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Abstract. Wild fires have a strong negative effect on environment, ecology and public health. However, 12 

the continuous degradation of mainstream global fire products leads to large uncertainty on the effective 13 

monitoring of wild fires and its influence. To fill this gap, we produced FY-3D global fire products with 14 

a similar spatial and temporal resolution, aiming to serve as the continuity and replacement for MODIS 15 

fire products. Firstly, the sensor parameters and major algorithms for noise detection and fire 16 

identification in FY-3D products were introduced. For accuracy assessment, five typical regions, Africa, 17 

South America, Indo-China Peninsula，Siberia and Australia, across the globe were selected. The overall 18 

consistence between FY-3D fire products and reference data exceeded 94%, with a more than 90% 19 

consistence in all regions. Furthermore, the consistence between FY-3D and MODIS fire products was 20 

examined. The result suggested that the overall consistence was 84.4%, with a fluctuation across seasons, 21 

surface types and regions. The high accuracy and consistence with MODIS products proved that FY-3D 22 

fire product was an ideal tool for global fire monitoring. Specially, since detailed geographical conditions 23 

in China were considered, FY-3D products should be preferably employed for fires monitoring in China. 24 

FY-3D fire dataset can be downloaded at http://satellite.nsmc.org.cn/portalsite/default.aspx (NSMC, 25 

2021). 26 

1 Introduction 27 

More than half of global land surfaces have been influenced by wild fires and the total global burned area 28 

summed up to the area of European Union every year (Andela et al., 2019; Keeley et al., 2011; Moritz et 29 

al., 2012). Wild fires, especially large-scale wild fires, in forests, grasslands and farmlands have a 30 

significant impact on crop productivity (Jethva et al., 2019), atmospheric pollution (Guo et al., 2020), 31 

biodiversity (Kelly et al., 2020), climate change (Alisjahbana et al., 2017; Keegan et al., 2014) and public 32 

health (Huff et al., 2015; Johnston et al., 2012; Oliveira et al., 2020; Yuchi et al., 2016). In recent years, 33 

the increasing events of forest fires in China, US, Australia, and Amazon Rain Forests and grassland fires 34 

in Mongolia have caused a large number of casualty (Cochrane, 2003), millions of lost wildlife (Wintle 35 

et al., 2020), remarkably deteriorated air quality (Liu et al., 2018;  Marlier et al., 2012; Volkova et al., 36 
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2019), severely damaged ecosystems (Cerda et al., 2012), massive economic losses (Stephenson et al., 37 

2013) and regional or global climate change (Abram et al., 2021; Jacobson, 2014). 38 

Due to its great influences, growing emphasis has been placed on the monitoring of wild fires based on 39 

remote sensing products. Since 1970s, the implementation and research of satellite-based fire detection 40 

has started in US using National Oceanic and Atmospheric Administration (NOAA) series satellites 41 

(www.noaa.gov, Dozier et al., 1981; Flannigan and Haar et al., 1986; Kaufman et al., 1990; Boles et al., 42 

2000). NOAA fire products, with a spatial resolution of 1.1 km and a daily temporal resolution, have 43 

been employed globally for decades, and provide the data support for long time series analysis. In 44 

addition to NOAA fire products, a diversity of regional or global fire products has been proposed in 45 

recent years. 46 

 47 

Thanks to its easy access, long time series, and reliable accuracy (Giglio et al., 2003), the Moderate 48 

Resolution Imaging Spectroradiometer (MODIS) fire product, with a spatial resolution of 1km and a 49 

temporal resolution of 12 hours, have been available since 2000 and become one of the most widely 50 

employed fire products to monitor the temporal evolution of large-scale wide fires, including forest fires 51 

(Mohajane et al., 2021), grassland fires (Zhang et al., 2017) and crop residue burning (Li et al., 2016). 52 

With a similar temporal resolution (12 hours), the Visible Infrared Imaging Radiometer Suite (VIIRS) 53 

fire products with a spatial resolution of 375m has been available for fire detection since 2011. Despite 54 

a higher spatial resolution, VIIRS fire products are produced using less bands than MODIS fire products, 55 

and the mainly used 4-μm I-band may lead to large bias in the estimation of FRP (Fire Radiative Power) 56 

during an intense fire event (Schroeder et al., 2014). Consequently, VIIRS fire products present a 57 

relatively poor consistence with MODIS fire products and the accuracy of VIIRS fire products is 58 

generally lower than that of MODIS fire products (Sharma et al., 2017). In this case, VIIRS fire products 59 

may not serve as a complete replacement of and should be comprehensively employed with MODIS fire 60 

products. Available since 2013, Landsat fire products employ the visible and near infrared (VNIR) and 61 

short-wave infrared (SWIR) bands of the Landsat-8 imagery to detect thermal anomalies (Kumar and 62 

Roy, 2017; Murphy et al., 2016; Schroeder et al., 2016). Its spatial and temporal resolution is 30 m and 63 

16 days, respectively. Despite its fine spatial resolution, its coarse temporal resolution makes this data 64 

source not suitable for monitoring the occurrence and evolution of wild fires. Instead, Landsat fire 65 

products are more frequently employed for identifying the post-fire areas. 66 

 67 

In recent years, with the growing needs for real-time monitoring of a diversity of environmental issues 68 

and ecological process, some satellites have been launched to provide remote sensing products with 69 

extremely high temporal resolution. GEOS-16 Advanced Baseline Imager (ABI) active fire products, 70 

with a temporal resolution of five minutes and a spatial resolution of 2km, have been available since 71 

2017. GEOS-ABI fire products can effectively monitor middle to large-scale fires and be used for 72 

estimating fire emissions. GEOS-ABI fire products may lead to a poor detection accuracy when 73 

identifying small-scale fires (Li et al., 2020). GEOS-ABI mainly provides regional fire products in 74 

Southeastern Conterminous United States (CONUS). Himawari-8 products, with a spatial resolution of 75 

2 km and temporal resolution of 10 minutes, have been widely employed to monitor meteorology and 76 
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wild fires in Asia and Australia since 2015 (Xu et al. 2017). Similar to GEOS-16 ABI fire products, 77 

Himawari-8 fire products are also limited in effectively detecting small-scale fires (Wickramasinghe et 78 

al., 2018). Despite an extremely high temporal resolution, fire products produced using geostationary 79 

satellites only cover a regional area and cannot monitor the distribution and evolution of wild fires at a 80 

global scale. 81 

 82 

With the ageing of existing mainstream global fire monitors (e.g. MODIS), their accuracy and reliability 83 

presented a notable decrease (Wang et al., 2012) and can no longer provide high-quality data for effective 84 

fire monitoring and a series of relevant studies. Therefore, there is a growing need for alternative global 85 

fire products. Since the launch of Fengyun-3C (FY-3C) satellite in September, 2013, a series of FY 86 

meteorological satellites have been designed to produce global active fire products. FY-3C VIRR fire 87 

products were produced based on an effective active fire detection algorithm (Lin et al., 2017), which 88 

considered dynamic thresholds and infrared gradients. However, the overall accuracy of FY-3C VIRR 89 

fire products remained unsatisfactory at the global scale and are thus not publicly released. 90 

 91 

In November, 2017, Fengyun-3D (FY-3D) satellite was launched with an improved Medium Resolution 92 

Spectral Imager (MERSI) for fire detection, which provides a promising solution for replacing existing 93 

fire products. In this paper, we introduce the characteristics and fire detection algorithms of a new global 94 

fire products based on FY-3D (recently downloadable from our official website 95 

http://satellite.nsmc.org.cn/portalsite/default.aspx). Furthermore, this fire product is 96 

comprehensively compared with other mainstream fire products, especially MODIS global fire products. 97 

The new FY-3D global fire products aim to serve as a continuity of existing, yet degrading MODIS fire 98 

products and better support regional (especially Asia) and global ecological and environment research. 99 

2 The overview of FY-3 fire products 100 

2.1 Instrument 101 

As one of the core instruments of the Fengyun-3 (FY-3) satellite, the updated medium resolution spectral 102 

imager (MERSI) can be comparable with the imaging instrument of the latest polar-orbiting 103 

meteorological satellite launched by the United States, and has become one of the most advanced remote 104 

sensing instruments based on wide swath imaging. FY-3D satellite was launched in November 2017 with 105 

10 sets of remote sensing instruments, including the medium resolution spectral imager (MERSI-Ⅱ), 106 

microwave temperature sounder (MWTS-Ⅱ), microwave humidity sounder (MWHS-Ⅱ), hyper-spectral 107 

infrared atmospheric sounder (HIRAS), microwave radiation imager (MWRI), near-infrared hyper-108 

spectral greenhouse gas monitor (GAS), wide-angle aurora imager (WAI-Ⅰ), iono-spheric photometer 109 

(IPM), space environment monitor (SEM), and global navigation occultation sounder (GNOS) (National 110 

Satellite Meteorological Center, 2010). 111 

 112 

MERSI-Ⅱ integrates the functions of the original two imaging instruments (MERSI-I and VIRR) of FY-113 

3B and FY-3C, with a total of 25 channels, including visible light, near infrared, medium infrared, and 114 
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far infrared (As Table 1). The infrared imaging, detection sensitivity, and calibration accuracy of MERSI-115 

Ⅱ are improved greatly. It is the first imaging instrument that can access the 250-meter resolution infrared 116 

split-window area globally and capture seamless 250-meter resolution true color global images on a daily 117 

basis. MERSI-Ⅱ also enables the high-quality retrieval of atmospheric, land, and marine parameters such 118 

as clouds, aerosols, vapor, land surface features, and ocean color, supporting global support for 119 

environment and climate issues. 120 

Table 1 FY-3D/MERSI-Ⅱ channel parameters 121 
 122 

Channel Wavelength/μm Waveband Resolution/km 

1 0.470 Visible light 0.25 

2 0.550 Visible light 0.25 

3 0.650 Visible light 0.25 

4 0.865 Near infrared 0.25 

5 1.24/1.03 Near infrared 1.00 

6 1.640 Near infrared 1.00 

7 2.130 Near infrared 1.00 

8 0.412 Visible light 1.00 

9 0.443 Visible light 1.00 

10 0.490 Visible light 1.00 

11 0.555 Visible light 1.00 

12 0.670 Visible light 1.00 

13 0.709 Visible light 1.00 

14 0.746 Visible light 1.00 

15 0.865 Near infrared 1.00 

16 0.905 Near infrared 1.00 

17 0.936 Near infrared 1.00 

18 0.940 Near infrared 1.00 

19 1.380 Near infrared 1.00 

20 3.800 Medium infrared 1.00 

21 4.050 Medium infrared 1.00 

22 7.200 Far infrared 1.00 

23 8.550 Far infrared 1.00 

24 10.800 Far infrared 0.25 

25 12.000 Far infrared 0.25 

2.2 Product overview 123 

The global fire monitoring by FY-3D satellite is mainly based on the sensitivity of MERSI-Ⅱ Channel 20 124 

(mid-infrared channel) to high-temperature heat sources (fire spots). According to the calculation, the 125 

emissivity of forest and grassland fires in the mid-infrared band can be hundreds of times higher than 126 

that of the surface at normal temperature, making the radiance and brightness temperature of the fire-127 

spot significantly higher than surrounding pixels. For rapid monitoring of global wildfires, it is necessary 128 

https://doi.org/10.5194/essd-2022-27

O
pe

n
 A

cc
es

s  Earth System 

 Science 

Data
D

iscu
ssio

n
s

Preprint. Discussion started: 8 February 2022
c© Author(s) 2022. CC BY 4.0 License.



5 
 

to develop an algorithm for the automatic identification of fire spots. 129 

MERSI-Ⅱ fire monitoring products from FY-3D satellite can provide fire spot location, sub-pixel fire 130 

spot area, temperature, and fire spot intensity, in inland areas around the world and generate global fire-131 

spot pixel information (including day and night) in an HDF format. FY-3D fire products are produced 132 

following a projection with the equal latitude and longitude (0.01°). Fire spot intensity is classified 133 

according to sub-pixel fire spot area and temperature, with an overall accuracy above 85%. Based on 134 

daily monitoring products, SMART (Satellite Monitoring Analyzing and Remote sensing Tools) system 135 

can generate the images of global monthly fire spot distribution, with a resolution of 0.25°. 136 

 137 

The algorithm for fire spot identification depends on the sensitivity of mid-infrared channels to high-138 

temperature heat sources. The radiance and brightness temperature of the pixels in the mid-infrared 139 

channels with sub-pixel fire spots are higher than those of the surrounding non-fire pixels and those of 140 

the pixels in the far-infrared channels. Therefore, the pixels with fire spots can be identified by setting 141 

an appropriate threshold, and the estimation of background temperature is the key to high detection 142 

accuracy and sensitivity. 143 

 144 

Sub-pixel fire spot estimation relies on the brightness temperature in mid-infrared channels, and the far-145 

infrared channels are employed when the mid-infrared channels have saturated brightness temperature. 146 

In the single-channel estimation formula, the temperature of the open flame spot is set to 750 K. 147 

 148 

Fire spot intensity, namely fire radiation power (FRP), is obtained by substituting the area and 149 

temperature of sub-pixel fire spots into the Stephen–Boltzmann formula of full-band blackbody radiation. 150 

𝐽∗ = 𝜀𝜎𝑇4 ,                                                                   (1) 151 

The radiant emittance 𝐽∗ has dimensions of energy flux, and the SI units of measure are joules per second 152 

per square meter. The SI unit for absolute temperature T is the kelvin. 𝜀 is the emissivity for the grey 153 

body; if it is a blackbody, 𝜀 = 1. 𝜎 is the Stephen–Boltzmann constant. 154 

 155 

FRP is divided into 10 levels, indicating different ranges of radiation intensity and the fire behavior at 156 

fire-spot pixels. Fire spots are classified into four groups with regard to credibility, namely the real fire 157 

spots, possible fire spots, fire spots affected by the cloud and noisy(fire spots disturbed by clouds and 158 

noise). 159 

 160 

FY-3D/MERSI-Ⅱ daily global fire monitoring products is illustrated in Fig. 1. The major processing of 161 

daily fire spot products is the generation of 5-minute fire spot lists, which includes such information as 162 

observation time of fire spot pixels, latitude and longitude, sub-pixel fire spot area and temperature, and 163 

FRP. Next, all the 5-minute fire spot information for each day is merged into the daily global fire 164 

information list. 165 

 166 

FY-3D/MERSI-Ⅱ monthly global fire monitoring products consist of the information list of global fire 167 

spot pixels and the density map of global fire spots. The information list of monthly global fire spots 168 
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covers all global fire spot pixels in this month. Concerning the multi-time monitoring information of the 169 

same pixel, the maximum fire spot area is taken as the current-month fire spot information for the pixel. 170 

Fig. 2 is an illustration of the density map of global fire spots based on FY-3D/MERSI-Ⅱ, in which 171 

different colors indicate the number of fire spot pixels at 0.25° × 0.25° spatial grid. Compared with daily 172 

FY-3D fire products, monthly FY-3D fire products were advantageous of revealing the global patterns of 173 

fire spots. As shown in Fig. 2, the global fire spots were mainly distributed in southern Africa, central 174 

South America, southern North America, north-central Asia, and northern Australia in June, 2019. 175 
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3 Methods 181 

This section mainly introduces the specific algorithm and steps for generating FY-3D global fire products 182 

based on the original data obtained from MERSI-Ⅱ. The input data include MERSI-Ⅱ global orbital Earth 183 

observations, MERSI-Ⅱ global orbital geographical locations, MERSI-Ⅱ global orbital cloud detection 184 

data, and global land and sea template data, as shown in Table 2. 185 

Table 2 Input file list of MERSI-Ⅱ global fire monitoring software. 186 

No. Item Format Data type Period Source Description 

1 MERSI-Ⅱ 

global orbital 

Earth 

observations 

hdf 1B Real-

time 

Preprocessor Data file after preprocessing 5-

minute data segments of 

MERSI-Ⅱ 

2 MERSI-Ⅱ 

global orbital 

geolocations 

hdf Float Real-

time 

Preprocessor Locations after preprocessing 5-

minute data segments of 

MERSI-Ⅱ 

3 MERSI-Ⅱ 

global orbital 

cloud 

detection data 

hdf Float Real-

time 

Product system 5-minute cloud detection 

products of MERSI-Ⅱ produced 

by the product system 

4 Global land 

and sea 

template data 

dat Grid Static Data 

management 

and user 

service 

subsystem 

Global land-sea boundaries 

Automatic identification of fire spots is the major step for generating fire products. Firstly, the 5-minute 187 

L1 data segments of MERSI-Ⅱ and various auxiliary data are read in, and the noise lines are identified 188 

to generate the noise line mark. Next, the 5-minute data segments are projected according to rule of the 189 

equal latitude and longitude, and cut as 5° × 5° grids to generate a local map. 190 

 191 

Secondly, fire spots in each 5° × 5° local map are identified pixel by pixel, subject to the calculation of 192 

sub-pixel fire spot area and the estimation of FRP. According to the credibility, the identified fire spot 193 

pixels are classified into four categories. Subsequently, all the 5° × 5° local fire spot information in the 194 

5-minute data segments is synthesized to generate fire-spot HDF file products. The general steps for 195 

producing FY-3D fire products is briefly explained in Fig 3 and the detailed procedures are explained as 196 

follow. 197 
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 198 

Figure 3 General flow chart of the processing algorithm for FY-3D MERSI-Ⅱ fire spot products. 199 

3.1 The general principle of fire detection based on MERSI-Ⅱ 200 

Channel 20 of FY-3D MERSI-Ⅱ is mid-infrared, with a wavelength of 3.55–3.95 m, while Channels 24 201 

and 25 are far-infrared, with a wavelength of 10.3–11.3 m and 11.5–12.5 m, respectively. According 202 

to Wien’s displacement law, 203 

𝜆 ∗ 𝑇 = 𝑏 ,                                                              (2) 204 

where 𝜆 is the peaks at the wavelength, T is the absolute temperature, b is a constant of proportionality 205 

called Wien’s displacement constant, equal to about 2898 μm ⋅ K. blackbody temperature T is inversely 206 

proportional to peak radiation wavelength λmax, as the higher temperature can lead to the smaller peak 207 

radiation wavelength. The peak radiation wavelength of the surface at normal temperature (about 300 K) 208 
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is close to that of Channels 24 and 25; the combustion temperature of forest fires is generally 500 K–209 

1200 K, and the peak wavelength of thermal radiation is close to that of Channel 20. When a fire spot 210 

appears in the observed pixel, the radiance increment in Channel 20 caused by the high temperature in 211 

the small sub-region of the pixel, where the fire spot is located (Since the pixel resolution of the scanning 212 

radiometer is 1.1 km, it is usually not be all open flame areas at the same time in such a large range), is 213 

much higher than surrounding pixels without an open flame and also greater than that in Channels 24 214 

and 25. In this case, the weighted average of radiance increase and brightness temperature increase of 215 

each channel differ notably in this pixel, based on which the fire information can be extracted and 216 

analyzed. 217 

 218 

As indicated by Fig. 4(a), when the fire spot temperature grows, the brightness temperature of CH20 219 

pixels increases rapidly. Even if the fire spot only accounts for 0.1% the pixel area, the brightness 220 

temperature increment can reach 10 K (44K) when the fire spot is 500 K (900 K). Although the brightness 221 

temperature increase of CH24 also rises with the higher fire spot temperature, it is far lower than that of 222 

CH20. Fig. 4(b) illustrates that as the fire spot area gets larger, the brightness temperature of CH20-223 

mixed-pixels grows rapidly. It reaches 12K when the fire spot is 900 K, even if the fire spot only accounts 224 

for 0.01% of the pixel area. Similarly, the brightness temperature increment of CH24 grows at a much 225 

lower rate than CH20. 226 

 227 
Figure 4 (a): Curves of FY-3D/MERSI-ⅡCH20 and CH24 brightness temperature increment with fire 228 

spot temperature (with fire spot area accounting for 0.1% of pixel area and background temperature at 229 

290 K). (b): Curves of FY-3D/MERSI-ⅡCH20 and CH24 brightness temperature increment with fire spot 230 

area (with fire spot temperature at 600 K, 750 K, and 1000 K, background temperature at 290 K, and the 231 

ratio of fire spot area to pixel area increasing from 0.01% to 0.4%). 232 

3.2 Automatic identification algorithms for fire spots 233 

3.2.1 Detection of cloud pixels 234 

Effective cloud detection is required for generating reliable fire products for the following reasons. Firstly, 235 

the existence of cloud in the atmospheric layers may block the emitted information of fire spots, leading 236 

to missed identification. Secondly, specular reflection of cloud can lead to wrong identification of fire 237 
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spots. Therefore, cloud identification was conducted before fire identification. Similar to MODIS, FY-238 

3D also included radiation information from multiple bands and the principle of cloud identification for 239 

FY-3D fire products was similar to that of MODIS. Based on the reflectance difference between cloud 240 

and land pixels, we classified cloud pixels following the rules listed in Table 3. 241 

Table 3 major rules for cloud pixel determinations. 242 

number conditions 

1 TMir – Tfar1 < 4K 

2 TMir – Tfar1 > 20K & TMir < 285K | Tfar1 < 280K 

3 RVis > 0.28 & SolarZenith < 70° | SolarZenith <60° & SateZenith < 60° 

4 Tfar1 < 265K 

5 TMir < 270K & Tfar1 – Tfar2 < 4K 

6 Tfar1 < 270K & Tfar1 – Tfar2 > 60K 

7 TMir < 320K & TMir < TMir_TH 

8 SolarZenith > 70 & RVis > 0.28 TMir < 320K 

TMir: Mid-infrared channel; Tfar1: 10.8um Far-infrared channel; Tfar2: 12um Far-infrared channel; RVis: 243 

Visible light channel; SolarZenith: Solar zenith angle; SateZenith: Satellite zenith angle. 244 

3.2.2 Calculation of background temperature 245 

According to the principle of fire spot identification, when a fire spot appears in a pixel (i.e., open flame), 246 

the brightness temperature of the pixel in Channel 20 is significantly higher than the background 247 

brightness temperature (the brightness temperature of surrounding non-fire pixels); the brightness 248 

temperatures of Channels 24 and 25 are also higher than the background, but the temperature difference 249 

is much smaller than Channel 20. In this case, the difference of brightness temperature between fire-spot 250 

pixels and background in both the mid-infrared channel and far-infrared channels can be employed as 251 

important factors for automatic identification of fire spots. Therefore, the background temperature of the 252 

detected pixel is required for identifying fire spots. Since the background temperature cannot be obtained 253 

from the fire-spot pixels, it should be calculated according to the average of their surrounding pixels. 254 

However, the reflection of solar radiation during the daytime also causes a higher brightness temperature 255 

in the mid-infrared channel, which mainly occurs in the zone bare of vegetation, cloud surface, and water 256 

bodies (specular reflection). In particular, the difference of brightness temperature between mid-infrared 257 

and far-infrared channels caused by specular reflection of solar radiation can reach tens of K on the cloud 258 

surface and water bodies. Since the reflection of solar radiation on the bare surface is relatively weak in 259 

the mid-infrared channel, a few degrees of difference can cause non-fire pixels misclassified as fire pixels, 260 

due to the high sensitivity requirement for fire identification. When the background brightness 261 

temperature is calculated, pixels that already contain fire spots should also be excluded. Therefore, 262 

suspected high-temperature pixels, which may already contain fire spot pixels, cloudy pixels, water 263 

pixels and those pixels affected by solar flare should be removed for background temperature calculation. 264 

 265 

Furthermore, the pixel size in the mid-infrared channel of a meteorological satellite is about 1 km2. Within 266 
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this range, the underlying surface may be diversified and composed of sub-regions with different 267 

fractional vegetation cover (FVC). In the daytime, affected by solar radiation, the brightness temperature 268 

of different FVC may vary, making the calculated background temperature higher than expected. To 269 

address this issue, Kaufman et al. (1998) suggested the use of standard deviation of background 270 

temperature for fire identification, which significantly reduced the overestimation of background 271 

temperature caused by different underlying surfaces. 272 

 273 

After above-mentioned disturbing pixels were removed, the average and standard deviation of 274 

background temperature in the mid-infrared channel, and the background average and standard deviation 275 

of brightness temperature difference between the mid-infrared and far-infrared channels were calculated 276 

with peripheral pixels as background pixels. 277 

 278 

The calculation of background temperature was acquired in the following steps. For each 3×3 window, 279 

the background temperature is calculated as the mean temperature of all background pixels. Suspicious 280 

high-temperature pixels can be identified according to the following conditions: 281 

TMir > Tth or TMir > T’Mir_bg + △TMir_bg 282 

Where TMir is the bright temperature in the middle-infrared channel. Tth is the threshold for high-283 

temperature pixels in the middle-infrared channel, usually set as sum of the mean bright temperature of 284 

all pixels in the window and 2 × its corresponding standard deviation. T’Mir_bg is the mean bright 285 

temperature of background pixels. 286 

 287 

△TMir_bg is the allowed difference between the mean background bright temperature and the suspicious 288 

high-temperature pixel, usually set as 2.5 × standard deviation of background pixels. If there were less 289 

than 20% of pixels were cloudless pixels, then the 3 ×3 window was extended to 5 ×5, 7×7, 9 × 9…51 × 290 

51. If still not applicable, then this pixel was marked as a non-fire pixel. 291 

3.2.2 Identification of fire pixels 292 

With obtained background temperature, the difference between brightness temperature and background 293 

temperature in the mid-infrared channel, as well as the difference of brightness temperature and 294 

background temperature between mid-infrared and far-infrared channels, at the candidate pixels could 295 

be calculated, based on which we could decide whether the threshold of fire spot identification was 296 

reached. If the threshold was reached, the pixel will be preliminarily marked as a fire pixel. Next, for 297 

daytime observation data, it is necessary to further check whether the increase of brightness temperature 298 

in the mid-infrared channel was interfered by solar radiation in the cloud area. Through the two-stage 299 

check, fire pixels could be effectively extracted. 300 

 301 

When the following two conditions are met, a pixel can be identified as fire pixel: 302 

(1) T3.9 > T3.9bg + n1 ×δT3.9bg 303 

(2) △T3.9_11>△T3.9bg_11bg + n2 ×δT3.9bg_11bg 304 

Where T39 is the bright temperature of the pixel at 3.9 um. T3.9bg is the background bright temperature. 305 
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δT3.9bg is the standard deviation of bright temperature of background pixels. △T3.9_11 is the difference of 306 

bright temperature between 3.9 um and 11 um. △T3.9bg_11bg is the difference of background bright 307 

temperature between 3.9 um and 11 um. The setting of this condition aimed to identify the difference of 308 

land cover types in the window. When the land cover types in the window were generally consistent, 309 

δT3.9bg_11bg is relatively small. For the identification of fire pixels, when δT3.9bg_11bg was smaller than 2k, 310 

this value was replaced using 2K. When δT3.9bg_11bg was larger than 4k, this value was replaced using 4K. 311 

n1 and n2 are background coefficients, which varies across regions, observation time and observation 312 

angles. For instance, for Northern grasslands, n1 and n2 was set as 3 and 3.5, respectively. 313 

3.2.3 Identification of noise line 314 

Satellite data received by the ground system contain noise. For instance, some scanning lines may contain 315 

many noisy pixels that affect fire spot identification. In this case, noise lines, referred to multiple 316 

consecutive noisy pixels in one scanning line, should be checked firstly. Since the identification of fire 317 

was carried out on the areal map projected with an equal latitude and on the same circle of longitude, the 318 

identified latitude and longitude of fire spots failed to reflect the original positions of scanning lines. 319 

Therefore, the noise line was identified on the 5-minute data segments before projection. Firstly, the 5-320 

minute data segments were employed to identify fire spots, and the line number of identified fire spot 321 

pixels was recorded. Following this, the number of fire spot pixels in each line was counted. When the 322 

number of fire spot pixels in a line exceeded the empirical threshold, it was identified as a noise line, and 323 

all pixels in the line are marked as noisy ones. In the following process, all pixels in this line were no 324 

longer considered for fire-spot identification. 325 

3.3 Estimation of fire radiation power (FRP) 326 

FRP can be calculated using Stephen–Boltzmann formula (Matson et al., 1984) through the estimation 327 

of sub-pixel fire spot area and temperature. 328 

3.3.1 Estimation of sub-pixel fire spot area and temperature 329 

MERSI-Ⅱ data is 12 bits, with a quantization level of 0–4095 and high radiation resolution. The spatial 330 

resolution is 1.1 km, and the radiance of a pixel observed by the satellite is the weighted average of the 331 

radiance of all the ground objects within the pixel range, as 332 

𝑁𝑡 = (∑ 𝛥𝑆𝑖𝑁𝑇𝑖
𝑛
𝑖=1 )/ 𝑆 ,                                                          (3)  333 

where Nt is the radiance of the pixel observed by the satellite; t is the brightness temperature 334 

corresponding to Nt; △Si is the area of the ith sub-pixel; NTi is the radiance of the sub-pixel; Ti is the 335 

temperature of the sub-pixel; S is the total area of the pixel. 336 

 337 

Due to different FRP and temperature, underlying surfaces containing fire spots can be divided into fire 338 

zones and non-fire zones (background). When fire spots appear, the radiance of pixels containing fire 339 

spots (i.e. mixed pixels) can be expressed by the following formula: 340 

 

 341 
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𝑁𝑖𝑚𝑖𝑥 = 𝑃 ∗ 𝑁𝑖ℎ𝑖 + (1 − 𝑃) ∗ 𝑁𝑖𝑏𝑔 = 𝑃 ∗
𝐶1𝑉𝑖

3

𝑒

𝐶2𝑉𝑖
𝑇ℎ𝑖 −1

+ (1 − 𝑃) ∗
𝐶1𝑉𝑖

3

𝑒

𝐶2𝑉𝑖
𝑇𝑏𝑔 −1

 ,                   (4) 342 

where P is the percentage of sub-pixel fire spot area in the pixel; Nimix, Nihi, and Nibg are the radiance of 343 

mixed pixels, sub-pixel fire spot (fire zone) and surrounding background; Thi and Tbg are the temperature 344 

of sub-pixel fire spots and background; Vi is the central wavenumber of channels; C1 and C2 are Planck 345 

constants. 346 

 347 

For Eq. (4), there are two unknown variables, P and Thi. According to the characteristics of infrared 348 

channels in the scanning radiometer (dynamic brightness temperature and spatial resolution), the 349 

radiation increase of high-temperature sources varies notably in different bands. To address this issue, a 350 

strategy is employed to estimate the actual area and temperature of fire spots according to the radiation 351 

in different infrared channels. When the mid-infrared channel was not saturated, it was used for 352 

estimating the sub-pixel fire spot area and temperature. Otherwise, the far-infrared channel was 353 

alternatively employed for estimation. 354 

 355 

When a single channel was adopted to estimate the sub-pixel fire spot area, the fire spot temperature was 356 

set to an appropriate value, which was 750 K in this product. 357 

3.3.2 Calculation of fire radiation power 358 

Based on the percentage of sub-pixel fire spot area, P, and fire spot temperature, FRP can be calculated 359 

using Stephen–Boltzmann formula: 360 

𝐹𝑅𝑃 = 𝑃 ∗ 𝑆𝜆,𝜑 ∗ 𝜎𝑇4 ,                                              (5) 361 

where 362 

FRP is fire radiation power, W; 363 

Sλ,φ is the sub-pixel fire spot area of pixels located at longitude λ and latitude φ, which is calculated 364 

according to the percentage of sub-pixel fire spot area P and the total pixel area; 365 

T is the sub-pixel fire spot temperature and set to 750 K; 366 

σ is Stephen–Boltzmann constant, 5.6704 × 10−8 (W m−2 K−4). 367 

3.4 Verification methods 368 

Wildfires are characterized by random and rapid changes, so it is difficult to verify the product accuracy 369 

of GFR (Global Fire) according to actual ground information. In this paper, the accuracy of FY-3 fire 370 

products is tested through visual interpretation and cross-verification of other products. Specifically, due 371 

to the extreme large size of GFR datasets, we set the different strategies for accuracy assessment. For 372 

visual interpretation, several 5-minute data segments with regional representation were selected for 373 

verification using manually identified fire spots; For cross-verification with other fire products, global 374 

fire spot data throughout 2019 were employed. 375 

 376 

The error was defined as the distance from the positions (longitude and latitude) of automatically 377 

identified fire spot pixels to corresponding manually identified ones. When the difference in latitude and 378 
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longitude was less than or equal to 0.02°, the automatically identified pixel was regarded as a successful 379 

identification. 380 

√(𝑙𝑎𝑡1 − 𝑙𝑎𝑡2)2 + (𝑙𝑜𝑛𝑔1 − 𝑙𝑜𝑛𝑔2)2 ≤ 0.03°  381 

where lat1 and lat2 are the latitude of PGS (Product Generation System) fire spot pixels and manually 382 

identified pixels (reference pixels); long1 and long2 are the longitude of PGS fire spot pixels and 383 

manually identified pixels (reference pixels), respectively. 384 

4 Results 385 

4.1 Global-scale test based on visual interpretation 386 

In this research, 5-minute segments of FY-3D fire products in different continents, including Africa, 387 

South America, Indo-China Peninsula, Siberia and Australia were collected at 12:15 (UTC) on June 13, 388 

2018, 17: 05 (UTC) on August 21, 2019, 06:15 (UTC) on March 13, 2019, 03:40 (UTC) on November 389 

13, 2019,17:40（UTC）on May 29, 2018 respectively for visual interpretation. The specific observation 390 

positions are shown in Fig. 5 with five corresponding fire detection pictures of FY-3D. 391 

 392 

These regions were selected for evaluating the global reliability of FY-3D fire products for the following 393 

reasons. Firstly, Africa, South America, Indo-China Peninsula, Siberia and Australia are the regions with 394 

the most frequent fire events across the globe. Secondly, there are rich vegetation in these regions, which 395 

provides the foundation for stable combustion across a year. Thirdly, these regions cover large area with 396 

generally unified underlying surfaces. Fourthly, these areas are of regional representation: Siberia 397 

represents typical regions with frequent forest fires in Northern Hemisphere. Africa represents typical 398 

tropical grasslands and forests in the equator regions. South America represents virgin tropical rainforests. 399 
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 400 

Figure 5 (a), Observation positions from FY-3D MERSI-Ⅱ. The red frame at the upper right shows FY-401 

3D MERSI-Ⅱ is located at the border between Northeast China and Russia. The lower left red frame 402 

shows FY-3D MERSI-Ⅱ is over east-central South America and the central red frame shows FY-3D 403 

MERSI-Ⅱ is located in south-central Africa. The middle right red frame shows the FY-3D MERSI-Ⅱ is 404 

over Indo-China Peninsula and the lower right red frame shows the FY-3D MERSI-Ⅱ is located in east 405 

Australia. (b)-(f), Fire spot matching diagram between GFR and visual interpretation data of FY-3D 406 

MERSI-Ⅱ. The red points indicate that GFR matches visual interpretation data, and the blue points 407 

represent that only GFR recognized the fire spots, which was not. 408 

Fig. 5 presents the spatial distribution of GFR fire spots and manually identified fire pixels in the 5-409 

minute segment of the above regions. According to Fig 5b, most fire spots in FY-3D products and 410 

manually extracted fire spots in South America were in same positions. In Fig 5c, most FY-3D and 411 

manually extracted fire spots in Africa coincided or were in a close position. In Fig 5d, despite a few 412 

mismatched fire spots, the position of FY-3D and manually extracted fire spots in Indo-China Peninsula 413 

was consistent. Fig 5e and Fig 5f also show that most fire spots are matched in Russia and Australia. 414 

Table 4 shows accuracy of GFR fire spots in the five typical regions. The accuracy of automatically 415 

identified fire spot in all regions was generally consistent and all exceeded 90%. Since these selected 416 

regions represented distinct vegetation types and located in different hemispheres, the verification of FY-417 

3D fire products based on 0.24 SMART proved its stability and reliable high-accuracy at the global scale. 418 

Table 4 Verification of fire spot identification based on GFR and SMART in different regions. 419 

 420 
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Region GFR-based fire 

spots  

Not match with 

SMART 

Coincidence rate 

(%) 

South-central Africa 1429 77 94.6 

East-central South America 204 12 94.1 

Siberia 32 3 90.6 

Australia 85 7 91.8 

Indo-China Peninsula 438 32 92.7 

Overall 2188 131 94.0 

4.2 Cross-verification with other global fire products 421 

The cross-verification between FY-3D fire products and the mainstream MODIS fire products, 422 

MYD14A1 V6 (https://firms.modaps.eosdis.nasa.gov/map/) with a daily temporal resolution and 1km 423 

spatial resolution was conducted using the entire 2019 datasets. The data sets with observation time less 424 

than 1 h were selected; the underlying surfaces were visually checked to remove areas covered by non-425 

vegetation such as water, ice and snow, and bare land. According to the criterion that the distance 426 

matching between the two fire spot pixels was less than 0.03°, cross-verification was conducted with 427 

different months, underlying surfaces, regions, and fire intensities. In 2019, there were 2,237,714 fire 428 

spot pixels in MODIS fire products, 1,866,920 of which were matched with FY-3D fire products, with 429 

an overall consistence of 84.4% (as shown in Fig. 6). As shown in Figure 6, global fire spots were mainly 430 

distributed in America, south-central Africa, East, and Southeast Asia, Australia, and parts of Europe, 431 

and there were notable spatiotemporal variations of identified fire spots. Specifically, given the overall 432 

data volume and spatial distribution, the total number of fire spot pixels from MODIS fire products was 433 

larger than FY-3D products. For individual regions, the more fire spots, the higher consistence between 434 

FY and MODIS fire products. Africa is the region with the most fire spots across the globe. From May 435 

to October, a majority of fire spots was located in southern Africa whilst a majority of fire spots from 436 

November to next April was located in the middle and western coastal of Africa. The consistence between 437 

MODIS and FY-3D products was higher than other regions. The distribution of fire spots in South 438 

America also presented seasonal characteristics. From July to October, fire spots mainly concentrated in 439 

middle parts of South America. For other seasons, fire spots in South America mainly concentrated in 440 

the North and other parts. The consistence between MODIS and FY-3D fire products also demonstrated 441 

seasonal differences, with a high consistence from August to November and a relatively low consistence 442 

in other seasons. For Eurasia, there were notable seasonal variations of spatial patterns of fire spots. 443 

During March to August, there were relatively many fire spots and the consistence between MODIS and 444 

FY-3D fire products was relatively high in this region.  445 
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 446 

Figure 6 Spatial distribution difference in global fire spots between FY-3D and MODIS fire products in 447 

different months of 2019. 448 
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In addition to the overall consistence between MODIS and FY-3D fire products, we also conducted cross-449 

verification of the two global fire products in terms of different months, underlying surfaces, regions and 450 

fire intensities as follows. 451 

4.2.1 Cross-verification of MODIS and FY-3D in terms of different months 452 

Fig. 7(a) illustrates the monthly precision test of FY-3D and MODIS fire products in 2019. The precision 453 

in the remaining months is over 80% except that in April, October, and November. The highest appears 454 

in July, exceeding 90%, while the lowest is in April, 71%. Detailed parameters can be found in Table 5. 455 

From the global perspective, the number of fire spots was larger in July, August and September and the 456 

mean consistence between MODIS and FY-3D fire products was larger than 85%. For July when the fire 457 

products were the most, the consistence achieved 90%. From January to May, the number of fire spots 458 

was relatively small, and the mean consistence was around 80%. The consistence for April was 71%, 459 

lowest among all months. The notable monthly variations of the consistence between MODIS and FY-460 

3D fire products was mainly attributed to the uneven spatial distribution of fire spots across the globe. 461 

As shown in Fig 6, in June and July, a large number of fire spots mainly concentrated in Africa, South 462 

America and Eurasia, leading to a high consistence of fire identification. In April, there were limited and 463 

sparsely distributed fire spots in Africa and South America, leading to a low consistence. According to 464 

the statistics, the number of fire spots was positively correlated with the consistence between different 465 

fire products. Meanwhile, in seasons when fire could last longer, the consistence was relatively higher.  466 

Table 5 Cross-satellite comparison between FY-3D and MODIS fire products. 467 

Time Match Mismatch Total Consistence (%) 

201901 70799 14188 84987 83 

201902 66849 14717 81566 82 

201903 105176 22576 127752 82 

201904 94474 39250 133724 71 

201905 75703 17135 92838 82 

201906 174587 33862 208449 84 

201907 362108 39683 401791 90 

201908 315182 51627 366809 86 

201909 226363 47607 273970 83 

201910 115975 33956 149931 77 

201911 102240 27732 129972 79 

201912 157464 28461 185925 85 

Total 1866920 370794 2237714 83.4 

4.2.2 Cross-verification of MODIS and FY-3D in terms of different underlying surfaces 468 

Statistical analysis of precision is carried out with different types of underlying surfaces. The data of 469 

underlying surfaces is the global land use are detailed in Table 6. 470 
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 471 

The 15 types of underlying surfaces were selected for verification. Table 6 and Fig. 7(c) shows the 472 

consistence of FY-3D and MODIS fire products with different underlying surfaces. From the 473 

classification of different underlying surfaces, the remaining types are over 80% except (11) Post-474 

flooding or irrigated croplands (or aquatic), (14) Rainfed crops, (20) Mosaic cropland (50-70%) / 475 

vegetation (grassland/shrubland/forest) (20-50%), (140) Closed to open (>15%) herbaceous vegetation 476 

(grassland, savannas or lichens/mosses), and (150) Sparse (<15%) vegetation. When the underlying 477 

surface is the open (15%–40%) coniferous and deciduous forest or evergreen forest, the precision is the 478 

highest, at 93%. In addition, according to the classification of underlying surfaces, the fire spot 479 

identification shows high precision when the underlying surface is the forest. The consistence between 480 

FY-3D and MODIS fire spots on different underlying surfaces in each month was demonstrated in Table 481 

7. Clearly, we can found the fluctuation of consistence across seasons due to the variation of combustible 482 

vegetation, which influenced the detecting capability of MODIS and FY-3D.  483 

 484 

The low consistence between FY-3D and MODIS fire products was observed for underlying surface 11, 485 

14, 20, 140 and 150. Specifically, 11, 14 and 20 could be categorized as farmlands. 140 was mainly 486 

occupied by herbaceous vegetation or sparse grasslands. 150 was mainly occupied by sparse grasslands. 487 

Generally, these surfaces were all covered by sparse or unstable vegetation, the fire on which can last for 488 

a relatively short period. Meanwhile, the observation time lag between FY-3D and MODIS was larger 489 

than 30 minutes. Therefore, the consistence of FY-3D and MODIS fire products on these surface types 490 

was lower than other surface types.  491 

Table 6 Classification of underlying surfaces (land cover types). 492 

ID Definition of underlying surfaces 

11 Post-flooding or irrigated croplands (or aquatic) 

14 Rainfed croplands 

20 Mosaic cropland (50-70%) / vegetation (grassland/shrubland/forest) (20-50%) 

30 Mosaic vegetation (grassland/shrubland/forest) (50-70%) / cropland (20-50%) 

40 Closed to open (>15%) broadleaved evergreen or semi-deciduous forest (>5m) 

50 Closed (>40%) broadleaved deciduous forest (>5m) 

60 Open (15-40%) broadleaved deciduous forest/woodland (>5m) 

70 Closed (>40%) needleleaved evergreen forest (>5m) 

90 Open (15-40%) needleleaved deciduous or evergreen forest (>5m) 

100 Closed to open (>15%) mixed broadleaved and needleleaved forest (>5m) 

110 Mosaic forest or shrubland (50-70%) / grassland (20-50%) 

120 Mosaic grassland (50-70%) / forest or shrubland (20-50%) 

130 

Closed to open (>15%) (broadleaved or needleleaved, evergreen or deciduous) shrubland 

(<5m) 

140 Closed to open (>15%) herbaceous vegetation (grassland, savannas or lichens/mosses) 

150 Sparse (<15%) vegetation 

493 
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4.2.3 Cross-verification of MODIS and FY-3D in terms of different regions 496 

The global monitoring area is divided into Africa, America, Asia, Europe, and Oceania. The verification 497 

demonstrates the results with the highest precision (over 80%) are found in Africa and Asia, and those in 498 

America, Europe, and Oceania show the precision over 70%. The FY-3D/MERSI-Ⅱ fire identification 499 

algorithm draws lessons from the MODIS algorithm and has been improved on that basis, and targeted 500 

development has been made for the underlying surface and climatic conditions in China, so it is necessary 501 

to test the matching results in China separately. It shows that China’s regional consistency of results in 502 

China is lower than other continents, only 65%. Compared with other continents, the low consistence 503 

between FY-3D and MODIS fire products in China may be attributed to the following reason. Thanks to 504 

the field-collected data, the algorithm for fire detection using FY-3D specifically included the underlying 505 

surfaces and surrounding geographical conditions in China. Therefore, FY-3D has the potential to provide 506 

more reliable fire products for China.   507 

 508 

According to the feedback on practical application in China, especially during the period from July to 509 

September, when there were much precipitation, cloud cover, there should be limited fire spots identified. 510 

However, based on MODIS fire products, there were many fire spots during this period, which were 511 

much more than FY-3D detected fire spots. The consistence between MODIS and FY-3D fire products 512 

in China was only 65%. Specifically, the fire spot precision of FY-3D/MERI-Ⅱ was higher than 85%, 513 

which indicated that the precision of the MODIS algorithm is inferior to FY-3D/MERI-Ⅱ in China with 514 

the decline in instrument performance (see Fig. 7(b) for details).  515 
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 516 

Figure 7 (a)-(c). (a): Monthly precision test of fire spots identified by FY-3d and MODIS fire products. 517 

(b): Precision test of fire spots identified by FY-3D and MODIS fire products in different regions. (c): 518 

Monthly precision test of fire spots identified by FY-3d and MODIS fire products with different 519 

underlying surfaces. 520 

4.2.4 Cross-verification of MODIS and FY-3D in terms of fire intensities 521 

The confidence of fire spots and the fire intensity represented by FRP are analyzed respectively, and the 522 

data comes from the MODIS fire spot list. Fig. 8(a) and Fig. 8(b) are statistical diagrams of confidence 523 

and FRP, respectively. From Fig. 8(a), the confidence of the matched pixels of the two satellites is above 524 

66%, while that of the mismatched ones is less than 60% and even lower than 50% in some months. In 525 

other words, the higher confidence indicates the higher matching degree. As indicated by Fig. 8(b), the 526 

FRP of the matched pixels of two satellites is mostly above 40 MW, while that of the unmatched pixels 527 

is less than 40 MW and even lower than 20 MW in some months. Accordingly, the greater fire intensity 528 

leads to the greater probability of simultaneous observation by the two satellites and the higher matching 529 

degree between their results.  530 
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Two major findings were identified based on the comparison between FY-3D and MODIS fire products 531 

in terms of fire intensity: Firstly, the higher the credential of the identified fire, the higher consistence 532 

between FY-3D and MODIS fire products. When the credential was larger than 65%, both FY-3D and 533 

MODIS could effectively identify the candidate pixel as fire pixel. In other words, the parameter of 534 

credential in MODIS fire product provides important reference for fire detection. Secondly, FRP is an 535 

index for the heat radiation of the fire. The larger FRP, the larger consistence between FY-3D and MODIS 536 

was, indicating a higher accuracy of fire detection. Therefore, the difficulty for fire detection mainly lies 537 

in the detection of weak fires.  538 

 539 

Figure 8 (a)-(b). (a):Relationship between matching and confidence of different fire spots. (b): 540 

Relationship between matching and FRP of different fire spots. 541 
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5 Discussion 542 

5.1 Advantages, limitations and implementations of FY-3D fire products 543 

As satellite instruments keep aging in the harsh space environment, the degradation of sensors is 544 

inevitable. Theoretically, sensor degradation can be corrected through atmospheric calibration. However, 545 

during the mission life, the solar diffuser and stability monitor required for atmospheric calibration also 546 

change across time (Wang et al., 2012). Since the MODIS instrument has been working for nearly 20 547 

years, its performance for fire detection degrades notably. Furthermore, similar to VIIRS and other 548 

algorithms, MODIS fire products may have large uncertainties in such regions as China (Fu et al., 2020; 549 

Ying et al., 2019). 550 

 551 

As one major product of the FY-3D meteorological satellite, FY-3D fire product boasts the highest 552 

resolution and precision in China by specifically including the underlying surface parameters collected 553 

in China. Compared with MODIS and VIIRS, MERSI-Ⅱ shows the resolution of 250 m in the far-infrared 554 

channel, which is the highest among meteorological satellites of the same type. The FY-3D fire 555 

identification algorithm learns from the advantages and technical ideas of MODIS and VIIRS fire-556 

identification algorithms. Furthermore, FY-3D fire products have been optimized in terms of auxiliary 557 

parameters, fire identification, and re-identification as follows: 558 

Auxiliary parameters：Since the sole use of vegetation index is limited to reflect combustible materials, 559 

climatic boundaries and geographical environment data, which had a strong influence on vegetation types 560 

and growth, were added to FY-3D fire identification.  561 

Fire identification: FY-3D adopts the adaptive threshold and reduces the limitations caused by fixed 562 

thresholds of MODIS and VIIRS algorithms. Meanwhile, FY employs a re-identification index according 563 

to geographical latitude, underlying surface types, as well as the influence by cloud, water bodies and 564 

bare land and the comprehensive consideration of multiple influencing factors increases the accuracy of 565 

fire identification; Thirdly, since the far-infrared channel plays an important role in fire identification and 566 

FY-3D has a high resolution of 250 m in the far-infrared channel, The precision of fire identification is 567 

improved. 568 

Fire re-identification: FY-3D fire products can be used for both global climate change research and such 569 

practical implementations as forest and grassland fire prevention with a higher requirement for precision. 570 

Based on the initially identified fire spots, FY-3D employed the re-identification index to further remove 571 

fire spots at cloud edges, cloud gaps, water body edges, and conventional heat sources and on bare land 572 

and highly reflective underlying surfaces. 573 

 574 

MODIS fire product is one of the most significant and frequently employed fire products with mature 575 

algorithms. Compared with MODIS, FY-3D receives limited emphasis for its capability of fire 576 

monitoring, which is mainly attributed to its short service periods. On one hand, due to its long time 577 

series and general reliability, MODIS fire products remained a major choice for monitoring long-term 578 

variations of fire spots across the world. However, the continuous degradation of MODIS sensors led to 579 

large uncertainties to the quality of recent and future MODIS fire products. In this case, thanks to its 580 
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similar spatio-temporal resolution and high precision, FY-3D fire product has the potential to be widely 581 

employed as the replacement and continuity of global MODIS fire products. Meanwhile, FY-3D fire 582 

products have a higher reliability in China and its surrounding regions than other fire products. Therefore, 583 

FY-3D fire products are an ideal selection for fire monitoring across China. 584 

 585 

The main implementation of FY-3D fire products is fire monitoring. For vast forest and grassland areas, 586 

it is inefficient and time-consuming for manual and aircraft patrol to monitor wildfires. Satellite remote 587 

sensing can work for continuous space with a wide monitoring range, providing massive information in 588 

fire detection, disaster relief, and post-disaster assessment.  589 

 590 

In addition to the fire spot identification and real-time fire tracking, the impact of pollutants produced by 591 

biomass combustion on the environment is another important topic. In China and Southeast Asia, air 592 

pollution caused by biomass burning has been intensified in recent years. Agricultural activities such as 593 

crop-residue burning and wildfires (e.g. forest fires and grassland fires) emit airborne pollutants (e.g. 594 

PM2.5, PM10, CO). In this regard, FY-3D fire products can be used as the emission sources for estimating 595 

its environmental effects. 596 

5.2 Future extension of FY-3D fire products 597 

China has just launched FY-3E and FY-4B satellites in June and July, 2021. Amid the launch and 598 

operation of a new generation of Fengyun meteorological satellites, the accuracy and timeliness of fire 599 

monitoring by meteorological satellites have been largely enhanced. Thanks to the improved 600 

meteorological data, which provides useful reference to understand the current status of combustibles 601 

and potential fire risk, FY-3D satellite will be taken as a better data source to produce various secondary 602 

products for fire monitoring and prediction. Based on traditional fire spot identification, further research 603 

should concentrate on the assessment of fire area, estimation of biomass carbon emission, prediction of 604 

smoke impact, and early warning of forest and grassland fire using the series of Fengyun meteorological 605 

satellites. For instance, the water content of combustibles is closely related to temperature, light, and 606 

cloud cover, which is an important indicator in forest and grassland fire forecasts. However, this variable 607 

was rarely considered in previous fire products. Based on the series of products of Fengyun 608 

meteorological satellites such as surface temperature, vegetation index, surface evapotranspiration, solar 609 

radiance, and cloud cover, FY-3D fire products can be improved by establishing an estimation model for 610 

the water content of combustibles. Meanwhile, with the fire products such as fire spot and smoke, and 611 

the meteorological products such as wind field data from Fengyun series satellites, we can predict the 612 

impact of smoke caused by forest and grassland fires on the atmospheric environment in the surrounding 613 

and even remote areas. In the future implementations, Fengyun meteorological satellites will play a 614 

greater role in monitoring, early warning, and forecast of global fires and their ecological impacts. 615 

6 Data availability 616 

The MYD14A1 Version 6 is available via the NASA FIRMS portal 617 
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(https://firms.modaps.eosdis.nasa.gov/map/, NASA FIRMS, 2021). FY-3D fire products are now 618 

downloadable from our official website (http://satellite.nsmc.org.cn/portalsite/default.aspx, NSMC, 2021) 619 

using registered account and password. For the convenience of data check and trial experiments, a test 620 

account is provided as 621 

Account: 1256931756@qq.com 622 

Password: yangjing1211 623 

7 Conclusions 624 

With a similar spatial and temporal resolution, we produced FY-3D global fire products, aiming to serve 625 

as the continuity and replacement for MODIS fire products, which has been degrading after long-term 626 

service. The sensor parameters and major algorithms for noise detection and fire identification in FY-3D 627 

products were introduced. For accuracy assessment, five typical regions, Africa, South America, Indo-628 

China Peninsula，Siberia and Australia, across the globe were selected and the overall consistence 629 

between FY-3D fire products and reference data exceeded 94%, with a more than 90% consistence in all 630 

regions. We also compared the FY-3D and MODIS fire products for their consistence. The result 631 

suggested that the overall consistence was 84.4%, with a fluctuation across seasons, surface types and 632 

regions. The high accuracy and consistence with MODIS products proved that FY-3D fire product was 633 

an ideal tool for global fire monitoring. Specially, since detailed geographical conditions in China were 634 

considered, FY-3D products should be preferably employed for monitoring fires and estimating its 635 

environment effects in China. 636 
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