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10 ABSTRACT

11 A physical retrieval approach based on the one-dimensional variational (1D-Var) 

12 algorithm is applied in this paper to simultaneously retrieve atmospheric temperature and 

13 humidity profiles under both clear-sky and partly cloudy conditions from FY-4A GIIRS 

14 (geostationary interferometric infrared sounder) observations. Radiosonde observations 

15 from upper-air stations in China and level 2 operational products from the Chinese 

16 National Satellite Meteorological Center (NSMC) during the periods from December 

17 2019 to January 2020 (winter) and from July 2020 to August 2020 (summer) are used to 

18 validate the accuracies of the retrieved temperature and humidity profiles. Comparing the 

19 1D-Var-retrieved profiles to radiosonde data, the accuracy of the temperature retrievals at 

20 each vertical level of the troposphere is characterized by a root mean square error 

21 (RMSE) within 2 K except for at the bottom level of the atmosphere under clear 

22 conditions. The RMSE slightly increases in the higher atmospheric layers, owing to the 
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23 lack of temperature sounding channels. Under partly cloudy conditions, the temperature 

24 at each vertical level can be obtained, while the level-2 operational products obtain values 

25 only at altitudes above the cloud top. In addition, the accuracy of the retrieved 

26 temperature profiles is greatly improved compared with the accuracies of the operational 

27 products. With respect to the humidity retrievals, the mean RMSEs in the troposphere in 

28 winter and summer are both within 2 g/kg. Moreover, the retrievals performed better 

29 compared with the ERA5 reanalysis data between 800 hPa and 300 hPa both in summer 

30 and winter in the RMSE sense. 

31 Key words: temperature and humidity profiles; one-dimensional variational (1D-Var); 

32 GIIRS; hyperspectral data
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34

35 Article Highlights:

36  The 1D-Var physical retrieval algorithm is utilized to retrieve the atmospheric 

37 profiles under both clear-sky and partly cloudy conditions.

38  The 1D-Var-retrieved atmospheric profiles can be produced at each vertical level 

39 while the NSMC level-2 operational products obtain temperature values only at 

40 altitudes above the cloud top and no humidity retrievals.

41  The accuracy of the 1D-Var-retrieved temperature profiles is greatly improved 

42 compared with the accuracies of the NSMC operational level-2 products. 
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43

44 1. Introduction

45 Atmospheric temperature and humidity profiles are essential to climate research. 

46 Continuous and frequent atmospheric temperature and humidity profiles are of great 

47 significance for improving the accuracy of nowcasting applications and situation 

48 awareness. Atmospheric temperature and humidity profiles from conventional radiosonde 

49 data have high representativeness and dependability. However, due to their low temporal 

50 and spatial resolutions, it is difficult for radiosonde measurements to meet the 

51 requirements of the development of global climate and weather models. To solve this 

52 problem, satellite-based hyperspectral infrared (IR) sounders have been developed in 

53 recent decades due to their unique advantages (Menzel et al., 2018). Hyperspectral 

54 infrared sounders onboard meteorological satellites can monitor vertical temperature and 

55 humidity structures on a global scale with a high temporal resolution (Yang et al., 2017). 

56 In addition, hyperspectral infrared sounders have thousands of channels with high vertical 

57 resolution, which can display a more detailed and accurate atmospheric temperature and 

58 humidity vertical structure (Strow et al., 2003; Pougatchev et al., 2009).

59 Temperature and humidity profiles can be obtained from hyperspectral infrared 

60 sounder measurements by combining the IR radiation transmission model with a retrieval 

61 algorithm. Much work so far has focused on these retrieval algorithms. In 1956, King 

62 first proposed the concept of using radiation received by infrared sounders to retrieve 

63 atmospheric temperature (King, 1956). Kaplan reported that atmospheric temperatures at 

64 different heights can be retrieved by using radiation from different spectral regions 

65 originating from different atmospheric layers (Kaplan, 1956). Currently, the main 
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66 retrieval methods can generally be divided into three types: statistical approaches, 

67 machine learning approaches, and physical approaches. The statistical regression 

68 approach depends on the regression equation established by the atmospheric parameters 

69 and the satellite measurements from the spectral channels. This method does not consider 

70 the physical characteristics of atmospheric radiation transmission and cannot describe 

71 important nonlinearities between geophysical variables and radiances. Therefore, in this 

72 method, the accuracy of the retrievals is determined by the temporal and spatial 

73 representations of the statistical samples. Even so, this method has advantages due to the 

74 efficiency of its calculations. Several scientists have described the eigenvector statistical 

75 method. Smith and Woolf illustrated a statistical regression approach to retrieve 

76 atmospheric parameters from measured radiance values using eigenvector covariance 

77 matrices (Smith and Woolf, 1976). Guan retrieved atmospheric temperature and humidity 

78 profiles and surface skin temperature from atmospheric infrared sounder (AIRS) 

79 observations with an eigenvector statistical technique based on principal component 

80 analysis (Guan, 2006). Jiang implied that temperature and humidity profiles retrieved 

81 from AIRS by using eigenvector covariance matrices can meet the basic requirements of 

82 atmospheric profile retrieval accuracy: 1 K for temperature and 20% for humidity in 1-

83 km-thick tropospheric layers (Jiang et al., 2006). Use of the eigenvector statistical 

84 method for retrieving temperature and humidity profiles from AIRS has also been 

85 performed by many other scholars (Zhang et al., 2014; Liu et al., 2008; Smith et al., 

86 2012). Other statistical regression methods, including the ridge regression method (Xi 

87 and Wang, 1984), the cumulative sum statistical control method (Zhang and Wang, 

88 1995), the empirical orthogonal function method (Han et al., 2009), and the least-squares 
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89 method (Xu, 2003), have been widely used to retrieve atmospheric profiles. In recent 

90 years, machine learning algorithms have been gradually applied to the field of 

91 atmospheric science. Yao demonstrated that the overall root mean square errors of 

92 profiles retrieved by the neural networks method are 17% lower over the ocean and 15% 

93 lower over land than those obtained by using the statistical retrieval method (Yao and 

94 Chen, 2006). Singh retrieved atmospheric temperature and humidity profiles by using 

95 neural networks based on the advanced microwave sounding unit (AMSU) over Indian 

96 region in real time and reported that the retrieved temperature and humidity profiles 

97 showed good agreement with the measurements from the AIRS, with a bias, under 850 

98 hPa, of 3 K and 4 g/kg (Singh and Bhatia, 2006). Paola achieved temperature and water 

99 vapor profiles using the random forest technique (MiRTaW) based on observations from 

100 the advanced technology microwave sounder (ATMS) (Paola et al., 2018). Malmgren-

101 Hansen presented, for the first time, the use of convolutional neural networks for the 

102 retrieval of atmospheric profiles from IASI sounding data and observed a huge benefit to 

103 the retrieval accuracy when predicting profiles over clouds (Malmgren-Hansen et al., 

104 2019).

105 As mentioned above, the statistical approach is dependent on a large training dataset, 

106 and the physical nature of atmospheric radiation transmission is not considered, which 

107 affects the accuracy of the retrievals. The physical approach aims to retrieve atmospheric 

108 temperature and humidity profiles directly from satellite measurements of spectral 

109 channel radiation. This approach takes atmospheric radiation transmission into account 

110 and does not depend on training samples. Physical methods require prior information of a 

111 statistical nature and involve radiative transfer calculations and iterative solutions 
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112 (Duncan and Kummerow, 2016). Many methodologies have been proposed to estimate 

113 these iterative solutions (Chahine, 1970; Smith, 1970; McMillin, 1991). Among those 

114 methodologies, the variational method lays a foundation for retrieving atmospheric 

115 parameters from IR hyperspectral and microwave sounder measurements. Li retrieved 

116 temperature profiles through Newton nonlinear iteration based on the 1D-Var principle 

117 from The International Advanced Television and Infrared Observation Satellite 

118 Operational Vertical Sounder (ATOVS) and the accuracy of the retrieval is about 2 K at 

119 1-km vertical solution (Li et al., 2000). Susskind described the basic version of the 

120 methodology based on the variational method used by the AIRS Science Team to 

121 analyses AIRS data in the presence of clouds and determine atmospheric temperature and 

122 humidity profiles (Susskind et al., 2003). Wu reported that the root mean square errors of 

123 profiles retrieved from AIRS clear sky measurements over 850 hPa were less than 1 K for 

124 temperature profiles and 10% for humidity profiles (Wu et al., 2006). Currently, many 

125 investigators have widely used the 1D-Var algorithm to retrieve atmospheric parameters 

126 and develop assimilation systems for a variety of microwave sensors, infrared 

127 hyperspectral sounders, and ground-based microwave radiometers (Li and Zeng, 1997; 

128 Liu and Weng, 2005; Martinet et al., 2017).

129 A new generation of Chinese geostationary meteorological satellites called Fengyun-

130 4A (FY-4A) was successfully launched into space in 2016. The Geostationary 

131 Interferometric Infrared Sounder (GIIRS) onboard FY-4A is the first infrared 

132 hyperspectral sounder onboard a geostationary weather satellite with greatly enhanced 

133 capabilities for high-impact weather event monitoring, warning, and forecasting. He (He 

134 et al., 2019) reported that temperature profiles are available only at altitudes above the 
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135 cloud top and humidity profiles are not provided in the present operational products 

136 released by the Chinese National Satellite Meteorological Center (NSMC). Nearly half of 

137 the level 2 operational atmospheric temperature and humidity products from the NSMC 

138 are labelled perfect, even in clear sky conditions; under cloudy sky conditions, only 30% 

139 of the products are categorized as perfect, according to the quality flag suggested by the 

140 Fengyun science team. It is urgent to improve the accuracy and increase the number of 

141 the profiles retrieved based on GIIRS observations. Therefore, the 1D-Var physical 

142 retrieval algorithm is applied for hyperspectral infrared GIIRS data to retrieve 

143 atmospheric temperature and humidity profiles under both clear-sky and partly cloudy 

144 conditions in this paper. At the same time, radiosonde data are used to validate the 

145 performances of the FY4A operational products from the NSMC and of the profiles 

146 retrieved in this study. 

147 2. Data and model

148 2.1 GIIRS data

149 The Fengyun-4 (FY-4) series comprises China's second-generation geostationary 

150 meteorological satellites. As the first flight unit of the FY-4 series, FY-4A was 

151 successfully launched into space on December 11, 2016, carrying the Advanced 

152 Geosynchronous Radiation Imager (AGRI), Geostationary Interferometric Infrared 

153 Sounder (GIIRS), and the Lightning Mapping Imager (LMI) (Yang et al., 2017). FY-4A’s 

154 GIIRS is the first high-spectral-resolution advanced IR sounder onboard a geostationary 

155 weather satellite, complementing the advanced IR sounders in polar orbit and providing 

156 almost continuous temporal, horizontal and vertical observations.

157 The GIIRS is a Michelson Fourier transform infrared interferometer that measures 
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158 atmospheric infrared radiation, covering the range of the long-wavelength IR (LWIR) 

159 band (700−1130 cm−1) and the mid-wavelength IR (MWIR) band (1650−2250 cm−1) at a 

160 spectral resolution of 0.625 cm−1. It has 1650 spectral channels, of which 689 channels 

161 are for the LWIR band and 961 channels are for the MWIR band. As FY-4A moves, the 

162 GIIRS observes a total of 128 fields of view (FOVs) arranged in a 32 × 4 array, 

163 corresponding to an FOV with a 16-km diameter at nadir. The specific GIIRS instrument 

164 characteristics are given in Table I (Yu et al., 2020).

165 In this study, GIIRS level-1 (L1) observed data and level-2 (L2) operational products 

166 from December 2019 to January 2020 (winter season) and from July 2020 to August 

167 2020 (summer season) were collected at 0000 to 0100 Coordinated Universal Time (UTC) 

168 and 1200 to 1300 UTC. The GIIRS L1 observed data can provide information such as the 

169 measured radiation values of the 1650 channels, noise equivalent spectral radiation values 

170 and observation points' geographical locations of longitude and latitude. The GIIRS L2 

171 operational products include the temperature profile of the GIIRS, cloud mask, land/sea 

172 mask and surface parameters. The GIIRS L1 and L2 datasets can both be downloaded 

173 from the Chinese National Satellite Meteorological Center (NSMC). 

174 2.2 Radiosonde data

175 The radiosonde data of specific synoptic hours from upper-air stations in China are 

176 used to estimate the performance of the retrieved profiles and the GIIRS profile products 

177 from the NSMC. The radiosonde data are received twice a day, at 0000 and 1200 UTC, 

178 from the China Meteorological Data Service Center (CMDC). Sounding observations 

179 from December 2019 to January 2020 and from July 2020 to August 2020 from 89 upper-

180 air stations in the China area were used in this paper. The data include observational 
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181 information such as geopotential height, temperature, dew point temperature, wind 

182 direction, wind speed at all specific isobaric levels, and pressure-temperature-humidity 

183 layers.

184 2.3 ERA5 data

185 In 2018, the European Centre for Medium-Range Weather Forecasts (ECMWF) 

186 launched its fifth-generation global climate reanalysis dataset, called ERA5, which is 

187 produced using 4D-Var data assimilation in CY41R2 of ECMWF’s Integrated Forecast 

188 System (IFS), with 137 hybrid sigma/pressure (model) levels in the vertical direction, 

189 with the top level at 0.01 hPa. Atmospheric data are available on these levels and are also 

190 interpolated to 37 pressure, 16 potential temperature and 1 potential vorticity level(s). 

191 The ERA5 dataset has a horizontal resolution of 0.25° × 0.25° (± 31 km at the equator) 

192 and a temporal resolution of 1 h (Hersbach et al., 2020). In this paper, atmospheric 

193 parameters at 37 pressure levels, including temperature, specific humidity, and ozone 

194 mass mixing ratio, were collected at 0000 to 0100 UTC and at 1200 to 1300 UTC as 

195 initial guesses for 1D-Var retrieval. Surface level parameters, including surface pressure, 

196 geopotential, and skin temperature, were used at the same time. To address the pressure 

197 level mismatch, a regression matrix was applied to map the data from the ERA5 37 

198 pressure levels to the 101 levels required by the retrieval, which is consistent with the 

199 levels of the U.S. standard profile.

200 2.4 Forward model

201 The forward model is one of the most critical components of the retrieval algorithm. 

202 It computes radiances in a clear sky corresponding to given atmospheric and surface 

203 states as well as Jacobian radiances with respect to atmospheric and surface parameters 
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204 for use by the retrieval module. In this study, the Community Radiative Transfer Model 

205 (CRTM) developed by the United States Joint Center for Satellite Data Assimilation 

206 (Weng, 2005) was applied. In the 1D-Var retrieval algorithm, the initial profiles 

207 generated from the ERA5 datasets were used as inputs for CRTM. The number of levels 

208 in the CRTM model was set to 101, which is consistent with the input profiles for the 

209 retrievals.

210 3. Introduction of retrieval methodology

211 3.1 Theoretical basis of 1D-VAR retrieval algorithm

212 The retrieval methodologies adopted for both microwave and infrared radiation are 

213 mostly based on finding the solutions by minimizing a cost function of the following 

214 form (Rodgers, 1976): 

215  (1)2
( ) ( )J x y F x 

216 where and  represent the observed radiances and the radiances calculated by the y ( )F x

217 forward model and  is the atmospheric state vector. If both the state vector and the x

218 radiances are characterized by Gaussian distributions, then the cost function can be 

219 minimized by the following form:

220  (2)   1 1( ) ( ) ( ) ( ) ( )TT
b bJ x x x B x x y F x O y F x      

221 where  and  represent the background error covariance matrix and observation error B O

222 covariance matrix describing the measurement, respectively;  is the background state bx

223 vector, namely, an a priori vector;  is the radiance simulated using the forward ( )F x

224 model; and  is the observed radiance. The first term of the cost function on the right y
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225 represents the penalty for departing from the a priori information, while the second term 

226 represents the penalty for departing from the measurements. The algorithms used to 

227 minimize the cost function include the linear iterative method, the Gauss-Newton 

228 nonlinear iterative method, the steepest descent method and the Levenberg-Marquardt 

229 method. In this study, the Newton method was adopted to seek the iterative solution to 

230 the inversion problem by minimizing this cost function (Martinet, 2015). When the term 

231 with  in the second partial derivative is neglected (Li and Zeng, 1997), the final ( )y F x

232 one-dimensional variational iteration equation can be written as follows:

233 (3)1 1 1 1 1( ) ( ) ( ( ))n+1 n n n
T T

bx x B K O K B x x K O y F x            

234 where  is the iteration number;  and  represent the profiles of atmospheric n nx n+1x

235 temperature and humidity at steps  and  in the iteration process, respectively; and n 1n

236  is the Jacobian matrix containing partial derivatives of  with respect to , K y x

237 calculated by the forward model. The NMC method was utilized to compute the 

238 background error covariance matrix from the differences between 48 hours and 24 hours 

239 forecasts provided by the ECMWF operational forecasts. The set of forecasts differences 

240 consists of two daily runs (starting at 0000 and 1200 UTC) for the period of four months 

241 in December 2019 and January, July, and August 2020. To further handle the nonlinearity 

242 of the retrieval problem, the DRAD approach is used in the above Newton method to 

243 ensure that the retrieval is stable (Lynch et al., 2009). In the DRAD approach, the 

244 diagonal element of the observation error covariance matrix  is set to either the O

245 difference between the observed and simulated radiances for a particular spectral channel 

246 or to the instrument noise plus forward model error:
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247  (4)2 21( , ) [ ( ) ( )] , ( )nj j max j j jO y y σ


   
 

248 where  is the configurable error parameter, which is set to 2 in this paper and is  ( )j

249 the instrument noise variance for channel . The role of  is to limit the magnitude of j 

250  at each iteration step. As the number of iterations increases, the difference term n+1 nx x

251 quickly vanishes, and the final solution is obtained. Finally, a chi-square test is used to 

252 check the convergence of the retrieval (Divakarla et al., 2014). The chi-square test acts as 

253 a gauge of the consistency between the radiances calculated by the forward model and the 

254 observed GIIRS radiances relative to instrument noise errors. The equation is as follows: 

255  (5)
2

2 ( )
= /

y y
σ





simnchan

j j

j j

nchan

256 where  is the number of channels used in the retrieval and  is the simulated nchan y sim
j

257 radiance using the forward model. The termination criteria of the iteration are an  less 
2

258 than 0.7 or an iteration number greater than nine.

259 3.2 GIIRS data matching

260 To generate the initial guess profiles, it is necessary to collocate the ERA5 datasets 

261 with the GIIRS observational field of view by temporal-spatial matching. The first step in 

262 the matching process is the spatial interpolation of the ERA5 data on a standard grid to 

263 the latitude and longitude of the GIIRS FOV. A bilinear interpolation is performed. The 

264 second step is the temporal interpolation of the ERA5 data to the GIIRS observational 

265 time. The ERA5 data of the previous hour and the next hour at each GIIRS observation 

266 time are used for interpolation. The interpolation in time is conducted using a simple 
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267 linear method. The final mapping step is the vertical interpolation. The ERA5 profiles are 

268 interpolated from their native vertical levels to the 101 levels of the retrievals.

269 3.3 Treatments of clouds 

270 Clouds have a significant effect on the observed IR radiances. Therefore, accurate 

271 treatment of the effects of clouds on the observed GIIRS observations is critical for 

272 obtaining accurate atmospheric profiles. In this paper, a cloud-detection method is 

273 developed following a cloud clustering algorithm, which is described in detail in the 

274 Cross-track Infrared Sounder’s (CrIS) environmental data records algorithm (Divakarla et 

275 al., 2014). The cloud information is extracted from the 2×2 FOVs, as illustrated in Fig. 1. 

276 The FOVs of the GIIRS observation mode are arranged in a 32 × 4 array. Each FOV 

277 corresponds to a specific detector and has a spatial horizontal resolution of approximately 

278 16 km. The cloud information is extracted from the four adjacent FOVs (FOV 1, FOV 2, 

279 FOV 33, and FOV 34) enclosed in the black circle marked as 1 in Fig. 1. The other four 

280 adjacent FOVs within the 32×4 array are subjected to cloud detection in the same way. 

281 The cloud mask classification is as follows: clear, partly cloudy or cloudy. Fig. 2 shows 

282 an example of the results obtained using the above cloud mask method. Fig. 2 (a) shows 

283 the spatial distributions of the GIIRS brightness temperature images of channel 320 (900 

284 cm-1) in the LWIR band in the China area on August 10, 2019, from 1200 to 1340 UTC. 

285 The colder the colour is, the more likely the presence of clouds is. The cloud mask 

286 classification for each FOV is presented in Fig. 2 (b). A green pixel with a value of 1 

287 means that the FOV is clear; a brown pixel with a value of 2 is partly cloudy FOV; and a 

288 blue pixel with a value of 3 is labelled cloudy sky. It is clearly shown that the detected 
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289 cloudy FOVs (including partly cloudy and cloudy FOVs) in Fig. 2 (b) are consistent with 

290 the cold colour areas with lower brightness temperatures in Fig. 2 (a).

291 After cloud detection, the appropriate retrieval strategy is determined for each FOV 

292 depending upon the cloud classification. When the 2×2 FOVs are assigned as clear, the 

293 GIIRS radiances within these four FOVs are averaged, and retrieval is performed based 

294 on the averaged radiances. When the 2×2 FOVs are classified as cloudy, the 2×2 FOVs 

295 are assumed to be covered by enormous clouds, and no retrieval is performed. Instead, 

296 the initial guess profiles are reported. For partly cloudy 2×2 FOVs, the measurements are 

297 used to estimate the clear part radiances, and retrieval is performed on these clear 

298 radiances (Susskind et al., 1998). According to Susskind’s cloud-clearing methodology, 

299 the cloud-cleared radiances  can be written as a linear combination of the measured ,i clrR

300 radiances:

301  (6), ,1 ,1 , 1 ,1 ,21( ) ...... ( )i clr i i i k i ikR R R R R R      

302 where  is the simulated clear radiance for channel  within four FOVs;  is the ,i clrR i , 1i kR 

303 measured radiance, in which at least K+1 FOVs are needed to solve for K cloud 

304 formations (K=3 in this paper); and  is a channel-independent constant. Once the k

305 values of  are obtained, the cloud-clear radiances can then be calculated by the above k

306 equation.

307 3.4 Channel selection

308 While the GIIRS has 1650 channels, it is neither necessary nor optimal to use all the 

309 channels in the retrieval process, as the information content of these channels is highly 

310 redundant. Therefore, proper selection of GIIRS channels is necessary to lower 
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311 computing time.

312 The channel selection method adopted in this study is based on the weighting 

313 function (WF) of each channel (Susskind et al., 2003):

314  (7)
( v, , p)WF =

ln(p)




315 where  represents the transmittance of the channel with a central wavenumber of ( v, , p)

316 , which depends on the absorption coefficient of the absorbed gas in the atmosphere and v

317 the vertical distribution of the density; is the pressure; and  is the satellite zenith p 

318 angle. This formula clearly shows that the weighting function represents the contribution 

319 of the atmospheric layer centred at the WF peak altitude to the radiance observed by that 

320 channel. The channel selection based on the weighting function aims to select the 

321 channels with the sharpest weighting functions that are primarily sensitive to the 

322 variables being solved for but relatively insensitive to variables not yet solved for. The 

323 main contribution of the atmospheric radiation energy to the satellite instrument comes 

324 from the pressure layers with the sharpest shapes and largest weighting function values 

325 (Liu et al., 2008). To ensure a high vertical resolution, at least one channel is selected for 

326 each retrieval level where the peak height of the channel weighting function is located. 

327 The channel with the highest peak value and the steepest shape is selected if different 

328 channels have the same peak height. For the channels with a peak layer of the weighting 

329 function in the lower troposphere, taking near-surface complexity into consideration, two 

330 channels are selected in the lower troposphere: the channel with the steepest shape and 

331 the channel with the highest peak value. These window channels with peak layers of the 

332 weighting function near the surface and with fewer overlapping curves are selected. The 
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333 U.S. standard atmospheric profile is used as the CRTM input for channel selection in this 

334 paper. The final selected 329 channels are provided in Fig. 3. The black line in Fig. 3 

335 shows the observed brightness temperature spectra of all 1650 GIIRS channels. 

336 Superimposed coloured circle symbols indicate the 8 channel subsets forming the final 

337 channel selection. The final 329 channels are selected, comprising 15 window channels 

338 (magenta), 98 temperature (red), 61 water vapor (blue), 53 ozone (olive), 16 carbon 

339 monoxide (purple), 41 carbon dioxide (navy), 18 N2O (cyan) and 27 HNO3 (violet) 

340 sounding channels.

341 3.5 Retrieval process framework

342 The generic framework of the 1D-Var retrieval process for the GIIRS data is 

343 illustrated in Fig. 4. The ERA5 datasets collocated with the GIIRS observations by 

344 temporal-spatial matching generate the initial guess profiles. Then, a cloud-detection step 

345 is carried out to identify the cloud conditions within every FOV. For cloudy FOVs, no 

346 retrieval is performed. Instead, the initial guess profiles are reported. For partly cloudy 

347 FOVs, the clear part radiance is first simulated by a cloud-clearing method; then, retrieval 

348 is performed on the clear part. The CRTM (as the observation operator) and a 

349 minimization method for the cost function are included in the retrieval process. Finally, 

350 the Newton nonlinear iteration method is adopted in the 1D-Var retrieval to minimize the 

351 cost function. If the convergence test cannot be passed, the values of the profiles are 

352 updated and put into the CRTM again to run until the final retrieval results are obtained.

353 4. Results and discussion
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354 The radiosonde data available at the CMDC were used as a reference to validate the 

355 quality of the atmospheric profiles retrieved in this study and the FY-4A operational 

356 level-2 temperature profiles obtained from the NSMC. To obtain a sufficient sample size 

357 to evaluate the retrieval accuracy, four months of radiosonde data in December 2019 and 

358 January, July, and August 2020 were selected for validation. The coordinates of each 

359 GIIRS FOV are matched with those of each upper air sounding station. Sample pairs that 

360 meet the following distance threshold criterion are obtained by setting a threshold of 

361 distance on the surface of sphere (Yu et al., 2020):

362  (8) arcos sin( )sin( ) cos( ) cos( ) cos( ) 16G S G S G Slat lat lat lat lon lon R  

363 where ,  and ,  represent the longitude and latitude of the GIIRS FOV and Glat Glon Slat Slon

364 the sounding station, respectively and R represents the radius of the Earth (6371 km). A 

365 distance threshold of 16 km is set according to the spatial resolution of the GIIRS. In 

366 addition to spatial matching, the observation times should be taken into consideration. 

367 The radiosonde data are received at 0000 and 1200 UTC, twice a day. The retrievals are 

368 performed half an hour before and after these times. After spatial and temporal matching, 

369 81 pair stations in China were selected, and the total number of samples for each month 

370 was 4860. The parameter describing humidity in the radiosonde data is the temperature of 

371 the dew point. To facilitate the comparison of the humidity retrieval results, the 

372 temperature of the dew point is converted to the specific humidity, , following the q

373 equations:

374  (9)
17.62ln ln(611.2)

243.12
d

d

te
t
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375  (10)0.622 eq
p



376 where  represents vapor pressure;  represents the temperature of the dew point; and e dt

377  is the pressure.p

378 The statistical metrics used to evaluate the accuracy of the inversion profiles include 

379 the mean bias (MB) and root mean square error (RMSE), which are defined as follows:

380  (11)1
( ')

N

i i
i

x x
MB

n







381  (12)

2

1
( ')

N

i i
i

x x
RMSE

n







382 where  represents the number of samples;  is the radiosonde value; and  is the n ix 'ix

383 retrieval.

384 4.1 Impact of channel selection

385 To compare the retrieval accuracy and computational efficiency using the selected 

386 329 channels described in section 3.4 with using all 1650 GIIRS channels, we take every 

387 five days in July 2020 as an example. There are 149 radiosonde data under clear 

388 conditions and 742 radiosonde data under partly cloudy. The retrieved results using the 

389 329 channels plus all remaining long-wave channels within 700–774.375 cm−1 (370 

390 channels) were also analyzed statistically. The MB and RMSE profiles for temperature 

391 obtained using 329, 370, and 1650 channels are shown in Fig. (5). In the RMSE sense, 

392 the retrievals based on 329 channels have better accuracy compared to those using 370 

393 and 1650 channels from surface to 70 hPa under both clear and partly cloudy conditions, 
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394 while the MB of all 1650 channels is a little bad. This is probably owing to the high 

395 channel correlation and information redundancy of the hyperspectral infrared sounding 

396 channels. In the stratosphere, the RMSE and MB of all sets are higher, which may 

397 because of radiosonde balloon floating with height increasing. Another reason is that 

398 there are few channels whose peak height of WF is located between 50-200 hPa no 

399 matter 1650 channels or selected channels. Above 70 hPa, using 1650 channels shows a 

400 better performance. This is because that ozone channels (1000–1100 cm−1) whose WF 

401 peak altitudes are located near 30 hPa could provide more temperature information in the 

402 upper levels; fewer ozone channels are selected in the 329 and 370 channel sets.

403 The average retrieval time of one FOV is 5.05 seconds using the selected 329 

404 channels and 5.97 seconds of the full channels. The run time for the whole China area is 

405 about 2.5 hours of selected channels, saving about 15% time to the 1650 channels.

406 4.2 Under clear skies

407 Taking radiosondes as true values, the MB and RMSE profiles of the temperatures 

408 retrieved by the 1D-Var approach described in this paper, the level-2 operational 

409 products from the NSMC and the ERA5 reanalysis data used as initial guess under clear 

410 conditions in December 2019 and January 2020 (winter season) are given in Fig. 6 (a) 

411 and Fig. 6 (b), respectively. Fig. 6 (c) and Fig. 6 (d) show the MB and RMSE profiles in 

412 July and August 2020 (summer season). The solid lines represent the results retrieved 

413 from the 1D-Var approach, the dashed lines represent the ERA5 reanalysis data, and the 

414 dash-dot lines represent the NSMC level-2 operational products. Due to the lack of 

415 radiosonde data above 100 hPa in the winter season, the results are shown only from 

416 1000 hPa to 100 hPa in Fig. 6 (a) and Fig. 6 (b), while the errors from 1000 hPa to 10 hPa 
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417 are presented in Fig. 6 (c) and Fig. 6 (d). The number of sample sizes used to calculate 

418 the MBs and RMSEs at each pressure level is given on the right vertical coordinate. The 

419 first column number represents both the retrieved results and the ERA5 data, and the 

420 second column number represents the L2 operational products. The number of sample 

421 sizes at each level decreases as the altitude decreases because radiosonde data near the 

422 surface are more absent than those at high levels. It can be obviously seen that there is a 

423 large negative deviation up to 2 K for the NSMC L2 operational products below 800 hPa 

424 in both winter and summer. The most accurate temperature retrievals for the 1D-Var 

425 approach and L2 operational products are both between 800 hPa and 200 hPa, with MBs 

426 between ∓0.5 K. The MBs of the results retrieved from the 1D-Var approach are less than 

427 those of the L2 operational products above 200 hPa. The RMSEs of the 1D-Var-retrieved 

428 temperatures are less than those of the L2 operational products for the whole atmosphere, 

429 especially in summer. The RMSEs of the temperatures retrieved from the 1D-Var 

430 approach are approximately 1 K in summer, except near the ground. In the winter season, 

431 the RMSEs of the 1D-Var-retrieved temperatures are slightly higher, from 1.5 K to 2 K. 

432 Compared with the ERA5 reanalysis data, the retrieved results are improved between 800 

433 hPa and 300 hPa both in winter and summer seasons. The RMSEs of the temperatures 

434 retrieved from the 1D-Var approach decrease about 0.1 K compared with the ERA5 data 

435 from 800 hPa to 300 hPa, but the MBs of the retrievals are larger in the whole 

436 atmosphere. Above 200 hPa, the RMSEs of the retrieved temperatures increase by more 

437 than 2 K. This is the same case that appears in the L2 products. This may have resulted 

438 due to the following three reasons: there are few temperature sounding channels whose 

439 WF peak values are located near or above the upper troposphere; errors are caused by 
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440 sounding balloons floating at high altitudes; and the number of samples above the upper 

441 troposphere is reduced with limited radiosonde data. Fig. 7 shows scatter plots of the 

442 temperatures received with the radiosondes. Fig. 7 (a) and Fig. 7 (c) indicate that the 

443 correlation coefficient between the 1D-Var retrievals and the radiosonde data is 0.992 in 

444 winter and 0.993 in summer, which indicates high correlation. The average RMSE of the 

445 whole troposphere in winter is 2.045 K, and the MB is 0.126 K, while in summer, the 

446 average RMSE of the whole atmosphere is 1.388 K and the MB is 0.23 K. The retrieved 

447 values and radiosonde values are evenly distributed on both sides of the line . The y x

448 scatter plots of the NSMC level-2 products in Fig. 7 (b) and Fig. 7 (d) show slightly 

449 higher RMSEs, with 2.243 K in winter and 2.302 K in summer.

450 Because humidity profiles are not provided in the L2 operational products from the 

451 NSMC, only the performance of the retrieved humidity profiles and ERA5 reanalysis 

452 data was evaluated through comparison to the radiosonde data. The distributions of the 

453 RMSE and MB profiles of the retrieved humidity in the troposphere are shown in Fig. 8. 

454 The solid line in Fig. 8 represents the RMSE, while the dashed line represents the MB. 

455 As shown in Fig. 8, the highest RMSE (approximately 2.5 g/kg) occurs near the surface 

456 at 925 hPa in both winter and summer. Except for the near-surface level, the RMSE of 

457 each level in the troposphere is less than 2 g/kg and decreases with height. Meanwhile, 

458 the dash-dot line and the dotted line stand for the RMSE and MB of the ERA5 humidity 

459 in Fig. 8, respectively. The retrieved humidity appears to agree better with the radiosonde 

460 data than the ERA5 data between 800 hPa and 300 hPa both in winter and summer 

461 seasons. Scatterplots of the retrieved humidity data and the radiosonde data are given in 

462 Fig. 9. The results show that the correlation coefficient is 0.926 in winter and 0.948 in 
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463 summer. The retrieved values and radiosonde values show good correlation. In winter, 

464 the mean RMSE of the humidity in the troposphere is 0.748 g/kg, and the MB is -0.027 

465 g/kg; in summer, the mean RMSE is 1.040 g/kg, and the MB is 0.217 g/kg. The retrieval 

466 accuracy of humidity in winter is slightly better than that in summer. There is a consistent 

467 underestimation in summer in Fig. 9 (b), which is consistent with the fact that water 

468 vapor content that is too high or too low in the atmosphere is not conducive to improving 

469 the retrieval accuracy (Zong, 2020).

470 4.3 Under partly cloudy conditions

471 One of the characteristics of the NSMC L2 operational products is that the 

472 temperature values are missing at altitudes below the cloud top and humidity profiles are 

473 not provided at the present when the FOV is assigned as cloudy according to the L2 cloud 

474 mask products. An example of a single-profile temperature (a) and humidity (b) retrieval 

475 from the L2 operational products compared with a radiosonde profile (station number 

476 54511) under partly cloudy conditions on August 1, 2020 at 0000 UTC is presented in 

477 Fig. 10. The dashed line in Fig. 10 represents the profile retrieved by the 1D-Var 

478 approach, the dotted dashed line represents the L2 operational product, and the solid line 

479 represents the radiosonde observations. The L2 temperature profile below 300 hPa has no 

480 value, and the 1D-Var-retrieved temperature profile is closer to the radiosonde profile in 

481 both the troposphere and stratosphere than is the L2 profile (Fig. 10 a). The humidity 

482 comparison is illustrated in Fig. 10 (b). The retrieved humidity profile is still very close 

483 to the radiosonde profile. Fig. 10 (c) presents the performance of minimization of the cost 

484 function for this single-profile retrieval. The  values versus iteration number for this 
2

485 single-profile were recorded. The red line represents the iteration criteria 0.7. It can be 
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486 clearly seen that its value decreases with the increase of iterations the criterion is met 

487 after the seventh iteration.

488 Fig. 11 (a) and Fig. 11 (b) show the MBs and RMSEs, respectively, of the 1D-Var-

489 retrieved temperature profiles, the ERA reanalysis data and the L2 products from the 

490 NSMC compared with radiosonde data under partly cloudy conditions in December 2019 

491 and January 2020 (winter season). Fig. 11 (c) and Fig. 11 (d) show the MBs and RMSEs, 

492 respectively, in July and August 2020 (summer season). The number of samples at each 

493 pressure level is given on the right side of Fig. 11 (b) and Fig. 11 (d). The first column 

494 number represents both the retrieved results and the ERA5 data, and the second column 

495 number represents the sample size of the L2 operational products. It can be clearly seen 

496 that the sample size of the L2 operational products decreases sharply with decreasing 

497 height because of the limited data below the cloud top, especially in Fig. 11 (d). The level 

498 2 temperature profile is available only at altitudes above the cloud top under partly 

499 cloudy conditions. In contrast, the 1D-Var-retrieved temperatures can be produced at the 

500 whole atmospheric vertical level under partly cloudy conditions. Whether in winter or 

501 summer, the RMSEs of the temperature profiles at all vertical levels retrieved from 1D-

502 Var are far less than those of the level 2 products. Compared with Fig. 6 and Fig. 11, it 

503 can be clearly seen that the temperature retrieval accuracy under partly cloudy conditions 

504 is similar to that under clear conditions. The most accurate retrievals occur between 800 

505 hPa and 300 hPa, and the RMSE value was reported to be approximately 1 K. 

506 Comparison of the retrievals and the radiosonde data show smaller RMSE values 

507 between 800 hPa and 300 hPa than the comparison of the ERA5 reanalysis data and 

508 radiosonde data. Above 200 hPa, the higher the altitude is, the larger the deviation 
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509 between retrievals and ERA5 is. The inversion accuracy in winter is slightly worse than 

510 that in summer.

511 Scatterplots of the retrieved temperature and level-2 products under partly cloudy 

512 conditions are shown in Fig. 12. The statistical correlation coefficient, MB and RMSE of 

513 the 1D-Var method are all smaller than those of the Level 2 product. This again shows 

514 that the 1D-Var inversion accuracy is higher than that of the operational method. The 

515 correlation coefficient between the retrievals and the radiosonde data is 0.966 in winter 

516 and 0.991 in summer. In winter, the average temperature RMSE is 2.371 K, and the MB 

517 is 0.384 K; in summer, the average RMSE is 1.404 K and the MB is 0.310 K. Under 

518 partly cloudy conditions, the retrieved temperatures are generally higher than the target 

519 temperatures, similarly to the results obtained under clear sky conditions.

520 Fig. 13 shows the RMSE and MB profiles of the humidity profile obtained from 1D-

521 Var and ERA5 reanalysis data under partly cloudy conditions in the troposphere. This are 

522 no humidity profiles obtained from the NSMC products. The solid line represents the 

523 RMSE, while the dashed line represents the MB of retrieved humidity. The dash-dot line 

524 and the dotted line stand for the RMSE and MB of the ERA5 humidity, respectively. As 

525 shown in Fig. 13, the highest RMSE (approximately 3 g/kg) occurs near the surface in 

526 both winter and summer, and the deviation tends to decrease with increasing height. The 

527 RMSEs of the retrieved humidity are also smaller than the ERA5 humidity between 800 

528 hPa and 300 hPa. Scatterplots of the retrieved humidity with the radiosonde data are 

529 given in Fig. 14. The correlation coefficient is 0.892 in winter and 0.953 in summer. The 

530 mean winter RMSE of the humidity profile is 0.917 g/kg, and the RMSE value is 1.567 

531 g/kg in summer.
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532 In addition, it should be noted that possible error sources in the retrieval process that 

533 are accounted for the retrieval uncertainties: few temperature sounding channels whose 

534 WF peak values are located near the higher troposphere as mentioned above account for 

535 the inaccuracy in the high levels; the cloud detection is not accurate, and the clear-sky 

536 FOVs and partly-cloudy FOVs could not be completely detected; in temporal matching, 

537 the inputs for the forward model adopted the initial profiles at 0000 and at 1200 UTC and 

538 the corresponding GIIRS data had a deviation of 0 to 1 hour; in spatial matching, the 

539 satellite FOVs and the spatial grid point of the ERA5 reanalysis data are not completely 

540 spatially matched.

541 5. Conclusions

542 As the first infrared hyperspectral sounder onboard a geostationary weather satellite, 

543 FY-4A’s GIIRS can provide 3-dimensional atmospheric temperature and humidity fields 

544 with high scanning frequencies and spatial resolutions. Therefore, the improvement of 

545 retrieval precisions based on hyperspectral infrared data, especially on stationary satellite 

546 platforms, has great significance. The 1D-Var physical retrieval algorithm is used in this 

547 paper to simultaneously retrieve the temperature and humidity profiles under both clear-

548 sky and partly cloudy conditions. Collocated radiosonde observations from upper-air 

549 stations in the China area are used to validate the data quality of the retrieved temperature 

550 and humidity profiles along with the NSMC level-2 operational products during the 

551 periods from December 2019 to January 2020 and from July 2020 to August 2020. The 

552 results are as follows:

553 1) The RMSE accuracy of the 1D-Var temperature retrievals is within 2 K in the whole 

554 troposphere except for near the surface under clear sky conditions. The most accurate 
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555 temperature retrievals are between 800 hPa and 200 hPa with RMSEs less than 1 K. 

556 The correlation coefficients between the 1D-Var retrievals and radiosonde data are 

557 all approximately 0.99, and the retrieved temperature profile is closer to the 

558 radiosonde data than are the level-2 products in both winter and summer.

559 2) The temperature values in the NSMC level-2 operational products are missing at 

560 altitudes below the cloud top; temperature and humidity profiles can be produced at 

561 each vertical level by 1D-Var method under partly cloudy skies.

562 3) The retrieval accuracy under partly cloudy conditions can maintain the same 

563 performance as that under clear conditions. The temperature RMSE profiles at all 

564 vertical levels from 1D-Var are far less than those of the level-2 products. The mean 

565 RMSE in the troposphere is within 2 K.

566 4) Only the performance of the retrieved humidity profiles was evaluated in comparison 

567 to the radiosonde data since humidity profiles are not provided in the NSMC L2 

568 operational products. The average RMSE of the retrieved humidity profiles is within 

569 2 g/kg, whether under clear or cloudy skies.

570 5) The temperature and humidity retrievals have improved performance compared to 

571 the ERA5 reanalysis data between 800 hPa and 300 hPa both in winter and summer 

572 seasons whether under clear or cloudy sky conditions. Furthermore, the retrievals can 

573 provide the atmospheric profiles with a higher temporal resolution than the ERA5 

574 reanalysis data. 

575 Overall, temperature and humidity profiles can be provided by the 1D-Var 

576 physical retrieval algorithm with high precisions under all weather conditions based 

577 on hyperspectral infrared observations uploaded on the geostationary satellite 
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578 platform.
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690 Table 1. Specification for GIIRS onboard FY-4A

Parameter Performance
Spectral bandwidth Long wave: 700−1130 cm−1

Mid wave: 1650−2250 cm−1

Spectral channels Long wave: 689
Mid wave: 961

Spectral resolution Long wave: 0.625 cm−1

Mid wave: 0.625 cm−1

Sensitivity Long wave: 0.5–1.1 mW/m−2·sr·cm2

Mid wave: 0.1–0.14 mW/m−2·sr·cm2

Operational model China area: 5000×5000 km2

Mesoscale area: 2000×2000 km2

Spatial resolution 16 km
Temporal resolution China area: 67 min

Mesoscale area: 35 min

Calibration accuracy 1.5 K (3σ) radiation
10 ppm (3σ) spectrum
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691

692 Fig. 1. The distribution of 128 GIIRS FOVs and 32 cloud mask products. (box: GIIRS 

693 FOV; circle: cloud mask product)
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694

695 Fig. 2. The GIIRS-observed brightness temperatures of channel 320 (900 cm-1) (a) and 

696 the cloud detection results (b) in the China area on August 10, 2019 from 1200 to 1340 

697 UTC.
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698

699 Fig. 3. Selected retrieval channels at the GIIRS’s LWIR band (a) and MWIR band (b).
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700

701 Fig. 4. Flow chart of the 1D-Var retrieval process for the GIIRS.
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703

704

705 Fig. 5. The MB (a) and RMSE (b) profiles of the retrieved temperature under clear 

706 condition and the MB (c) and RMSE (d) profiles under partly cloudy condition in July 

707 2020. in 
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709

710

711 Fig. 6. The MB (a) and RMSE (b) profiles of the inversion temperatures under clear 

712 conditions in December 2019 and January 2020 and the MB (c) and RMSE (d) profiles of 

713 the inversion temperatures under clear conditions in July and August 2020. The solid 

714 lines represent the results retrieved from the 1D-Var approach, the dashed lines represent 

715 the ERA5 reanalysis data, and the dash-dot lines represent the NSMC L2 operational 

716 products.
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718

719

720 Fig. 7. Scatterplots of retrieved (a) and level-2 product (b) temperatures with radiosonde 

721 observations for the whole atmosphere under clear-sky conditions in December 2019 and 

722 January 2020, and the same plots for retrieved (c) and level-2 product (d) temperatures in 

723 July and August 2020.in 
pre
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725

726 Fig. 8. Errors of the humidity profiles under clear conditions in December 2019 and 

727 January 2020 (a) and in July and August 2020 (b).
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729

730 Fig. 9. Scatterplots of the humidity profiles in the troposphere under clear conditions in 

731 December 2019 and January 2020 (a) and in July and August 2020 (b).
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733

734 Fig. 10. An example of temperature (a) and humidity (b) retrievals compared with 

735 radiosonde data under partly cloudy conditions and  values versus iteration number (c) 2

736 on August 1, 2020 at 0000 UTC.
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738

739

740 Fig. 11. The MB (a) and RMSE (b) profiles of the inversion temperatures under partly 

741 cloudy conditions in December 2019 and January 2020 and the MB (c) and RMSE (d) 

742 profiles of the inversion temperatures under partly cloudy conditions in July and August 

743 2020. The solid lines represent the results retrieved from the 1D-Var approach, the 

744 dashed lines represent the ERA5 reanalysis data, and the dash-dot lines represent the 

745 NSMC L2 operational products.
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747  

748

749 Fig. 12. Scatterplots of retrieved (a) and level-2 product (b) temperatures with radiosonde 

750 observations for the whole atmosphere under partly cloudy conditions in December 2019 

751 and January 2020 and the same plots of retrieved (c) and level-2 product (d) temperatures 

752 in July and August 2020.in 
pre
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754

755 Fig. 13. The humidity error profiles under partly cloudy conditions in December 2019 

756 and January 2020 (a) and in July and August 2020 (b).

in 
pre

ss



46

758

759 Fig. 14. Scatterplots of the humidity profiles in the troposphere under partly cloudy 

760 conditions in December 2019 and January 2020 (a) and in July and August 2020 (b).
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