022) Enhancing PM2.5 Prediction Using NARX-Based Combined CNN and LSTM Hybrid Model. Sensors 22:4418. https://doi.org/10.3390/s22124418
Muruganandam NS, Arumugam U (2022) Seminal Stacked Long Short-Term Memory (SS-LSTM) Model for Forecasting Particulate Matter (PM2.5 and PM10). Atmosphere 13:1726. https://doi.org/10.3390/atmos13101726
Muthukumar P, Cocom E, Nagrecha K, et al (2022) Predicting PM2.5 atmospheric air pollution using deep learning with meteorological data and ground-based observations and remote-sensing satellite big data. Air Qual Atmos Health 15:1221–1234. https://doi.org/10.1007/s11869-021-01126-3
Narkhede G, Hiwale A, Tidke B, Khadse C (2023) Novel MIA-LSTM Deep Learning Hybrid Model with Data Preprocessing for Forecasting of PM2.5. Algorithms 16:52. https://doi.org/10.3390/a16010052
Navares R, Aznarte JL (2020) Predicting air quality with deep learning LSTM: Towards comprehensive models. Ecological Informatics 55:101019. https://doi.org/10.1016/j.ecoinf.2019.101019
Naveed K, Umer T, Asghar AB, et al (2025) Machine learning assisted predictive urban digital twin for intelligent monitoring of air quality index for smart city environment. Environmental Modelling & Software 192:106559. https://doi.org/10.1016/j.envsoft.2025.106559
Naz F, Mccann C, Fahim M, et al (2023) Comparative Analysis of Deep Learning and Statistical Models for Air Pollutants Prediction in Urban Areas. IEEE Access 11:64016–64025. https://doi.org/10.1109/ACCESS.2023.3289153
Nguyen AT (2024) Predicting air quality index using attention hybrid deep learning and quantum-inspired particle swarm optimization
Nguyen HAD, Ha QP, Duc H, et al (2023) Long Short-Term Memory Bayesian Neural Network for Air Pollution Forecast. IEEE Access 11:35710–35725. https://doi.org/10.1109/ACCESS.2023.3265725
Oliveira Santos V, Costa Rocha PA, Thé JVG, Gharabaghi B (2025) Optimizing the Architecture of a Quantum–Classical Hybrid Machine Learning Model for Forecasting Ozone Concentrations: Air Quality Management Tool for Houston, Texas. Atmosphere 16:255. https://doi.org/10.3390/atmos16030255
Omri T (2024) Evaluation of hybrid deep learning approaches for air pollution forecasting. International Journal of Environmental Science and Technology
Pande CB, Radhadevi L, Satyanarayana MB (2024) Evaluation of machine learning and deep learning models for daily air quality index prediction in Delhi city, India. Environ Monit Assess 196:1215. https://doi.org/10.1007/s10661-024-13351-1
Pari P, Abbasi T, Abbasi SA (2024) AI-based prediction of the improvement in air quality induced by emergency measures. Journal of Environmental Management 351:119716. https://doi.org/10.1016/j.jenvman.2023.119716
Patel P, Patel S, Shah K, et al (2025) A systematic study on PM2.5 and PM10 concentration prediction in air pollution using machine learning and deep learning model. Environmental Chemistry and Ecotoxicology 7:1401–1415. https://doi.org/10.1016/j.enceco.2025.07.001
Prado-Rujas I-I, García-Dopico A, Serrano E, et al (2024) A multivariable sensor-agnostic framework for spatio-temporal air quality forecasting based on Deep Learning. Engineering Applications of Artificial Intelligence 127:107271. https://doi.org/10.1016/j.engappai.2023.107271
Psaropa MX, Kontogiannis S, Lolis CJ, et al (2025) A Proposed Deep Learning Framework for Air Quality Forecasts, Combining Localized Particle Concentration Measurements and Meteorological Data. Applied Sciences 15:7432. https://doi.org/10.3390/app15137432
Qing L (2023) PM2.5 Concentration Prediction Using GRA-GRU Network in Air Monitoring. Sustainability 15:1973. https://doi.org/10.3390/su15031973
Rad AK, Nematollahi MJ, Pak A, Mahmoudi M (2025) Predictive modeling of air quality in the Tehran megacity via deep learning techniques. Sci Rep 15:1367. https://doi.org/10.1038/s41598-024-84550-6
Rani Hemamalini R, Vinodhini R, Shanthini B, et al (2022) Air quality monitoring and forecasting using smart drones and recurrent neural network for sustainable development in Chennai city. Sustainable Cities and Society 85:104077. https://doi.org/10.1016/j.scs.2022.104077
Rezaali M, Jahangir MS, Fouladi-Fard R, Keellings D (2024) An ensemble deep learning approach to spatiotemporal tropospheric ozone forecasting: A case study of Tehran, Iran. Urban Climate 55:101950. https://doi.org/10.1016/j.uclim.2024.101950
Sayeed A, Choi Y, Eslami E, et al (2021) A novel CMAQ-CNN hybrid model to forecast hourly surface-ozone concentrations 14 days in advance. Sci Rep 11:10891. https://doi.org/10.1038/s41598-021-90446-6
Shakya D, Deshpande V, Goyal MK, Agarwal M (2023) PM2.5 air pollution prediction through deep learning using meteorological, vehicular, and emission data: A case study of New Delhi, India. Journal of Cleaner Production 427:139278. https://doi.org/10.1016/j.jclepro.2023.139278
Son R, Stratoulias D, Kim HC, Yoon J-H (2023) Estimation of surface PM2.5 concentrations from atmospheric gas species retrieved from TROPOMI using deep learning: Impacts of fire on air pollution over Thailand. Atmospheric Pollution Research 14:101875. https://doi.org/10.1016/j.apr.2023.101875
Srivastava H, Kumar Das S (2023) Air pollution prediction system using XRSTH-LSTM algorithm. Environ Sci Pollut Res 30:125313–125327. https://doi.org/10.1007/s11356-023-28393-0
Sun H, Fung JCH, Chen Y, et al (2021) Improvement of PM2.5 and O3 forecasting by integration of 3D numerical simulation with deep learning techniques. Sustainable Cities and Society 75:103372. https://doi.org/10.1016/j.scs.2021.103372
Sundaramoorthy RA (2024) Implementing heuristic-based multiscale depth-wise separable adaptive temporal convolutional network for ambient air quality prediction using real time data. Scientific Reports
Suriya, Natsagdorj N, Aorigele, et al (2023) Prediction of PM2.5 concentration in Ulaanbaatar with deep learning models. Urban Climate 47:101357. https://doi.org/10.1016/j.uclim.2022.101357
T S, G MR (2025) Accurate hourly AQI prediction using temporal CNN-LSTM-MHA+GRU: A case study of seasonal variations and pollution extremes in Visakhapatnam, India. Results in Engineering 27:106303. https://doi.org/10.1016/j.rineng.2025.106303
Tang B, Li Q, Huang T (2025) Development of a decomposition-optimization-transformer hybrid model for spatiotemporal forecasting of PM2.5 air pollution in Chinese cities: A case study. Ecotoxicology and Environmental Safety 305:119209. https://doi.org/10.1016/j.ecoenv.2025.119209
Thakur N, Karmakar S, Shrivastava R (2023) Hybrid deep learning algorithms for forecasting air quality index using dimension reduction technique in search of precise results. Int j inf tecnol 15:3181–3187. https://doi.org/10.1007/s41870-023-01350-3
Tian J, Liu Y, Zheng W, Yin L (2022) Smog prediction based on the deep belief - BP neural network model (DBN-BP). Urban Climate 41:101078. https://doi.org/10.1016/j.uclim.2021.101078
Uluocak I, Pinar E, Bilgili M (2025) Atmospheric NO2 concentration prediction with statistical and hybrid deep learning methods. Environ Ecol Stat 32:89–118. https://doi.org/10.1007/s10651-024-00637-3
Utku A, Can U, Alpsülün M, et al (2025) Advancing Air Quality Monitoring: Deep Learning-Based CNN-RNN Hybrid Model for PM2.5 Forecasting. Atmosphere 16:1003. https://doi.org/10.3390/atmos16091003
Verma A, Ranga V, Vishwakarma DK (2024) BREATH-Net: a novel deep learning framework for NO2 prediction using bi-directional encoder with transformer. Environ Monit Assess 196:340. https://doi.org/10.1007/s10661-024-12455-y
Vu VH, Nguyen DL, Nguyen TH, et al (2024) Self-supervised air quality estimation with graph neural network assistance and attention enhancement. Neural Comput & Applic 36:11171–11193. https://doi.org/10.1007/s00521-024-09637-7
Wang C, Zheng J, Du J, et al (2022a) Weather condition-based hybrid models for multiple air pollutants forecasting and minimisation. Journal of Cleaner Production 352:131610. https://doi.org/10.1016/j.jclepro.2022.131610
Wang D, Wang H-W, Lu K-F, et al (2022b) Regional Prediction of Ozone and Fine Particulate Matter Using Diffusion Convolutional Recurrent Neural Network. IJERPH 19:3988. https://doi.org/10.3390/ijerph19073988
Wang H-W, Li X-B, Wang D, et al (2020) Regional prediction of ground-level ozone using a hybrid sequence-to-sequence deep learning approach. Journal of Cleaner Production 253:119841. https://doi.org/10.1016/j.jclepro.2019.119841
Wang K, Yang T, Kong S, Li M (2025a) Air quality index prediction through TimeGAN data recovery and PSO-optimized VMD-deep learning framework. Applied Soft Computing 170:112626. https://doi.org/10.1016/j.asoc.2024.112626
Wang Q, Zhao H, Zhao Q, et al (2024a) Prediction of SO2 emission concentration in industrial flue gas based on deep learning: The ammonia desulfurization system of the Yunnan aluminum carbon plant as the research object. Process Safety and Environmental Protection 185:340–349. https://doi.org/10.1016/j.psep.2024.03.042
Wang S, Zhang S, Wang D, Li W (2025b) Spatial-and-local-aware deep learning approach for Ground-Level NO2 estimation in England with multisource data from satellite-based observations and chemical transport models. International Journal of Applied Earth Observation and Geoinformation 139:104506. https://doi.org/10.1016/j.jag.2025.104506
Wang W, Mao W, Tong X, Xu G (2021) A Novel Recursive Model Based on a Convolutional Long Short-Term Memory Neural Network for Air Pollution Prediction. Remote Sensing 13:1284. https://doi.org/10.3390/rs13071284
Wang X, Zhang S, Chen Y, et al (2024b) Air quality forecasting using a spatiotemporal hybrid deep learning model based on VMD–GAT–BiLSTM. Sci Rep 14:17841. https://doi.org/10.1038/s41598-024-68874-x
Wang Z, Hu B, Huang B, et al (2022c) Predicting annual PM2.5 in mainland China from 2014 to 2020 using multi temporal satellite product: An improved deep learning approach with spatial generalization ability. ISPRS Journal of Photogrammetry and Remote Sensing 187:141–158. https://doi.org/10.1016/j.isprsjprs.2022.03.002
Wardana INK, Gardner JW, Fahmy SA (2021) Optimising Deep Learning at the Edge for Accurate Hourly Air Quality Prediction. Sensors 21:1064. https://doi.org/10.3390/s21041064
Wei M, Du X (2025) Apply a deep learning hybrid model optimized by an Improved Chimp Optimization Algorithm in PM2.5 prediction. Machine Learning with Applications 19:100624. https://doi.org/10.1016/j.mlwa.2025.100624
Wen C, Liu S, Yao X, et al (2019) A novel spatiotemporal convolutional long short-term neural network for air pollution prediction. Science of The Total Environment 654:1091–1099. https://doi.org/10.1016/j.scitotenv.2018.11.086
Xiao F, Yang M, Fan H, et al (2020) An improved deep learning model for predicting daily PM2.5 concentration. Sci Rep 10:20988. https://doi.org/10.1038/s41598-020-77757-w
Xie J, Liu F, Liu S, Jiang X (2025) An Approach to Spatiotemporal Air Quality Prediction Integrating SwinLSTM and Kriging Methods. Sustainability 17:2918. https://doi.org/10.3390/su17072918
Xie X (2024) Daily PM2.5 concentration prediction based on variational modal decomposition and deep learning for multi-site temporal and spatial fusion of meteorological factors. Environ Monit Assess
Xinxin H (2025) Air Quality Prediction Based on VMD-CNN-BiLSTM-Attention. International Journal of Advanced Computer Science and Applications 16:
Xu W, Fu F, Zhang Q, Wang L (2023) A Deep Learning-Based Multi-objective Optimization Model for PM2.5 Prediction. Int J Comput Intell Syst 16:141. https://doi.org/10.1007/s44196-023-00322-6
Yafouz A, Ahmed AN, Zaini N, et al (2021) Hybrid deep learning model for ozone concentration prediction: comprehensive evaluation and comparison with various machine and deep learning algorithms. Engineering Applications of Computational Fluid Mechanics 15:902–933. https://doi.org/10.1080/19942060.2021.1926328
Yang C-H, Chen P-H, Wu C-H, et al (2024a) Deep learning-based air pollution analysis on carbon monoxide in Taiwan. Ecological Informatics 80:102477. https://doi.org/10.1016/j.ecoinf.2024.102477
Yang W, Li H, Wang J, Ma H (2024b) Spatio-temporal feature interpretable model for air quality forecasting. Ecological Indicators 167:112609. https://doi.org/10.1016/j.ecolind.2024.112609
Yang X, Zhang Z (2023) An attention-based domain spatial-temporal meta-learning (ADST-ML) approach for PM2.5 concentration dynamics prediction. Urban Climate 47:101363. https://doi.org/10.1016/j.uclim.2022.101363
Yang Y, Mei G, Izzo S (2022) Revealing Influence of Meteorological Conditions on Air Quality Prediction Using Explainable Deep Learning. IEEE Access 10:50755–50773. https://doi.org/10.1109/ACCESS.2022.3173734
Yeo I, Choi Y, Lops Y, Sayeed A (2021) Efficient PM2.5 forecasting using geographical correlation based on integrated deep learning algorithms. Neural Comput & Applic 33:15073–15089. https://doi.org/10.1007/s00521-021-06082-8
Zavala-Romero O, Segura-Chavez PA, Camacho-Gonzalez P, et al (2025) Operational ozone forecasting system in Mexico City: A machine learning framework integrating forecasted weather and historical ozone data. Atmospheric Environment 344:121017. https://doi.org/10.1016/j.atmosenv.2024.121017
Zeng T, Xu L, Liu Y, et al (2024) A hybrid optimization prediction model for PM2.5 based on VMD and deep learning. Atmospheric Pollution Research 15:102152. https://doi.org/10.1016/j.apr.2024.102152
Zeng Y, Chen J, Jin N, et al (2022) Air quality forecasting with hybrid LSTM and extended stationary wavelet transform. Building and Environment 213:108822. https://doi.org/10.1016/j.buildenv.2022.108822
Zhang B, Geng Z, Zhang H, Pan J (2022a) Densely connected convolutional networks with attention long short-term memory for estimating PM2.5 values from images. Journal of Cleaner Production 333:130101. https://doi.org/10.1016/j.jclepro.2021.130101
Zhang B, Zhang H, Zhao G, Lian J (2020a) Constructing a PM2.5 concentration prediction model by combining auto-encoder with Bi-LSTM neural networks. Environmental Modelling & Software 124:104600. https://doi.org/10.1016/j.envsoft.2019.104600
Zhang B, Zou G, Qin D, et al (2022b) RCL-Learning: ResNet and convolutional long short-term memory-based spatiotemporal air pollutant concentration prediction model. Expert Systems with Applications 207:118017. https://doi.org/10.1016/j.eswa.2022.118017
Zhang K, Thé J, Xie G, Yu H (2020b) Multi-step ahead forecasting of regional air quality using spatial-temporal deep neural networks: A case study of Huaihai Economic Zone. Journal of Cleaner Production 277:123231. https://doi.org/10.1016/j.jclepro.2020.123231
Zhang R, Awang N (2023) An ensemble NLSTM-based model for PM2.5 concentrations prediction considering feature extraction and data decomposition. Air Qual Atmos Health 16:1969–1987. https://doi.org/10.1007/s11869-023-01385-2
Zhang X, Gan H (2023) STF-Net: An improved depth network based on spatio-temporal data fusion for PM2.5 concentration prediction. Future Generation Computer Systems 144:37–49. https://doi.org/10.1016/j.future.2023.02.023
Zhang X, Jiang X, Li Y (2023) Prediction of air quality index based on the SSA-BiLSTM-LightGBM model. Sci Rep 13:5550. https://doi.org/10.1038/s41598-023-32775-2
Zhang Z, Zeng Y, Yan K (2021) A hybrid deep learning technology for PM2.5 air quality forecasting. Environ Sci Pollut Res 28:39409–39422. https://doi.org/10.1007/s11356-021-12657-8
Zhang Z, Zhang S (2023) Modeling air quality PM2.5 forecasting using deep sparse attention-based transformer networks. Int J Environ Sci Technol 20:13535–13550. https://doi.org/10.1007/s13762-023-04900-1
Zheng Q, Tian X, Yu Z, et al (2023) Application of wavelet-packet transform driven deep learning method in PM2.5 concentration prediction: A case study of Qingdao, China. Sustainable Cities and Society 92:104486. https://doi.org/10.1016/j.scs.2023.104486
Zhou H, Wang T, Zhao H, Wang Z (2022) Updated Prediction of Air Quality Based on Kalman-Attention-LSTM Network. Sustainability 15:356. https://doi.org/10.3390/su15010356
Zhou X, Liang X, Zhu Q, et al (2025) A multiscale spatial–temporal-variable feature fusion network for predicting multiple air pollutants. Environment International 205:109864. https://doi.org/10.1016/j.envint.2025.109864
Zhou X, Tong W, Li L (2020) Deep learning spatiotemporal air pollution data in China using data fusion. Earth Sci Inform 13:859–868. https://doi.org/10.1007/s12145-020-00470-9
Zhou X, Wang J, Wang J, Guan Q (2024) Predicting air quality using a multi-scale spatiotemporal graph attention network. Information Sciences 680:121072. https://doi.org/10.1016/j.ins.2024.121072
Zhou Y, Chang F-J, Chang L-C, et al (2019) Explore a deep learning multi-output neural network for regional multi-step-ahead air quality forecasts. Journal of Cleaner Production 209:134–145. https://doi.org/10.1016/j.jclepro.2018.10.243
Zhu J, Zhang Z, Gu W, et al (2025) Air Quality Prediction Using Neural Networks with Improved Particle Swarm Optimization. Atmosphere 16:870. https://doi.org/10.3390/atmos16070870
Zhu M, Xie J (2023) Investigation of nearby monitoring station for hourly PM2.5 forecasting using parallel multi-input 1D-CNN-biLSTM. Expert Systems with Applications 211:118707. https://doi.org/10.1016/j.eswa.2022.118707
Zou G, Zhang B, Yong R, et al (2021) FDN-learning: Urban PM2.5-concentration Spatial Correlation Prediction Model Based on Fusion Deep Neural Network. Big Data Research 26:100269. https://doi.org/10.1016/j.bdr.2021.100269
Zrieq R, Kamel S, Al-Hamazani F, et al (2025) Spatial-Temporal Forecasting of Air Pollution in Saudi Arabian Cities Based on a Deep Learning Framework Enabled by AI. Toxics 13:682. https://doi.org/10.3390/toxics13080682
Zukaib U, Maray M, Mustafa S, et al (2023) Impact of COVID-19 lockdown on air quality analyzed through machine learning techniques. PeerJ Computer Science 9:e1270. https://doi.org/10.7717/peerj-cs.1270




ST 3 Deep Learning Approaches for Air Quality Forecasting: Targets, Improvements, and Evaluation Standards.
	 Deep Learning Approaches
	Prediction Target 
	Degree of Improvement
	Evaluation Criteria
	Reference

	Geo-LSTM 
	PM2.5
	(RMSE - 42.15%, and R2 - 45.72%)
	RMSE, and R2
	Ma et al., 2019

	LSTM-CVT
	NO2
	lower average MSE than the ANN models in 85% of the total combinations considered
	MSE
	González-Enrique et al., 2021

	CMAQ-CNN
	O3
	Method 1 (IOA - 16.86% and correlation - 30%), and Method - 2 (IOA - 17.98% and correlation - 32%)
	IOA (Index of Agreement, and Correlation
	Sayeed et al., 2021

	CNN-LSTM
	O3
	95% confidence degree, and narrower confidence interval width, are 93.48%, 98.16%, and 0.0014195, respectively.
	R2, MAE, MSE, RMSE, and NRMSE
	Yafouz et al., 2021

	LSTM-SAE
	AQI 
	classification accuracy of 91.22% and the overall Error rate of 0.46
	Accuracy  
	Liu & Zhang, 2021

	SpAttRNN 
	AQI
	15 % Improvement on PM2.5 prediction in terms of MAE, RMSE, and SMAPE.
	MAE, RMSE, and SMAPE.
	Huang et al., 2021

	GD-GRU
	PM2.5
	Improvement in RMSE-21.02%, MAE- 19.69%, and SMAPE-18.11%.
	RMSE, MAE, and SMAPE
	Xu et al., 2021

	DL-Air
	AQI
	8% improved accuracy in AQI 
	AAD, RMSE MAE, and R2
	Abirami & Chitra, 2021

	VMD BiLSTM 
	PM2.5
	Accuracy -76.365
	MAE, RMSE, MAPE, and R2
	Zhang et al., 2021

	CNN–LSTM/NARX
	PM2.5 
	Beijing dataset -RMSE reduction by 12.23%, and Manchester dataset - RMSE by 5.41%
	index of agreement (IA), and normalized root mean square error (NRMSE).
	Moursi et al., 2022

	P-CNN
	PM2.5
	74.0% accuracy
	Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE). 
	Ahmed et al., 2022

	Kalman-attention-LSTM
	O3, SO2, NO2, PM10, PM2.5, and CO
	Improvement - (SE) - 83.26%, 51.64%, 43.58%, 45%, 26%, and 29%, (RMSE) - 83.16%, 51.52%, 43.21%, 44.59%, 26.07%, and 28.32%, (MAE) - 80.49%, 56.96%, 46.75%, 49.97%, 26.04%, and 27.36%, (R2) - 85.3%, 16.4%, 10.3%, 11.5%, 2.7%, and 3.3%.
	SE, RMSE, MAE, and R2.
	Zhou et al., 2022

	LSTM-LSTM
	PM2.5
	R2 accuracy rate of 0.90 (p < 0.05) 
	MSE, RMSE, MAE, MAPE, and R2
	Eren et al., 2023

	IVLSTM-MCMR
	 O3, SO2, NO2, PM10, PM2.5, and CO
	Accuracy - 0.5969.
	RMSE, and MAE 
	Fang et al., 2023

	ADST-ML
	PM2.5
	HA, Regression, ARIMA, Random Forest, MLP, LSTM.
	RMSE, MAE, and MAPE
	Yang & Zhang, 2023

	DAerosol.GAN.NTM 
	PM2.5
	accuracy -19%, precision - 30%, RMSE - 80%, and MAPE - 78%
	Accuracy, Precision, RMSE, and MAPE
	Asaei-Moamam et al., 2023

	WOA-VMD-CEEMDANTFA-BiLSTM  
	AQI
	R2 - (0.96–0.97), MAE (34.71–49.65%), and RMSE (32.82–48.07%)
	R2, MAE, and RMSE
	Li & Li, 2023

	[bookmark: RANGE!B20]XRSTH-LSTM
	AQI
	0.74% higher 
	accuracy, and precision
	Srivastava & Kumar Das, 2023

	LSTM-BNN  
	PM2.5, and O3
	RMSE - 30%
	RMSE
	Nguyen et al., 2023

	[bookmark: RANGE!B22]Neural Prophet 
	[bookmark: RANGE!C22]O3
	70% improvement in accuracy 
	MAE, MAPE, and MASE
	Chérif et al., 2023

	ST-AQF 
	PM10, O3, NO2, NO, NOx, SO2, and CO 
	NRMSE - 14.1%
	NRMSE
	Prado-Rujas et al., 2024

	DCNN-LSTM
	AQI
	Accuracy - 97.48%, AUC - 0.97, and F1 - 97.48%
	Accuracy, AUC, and F1 score
	Barthwal & Goel, 2024

	H2MCM
	PM2.5, NO2, and CO
	75% > SVR, 60% > MLP, 38% > RAQP, 70% > Valchogianni models.
	Accuracy
	Chatterjee et al., 2024

	C2SLSTM
	AQI
	30% (SLSTM), 32% (MLP), 35% (LSTM), and 50% (CNN)
	R2, MAE, MSE and RMSE
	Dey, 2024

	CNN-Bi-LSTM
	O3, SO2, NO2, PM10, PM2.5, CO and AQI
	Accuracy at 97%
	Accuracy
	Rabie et al., 2024

	MSTGAN
	PM10, PM2.5, O3, SO2, NO2,  CO and AQI
	4.2%, 3.9%, and 7.8%
	MAE, RMSE and R2
	Zhou et al., 2024

	KSC-ConvLSTM
	PM2.5
	Reduces RMSE (8.458 - 4.216)
	RMSE
	Chen et al., 2025
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ST 4 Deep Learning Models for Air Quality Predictions: Study Domains, Performance Indices, and Evaluation Criteria
	Deep Learning
Approaches
	Target Prediction 
	Study Area 
	Year
	Prediction performance
	Evaluation Criteria
	Reference

	TL-BLSTM
	PM2.5
	 Guangdong, China
	2019
	RMSE - 2.9777, MAE - 2.2715 & MAPE - 9.1007
	RMSE, MAE and MAPE
	(Ma et al. 2019a)

	AE & Bi-LSTM
	PM2.5
	Beijing, China
	2019
	Correlation -1.000 & RMSE - 3.294
	Correlation and RMSE
	(Zhang et al. 2020b)

	C-LSTME
	PM2.5
	Beijing, China
	2019
	RMSE -12.08, MAE -5.82 & MAPE -17.09
	RMSE, MAE and MAPE
	(Wen et al. 2019)

	CNN-Bi-LSTM
-DAE
	PM2.5 & PM10
	Busan, South Korea
	2020
	PM2.5 - (MAE-5.07, RMSE-6.93, SMAPE-18.27), PM10 - (MAE-5.83, RMSE-7.22, SMAPE-17.27)
	MAE, RMSE, and SMAPE
	(Mengara Mengara et al. 2020)

	RNN & LSTM
	PM2.5
	Taipa, Macau, China
	2020
	Roadside-0.003466034, Residential area- 0.002996397, Ambient - 0.005709018
	MSE
	(Fong et al. 2020)

	RNN & LSTM
	PM2.5
	Beijing-Tianjin-Hebei-Shandong-Liaoning (North Region) & Guangdong-Jiangxi-Fujian-Zhejiang (South Region), China
	2020
	North region - (R2 - 0.804, MAE - 14.762, MAPE - 1.057 & RMSE - 20.451) & South region - (R2 - 0.79, MAE - 7.362, MAPE - 0.842 & RMSE - 10.189)
	   R2, MAE, MAPE and RMSE
	(Zhou et al. 2020)

	Lag-FLSTM
	PM2.5
	(Wayne county), Michigan, U.S.A.
	2020
	RMSE - 3.482, MAE - 1.850 & MAPE - 25.629
	RMSE, MAE and MAPE
	(Ma et al. 2020)

	WRF-LSTM
	CO
	(Chullora, Rozelle), Sydney, Australia*
	2020
	RMSE - 0.0718, MAE - 0.0486 & MAPE - 15.9439.
	RMSE, MAE and MAPE
	(Liu et al. 2020)

	CNN-LSTM
	PM2.5
	Beijing, China
	2021
	MAE-8.778, and RMSE-15.268
	MAE, and RMSE
	(Wardana et al. 2021)

	RNN & LSTM
	PM
	Northern Taiwan
	2021
	Accuracy to 98.97%. 
	Accuracy
	(Inapakurthi et al. 2021)

	CNN-LSTM
	PM2.5
	Beijing, China
	2021
	MAE-9.034, RMSE16.625 and R2-0.979
	MAE, RMSE and R2
	(Bekkar et al. 2021)

	CNN-GRU
	PM2.5
	Seoul, South Korea
	2021
	IOA - 0.82–0.89 & Pearson correlation coefficient 0.70–0.83. 
	IOA and Pearson correlation coefficient.
	(Yeo et al. 2021)

	GT-LSTM
	PM2.5, PM10, O3, CO, SO2, and NO2 
	 Beijing-Tianjin-Hebei (BTH), China 
	2021
	PM2.5 - (RMSE- 14.34, MAE - 10.16, R2 - 0.89  & NRMSE - 4.55%), PM10 - (RMSE- 29.27, MAE - 20.69, R2 - 0.80  & NRMSE - 6.04%), O3 - (RMSE- 17.04, MAE - 12.42, R2 - 0.86  & NRMSE - 5.54%), CO - (RMSE- 0.4, MAE - 0.28, R2 - 0.76  & NRMSE - 7.25%), SO2 - (RMSE- 6.69, MAE - 4.57, R2 - 0.78  & NRMSE - 6.57%), NO2 - (RMSE- 10.34, MAE - 7.86, R2 - 0.81 & NRMSE - 6.23%), 
	RMSE, MAE, R2 and NRMSE
	(Mao et al. 2021a)

	NARX/LSTM
	PM2.5
	Beijing, China
	2021
	RMSE - 23.6456, IA - 0.9815, R2 - 0.9291 & NRMSE - 0.0375 
	RMSE, IA, R2 and NRMSE
	(Moursi et al. 2021)

	CR-LSTM
	PM2.5
	Beijing, China
	2021
	RMSE - 18.96, MAE - 12.89, & R2 - 0.74.
	R2, RMSE and MAE 
	(Wang et al. 2021)

	LSTM & DFFNN
	PM2.5
	Santiago, Chile
	2021
	DFFNN - (NPE - 20% & R - 0.80) & LSTM - (NPE - 21% & R - 0.86)
	NPE and R
	(Menares et al. 2021)

	LWC 
(CNN-LSTM-
WRF-CMAQ)
	PM2.5 & O3 
	(The Greater Bay Area, Pearl River Delta region), Hong Kong, and Macao, China
	2021
	PM2.5 - (NMB - 0.27, NME - 0.51, MAE - 8.08, RMSE - 11.03, MSE - 121.75, SMAPE - 52.47 & R - 0.63), O3 - (NMB -0.01, NME - 0.42, MAE - 6.85, RMSE - 9.72, MSE - 94.56, SMAPE - 46.89 & R - 0.67)
	NMB, NME, MAE, RMSE, MSE, SMAPE and  R
	(Sun et al. 2021)

	CNN-BRBES
	PM2.5 
	Oriental Pearl Tower, Shanghai, China
	2022
	MSE- 348, MAE- 14.83, R2-0.76
	MSE, MAE, and R2
	(Kabir et al. 2022)

	CNN-Bi LSTM (FPHFA)
	PM2.5
	Beijing, China
	2022
	(FPHFA) - RMSE-28.15, MAE-19.19, R2-0.877, IA-97.04% & MAPE-0.561
	RMSE, MAE, R2, IA and MAPE
	(Li et al. 2022a)

	CBAM-CNN-
Bi LSTM
	PM2.5
	Beijing, China
	2022
	RMSE-18.90, MAE-11.20, R2-0.9397, and IA-98.54%
	RMSE, MAE, R2, and IA
	(Li et al. 2022b)

	DBN-ELM
	AQI
	Beijing, China
	2022
	RMSE-2.62%, MAE-2.41%, R-2.10% and MAPE-3.37%
	RMSE, MAE, R and MAPE
	(Li et al. 2022c)

	DBN-BP
	PM2.5 & PM10
	Sichaun, China
	2022
	PM2.5 - (RMSE-14.06), PM10 - (RMSE-23.28)
	RMSE
	(Tian et al. 2022)

	Bi-GRU
	AQI
	Manali district, Chennai, India
	2022
	  Average RMSE--(solid waste dumpsites-1.63, residential areas-1.35, and industrial areas-1.47) Average MAE-(waste disposal sites-0.25, residential area-0.75 & industrial sector-0.89)
	 RMSE and MAE 
	(Rani Hemamalini et al. 2022)

	AGCTCN
	PM2.5 & PM10
	Delhi, India 
	2022
	PM2.5 - (RMSE - 11.76, MAE - 8.75, CORR - 0.82, R2 - 0.64 & NRMSE - 0.4) & PM10 - (RMSE - 24.29, MAE - 17.28, CORR - 0.84, R2 - 0.7 & NRMSE - 0.32)
	RMSE, MAE, CORR, R2 and NRMSE
	(Muruganandam and Arumugam 2022)

	ESWT-NLSTM
	PM2.5
	Beijing, China
	2022
	R2 - 0.990, MAE - 3.456, RMSE - 5.579, and MAPE - 11.61.
	R2, MAE, RMSE, and MAPE
	(Zeng et al. 2022)

	DCCN-ALSTM
	PM2.5
	Shanghai, Beijing, China.
	2022
	Shanghai - (RMSE - 14.07 +/- 0.95 & R2 - 0.71 +/- 0.04) & Beijing - (RMSE -32.32 +/- 4.12 & R2 - 0.63 +/- 0.03)
	RMSE and R2
	(Zhang et al. 2022b)

	STENN
	PM2.5
	China
	2022
	RMSE - 5.84 & R2 - 0.89
	RMSE and R2
	(Wang et al. 2022c)

	ResNet-
ConvLSTM
	PM2.5
	 (Shanghai, Nanjing, Suzhou, Nantong, Wuxi, Changzhou,
Zhenjiang, Hangzhou, Ningbo, Shaoxing, Huzhou, Jiaxing, Taizhou,and Zhoushan), China
	2022
	RMSE - 5.478, MAE - 3.897 & CORR - 0.993
	RMSE, MAE and CORR
	(Zhang et al. 2022a)

	TVF-SE-IGWO-DBN-ELM
	AQI
	(Shijingshan and Shunyi), China
	2022
	Shijingshan - (RMSE - 13.476, MAE - 9.173, R - 0.990 & MAPE - 8.40), and Shunyi - (RMSE - 15.033, MAE - 8.317, R - 0.987 & MAPE - 8.30)
	RMSE, MAE, R and MAPE
	(Li et al. 2022c)

	ADAE-LSSVR
	NOx
	China
	2023
	RMSE = 5.69mg/m3, MAPE = 1.06% and R2 = 0.97.
	RMSE, MAPE and R2
	(Han et al. 2023)

	STF-Net
	PM2.5
	Xi’an, Beijing, China
	2023
	Xi'an - (RSE - 0.6107, CORR - 0.7922, MAE - 19.7253, RMSE - 31.6302 & MSE - 1000.4) & Beijing - (RSE - 0.8372, CORR - 0.581, MAE - 61.3179, RMSE - 88.4263 & MSE - 7819.2)
	   RSE, CORR, MAE, RMSE and MSE
	(Zhang and Gan 2023)

	GRA-GRU
	PM2.5
	Changchun, China
	2023
	RMSE-18.32 & MAE-13.54
	RMSE and MAE
	(Qing 2023)

	Bi-LSTM
	PM2.5
	(Seoul, Daejeon,
Busan), South Korea
	2023
	[Seoul - (RMSE - 0.0277, MAE - 0.0186 & R2 - 0.916), Daeojeon - (RMSE - 0.0239, MAE - 0.0165 & R2 - 0.9065), Busan - (RMSE - 0.0246, MAE - 0.0168 & R2 - 0.9014)]
	RMSE, MAE and R2
	(Kim et al. 2023)

	1D-CNN-
BiLSTM
	PM2.5
	Shanghai, China
	2023
	RMSE - 3.88, MAE - 2.52 & R2 -0.94
	RMSE, MAE and R2 
	(Zhu and Xie 2023)

	Stacked-BDLSTM
	PM2.5 & PM10
	Kolkata, India
	2023
	PM2.5 - (RMSE - 10.49 & MAE - 16.99), PM10 - (RMSE - 15.72 & MAE - 24.35)
	RMSE and MAE 
	(Dutta and Pal 2023)

	Bayes-LSTM & CNN-LSTM
	PM2.5
	Ulaanbaatar, Mongolia
	2023
	Bayes-LSTM - (RMSE - 21.204 & MAE - 14.695), CNN-LSTM - (RMSE - 21.835 & MAE - 15.645)
	RMSE and MAE 
	(Suriya et al. 2023)

	S-CNN-LSTM
	PM2.5
	Xi'an, China
	2023
	RMSE - 12.820 & R2 - 0.907
	RMSE and R2 
	(Xu et al. 2023)

	[bookmark: _Hlk179484655]RF-CNN-GRU
	[bookmark: _Hlk179484754]PM2.5
	Seoul, South Korea
	2023
	[bookmark: _Hlk179484677]MAE - 8.6099, MAPE - 0.2494, RMSE - 10.5606, and R2 - 0.8704 
	MAE, MAPE, RMSE, and R2
	(Guo et al. 2023)

	Conv1D-BiLSTM
	AQI
	 (Beijing, Shanghai, Chengdu, Shenyang, Chongqing, Shenzhen, Dongguan, Tianjin, Guangzhou, and Wuhan) China
	2023
	IA - 1.9, MAE - 2, MSE - 1.9, RMSE - 1.9, and SMAPE - 2.2
	IA, MAE, MSE, RMSE, and SMAPE
	(Ayus et al. 2023)

	TabNet
	PM2.5
	Bangkok, Thailand
	2023
	MAPE - 20.62, RMSE - 9.22 & R2 - 0.873
	MAPE, RMSE and R2
	(Son et al. 2023)

	MDELSTM
	O3
	Los Angeles, USA
	2023
	MAE - 0.0059, RMSE - 0.0075 & R2 - 0.8369
	MAE, RMSE and R2
	(Hong et al. 2023)

	STN
	PM2.5
	Beijing & Taizhou, China 
	2023
	Beijing - (RMSE - 36.41, MAE - 22.09 & R2 - 0.782) & Taizhou - (RMSE - 11.04, MAE - 7.19 & R2 - 0.731)
	RMSE, MAE and R2 
	(Zhang and Zhang 2023)

	GRU-ED
	PM2.5
	New Delhi, India 
	2023
	R2 = 0.959, NSE = 0.953, MAE = 1.770, RRMSE = 0.002, and MAPE = 0.190
	R2, NSE, MAE, RRMSE, and MAPE
	(Shakya et al. 2023)

	LSTM+LSTM
	PM2.5
	Istanbul, Turkey
	2023
	RMSE - 4.785, MAE - 3.086 & R2 - 0.97
	RMSE, MAE and R2 
	(Eren et al. 2023)

	[bookmark: _Hlk179484891]CNN‑BiLSTM
	PM2.5, PM10, SO2, NO2, CO & O3
	 Tianjin, China
	2023
	[bookmark: _Hlk179484964]PM2.5 - 0.89, PM10 - 0.84, SO2 - 0.69, NO2 - 0.83, CO - 0.92 & O3 - 0.84
	R2
	(Lu and Li 2023)

	PCA-DSWT-NLSTM
	PM2.5
	Taiyuan, China
	2023
	R2 - 0.98, MAE - 3.48, RMSE - 4.05 & MAPE - 13.78
	R2, MAE, RMSE and MAPE
	(Zhang and Awang 2023)

	Bi-LSTM
	AQI
	Vishakhapatnam, India
	2023
	RMSE - 0.0824 & CS - 0.9718
	RMSE and CS
	(Thakur et al. 2023)

	DAerosol. GAN.NTM
	AQI
	Tehran, Iran 
	2023
	RMSE - 0.02, MAPE - 0.06, Precision - 0.94 & Accuracy - 0.97
	RMSE, MAPE, Precision and Accuracy
	(Asaei-Moamam et al. 2023)

	ADGRU
	PM2.5
	(Beijing, Shunyi, Aotizhongxin, and Gucheng), China
	2023
	[Beijing - (MSE - 0.00039, MAE - 0.01202 & RMSE - 0.01863), Shunyi - (MSE - 0.00032, MAE - 0.01135 & RMSE - 0.01762), Aotizhongxin - (MSE - 0.00041, MAE - 0.01180 & RMSE - 0.01907), and Gucheng - (MSE - 0.00040, MAE - 0.01232 & RMSE - 0.01914)]
	MSE, MAE and RMSE
	(Lu et al. 2023)

	TCN‑BiLSTM‑
DMAttention
	PM2.5, PM10, SO2, NO2, CO & O3
	Beijing, China 
	2023
	PM2.5 - (RMSE - 1.973 & MAPE - 6.8), PM10 - (RMSE - 6.054 & MAPE - 10.492), SO2 - (RMSE - 0.437 & MAPE - 9.9), NO2 - (RMSE - 1.545 & MAPE - 6.299), CO - (RMSE - 0.076 & MAPE - 4.178) & O3 - (RMSE - 2.922 & MAPE - 7.304)
	RMSE and MAPE
	(Li and Jiang 2023)

	SSA‑BiLSTM‑
LightGBM
	AQI
	Beijing, China 
	2023
	RMSE - 0.6897, MAE - 0.4718, SMAPE - 1.2712%, and adjusted R2 - 0.9995.
	RMSE, MAE, SMAPE, and adjusted R2
	(Zhang et al. 2023)

	ARIMA‑CNN‑LSTM
	AQI
	Beijing, Lanzhou, Jiaozuo, and Guangzhou, China 
	2023
	Beijing - (RMSE - 7.954, MAE - 5.285 & R2 - 0.989), Lanzhou - (RMSE - 14.94, MAE - 10.839 & R2 - 0.962), Jiaozuo - (RMSE - 7.841, MAE - 5.12 & R2 - 0.953), and Guangzhou - (RMSE - 5.496, MAE - 3.77 & R2 - 0.953)
	RMSE, MAE, and R2
	(Duan et al. 2023)

	EFS‑GA‑LSTM
	PM10
	Agadir, Morocco
	2024
	RMSE – 8.93, and MAE – 5.85
	RMSE and MAE 
	Bouakline et al., 2024

	Stacked-LSTM
	PM2.5
	Victoria City, Mexico
	2024
	RMSE – 3.4538
	RMSE
	Tello-Leal et al., 2024

	En3C-AQI-Net
	AQI
	New Delhi, India 
	2024
	R2 - 0.861, RMSE - 47.36, Cohen Kappa Score - 0.856 & Accuracy - 89.28% 
	R2, RMSE, Cohen Kappa Score and Accuracy
	(Mohan and Abraham 2024)

	NARX
	PM2.5
	New Delhi, India 
	2024
	RMSE - 0.0044 & R - 0.9736
	RMSE and R
	(Pari et al. 2024)

	SGRU
	CO
	(Keelung, Hsinchu, Fengyuan, Xitun, Shanhua, Cianjhen, Siaogang, Taitung, Yilan & Sanchong) Taiwan   
	2024
	MAPE - 2.241, RMSE - 0.0098 & R2 - 0.95
	MAPE, RMSE and R2
	(Yang et al. 2024a)

	STHTNN
	PM2.5
	Beijing, Tianjin, &
Chongqing, China
	2024
	[Beijing (MAE, RMSE & MAPE), Tianjin (MAE, RMSE & MAPE), &
Chongqing (MAE, RMSE & MAPE)]
	MAE, RMSE and MAPE
	(Chen et al. 2024b)

	CNN-LSTM-SE 
	PM2.5
	Beijing, Tianjin, & Shijiazhuang, China
	2024
	 Beijing (SMAPE - 4.12%, MAE - 3.81, RMSE - 6.07, & R2 - 0.93), Tianjin (SMAPE - 3.99%, MAE - 4.35, RMSE - 6.66, & R2 - 0.91), & Shijiazhuang (SMAPE - 2.95%, MAE - 3.96, RMSE - 5.72, & R2 - 0.96) 
	 SMAPE, MAE RMSE, and R2
	Yang et al., 2024

	VMD(9)-CSA-CNN-LSTM
	AQI
	(Hohhot, Yinchuan, 
Lanzhou, Beijing, Taiyuan, Xi’an, Shanghai, Nanjing, Wuhan) China
	2024
	Adjusted R2 - 98.91, RMSE - 2.25, MAPE - 0.02 & Training Efficiency - 5.31
	Adjusted R2, RMSE, MAPE, and Training Efficiency
	(Guo et al., 2024)

	DEML-BME
	O3
	New South Wales, Australia
	2025
	 RMSE - 3.03 & R2 - 0.84
	 RMSE and R2
	Haghbayan et al., 2024

	VCBA
	PM2.5
	Taiyuan 
City, Shanxi Province, China
	 
	R2 - 0.973, MAE - 1.998, & RMSE - 2.556 
	R2, MAE, and RMSE
	(Xie, 2024)

	TG-Hybrid
	AQI
	Tangshan, & Beijing, China
	2025
	Tangshan (6.407), & Beijing (7.485)
	RMSE
	K. Wang et al., 2025

	CNN-LSTM 
	NO2
	Istanbul, & Ankara, Turkey
	2025
	Istanbul (MAE - 0.474, RMSE - 0.252, & R2 - 0.9547), & Ankara (MAE - 0.140, RMSE - 0.269, & R2 - 0.9287)
	 MAE, RMSE, and R2
	Uluocak et al., 2025

	AKF_LSTM_xAI
	SO2
	Kimberley, South Africa
	2025
	RMSE-0.382
	RMSE
	Agbehadji & Obagbuwa, 2025

	Bi-LSTM
	O3
	China
	2025
	R2 - 0.66, MAE - 11.51, and RMSE -15.32
	R2, MAE, and RMSE
	Lin et al., 2025
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ST 5 Comparative performance metrics of all reviewed forecasting models.
	Study ID
	DL Model
	Pollutant
	Forecast Horizon
	Performance Metrics 
	Author & year

	
	
	
	
	R2
	MAE
	RMSE
	

	S1
	TL-BLSTM
	PM2.5
	1 hr
	NR
	2.2715
	2.9777
	(Ma et al. 2019a)

	S2
	Geo-LSTM 
	PM2.5
	1 hr
	0.8637
	NR
	0.0437
	(Ma et al. 2019b)

	S3
	C-LSTME
	PM2.5
	1 hr
	NR
	5.82
	12.08
	(Wen et al. 2019)

	S4
	DM-LSTM3
	PM2.5
	1 hr
	NR
	NR
	4.49
	(Zhou et al. 2019)

	
	DM-LSTM3
	PM10
	1 hr
	NR
	NR
	5.43
	

	S5
	ALSTM 
	PM2.5
	1 hr
	NR
	2.94
	3.94
	(Chang et al. 2020)

	S6
	LSTM RNNs
	PM2.5
	24 hr
	NR
	NR
	0.059
	(Fong et al. 2020)

	
	LSTM RNNs
	PM2.5
	24 hr
	NR
	NR
	0.055
	

	
	LSTM RNNs
	PM2.5
	24 hr
	NR
	NR
	0.076
	

	S7
	AC-LSTM
	PM2.5
	24 hr
	NR
	7.68
	13.06
	(Li et al. 2020)

	S8
	Lag-FLSTM
	PM2.5
	1 hr
	NR
	1.85
	3.482
	(Ma et al. 2020)

	S9
	CNN-Bi-LSTM-DAE
	PM2.5
	NR
	NR
	5.07
	6.93
	(Mengara Mengara et al. 2020)

	
	CNN-Bi-LSTM-DAE
	PM10
	NR
	NR
	5.83
	7.22
	

	S10
	IGP-LSTM
	SO2
	1 hr
	NR
	NR
	0.613
	(Navares and Aznarte 2020)

	S11
	Hybrid Attention-based Seq2Seq
	O3
	1 hr
	NR
	16.11
	22.08
	(Wang et al. 2020)

	S12
	WLSTME
	PM2.5
	24 hr
	26.1
	NR
	40.67
	(Xiao et al. 2020)

	S13
	AE-Bi-LSTM
	PM2.5
	1 hr
	NR
	NR
	3.294
	(Zhang et al. 2020a)

	S14
	BiAGRU
	AQI
	24 hr
	0.6
	23.06
	31.1
	(Zhang et al. 2020b)

	S15
	LSTM RNN 
	PM2.5
	120hr
	0.799
	6.948
	9.959
	(Zhou et al. 2020)

	S16
	DL-Air
	AQI
	24 hr
	NR
	NR
	NR
	(Abirami and Chitra 2021)

	S17
	P-LSTM
	PM2.5
	15 min
	0.83
	4.63
	9.74
	(Aggarwal and Toshniwal 2021)

	
	P-LSTM
	PM2.5
	15 min
	0.99
	8.83
	12.86
	

	
	P-LSTM
	PM2.5
	15 min
	0.99
	9.49
	13.27
	

	
	P-LSTM
	PM2.5
	15 min
	0.97
	8.09
	18.13
	

	
	P-LSTM
	PM2.5
	15 min
	0.9
	4.91
	10.41
	

	
	P-LSTM
	PM2.5
	15 min
	0.82
	5.7
	7.29
	

	
	P-LSTM
	PM2.5
	15 min
	0.96
	4.24
	9.25
	

	
	P-LSTM
	PM2.5
	15 min
	0.97
	9.43
	20.27
	

	
	P-LSTM
	PM2.5
	15 min
	0.99
	4.5
	9.21
	

	
	P-LSTM
	PM2.5
	15 min
	0.8
	2.12
	4.13
	

	
	P-LSTM
	PM2.5
	15 min
	0.93
	2.02
	3.19
	

	
	P-LSTM
	PM2.5
	15 min
	0.99
	5.16
	10.62
	

	
	P-LSTM
	PM2.5
	15 min
	0.98
	3.74
	13.25
	

	
	P-LSTM
	PM2.5
	15 min
	0.75
	1.34
	1.41
	

	
	P-LSTM
	PM2.5
	15 min
	0.98
	7.54
	15.93
	

	S18
	RNN-LSTM  
	PM10
	24 hr
	NR
	0.0058
	0.0762
	(Arsov et al. 2021)

	S19
	CNN-LSTM  
	PM2.5
	24 hr
	0.989
	6.742
	12.921
	(Bekkar et al. 2021)

	
	CNN-LSTM  
	PM2.5
	7 days
	0.979
	9.034
	16.625
	

	S20
	ODMSCNN-LSTM
	PM2.5
	1 hr
	NR
	11.93
	16.14
	(Dai et al. 2021)

	
	ODMSCNN-LSTM
	PM10
	1 hr
	NR
	23.83
	31.69
	

	
	ODMSCNN-LSTM
	NO2
	1 hr
	NR
	8.19
	11.8
	

	
	ODMSCNN-LSTM
	SO2
	1 hr
	NR
	1.39
	2.23
	

	
	ODMSCNN-LSTM
	O3
	1 hr
	NR
	14.82
	18.49
	

	
	ODMSCNN-LSTM
	CO
	1 hr
	NR
	0.14
	0.19
	

	S21
	LSTM-CVT
	NO2
	1 hr
	NR
	6.534
	9.88
	(González-Enrique et al. 2021)

	S22
	SpAttRNN 
	PM2.5
	24 hr
	NR
	11.95
	22.56
	(Huang et al. 2021)

	
	SpAttRNN 
	PM10
	24 hr
	NR
	17.18
	38.93
	

	
	SpAttRNN 
	NO2
	24 hr
	NR
	6.66
	9.92
	

	S23
	LSTM
	PM2.5
	1 hr
	0.9949
	NR
	0.0326
	(Inapakurthi et al. 2021)

	S24
	SVR-LSTM
	AQI
	15 min
	0.94
	NR
	10.9
	(Janarthanan et al. 2021)

	S25
	GT-LSTM
	PM2.5
	24 hr
	0.89
	10.16
	14.34
	(Mao et al. 2021a)

	
	GT-LSTM
	PM10
	24 hr
	0.8
	20.69
	29.27
	

	
	GT-LSTM
	NO2
	24 hr
	0.81
	7.86
	10.34
	

	
	GT-LSTM
	SO2
	24 hr
	0.78
	4.57
	6.69
	

	
	GT-LSTM
	O3
	24 hr
	0.86
	12.42
	17.04
	

	
	GT-LSTM
	CO
	24 hr
	0.76
	0.28
	0.4
	

	S26
	TS-LSTME
	PM2.5
	24 hr
	0.72
	13.54
	20
	(Mao et al. 2021b)

	
	TS-LSTME
	PM2.5
	24 hr
	0.72
	17.69
	24.37
	

	
	TS-LSTME
	PM2.5
	24 hr
	0.78
	16.91
	24.94
	

	
	TS-LSTME
	PM2.5
	24 hr
	0.71
	16.13
	23.04
	

	
	TS-LSTME
	PM2.5
	24 hr
	0.74
	13.19
	18.79
	

	
	TS-LSTME
	PM2.5
	24 hr
	0.74
	18.08
	25.33
	

	
	TS-LSTME
	PM2.5
	24 hr
	0.72
	20.26
	28.44
	

	
	TS-LSTME
	PM2.5
	24 hr
	0.72
	9.34
	12.61
	

	
	TS-LSTME
	PM2.5
	24 hr
	0.73
	8.77
	12.04
	

	
	TS-LSTME
	PM2.5
	24 hr
	0.72
	14.2
	20.74
	

	
	TS-LSTME
	PM2.5
	24 hr
	0.74
	14.27
	19.91
	

	
	TS-LSTME
	PM2.5
	24 hr
	0.81
	12.35
	17.94
	

	S27
	LSTM
	PM2.5
	24hr
	0.7569
	NR
	NR
	(Menares et al. 2021)

	S28
	NARX/LSTM
	PM2.5
	1 HR
	NR
	NR
	23.646
	(Moursi et al. 2021)

	S29
	CMAQ-CNN
	O3
	1 hr
	NR
	NR
	11
	(Sayeed et al. 2021)

	S30
	LSTM
	PM2.5
	48 hr
	NR
	8.91
	11.91
	(Sun et al. 2021)

	
	LSTM
	O3
	48 hr
	NR
	8.07
	11.08
	

	S31
	CR-LSTM
	PM2.5
	24 hr
	0.74
	12.89
	18.96
	(Wang et al. 2021)

	S32
	CNN-LSTM  
	PM2.5
	1 hr
	NR
	8.778
	15.268
	(Wardana et al. 2021)

	S33
	CNN-LSTM  
	O3
	1 hr
	0.9209
	0.0029
	0.0041
	(Yafouz et al. 2021)

	
	CNN-LSTM  
	O3
	1 hr
	0.9277
	0.0028
	0.0045
	

	
	CNN-LSTM  
	O3
	1 hr
	0.92
	0.0034
	0.0045
	

	S34
	CNN-GRU
	PM2.5
	1 hr
	0.6561
	NR
	7.962
	(Yeo et al. 2021)

	S35
	VMD BiLSTM 
	PM2.5
	1 hr
	0.981
	7.124
	9.295
	(Zhang et al. 2021)

	S36
	FDN-learning
	PM2.5
	1 hr
	NR
	3.307
	4.326
	(Zou et al. 2021)

	
	FDN-learning
	PM2.5
	1 hr
	NR
	2.744
	4.102
	

	
	FDN-learning
	PM2.5
	1 hr
	NR
	3.641
	5.742
	

	
	FDN-learning
	PM2.5
	1 hr
	NR
	3.64
	5.142
	

	
	FDN-learning
	PM2.5
	1 hr
	NR
	3.827
	5.962
	

	S37
	P-CNN
	PM2.5
	1 hr
	NR
	17.123
	22.084
	(Ahmed et al. 2022)

	
	P-CNN
	PM2.5
	1 hr
	NR
	14.205
	20.835
	

	
	P-CNN
	PM2.5
	1 hr
	NR
	18.28
	18.743
	

	
	P-CNN
	PM2.5
	1 hr
	NR
	11.003
	16.566
	

	S38
	AGCTCN
	PM10
	15 mins
	0.7
	17.28
	24.29
	(Choudhury et al. 2022)

	
	AGCTCN
	PM2.5
	15 mins
	0.64
	8.75
	11.76
	

	S39
	XGBoost-GARCH-MLP
	PM2.5
	1 hr
	0.9409
	0.0288
	0.0389
	(Dai et al. 2022)

	
	XGBoost-GARCH-MLP
	PM2.5
	1 hr
	0.955
	0.0267
	0.032
	

	
	XGBoost-GARCH-MLP
	PM2.5
	1 hr
	0.9228
	0.0278
	0.0326
	

	
	XGBoost-GARCH-MLP
	PM2.5
	1 hr
	0.9504
	0.0283
	0.0331
	

	
	XGBoost-GARCH-MLP
	PM2.5
	1 hr
	0.8724
	0.0355
	0.0483
	

	
	XGBoost-GARCH-MLP
	PM2.5
	1 hr
	0.9539
	0.0276
	0.0365
	

	
	XGBoost-GARCH-MLP
	PM2.5
	1 hr
	0.9646
	0.0226
	0.0312
	

	
	XGBoost-GARCH-MLP
	PM2.5
	1 hr
	0.8956
	0.0241
	0.041
	

	
	XGBoost-GARCH-MLP
	PM2.5
	1 hr
	0.9624
	0.0282
	0.0337
	

	S40
	LSTM
	PM10
	1 hr
	0.8799
	0.0109
	0.0176
	(Das et al. 2022)

	
	LSTM
	SO2
	1 hr
	0.9664
	0.0102
	0.0294
	

	S41
	MI-LSTM-MVO
	NO2
	24 hr
	NR
	0.0263
	0.031
	(Heydari et al. 2022)

	
	MI-LSTM-MVO
	SO2
	24 hr
	NR
	0.0146
	0.0178
	

	S42
	LSTM & DNN
	PM10
	24 hr
	NR
	NR
	NR
	(Kim et al. 2022)

	
	LSTM & DNN
	PM2.5
	24 hr
	NR
	NR
	NR
	

	
	LSTM & DNN
	O3
	24 hr
	NR
	NR
	NR
	

	
	LSTM & DNN
	SO2
	24 hr
	NR
	NR
	NR
	

	
	LSTM & DNN
	NO2
	24 hr
	NR
	NR
	NR
	

	
	LSTM & DNN
	CO
	24 hr
	NR
	NR
	NR
	

	
	LSTM & DNN
	AQI
	24 hr
	NR
	NR
	NR
	

	S43
	LSTM 
	PM2.5
	8 hr
	NR
	NR
	1.8643
	(Kristiani et al. 2022)

	S44
	RNN
	PM10
	24 hr
	0.45
	NR
	14.095
	(Kurnaz and Demir 2022)

	
	RNN
	SO2
	24 hr
	0.78
	NR
	2.8485
	

	S45
	DBN-ELM
	AQI 
	24 hr
	0.8519
	8.678
	11.785
	(Li et al. 2022c)

	
	DBN-ELM
	AQI 
	24 hr
	0.8892
	8.381
	10.959
	

	S46
	CBAM-CNN-Bi LSTM
	PM2.5
	48 hr
	0.9397
	11.2
	18.9
	(Li et al. 2022a)

	S47
	CNN-Bi LSTM (FPHFA)
	PM2.5
	12 hr
	0.877
	19.19
	28.15
	(Li et al. 2022b)

	S48
	CNN–LSTM/NARX
	PM2.5
	1 hr
	0.935
	NR
	22.567
	(Moursi et al. 2022)

	
	CNN–LSTM/NARX
	PM2.5
	1 hr
	0.7572
	NR
	4.405
	

	S49
	GCN-ConvLSTM
	PM2.5
	46 hr
	NR
	NR
	0.0008
	(Muthukumar et al. 2022)

	S50
	Bi-GRU
	PM2.5
	48 hr
	NR
	0.25
	1.63
	(Rani Hemamalini et al. 2022)

	
	Bi-GRU
	PM2.5
	48 hr
	NR
	0.75
	1.35
	

	
	Bi-GRU
	PM2.5
	48 hr
	NR
	0.89
	1.47
	

	S51
	DBN-BP
	PM2.5
	1 hr
	NR
	NR
	14.06
	(Tian et al. 2022)

	
	DBN-BP
	PM10
	1 hr
	NR
	NR
	23.28
	

	S52
	LSTM-RF-PSO
	SO2
	1 hr
	NR
	1.205
	1.781
	(Wang et al. 2022a)

	
	LSTM-RF-PSO
	NO2
	1 hr
	NR
	3.901
	6.63
	

	
	LSTM-RF-PSO
	PM2.5
	1 hr
	NR
	2.519
	4.154
	

	
	LSTM-RF-PSO
	PM10
	1 hr
	NR
	3.424
	5.556
	

	
	LSTM-RF-PSO
	O3
	1 hr
	NR
	35.872
	49.558
	

	
	LSTM-RF-PSO
	CO
	1 hr
	NR
	2.049
	4.074
	

	S53
	DCRNN
	PM2.5
	24 hr
	0.64
	17.2
	25.74
	(Wang et al. 2022b)

	
	DCRNN
	O3
	24 hr
	0.5929
	17.92
	24.53
	

	S54
	STENN
	PM2.5
	24 hr
	0.89
	NR
	5.84
	(Wang et al. 2022c)

	S55
	ESWT-NLSTM
	AQI
	1 hr
	0.99
	3.456
	5.579
	(Zeng et al. 2022)

	S56
	DCCN-ALSTM 
	PM2.5
	1 hr
	0.71
	NR
	14.07
	(Zhang et al. 2022a)

	
	DCCN-ALSTM 
	PM2.5
	1 hr
	0.63
	NR
	32.32
	

	S57
	ResNet-ConvLSTM
	PM2.5
	1 hr
	NR
	3.897
	5.478
	(Zhang et al. 2022b)

	S58
	Kalman-attention-LSTM
	O3
	1 hr
	0.968
	7.3
	8.45
	(Zhou et al. 2022)

	
	Kalman-attention-LSTM
	SO2
	1 hr
	0.944
	9.74
	11.14
	

	
	Kalman-attention-LSTM
	NO2
	1 hr
	0.962
	8.03
	8.98
	

	
	Kalman-attention-LSTM
	PM10
	1 hr
	0.951
	8.77
	10.09
	

	
	Kalman-attention-LSTM
	PM2.5
	1 hr
	0.935
	9.98
	11.69
	

	
	Kalman-attention-LSTM
	CO
	1 hr
	0.927
	11.01
	12.33
	

	S59
	EEWT-NLSTM
	PM2.5
	1 hr
	NR
	0.0474
	0.0548
	(Abbas and Raina 2023)

	
	EEWT-NLSTM
	PM10
	1 hr
	NR
	0.0476
	0.055
	

	
	EEWT-NLSTM
	SO2
	1 hr
	NR
	0.0477
	0.0549
	

	
	EEWT-NLSTM
	NO2
	1 hr
	NR
	0.0472
	0.0545
	

	
	EEWT-NLSTM
	CO
	1 hr
	NR
	0.0473
	0.0548
	

	
	EEWT-NLSTM
	O3
	1 hr
	NR
	0.0472
	0.0546
	

	S60
	 DAerosol.GAN.NTM
	PM2.5
	24 hr
	NR
	NR
	0.02
	(Asaei-Moamam et al. 2023)

	
	 DAerosol.GAN.NTM
	PM10
	24 hr
	NR
	NR
	0.02
	

	
	 DAerosol.GAN.NTM
	AQI
	24 hr
	NR
	NR
	0.02
	

	S61
	Conv1D-BiLSTM
	AQI
	24 hr
	NR
	0.0176
	0.0244
	(Ayus et al. 2023)

	
	Conv1D-BiLSTM
	AQI
	24 hr
	NR
	0.0083
	0.0137
	

	
	Conv1D-BiLSTM
	AQI
	24 hr
	NR
	0.0107
	0.0212
	

	
	Conv1D-BiLSTM
	AQI
	24 hr
	NR
	0.0142
	0.0178
	

	
	Conv1D-BiLSTM
	AQI
	24 hr
	NR
	0.0149
	0.0234
	

	
	Conv1D-BiLSTM
	AQI
	24 hr
	NR
	0.0071
	0.0144
	

	
	Conv1D-BiLSTM
	AQI
	24 hr
	NR
	0.0127
	0.0151
	

	
	Conv1D-BiLSTM
	AQI
	24 hr
	NR
	0.0134
	0.0175
	

	
	Conv1D-BiLSTM
	AQI
	24 hr
	NR
	0.0129
	0.0219
	

	
	Conv1D-BiLSTM
	AQI
	24 hr
	NR
	0.0092
	0.0222
	

	S62
	ARIMA CNN LSTM
	AQI
	24 hr
	0.989
	5.285
	7.954
	(Duan et al. 2023)

	
	ARIMA CNN LSTM
	AQI
	24 hr
	0.962
	10.839
	14.94
	

	
	ARIMA CNN LSTM
	AQI
	24 hr
	0.953
	5.12
	7.841
	

	
	ARIMA CNN LSTM
	AQI
	24 hr
	0.953
	3.77
	5.496
	

	S63
	TLS-BDLSTM
	PM2.5
	24 hr
	NR
	3.52
	4.59
	(Dutta and Pal 2023)

	
	TLS-BDLSTM
	PM10
	24 hr
	NR
	5.3
	7.32
	

	S64
	LSTM-LSTM
	PM2.5
	1 hr
	0.932
	3.57
	5.531
	(Eren et al. 2023)

	
	LSTM-LSTM
	PM2.5
	1 hr
	0.961
	3.462
	5.364
	

	
	LSTM-LSTM
	PM2.5
	1 hr
	0.913
	3.644
	5.646
	

	
	LSTM-LSTM
	PM2.5
	1 hr
	0.963
	3.455
	5.353
	

	
	LSTM-LSTM
	PM2.5
	1 hr
	0.911
	3.652
	5.659
	

	
	LSTM-LSTM
	PM2.5
	1 hr
	0.923
	3.605
	5.585
	

	
	LSTM-LSTM
	PM2.5
	1 hr
	0.914
	3.64
	5.64
	

	
	LSTM-LSTM
	PM2.5
	1 hr
	0.904
	3.681
	5.702
	

	
	LSTM-LSTM
	PM2.5
	1 hr
	0.912
	3.648
	5.652
	

	S65
	IVLSTM-MCMR
	PM2.5
	24 hr
	NR
	31.31
	33.04
	(Fang et al. 2023)

	S66
	MDELSTM
	O3
	1 hr
	0.8369
	0.0059
	0.0075
	(Hong et al. 2023)

	S67
	Bi-LSTM
	PM2.5
	3 hr
	0.916
	0.0186
	0.0277
	(Kim et al. 2023)

	
	Bi-LSTM
	PM2.5
	3 hr
	0.0239
	0.0165
	0.9065
	

	
	Bi-LSTM
	PM2.5
	3 hr
	0.0246
	0.0168
	0.9014
	

	S68
	DNN
	PM2.5
	1 hr
	NR
	NR
	8.63
	(Koo et al. 2023)

	S69
	GAIN
	PM2.5
	1 hr
	0.947
	NR
	NR
	(Lee et al. 2023)

	S70
	STL‑TCN‑BiLSTM‑DMAttention
	PM2.5
	1 hr
	NR
	NR
	1.973
	(Li and Jiang 2023)

	
	STL‑TCN‑BiLSTM‑DMAttention
	PM10
	1 hr
	NR
	NR
	6.054
	

	
	STL‑TCN‑BiLSTM‑DMAttention
	SO2
	1 hr
	NR
	NR
	0.437
	

	
	STL‑TCN‑BiLSTM‑DMAttention
	NO2
	1 hr
	NR
	NR
	1.545
	

	
	STL‑TCN‑BiLSTM‑DMAttention
	CO
	1 hr
	NR
	NR
	0.076
	

	
	STL‑TCN‑BiLSTM‑DMAttention
	O3
	1 hr
	NR
	NR
	2.922
	

	S71
	WOA-VMD-CEEMDANTFA-BiLSTM  
	AQI
	24 hr
	0.89
	10.56
	14.51
	(Li and Li 2023)

	S72
	LSTM
	PM2.5
	24 hr
	0.98
	NR
	NR
	(Liang et al. 2023)

	S73
	CNN‑BiLSTM
	PM2.5
	1 hr
	0.882
	NR
	11.025
	(Lu and Li 2023)

	
	CNN‑BiLSTM
	PM10
	1 hr
	0.841
	NR
	18.383
	

	
	CNN‑BiLSTM
	SO2
	1 hr
	0.665
	NR
	1.679
	

	
	CNN‑BiLSTM
	NO2
	1 hr
	0.801
	NR
	9.023
	

	
	CNN‑BiLSTM
	O3
	1 hr
	0.892
	NR
	13.017
	

	
	CNN‑BiLSTM
	CO
	1 hr
	0.811
	NR
	0.118
	

	S74
	ADGRU
	PM2.5
	1 hr
	NR
	0.012
	0.0186
	(Lu et al. 2023)

	
	ADGRU
	PM2.5
	1 hr
	NR
	0.0114
	0.0176
	

	
	ADGRU
	PM2.5
	1 hr
	NR
	0.0118
	0.0191
	

	
	ADGRU
	PM2.5
	1 hr
	NR
	0.0123
	0.0191
	

	S75
	Multivariate LSTM
	PM2.5
	1 hr
	0.6351
	32.347
	46.617
	(Narkhede et al. 2023)

	
	Multivariate LSTM
	PM2.5
	1 hr
	0.7509
	10.47
	13.613
	

	
	Multivariate LSTM
	PM2.5
	1 hr
	0.1482
	19.123
	23.004
	

	
	Multivariate LSTM
	PM2.5
	1 hr
	0.8305
	13.106
	17.031
	

	S76
	LSTM
	SO2
	1 hr
	NR
	0.396
	0.591
	(Naz et al. 2023)

	S77
	LSTM-BNN
	PM2.5
	24 hr
	0.947
	0.508
	0.708
	(Nguyen et al. 2023)

	S78
	GRA-GRU
	PM2.5
	1 hr
	NR
	13.54
	18.32
	(Qing, 2023)

	S79
	GRU-ED 
	PM2.5
	1 hr
	0.959
	1.77
	NR
	(Shakya et al. 2023)

	S80
	TabNet
	PM2.5
	1 hr
	0.873
	NR
	9.22
	(Son et al. 2023)

	S81
	XRSTH-LSTM
	AQI
	24 hr
	NR
	NR
	0.1678
	(Srivastava and Kumar Das 2023)

	S82
	Bayes-LSTM 
	PM2.5
	1 hr
	NR
	14.695
	21.204
	(Suriya et al. 2023)

	S83
	GRU
	AQI
	24 hr
	NR
	NR
	0.0777
	(Thakur et al. 2023)

	S84
	 S-CNN-LSTM
	PM2.5
	1 hr
	0.924
	NR
	11.376
	(Xu et al. 2023)

	S85
	ADST-ML
	PM2.5
	1 hr
	NR
	9.338
	15.812
	(Yang and Zhang 2023)

	S86
	NLSTM
	PM2.5
	24 hr
	0.98
	2.19
	3.36
	(Zhang and Awang 2023)

	S87
	STN
	PM2.5
	1 hr
	0.937
	11.13
	19.04
	(Zhang and Zhang 2023)

	
	STN
	PM2.5
	1 hr
	0.924
	3.76
	5.79
	

	S88
	STF-Net
	PM2.5
	24 hr
	NR
	19.725
	31.63
	(Zhang and Gan 2023)

	
	STF-Net
	PM2.5
	24 hr
	NR
	61.318
	88.426
	

	S89
	SSA‑BiLSTM‑LightGBM
	AQI
	24 hr
	0.9995
	0.4718
	0.6897
	(Zhang et al. 2023)

	S90
	WPT 
	PM2.5
	24 hr
	0.9978
	NR
	3.2104
	(Zheng et al. 2023)

	S91
	1D-CNN-biLSTM
	PM2.5
	1 hr
	0.94
	2.52
	3.88
	(Zhu and Xie 2023)

	S92
	LSTM
	PM2.5
	1 hr
	0.25
	4.46
	9.99
	(Zukaib et al. 2023)

	
	LSTM
	PM10
	1 hr
	0.75
	8.58
	12.84
	

	
	LSTM
	NO2
	1 hr
	0.12
	4.35
	6.77
	

	
	LSTM
	O3
	1 hr
	0.17
	8.2
	29.79
	

	S93
	 Bi-LSTM
	PM2.5
	1 hr
	0.971
	22.183
	37.549
	(Alawi et al. 2024)

	
	 Bi-LSTM
	PM10
	1 hr
	0.975
	24.414
	43.126
	

	
	 Bi-LSTM
	CO
	1 hr
	0.979
	244.54
	438.9
	

	
	 Bi-LSTM
	NO2
	1 hr
	0.956
	6.675
	11.055
	

	
	 Bi-LSTM
	SO2
	1 hr
	0.955
	6.076
	11.11
	

	
	 Bi-LSTM
	O3
	1 hr
	0.959
	7.046
	12.612
	

	
	 Bi-LSTM
	NH3
	1 hr
	0.971
	2.743
	5.283
	

	S94
	H2MCM
	PM2.5
	1 hr
	NR
	NR
	0.03
	(Chatterjee et al. 2024)

	
	H2MCM
	CO
	1 hr
	NR
	NR
	0.035
	

	
	H2MCM
	NO2
	1 hr
	NR
	NR
	0.029
	

	S95
	CEEMDAN-AOA-BGRU
	AQI
	24 hr
	0.904
	14.395
	20.564
	(Che 2024)

	S96
	ST-Conv 
	PM2.5
	24 hr
	NR
	14.47
	22.15
	(Chen et al. 2024a)

	
	ST-Conv 
	PM2.5
	24 hr
	NR
	26.65
	40.86
	

	S97
	STHTNN
	PM2.5
	24 hr
	NR
	14.81
	21.76
	(Chen et al. 2024b)

	
	STHTNN
	PM2.5
	24 hr
	NR
	25.48
	35.09
	

	
	STHTNN
	PM2.5
	24 hr
	NR
	10.86
	14.67
	

	S98
	AAMGCRN 
	PM2.5
	1 hr
	0.84
	13.58
	19.11
	(Chen 2024)

	
	AAMGCRN 
	PM10
	1 hr
	0.71
	18.07
	23.73
	

	
	AAMGCRN 
	O3
	1 hr
	0.54
	11.07
	14.74
	

	
	AAMGCRN 
	PM2.5
	1 hr
	0.84
	12.67
	19.1
	

	
	AAMGCRN 
	PM10
	1 hr
	0.71
	13.87
	18.8
	

	
	AAMGCRN 
	O3
	1 hr
	0.56
	11.47
	15.44
	

	
	AAMGCRN 
	PM2.5
	1 hr
	0.87
	12.04
	18.21
	

	
	AAMGCRN 
	PM10
	1 hr
	0.8
	13.02
	17.75
	

	
	AAMGCRN 
	O3
	1 hr
	0.58
	11.05
	14.39
	

	S99
	GRU-MTMA
	PM2.5
	1 hr
	NR
	NR
	0.88
	(Chiang et al. 2024)

	S100
	C2SLSTM
	PM2.5
	1 hr
	NR
	0.0833
	0.2887
	(Dey 2024)

	
	C2SLSTM
	CO
	1 hr
	NR
	0.2506
	0.2901
	

	
	C2SLSTM
	NO2
	1 hr
	NR
	0.2496
	0.2889
	

	S101
	Deep CNN
	PM2.5
	50 hr
	NR
	93
	189
	(Feldman et al. 2024)

	S102
	 VMD-CSA-CNN-LSTM
	AQI
	24 hr
	96.69
	NR
	4.84
	(Guo et al. 2024)

	
	 VMD-CSA-CNN-LSTM
	AQI
	24 hr
	97.26
	NR
	3.82
	

	
	 VMD-CSA-CNN-LSTM
	AQI
	24 hr
	96.04
	NR
	7.42
	

	
	 VMD-CSA-CNN-LSTM
	AQI
	24 hr
	98.31
	NR
	4.8
	

	
	 VMD-CSA-CNN-LSTM
	AQI
	24 hr
	96.1
	NR
	6.54
	

	
	 VMD-CSA-CNN-LSTM
	AQI
	24 hr
	96.9
	NR
	4.87
	

	
	 VMD-CSA-CNN-LSTM
	AQI
	24 hr
	97.85
	NR
	4.27
	

	
	 VMD-CSA-CNN-LSTM
	AQI
	24 hr
	96.59
	NR
	4.52
	

	S103
	AC_GRU
	PM2.5
	1 hr
	NR
	4.08
	5.7
	(Haghbayan et al. 2024)

	S104
	AHGCNN
	PM2.5
	1 hr
	NR
	5.32
	8.98
	(Hu et al. 2024)

	S105
	ANN/MLP
	PM2.5
	1 hr
	0.9454
	0.1467
	0.2548
	(Jairi 2024)

	S106
	TLSTM
	PM2.5
	1 hr
	NR
	NR
	14.9
	(Jiménez-Navarro et al. 2024)

	
	TLSTM
	PM2.5
	1 hr
	NR
	NR
	14.9
	

	
	TLSTM
	PM2.5
	1 hr
	NR
	NR
	16.9
	

	
	TLSTM
	PM2.5
	1 hr
	NR
	NR
	17
	

	
	TLSTM
	PM2.5
	1 hr
	NR
	NR
	13.9
	

	S107
	LSTM
	AQI
	1 hr
	0.983
	0.0006
	0.0022
	(Khadom 2024)

	
	LSTM
	PM2.5
	1 hr
	0.985
	0.0006
	0.0022
	

	S108
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	33.272
	(Kumar and Kumar 2024)

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	22.081
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	24.959
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	16.265
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	31.064
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	24.983
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	8.906
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	30.86
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	20.155
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	24.408
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	27.482
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	15.921
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	14.315
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	19.859
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	33.834
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	12.75
	

	
	MvSCNN-BiLSTM
	PM2.5
	1 hr
	NR
	NR
	31.676
	

	S109
	REG-CLSTM
	AQI
	24 hr
	NR
	0.094
	0.355
	(Manna and Anitha 2024)

	S110
	LSTM
	AQI
	24 hr
	NR
	NR
	44.65
	(Mishra and Gupta 2024)

	S111
	En3C-AQI-Net
	AQI
	24 hr
	0.861
	25.83
	47.36
	(Mohan and Abraham 2024)

	S112
	QPSO 
	SO2
	1 hr
	0.6654
	0.0004
	NR
	(Nguyen 2024)

	
	QPSO 
	NO2
	1 hr
	0.9374
	0.0029
	NR
	

	
	QPSO 
	CO
	1 hr
	0.8998
	0.0558
	NR
	

	
	QPSO 
	O3
	1 hr
	0.93
	0.0033
	NR
	

	
	QPSO 
	PM10
	1 hr
	0.9504
	3.6659
	NR
	

	
	QPSO 
	PM2.5
	1 hr
	0.9579
	2.1769
	NR
	

	S113
	Resnet 50
	O3
	5 hr
	NR
	2.45
	NR
	(Omri 2024)

	S114
	ANN
	AQI
	24 hr
	0.98
	NR
	19.62
	(Pande et al. 2024)

	S115
	ST-AQF 
	PM2.5
	1 hr
	NR
	NR
	0.462
	(Prado-Rujas et al. 2024)

	
	ST-AQF 
	PM10
	1 hr
	NR
	NR
	0.435
	

	
	ST-AQF 
	O3
	1 hr
	NR
	NR
	0.225
	

	
	ST-AQF 
	NO2
	1 hr
	NR
	NR
	0.34
	

	
	ST-AQF 
	SO2
	1 hr
	NR
	NR
	0.205
	

	
	ST-AQF 
	CO
	1 hr
	NR
	NR
	0.354
	

	S116
	 WBiLSTM
	O3
	1 hr
	0.4761
	10.2
	14.88
	(Rezaali et al. 2024)

	
	 WBiLSTM
	O3
	1 hr
	0.3721
	11.51
	15.89
	

	
	 WBiLSTM
	O3
	1 hr
	0.5041
	10.39
	14.3
	

	
	 WBiLSTM
	O3
	1 hr
	0.6724
	7.96
	11.03
	

	
	 WBiLSTM
	O3
	1 hr
	0.6241
	6.86
	9.81
	

	
	 WBiLSTM
	O3
	1 hr
	0.5776
	9.94
	15.81
	

	
	 WBiLSTM
	O3
	1 hr
	0.4489
	11.89
	16.65
	

	S117
	 MDS‑ATCN
	PM2.5
	1 hr
	NR
	0.997
	6.661
	(Sundaramoorthy 2024)

	S118
	BREATH‑Net
	NO2
	1 hr
	0.96
	5.11
	9.06
	(Verma et al. 2024)

	S119
	GEDE
	PM2.5
	1 hr
	0.88
	10.6
	14.12
	(Vu et al. 2024)

	
	GEDE
	PM2.5
	1 hr
	0.59
	2.16
	3.19
	

	S120
	TCN
	SO2
	1 hr
	NR
	NR
	1.86
	(Wang et al. 2024a)

	S121
	VMD–GAT–BiLSTM
	PM2.5
	1 hr
	NR
	10.87
	15.75
	(Wang et al. 2024b)

	S122
	DPI
	PM2.5
	1 hr
	0.973
	1.998
	2.556
	(Xie 2024)

	S123
	CNN-LSTM-SE
	PM2.5
	1 hr
	0.95
	3.57
	4.94
	(Yang et al. 2024b)

	
	CNN-LSTM-SE
	PM2.5
	1 hr
	0.9
	4.43
	5.76
	

	
	CNN-LSTM-SE
	PM2.5
	1 hr
	0.94
	3.33
	4.35
	

	
	CNN-LSTM-SE
	PM2.5
	1 hr
	0.91
	3.53
	5.19
	

	S124
	SGRU
	CO
	1 hr
	0.99
	NR
	0.009
	(Yang et al. 2024a)

	
	SGRU
	CO
	1 hr
	0.75
	NR
	0.016
	

	
	SGRU
	CO
	1 hr
	0.95
	NR
	0.007
	

	
	SGRU
	CO
	1 hr
	0.97
	NR
	0.009
	

	
	SGRU
	CO
	1 hr
	0.99
	NR
	0.006
	

	
	SGRU
	CO
	1 hr
	0.99
	NR
	0.011
	

	
	SGRU
	CO
	1 hr
	0.99
	NR
	0.011
	

	
	SGRU
	CO
	1 hr
	0.99
	NR
	0.005
	

	
	SGRU
	CO
	1 hr
	0.96
	NR
	0.008
	

	
	SGRU
	CO
	1 hr
	0.99
	NR
	0.016
	

	S125
	WOA-VMD-BiLSTM 
	PM2.5
	1 hr
	0.968
	10.21
	16.77
	(Zeng et al. 2024)

	S126
	MSTGAN
	PM2.5
	24 hr
	0.51
	28.3
	45.56
	(Zhou et al. 2024)

	
	MSTGAN
	PM2.5
	24 hr
	0.68
	21.09
	36.44
	

	
	MSTGAN
	PM2.5
	24 hr
	0.42
	12.22
	18.32
	

	S127
	KSC-ConvLSTM 
	PM2.5
	1 hr
	0.959
	4.674
	7.347
	(Chen et al. 2025a)

	S128
	LSTM with Attention
	PM2.5
	1 hr
	0.947
	11.73
	22.53
	(Karnati et al. 2025)

	S129
	O3ConvNet
	O3
	1 hr
	0.937
	6.984
	10.673
	(Li et al. 2025a)

	
	O3ConvNet
	O3
	1 hr
	0.88
	7.793
	14.349
	

	S130
	Bi-LSTM
	O3
	1 hr
	0.66
	11.51
	15.32
	(Lin et al. 2025)

	S131
	DNDF
	PM2.5
	1 hr
	0.9017
	6.0002
	8.9814
	(Rad et al. 2025)

	S132
	CNN-GRU
	NO2
	24 hr
	0.9287
	0.137
	0.269
	(Uluocak et al. 2025)

	
	CNN-GRU
	NO2
	24 hr
	0.9517
	0.489
	0.244
	

	S133
	TG-Hybrid
	AQI
	1 hr
	0.9871
	3.57
	7.485
	(Wang et al. 2025a)

	
	TG-Hybrid 
	AQI
	1 hr
	0.99
	3.651
	6.407
	

	S134
	SLNet
	NO2
	1 hr
	0.887
	3.479
	4.913
	(Wang et al. 2025b)

	S135
	CNN-RNN
	PM2.5
	1 hr
	0.995
	1.62
	2.68
	(Utku et al. 2025)

	
	CNN-RNN
	PM2.5
	1 hr
	0.834
	2.511
	3.476
	

	
	CNN-RNN
	PM2.5
	1 hr
	0.995
	0.516
	0.983
	

	S136
	MEMD-L SHADE-Transformer
	PM2.5
	24 hr
	0.97
	1.07
	1.88
	(Tang et al. 2025)

	
	MEMD-L SHADE-Transformer
	PM2.5
	24 hr
	0.96
	0.5
	0.84
	

	
	MEMD-L SHADE-Transformer
	PM2.5
	24 hr
	0.98
	1.47
	2.24
	

	
	MEMD-L SHADE-Transformer
	PM2.5
	24 hr
	0.97
	0.58
	0.62
	

	S137
	LSTM
	PM2.5
	24 hr
	0.64
	NR
	9.32
	(Lee et al. 2025)

	S138
	CNN-LSTM
	AQI
	24 hr
	NR
	27.65
	34.53
	(Mohapatra et al. 2025)

	S139
	RF-CNN
	PM2.5
	1 hr
	NR
	3
	3.879
	(Attanayake et al. 2025)

	
	RF-CNN
	PM2.5
	1 hr
	NR
	3.108
	4.22
	

	
	RF-CNN
	PM2.5
	1 hr
	NR
	3.093
	4.347
	

	
	RF-CNN
	PM2.5
	1 hr
	NR
	3.415
	5.07
	

	
	RF-CNN
	PM2.5
	1 hr
	NR
	2.525
	3.219
	

	
	RF-CNN
	PM2.5
	1 hr
	NR
	6.27
	8.9
	

	
	RF-CNN
	PM2.5
	1 hr
	NR
	3.212
	4.015
	

	S140
	STL-TimesNet-iTransformer-CPO 
	AQI
	1 hr
	0.949
	5.118
	7.488
	(Ma et al. 2025)

	
	STL-TimesNet-iTransformer-CPO 
	AQI
	1 hr
	0.947
	3.185
	4.004
	

	
	STL-TimesNet-iTransformer-CPO 
	AQI
	1 hr
	0.967
	2.117
	2.792
	

	
	STL-TimesNet-iTransformer-CPO 
	AQI
	1 hr
	0.972
	3.394
	4.653
	

	
	STL-TimesNet-iTransformer-CPO 
	AQI
	1 hr
	0.994
	1.976
	2.712
	

	S141
	CNN-BiLSTM-Attention
	AQI
	24 hr
	0.9685
	3.16
	4.75
	(Xinxin 2025)

	S142
	AKF_LSTM_xAI
	SO2
	24 hr
	0.991
	NR
	0.382
	(Agbehadji and Obagbuwa 2025)

	S143
	SwinLSTM
	PM10
	1 hr
	0.97
	0.009
	NR
	(Xie et al. 2025)

	S144
	RFAWPSO-BP
	AQI
	24 hr
	0.948
	2.42
	2.58
	(Zhu et al. 2025)

	S145
	 CNN-1D-2
	AQI
	24 hr
	0.9995
	2.1432
	3.0088
	(Naveed et al. 2025)

	S146
	GRU-NN
	AQI
	24 hr
	NR
	NR
	0.201
	(Psaropa et al. 2025)

	S147
	Optuna-EEMD-GRU
	AQI
	24 hr
	0.93
	3.9
	5.12
	(Huang et al. 2025)

	S148
	RF-IChOA-CNN-LSTM-Attention 
	PM2.5
	10 min
	0.964
	11.114
	18.828
	(Wei and Du 2025)

	
	RF-IChOA-CNN-LSTM-Attention 
	PM2.5
	10 min
	0.966
	7.964
	11.427
	

	S149
	DMPNN
	O3
	24 hr
	0.754
	9.81
	13.01
	(Zavala-Romero et al. 2025)

	S150
	LSTM
	PM2.5
	1 hr
	0.9976
	NR
	0.7
	(Patel et al. 2025)

	
	LSTM
	PM2.5
	1 hr
	0.997
	NR
	0.54
	

	
	LSTM
	PM2.5
	1 hr
	0.9999
	NR
	0.15
	

	
	LSTM
	PM2.5
	1 hr
	0.9999
	NR
	0.15
	

	
	LSTM
	PM2.5
	1 hr
	0.998
	NR
	0.2
	

	
	LSTM
	PM10
	1 hr
	0.998
	NR
	0.37
	

	
	LSTM
	PM10
	1 hr
	0.9977
	NR
	0.73
	

	
	LSTM
	PM10
	1 hr
	0.994
	NR
	0.74
	

	
	LSTM
	PM10
	1 hr
	0.9938
	NR
	2.61
	

	
	LSTM
	PM10
	1 hr
	0.9965
	NR
	4.49
	

	151
	LSTM
	PM10
	1 hr
	0.3031
	NR
	16.39
	(Zrieq et al. 2025)

	
	LSTM
	PM10
	1 hr
	0.8029
	NR
	52.31
	

	
	LSTM
	PM10
	1 hr
	0.6474
	NR
	35.75
	

	
	LSTM
	PM10
	1 hr
	0.5947
	NR
	19.62
	

	
	LSTM
	PM10
	1 hr
	−0.3531
	NR
	14.45
	

	
	LSTM
	PM2.5
	1 hr
	0.4813
	NR
	8.988
	

	
	LSTM
	CO
	1 hr
	0.7195
	NR
	0.0763
	

	
	LSTM
	CO
	1 hr
	0.4261
	NR
	0.2992
	

	
	LSTM
	CO
	1 hr
	0.7735
	NR
	0.2227
	

	
	LSTM
	CO
	1 hr
	0.2445
	NR
	0.1204
	

	
	LSTM
	O3
	1 hr
	0.8073
	NR
	6.079
	

	
	LSTM
	O3
	1 hr
	0.7669
	NR
	12.89
	

	
	LSTM
	O3
	1 hr
	0.4514
	NR
	6.891
	

	S152
	kNNI-MLP
	AQI
	24 hr
	0.9999
	0.2723
	0.492
	(Lawrence and Bhathmanabhan 2025)

	S153
	KL-PV-CBGRU
	AQI
	6 hr
	0.996
	1.723
	4.349
	(Chen et al. 2025b)

	
	KL-PV-CBGRU
	AQI
	6 hr
	0.993
	2.397
	6.182
	

	S154
	CNN-LSTM-MHA+GRU
	AQI
	1 hr
	0.9757
	4.75
	6.28
	(T and G 2025)

	
	CNN-LSTM-MHA+GRU
	AQI
	1 hr
	0.981
	14.79
	16.79
	

	
	CNN-LSTM-MHA+GRU
	AQI
	1 hr
	0.9728
	7.11
	8.59
	

	S155
	GNN-SAGE-QNN
	O3
	1 hr
	0.8861
	NR
	5.5
	(Oliveira Santos et al. 2025)

	S156
	NLSTM
	PM2.5
	1 hr
	0.99
	1.33
	6.01
	(Li et al. 2025b)

	
	NLSTM
	PM10
	1 hr
	0.99
	0.89
	2.61
	

	
	NLSTM
	SO2
	1 hr
	0.99
	0.28
	1.79
	

	
	NLSTM
	NO2
	1 hr
	0.99
	0.12
	0.18
	

	
	NLSTM
	CO
	1 hr
	0.99
	24.9
	86.3
	

	
	NLSTM
	O3
	1 hr
	0.99
	0.24
	0.29
	

	S157
	MSTVFFN
	PM2.5
	12 hr
	0.85
	12.76
	23.72
	(Zhou et al. 2025)

	
	MSTVFFN
	PM10
	12 hr
	0.78
	19.96
	37.65
	

	
	MSTVFFN
	O3
	12 hr
	0.88
	12.84
	18.76
	

	
	MSTVFFN
	NO2
	12 hr
	0.77
	10.32
	14.45
	

	S158
	TCN-SENet-BiGRU-CBAM
	AQI
	1 hr
	NR
	5.079
	10.414
	(Mao et al. 2025)

	
	TCN-SENet-BiGRU-CBAM
	PM2.5
	1 hr
	NR
	6.928
	11.151
	

	
	TCN-SENet-BiGRU-CBAM
	SO2
	1 hr
	NR
	0.312
	0.481
	

	S159
	FCNN
	PM2.5
	1 hr
	0.7225
	NR
	12.73
	(El Mghouchi and Udristioiu 2025)

	
	FCNN
	PM10
	1 hr
	0.5776
	NR
	23.26
	



References
Abbas Z, Raina P (2023) A wavelet enhanced approach with ensemble based deep learning approach to detect air pollution. Multimed Tools Appl 83:17531–17555. https://doi.org/10.1007/s11042-023-16167-2
Abirami S, Chitra P (2021) Regional air quality forecasting using spatiotemporal deep learning. Journal of Cleaner Production 283:125341. https://doi.org/10.1016/j.jclepro.2020.125341
Agbehadji IE, Obagbuwa IC (2025) Integration of Explainable Artificial Intelligence into Hybrid Long Short-Term Memory and Adaptive Kalman Filter for Sulfur Dioxide (SO2) Prediction in Kimberley, South Africa. Atmosphere 16:523. https://doi.org/10.3390/atmos16050523
Aggarwal A, Toshniwal D (2021) A hybrid deep learning framework for urban air quality forecasting. Journal of Cleaner Production 329:129660. https://doi.org/10.1016/j.jclepro.2021.129660
Ahmed M, Xiao Z, Shen Y (2022) Estimation of Ground PM2.5 Concentrations in Pakistan Using Convolutional Neural Network and Multi-Pollutant Satellite Images. Remote Sensing 14:1735. https://doi.org/10.3390/rs14071735
Alawi OA, Kamar HM, Alsuwaiyan A, Yaseen ZM (2024) Temporal trends and predictive modeling of air pollutants in Delhi: a comparative study of artificial intelligence models. Sci Rep 14:30957. https://doi.org/10.1038/s41598-024-82117-z
Arsov M, Zdravevski E, Lameski P, et al (2021) Multi-Horizon Air Pollution Forecasting with Deep Neural Networks. Sensors 21:1235. https://doi.org/10.3390/s21041235
Asaei-Moamam Z-S, Safi-Esfahani F, Mirjalili S, et al (2023) Air quality particulate-pollution prediction applying GAN network and the Neural Turing Machine. Applied Soft Computing 147:110723. https://doi.org/10.1016/j.asoc.2023.110723
Attanayake G, Senarathna M, Bergin M, et al (2025) An Rf-Cnn Pipeline for Predicting Pm2.5 Concentration in Sri Lanka
Ayus I, Natarajan N, Gupta D (2023) Comparison of machine learning and deep learning techniques for the prediction of air pollution: a case study from China. Asian J Atmos Environ 17:4. https://doi.org/10.1007/s44273-023-00005-w
Bekkar A, Hssina B, Douzi S, Douzi K (2021) Air-pollution prediction in smart city, deep learning approach. J Big Data 8:161. https://doi.org/10.1186/s40537-021-00548-1
Chang Y-S, Chiao H-T, Abimannan S, et al (2020) An LSTM-based aggregated model for air pollution forecasting. Atmospheric Pollution Research 11:1451–1463. https://doi.org/10.1016/j.apr.2020.05.015
Chatterjee K, Kumar SS, Kumar RP, et al (2024) Future Air Quality Prediction Using Long Short-Term Memory Based on Hyper Heuristic Multi-Chain Model. 12:
Che J (2024) Short-term air quality prediction using point and interval deep learning systems coupled with multi-factor decomposition and data-driven tree compression. Applied Soft Computing
Chen G, Chen S, Li D, Chen C (2025a) A hybrid deep learning air pollution prediction approach based on neighborhood selection and spatio-temporal attention. Sci Rep 15:3685. https://doi.org/10.1038/s41598-025-88086-1
Chen Q (2024) An adaptive adjacency matrix-based graph convolutional recurrent network for air quality prediction. Scientific Reports
Chen S, Zhao Q, Chen Z, et al (2025b) A Hybrid Air Quality Prediction Model Integrating KL-PV-CBGRU: Case Studies of Shijiazhuang and Beijing. Atmosphere 16:965. https://doi.org/10.3390/atmos16080965
Chen X, Hu Y, Dong F, et al (2024a) A multi-graph spatial-temporal attention network for air-quality prediction. Process Safety and Environmental Protection 181:442–451. https://doi.org/10.1016/j.psep.2023.11.040
Chen X, Xia H, Wu M, et al (2024b) Spatiotemporal hierarchical transmit neural network for regional-level air-quality prediction. Knowledge-Based Systems 289:111555. https://doi.org/10.1016/j.knosys.2024.111555
Chiang Y-L, Wang J-C, Lee M-H, et al (2024) Deep-Learning-Based Multi-Timestamp Multi-Location PM 2.5 Prediction: Verification by Using a Mobile Monitoring System With an IoT Framework Deployed in the Urban Zone of a Metropolitan Area. IEEE Internet Things J 11:8815–8837. https://doi.org/10.1109/JIOT.2023.3322862
Choudhury A, Middya AI, Roy S (2022) Attention enhanced hybrid model for spatiotemporal short-term forecasting of particulate matter concentrations. Sustainable Cities and Society 86:104112. https://doi.org/10.1016/j.scs.2022.104112
Dai H, Huang G, Wang J, et al (2021) Prediction of Air Pollutant Concentration Based on One-Dimensional Multi-Scale CNN-LSTM Considering Spatial-Temporal Characteristics: A Case Study of Xi’an, China. Atmosphere 12:1626. https://doi.org/10.3390/atmos12121626
Dai H, Huang G, Zeng H, Zhou F (2022) PM2.5 volatility prediction by XGBoost-MLP based on GARCH models. Journal of Cleaner Production 356:131898. https://doi.org/10.1016/j.jclepro.2022.131898
Das B, Dursun ÖO, Toraman S (2022) Prediction of air pollutants for air quality using deep learning methods in a metropolitan city. Urban Climate 46:101291. https://doi.org/10.1016/j.uclim.2022.101291
Dey S (2024) Urban air quality index forecasting using multivariate convolutional neural network based customized stacked long short-term memory model. Process Safety and Environmental Protection 191:375–389. https://doi.org/10.1016/j.psep.2024.08.076
Duan J, Gong Y, Luo J, Zhao Z (2023) Air-quality prediction based on the ARIMA-CNN-LSTM combination model optimized by dung beetle optimizer. Sci Rep 13:12127. https://doi.org/10.1038/s41598-023-36620-4
Dutta D, Pal SK (2023) Prediction and assessment of the impact of COVID-19 lockdown on air quality over Kolkata: a deep transfer learning approach. Environ Monit Assess 195:223. https://doi.org/10.1007/s10661-022-10761-x
El Mghouchi Y, Udristioiu MT (2025) On the Prediction and Forecasting of PMs and Air Pollution: An Application of Deep Hybrid AI-Based Models. Applied Sciences 15:8254. https://doi.org/10.3390/app15158254
Eren B, Aksangür İ, Erden C (2023) Predicting next hour fine particulate matter (PM2.5) in the Istanbul Metropolitan City using deep learning algorithms with time windowing strategy. Urban Climate 48:101418. https://doi.org/10.1016/j.uclim.2023.101418
Fang W, Zhu R, Lin JC-W (2023) An air quality prediction model based on improved Vanilla LSTM with multichannel input and multiroute output. Expert Systems with Applications 211:118422. https://doi.org/10.1016/j.eswa.2022.118422
Feldman A, Kendler S, Marshall J, et al (2024) Urban Air-Quality Estimation Using Visual Cues and a Deep Convolutional Neural Network in Bengaluru (Bangalore), India. Environ Sci Technol 58:480–487. https://doi.org/10.1021/acs.est.3c04495
Fong IH, Li T, Fong S, et al (2020) Predicting concentration levels of air pollutants by transfer learning and recurrent neural network. Knowledge-Based Systems 192:105622. https://doi.org/10.1016/j.knosys.2020.105622
González-Enrique J, Ruiz-Aguilar JJ, Moscoso-López JA, et al (2021) Artificial Neural Networks, Sequence-to-Sequence LSTMs, and Exogenous Variables as Analytical Tools for NO2 (Air Pollution) Forecasting: A Case Study in the Bay of Algeciras (Spain). Sensors 21:1770. https://doi.org/10.3390/s21051770
Guo Z, Jing X, Ling Y, et al (2024) Optimized air quality management based on air quality index prediction and air pollutants identification in representative cities in China. Sci Rep 14:17923. https://doi.org/10.1038/s41598-024-68972-w
Guo Z, Yang C, Wang D, Liu H (2023) A novel deep learning model integrating CNN and GRU to predict particulate matter concentrations. Process Safety and Environmental Protection 173:604–613. https://doi.org/10.1016/j.psep.2023.03.052
Haghbayan S, Momeni M, Tashayo B (2024) A new attention-based CNN_GRU model for spatial–temporal PM2.5 prediction. Environ Sci Pollut Res 31:53140–53155. https://doi.org/10.1007/s11356-024-34690-z
Han Z, Xie Y, Moinul Hossain Md, Xu C (2023) A hybrid deep neural network model for NOx emission prediction of heavy oil-fired boiler flames. Fuel 333:126419. https://doi.org/10.1016/j.fuel.2022.126419
Heydari A, Majidi Nezhad M, Astiaso Garcia D, et al (2022) Air pollution forecasting application based on deep learning model and optimization algorithm. Clean Techn Environ Policy 24:607–621. https://doi.org/10.1007/s10098-021-02080-5
Hong F, Ji C, Rao J, et al (2023) Hourly ozone level prediction based on the characterization of its periodic behavior via deep learning. Process Safety and Environmental Protection 174:28–38. https://doi.org/10.1016/j.psep.2023.03.059
Hu W, Zhang Z, Zhang S, et al (2024) Learning spatiotemporal dependencies using adaptive hierarchical graph convolutional neural network for air quality prediction. Journal of Cleaner Production 459:142541. https://doi.org/10.1016/j.jclepro.2024.142541
Huang M-L, Chamnisampan N, Ke Y-R (2025) A Deep Learning Model Integrating EEMD and GRU for Air Quality Index Forecasting. Atmosphere 16:1095. https://doi.org/10.3390/atmos16091095
Huang Y, Ying JJ-C, Tseng VS (2021) Spatio-attention embedded recurrent neural network for air quality prediction. Knowledge-Based Systems 233:107416. https://doi.org/10.1016/j.knosys.2021.107416
Inapakurthi RK, Miriyala SS, Mitra K (2021) Deep learning based dynamic behavior modelling and prediction of particulate matter in air. Chemical Engineering Journal 426:131221. https://doi.org/10.1016/j.cej.2021.131221
Jairi I (2024) Enhancing air pollution prediction: A neural transfer learning approach across different air pollutants. Environmental Technology
Jamei M, Ali M, Malik A, et al (2022) Air quality monitoring based on chemical and meteorological drivers: Application of a novel data filtering-based hybridized deep learning model. Journal of Cleaner Production 374:134011. https://doi.org/10.1016/j.jclepro.2022.134011
Janarthanan R, Partheeban P, Somasundaram K, Navin Elamparithi P (2021) A deep learning approach for prediction of air quality index in a metropolitan city. Sustainable Cities and Society 67:102720. https://doi.org/10.1016/j.scs.2021.102720
Jiménez-Navarro MJ, Martínez-Ballesteros M, Martínez-Álvarez F, Asencio-Cortés G (2024) Explaining deep learning models for ozone pollution prediction via embedded feature selection. Applied Soft Computing 157:111504. https://doi.org/10.1016/j.asoc.2024.111504
K M, R R sekar, Avr M, et al (2022) 5G Narrow Band-IoT Based Air Contamination Prediction Using Recurrent Neural Network. Sustainable Computing: Informatics and Systems 33:100619. https://doi.org/10.1016/j.suscom.2021.100619
Kabir S, Islam RU, Hossain MS, Andersson K (2022) An integrated approach of Belief Rule Base and Convolutional Neural Network to monitor air quality in Shanghai. Expert Systems with Applications 206:117905. https://doi.org/10.1016/j.eswa.2022.117905
Karnati H, Soma A, Alam A, Kalaavathi B (2025) Comprehensive analysis of various imputation and forecasting models for predicting PM2.5 pollutant in Delhi. Neural Comput & Applic. https://doi.org/10.1007/s00521-025-11047-2
Khadom AA (2024) Predicting air quality index and fine particulate matter levels in Bagdad city using advanced machine learning and deep learning techniques
Kim D, Han H, Wang W, et al (2022) Application of Deep Learning Models and Network Method for Comprehensive Air-Quality Index Prediction. Applied Sciences 12:6699. https://doi.org/10.3390/app12136699
Kim Y, Park S-B, Lee S, Park Y-K (2023) Comparison of PM2.5 prediction performance of the three deep learning models: A case study of Seoul, Daejeon, and Busan. Journal of Industrial and Engineering Chemistry 120:159–169. https://doi.org/10.1016/j.jiec.2022.12.022
Koo Y-S, Kwon H-Y, Bae H, et al (2023) A Development of PM2.5 Forecasting System in South Korea Using Chemical Transport Modeling and Machine Learning. Asia-Pac J Atmos Sci 59:577–595. https://doi.org/10.1007/s13143-023-00314-8
Kristiani E, Lin H, Lin J-R, et al (2022) Short-Term Prediction of PM2.5 Using LSTM Deep Learning Methods. Sustainability 14:2068. https://doi.org/10.3390/su14042068
Kumar S, Kumar V (2024) Multi-view Stacked CNN-BiLSTM (MvS CNN-BiLSTM) for urban P M 2 . 5 concentration prediction of India’s polluted cities. Journal of Cleaner Production 444:141259. https://doi.org/10.1016/j.jclepro.2024.141259
Kurnaz G, Demir AS (2022) Prediction of SO2 and PM10 air pollutants using a deep learning-based recurrent neural network: Case of industrial city Sakarya. Urban Climate 41:101051. https://doi.org/10.1016/j.uclim.2021.101051
Lawrence S, Bhathmanabhan S (2025) Evaluating machine learning models and imputation strategies for Air Quality Index forecasting in urban India. Environ Monit Assess 197:1303. https://doi.org/10.1007/s10661-025-14700-4
Lee C-Y, Lee J-Y, Han S-H, et al (2025) Performance Evaluation of PM2.5 Forecasting Using SARIMAX and LSTM in the Korean Peninsula. Atmosphere 16:524. https://doi.org/10.3390/atmos16050524
Lee YS, Choi E, Park M, et al (2023) Feature extraction and prediction of fine particulate matter (PM2.5) chemical constituents using four machine learning models. Expert Systems with Applications 221:119696. https://doi.org/10.1016/j.eswa.2023.119696
Li A, Li J, Shen Z (2025a) An efficient modern convolution-based dynamic spatiotemporal deep learning architecture for ozone prediction. Environmental Modelling & Software 188:106424. https://doi.org/10.1016/j.envsoft.2025.106424
Li D, Liu J, Zhao Y (2022a) Prediction of Multi-Site PM2.5 Concentrations in Beijing Using CNN-Bi LSTM with CBAM. Atmosphere 13:1719. https://doi.org/10.3390/atmos13101719
Li D, Liu J, Zhao Y (2022b) Forecasting of PM2.5 Concentration in Beijing Using Hybrid Deep Learning Framework Based on Attention Mechanism. Applied Sciences 12:11155. https://doi.org/10.3390/app122111155
Li S, Xie G, Ren J, et al (2020) Urban PM2.5 Concentration Prediction via Attention-Based CNN–LSTM. Applied Sciences 10:1953. https://doi.org/10.3390/app10061953
Li W, Jiang X (2023) Prediction of air pollutant concentrations based on TCN-BiLSTM-DMAttention with STL decomposition. Sci Rep 13:4665. https://doi.org/10.1038/s41598-023-31569-w
Li W, Zhang Y, Liu Y (2025b) Multivariate Air Quality Forecasting with Residual Nested LSTM Neural Network Based on DSWT. Sustainability 17:2244. https://doi.org/10.3390/su17052244
Li Y, Li R (2023) A hybrid model for daily air quality index prediction and its performance in the face of impact effect of COVID-19 lockdown. Process Safety and Environmental Protection 176:673–684. https://doi.org/10.1016/j.psep.2023.06.021
Li Y, Peng T, Hua L, et al (2022c) Research and application of an evolutionary deep learning model based on improved grey wolf optimization algorithm and DBN-ELM for AQI prediction. Sustainable Cities and Society 87:104209. https://doi.org/10.1016/j.scs.2022.104209
Liang Y, Ma J, Tang C, et al (2023) Hourly forecasting on PM2.5 concentrations using a deep neural network with meteorology inputs. Environ Monit Assess 195:1510. https://doi.org/10.1007/s10661-023-12081-0
Lin G, Zhao H, Chi Y (2025) A comprehensive evaluation of deep learning approaches for ground-level ozone prediction across different regions. Ecological Informatics 86:103024. https://doi.org/10.1016/j.ecoinf.2025.103024
Liu N, Liu X, Jayaratne R, Morawska L (2020) A study on extending the use of air quality monitor data via deep learning techniques. Journal of Cleaner Production 274:122956. https://doi.org/10.1016/j.jclepro.2020.122956
Lu X, Ye C, Shan M, et al (2023) The Prediction of PM2.5 Concentration Using Transfer Learning Based on ADGRU. Water Air Soil Pollut 234:258. https://doi.org/10.1007/s11270-023-06271-2
Lu Y, Li K (2023) Multistation collaborative prediction of air pollutants based on the CNN-BiLSTM model. Environ Sci Pollut Res 30:92417–92435. https://doi.org/10.1007/s11356-023-28877-z
Ma G, Xu K, Zhang Y, et al (2025) A novel deep learning model for air quality index prediction integrating time series decomposition and intelligent optimization. Results in Engineering 27:106078. https://doi.org/10.1016/j.rineng.2025.106078
Ma J, Cheng JCP, Lin C, et al (2019a) Improving air quality prediction accuracy at larger temporal resolutions using deep learning and transfer learning techniques. Atmospheric Environment 214:116885. https://doi.org/10.1016/j.atmosenv.2019.116885
Ma J, Ding Y, Cheng JCP, et al (2020) A Lag-FLSTM deep learning network based on Bayesian Optimization for multi-sequential-variant PM2.5 prediction. Sustainable Cities and Society 60:102237. https://doi.org/10.1016/j.scs.2020.102237
Ma J, Ding Y, Cheng JCP, et al (2019b) A temporal-spatial interpolation and extrapolation method based on geographic Long Short-Term Memory neural network for PM2.5. Journal of Cleaner Production 237:117729. https://doi.org/10.1016/j.jclepro.2019.117729
Manna T, Anitha A (2024) Hybridization of rough set–wrapper method with regularized combinational LSTM for seasonal air quality index prediction. Neural Comput & Applic 36:2921–2940. https://doi.org/10.1007/s00521-023-09220-6
Mao W, Jiao L, Wang W, et al (2021a) A hybrid integrated deep learning model for predicting various air pollutants. GIScience & Remote Sensing 58:1395–1412. https://doi.org/10.1080/15481603.2021.1988429
Mao W, Wang W, Jiao L, et al (2021b) Modeling air quality prediction using a deep learning approach: Method optimization and evaluation. Sustainable Cities and Society 65:102567. https://doi.org/10.1016/j.scs.2020.102567
Mao X, Liu G, Qin Y, Wang J (2025) An Improved TCN-BiGRU Architecture with Dual Attention Mechanisms for Spatiotemporal Simulation Systems: Application to Air Pollution Prediction. Applied Sciences 15:9274. https://doi.org/10.3390/app15179274
Menares C, Perez P, Parraguez S, Fleming ZL (2021) Forecasting PM2.5 levels in Santiago de Chile using deep learning neural networks. Urban Climate 38:100906. https://doi.org/10.1016/j.uclim.2021.100906
Mengara Mengara AG, Kim Y, Yoo Y, Ahn J (2020) Distributed Deep Features Extraction Model for Air Quality Forecasting. Sustainability 12:8014. https://doi.org/10.3390/su12198014
Mishra A, Gupta Y (2024) Comparative analysis of Air Quality Index prediction using deep learning algorithms. Spat Inf Res 32:63–72. https://doi.org/10.1007/s41324-023-00541-1
Mohan AS, Abraham L (2024) An ensemble deep learning approach for air quality estimation in Delhi, India. Earth Sci Inform. https://doi.org/10.1007/s12145-023-01210-5
Mohapatra E, Das M, Rath S (2025) Deep learning-based AQI forecasting: a CNN-LSTM model with visual insights from SHAP-LIME and PDP. Discov Appl Sci 7:1326. https://doi.org/10.1007/s42452-025-07845-x
Moursi AS, El-Fishawy N, Djahel S, Shouman MA (2021) An IoT enabled system for enhanced air quality monitoring and prediction on the edge. Complex Intell Syst 7:2923–2947. https://doi.org/10.1007/s40747-021-00476-w
Moursi ASA, El-Fishawy N, Djahel S, Shouman MA (2022) Enhancing PM2.5 Prediction Using NARX-Based Combined CNN and LSTM Hybrid Model. Sensors 22:4418. https://doi.org/10.3390/s22124418
Muruganandam NS, Arumugam U (2022) Seminal Stacked Long Short-Term Memory (SS-LSTM) Model for Forecasting Particulate Matter (PM2.5 and PM10). Atmosphere 13:1726. https://doi.org/10.3390/atmos13101726
Muthukumar P, Cocom E, Nagrecha K, et al (2022) Predicting PM2.5 atmospheric air pollution using deep learning with meteorological data and ground-based observations and remote-sensing satellite big data. Air Qual Atmos Health 15:1221–1234. https://doi.org/10.1007/s11869-021-01126-3
Narkhede G, Hiwale A, Tidke B, Khadse C (2023) Novel MIA-LSTM Deep Learning Hybrid Model with Data Preprocessing for Forecasting of PM2.5. Algorithms 16:52. https://doi.org/10.3390/a16010052
Navares R, Aznarte JL (2020) Predicting air quality with deep learning LSTM: Towards comprehensive models. Ecological Informatics 55:101019. https://doi.org/10.1016/j.ecoinf.2019.101019
Naveed K, Umer T, Asghar AB, et al (2025) Machine learning assisted predictive urban digital twin for intelligent monitoring of air quality index for smart city environment. Environmental Modelling & Software 192:106559. https://doi.org/10.1016/j.envsoft.2025.106559
Naz F, Mccann C, Fahim M, et al (2023) Comparative Analysis of Deep Learning and Statistical Models for Air Pollutants Prediction in Urban Areas. IEEE Access 11:64016–64025. https://doi.org/10.1109/ACCESS.2023.3289153
Nguyen AT (2024) Predicting air quality index using attention hybrid deep learning and quantum-inspired particle swarm optimization
Nguyen HAD, Ha QP, Duc H, et al (2023) Long Short-Term Memory Bayesian Neural Network for Air Pollution Forecast. IEEE Access 11:35710–35725. https://doi.org/10.1109/ACCESS.2023.3265725
Oliveira Santos V, Costa Rocha PA, Thé JVG, Gharabaghi B (2025) Optimizing the Architecture of a Quantum–Classical Hybrid Machine Learning Model for Forecasting Ozone Concentrations: Air Quality Management Tool for Houston, Texas. Atmosphere 16:255. https://doi.org/10.3390/atmos16030255
Omri T (2024) Evaluation of hybrid deep learning approaches for air pollution forecasting. International Journal of Environmental Science and Technology
Pande CB, Radhadevi L, Satyanarayana MB (2024) Evaluation of machine learning and deep learning models for daily air quality index prediction in Delhi city, India. Environ Monit Assess 196:1215. https://doi.org/10.1007/s10661-024-13351-1
Pari P, Abbasi T, Abbasi SA (2024) AI-based prediction of the improvement in air quality induced by emergency measures. Journal of Environmental Management 351:119716. https://doi.org/10.1016/j.jenvman.2023.119716
Patel P, Patel S, Shah K, et al (2025) A systematic study on PM2.5 and PM10 concentration prediction in air pollution using machine learning and deep learning model. Environmental Chemistry and Ecotoxicology 7:1401–1415. https://doi.org/10.1016/j.enceco.2025.07.001
Prado-Rujas I-I, García-Dopico A, Serrano E, et al (2024) A multivariable sensor-agnostic framework for spatio-temporal air quality forecasting based on Deep Learning. Engineering Applications of Artificial Intelligence 127:107271. https://doi.org/10.1016/j.engappai.2023.107271
Psaropa MX, Kontogiannis S, Lolis CJ, et al (2025) A Proposed Deep Learning Framework for Air Quality Forecasts, Combining Localized Particle Concentration Measurements and Meteorological Data. Applied Sciences 15:7432. https://doi.org/10.3390/app15137432
Qing L (2023) PM2.5 Concentration Prediction Using GRA-GRU Network in Air Monitoring. Sustainability 15:1973. https://doi.org/10.3390/su15031973
Rad AK, Nematollahi MJ, Pak A, Mahmoudi M (2025) Predictive modeling of air quality in the Tehran megacity via deep learning techniques. Sci Rep 15:1367. https://doi.org/10.1038/s41598-024-84550-6
Rani Hemamalini R, Vinodhini R, Shanthini B, et al (2022) Air quality monitoring and forecasting using smart drones and recurrent neural network for sustainable development in Chennai city. Sustainable Cities and Society 85:104077. https://doi.org/10.1016/j.scs.2022.104077
Rezaali M, Jahangir MS, Fouladi-Fard R, Keellings D (2024) An ensemble deep learning approach to spatiotemporal tropospheric ozone forecasting: A case study of Tehran, Iran. Urban Climate 55:101950. https://doi.org/10.1016/j.uclim.2024.101950
Sayeed A, Choi Y, Eslami E, et al (2021) A novel CMAQ-CNN hybrid model to forecast hourly surface-ozone concentrations 14 days in advance. Sci Rep 11:10891. https://doi.org/10.1038/s41598-021-90446-6
Shakya D, Deshpande V, Goyal MK, Agarwal M (2023) PM2.5 air pollution prediction through deep learning using meteorological, vehicular, and emission data: A case study of New Delhi, India. Journal of Cleaner Production 427:139278. https://doi.org/10.1016/j.jclepro.2023.139278
Son R, Stratoulias D, Kim HC, Yoon J-H (2023) Estimation of surface PM2.5 concentrations from atmospheric gas species retrieved from TROPOMI using deep learning: Impacts of fire on air pollution over Thailand. Atmospheric Pollution Research 14:101875. https://doi.org/10.1016/j.apr.2023.101875
Srivastava H, Kumar Das S (2023) Air pollution prediction system using XRSTH-LSTM algorithm. Environ Sci Pollut Res 30:125313–125327. https://doi.org/10.1007/s11356-023-28393-0
Sun H, Fung JCH, Chen Y, et al (2021) Improvement of PM2.5 and O3 forecasting by integration of 3D numerical simulation with deep learning techniques. Sustainable Cities and Society 75:103372. https://doi.org/10.1016/j.scs.2021.103372
Sundaramoorthy RA (2024) Implementing heuristic-based multiscale depth-wise separable adaptive temporal convolutional network for ambient air quality prediction using real time data. Scientific Reports
Suriya, Natsagdorj N, Aorigele, et al (2023) Prediction of PM2.5 concentration in Ulaanbaatar with deep learning models. Urban Climate 47:101357. https://doi.org/10.1016/j.uclim.2022.101357
T S, G MR (2025) Accurate hourly AQI prediction using temporal CNN-LSTM-MHA+GRU: A case study of seasonal variations and pollution extremes in Visakhapatnam, India. Results in Engineering 27:106303. https://doi.org/10.1016/j.rineng.2025.106303
Tang B, Li Q, Huang T (2025) Development of a decomposition-optimization-transformer hybrid model for spatiotemporal forecasting of PM2.5 air pollution in Chinese cities: A case study. Ecotoxicology and Environmental Safety 305:119209. https://doi.org/10.1016/j.ecoenv.2025.119209
Thakur N, Karmakar S, Shrivastava R (2023) Hybrid deep learning algorithms for forecasting air quality index using dimension reduction technique in search of precise results. Int j inf tecnol 15:3181–3187. https://doi.org/10.1007/s41870-023-01350-3
Tian J, Liu Y, Zheng W, Yin L (2022) Smog prediction based on the deep belief - BP neural network model (DBN-BP). Urban Climate 41:101078. https://doi.org/10.1016/j.uclim.2021.101078
Uluocak I, Pinar E, Bilgili M (2025) Atmospheric NO2 concentration prediction with statistical and hybrid deep learning methods. Environ Ecol Stat 32:89–118. https://doi.org/10.1007/s10651-024-00637-3
Utku A, Can U, Alpsülün M, et al (2025) Advancing Air Quality Monitoring: Deep Learning-Based CNN-RNN Hybrid Model for PM2.5 Forecasting. Atmosphere 16:1003. https://doi.org/10.3390/atmos16091003
Verma A, Ranga V, Vishwakarma DK (2024) BREATH-Net: a novel deep learning framework for NO2 prediction using bi-directional encoder with transformer. Environ Monit Assess 196:340. https://doi.org/10.1007/s10661-024-12455-y
Vu VH, Nguyen DL, Nguyen TH, et al (2024) Self-supervised air quality estimation with graph neural network assistance and attention enhancement. Neural Comput & Applic 36:11171–11193. https://doi.org/10.1007/s00521-024-09637-7
Wang C, Zheng J, Du J, et al (2022a) Weather condition-based hybrid models for multiple air pollutants forecasting and minimisation. Journal of Cleaner Production 352:131610. https://doi.org/10.1016/j.jclepro.2022.131610
Wang D, Wang H-W, Lu K-F, et al (2022b) Regional Prediction of Ozone and Fine Particulate Matter Using Diffusion Convolutional Recurrent Neural Network. IJERPH 19:3988. https://doi.org/10.3390/ijerph19073988
Wang H-W, Li X-B, Wang D, et al (2020) Regional prediction of ground-level ozone using a hybrid sequence-to-sequence deep learning approach. Journal of Cleaner Production 253:119841. https://doi.org/10.1016/j.jclepro.2019.119841
Wang K, Yang T, Kong S, Li M (2025a) Air quality index prediction through TimeGAN data recovery and PSO-optimized VMD-deep learning framework. Applied Soft Computing 170:112626. https://doi.org/10.1016/j.asoc.2024.112626
Wang Q, Zhao H, Zhao Q, et al (2024a) Prediction of SO2 emission concentration in industrial flue gas based on deep learning: The ammonia desulfurization system of the Yunnan aluminum carbon plant as the research object. Process Safety and Environmental Protection 185:340–349. https://doi.org/10.1016/j.psep.2024.03.042
Wang S, Zhang S, Wang D, Li W (2025b) Spatial-and-local-aware deep learning approach for Ground-Level NO2 estimation in England with multisource data from satellite-based observations and chemical transport models. International Journal of Applied Earth Observation and Geoinformation 139:104506. https://doi.org/10.1016/j.jag.2025.104506
Wang W, Mao W, Tong X, Xu G (2021) A Novel Recursive Model Based on a Convolutional Long Short-Term Memory Neural Network for Air Pollution Prediction. Remote Sensing 13:1284. https://doi.org/10.3390/rs13071284
Wang X, Zhang S, Chen Y, et al (2024b) Air quality forecasting using a spatiotemporal hybrid deep learning model based on VMD–GAT–BiLSTM. Sci Rep 14:17841. https://doi.org/10.1038/s41598-024-68874-x
Wang Z, Hu B, Huang B, et al (2022c) Predicting annual PM2.5 in mainland China from 2014 to 2020 using multi temporal satellite product: An improved deep learning approach with spatial generalization ability. ISPRS Journal of Photogrammetry and Remote Sensing 187:141–158. https://doi.org/10.1016/j.isprsjprs.2022.03.002
Wardana INK, Gardner JW, Fahmy SA (2021) Optimising Deep Learning at the Edge for Accurate Hourly Air Quality Prediction. Sensors 21:1064. https://doi.org/10.3390/s21041064
Wei M, Du X (2025) Apply a deep learning hybrid model optimized by an Improved Chimp Optimization Algorithm in PM2.5 prediction. Machine Learning with Applications 19:100624. https://doi.org/10.1016/j.mlwa.2025.100624
Wen C, Liu S, Yao X, et al (2019) A novel spatiotemporal convolutional long short-term neural network for air pollution prediction. Science of The Total Environment 654:1091–1099. https://doi.org/10.1016/j.scitotenv.2018.11.086
Xiao F, Yang M, Fan H, et al (2020) An improved deep learning model for predicting daily PM2.5 concentration. Sci Rep 10:20988. https://doi.org/10.1038/s41598-020-77757-w
Xie J, Liu F, Liu S, Jiang X (2025) An Approach to Spatiotemporal Air Quality Prediction Integrating SwinLSTM and Kriging Methods. Sustainability 17:2918. https://doi.org/10.3390/su17072918
Xie X (2024) Daily PM2.5 concentration prediction based on variational modal decomposition and deep learning for multi-site temporal and spatial fusion of meteorological factors. Environ Monit Assess
Xinxin H (2025) Air Quality Prediction Based on VMD-CNN-BiLSTM-Attention. International Journal of Advanced Computer Science and Applications 16:
Xu W, Fu F, Zhang Q, Wang L (2023) A Deep Learning-Based Multi-objective Optimization Model for PM2.5 Prediction. Int J Comput Intell Syst 16:141. https://doi.org/10.1007/s44196-023-00322-6
Yafouz A, Ahmed AN, Zaini N, et al (2021) Hybrid deep learning model for ozone concentration prediction: comprehensive evaluation and comparison with various machine and deep learning algorithms. Engineering Applications of Computational Fluid Mechanics 15:902–933. https://doi.org/10.1080/19942060.2021.1926328
Yang C-H, Chen P-H, Wu C-H, et al (2024a) Deep learning-based air pollution analysis on carbon monoxide in Taiwan. Ecological Informatics 80:102477. https://doi.org/10.1016/j.ecoinf.2024.102477
Yang W, Li H, Wang J, Ma H (2024b) Spatio-temporal feature interpretable model for air quality forecasting. Ecological Indicators 167:112609. https://doi.org/10.1016/j.ecolind.2024.112609
Yang X, Zhang Z (2023) An attention-based domain spatial-temporal meta-learning (ADST-ML) approach for PM2.5 concentration dynamics prediction. Urban Climate 47:101363. https://doi.org/10.1016/j.uclim.2022.101363
Yang Y, Mei G, Izzo S (2022) Revealing Influence of Meteorological Conditions on Air Quality Prediction Using Explainable Deep Learning. IEEE Access 10:50755–50773. https://doi.org/10.1109/ACCESS.2022.3173734
Yeo I, Choi Y, Lops Y, Sayeed A (2021) Efficient PM2.5 forecasting using geographical correlation based on integrated deep learning algorithms. Neural Comput & Applic 33:15073–15089. https://doi.org/10.1007/s00521-021-06082-8
Zavala-Romero O, Segura-Chavez PA, Camacho-Gonzalez P, et al (2025) Operational ozone forecasting system in Mexico City: A machine learning framework integrating forecasted weather and historical ozone data. Atmospheric Environment 344:121017. https://doi.org/10.1016/j.atmosenv.2024.121017
Zeng T, Xu L, Liu Y, et al (2024) A hybrid optimization prediction model for PM2.5 based on VMD and deep learning. Atmospheric Pollution Research 15:102152. https://doi.org/10.1016/j.apr.2024.102152
Zeng Y, Chen J, Jin N, et al (2022) Air quality forecasting with hybrid LSTM and extended stationary wavelet transform. Building and Environment 213:108822. https://doi.org/10.1016/j.buildenv.2022.108822
Zhang B, Geng Z, Zhang H, Pan J (2022a) Densely connected convolutional networks with attention long short-term memory for estimating PM2.5 values from images. Journal of Cleaner Production 333:130101. https://doi.org/10.1016/j.jclepro.2021.130101
Zhang B, Zhang H, Zhao G, Lian J (2020a) Constructing a PM2.5 concentration prediction model by combining auto-encoder with Bi-LSTM neural networks. Environmental Modelling & Software 124:104600. https://doi.org/10.1016/j.envsoft.2019.104600
Zhang B, Zou G, Qin D, et al (2022b) RCL-Learning: ResNet and convolutional long short-term memory-based spatiotemporal air pollutant concentration prediction model. Expert Systems with Applications 207:118017. https://doi.org/10.1016/j.eswa.2022.118017
Zhang K, Thé J, Xie G, Yu H (2020b) Multi-step ahead forecasting of regional air quality using spatial-temporal deep neural networks: A case study of Huaihai Economic Zone. Journal of Cleaner Production 277:123231. https://doi.org/10.1016/j.jclepro.2020.123231
Zhang R, Awang N (2023) An ensemble NLSTM-based model for PM2.5 concentrations prediction considering feature extraction and data decomposition. Air Qual Atmos Health 16:1969–1987. https://doi.org/10.1007/s11869-023-01385-2
Zhang X, Gan H (2023) STF-Net: An improved depth network based on spatio-temporal data fusion for PM2.5 concentration prediction. Future Generation Computer Systems 144:37–49. https://doi.org/10.1016/j.future.2023.02.023
Zhang X, Jiang X, Li Y (2023) Prediction of air quality index based on the SSA-BiLSTM-LightGBM model. Sci Rep 13:5550. https://doi.org/10.1038/s41598-023-32775-2
Zhang Z, Zeng Y, Yan K (2021) A hybrid deep learning technology for PM2.5 air quality forecasting. Environ Sci Pollut Res 28:39409–39422. https://doi.org/10.1007/s11356-021-12657-8
Zhang Z, Zhang S (2023) Modeling air quality PM2.5 forecasting using deep sparse attention-based transformer networks. Int J Environ Sci Technol 20:13535–13550. https://doi.org/10.1007/s13762-023-04900-1
Zheng Q, Tian X, Yu Z, et al (2023) Application of wavelet-packet transform driven deep learning method in PM2.5 concentration prediction: A case study of Qingdao, China. Sustainable Cities and Society 92:104486. https://doi.org/10.1016/j.scs.2023.104486
Zhou H, Wang T, Zhao H, Wang Z (2022) Updated Prediction of Air Quality Based on Kalman-Attention-LSTM Network. Sustainability 15:356. https://doi.org/10.3390/su15010356
Zhou X, Liang X, Zhu Q, et al (2025) A multiscale spatial–temporal-variable feature fusion network for predicting multiple air pollutants. Environment International 205:109864. https://doi.org/10.1016/j.envint.2025.109864
Zhou X, Tong W, Li L (2020) Deep learning spatiotemporal air pollution data in China using data fusion. Earth Sci Inform 13:859–868. https://doi.org/10.1007/s12145-020-00470-9
Zhou X, Wang J, Wang J, Guan Q (2024) Predicting air quality using a multi-scale spatiotemporal graph attention network. Information Sciences 680:121072. https://doi.org/10.1016/j.ins.2024.121072
Zhou Y, Chang F-J, Chang L-C, et al (2019) Explore a deep learning multi-output neural network for regional multi-step-ahead air quality forecasts. Journal of Cleaner Production 209:134–145. https://doi.org/10.1016/j.jclepro.2018.10.243
Zhu J, Zhang Z, Gu W, et al (2025) Air Quality Prediction Using Neural Networks with Improved Particle Swarm Optimization. Atmosphere 16:870. https://doi.org/10.3390/atmos16070870
Zhu M, Xie J (2023) Investigation of nearby monitoring station for hourly PM2.5 forecasting using parallel multi-input 1D-CNN-biLSTM. Expert Systems with Applications 211:118707. https://doi.org/10.1016/j.eswa.2022.118707
Zou G, Zhang B, Yong R, et al (2021) FDN-learning: Urban PM2.5-concentration Spatial Correlation Prediction Model Based on Fusion Deep Neural Network. Big Data Research 26:100269. https://doi.org/10.1016/j.bdr.2021.100269
Zrieq R, Kamel S, Al-Hamazani F, et al (2025) Spatial-Temporal Forecasting of Air Pollution in Saudi Arabian Cities Based on a Deep Learning Framework Enabled by AI. Toxics 13:682. https://doi.org/10.3390/toxics13080682
Zukaib U, Maray M, Mustafa S, et al (2023) Impact of COVID-19 lockdown on air quality analyzed through machine learning techniques. PeerJ Computer Science 9:e1270. https://doi.org/10.7717/peerj-cs.1270



ST 7 Descriptive summary statistics of performance metrics by pollutant across Eligible studies.
	Pollutant
	Metric
	Median
	IQR (Q1-Q3)
	Min
	Max
	Number of Studies

	AQI
	NRMSE
	0.1259
	0.1015-0.1841
	0.0066
	0.3102
	7

	CO
	NRMSE
	0.6081
	0.1200-1.0727
	0.1118
	7.25
	5

	NO2
	NRMSE
	0.1373
	0.1142-0.4637
	0.0093
	6.23
	6

	O3
	NRMSE
	0.1337
	0.0357-0.2862
	0.0048
	17.11
	10

	PM10
	NRMSE
	0.15795
	0.0475-0.2689
	0.0004
	6.04
	8

	PM2.5
	NRMSE
	0.2746
	0.0819-6.1800
	0.0039
	9.42
	43

	SO2
	NRMSE
	0.1688
	0.0436-0.1873
	0.0016
	6.57
	7
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	Model
	Pollutant(s)
	Average Rank (lower = better)
	IQR (Rank)
	Number of Studies

	 WBiLSTM
	O3
	7.5
	7.25-7.75
	2

	AGCTCN
	PM10, PM2.5
	18
	12.50-23.50
	2

	ANN
	AQI
	3
	3.00-3.00
	1

	BREATH‑Net
	NO2
	2
	2.00-2.00
	1

	BiAGRU
	AQI
	7
	7.00-7.00
	1

	C2SLSTM
	PM2.5, CO, NO2
	13
	4.00-18.00
	3

	CNN-Bi-LSTM-DAE
	PM2.5, PM10
	11.5
	7.75-15.25
	2

	CNN-LSTM  
	O3
	3
	2.50-3.50
	3

	CNN-RNN
	PM2.5
	15
	11.50-18.50
	3

	CNN–LSTM/NARX
	PM2.5
	4.5
	3.75-5.25
	2

	DM-LSTM3
	PM2.5, PM10
	13
	9.50-16.50
	2

	GCN-ConvLSTM
	PM2.5
	12
	12.00-12.00
	1

	GT-LSTM
	PM10, NO2, SO2, O3, CO
	7
	6.00-8.00
	5

	Geo-LSTM 
	PM2.5
	2
	2.00-2.00
	1

	Hybrid Attention-based Seq2Seq
	O3
	10
	10.00-10.00
	1

	IGP-LSTM
	SO2
	6
	6.00-6.00
	1

	KSC-ConvLSTM 
	PM2.5
	14
	14.00-14.00
	1

	LSTM
	PM10, SO2
	1
	1.00-1.00
	2

	LSTM & DNN
	PM10, PM2.5, O3, SO2, NO2, CO, AQI
	5.714285714
	3.00-5.50
	7

	LSTM with Attention
	PM2.5
	17
	17.00-17.00
	1

	Lag-FLSTM
	PM2.5
	24
	24.00-24.00
	1

	MEMD-L SHADE-Transformer
	PM2.5
	6.75
	4.00-10.25
	4

	NARX/LSTM
	PM2.5
	4
	4.00-4.00
	1

	ODMSCNN-LSTM
	PM2.5, PM10, NO2, SO2, O3, CO
	4
	3.00-4.50
	6

	RF-CNN
	PM2.5
	24.28571429
	22.00-26.50
	7

	ST-AQF 
	PM2.5, PM10, O3, NO2, SO2, CO
	2.833333333
	1.25-3.50
	6

	TCN-SENet-BiGRU-CBAM
	AQI, PM2.5, SO2
	12.33333333
	4.50-16.50
	3

	TG-Hybrid model
	AQI
	5
	4.50-5.50
	2

	TL-BLSTM
	PM2.5
	13
	13.00-13.00
	1

	TS-LSTME
	PM2.5
	37.5
	34.75-40.25
	12

	kNNI-MLP
	AQI
	1
	1.00-1.00
	1






[bookmark: _Hlk216515810]ST 9 pollutant-wise NRMSE performance and Relative Ranking of Deep Learning Models.
	Pollutant
	Model
	NRMSE
	Rank

	AQI
	kNNI-MLP
	0.0066
	1

	
	LSTM & DNN
	0.1
	2

	
	ANN
	0.1029
	3

	
	TG-Hybrid model
	0.1259
	4

	
	TCN-SENet-BiGRU-CBAM
	0.1734
	5

	
	TG-Hybrid model
	0.1948
	6

	
	BiAGRU
	0.3102
	7

	CO
	ODMSCNN-LSTM
	0.1118
	1

	
	LSTM & DNN
	0.12
	2

	
	C2SLSTM
	0.6081
	3

	
	ST-AQF 
	1.0727
	4

	
	GT-LSTM
	7.25
	5

	NO2
	ST-AQF 
	0.0093
	1

	
	BREATH‑Net
	0.1141
	2

	
	ODMSCNN-LSTM
	0.1146
	3

	
	LSTM & DNN
	0.16
	4

	
	C2SLSTM
	0.565
	5

	
	GT-LSTM
	6.23
	6

	O3
	ST-AQF 
	0.0048
	1

	
	CNN-LSTM  
	0.0265
	2

	
	CNN-LSTM  
	0.0353
	3

	
	CNN-LSTM  
	0.03689
	4

	
	ODMSCNN-LSTM
	0.0774
	5

	
	LSTM & DNN
	0.19
	6

	
	 WBiLSTM
	0.2553
	7

	
	 WBiLSTM
	0.2965
	8

	
	GT-LSTM
	5.54
	9

	
	Hybrid Attention-based Seq2Seq
	17.11
	10

	PM10
	LSTM
	0.0004
	1

	
	ST-AQF 
	0.0234
	2

	
	ODMSCNN-LSTM
	0.0556
	3

	
	CNN-Bi-LSTM-DAE
	0.1559
	4

	
	LSTM & DNN
	0.16
	5

	
	DM-LSTM3
	0.2519
	6

	
	AGCTCN
	0.32
	7

	
	GT-LSTM
	6.04
	8

	PM2.5
	MEMD-L SHADE-Transformer
	0.0039
	1

	
	Geo-LSTM 
	0.0049
	2

	
	CNN–LSTM/NARX
	0.0367
	3

	
	NARX/LSTM
	0.0375
	4

	
	MEMD-L SHADE-Transformer
	0.0405
	5

	
	CNN–LSTM/NARX
	0.04082
	6

	
	ST-AQF 
	0.0457
	7

	
	CNN-RNN
	0.0544
	8

	
	ODMSCNN-LSTM
	0.0557
	9

	
	MEMD-L SHADE-Transformer
	0.0584
	10

	
	MEMD-L SHADE-Transformer
	0.0761
	11

	
	GCN-ConvLSTM
	0.0876
	12

	
	TL-BLSTM
	0.0936
	13

	
	KSC-ConvLSTM 
	0.105
	14

	
	CNN-RNN
	0.1132
	15

	
	LSTM & DNN
	0.12
	16

	
	LSTM with Attention
	0.198
	17

	
	RF-CNN
	0.25669
	18

	
	CNN-Bi-LSTM-DAE
	0.2615
	19

	
	DM-LSTM3
	0.2641
	20

	
	RF-CNN
	0.26849
	21

	
	CNN-RNN
	0.2746
	22

	
	RF-CNN
	0.27609
	23

	
	Lag-FLSTM
	0.2942
	24

	
	RF-CNN
	0.30831
	25

	
	RF-CNN
	0.31246
	26

	
	RF-CNN
	0.331
	27

	
	TCN-SENet-BiGRU-CBAM
	0.3446
	28

	
	AGCTCN
	0.4
	29

	
	RF-CNN
	0.41568
	30

	
	C2SLSTM
	0.578
	31

	
	TS-LSTME
	5.96
	32

	
	TS-LSTME
	6.4
	33

	
	TS-LSTME
	7.16
	34

	
	TS-LSTME
	7.52
	35

	
	TS-LSTME
	8.04
	36

	
	TS-LSTME
	8.3
	37

	
	TS-LSTME
	8.36
	38

	
	TS-LSTME
	9.02
	39

	
	TS-LSTME
	9.12
	40

	
	TS-LSTME
	9.16
	41

	
	TS-LSTME
	9.31
	42

	
	TS-LSTME
	9.42
	43

	SO2
	LSTM
	0.0016
	1

	
	ST-AQF 
	0.0328
	2

	
	ODMSCNN-LSTM
	0.0543
	3

	
	TCN-SENet-BiGRU-CBAM
	0.1688
	4

	
	LSTM & DNN
	0.18
	5

	
	IGP-LSTM
	0.1946
	6

	
	GT-LSTM
	6.57
	7




