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Abstract. The Single Field-of-view (SFOV) Sounder Atmospheric Product (SiFSAP) retrieval algorithm has been developed 10 

to address the need to retrieve high spatial resolution atmospheric data products from hyper-spectral sounders and ensure the 

radiometric consistency between the retrieved properties and measured spectral radiances. It is based on an integrated optimal 

estimation inversion scheme that processes data from the satellite based synergistic microwave (MW) and infrared (IR) spectral 

measurements from advanced sounders. The retrieval system utilizes the principal component radiative transfer model 

(PCRTM) which performs radiative transfer calculations monochromatically and includes accurate cloud scattering 15 

simulations. SiFSAP includes temperature, water vapor, surface skin temperature and emissivity, cloud height and 

microphysical properties, and concentrations of essential trace gases for each SFOV at a native instrument spatial resolution. 

Error estimations are provided based on a rigorous analysis for uncertainty propagation from the Top-Of-Atmosphere (TOA) 

spectral radiances to the retrieved geophysical properties.  As a comparison, the spatial resolution for the traditional hyper-

spectral sounder retrieval products is much coarser than the native resolution of the instruments due to common use of the 20 

‘cloud clearing’ technique to compensate for the lack of cloud scattering simulation in the forward model.  The degraded 

spatial resolution in traditional cloud-clearing sounder retrieval products limits their applications for capturing meteorological 

or climate signals at finer spatial scales. Moreover, rigorous uncertainty propagation estimation needed for long-term climate 

trend studies cannot be given due to the lack of direct radiative transfer relationships between the observed TOA radiances and 

the retrieved geophysical properties. With advantages of the higher spatial resolution, the simultaneous retrieval of 25 

atmospheric, cloud, and surface properties using all available spectral information, and the establishment of ‘radiance closure’ 

in the sounder spectral measurements, the SiFSAP provides additional information needed for various weather and climate 

studies and applications using sounding observations. This paper gives an overview of SiFSAP retrieval algorithm, and 

assessment of SiFSAP atmospheric temperature, water vapor, clouds, and surface products derived from the Cross-track 

Infrared Sounder (CrIS) and Advanced Technology Microwave Sounder (ATMS) data. 30 
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1. Introduction 

Since the launch of the first space-borne hyper-spectral infrared (IR) sounder, the Atmospheric Infrared Sounder (AIRS), the 

value of spectrally-resolved IR measurements for weather forecasting (LeMarshall et al., 2006, Chahine et al., 2006, Jones et 

al., 2012), environmental monitoring (Chahine et al., 2008, Warner et al., 2017, Ribeiro et al., 2018, Nalli et al., 2020), and 

the study of climate forcing and feedbacks (Gettelman and Fu, 2018, McCoy et al., 2019, Liu et al., 2018) have been widely 35 

recognized. Hyper-spectral IR sounders like AIRS, Cross-track Infrared Sounder (CrIS), and the Infrared Atmospheric 

Sounding Interferometer (IASI) measure the outgoing longwave radiation using thousands of spectral channels. They are 

designed to achieve high vertical resolution sounding of atmospheric temperature and humidity profiles, to provide spectral 

information for the retrieval of cloud phase, height, and microphysical properties, and to capture spectral signatures of key 

trace gases. Multiple operational retrieval algorithms have been developed to generate Level-2 products of geophysical 40 

properties from Level-1 spectral radiance data. Examples of operational algorithms include the regression based algorithms 

such as the dual-regression algorithm (Smith et al., 2012), the physical algorithms such as the Climate Heritage AIRS Retrieval 

Technique (CHART, Susskind et al., 2017), the Community Long-term Infrared Microwave Combined Atmospheric Product 

System (CLIMCAPS, Smith and Barnet, 2019), and  the NOAA-Unique Combined Atmospheric Processing System 

(NUCAPS, Barnet, 2021),  and the hybrid algorithms that perform physical retrieval for clear sky cases and regression for 45 

cloudy sky retrievals, e.g., the Level 2 IASI Product Processing Facility (PPF, August et al., 2012).  

There are ongoing efforts to exploit the use of hyper-spectral sounder measurements for new applications with requirements 

that have yet to be met by the operational sounder products mentioned above. The limits on the applications of these Level-2 

products come from two perspectives: the degradation of spatial resolution as compared with the native resolution of the 

instruments and the lack of radiative closure between the retrieved geophysical properties and the TOA spectral measurements.  50 

Specifically, operational Level-2 data products from physical retrieval schemes including CHART (Susskind et al., 2017), 

CLIMCAPS (Smith and Barnet, 2019), NUCAPS (Barnet et al., 2021) uses 3 × 3 IR sounder field of views (FOVs) (along 

track × across track) to construct a ‘cloud-cleared’ single spectrum that is reregistered with one sounder field of regard (FOR). 

As a result, the spatial resolution of the Level-2 properties is reduced by a factor of 3, i.e. 9 times less retrieved data. The 

degradation of spatial resolution limits the applications of these operational sounder products in various studies, such as tracing 55 

the source and propagation of gravity waves (Sato et al., 2016, Ern et al., 2017, Perrett et al., 2021), studying the impact of 

convection on Planetary Boundary Layer (PBL) thermodynamics (Elsaesser et al., 2019), and constructing vertical profiles of 

winds using temperature, humidity, and ozone profiles, etc. Existing SFOV products obtained using non-physical algorithms 

(e.g. dual-regression and IASI PPF for cloudy-sky cases) tend to be more error prone due to the lack of radiometric closure 

with the observed radiance spectra. Therefore, there is a growing demand to develop SFOV physical retrieval schemes for 60 

hyper-spectral sounder data applications. The SFOV retrieval methodology was first introduced to process airborne campaign 

data from the National Airborne Sounder Testbed-Interferometer (NAST-I) onboard the NASA suborbital ER-2 aircraft 

(Cousins and Smith, 1999). Atmospheric profiles together with cloud microphysical properties and surface properties can be 
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retrieved under all sky conditions (Zhou et al., 2005, 2007, Liu et al., 2007). The study of using SFOV methodology for satellite 

based hyper-spectral IR sounder measurements has been eventually carried out (Liu et al., 2009, Zhou et al., 2009, Wu et al., 65 

2017, Irion et al., 2018, DeSouza-Machado et al., 2018). As the SFOV methodology matures, its operational application for 

hyper-spectral IR sounder missions has become very promising. 

Establishing radiative closure, i.e. the radiometric consistency of the TOA spectra from radiative forward modelling using 

retrieved geophysical properties with respect to the observations, is critical to studies of climate trends and anomalies. The 

accuracy of climate trends derived from hyper-spectral IR observations depends on the radiometric accuracy of the 70 

measurements and a rigorously defined inverse relationship that links the measurements to the climate variables of interest 

(Liu et al., 2017). Non-physical retrieval schemes do not establish radiative closure by their nature. The closure in physical 

retrieval schemes including CHART, CLIMCAPS, NUCAPS and the hybrid IASI PPF can only be established for clear sky 

observations which just account for a small percentage of the global measurements. Without including cloud scattering in the 

forward simulations, the impact of radiometric uncertainty on the retrieved climate variables cannot be directly characterized. 75 

Estimation for radiometric errors and/or discontinuities and the corresponding impact on climate variables retrieved is critical 

for the construction of long-term climate anomalies and/or trends data record. From this perspective, a physical retrieval 

algorithm that establishes radiative closure by simulating cloud scattering in the radiative transfer process is more suitable to 

produce accurate, long-term climate data records. 

The SiFSAP retrieval algorithm has been developed to supplement other operational products by improving the spatial 80 

resolution and establishing the radiative closure. The principal component radiative transfer model (PCRTM, Liu et al., 2006) 

is used for the forward simulation of the hyper-spectral IR sounder spectra in the SiFSAP system.  PCRTM uses empirical 

orthogonal functions (EOFs) to compress the spectral information so that the complete spectrum of hyper-spectral sounder 

measurements from the full set of channels can be efficiently used. It facilitates an accurate multiple cloud scattering 

calculation by using lookup tables constructed via 32-stream Discrete Ordinates Radiative Transfer (DISORT) simulations 85 

(Stamnes et al., 1988). The SiFSAP algorithm simultaneously retrieves profiles of temperature, moisture, and trace gases of 

interest, surface properties, and cloud parameters including visual optical depth, particle size, phase, and height. The solution 

is obtained by fitting the TOA spectrum for each single FOV observation via an iterative minimization process following the 

optimal estimation method (OEM) (Liu et al., 2007, Liu et al., 2009, Wu et al., 2017). Compared to other retrieval algorithms, 

the radiative relationships between the retrieved geophysical properties and the measured TOA radiances are rigorously and 90 

consistently defined for both clear and cloudy sky conditions in the SiFSAP scheme, therefore the radiative closure is 

established.  

Leroy et al. (2018) found that erroneous priors used in AIRS retrievals introduce systematic biases in the anomalies of 

stratospheric temperature over Antarctica. Using stringent a priori reduces the uncertainty in individual retrievals while making 

the results more prone to systematic errors given faulty a priori. The SiFSAP algorithm uses the climatology-based a priori 95 

for two important considerations: 1) uncertainty of individual measurements is less a concern as compared with systematic 

bias in long-term climate variability studies, and 2) the climatological a priori constraint constructed from globally distributed 
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data maximizes the information determined from the radiances and minimizes the impact from a priori errors. The final 

solutions of SiFSAP usually deviate significantly from the first guess, i.e., the global mean of the climatological data, used in 

the retrieval (see Figure 1). This is very different from CHART and CLIMCAPS that constrain the results around the first 100 

guess, e.g., the deviation of retrieved temperature from its first guess value is less than 1 K (Wang et al., 2020, Yue et al., 

2020). Avoiding the use of auxiliary data products as prerequisites enables the SiFSAP system to meet the primary latency 

requirements imposed on near real-time algorithms. Therefore, the SiFSAP algorithm is suitable for both climate and weather 

applications. 

This paper gives a detailed introduction on the data content, the data processing scheme, and the physical retrieval methodology 105 

of SiFSAP. Validation of retrieval performance for SiFSAP key products is also presented. 

2. Overview of the data content and the retrieval system 

The SiFSAP system is designed to process data from major hyper-spectral sounders including AIRS, IASI and CrIS. It can be 

easily extended to process future sounders like IASI-Next Generation once the requisite PCRTM module is correspondingly 

updated. The system depends upon PCRTM’s capability to simulate various hyper-spectral sounder measurements using a 110 

common forward model module. Previous forward model comparison studies have validated PCRTM’s capability in 

simulating hyper-spectral sounder measurements with a high degree of radiometric fidelity (Aumann et al., 2018).  Figure 2 

demonstrates the use of SiFSAP to simulate sample TOA spectral radiances measured by three major hyper-spectral sounder 

instruments: IASI, CrIS, and AIRS. Benefiting from its modular design, the SiFSAP system is capable of using the collocated 

microwave (MW) observations to supplement IR retrievals under thick cloud conditions. Currently the SiFSAP system 115 

provides three retrieval schemes to meet different application needs based on the observation data availability: IR-only, MW-

only, and IR+MW retrievals. The MW retrieval unit uses the Community Radiative Transfer Model (CRTM) to simulate the 

measurements by major MW sounders including the Advanced Technology Microwave Sounder (ATMS), the Advanced 

Microwave Sounding Unit (AMSU-A), and the Microwave Humidity Sounder (MHS). Details about CRTM can be found in 

CRTM user’s guide (Han et al., 2005) and its general introduction paper (Liu et al., 2012). SiFSAP products are generated 120 

using the synergistic IR+MW retrievals with IR and MW spectra being fitted simultaneously during the combined retrieval 

process. SiFSAP products include temperature, water vapor, and trace gas profiles at 98 pressure levels, surface skin 

temperature, IR surface emissivity at native mono-frequency bins defined by the PCRTM, MW surface emissivity for all MW 

sounder channels, effective cloud top pressure, cloud optical depth (at 550 nm), cloud particle size, and cloud liquid water 

content. Table 1 lists the major geophysical properties included in SiFSAP. 125 

Figure 3 illustrates the flow diagram of the SiFSAP system. The SiFSAP processing starts with a pre-processor that loads the 

Level-1B data of the IR and MW sounders and the surface pressure values from the National Centers for Environmental 

Prediction (NCEP) Global Forecast System (GFS) model fields. The MW sounder data are spatially resampled to overlap with 

IR sounder observations of single FOVs via nearest neighbour gridding. The GFS surface pressure data are interpolated in 

time and space to the IR sounder footprints. At the synergetic data processing stage, the SiFSAP system includes three modular 130 
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units: the initialization unit, the synergetic retrieval unit, and the post-processing unit. The initialization unit loads static data 

bases including PCRTM and CRTM forward model parameters, lookup tables (LUTs), climatological background fields, a 

priori covariance matrices, measurement uncertainties covariance matrices, and pre-trained spectral bias correction 

coefficients. The synergetic retrieval unit includes a two-step process: MW only retrieval followed by IR + MW combined 

retrieval. The temperature, water vapor, and surface skin temperature from the first step MW-only retrieval, once passed the 135 

MW radiance convergence test, are used as the first guess for the combined IR+MW retrieval. If the MW retrieval does not 

pass the first step convergence test, the climatological first guess is used for the combined retrieval. If the geophysical 

properties retrieved for one FOV pass the quality control (QC), they are used as the first guess values for the next FOV. Again, 

the climatological first guess will be used for the next FOV if the retrieval of the current FOV does not converge. The MW 

and the IR+MW combined retrieval results are passed to the QC and post-processing unit where QC flags are assigned, 140 

auxiliary data such as the tropopause height and the surface temperature are derived based on the retrieved atmospheric 

parameters, and the results are written to output files.   

3. Inversion Methodology 

3.1 Optimal Estimation 

Both the MW-only retrieval and the IR + MW combined retrieval are optimal estimation-based physical inversion processes. 145 

They are used to find the geophysical state vector 𝑿 for a given measurement 𝑹 with 

    𝑹 = 𝑭(𝑿) + 𝜖,                                                                (1) 

where F represents the radiative transfer forward model, 𝜖	represents the total error term that includes contributions from the 

measurement error, the forward model error, the representation error, and et al. A solution 𝑿 is given by minimizing the cost 

function J, being defined as  150 

																		𝐽(𝑿) = +𝑹 − 𝑭(𝑿)-!𝑺"#𝟏+𝑹 − 𝐹(𝑿)- + (𝑿 − 𝑿%)!𝑺%#&(𝑿 − 𝑿%).                        (2) 

where 𝑺" is the covariance of the error term 𝜖. 𝑿% and 𝑺% are the background and covariance of a priori constraint in the state 

vector domain. The nonlinearity of the radiative transfer function defined in Equation (1) requires an iterative minimization 

process to find a solution. Following the Gauss-Newton method suggested by Rodgers [2000], a solution can be given as, 

		𝑿'(& −𝑿' = (𝑲!𝑺"#𝟏𝑲+ 𝑺%#&)#&2𝑲!𝑺"#𝟏(𝑹 − 𝑹') − 𝑺%#&(𝑿 − 𝑿%)3 .                  (3) 155 

Here 𝑲 is the Jacobian, i.e., the first derivative which defines the sensitivity of the measurement to the input parameters, 

𝑲 =	 )𝑭(𝑿)
)𝑿

4
𝑿.𝑿!

	.                                                            (4) 

The Gauss-Newton approach works well when the degree of nonlinearity is small. The step size of the iterative process must 

be optimally controlled to ensure it is still within the linear region. This is achieved in SiFSAP following the method described 

in Wu et al. 2017 and Lynch et al., 2009. The method uses the radiance residual between the observation and simulation at 160 

each step as a proxy to control the step size. Specifically, the solution is obtained by, 
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   𝑿'(& −𝑿' = (𝑲!𝑺/#𝟏𝑲+ 𝑺%#&)#& 2𝑲!𝑺/#𝟏(𝑹 − 𝑹') − 𝑺%#&(𝑿 − 𝑿%)3 .                  (5) 

𝑺/ provides the constraint in the radiance domain that is adjusted during each step of the minimization approach. The inversion 

is known to be an ill-posed problem. The dimension reduction of inversion matrix is usually needed to stabilize the solution 

and reduce the computational cost. The dimension reduction can be done in both the radiance R and the geophysical state 165 

vector X domain. While MW sounders have limited number of channels (AMSU - 15 channels; MHS - 5 channels; ATMS - 

22 channels), the dimension reduction is critical to process information from hyper-spectral IR sounders’ thousands of spectral 

channels. In NUCAPS, CHART and CLIMCAPS, only a few hundred selected IR channels are used for the retrieval (due to 

processing constraints in forward model and inverse model calculations). In SiFSAP, the synergetic radiance vector 𝑹 for the 

IR+MW retrieval consists of the principal component (PC) scores of IR radiances and the channel brightness temperatures 170 

(BTs) of MW measurements: 

 𝑹	 = 	 5𝑌& 	⋯	𝑌0"# , 𝑅&	⋯𝑅0$% 	
:                                                                           (6) 

where Y denotes the PC scores of IR radiances with 𝑁23 being the total number of EOFs used and R denotes the MW BTs of 

𝑁45 channels. In order to reduce the dimension of the state vector 𝑿, atmospheric vertical profiles that are usually defined as 

level (or layer) quantities on fixed pressure grid are represented as a linear combination of pre-defined trapezoidal functions 175 

in NUCAPS, CHART and CLIMCAPS. The principal component (PC) analysis is used to reduce the dimension of the 

geophysical variables in SiFSAP. Atmospheric profiles and surface emissivity spectra are projected onto a set of pre-computed 

EOFs. Table 2 lists the dimension of radiance and geophysical state vectors used in SiFSAP.  

Averaging kernels for retrieved atmospheric profiles are provided in SiFSAP. The vertical resolution of the retrieved 

atmospheric temperature, moisture and other trace gases can be characterized using the averaging kernel,  180 

          𝑨 = +𝑲𝑻𝑺𝑹#𝟏𝑲+ 𝑺𝒂#𝟏-
#𝟏𝑲𝑻𝑺𝑹#𝟏𝑲 .                                                                   (7) 

Averaging kernels are also used to derive the Degrees of Freedom (DOF) of the signal, 

 𝑑9 = tr (𝑨) ,                                                                                              (8) 

a scaler used to evaluate the vertical information content provided by the measurements. Error estimations for each retrieved 

variable are also included in SiFSAP output. Following the definition by Rodgers (1990), we calculate the total retrieval error 185 

covariance matrices: 

𝑺𝒙 = (𝑲!𝑺𝑹#&𝑲+ 𝑺𝒂#&)#&                                                                             (9) 

All geophysical variables are simultaneously and directly retrieved in the SiFSAP scheme. This avoids the complicated 

characterization of error propagation needed in sequential retrieval algorithms, e.g., CLIMCAPS (Smith and Barnet, 2019).  

The direct retrieval of state vector related to cloud properties also avoids the uncertainty introduced by ‘cloud clearing’, which 190 

is difficult to quantify and susceptible to the quality of the atmospheric state used to derive a clear-sky TOA spectrum for cloud 

clearing. 

The overall QC flags are determined based on the cost function zeta (𝜁) that characterizes how well the simulated radiance 

using forward model fits the observed radiances. It is calculated as: 
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𝜁 = (𝑹924; −𝑹<=9)!𝑺"#𝟏	(𝑹924; −𝑹<=9)                                                     (10) 195 

The zeta threshold values for MW only and IR+MW retrievals are empirically assigned to achieve an optimized balance 

between retrieval accuracy and yield rate. The 𝜁 for the retrieval of trace gas species are calculated using the selected IR 

sounder channels in the corresponding absorption regions.  

3.2 A priori Constraint and Representation of Geophysical Variables 

A priori is best used in the retrieval to supplement for the information that cannot be provided by the measurements. Depending 200 

on the information content that can be obtained from IR or MW sounder data, different a priori constraints are used for different 

retrieval variables. Climatological backgrounds and error covariances used for temperature and water vapor retrieval in the 

SiFSAP system are derived from a combined dataset with more than thirty thousand globally-distributed atmospheric profiles 

(Liu et al, 2009 and Wan et al 2017). These profiles include data from European Centre for Medium-Range Weather 

Forecasting (ECMWF) reanalysis, radio sonde measurements, and satellite-based observations. The atmospheric profiles are 205 

represented by level quantities on a 98 pressure level grid from the surface to TOA in the retrieval system. The EOFs 

corresponding to the temperature and water vapor state vectors are derived from the background error covariance matrices.  

The surface level index, which is determined by the surface pressure value, can be quite different for different land regions 

while remaining relatively constant over ocean. Therefore, EOFs and a priori of temperature and water vapor are constructed 

as over-land and over-ocean groups. A conventional EOF transformation is used to represent temperature profiles in the form, 210 

   𝑋2
!>4? = ∑ 𝑈2,A

!>4? ⋅ (𝑃A
!>4?BC

A.& − 𝑃!>4?FFFFFFFF),                                           (11) 

where Xi represents the ith EOF coefficient of a corresponding temperature profile P, which has an unit of Kelvin,  with the 

climatological background 𝑃F being given as the mean value of the profiles included in generating the covariance matrix, and 

Ui is the ith significant eigenvector. The water vapor EOFs are built as the logarithm of water vapor profiles, 

𝑋2
D&E = ∑ 𝑈2,A

D&E ⋅ (log	(𝑃A
D&E)BC

A.& − log	(𝑃D&E)FFFFFFFFFFFFF).                                    (12) 215 

EOFs of ozone profiles are also constructed using globally distributed data but separated as over-land and over-ocean groups, 

similar to temperature and water vapor.  The absolute value of ozone concentration in the tropospheric region is very small 

compared with that in the stratospheric region. In order to better represent the variational feature of ozone profiles in the 

tropospheric region, the ozone EOFs are built as functions of the square root of ozone profiles: 

𝑋2
E' = ∑ 𝑈2,A

E' ⋅	(J𝑃A
E'BC

A.& −√𝑃E'FFFFFFF) .                                                  (13) 220 

Moreover, a priori for ozone retrieval is stratified according to latitude and tropopause height to better constrain the retrieval 

in the regions where the ozone signal is weak. The latitude-referenced ozone climatology has been adopted as in CHART 

(Susskind et al. 2017) and NUCAPS (Barnet. et al. 2021), while the tropopause-referenced ozone climatology is also used for 

ozone retrieval studies using AIRS measurements (Wei et al., 2010) and that planned for the measurements by Tropospheric 

Emissions: Monitoring of Pollution (TEMPO) satellite (Johnson et al., 2018, Yang et al., 2019). The combined latitude and 225 
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tropopause information provides a quality estimate of the ozone variability that changes latitudinally and correlates with the 

synoptic-scale meteorological features of the tropopause. The tropopause height information is obtained from real-time 

forecast data provided by National Centers for Environmental Prediction (NCEP). It can also be obtained from MW-only 

retrievals. The readily available ozone climatology information is therefore well suited for near-real-time applications. A priori 

for Ozone is generated using a synergistic dataset that combines data from the Model for Ozone And Related chemical Tracers 230 

(MOZART), ozone sonde measurements, the European Centre for Medium-Range Weather Forecasts (ECMWF) analysis, and 

the Modern-Era Retrospective analysis for Research and Applications (MERRA). The synergistic ozone profiles are binned 

into 18 latitudinal zones and 13 tropopause-dependent groups. To further cover the seasonal variation characteristics of the 

ozone climatology, the correlation relationship between the ozone profiles and the collocated temperature profiles are derived 

and used for each latitude-tropopause group. The first-guess values used for the ozone retrieval can therefore be obtained using 235 

this statistically derived relationship and the temperature profiles from the MW retrieval results of the SiFSAP system. The 

uncertainty in those first-guess values is characterized and used as covariance constraints of the ozone a priori in the retrieval. 

Carbon monoxide (CO) EOFs are also built on the logarithm of profiles. Carbon dioxide is retrieved as averaged column 

density values. Methane (CH4) and Nitrous Oxide (N2O) are similar in a way that their concentrations are relatively stable 

below the tropopause and decrease with height via various chemical processes in the stratosphere. Since CH4 and N2O are well 240 

mixed in the troposphere and their mixing ratios decrease dramatically above tropopause due to chemical reactions and 

photolysis, their ratio profiles (P) can be represented as a sigmoid-like function of altitude ℎ to a good approximation, 

      𝑃(ℎ) = 	 F(

&(>
)(+)+(,(

)
  ,                                                                 (14) 

where 𝑃G defines the near surface mixing ratio, ℎG defines the dependence of vertical profiles on tropopause height, and 𝑎G 

determines the rate of decrement in the stratosphere. In this way, the retrieval of CH4 and N2O profiles is constrained to a 245 

solution defined by three parameters.  The atmospheric distributions of CH4 and N2O are rather uniform zonally but exhibit a 

gradient with latitude. 𝑃G, ℎG, and 𝑎G values for given individual profiles are obtained by fitting the vertical profiles according 

to the function defined by equation (18). The first-guess values and the corresponding covariance constraints for 𝑃G, ℎG, and 

𝑎G are statistically obtained using a MOZART database that includes globally distributed CH4 and N2O vertical profiles of 12 

different months. They are further stratified into 18´13 latitude-tropopause dependent groups.  This is similar to the strategy 250 

adopted to construct the ozone a priori except that there is a lack of correlation between CH4 or N2O profiles and the collocated 

temperature profiles so that the mean values of specified groups are used as the first guess values instead.  The first guess of 

surface mixing ratio 𝑃G for each individual retrieval is further adjusted according to the globally averaged, monthly mean 

atmospheric methane and nitrous oxide concentration determined from the observation network of various air sampling sites 

whose locations range in latitude from 90-degrees-S to 82-degrees-N (Dlugokencky et al., 1994). 255 

The EOFs for MW surface emissivity over ocean are built from simulated emissivity spectra using the Wilheit (1979) model 

and an improved fast microwave water emissivity model FASTEM (Liu et al., 2011). The Masuda model (Masuda et al. 1988) 

and surface-leaving radiance model (Nalli et al. 2008a, 2008b) are used for the simulation of IR surface emissivity samples 
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over ocean. The simulations use randomly generated wind speed and surface temperature data within a realistic dynamic range. 

The EOFs for MW land emissivity spectra are obtained using English’s semi-empirical model (Hewison and English, 1999). 260 

The EOFs for IR land surface emissivity are constructed using data from the ECOsystem Spaceborne Thermal Radiometer 

Experiment on Space Station (ECOSTRESS) spectral emissivity databases (Meerdink, et al. 2019, Baldridge et al. 2009). For 

both MW and IR retrievals, the surface emissivity function  

𝐹(ε) = log	 2log 2 H$,.#H
H$,.#H$"!

33                                                                (15) 

is introduced to constrain the retrieved surface emissivity within a range between ε4%I and ε42', which are empirically based 265 

on best knowledge of surface emissivity (Zhou et al. 2010). 

Figures 4-6 demonstrate the representation of sample temperature, water vapor, ozone and carbon monoxide profiles using 

different numbers of EOFs as specified in Table 2. The temperature and water vapor profile samples used for the validation 

are from selected ECMWF reanalysis profiles. Ozone and carbon monoxide profiles are randomly selected from the 

synthesized datasets used to build a priori constraints for the retrieval, including data from sonde measurements, reanalysis 270 

databases, and geochemical model results. Along with the plots that illustrate the distribution of true profiles, the EOF 

representation errors are quantified in terms of their mean bias and root-mean-square (RMS) values. Figure 7 demonstrates the 

representation of sample N2O and CH4 vertical profiles from MOZART using the sigmoid representation functions. 

3.3 Bias correction 

As compared with the traditional IR+MW algorithms that rely on cloud-clearing, the SiFSAP algorithm fits the TOA radiance 275 

directly and maximizes the contribution from the measurement-provided information. The accuracy of the retrieval critically 

depends on how well the forward model errors are addressed. The correction for forward model errors (here referred as ‘bias 

correction’) in the SiFSAP scheme includes two parts: 1) the correction for the channel brightness temperatures of MW sounder 

measurements; 2) the correction for the hyperspectral measurements of IR sounders. Forward model errors, which can be 

generalized as the difference between the simulated radiance and the observations, may arise from the spectroscopy 280 

inaccuracies, and/or the fast parameterizations used in the radiative transfer models. In an optimal estimation-based retrieval 

scheme, forward model errors can be corrected by subtracting the systematic bias (the mean value of 𝜖 defined in Equation 1) 

from the observation and accommodating the uncertainty in the error covariance of radiance residuals after the subtraction (𝑺" 

defined in Equation 6).  

Estimation for the systematic bias and the error covariance is done by comparing the observations with radiances computed 285 

by the forward models using the best estimate of the truth as inputs. A common practice is to use the reanalysis data which are 

spatiotemporally matched to the selected ensemble of satellite observations as the truth of inputs. Data from ECMWF 

reanalysis has been used to evaluate the simulation of MW sounders like ATMS (Zhou, Y. and Grassotti, C. 2020) and MHS 

(Schulte et al. 2019).  Aumann et al. (2018) used ECMWF data to evaluate the simulation of hyperspectral sounder 

measurements under cloudy sky conditions using various radiative transfer models (RTMs) with cloud scattering simulation 290 
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capability, including PCRTM.  All RTMs fit reasonably well in the 11-μm atmospheric window area. PCRTM has the smallest 

bias among the 6 RTMs for the cloudy sky observations at 900 cm-1 and provides best match with observed AIRS radiances 

in shortwave IR spectral region where the solar scattering of clouds are important.  

MW sounder measurements are known to have systematic, scan-angle dependent errors due to effects of antenna side-lobes 

not being adequately accounted for in the calibration process. The differences between measured and computed spectra are 295 

usually scene dependent. Therefore, dynamic bias correction schemes for MW measurements have been implemented in the 

numerical weather prediction (NWP) data assimilation (DA) systems (Zhu et al. 2014, Dee et al. 2009) and the physical 

retrieval systems (Schulte et al. 2019). The dynamic bias correction schemes rely on the pre-trained relationship, being either 

a regression-based linear or neural network-based nonlinear scheme, between the radiance bias and the predictors. The 

predictors include satellite angles, atmospheric and surface properties collocated with observations. Zhou and Grassotti (2020) 300 

studied the use of the ATMS brightness temperature (BT) as the major predictor in the Microwave Integrated Retrieval System 

(MiRS, https://www.star.nesdis.noaa.gov/mirs). BTs are used along with other observation angle and scene dependent 

predictors including latitude, cloud liquid water, total precipitable water, and surface skin temperature in the bias correction 

scheme. In the SiFSAP scheme, the MW bias corrections are stratified for different scan angles. Considering that the 

information about atmospheric and surface properties is already embedded in MW spectra, we choose the MW spectra as the 305 

only predictor in order to facilitate the operation of the SiFSAP algorithm, especially for near-real-time data production. The 

bias prediction used for the MW sounder is implemented through the following equation: 

  𝜖AJ =	∑ 𝐴A2J𝑅2J
0$%
2.& ,                                                                       (16) 

where 𝑗 and  𝑖 are MW sounder channel index numbers;	𝜖AJis the scan angle dependent bias in brightness temperature of MW 

sounder channel 𝑗; 𝐴A2J  is the regression prediction coefficient that links the bias to the MW channel measurement  𝑅2J; and 𝐴A2J  310 

is trained using the least-square fit on the training sample. The matchup training samples of  𝝐Jand 𝑹Jare constructed using 

collocated ECMWF data and MW sounder measurements from selected ‘focus’ days. ECMWF does not provide surface 

emissivity and accurate cloud information. Therefore, emissivity is tuned along with cloud properties within the constraint 

defined by the preconstructed a priori.  The solutions that provide the best match to the observations are selected. The 

difference between 𝑹J and the corresponding fitted radiances (in BT) is the bias 𝝐J. We filter out the outliers of the matchup 315 

samples where the absolute differences between the simulated MW brightness temperatures using reanalysis data and the 

observed ones are greater than a predetermined threshold. Figure 8 illustrates the scan-angle dependent bias of ATMS 

measurements onboard of SNPP and NOAA-20(JPSS-1) satellites, respectively.  Figures 9 and 10 further demonstrate the 

probability density distribution of brightness temperature difference between the observations and the simulations for different 

ATMS channels. Figures 9 and 10 also show that the scene-dependent biases can be effectively corrected using the regression-320 

prediction scheme. It is noted here that the global mean daily biases from the simulation cannot be characterized as static 

offsets. The magnitudes of those offsets for different days can be very different and therefore cannot be effectively corrected 

via a static offset subtraction.  
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 The bias correction for the IR hyperspectral retrieval follows a regression-prediction approach similar to that for the MW 

retrieval. The biases are usually not scan angle dependent so that a unified correction is used for measurements at different 325 

satellite scan angles: 

   𝜖A =	∑ 𝐴A2𝑅2
0/01
2.& .                                                                       (17) 

Here the bias and radiances are presented in the EOF domain. 𝑁><K is the number of EOFs used to represent the hyperspectral 

sounder radiances. Again, we need to fit surface spectral emissivity and cloud properties to minimize the differences between 

the simulated spectral radiances and the corresponding sample observations. The static bias correction term 𝜖A is small. What 330 

is critical here is the magnitude and the distribution of spectral fitting residuals, which define the error covariance used for the 

retrieval (𝑺" in Equation 2).  Figure 11 plots the spectral error covariance used for the SNPP-CrIS retrieval. 

4. Results and Assessment 

4.1 Radiance Fitting Assessment 

One important quality assessment factor for sounder retrieval products is how well the retrieved properties fit the radiance 335 

measurements. Providing the best fit to the measured TOA radiances is the first important indicator of the correct utilization 

of maximized information provided by the measurement. The capability of providing radiance ‘closure’ justifies the retrieval 

products’ application for climate monitoring. It is especially critical to ensure the traceable accuracy when the data from 

multiple sounder measurements like AIRS, CrIS and IASI are fused together to establish a long-term climate data record 

(Strow et al., 2021; Wu et al., 2020).  Figure 12 shows the global mean spectral fitting residuals between the CrIS radiances 340 

from SiFSAP and the observations for January 14, 2016. This daily mean fitting residual is derived using ~90% of CrIS single 

FOV measurements of that day. The capability of fitting the single FOV measurements under cloudy sky conditions greatly 

facilitates the use of SiFSAP for climate studies that requires high spatial resolution and all-sky sampling.  

4.2 Temperature and Water Vapor Profiles  

The validation of temperature and water vapor profiles from SiFSAP has been done using results from selected testing 345 

days. Figures 13 and 14 plot the global mean and RMS values of the differences between the temperature and the water vapor 

retrieved from SNPP-CrIS/ATMS measurements during July 16th of 2017 and that from the collocated ECMWF data. The 

bias and RMS for the temperature difference are calculated as: 

 TBias= 𝑚𝑒𝑎𝑛(𝑇L2MLNF − 𝑇OPQRM) ,     TRMS= Y𝑚𝑒𝑎𝑛((𝑇L2MLNF − 𝑇OPQRM)S) .                                 (18) 

The bias and RMS for the water vapor are calculated as: 350 

𝐻S𝑂Bias= 4>%'(D&E2"3245#D&E67893)
4>%'(D&E67893)

× 100% ,     RMS= T4>%'((D&E2"3245#D&E67893)&)
4>%'(D&E67893)

× 100% .             (19) 

We can see that above 10 km, temperature profiles from SiFSAP have a better than 1 K retrieval accuracy. The retrieval 

uncertainty becomes larger in the lower troposphere region, mostly due to the limited sensitivity of IR sounders to atmospheric 
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profiles below thick clouds. The retrieval accuracy for profiles below clouds becomes more dependent on the retrieval accuracy 

of the MW sounders as clouds get thicker. As compared with over ocean retrievals, the relatively larger uncertainty in the land 355 

surface emissivity leads to a larger uncertainty in the near surface temperature retrieval. The relative error of water vapor 

retrieval is around 20% or smaller in the complete tropospheric region. 

4.3 Surface emissivity  

Figure 15 demonstrates sample land surface emissivity spectra retrieved from CrIS observations over different areas with 

different surface conditions. We can clearly see the strong spectral feature in the quartz reststrahlen band between 8 µm and 360 

10 µm (1000 cm-1 ~ 1250 cm-1) for samples in the desert and very different emissivity features for surfaces of soil and/or 

plants.   Figure 16 compares the land surface emissivity at 11 µm of two selected days (January 14, 2016 and August 8, 2017) 

with the Aqua MODIS daily emissivity from MOD21 Land Surface Temperature and Emissivity product (Hulley et al. 2016).  

The difference between subplots A2 and A1 illustrates the change of surface emissivity that reflects the seasonal change 

(January - August) of vegetation coverage. There is a clear correlation between the emissivity change and the vegetation 365 

coverage change shown in subplots C1 and C2 as the normalized difference vegetation index (NDVI). The NDVI values are 

extracted from MODIS/Terra Vegetation Indices Monthly L3 Global 0.05 Degree Climate Modeling Grid product (Didan and 

Huete, 2015). There is a noticeable emissivity difference between subplots A1 and A2, which can partly be explained by the 

change of snow coverage in this area from January to August in 2016 (shown in subplots D1 and D2). The snow coverage data 

are extracted from daily Level-3 (L3) MODIS/Aqua snow coverage data products that provides the percentage of snow-covered 370 

land observed daily within 0.05° (approx. 5 km) MODIS Climate Modeling Grid (CMG) cells (Hall and Riggs, 2021).  

4.4 Trace gases: O3, CO, CO2, CH4, N2O 

The SiFSAP atmospheric composition products include the retrieved volume mixing ratio of CO2 O3, CO, CH4, N2O at 98 

vertical pressure level grids defined by the PCRTM algorithm. SiFSAP products include trace gas profiles for each sounder 

FOV, i.e., matching the native spatial resolution of hyperspectral sounder instruments, SiFSAP O3 data have been used to study 375 

stratospheric intrusion (Xiong et al., 2022A) and cold air outbreaks (Xiong et al., 2022A). SiFSAP CO data have been used 

for process-oriented analysis of emission from large wildfires and air pollution transport studies (Xiong et al., 2022C). The 

validation and further developments of those atmospheric composition products have been an on-going effort. Sample 

validation studies are presented here to illustrate the overall performance of SiFSAP. 

Figure 17 demonstrates the inter-comparison study of satellite-based CO observation on/around May 12th, 2020 between 380 

SiFSAP of SNPP/CrIS, Metop-B/IASI daily CO product, and CO data from the Measurement of Pollution in the 

Troposphere (MOPITT) on board the Terra satellite. IASI CO data are generated using the Fast Optimal Retrievals on Layers 

for IASI (FORLI) software (Hurtmans et al. 2012). IASI measures TOA spectral radiances between 645 and 2760 cm-1 with a 

0.25 cm-1 spectral interval between adjacent channels. CO vertical profiles are retrieved using the spectral channel 

measurements between 2128 and 2206 cm-1. As a comparison, SNPP/CrIS lacks the spectral coverage between 2128 and 2155 385 
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cm-1 and only provides spectral measurement with a 0.625 cm-1 spectral interval. However, the ultra-low instrument noise of 

CrIS in the CO absorption region improves the information content that allows the capture of key features of the source and 

sink climatology of CO. The spatial and vertical distribution of CO concentration from SiFSAP in the middle-to-upper 

troposphere region agree well with FORLI CO data, which also generally agree with the MOPITT CO data 

(NASA/LARC/SD/ASDC, 2000). MOPITT measures CO using the near-infrared (NIR) band near 2.3 μm and the thermal-390 

infrared (TIR) band near 4.7 μm. As compared with the swath width of CrIS and IASI that is around 2200 km, the swath width 

of MOPITT observations is only around 640 km, which can only allow a global coverage of CO measurements on a weekly 

basis. Therefore, the MOPITT CO data of multiple days (from May 10th to May14th, 2020) are plotted together to have a 

better global scale visualization. The total column amounts of SiFSAP CO from SNPP-CrIS agree better with FORLI data in 

terms of spatial distribution at global scale. IASI FORLI results give much larger total column amount than that from both 395 

SNPP-CrIS SiFSAP and MOPITT. SNPP-CrIS SiFSAP CO data agree better with MOPITT data in terms of the scale of the 

total column amount over high CO concentration areas, but there is an obvious difference in spatial distributions which cannot 

be simply ascribed to the temporal difference between two observations. IR sensors are known to have limited sensitivity close 

to the surface due to the generally low thermal contrast between the ground and the air above it. MOPITT CO product is 

supplemented with enhanced surface CO mixing ratio from a priori based on the Community Atmosphere Model with 400 

Chemistry (CAM-chem, Buchholz et al. 2019). Consequently, the spatial distribution of total column amount of MOPITT CO 

is strongly correlated with the surface CO distributions, which is not the case in SNPP-CrIS SiFSAP and FORLI CO products. 

The validation of the CAM-chem based a priori and its impact on the CO retrieval in the lower troposphere to surface region 

needs to be further studied.  

Figure 18 compares the total column of O3 on September 19th, 2019 from SNPP-CrIS SiFSAP with that from SNPP-CrIS 405 

CLIMCAPS, SNPP-OMPS (Jaross, G., 2017), and MetopB FORLI daily O3 product. The ozone hole over the Antarctica region 

is clearly captured by all products. It is noted here that IR sensors like CrIS, AIRS, and IASI are generally more sensitive to 

the ozone distribution in the upper troposphere while ultraviolet measurements like OMPS are more sensitive to stratospheric 

ozone. Both instruments can measure the tropospheric columns but lack vertical sensitivity in the troposphere (Fu et al. 2018).  

The results from two products (SiFSAP and CLIMCAPS) using the same sounder measurements agree well over most of the 410 

area.  

Figures 17 and 18 show that the SiFSAP system works effectively under all sky conditions. As compared with FORLI that 

only provides CO and O3 data for cloud free or almost clear (with a less than 13% cloud fraction) observations (George et al., 

2009, Boynard et al., 2018), the capability of accounting for the cloud scattering in the SiFSAP algorithm ensures a much 

higher retrieval yield rate. Although CLIMCAPS can retrieve CO for most of the observations under cloudy sky conditions, it 415 

fails in area under overcast skies (shown as white area in Figures 17 and 18) because the lack of contrast between observations 

of adjacent FOVs impose challenges on the implementation of the cloud clearing method.   

Validation to CO2, N2O, and CH4 from SiFSAP is very limited and remains to be completed in the near future. Therefore, these 

products are still subject to more research and improvement.  
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4.5 Cloud properties 420 

Cloud optical depth, particle size, and cloud height (represented by the cloud top temperature CTT) are simultaneously 

retrieved along with other geophysical variables in the SiFSAP algorithm. Details about the cloud scattering model can be 

found in previously published PCRTM and physical retrieval algorithm papers (Liu et al. 2006, Liu et al. 2007, Liu et al. 2009, 

Wu et al. 2017). Cloud properties for one individual CrIS footprint are retrieved under the assumption of one effective single 

layer with the cloud transmittance, reflectance, and emissivity defined by the optical depth and the particle size. Ice and water 425 

clouds are discerned based on the overall spectral characteristics of the cloud emissivity (transmittance). In the iterative 

retrieval process, both cloud phase options are tried and the one providing the best spectral fitting is saved as the solution. 

Earlier simulation studies have shown that the cloud phase can be retrieved with a very high accuracy rate (>95%) if the 

hyperspectral feature of the ice and water clouds can be fully explored (Wu et al. 2017).  

Cloud properties from hyper-spectral sounder measurements can be validated using the collocated imager observations like 430 

MODIS or VIIRS (e.g. Yue et al. 2022). The VIIRS Atmosphere L2 Cloud Properties Product (Platnick et al., 2017, Heidinger 

and Li, 2017) is used to validate the cloud properties from SiFSAP of SNPP CrIS. Since VIIRS does not have IR channels in 

the 13 µm CO2 absorption band, the MODIS CO2 slicing solution for cloud top pressure retrievals for cold clouds is replaced 

with an IR window channel optimal estimation approach coupled with a Cloud-Aerosol Lidar and Infrared Pathfinder Satellite 

Observations (CALIPSO)-derived a priori (Heidinger et al. 2019). The CTT of SiFSAP CrIS is compared with the average 435 

values of the CTT of VIIRS pixels within the CrIS footprints as shown in Figure 19. The global scale spatial distribution of 

CTT from SiFSAP agrees well with that from the VIIRS cloud product except in the Arctic region where CTT retrieved from 

CrIS measurements tends to be warmer than VIIRs results. The correlation coefficient between the VIIRS CTT and CrIS CTT 

shown in Figure 19 is larger than 0.93. Uncertainty in retrieved cloud properties tends to be larger for very thin clouds due to 

the challenge of extracting weak IR spectral signatures embedded in the measurement or forward simulation errors. Figure 19 440 

only shows results with retrieved cloud optical thickness larger than 0.4 (cloud emissivity larger than 0.1) to better illustrate 

the retrieval accuracy when there is adequate measurement-provided information. A larger than 0.8 correlation coefficient can 

still be achieved even when we include more thin cloud footprints with optical depth as small as 0.05.   

Direct comparison between the effective cloud optical depth (COD) and the effective particle radius (Re) retrieved for an 

individual CrIS FOV and the corresponding mean values for the collocated VIIRS pixels within the CrIS FOV can be 445 

challenging due to several factors. First, the spatial heterogeneity among VIIRS pixels means the IR radiative contribution 

from a cloud layer with an averaged VIIRS COD can be very different from the combined contribution from individual VIIRS 

pixels due to the nonlinear nature of the radiative transfer 

    𝐹(CODFFFFFF, ReFFFF) ≠ ∑ M(UVW",	XY")
0

0
2.& ,                         (20) 

where 𝐹 is the forward operator. Second, the inconsistency between the cloud scattering models used for sounder retrieval and 450 

for imager retrieval can further introduce large biases or uncertainties between two sets of COD and Re. Third, inconsistency 

can also arise from a lack of consistency and accuracy in the atmospheric and surface state assumed for the cloud property 
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retrievals. As compared with COD and Re, it is relatively more straightforward to compare the effective cloud emissivity 

(fraction) values retrieved from CrIS and VIIRS measurements. The CrIS FOV cloud emissivity can be related with the VIIRS 

pixel effective cloud emissivity and the corresponding spatial fraction under the assumption that the total thermal emissions 455 

measured by CrIS and VIIRS within the same spectral band are consistent: 

𝐵!(𝑇""#$%)𝜖""#$% + 𝐵!(𝑇%)𝜖%(1 − 𝜖""#$%) = 𝑓 ∑ 𝜖",'($$)%𝐵!,𝑇",'($$)%-*
'+, + (1 − 𝑓 ∑ 𝜖",'($$)%*

'+, )𝐵!(𝑇%)𝜖%,        (21) 

where 𝐵Z  represents the Planck function at wavenumber 𝜈, 𝜖PP3[L and 𝑇PP3[L	are CrIS cloud emissivity and CTT, 𝜖P,2\[[/L and 

𝑇P,2\[[/L are cloud emissivity and CTT of individual VIIRS pixels, f represents the spatial fraction of VIIRS cloud pixels within 

a CrIS FOV, 𝑇L and 𝜖L are surface skin temperature and surface emissivity which are assumed to be homogeneous within a 460 

single CrIS FOV. Equation 21 is justified under the condition that 𝜈 is within a ‘window’ spectral region where atmospheric 

absorption and thermal emission can be neglected, and the effective cloud reflectivity is close to zero. Therefore, the cloud 

transmissivity is approximated as 1 − 𝜖P. A more simplified form can be used 

𝜖PP3[L	𝑇PP3[L + (1 − 𝜖PP3[L)𝑇L = ∑ 𝑓2𝜖P,2\[[/L𝑇P,2\[[/L0
2.& + (1 − 𝑓∑ 𝜖P,2\[[/L0

2.& )𝑇L                                     (22) 

by utilizing the fact that the Planck function is linear enough and the surface emissivity is close to unity. Such an approach to 465 

check the radiometric consistency between cloud properties from IR sounders and imagers has been used in the AIRS-MODIS 

cloud retrieval validation study (Kahn et al. 2007, Nasiri et al. 2011). Figure 20 demonstrates the comparison between the 

effective brightness temperature of CrIS 𝑇>KKP3[L	and that of corresponding VIIRS measurements 𝑇>KK\[[/L, with the definition being 

given as 

  𝑇>KKP3[L =	𝜖PP3[L	𝑇PP3[L + (1 − 𝜖PP3[L)𝑇L,                                                            (23) 470 

𝑇>KK\[[/L = 𝑓∑ 𝜖P,2\[[/L𝑇P,2\[[/L0
2.& + (1 − 𝑓∑ 𝜖P,2\[[/L0

2.& )𝑇L.                                          (24) 

A good agreement is found between 𝑇>KKP3[L	and 𝑇>KK\[[/L except a small percentage of samples in the Arctic. The cloud emissivity 

data used for this study are the retrieval results based on the NOAA Daytime Cloud Optical and Microphysical Properties 

(DCOMP; Walther and Heidinger, 2012) algorithm. Li et al. (2020) found that VIIRS cloud data products tend to have larger 

uncertainties in polar regions due to the lack of VIIRS spectral measurements in IR water and CO2 absorption channels. They 475 

found a major improvement for the cloud mask can be achieved over polar regions by fusing the collocated CrIS measurements 

in the missing spectral region with the VIIRS data. Although the radiative consistency between cloud properties from SiFSAP 

CrIS and that from VIIRS is high, the surface skin temperature 𝑇L, CTT, and the cloud effective emissivity (fraction) are highly 

correlated with each other. Uncertainties in either 𝑇L or CTT will introduce inconsistency between the effective emissivity 

from these two measurements. Even though the three parameters compensate each other to fit radiometrically to the 480 

observations, the effective cloud emissivity from CrIS and VIIRS measurements can still be quite different. This is especially 

the case when there is a lack of thermal contract between 𝑇L and CTT.     
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4.6 Averaging kernels  

Hyperspectral sounder measurements provide rich information for temperature and humidity vertical profiling. Figures 21 and 

22 demonstrate typical temperature and water vapor retrieval averaging kernels from SNPP CrIS SiFSAP. Figure 21 clearly 485 

shows that high vertical resolution temperature retrieval can be achieved by the SiFSAP algorithm even in the lower 

tropospheric region near the surface. The sum of the averaging kernel rows, also known as ‘verticality’, is usually used to 

characterize how much information comes from the measurements. A verticality value close to one means measurement 

provides dominant information so that a retrieval system’s dependence on the a priori is minimized. On the other hand, a 

verticality value close to zero indicates that the system is heavily dependent on the a priori since the measurement does not 490 

provide much information. Figure 21 shows that hyperspectral measurements can well resolve the temperature profile from 

troposphere to stratosphere under a clear sky condition. The information from the measurements degrades in the lower 

troposphere under a cloudy condition region due to the weaking of thermal emission signal by clouds. The averaging kernel 

for water vapor retrieval (Figure 22) is relatively less sensitive to clouds, but the information provided by hyperspectral 

measurements to retrieve water vapor in upper troposphere and stratosphere region is limited.  495 

As compared with temperature and water vapor, the measurement information from hyperspectral IR sounders for trace gases 

retrieval is relatively limited and more scene dependent. Figure 23 shows the averaging kernels of O3 retrievals from SNPP 

CrIS SiFSAP of September 20th, 2019 for different latitudinal regions.  The O3 retrieval has sensitivity peaks in both 

stratosphere and upper troposphere. The measurement sensitivity for lower tropospheric O3 is the highest in the tropical region 

and tends to decrease as the observations move to higher latitude regions. Overall, the SiFSAP system provides decent vertical 500 

resolution of O3 profiling based on real CrIS observation data, which is comparable to what has been demonstrated for IASI 

measurements via an end-to-end simulation study (Wu et al. 2017). 

Samples averaging kernels from SiFSAP CO product are shown in Figure 24 for different latitudinal bands, as CO retrieval is 

more latitudinal dependent as compared with O3. CrIS full spectral resolution measurements provide abundant information for 

the tropospheric CO retrieval in the tropical region (with verticality close to 1). The measurement information becomes less 505 

dominant in the mid-latitude region and very limited in the polar regions. This is partly due to the fact that thermal emission 

signals due to CO absorption in the atmosphere are weaker in lower temperature region. Ultimately, the total measurement 

sensitivity of CO is limited by the CrIS instrument noise level in the CO absorption spectral region. The vertical resolution of 

CO retrieval is very limited in the current version of SiFSAP. Similar to SiFSAP, the reported vertical resolution of CO retrieval 

in other IR sounder retrieval systems, e.g. FORLI, AIRS CO retrieval, and CLIMCAPS (George et al. 2009, Smith and Barnet, 510 

2020), is also very limited. This can be ascribed to the weak thermal contrast among signals in CO measurement channels of 

IR sounders and the vertical distribution constraints from the a priori that remain to be optimized.  
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5. Conclusions and Future Work  

SiFSAP retrieval algorithm has been developed to generate a high spatial resolution and radiometrically consistent 

hyperspectral sounder product to explore the applications of sounder observations in areas that have not been fully addressed 515 

by the current operational sounder products. SiFSAP products include temperature, water vapor, O3, CO2, CO, CH4, and N2O 

profiles, as well as surface properties (including surface skin temperature and surface emissivity) and cloud properties 

(including cloud top pressure, height, temperature, effective cloud optical depth, and effective cloud particle size). Following 

an optimal estimation scheme and the efficient and accurate forward radiative transfer model PCRTM, SiFSAP also provides 

users with the averaging kernels and error estimates to facilitate better uncertainty quantification in physical process studies 520 

and data assimilations using sounder products, as well as intercomparisons of multiple observational and model products.  

Initial validation on key SiFSAP Level 2 variables has been carried out using SNPP-CrIS as an example. More extensive 

studies and validation of SiFSAP products for other satellites will be conducted. Validation for CO2, CH4, and N2O has been 

initiated but a lot of work remains to be done, so these three trace gas products are released as exploratory data products at the 

current stage. 525 

One key advantage of the SiFSAP algorithm is its applicability for multiple IR and MW sounder systems. In addition to 

CrIS/ATMS onboard SNPP and JPSS satellites, the SiFSAP system is ready for the processing of both AIRS/AMSU and 

IASI/AMSU/MHS data. Simulations based end-to-end studies and some evaluation work using sample IASI data have been 

demonstrated (Wu et al. 2017, Liu et al. 2009). Some AIRS retrieval case studies using the SiFSAP algorithm have already 

demonstrated the advantage of SiFSAP over traditional AIRS Level 2 product in capturing the high spatial resolution feature 530 

of gravity wave signals in the stratospheric temperature (Wu et al. 2019). SiFSAP provides a solution to retrieve key climate 

variables from different hyperspectral sounder observations using a consistent physical algorithm. This is not only important 

for effectively fusing information from multiple instruments, but also essential to constructing a long-term continuous climate 

data record from the Program of Record sounder observations. The capability of using a unified radiative transfer model (i.e., 

PCRTM) to accurately fit the spectral radiances measured by all modern era operational hyperspectral sounders under all sky 535 

conditions is essential for the climate trend/anomaly retrieval study from a radiometric consistency perspective.  

SiFSAP will support weather and atmospheric dynamics studies by providing high spatial resolution temperature and water 

vapor profiles that can be used to reveal mesoscale atmospheric variations. The algorithm’s capability of using the spectral 

information from all hyper-spectral channels via PC analysis makes it easy to be adapted and affordable for future sounder 

applications with a much higher spectral resolution and much more channels (e.g. IASI-NG). The scheme requires minimal 540 

auxiliary data to provide the a priori constraints and is suitable for real-time and environmental monitoring applications. Future 

work includes exploring the SiFSAP algorithm’s application potential in challenging areas (e.g. Planetary Boundary Layer 

studies) by further improving the utilization of spectral information and the accommodation for forward model errors. The 

development of a long-term climate record based on SiFSAP using the climate spectral fingerprinting scheme is also underway. 

 545 
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Data availability. SiFSAP will soon be available to public from the NASA Goddard Earth Sciences Data and Information 

Services Center (GES DISC). The availability of the SNPP SiFSAP data is currently on a request basis. The SNPP CLIMCAPS 

data is available from GES GISC (https://10.5067/62SPJFQW5Q9B).VIIRS cloud property data is available from Level-1 and 

Atmosphere Archive & Distribution System Distributed Active Archive Center (LAADS DAAC  https://ladsweb.modaps. 

eosdis.nasa.gov/search/order/1/CLDPROP_L2_VIIRS_SNPP—5111). AQUA MODIS monthly land surface emissivity data 550 

is available from the Land Processes Distributed Active Archive Center (LP DAAC https://lpdaac.usgs.gov/ 

products/myd11c3v006/). AQUA MODIS monthly vegetation index data is available from LP DAAC (https://lpdaac.usgs.gov/ 

products/myd13c2v006/). Snow coverage data is from NASA National Snow and Ice Data Center Distributed Active Archive 

Center (https://doi.org/10.5067/ MODIS/MYD10C1.061). METOP-B IASI O3 and CO data are available from IASI portal 

(https://iasi.aeris-data.fr/o3/, https://iasi.aeris-data.fr/co/). MOPITT CO data is from the NASA Atmospheric Science Data 555 

Center (ASDC) (ftp://l5ftl01.larc.nasa.gov/MOPITT/).  OMPS O3 data is from NASA Earth Data (https://omisips1.omisips. 

eosdis.nasa.gov/outgoing/OMPS/LANCE/NMTO3-L2-NRT/). 

 

Author contributions. WW and XL wrote the manuscript with discussion and editing inputs from XX DZ QY3 AL QY2 and 

LL; The SiFSAP algorithm and PCRTM were developed by XL and WW; XL QY2 and WW are responsible for the update of 560 

PCRTM.WW and LL produced CrIS/ATMS SiFSAP results; WW collected CLIMCAPS, IASI, MOPITT, MODIS and OMPS 

data used for the validation study. QY3 provided VIIRS cloud property data collocated with CrIS observations. WW carried 

out the validation study with suggestions and technical support from XL and XX and LL.  

 

Competing interests. The contact author has declared that none of the authors has any competing interests. 565 

 

Acknowledgement.  We are grateful for the data production and storage technical support provided by the team members 

responsible for the Science Investigator-led Processing System (SIPS) at Jet Propulsion Lab, California Institute of 

Technology. We thank NASA Advanced Supercomputing (NAS) facility for providing the computational resources and the 

corresponding technical support. We also thank CRTM technical support team for providing the software and the instruction. 570 

This work was funded by the NASA 2017 Research Opportunities in Space and Earth Sciences (ROSES) solicitation 

NNH17ZDA001N-TASNPP and the NASA 2020 ROSES solicitation NNH20ZDA001N.  

References 

August, T., Klaes, D., Schlüssel, P., Hultberg, T., Crapeau, M., Arriaga, A., O'Carroll, A., Coppens, D., Munro R., and Calbet, 

X.: IASI on Metop-A: Operational Level 2 retrievals after five years in orbit, Journal of Quantitative Spectroscopy & Radiative 575 

Transfer, 113, 1340-1371, 2012. 

https://doi.org/10.5194/egusphere-2023-879
Preprint. Discussion started: 17 May 2023
c© Author(s) 2023. CC BY 4.0 License.



19 
 

Aumann, H. H., Chen, X., Fishbein, E., Geer, A., Havemann, S., Huang, X., et al.: Evaluation of radiative transfer models with 

clouds. Journal of Geophysical Research: Atmospheres, 123, 6142–6157, https://doi.org/10.1029/ 2017JD028063, 2018. 

Baldridge, A. M., Hook S. J., Grove C. I.  and Rivera G.: The ASTER Spectral Library Version 2.0, Remote Sensing of 

Environment, 113, 711-715, 2009.  580 

Barnet. C. D. et al: The NOAA Unique CrIS/ATMS Processing System (NUCAPS): Algorithm Theoretical Basis 

Documentation, NOAA NESDIS STAR, star.nesdis.noaa.gov/jpss/documents/ATBD/ATBD_NUCAPS_v3.1.pdf, 2021. 

Buchholz, R. R., Emmons, L. K., Tilmes, S., and the CESM2 Development Team: CESM2.1/CAM-chem Instantaneous Output 

for Boundary Conditions, UCAR/NCAR- Atmospheric Chemistry Observations and Modeling Laboratory, 

https://doi.org/10.5065/NMP7-EP60, 2019 585 

Chahine, M.T., Pagano, T. S., Aumann, H. H., Atlas, R., Barnet, C., Blaisdell, J., Chen, L., Divakarla, M., Fetzer, E. J., 

Goldberg, M., et al.: AIRS: Improving weather forecasting and providing new data on greenhouse gases, Bull. Am. Meteorol. 

Soc., 87, 911–926, 2006. 

Chahine, M. T., Chen, L., Dimotakis, P., Jiang, X., Li, Q., Olsen, E. T., Pagano, T., Randerson, J., and Yung, Y. L.: Satellite 

remote sounding of mid-tropospheric CO2, Geophys. Res. Lett., 35, L17807, https://doi:10.1029/2008GL035022, 2008. 590 

Cousins, D., and Smith, W. L.: National Polar-Orbiting Operational Environmental Satellite System (NPOESS) Airborne 

Sounder Testbed-Interferometer (NAST-I), in: Proceedings from the SPIE, Applicatoin of Lidar to Current Atmospheric 

Topics II Conference, San Diego, CA, 3127, 323-331, 1997. 

Dee, D. P.; Uppala, S.: Variational bias correction of satellite radiance data in the ERA-Interim reanalysis, Q. J. R. Meteorol. 

Soc., 135, 1830–1841, https://doi.org/10.21957/8si33ip1, 2009. 595 

DeSouza-Machado, S., Strow, L. L., Tangborn, A., Huang, X., Chen, X., Liu, X., Wu, W., and Yang, Q.: Single-footprint 

retrievals for AIRS using a fast TwoSlab cloud-representation model and the SARTA all-sky infrared radiative transfer 

algorithm, Atmos. Meas. Tech., 11, 529–550, https://doi.org/10.5194/amt-11-529-2018, 2018  

Didan, K. and Huete, A.: MOD13C2 MODIS/Terra Vegetation Indices Monthly L3 Global 0.05Deg CMG., NASA LP DAAC, 

http://doi.org/10.5067/MODIS/MOD13C2.006, 2015. 600 

Dlugokencky, E. J., Steele L. P., Lang P. M., and Masarie K. A.: The growth rate and distribution of atmospheric methane, J. 

Geophys. Res., 99, 17021-17043, 1994 

Ern, M., Hoffmann, L., and Preusse, P.: Directional gravity wave momentum fluxes in the stratosphere derived from 

highresolution AIRS temperature data, Geophys. Res. Lett., 44, 475–485, https://doi.org/10.1002/2016GL072007, 2017. 

Elsaesser, G., Jiang J., Su H., Schiro K.: AIRS vs MERRA-2: when and where do they both agree on the impact of convection 605 

on PBL thermodynamics?, NASA Sounder Science Team Meeting, 25 – 27 September 2020, College Park, MD, 2020. 

Gettelman, A., Fu, Q.: Observed and Simulated upper-tropospheric water vapor feedback, J. Clim., 21, 3282–3289, 

https://doi.org/10.1175/2007JCLI2142.1, 2008.  

https://doi.org/10.5194/egusphere-2023-879
Preprint. Discussion started: 17 May 2023
c© Author(s) 2023. CC BY 4.0 License.



20 
 

George, M., Clerbaux, C., Hurtmans, D., Turquety, S., Coheur, P.-F., Pommier, M., Hadji-Lazaro, J., Edwards, D. P., Worden, 

H., Luo, M., Rinsland, C., and McMillan, W.: Carbon monoxide distributions from the IASI/METOP mission: evaluation with 610 

other space-borne remote sensors, Atmos. Chem. Phys., 9, 8317–8330, https://doi.org/10.5194/acp-9-8317-2009, 2009. 

Hall, D. K. and G. A. Riggs.:  MODIS/Aqua Snow Cover Daily L3 Global 0.05Deg CMG, Version 61. Boulder, Colorado 

USA. NASA National Snow and Ice Data Center Distributed Active Archive Center, https://doi.org/10.5067/ 

MODIS/MYD10C1.061, 2021.  

Han, Y., Delst P., Liu Q., Weng F., Yan B., and Derber J., CRTM: v2.4.0 User Guide, https://github.com/JCSDA 615 

/crtm/wiki/files/CRTM_User_Guide.pdf, NOAA/JCSDA, 2020. 

Heidinger, A. K., Bearson, N., Foster, M. J., Li, Y., Wanzong, S., Ackerman, S., Holz, R. E., Platnick, S., and Meyer, K.: 

Using Sounder Data to Improve Cirrus Cloud Height Estimation from Satellite Imagers, J. Atmos. Ocean. Tech., 1331-1342, 

https://doi.org/10.1175/JTECH-D-18-0079.1, 2019. 

Heidinger, A. K., Li Yue : AWG Cloud Height Algorithm Theoretical Basis Document, NOAA NESDIS CENTER for 620 

SATELLITE APPLICATIONS and RESEARCH, https://www.star.nesdis.noaa.gov/goesr/documents/ATBDs/Enterprise 

/ATBD_Enterprise_Cloud_Height_v3.1_Mar2017.pdf, 2017. 

Hewison, J., English, S. J.: Airborne Retrievals of Snow and Ice Surface Emissivity at Millimetre Wavelengths, IEEE Trans. 

Geosci. Rem. Sensing, 37, 1871-1879, https://doi.org/10.1109/ 36.774700, 1999. 

Hulley, G., Malakar, N., Hughes, T., Islam, T., Hook, S.: Moderate Resolution Imaging Spectroradiometer (MODIS) MOD21 625 

Land Surface Temperature and Emissivity Algorithm Theoretical Basis Document, USGS, https://modis-

land.gsfc.nasa.gov/pdf/MOD21_ATBD_ Hulley_v2.4.pdf , 2016 

Hurtmans, D., Coheur, P.-F, Wespes, C., Clarisse, L., Scharf, O., Clerbaux, C., & Hadji-Lazaro, J., George, M., Turquety, S.: 

FORLI radiative transfer and retrieval code for IASI. Journal of Quantitative Spectroscopy and Radiative Transfer, 113, 1391-

1408, https://doi.org/10.1016/j.jqsrt. 2012.02.036, 2012. 630 

Irion, F. W., Kahn, B. H., Schreier, M. M., Fetzer, E. J., Fishbein, E., Fu, D., Kalmus, P., Wilson, R. C., Wong, S., and Yue, 

Q.: Single-footprint retrievals of temperature, water vapor and cloud properties from AIRS, Atmos. Meas. Tech., 11, 971–995, 

https://doi.org/10.5194/amt-11-971-2018, 2018. 

Jaross G.: OMPS-NPP L2 NM Ozone (O3) Total Column swath orbital V2, Greenbelt, MD, USA, Goddard Earth Sciences 

Data and Information Services Center (GES DISC), Accessed: [Oct. 01, 2022], 10.5067/0WF4HAAZ0VHK, 2017. 635 

Johnson, M. S., Liu, X., Zoogman, P., Sullivan, J., Newchurch, M. J., Kuang, S., ... and McGee, T.: Evaluation of potential 

sources of a priori ozone profiles for TEMPO tropospheric ozone retrievals, Atmospheric Measurement Techniques, 11(6), 

3457-3477, https://doi.org/10.5194/amt-11-3457-2018, 2018. 

Jones, T. A. and Stensrud, D. J.: Assimilating AIRS temperature and mixing ratio profiles using an ensemble kalman filter 

approach for convective-scale forecasts, weather forecast, 27, 541–564, 2012. 640 

https://doi.org/10.5194/egusphere-2023-879
Preprint. Discussion started: 17 May 2023
c© Author(s) 2023. CC BY 4.0 License.



21 
 

Kahn, B. H., Fishbein, E., Nasiri S. L., Eldering, A., Fetzer, E. J., Garay, M. J., and Lee, S.-Y.: The radiative consistency of 

Atmospheric Infrared Sounder and Moderate Resolution Imaging Spectroradiometer cloud retrievals, J. Geophys. Res., 112, 

D09201, doi:10.1029/2006JD007486, 2007. 

LeMarshall, J., Jung, J., Derber, J., Chahine, M., Treadon, R., Lord, S. J., Goldberg, M., Wolf, W., Liu, H. C., Joiner, J., et al.: 

Improving global analysis and forecasting with AIRS, Bull. Am. Meteorol. Soc., 87, 891–895, 2006. 645 

Leroy, S. S., Ao, C. O., and Verkhoglyadova, O. P.: Temperature trends and anomalies in modern satellite data: Infrared 

sounding and GPS radio occultation, Journal of Geophysical Research:  Atmospheres, 123, https://doi.org/10.1029/ 

2018JD028990, 2018. 

Li, Y., Baum, B. A., Heidinger, A. K., Menzel, W. P., and Weisz, E.: Improvement in cloud retrievals from VIIRS through the 

use of infrared absorption channels constructed from VIIRS+CrIS data fusion, Atmos. Meas. Tech., 13, 4035–4049, 650 

https://doi.org/10.5194/amt-13-4035-2020, 2020. 

Liu Q. et al.: Community radiative transfer model for radiance assimilation and applications, in: Proceedings of IEEE 

International Geoscience and Remote Sensing Symposium, Munich, Germany, 22-27 July 2012, 3700-3703, https://doi.org 

/10.1109/IGARSS.2012.6350612, 2012. 

Liu Q., Weng F., and English S. J.: An Improved Fast Microwave Water Emissivity Model, IEEE Transactions on Geoscience 655 

and Remote Sensing, 49, 1238-1250, doi:10.1109/TGRS.2010. 2064779, 2011. 

Liu, R., Su, H., Liou, K.-N., Jiang, J. H., Gu, Y., Liu, S. C. & Shiu, C.-J.: An assessment of tropospheric water vapor feedback 

using radiative kernels, Journal of Geophysical Research: Atmospheres, 123, 1499-1509, https://doi.org/10. 

1002/2017JD027512, 2018. 

Liu, X., Smith W. L., Zhou D. K., and Larar A.: Principal component-based radiative transfer model for hyperspectral sensors: 660 

theoretical concept, Appl. Opt. 45, 201-209, https://doi.org/10. 1364/AO.45.000201, 2006. 

Liu, X., Zhou D. K., Larar A., Smith W. L., and Mango S. A.: Case‐study of a principal‐component‐based radiative transfer 

forward model and retrieval algorithm using EAQUATE data, Q. J. R. Meteorol. Soc. 133, 243–256, 

https://doi.org/10.1002/qj.156, 2007. 

Liu, X., Zhou D. K., Larar A. M., Smith W. L., Schluessel P., Newman S. M., Taylor J. P., and Wu W.: Retrieval of atmospheric 665 

profiles and cloud properties from IASI spectra using super-channels, Atmos. Chem. Phys. 9, 9121–9142, 

https://doi.org/10.5194/acp-9-9121-2009, 2009. 

Liu, X., Wu, W., Wielicki, B. A., Yang, Q., Kizer, S. H., Huang, X., Chen, X., Kato, S., Shea, Y. L., and Mlynczak, M. G.: 

Spectrally Dependent CLARREO Infrared Spectrometer Calibration Requirement for Climate Change Detection, Journal of 

Climate, 30(11), 3979-3998, 2017. 670 

Masuda, K., Takashima, T., Takayama, Y.: Emissivity of pure water and sea waters for the sea surface in the infrared window 

regions, Remote Sensing of Environment, 24, 313-329, 1988. 

https://doi.org/10.5194/egusphere-2023-879
Preprint. Discussion started: 17 May 2023
c© Author(s) 2023. CC BY 4.0 License.



22 
 

McCoy, D. T., Field, P. R., Elsaesser, G. S., Bodas-Salcedo, A., Kahn, B. H., Zelinka, M. D., et al.: Cloud feedbacks in 

extratropical cyclones: insight from long-term satellite data and high-resolution global simulations, Atmospheric Chemistry 

and Physics, 19(2), 1147-1172. https://doi.org/10.5194/acp-19-1147-2019, 2019 675 

Meerdink, S. K., Hook, S. J., Roberts, D. A., and Abbott, E. A.: The ECOSTRESS spectral library version 1.0. Remote Sensing 

of Environment, 230, 1–8, 2019. 

Nalli, N. R., Minnett, P. J., and Van Delst P.: Emissivity and reflection model for calculating unpolarized isotropic water 

surface-leaving radiance in the infrared. I: Theoretical development and calculations, Appl. Opt., 47, 3701-3721, 

https://doi.org/10.1364/ao.47.003701, 2008a. 680 

Nalli, N. R, Minnett, P. J, Maddy E., McMillan W. W., Goldberg M. D.: Emissivity and reflection model for calculating 

unpolarized isotropic water surface-leaving radiance in the infrared. 2: validation using Fourier transform spectrometers. Appl. 

Opt., 47, 4649-4671, https://doi.org/10.1364/ao.47.00464, 2008b. 

Nalli, N. R., Tan, C., Warner, J., Divakarla, M., Gambacorta, A., Wilson, M., Zhu, T., Wang, T., Wei, Z., Pryor, K., Kalluri, 

S., Zhou, L., Sweeney, C., Baier, B. C., McKain, K., Wunch, D., Deutscher, N. M., Hase, F., Iraci, L. T., Kivi, R., Morino, I., 685 

Notholt, J., Ohyama, H., Pollard, D. F., Té, Y., Velazco, V. A., Warneke, T., Sussmann, R., Rettinger, M.: Validation of 

Carbon Trace Gas profile retrievals from the NOAA-Unique Combined Atmospheric Processing System for the cross-track 

infrared sounder. Remote Sens., 12, 3245, https://doi.org/10.3390/rs12193245, 2020. 

Nasiri, S. L., Dang, H. V. T., Kahn, B. H., Fetzer, E. J., Manning, E. M., Schreier, M. M., and Frey, R. A.: Comparing MODIS 

and AIRS Infrared-Based Cloud Retrievals. Journal of Applied Meteorology and Climatology, 50(5), 1057–1072, 690 

http://www.jstor.org/stable/26174076, 2011. 

Perrett, J. A., Wright, C. J., Hindley, N. P., Hoffmann, L., Mitchell, N. J., Preusse, P., et al.: Determining gravity wave sources 

and propagation in the Southern Hemisphere by ray-tracing AIRS measurements, Geophysical Research Letters, 48, 

e2020GL088621, https://doi.org/10.1029/2020GL088621, 2021 

Platnick, S., et al.: VIIRS Atmosphere L2 Cloud Properties Product. Version-1. NASA Level-1 and Atmosphere Archive & 695 

Distribution System (LAADS) Distributed Active Archive Center (DAAC), Goddard Space Flight Center, USA: 

http://dx.doi.org/10.5067/VIIRS/CLDPROP_L2_ VIIRS_SNPP.001, 2017. 

Rodgers, C. D.: Characterization and error analysis of profiles retrieved from remote sounding measurements, Journal of 

Geophysical Research, 95, 5587-5595, 1990. 

Ribeiro, I. O., Andreoli R. V., Kayano M. T., De Sousa T. R., Medeiros A. S., Guimaraes P. C., Barbosa C. G. G., Godoi R. 700 

H. M., Martin S. T., and De Souza R. A. F.: Impact of the biomass burning on methane variability during dry years in the 

Amazon measured from an aircraft and the AIRS sensor, Sci. Total Environ., 624, 509-516, 

https://dx.doi.org/10.1016/j.scitotenv.2017.12.147, 2018. 

Sato, K., Tsuchiya, C., Alexander, M. J., and Hoffmann, L.: Climatology and ENSO-related interannual variability of gravity 

waves in the southern hemisphere subtropical stratosphere revealed by high-resolution AIRS observations, J. Geophys. Res.-705 

Atmos., 121, 7622–7640, https://doi.org/10.1002/2015JD024462, 2016. 

https://doi.org/10.5194/egusphere-2023-879
Preprint. Discussion started: 17 May 2023
c© Author(s) 2023. CC BY 4.0 License.



23 
 

Schulte, R. M., and Kummerow, C. D.: An Optimal Estimation Retrieval Algorithm for Microwave Humidity Sounding 

Channels with Minimal Scan Position Bias, Journal of Atmospheric and Oceanic Technology, 36(3), 409-425, 

https://doi.org/10.1175/JTECH-D-18-0133.1, 2019. 

Smith, N., Barnet, C. D.: Uncertainty Characterization and Propagation in the Community Long-Term Infrared Microwave 710 

Combined Atmospheric Product System (CLIMCAPS), Remote Sens., 11, 1227, https://doi.org/10.3390/rs11101227, 2019. 

Smith, W. L., Sr., Weisz, E., Kireev, S. V., Zhou, D. K., Li, Z., & Borbas, E. E.: Dual-Regression Retrieval Algorithm for 

Real-Time Processing of Satellite Ultraspectral Radiances, Journal of Applied Meteorology and Climatology, 51(8), 1455-

1476, 2012. 

Smith, N. and Barnet, C. D.: CLIMCAPS observing capability for temperature, moisture, and trace gases from AIRS/AMSU 715 

and CrIS/ATMS, Atmos. Meas. Tech., 13, 4437–4459, https://doi.org/10.5194/amt-13-4437-2020, 2020. 

Stamnes, K., Tsay, S.-C., Wiscombe, W., Jayaweera, K.: Numerically stable algorithm for discrete-ordinate-method radiative 

transfer in multiple scattering and emitting media, App. Opt., 27, 2502–2509, https://doi.org/10.1364/AO.27.002502, 1988. 

Strow, L. L., Hepplewhite, C., Motteler, H., Buczkowski, S., DeSouza-Machado, S.: A Climate Hyperspectral Infrared 

Radiance Product (CHIRP) Combining the AIRS and CrIS Satellite Sounding Record, Remote Sens., 13, 418, 720 

https://doi.org/10.3390/rs13030418, 2021. 

Susskind J. and Blaisdell J.: CrIS CHART Retrieval Algorithm ATBD, NASA GFSC, https://docserver. 

gesdisc.eosdis.nasa.gov/public/project/SNPP/SNPP_limited_edition/SNPP.CrIMSS.CHART_V1.ATBD.pdf, 2017. 

Walther, A. and Heidinger, A. K.: Implementation of the Daytime Cloud Optical and Microphysical Properties Algorithm 

(DCOMP) in PATMOS-x, J. Appl. Meteorol. Clim., 51, 1371– 1390, https://doi.org/10.1175/JAMC-D-11-0108.1, 2012 725 

Wang T., Roman J., Yue Q., and Sun W.: Test Report of Performance of CLIMCAPS-SNPP and CLIMCAPS-JPSS1 

Retrievals, https://docserver.gesdisc.eosdis.nasa.gov/public/project/Sounder /CLIMCAPS.V2.Test.Report.pdf, Jet Propulsion 

Lab, 2020. 

Warner, J. X., Dickerson, R. R., Wei, Z., Strow, L. L., Wang Y., and Liang, Q.: Increased atmospheric ammonia over the 

world's major agricultural areas detected from space, Geophys. Res. Lett., 44, https://doi.org/10.1002/2016GL072305, 2017. 730 

Wei, J. C., Pan, L. L., Maddy, E., Pittman, J. V., Divarkarla, M., Xiong, X., and Barnet, C.: Ozone Profile Retrieval from an 

Advanced Infrared Sounder: Experiments with Tropopause-Based Climatology and Optimal Estimation Approach, Journal of 

Atmospheric and Oceanic Technology, 27(7), 1123-1139, 2010.  

Wilheit, T. T.: A Model for the Microwave Emissivity of the Ocean's Surface as a Function of Wind Speed, IEEE Transactions 

on Geoscience Electronics, 17, 244-249, doi: 10.1109/TGE.1979. 294653, 1979. 735 

Wu, W., Liu X., Zhou D. K., Larar, A. M., Yang Q., Kizer S. H., Liu, Q.: The Application of PCRTM Physical Retrieval 

Methodology for IASI Cloudy Scene Analysis, IEEE Transactions on Geoscience and Remote Sensing, PP, 1-15, 

https://doi.org/10.1109/TGRS. 2017.2702006, 2017. 

Wu, W., Liu, X., Yang, Q., Zhou, D.K. and Larar, A. M.: Radiometrically Consistent Climate Fingerprinting Using CrIS and 

AIRS Hyperspectral Observations, Remote Sensing, 12(8), 1291, https://doi.org/10.3390/rs12081291, 2020. 740 

https://doi.org/10.5194/egusphere-2023-879
Preprint. Discussion started: 17 May 2023
c© Author(s) 2023. CC BY 4.0 License.



24 
 

 

Wu, W., Liu, X., Yang, Q., Zhou, D. K., Larar, A., Zhao, M., and Zhou, L., All Sky Single Field of View Retrieval System for 

Hyperspectral Sounding, in: Proceedings of 2019 IEEE International Geoscience and Remote Sensing Symposium, 28 July- 2 

August 2019, Yokohama, Japan, https://doi.org/ 10.1109/IGARSS.2019.8898307, 7560-7563, 2019. 

Xiong, X., Liu, X., Wu, W., Knowland, K. E., Yang, Q., Welsh, J. and Zhou, D. K.: Satellite observation of stratospheric 745 

intrusions and ozone transport using CrIS on SNPP. Atmospheric Environment, 273,118956, 2022A. 

Xiong, X., Liu, X., Wu, W., Knowland, K. E., Yang, F., Yang, Q. and Zhou, D. K.: Impact of Stratosphere on Cold Air 

Outbreak: Observed Evidence by CrIS on SNPP and Its Comparison with Models. Atmosphere, 13(6), 876, 2022B. 

Xiong, X., Liu, X., Wu, W., Yang Q., and Zhou, D. K.: Observtion of Carbon Monoxide and Ozone From 2019–2020 Australia 

Fires Using Thermal Infrared and Near-Infrared Satellite Sensors, in: Proceedings of 2022 IEEE International Geoscience and 750 

Remote Sensing Symposium, 6502-6505, 17-22 July 2022, Kuala Lumpur, Malaysia, doi: 10.1109/IGARSS46834.2022. 

9884471, 2022C. 

Yang, K. and Liu, X.: Ozone profile climatology for remote sensing retrieval algorithms, Atmos. Meas. Tech., 12, 4745–4778, 

https://doi.org/10.5194/amt-12-4745-2019, 2019. 

Yue Q., Lambrigtsen B., and et al.: AIRS Version 7 Level 2 Performance Test and Validation Report, 755 

https://docserver.gesdisc.eosdis.nasa.gov/public/project/AIRS/V7_L2_Performance_Test _and_Validation_report.pdf, Jet 

Propulsion Lab, 2020. 

Yue, Q., Fetzer E. J., Wang L., Kahn B. H., Smith N., Blaisdell J., Meyer K. G., Schreier M., Lambrigsten B., and Tkatcheva 

I.: Evaluating the Consistency and Continuity of Pixel-Scale Cloud Property Data Records From Aqua and SNPP, Atmospheric 

Measurement Techniques, https://doi.org/10.5194/amt-15-2, 2022. 760 

Zhou, D. K., Smith, W. L., Sr., Liu, X., Larar, A. M., Mango, S. A.: Tropospheric CO observed with the NAST-I retrieval 

methodology, analyses, and first results, Appl. Opt. 44, 3032-3044, https://doi.org/10.1364/AO.44.003032, 2005. 

Zhou, D. K., Smith, W. L., Sr., Liu, X., Larar, A. M., Mango, S. A., and Huang, H.: Physically Retrieving Cloud and 

Thermodynamic Parameters from Ultraspectral IR Measurements, Journal of the Atmospheric Sciences, 64(3), 969-982, 

https://doi.org/10.1175/JAS3877.1, 2007. 765 

Zhou, D. K., Smith, W. L., Sr., Larar, A., Liu, X., Taylor J. P., Schlüssel P., Strow L., and Mango S. A.: All weather IASI 

single field-of-view retrievals: case study – validation with JAIVEx data, Atmos. Chem. Phys., 9, 2241-2255, 

https:/doi.org/10.5194/acp-9-2241-2009, 2009. 

Zhou, D. K., Larar, A. M., Liu, X., Smith, W. L., Strow, L. L., Yang, P., ... and Calbet, X.: Global land surface emissivity 

retrieved from satellite ultraspectral IR measurements, IEEE Transactions on Geoscience and Remote Sensing, 49(4), 1277-770 

1290, https:/doi.org/10.1109/TGRS. 2010.2051036, 2010. 

Zhou, Y. and Grassotti, C.: Development of a Machine Learning-Based Radiometric Bias Correction for NOAA’s Microwave 

Integrated Retrieval System (MiRS), Remote Sens., 12, 3160, https://doi.org/10.3390/rs12193160, 2020. 

https://doi.org/10.5194/egusphere-2023-879
Preprint. Discussion started: 17 May 2023
c© Author(s) 2023. CC BY 4.0 License.



25 
 

Zhu, Y., Derber, J., Collard, A., Dee, D. P., Treadon, R., Gayno, G., Jung, J. A.: Enhanced radiance bias correction in the 

National Centers for Environmental Prediction’s Gridpoint Statistical Interpolation data assimilation system, Q. J. R. Meteorol. 775 

Soc., 140, 1479–1492,  https://doi.org/10.1002/qj.2233, 2014.  

 

 

 
 780 

 

 

 

 

Figure 1 Climatological background used for temperature and water vapor retrievals (dash curves) in the SiFSAP algorithm. The 
final retrieval results (sample retrieved profiles presented as solid curves) can be very different from the background values. 
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Figure 2 IR sounder radiances fitted by SiFSAP. Left: IASI; Middle: CrIS; Right: AIRS.  The radiance fitting residues (blue curves 
in lower subplots) are compared with the instrumental random noise (with the magnitude being marked using yellow curves). 
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Figure 3 Flow diagram of the SiFSAP data processing scheme. 
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 790 

Figure 4 EOF representation errors of temperature and water vapor profiles. (a) and (c) the original temperature and water vapor 
profiles; (b) and (d) the mean and the RMS values for the difference between the original profiles and the profiles being represented 
using limited number of EOFs (20 EOFs are used for temperature profiles and 15 EOFs are used for water vapor). 

Figure 5 EOF representation errors of ozone profiles. (a) the original ozone profiles; (b) the mean and the RMS values for the 
difference between the original profiles and the profiles being represented using 10 EOFs. 
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Figure 7 The representation of nitrous oxide and methane profiles using sigmoid functions. 

Figure 6 EOF representation errors of carbon monoxide profiles. (a) the original ozone profiles; (b) the mean and the RMS 
values for the difference between the original profiles and the profiles being represented using 4 EOFs. 
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Table 1.  Geophysical parameters included in SiFSAP. 

 From IR+MW  

Synergistic retrieval 

From First Step MW only 

retrieval 
1Temperature Profile (K) Yes Yes 
1Water Vapor MMR profile (g/kg)  Yes Yes 
1CO2 VMR profile (ppmv) Yes  
1O3 VMR profile (ppmv) Yes  
1CH4 VMR profile (ppmv) Yes  
1CO VMR profile (ppmv) Yes  
1N2O VMR profile (ppmv) Yes  

Surface Skin Temperature (K) Yes Yes 
2IR Surface Emissivity Yes  
3MW Surface Emissivity Yes Yes 

Effective Cloud Top Pressure (hPa) Yes  

Cloud Particle Size (µm) Yes  

Cloud Optical Thickness  Yes  

Cloud phase (ice or water) Yes  

Liquid Water Content (g/m2) Yes Yes 
1 Atmospheric profiles are given at 98 pressure levels;  
2 IR surface emissivity at native mono-frequency bins defined by the PCRTM are provided. Number of frequency bins for 805 

different sounders are: AIRS - 500; IASI- 753; CrIS at full resolution - 540; CrIS at nominal resolution – 485; 
3 MW surface emissivity are given for each channel of MW sounders. 
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Table 2.  Number of EOFs used in SiFSAP to represent radiances and geophysical parameters. 

Hyperspectral IR Instruments Number of Channels Number of EOFs used 

AIRS 

LWIR   1262 50 

MWIR   602 35 

SWIR   514 40 

CrIS (NSR)  

LWIR   713 50 

MWIR   433 30 

SWIR   159 25 

CrIS (FSR)  

LWIR 713 50 

MWIR   863 40 

SWIR 865 30 

IASI 

LWIR   2260 50 

MWIR   3160 60 

SWIR   3041 80 

 

Geophysical Parameters Number of EOFs 

Temperature 20 

Water Vapor  15 

Carbon Dioxide 1 

Ozone 10 

Carbon Monoxide 4 

IR Surface Emissivity 8 

MW Surface Emissivity 5 

 820 
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Figure 8 Global mean bias (in BTs) predicted by the SiFSAP algorithm for ATMS measurements onboard of SNPP 
and NOAA20(JPSS-1) on April 30th, 2020. 
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Figure 9 Blue solid curves: histograms that illustrates the distribution of biases in different SNPP-ATMS channels for 
over the land measurements during April 30th, 2020 at the 52.725o scan position, being derived from the study discussed 
in Section 3.3 
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Figure 10 Blue curves: similar to Figure 9 but for histograms that illustrate the distributions of biases in different NOAA20-
ATMS channels for over the ocean measurements the 52.725o scan position.  Yellow dash curves: histograms of biases after 
the correction following the regression-prediction scheme. 
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Figure 11 Left column: Spectral fitting error covariances (normalized by diagonal elements) used for SNPP-CrIS SiFSAP 
algorithm; Right column: Corresponding magnitude of the spectral fitting uncertainty for each CrIS channels (quantified 
as differential temperature at 280 K); A – For over ocean ascending observations; B – For over land ascending observations; 
C – For over ocean descending observations; D – For over land descending observations. 
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Figure 12 Global scale daily mean spectral fitting bias achieved by SiFSAP for SNPP-CrIS observations on January 14, 2016. 
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Figure 13 Error statistics of global temperature and water vapor profiles retrieved from SNPP-CrIS/ATMS descending 
observations with respect to ECMWF for (a) over the ocean scenes and (b) over the land scenes. Solid lines: biases of temperature 
and water vapor profiles; dashed lines: RMS errors of the temperature and water vapor profiles. In addition to the bias and 
RMS values for all CrIS/ATMS descending measurements, the statistics for observations of under either clear sky or thin cloud 
(with cloud optical depth less than 1.0) are explicitly plotted to illustrate the impact of cloud on the retrieval accuracy of 
temperature and water vapor profiles at low altitudes.    
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Figure 14 Error statistics of global temperature and water vapor profiles retrieved from SNPP-CrIS/ATMS ascending 
observations with respect to ECMWF for (c) over the ocean scenes and (d) over the land scenes. 

800 1000 1200 1400 1600 1800 2000 2200 2400
0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

Em
is

si
vi

ty

Wavenumber (cm-1)

North African Desert
Australian Desert
North American land
Amazon Rainforest

Figure 15 Sample land emissivity spectra from SiFSAP of SNPP CrIS. 
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A B 

Figure 16 A1 and A2 – SiFSAP surface emissivity at 11 µm for January 14, 2016 and August 9, 2017, respectively; B1 and B2– MODIS 
surface emissivity at 11 µm for January, 2016 and August of 2017, respectively; C1 and C2 – MODIS monthly NDVI values for 
January, 2012016 and August of 2017, respectively; D1 and D2 – MODIS monthly snow coverage for January, 2016 and August of 
2017, respectively; The area with relatively thicker clouds single (cloud optical depth larger than 1.0) are filtered out in subplots A1 
and A2. 
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Figure 17 A and B are map plots of VMR (ppmv) of CO at 500 hPa from SNPP CrIS SiFSAP and SNPP CrIS CLIMCAPS for May 
12th, 2020, respectively; C shows the corresponding MOPITT CO VMR at 500hPa (during May 10-14, 2020, to ensure a global scale 
spatial coverage). Metop-B IASI FORLI CO VMR at 500 hPa is plotted in D. 
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Figure 18 O3 total column amount (DU) retrieved from satellite-based observations on September 20th, 2019 (A – SNPP/CrIS 
SiFSAP; B – SNPP/CrIS CLIMCAPS; C – SNNP-OMPS; D – Metop-B/IASI FORLI). 

D C 
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Figure 19 Cloud top temperature (K) for January 1st, 2016 from SNPP/CrIS SiFSAP (A) and that from SNPP/VIIRS cloud 
data products collocated to CrIS footprints (B). C is the corresponding scatter plot. 
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Figure 20 Effective brightness temperature (K) for January 1st, 2016 from SNPP/CrIS SiFSAP (A) and that from 
SNPP/VIIRS cloud data products collocated to CrIS footprints (B). C is the corresponding scatter plot. 
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Figure 21 Sample temperature averaging kernels from SNPP/CrIS SiFSAP;  A – averaging kernel under a clear sky 
condition; B – sum of averaging kernel rows at different pressure levels. C and D represent those under a cloudy sky 
condition. 
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Figure 22 Similar to Figure 21 but for water vapor retrievals. 

https://doi.org/10.5194/egusphere-2023-879
Preprint. Discussion started: 17 May 2023
c© Author(s) 2023. CC BY 4.0 License.



44 
 

 

-0.02 0 0.02 0.04 0.06 0.08 0.1

102

Pr
es

. (
hP

a)

N 60o - N 90o

0 0.5 1 1.5

100

102

-0.02 0 0.02 0.04 0.06 0.08 0.1

100

102

Pr
es

. (
hP

a)

N 30o - N 60o

0 0.5 1 1.5

100

102

-0.02 0 0.02 0.04 0.06 0.08 0.1

100

102

Pr
es

. (
hP

a)

S 30o - N 30o

0 0.5 1 1.5

100

102

-0.02 0 0.02 0.04 0.06 0.08 0.1

100

102

Pr
es

. (
hP

a)

S 60o - S 30o

0 0.5 1 1.5

100

102

-0.02 0 0.02 0.04 0.06 0.08 0.1

100

102

Pr
es

. (
hP

a)

S 90o - S 60o

0 0.5 1 1.5

100

102

Figure 23 Ozone averaging kernels of September 20th, 2019 from SiFSAP of SNPP CrIS for different latitudinal regions. 
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Figure 24 CO averaging kernels of May 12th, 2020 from SiFSAP of SNPP CrIS for different latitudinal regions. 
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