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1. Dataset 

The high spatial resolution data came from MODIS (Moderate Resolution Imaging Spectroradiometer) and VIIRS (The Visible 

Infrared Imaging Radiometer Suite). The MODIS/Aqua Terra Thermal Anomalies/Fire locations 1km FIRMS Near Real-Time 

(NRT) - Collection 61 (LANCEMODIS, 2021) on Aqua and Terra polar orbit satellites has a spatial resolution of 1 km and 

passes over China four times a day. These two satellites have been in orbit for a long time and are well-suited for monitoring 

medium-scale fires due to their mature data processing algorithms and appropriate spatial resolution. Near real-time NOAA-

20 VIIRS Active Fire detection product (NASA VIIRS Land Science Team, 2020) were obtained from the NOAA-20 polar 

orbit satellite. The spatial resolution is 375m, and the satellite passes over China twice a day. The VIIRS data could serve as a 

valuable complement to MODIS data for monitoring SFs (small-scale fires). As the new generation of polar orbit satellites, 

NOAA-20 has improved the resolution and continuity of active fire data recording. These two datasets have been commonly 

used in OBB emission datasets (Ferrada et al., 2022; Wiedinmyer et al., 2023; Zhao et al., 2021).  

 

Fengyun-4A (FY-4A) (National Satellite Meteorological Center, 2024), a new generation of geostationary meteorological 

satellites in China, is equipped with Advanced Geosynchronous Radiation Imager (AGRI) for the first time. The data were 

from the Fire/Hotspot Detection Product (FHS) collected by AGRI. The product is generated based on the sensitivity of the 

mid-infrared channel to high-temperature hot spots and the spectral characteristics of cloud area, water, and vegetation in 

different channels. The spatial and temporal resolutions of the product are 2 km and 15 minutes, respectively. The high 

temporal resolution data could better characterize the dynamic changes of FRP (Fire radiation power) from open biomass 

burning (OBB). The high temporal resolution of geostationary satellites, combined with the high spatial resolution provided 

by the two polar orbite satellites, significantly enhances the monitoring capability of OBB across China. 

 



The land cover data were from MCD12Q1 (Friedl and Sulla-Menashe, 2022), created from the Terra and Aqua satellites. The 

selection of this approach was driven by its more detailed biomass surface classification scheme. Notably, its classification of 

forests was more detailed, reaching an accuracy of up to 70%. MCD12Q1 also achieves accuracy rates above 75% for 

grasslands and croplands (Hou et al., 2023; Xue et al., 2024). Many studies have evaluated the accuracy of MCD12Q1 in China 

from various perspectives. Yang et al. (2017) conducted a comprehensive assessment of nine commonly used global land cover 

maps and reported that the overall accuracy of MCD12Q1 (2010) in China was 56%, ranking third among the datasets.  

2. Spatial fusion 

The spatial fusion of the fire point data from the three satellites is shown as follows: 

𝐹𝑅𝑃3(ℎ, 𝑖) =
𝜔1
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Where 𝑭𝑹𝑷𝟑 represents the hourly FRP after spatial fusion of the three satellites; h and m are the hour and minute of fire 

point occurrence, respectively; i standards for the grid index.; F, M, and V represent the data from FY-4A, MODIS, and VIIRS, 

respectively; 𝑴𝒉 denotes the hour of fire occurrence (ranging from 0 to 23); and 𝑵𝒉 denotes the number of occurrences of 

the fire point in this 𝑴𝒉. The parameters 𝝎𝟏, 𝝎𝟐, and 𝝎𝟑 are applied to the data from the three satellites as follows: 

𝛚𝟏 = 1, 𝛚𝟐 = 0, 𝛚𝟑 = 0, when FRPF is valid. 

𝛚𝟏 = 0, 𝛚𝟐 = 1, 𝛚𝟑 = 0, when FRPF is absent, and FRPM is valid. 

𝛚𝟏 = 0, 𝛚𝟐 = 0, 𝛚𝟑 = 1, when FRPV is valid, and both FRPF and FRPM are invalid. 

We assumed that the FRP of the fire point remained constant within an hour. Therefore, we averaged the data over the hour 

from the same satellite to minimize errors due to data fluctuations. Since MODIS and VIIRS have a resolution higher than 2 

km, the FRPs for the exact moments (i.e., the same hours and minutes) within the same grid were summed, and then averaged 

by hour to generate hourly data. For FY-4A satellite data, data were processed using temporal averaging. 

 

Additionally, we established the following data priority order: FY-4A, MODIS, and VIIRS. Higher-priority data should be 

used first when available. This advantage stemmed from FY-4A's geostationary orbit, which enables continuous observation 

coverage over China, resulting in more comprehensive FRP data acquisition. Meanwhile, MODIS and VIIRS, with 

progressively higher spatial resolutions, supplemented FRP data for small and medium-scale fires during the limited time when 

polar orbit satellites pass over. This fusion approach, as proposed by Xu et al.(2022), combined the strengths of different 

satellites to provide more thorough and accurate fire point monitoring. 

2. Burning duration 

The relationship between BD and FRPpeak is shown as follows: 



𝐵𝐷 =  {

𝐵𝐷𝑚𝑖𝑛

𝑎 × 𝐹𝑅𝑃𝑝𝑒𝑎𝑘 + 𝑏

𝐵𝐷𝑚𝑎𝑥

           

𝐵𝐷 < 𝐵𝐷𝑚𝑖𝑛

𝐵𝐷𝑚𝑖𝑛 ≤ 𝐵𝐷 ≤ 𝐵𝐷𝑚𝑎𝑥

𝐵𝐷𝑚𝑎𝑥 < 𝐵𝐷
  (S2) 

Hourly grid fire points were analyzed individually to determine BD and FRPpeak. The FRPpeak of the different BD was 

averaged according to the combination of land use types and regions. 

Table S1: Linear parameters for different land cover data in different regions. 

Land Region BDmax (h) R2 a b 

N A 12 0.691 0.17 -8.47 

N B 9 0.937 0.11 -1.57 

N C 9 0.954 0.12 -0.65 

N D 7 0.532 0.38 -8.77 

N E 9 0.758 0.23 -4.76 

N F 8 0.707 0.15 -0.49 

G A 12 0.951 0.11 -0.81 

G B 9 0.888 0.10 1.04 

L A 8 0.640 0.23 -8.93 

Q A 8 0.764 0.45 -6.60 

C A 10 0.967 0.14 -0.90 

C B 6 0.978 0.10 -1.80 

3. FRP cycle 

 

Figure S1: K-median algorithm for selecting the optimal fitting parameters. 

Table S2: Model parameters of the FRP cycle for different land cover types and regions. 

Land Region Time(h) 𝛼 𝜅  Land Region Time(h) 𝛼 𝜅 

C A 5 2.48 -0.99  N A 10 3.83 -1.38 

C A 6 2.33 -0.95  N A 11 4.29 2.04 

C A 7 2.47 -0.88  N A 12 4.97 2.61 

C A 8 2.87 -0.86  N B 5 2.41 -1.01 

C A 9 2.93 -1.38  N B 6 2.19 -0.93 



C A 10 4.15 2.09  N B 7 2.05 -1.14 

C B 5 1.19 -1.30  N B 8 2.71 -1.35 

C B 6 2.39 -1.20  N B 9 2.94 -1.37 

G A 5 2.27 -0.97  N C 5 2.41 -1.18 

G A 6 2.42 -0.92  N C 6 2.73 -1.51 

G A 7 2.62 -1.07  N C 7 2.36 -1.63 

G A 8 2.63 -1.22  N C 8 2.70 -1.46 

G A 9 4.48 1.61  N C 9 3.38 -1.57 

G A 10 3.43 2.22  N D 5 1.99 -0.45 

G A 11 4.05 1.72  N D 6 2.56 -1.19 

G A 12 5.71 2.03  N D 7 3.79 -1.13 

G B 5 2.27 -1.14  N E 5 2.03 -0.66 

G B 6 2.19 -1.08  N E 6 2.69 -0.92 

G B 7 2.34 -1.00  N E 7 1.55 1.63 

G B 8 2.60 -1.21  N E 8 2.30 -1.32 

G B 9 3.97 -1.34  N E 9 3.53 -2.19 

L A 5 2.38 -1.03  N F 5 1.96 -0.79 

L A 6 2.10 -1.27  N F 6 2.19 -1.01 

L A 7 2.52 -1.23  N F 7 1.90 -1.31 

L A 8 2.94 -1.16  N F 8 2.31 -1.48 

N A 5 2.24 -1.22  Q A 5 1.69 -1.35 

N A 6 2.55 -1.23  Q A 6 2.73 -1.75 

N A 7 2.71 -1.25  Q A 7 1.53 -1.75 

N A 8 2.93 -1.50  Q A 8 1.27 1.80 

N A 9 2.65 -1.46       



4. Emission factors 

Table S3: Emission factors of each pollutant across various land cover types from reference (Unit:g/kg). 

Land cover Compound EF in this study Reference value MCD12Q1 References 
 

Land cover Compound EF in this study Reference value MCD12Q1 References 

C CO2 1625.000 

1576.000 1 a  

C CO 97.000 

84.000 5 a 

1620.000 2 b  93.000 1 c 

1625.000 1 d  97.000 1 a 

1643.000 1 c  104.000 2 b 

1650.500 5 a  111.000 1 d 

C CH4 4.680 

2.670 5 a  

C NOx 2.550 

2.180 5 a 

4.120 1 a  2.550 1 c 

4.680 1 d  2.550 1 d 

5.070 1 c  2.800 2 b 

6.500 2 b  3.340 1 a 

C SO2 0.700 

0.400 1 c  

C PM2.5 9.900 

8.300 2 b 

0.403 1 d  9.110 1 d 

0.700 5 a  9.900 1 c 

0.770 2 b  14.780 5 a 

0.990 1 a  25.290 1 a 

C K 0.305 
0.290 1 c  C LG 0.420 0.420 2 b 

0.320 2 b  

G CO2 1662.500 

1640.000 9 d 

C CO 69.000 

53.800 9 e  1643.500 9 e 

63.000 9 c  1660.000 9 b 

68.000 10 a  1660.000 10 b 

69.000 9 b  1665.000 9 f 

69.000 10 b  1671.000 10 e 

81.000 9 d  1685.000 10 a 



101.000 9 f  1686.000 9 c 

G CH4 2.530 

1.800 9 e  

G NOx 3.465 

2.500 10 b 

1.940 9 c  3.400 9 d 

2.500 9 f  3.530 10 a 

2.530 10 a  3.900 9 c 

2.700 9 b  

G SO2 0.655 

0.470 10 b 

2.700 10 b  0.480 9 c 

2.830 9 d  0.830 10 a 

G PM2.5 6.935 

5.900 9 e  0.944 9 d 

6.300 9 k  G LG 0.050 0.050 10 b 

6.700 10 b  
G K 0.315 

0.230 9 c 

7.170 9 c  0.400 10 b 

12.000 10 a  

L CO 121.000 

89.000 4 c 

16.000 9 d  96.000 4 d 

L CO2 1550.000 

1451.700 3 g  100.000 3 d 

1489.000 3 c  121.000 3 b 

1510.000 3 h  122.000 3 h 

1530.000 3 b  127.000 3 c 

1570.000 4 b  174.700 3 g 

1581.000 4 d  

L CH4 5.200 

3.920 4 c 

1610.000 3 d  4.740 4 d 

1637.000 4 c  4.780 3 d 

L NOx 1.210 

0.900 3 c  5.200 4 b 

1.040 3 h  5.500 3 b 

1.180 3 b  5.610 3 h 

1.210 3 d  5.690 4 c 

1.650 4 d  
L SO2 0.850 

0.564 3 d 

2.510 4 c  0.700 4 b 



3.000 4 b  0.750 3 b 

L PM2.5 15.300 

12.700 3 c  0.950 4 d 

12.800 3 d  1.000 3 c 

15.000 3 h  1.100 3 h 

15.300 4 c  
L LG 1.315 

1.300 3 b 

17.900 4 d  1.330 4 b 

18.500 4 b  
L K 0.170 

0.170 4 b 

18.700 3 b  0.170 3 b 

N CO2 1513.000 

1430.000 12 b  

N CO 76.000 

57.500 12 d 

1441.000 12 d  76.000 12 b 

1585.000 12 c  102.000 12 c 

2056.200 12 j  

N NOx 2.400 

2.050 12 d 

N CH4 5.820 

2.790 12 o  2.400 12 b 

3.400 12 n  5.820 12 c 

5.700 12 b  
N SO2 1.025 

0.800 12 b 

5.820 12 c  1.250 12 d 

6.000 12 m  N LG 0.610 0.610 12 b 

6.300 12 j  N K 0.480 0.480 12 b 

9.590 12 l  

Q CO2 1619.500 

1572.000 11 d 

N PM2.5 8.200 

6.260 12 c  1590.000 11 b 

8.200 12 b  1649.000 6 d 

12.700 12 d  1708.000 7 a 

Q CO 225.000 

66.600 6 d  

Q CH4 9.100 

2.380 7 a 

225.000 11 d  2.570 6 d 

260.000 11 b  9.100 11 b 

Q NOx 1.810 

0.927 11 d  11.100 11 d 

1.200 11 b  20.800 11 k 

2.420 6 d  Q SO2 1.400 0.553 6 d 



2.860 7 a  0.740 7 a 

Q PM2.5 17.000 

12.000 7 a  2.060 11 d 

15.100 6 d  4.300 11 b 

18.900 11 b  Q LG 0.570 0.570 11 b 

24.800 11 d  Q K 0.004 0.004 11 b 

'Land cover' represents the land classification used in this study, while 'MCD12Q1' refers to the classification system from the MCD12Q1 dataset (Friedl and Sulla-Menashe, 2022). The emission 

factors referenced in the literature are applicable to the corresponding land cover types, as shown in the following references: a: (Prichard et al., 2020); b: (Andreae, 2019); c: (Akagi et al., 2011); 

d: (Binte Shahid et al., 2024); e: (Vernooij et al., 2022); f: (Wooster et al., 2011); g: (Li et al., 2020); h: (Urbanski, 2014); i: (Simpson et al., 2011) ; j: (Xu et al., 2023); k: (Song et al., 2009); l: 

(Christian et al., 2003); m: (Wiedinmyer et al., 2011); n: (Li et al., 2007); o: (Stockwell et al., 2016). 



5. Temporal distribution 

Table S4: The annual emissions of eight air pollutants from OBB in China (Unit: Gg). 

Year CO2 CO CH4 NOx SO2 PM2.5 K LG 

2020 39533.2 1926.1 119.0 68.5 22.3 203.4 10.4 11.0 

2021 40340.4 1959.0 113.9 71.0 21.8 206.6 10.0 10.3 

2022 49861.0 2427.4 139.2 87.7 26.8 256.4 12.2 12.7 

2023 56386.7 2736.7 155.8 99.7 30.0 322.9 11.8 13.8 

Table S5: Annual biomass burned in different types of land cover in China (Unit: Mt). 

Year C G L N Q Total 

2020 1.71 7.81 0.44 15.20 0.06 25.22 

2021 1.88 9.81 0.81 12.96 0.08 25.53 

2022 2.21 12.54 1.30 15.37 0.10 31.51 

2023 2.64 14.57 1.34 16.92 0.12 35.59 

 

 

Figure S2: Monthly emissions of eight pollutants and percentage of sources. 



 

Figure S3: Hourly distribution of biomass burned from different types of fires and CO2 emissions.  

6. The proportion of fires detected by FY-4A satellites 

 

Figure S4: The proportion of fires detected by FY-4A satellites in different provinces 

7. Comparing to other studies 

 

Figure S5: The annual emissions of six pollutants in GFEDv4.1, GFEDv5, and COBBEI. 



Figure S4 illustrates the annual emissions of six pollutants across three databases: GFEDv4.1, GFEDv5, and COBBEI. Since 

GFEDv4.1 and GFEDv5 contained data and pollutants for more years, they allowed for a more detailed comparison of the 

differences between the datasets to verify the validity of COBBEI. 

 

Except for CH4, emissions through GFEDv5 were higher than those in GFEDv4.1 and this study. For example, the annual 

average PM2.5 emissions estimated by GFEDv5 for 2020-2022 were 3.5 and 3.2 times higher than those derived from COBBEI 

and GFEDv4.1, respectively. Except for SO2, the emissions in GFEDv4.1 were relatively similar to COBBEI, with generally 

slightly higher emissions. Also, GFEDv5 demonstrated a pronounced decreasing trend for all pollutants from 2021 to 2020. 

 

Notably, the source of the data affects the final result. The data of GFEDv5 and COBBEI were from the Collection 6 version 

(C6). GFEDv4.1 used BA data from the Collection 5 version (C5). The algorithm in C6 has been improved so that C6 could 

detect more BA (26 %) than Collection 5 (Giglio et al., 2018). Meanwhile, GFEDv5 combined the data from Landsat and 

Sentinel-2. The algorithm in GFEDv5 led to a 61% increase in BA compared to GFEDv4 (Chen et al., 2023).  

 

The differences in CH4 emissions may be related to the EFs used in GFEDv5. The EF value of CH4 used in GFEDv5 for 

cropland was only 36.8% of that of the COBBEI value (5.82 g/kg) and 36.9% of the GFEDv4.1 value(5.80 g/kg), respectively. 

Additionally, the mean CH4 EF in GFEDv5 decreased by 5% compared to GFEDv4 (Vernooij et al., 2023).  

 

Figure S6: Spatial distribution of CO2 emissions from OBB in China for 2022, as calculated by GFEDv5, GFEDv4.1, and COBBEI. 

The spatial resolutions of the three datasets were reduced to 0.25°.  

The spatial distribution patterns of the six analyzed pollutants were consistent, so CO2 was used as an example to compare the 

spatial distributions of the different databases (Figure S5). Compared with the two GFED versions, COBBEI recorded fire 

pollutant emissions in more locations, especially in western China. Since COBBEI utilizes geostationary satellites, it inherently 

provides more comprehensive fire monitoring. This likely explained the larger burned area estimates in COBBEI compared to 

the GFED datasets. 

 

At the provincial level comparison (Figure S6), COBBEI showed higher CO2 emissions than GFEDv4.1 in eight provinces: 

Heilongjiang, Jilin, Liaoning, Xinjiang, Tibet, Qinghai, Guizhou, and Guangxi. Conversely, COBBEI exhibited lower 

emissions than GFEDv4.1 in all other provinces. In particular, the GFEDv4.1 calculated emissions in Shanghai, Jiangsu, and 

Zhejiang provinces were 10-30 times higher than the emissions from COBBEI. Considering their high urbanization levels and 

small surface vegetation in these three provinces, there was little likelihood that these areas would become highly concentrated 

areas of high emissions. This further suggested that COBBEI has effectively corrected industrial and urban fire sites, 

preventing the overestimation of emissions in these regions. 

 

Compared to GFEDv5, COBBEI emissions were higher in Qinghai and Heilongjiang provinces. However, COBBEI emissions 

were relatively lower than GFEDv5 for all the other 29 provinces, especially Tianjin, Shandong, Yunnan, Guangxi, Guangdong, 

Jiangxi, Fujian, and Hainan provinces.  These geographical differences may be related to the data algorithm and the satellite's 



monitoring capability. Due to the complex, multifactorial nature of this system, isolating individual contributing factors 

remains challenging. As a result, this phenomenon cannot yet be fully explained. 

 

Figure S7: The ratio of CO2 emissions by province in 2022 from the three datasets 
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