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ABSTRACT 

Radiance data obtained from NASA�s Advanced Infrared Sounder (AIRS) is used 

in an attempt to improve the mesoscale prediction of temperature and moisture using one- 

and four-dimensional variational data assimilation (1D/4D-Var).  The joint National 

Center for Atmospheric Research and Pennsylvania State University fifth-generation 

mesoscale model (MM5) along with the Stand-alone AIRS Radiative Transfer Algorithm 

(SARTA) is selected for this project.  This work aims to utilize AIRS �clear-channel� 

radiances to enhance the first-guess analysis regarding the temperature and moisture 

content as a precursor to improving short-term precipitation forecasts.   

The adjoint operator for SARTA has been derived and linked to the MM5 adjoint 

modeling system; a �clear-channel� identification scheme, which is compatible with 

SARTA, has been developed and verified; and a set of one-dimensional variational data 

assimilation (1D-Var) experiments have been done in order to determine the impact of 

AIRS channels on the vertical profiles of temperature and moisture.  Lastly, a preliminary 

4D-Var experiment is carried out to determine the impact of a limited number of clear-

channel AIRS radiances on the prediction of temperature and moisture.  An adjoint-

sensitivity based forecast verification technique is used to compare the 4D-Var forecast 

results to a control forecast.   
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1.0 INTRODUCTION 

  

Difficulties inherent with numerical weather prediction (NWP) are well known in 

the meteorological community.  One source of error is associated with the uncertainty in 

the initial conditions provided to a forecast model.  For any analysis, the exact state of the 

atmosphere can never be exactly ascertained.  This difficulty has led to the development 

of a number of data assimilation techniques which aim to reduce the impact of initial 

condition uncertainty to improve NWP.   

 One such method, the four-dimensional variational assimilation (4D-Var) 

technique, seeks to incorporate indirect observations directly into a forecast model 

(LeDimet and Talagrand 1986).  This method allows a model to utilize a wide range of 

observations that would have previously been of limited use.  One type of observation of 

specific interest is satellite radiance data obtained from atmospheric infrared sounders.  

Prior to use within a variational  framework, satellite radiances were utilized by NWP 

through the use of empirical regression algorithms that seek to retrieve atmospheric 

profiles of temperature, pressure, and moisture (Chahine et al. 2001).  Unfortunately, this 

method cannot fully account for the individual variation of the nonlinear interactions 

between radiances and the atmospheric state; therefore, the retrievals themselves are not 

providing an adequate depiction of the thermal variability of the atmosphere.  Instead of 

assimilating retrieval data from radiances, Erye et al. (1993) proposed a method to use 

radiances directly via the 3D-Var/4D-Var techniques.  The basis of this method allows 

the model to map conventional meteorological parameters into satellite radiance space 

using a radiative transfer (RT) model in order to calculate the misfit between the model 

and observations quantified by a scalar cost function.  The value of this cost function is 

then utilized, along with the adjoint of the forecast and RT models, within a minimization 

driver to find the optimal initial condition which incorporates information from the 

satellite observations (Derber and Wu 1998). 

 In this study, we aim to utilize infrared data from the Advanced Infrared Sounder 

(AIRS) to improve mesoscale model temperature and moisture fields in a variational 

framework.  In order to do this, a RT model has been selected and its corresponding 

adjoint has been developed and linked to the initialization system of a mesoscale model.  
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Also, infrared data is highly sensitive to cloud contamination.  This contamination must 

be dealt with prior to any assimilation attempt as the effect of clouds has a detrimental 

effect on 4D-Var results.  To do this, a cloud-contamination detection algorithm has been 

developed to identify those AIRS channels that are affected by clouds.  This algorithm 

also has the ability to identify and remove outliers in the radiance field�these outliers 

are defined as those observed (modeled) radiances that differ within some measure to the 

corresponding modeled (observed) radiance.  These outliers, caused by deficient model 

background state or improper estimate of surface emissivities in the RT model, can also 

lead to a failed minimization attempt.   

 An adjoint sensitivity study, which quantifies the sensitivity of each modeled 

radiance to the input variables of temperature and moisture, is also conducted.  This study 

provides a link between the observation space (i.e. radiance) to the model space (i.e. 

temperature and mixing ratio).  This link will be used extensively throughout this work, 

from diagnosing variational assimilation results, to the development of a model 

verification technique using in-direct observations as a measure of truth. 

 Finally, a set of variational data assimilation experiments is carried out to 

examine the impact of AIRS radiance observations on model temperature and moisture 

fields.  First, a set of one-dimensional variational experiments is done to examine the 

impact of AIRS data on the analysis of vertical profiles of temperature and moisture.  

Secondly, a four-dimensional variational experiment is carried out to investigate the 

potential impact of AIRS radiance observations on the forecast of temperature and 

moisture fields associated with a middle- and upper-level strong moisture gradient case. 

 In the following section, the AIRS observations will be introduced, along with an 

overview of the RT and mesoscale models selected, as well as the test case used for this 

study.  Section three will outline the variational data assimilation approach as well as 

overview the development of the adjoint RT model along with its test validation and it�s 

linking to the mesoscale model adjoint modeling system.  Section four describes the work 

on the development of the cloud-contamination identification and quality control 

algorithm used in this study.  Section five presents the adjoint sensitivity study, its 

comparison to conventional RT model weighting functions, and the development of a 

model verification technique using AIRS observations.  Section six details the variational 
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assimilation study, methodology, and results.  Section seven provides a summary of the 

work shown here as well as a discussion of the future work.  
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2.0 OVERVIEW OF AIRS OBSERVATIONS, RADIATIVE 

TRANSFER (RT) and FORECAST MODELS, and 

TEST CASE DESCRIPTION 

 

2.1 AIRS Observations 

AIRS, one of the many instruments carried onboard NASA�s AQUA satellite, is a 

hyperspectral infrared sounder capable of collecting 2378 thermal infrared radiance 

observations across a spectrum from 3.7 to 15.4 µm.  The cross-track swath dimension is 

1650 km.  The spatial resolution for AIRS is 13.5 km at nadir (Aumann et al. 2003).   

 AIRS Level 1B radiance data is available in Hierarchical Data Format (HDF) 

from the Goddard Earth Sciences Data and Information Services Center (GES DISC).  

AIRS data from each day is structured in 6-minute swath packages known as granules.  

Since the AQUA satellite is sun-synchronous, the data is available twice daily at the same 

local times each day, globally.  The Level 1B radiance data consists of calibrated 

radiances assigned to each wavenumber in the spectrum. The radiances are converted into 

BT here with the inverse of the Planck function. Noisy and/or popping channels (i.e. 

channels whose BT values �pop� to high values suddenly without any gradual transition) 

as specified by several onboard calibration tests (space view test, on-board calibration 

cool down test, etc.) are removed using the quality control package available with the 

AIRS radiance packages.  For further information regarding the AIRS instrument, see 

Pagano et al. (2003). 

 

2.2 The Radiative Transfer Model  

It was determined early in the development of the AIRS instrument that a 

computationally fast RT model would be needed to perform atmospheric retrievals using 

AIRS data.  Therefore, the AIRS fast model, or Stand-alone AIRS Radiative Transfer 

Algorithm (SARTA) was created to meet the needs specified by the AIRS team.  SARTA 

is an off-shoot of the OPTRAN model with specific alterations to accommodate the needs 

for an AIRS retrieval.  SARTA has been designed to be fast and accurate, capable of 
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calculating radiance values for 2 domain points each second (Strow et al. 2003), with 

errors near that of the AIRS instrument itself (about 0.2 K at 250 K) (Strow et al. 2003). 

 In this section, the SARTA radiative transfer equation is introduced along with a 

brief discussion of the key features that make the model computationally fast. 

 

2.2.1 SARTA Radiative Transfer Equation 

To make SARTA computational fast, Strow et al. (2003) designed the RT model 

to compute simulated AIRS radiances generated from convolved transmittances (rather 

than convolved monochromatic radiances).  To do this, Strow et al. (2003) had to design 

SARTA to compute radiance values using a set of fast transmittance coefficients which 

had already been calculated using a regression technique. 

 Strow et al. (2003) modeled the observed radiance viewed by the AIRS 

instrument for a specified channel, j, as the convolution of the monochromatic radiance, 

Rv , with the spectral response function (SRF) for a specified channel, I, such that: 

( )AIRS

i v iR R SRF v dv= ∫ ,                                                (1) 

where the spectral response functions are known for each channel.  Therefore, the value 

of Rv , the monochromatic radiance leaving the top of a non-scattering clear atmosphere, 

must be calculated.  To do this, Strow et al. (2003) specified the radiative transfer 

equation (RTE) to consider only the following radiance contributions:  surface emission, 

atmospheric emission, downwelling atmospheric emission reflected by surface, and 

reflected solar radiation.  The expression for Rv  therefore becomes: 

( ) ( ) ( ) ( ) ( )( )1

1

sl
i i i i

v v s s sat v l l sat l sat

l

R B T B Tε θ θ θ−
=

= ℑ + ℑ − ℑ∑                      

( ) ( ) ( ). . cos
i v i

refl th sun sun solar s effR H θ θ ρ θ+ + ℑ ,                                 (2)                                 

in which the integral in the RTE has been approximated by a summation of the 

contribution from each of the atmospheric layers.  In this equation, ls is the surface layer; 

Bv is the Planck function;  vε  is the emissivity at frequency v;  . .

i

refl thR  is the reflected 

down-welling radiation; H
v
 is the solar irradiance incident at the top of the atmosphere; 
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( )i

l θℑ  is the layer-to-space transmittance; solarρ  is the solar reflectance by the surface 

and;  satθ  and sunθ  are the satellite and solar zenith angles, respectively. 

 It is noted by Strow et al. (2003) that for a high resolution instrument, such as 

AIRS with its 2378 spectral channels, the value of the Planck function does not vary 

much over the spectral interval defined by the width of the channel.  Therefore, the 

Planck term in the above RTE can be considered a constant of the convolution integral.  

Therefore, the convolved monochromatic radiances can be replaced with radiances 

calculated using convolved transmittances along with the Planck function, which has 

been calculated at a single effective channel frequency.   

 The final version of the RTE used by SARTA involves effective layer-to-space 

transmittances, which are calculated from profile-dependent predictors and fast 

transmittance coefficients.  The fast transmittance coefficients have been previously 

calculated and are simply read-in by SARTA during the model integration; this procedure 

drastically reduces the computation time needed to run the model.  

 The calculation of the fast transmittance coefficients ahead of time is a key 

component to the speed and accuracy of SARTA.  The calculation of these coefficients is 

rather lengthy and involves a regression based approach.  The process is rather involved 

and has been simplified here for discussion.  Let us assume that the RTE only needs to 

vary water and ozone transmittances as a function of gas amount, satellite secant angle, 

and temperature.  These coefficients are calculated in the following manner.  First, the 

layer-to-space transmittances are defined as the convolved gas transmittances, 

( ) ( ),

i

g

l l i

v

v SRF dvθ τ θ
∆

ℑ = ∫ ,                                            (3) 

where g

lℑ  is the convolved gas transmittance and g denotes the gas type for our 

simplified example (where g=F for CO2, g=W for water vapor, and g=O for ozone).  

Now, Strow et al. (2003) point out that Beer�s law is not obeyed for convolved 

transmittances, thus the convolution of a product of terms is not equivalent to the product 

of each individually convolved term: 

( )FWO F W O

l l l l lℑ = ℑ ≠ ℑ ℑ ℑ .                                                (4) 
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It was desired to allow for variations in many absorbing gases in the RT model, but 

modeling each gas individually would be prohibitive.  Therefore, it was decided to 

choose model ratios of convolved transmittances so that the product of the individual 

component terms would produce the desired total transmittance.  Therefore, the 

individual convolved transmittances in our example would have to be expressed as such: 

,
FW

W eff l
l F

l

ℑ
ℑ =

ℑ
, and                                                 (5) 

( ),

FWO

l lO eff

l FW

l

ℑ ≡ ℑ
ℑ =

ℑ
.                                                   (6)                              

Using these equations, the true total convolved transmittances can be derived by 

multiplication: 

'
, ,

FW FWO
eff F W eff O eff F l l
l l l l l F FW

l l

ℑ ℑ
ℑ = ℑ ℑ ℑ = ℑ

ℑ ℑ
.                                    (7) 

Now that the total convolved layer-to-space transmittances have been found (using data 

from a set of training profiles), the next step is to find the effective layer optical depth.  

The effective layer transmittance for each layer can be calculated by dividing the 

effective layer-to-space transmittance for a particular layer by the value in the layer 

above.  The optical depth is simply the natural log of this ratio: 

,
,

,

1

ln
g eff

g eff l
l g eff

l

k
−

 ℑ
= −  

ℑ 
.                                                  (8) 

Once the effective optical depth has been found, the last step is to solve an equation of 

the form AX=B for each gas and layer.  Here A is a (m x n) matrix of predictors (which 

have been calculated based on the set of training profiles), X is a (n x 1) vector of 

coefficients, and B is a (m x 1) vector of effective optical depths.  For our case this 

equation is defined as such: 

, ,g eff g l

l j j

j

k C Q∑ .                                                       (9) 

Here, ,g l

jC  define the set of fast transmittance coefficients (solved for by a least-squares 

regression of the above equation), and jQ  define the predictors (which have been 
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calculated based on the set of training profiles).  The fast transmittance coefficients are 

saved in an input file to be used by SARTA during the model integration. 

 SARTA solves the following equation to calculate the effective layer-to-space 

transmittances, which are then used to solve the RTE itself: 

,

1

l
eff g l

l j j

g l

C Y
=

ℑ = ∑∏∏                                                 (10) 

where ,g l

jC  are the fast transmittance coefficients and jY  is a set of predictors calculated 

by a subroutine in SARTA and are based on gas type and are profile-dependent.   

 Another term in the RTE that is parameterized is the reflected downwelling 

thermal radiance term.  The source of this radiance is from atmospheric thermal emission 

that is reflected back into space by the surface.  This reflected downwelling radiance can 

be modeled as the following if azmuthal symmetry is assumed: 

( ) ( ) ( ) ( ). . , , 1

1

, 1 , ,
sl

refl th th l sat v l l d l l d l

l

R v B T v vπρ τ θ τ θ τ θ +
=

 = −    ∑                  (11) 

Here, the integral has been replaced by assuming a single angle that best represents the 

integral.  This is called the diffusivity approximation where ,d lθ  is the diffusivity angle 

for layer l.  Strow et al. note that this equation uses previously uncalculated layer-to-

surface transmittance terms.  To solve this portion of the RTE as defined above would be 

too costly; especially when considering that this term contributes only a small amount to 

the total radiance calculated by the RTE.  Therefore, Strow et al. (2003) took advantage 

of a modeling technique suggested by Kornfield and Susskind (1977) where the 

downwelling radiance is assumed to be emission from a single atmospheric layer with 

temperature Ti.  This is a good approximation since most of the downwelling radiance 

comes from the lowest portions of the atmosphere.  The equation for the reflected 

downwelling thermal radiance then becomes: 

( ) ( ) ( )( ), . . 1
eff i i i

i refl th th s sat i s satR B T Fπρ θ θ= ℑ − ℑ .                             (12) 

Note that this form of the reflected downwelling radiance term uses the previously 

calculated layer-to-space transmittance.  Also, this equation includes a correction term 

(F
i
) which has been calculated using a regression technique over a statistical set of 

atmospheric profiles.  This form allows SARTA to calculate this term very quickly, but 



 9

the approximation is relatively crude.  According to Strow et al. (2003) the RMS errors 

for this term are estimated to be 15 to 20%.  This error has been deemed acceptable, 

however, due to the fact that the radiance contribution from this source to the overall 

radiance is small. 

 The final form of the SARTA radiative transfer equation, with the parameterized 

transmittance terms and downwelling radiance term, appears as such: 

( ) ( )( )1

1

sl
i eff eff eff

v v s s v l l l

l

R B T B Tε −
=

= ℑ + ℑ − ℑ∑ ( ), . .

eff v eff

i refl th sun solar sR H θ ρ+ + ℑ ,         (13)                              

where ( )v

sunH θ  is the solar irradiance incident at the top of the atmosphere and solarρ  is 

the solar reflectance by the surface.   

The SARTA package includes an additional program suite, known as kLAYERS, 

to interpolate input data from N model levels to 100 layers needed by SARTA.  

kLAYERS uses linear interpolation (on log-P levels) to convert input profile data to 101 

levels from the surface to 0.0050 hPa.  kLAYERS then converts atmospheric profiles at 

discreet point levels onto 100 fixed integrated slab layers used in SARTA.  For those 

layers that are above the top of the input data (in our case above 50 hPa), kLAYERS 

merges a reference profile (based on the latitude and time-of-year of the input profile) to 

fill-in for missing data.   

The surface emissivity and reflectivity values are fed into SARTA from a set of 

reference points (obtained from the AIRS observation file).  These reference emissivity 

and reflectivity values are interpolated (or extrapolated) onto the AIRS channel 

wavelengths.  Interpolations are linear in wavelength.   

 

2.3 The Selected Test Case and Mesoscale Model 

The test case involves a strong middle and upper level moisture gradient 

associated with a cold front over the southeastern United States on 11 July, 2003.  This 

case was selected due to its simplicity as there is minimal cloudiness and no large-scale 

precipitation over the southeastern U.S. during this time.  Figure 1 shows a GOES-12 

mid-level water vapor image at 1200 UTC 11 July, 2003.  The mid-level moisture 

gradient is visible within the region of interest (over the southeastern U.S.). 
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The Pennsylvania State�National Center for Atmospheric Research Fifth-

Generation Mesoscale Model (MM5 version 3) is used here (Dudhia, 1993).  The 36-hr 

forecast, initialized at 0000 UTC 11 July, 2003, has a domain centered over St. Louis, 

MO with a grid size of 150x150x35, a horizontal resolution of 20 km, and a model top at 

50 hPa (figure 2).  The Grell cumulus convective scheme (Grell et al. 1995) and 

Blackadar planetary boundary layer (Blackadar, 1979) are used in this forecast.  The size 

of the forecast domain is large enough to cover the southeastern U.S. (the region of 

interest) while also overlapping with a majority of AIRS pixels from two different swath 

times at 0747 UTC 11 July (AIRS granule 078) and 1847 UTC 11 July (AIRS granule 

188).  Granule 078 is a local nighttime period, and the 8-hr forecast is used for input to 

SARTA; granule 188 is a local daytime period, and the 19-hr forecast is used as input to 

SARTA.  AIRS data from granule 078 and MM5/SARTA data from the 8-hr forecast will 

be referred to as T1; AIRS data from granule 188 and MM5/SARTA data from the 19-hr 

forecast will be referred to as T2.  The spatial coverage of both swaths is shown in Figure 

2. 
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3.0 VARIATIONAL ASSIMILATION and ADJOINT RT 

MODEL DEVELOPMENT 

 

3.1 Variational Assimilation of Satellite Data 

The variational assimilation scheme, first proposed by Le Dimet and Talagrand 

(1986) and first utilized by Eyre et al. (1993), to directly include satellite observed 

radiances into a numerical model minimizes the value of a scalar cost function 

( ) ( )( ) ( )( ) ( ) ( )1 11 1

2 2

T T
obs obs b bJ H H− −= − − + − −x x y R x y x x B x x ,           (14) 

where x is a state vector comprised of atmospheric and surface variables; x
b
 is a 

background vector composed of values taken from a previous forecast; y
obs 

is the 

observation vector (in this case the radiance values obtained from AIRS); H is the 

observation operator (in this case H is the RT model which computes simulated radiance 

values using the input values provided by x); and the R and B terms are the 

model/observation and background estimated error covariance matrices, respectively.  

The R matrix is the sum of the estimated observational error covariance matrix (O) and 

the estimated error covariance of the RT model (F). 

 In order for the variational method to find the best estimate of x which minimizes 

the value of the cost function, J(x), the gradient of the cost function is needed.  The 

gradient of the cost function can be obtained by differentiating equation 1 with respect to 

x: 

( ) ( )( ) ( )1 1T obs b
J H

− −∇ = − + −x H R x y B x x ,                               (15) 

where 

( )H∂
=

∂

x
H

x
,                                                          (16) 

is the tangent linear operator of the RT model. 

 In order to obtain the gradient, ( )J∇ x , the tangent linear operator H and the 

adjoint operator H
T
 must be calculated.  Previous studies (Eyre et al. 1993; and Aonashi 

and Liu 1999) used a simple �perturbation method� to try to approximate the gradient 

values.  This type of approach is possible because the calculation of radiances is a one-
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dimensional problem whereby the radiance value at any specified grid point depends 

solely upon the atmospheric temperature, perturbation pressure, and mixing ratio profiles 

(along with surface conditions) at that point.  This method, however, is computationally 

expensive; especially for the radiance data produced by the RT model with spectral and 

vertical resolutions of 2378 channels and 100 layers, respectively.  An adjoint RT model-

produced gradient calculation is clearly a far more efficient method, requiring only two 

model integrations (one forward model run and one adjoint model run) to calculate the 

gradient with respect to all the input parameters. 

 The cost function calculation and gradient formulation is generally identical for 4 

and 3D-Var schemes, and nearly equivalent for 1D-Var except that the dimensions of the 

problem are reduced from a three-dimensional field to a one-dimensional field.  In this 

instance the input vector x is a single profile of temperature and moisture and the 

background covariance is defined in the vertical dimension only.  This will be discussed 

in further detail in chapter six. 

 

3.2 Adjoint Development of RT Model  

In order to assimilate AIRS radiances using the variational method, it is not only 

necessary to obtain an observation operator, but the tangent linear and adjoint models are 

also required.  These models are constructed at the coding level from the original RT 

model.  In the actual process of deriving these models, the tangent linear RT model is 

formulated by taking the first order Taylor expansion around the non-linear RT model�s 

solution, then the adjoint of the RT model is found by taking the transpose of the tangent 

linear model.   

The following discussion details the theoretical development of these two models, 

along with examples of their error checks and finally a gradient check. 

 

3.2.1 Tangent Linear Operator 

The RT model, like most numerical models, is nonlinear in its design.  In order to 

formulate the eventual adjoint model (ADJ), the nonlinear (NL) model must be linearized 

around its basic state; this is the tangent linear (TGL) model.  The nonlinear RT model 

can be expressed as the following: 
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( )R H= x ,                                                          (17) 

where H is the operator, x is the state vector, and R is the model output (in the case of the 

RT model, R is the radiance at a channel frequency).  The TGL-RT model is written as 

( )Rδ δ= H x x ,                                                      (18) 

where 
H∂

=
∂

H
x

 is the TGL-RT model, δ x  is the perturbation to the state vector, and Rδ  

is the perturbed radiance value.  To linearize the RT model, (17) must be realized by 

differentiating the corresponding computer code, line by line, with respect to the input 

variables.  This can be expressed as the following 

( )1 2, ,..., my f x x x= ,                                               (19) 

where 1 2, ,..., mx x x  are input variables, f is a differentiable function, and y is a single 

output variable.  Using the chain rule of differentiation gives the following 

1 2

1 2

... m

m

f f f
y x x x

x x x
δ δ δ δ

∂ ∂ ∂
= + + +

∂ ∂ ∂
,                                 (20) 

where 1 2 3, ,x x xδ δ δ  are the tangent linear variables.   

 In order to check the validity, or correctness, of the TGL code, the first order 

Taylor expansion of the model is used. 

( ) ( ) ( ) ( )2
H H Oαδ α δ α+ = + +x x x H x x .                           (21) 

From this, an equation can be found to check the accuracy of the TGL code (which is 

vital before formulating the ADJ-RT model).  This equation takes the following form, 

( )
( ) ( )

( )
( )1

H H
F O

αδ
α α

α δ

+ −
= = +

x x x

H x x
.                          (22) 

In order to use this check, the RT model must be run twice, once with the unperturbed 

input vector, and once with a perturbed input vector (where the perturbation is multiplied 

by the α term).  Then, the absolute value of the difference in a single output variable is 

computed and divided by the output of that same variable from the TGL-RT model 

multiplied by the α term.  As α approaches zero, ( )F α  should approach a unit value.  

However, due to round off errors present with the computer�s limitations, ( )F α  will 

approach a value of 1 with increasing accuracy as α approaches zero, but eventually the 
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solution will exhibit decreasing accuracy as α becomes smaller than the machine�s 

accuracy.  This equation should be used to be varified for all possible input values of the 

control variable x.  Table 1 displays the results of the TGL-RT model correctness check 

using (22). 

 

3.2.2 Adjoint Operator 

As discussed earlier, the adjoint model is an excellent tool to calculate the 

gradient value of a model�s output with respect to its input parameters.  The adjoint 

model itself is an extension of the �adjoint� term used in linear algebra.  A linear 

operator, L
*
, is said to be the adjoint of L if for all x and all y in linear space 

*
, ,L L=y x y x ,                                                  (23) 

is satisfied, where < > represents an inner product.  In Euclidean real number space, 

* T
L L= .  However, the ADJ-RT model is derived from the TGL-RT model which may 

contain calculations involving complex numbers.  Therefore, it is sometimes necessary to 

compute the complex conjugate from the complex elements of L, and then the transpose 

operation can be performed.   

 The adjoint model can be expressed as the following, 

( )* * *Rδ δ=x H x ,                                                 (24) 

where 
*

H  is the adjoint operator which acts on the forcing term *Rδ  in order to produce 

the adjoint control variable *δ x .  This is equal to the gradient of R with respect to the 

input variable x, which contains values such as atmospheric temperature, perturbation 

pressure, mixing ratio, and ground temperature.   

 The computer code for the ADJ-RT model is developed by finding the complex 

conjugate and the transpose of the TGL-RT model.  To do this, the output variable of 

radiance becomes the input variable and the sequence of code operations is reversed for 

the adjoint variables; in other words, the last calculation occurs first and vice versa.  

However, the basic state (which is needed by the ADJ-RT model) must be calculated as 

in the TGL-RT model and in the same sequence.   

 If the adjoint code is correct, then the following equation will be satisfied, 

( )( ) ( )( ) ( ) ( )( )( )
T T Tδ δ δ δ=H x x H x x x H x H x x .                      (25) 
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The left hand side of  (25) is the dot product of the solution to the TGL-RT model with 

itself.  On the right hand side, the original input to the TGL-RT model is dotted with the 

solution to the ADJ-RT model (which uses the output of the TGL-RT model as its input).  

This correctness check, unlike the TGL model check, does not need to be applied to each 

individual portion of the ADJ-RT model, only the full model.  This is because if the 

adjoint code is correct then each section of the code is also correct and will satisfy (25).  

Furthermore, each side of (25) should agree to the precision of the computer, which is 

commonly 13 digits.  Table 2 displays the results of the ADJ-RT model correctness check 

using (25). 

 

3.3 Adjoint Gradient Check 

The tangent linear and adjoint correctness checks alone are not enough to confirm 

the validity of the code for use within the MM5 4D-Var Adjoint Modeling System 

(MM5-AMS).  This is because the tangent linear correctness check is designed to verify 

the TGL-RT model code against the NL version of the model, and the adjoint check is 

designed to verify the ADJ model against the TGL model.  These checks do nothing, 

however, to verify the ADJ model against the NL model itself.  In addition to this, the 

adjoint model (as was the case with the ADJ-RT model) must be modified slightly to 

incorporate its code into the MM5-AMS.  In order to verify the adjoint model against the 

NL model and to check for inconsistencies with the MM5-AMS, a gradient check 

calculation must be done. 

In its application in 4D-Var assimilation, the adjoint of a particular model is 

responsible for calculating the gradient of a scalar parameter of a NL model forecast at a 

future time with respect to the initial conditions.  This relationship is given by (26), 

( )
( )0,T

r

r

J
J M t t

t

∂
∇ =

∂x
,                                             (26) 

where J∇ is the gradient; ( )0,T

rM t t  is the adjoint operator, and 
( )r

J

t

∂

∂x
 is the derivative 

of the cost function with respect to the NL model output vector x at time rt .  In order to 

verify the accuracy of the gradient calculation, the cost function is defined as a single 

radiance value at a specified channel and domain point.  The derivative of the cost 
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function, 
( )r

J

t

∂

∂x
, is then given a unit value for that same channel and zero for all other 

channels.  This vector is then operated upon by the ADJ model to produce the gradient 

values for each of the control variables.  Once the gradient has been obtained, the 

following equation is solved by the MM5-AMS,  

( ) ( )

0 0

0 0

,

pert

x x

f x x f x

J Jα

+ −

∇ ∇
.                                             (27) 

Where 
0pert xx Jα= ∇  and ( )

0x Jα α= ∇  is a step-function dependent upon the gradient.  

To validate the gradient produced by the ADJ model, the initial state of the NL model is 

perturbed by pertx  and is run forward in time.  Once complete, (27) is solved.  This 

process is repeated sixteen times and at each iteration the α  term is reduced by an order 

of magnitude.  The gradient is deemed valid if the solution of (27) linearly approaches 

unity with increasing accuracy as α  approaches zero with each iteration.  However, as 

with the tangent linear check, the value of (27) will eventually exhibit decreasing 

accuracy as α  becomes smaller than the machine�s accuracy.  This check involves one 

ADJ model integration and several NL model integrations with differing magnitudes of 

initial state perturbations that are controlled by the value of α . 

To test the validity of the combined MM5-AMS and ADJ-RT model, the 

aforementioned gradient check is run many times and over several different assimilation 

windows.  Table 3 displays the results of the one-hundred-twenty minute (120) 

assimilation window test.  

 The only adjoint operator used is the ADJ-RT model, therefore, for each test the 

cost function is given the radiance value of one channel at one domain point.  Several 

channels were chosen for this study to completely verify the accuracy of the gradient 

calculation, however, only the results for AIRS channel 309 (738.48 cm
1−
) are displayed 

here.   
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4.0 QUALITY CONTROL PROCEDURES AND CLOUD 

CONTAMINATED IR DATA IDENTIFICATION 

 

Among the many obstacles to successfully assimilating radiance data into an 

atmospheric model is the presence of clouds, whose effect is difficult to properly account 

for in radiative transfer modeling, which is required in the data assimilation and 

prediction model (Strow et. al. 2003; Derber and Wu, 1998). In fact, at AIRS finite 

spatial footprint resolution (~14 km at nadir) observations can be less than 5% absolutely 

not affected by clouds. In other words, about 95% of the AIRS infrared footprints are 

possibly contaminated by clouds.  

The presence of clouds in a satellite�s field of view (FOV) may contaminate the 

radiance data such that valuable atmospheric information is not easily attainable.  Several 

techniques have been used at various research and operational centers to handle this 

problem.  One method involves a conservative approach of locating only clear FOV from 

which IR channels can be used.  This method uses threshold values for a cloud cost 

function and a longwave window channel�s observed-background differences to 

determine which pixels (i.e. domain points) are cloudy or clear (Collard, 2004).  Another 

method involves altering the cloud-contaminated radiance values such that the new 

values more closely approximate clear-sky radiances for the given pixel; this results in 

the co-called �cloud-cleared� radiances (Derber and Wu, 1998). One other method 

attempts to explicitly account for the clouds by using a cloudy RT model designed to 

handle cloudy atmospheric profiles (Greenwald et. al. 2002; Liou et. al. 2005; Chevallier, 

et. al. 2004).  This method, albeit promising, is still sometime away from being applied in 

an operational setting.   

The approach outlined here aims to utilize radiance observations obtained from 

the AIRS instrument to improve short-term, regional quantitative precipitation forecasts 

(QPFs).  Unfortunately, using only clear-sky pixels from the AIRS data is prohibitive as 

the number of clear-sky data points is extremely low.  It is desirable to identify clear 

channels (e.g., channels not affected by clouds) from cloudy FOV rather than simply 

using channels at only clear FOV.  
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Previous researchers have examined this problem in an attempt to utilize 

radiances from cloudy FOV.  Most notably, McNally and Watts (2003) developed an 

algorithm now used at the European Center for Median Weather Forecasts (ECMWF) for 

identifying clear channels from cloudy FOV.  Cloudy data are flagged based on the 

departure of AIRS observations from simulated clear-sky radiances. The departures of 

simulated clear-sky radiances across the AIRS spectrum at each domain point are ranked 

by the magnitudes of the departures (i.e., cloud sensitivity) determined dynamically at 

each sounding location and band split by primary absorbing gas (CO2 band, H2O band, 

etc.).  These ranked, band-split departures are filtered using a low-pass (boxcar) filter to 

remove the high-frequency noise caused by NWP background errors, RT model errors, 

and observational noise in order to isolate the cloud signal.  Once this is done, the 

algorithm then searches for the channels for which the departure itself is greater than a 

threshold value (>0.5) and the departure gradient is greater than a threshold value (>0.2).  

All channels for which the radiance departures and departure gradients are in excess of 

both threshold values are flagged cloudy, and the others are flagged clear. 

While shown to work well for most AIRS data, the algorithm had difficulty with 

near-surface channels as the error in the surface skin temperature is incorrectly flagged as 

a cloud signal.  It is determined that this method, while well established and accurate 

(Lavanant et. al. 2004), is not necessarily optimal for our purposes.  The reason for this is 

two fold:  first, there is a great need to include as many near-surface channels as possible 

for AIRS data assimilation in regional precipitation forecast applications.  More 

importantly, the ECMWF method requires the use of a RT model capable of handling the 

effects of scattering due to clouds.  The RT model selected for this work simulates the 

radiance of a non-scattering atmosphere, therefore it is necessary to use the alternate 

approach of clear channel identification outlined in this paper. 

In order to increase the usefulness of the AIRS data for mesoscale model 

forecasts, a simple and inexpensive algorithm is developed which would allow a larger 

number of AIRS data not cloud-contaminated to be used. This is done by identifying and 

utilizing all data obtained from cloudy pixels at those channels whose peak emission lie 

well above the cloud tops, thereby increasing the number of usable (i.e. cloud-free) pixels 

for radiances at specific AIRS channels.  The limited cloud-contaminated data removal 
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(LCCDR) algorithm (Carrier et al 2007) described herein does not, itself, detect cloud 

signals; rather, it uses a MODIS cloud mask to determine the physical location of clouds 

within the domain. The algorithm determines, for each channel at each pixel, the vertical 

atmospheric level at and above which the existence of an opaque cloud covering the FOV 

will contaminate the radiances. 

In the following discussion, the MODIS cloud mask and its application in 

identifying cloudy pixels in the AIRS data swaths is introduced.  The first step of the 

LCCDR algorithm which removes cloudy radiances based on the cloud-top pressure 

provided by MODIS and model derived weighting functions is also reviewed, as is the 

second step of the LCCDR algorithm, consisting of an outlier identification method 

employed to detect and remove residual cloud-contaminated data not captured by the first 

step.  The results of the LCCDR algorithm tests are presented, which show that the 

algorithm correctly identifies clear channels with identical characteristics of those clear-

sky channels.  Finally, the robustness of the algorithm is demonstrated that shows the 

algorithm can compensate for errors in either the MODIS cloud top pressure estimates or 

the calculation of the RT model�s weighting functions. 

 

4.1 MODIS Cloud Mask 

In order to identify cloudy data in the AIRS FOV, a cloud mask is needed which 

quantifies the cloud property of each of the 12150 AIRS pixels in a given granule.  To 

accomplish this, researchers at NASA�s GHCC have adapted the AQUA satellite�s 

Moderate Resolution Imaging Spectroradiometer (MODIS) cloud mask products for 

cloud identification and cloud height to be used for AIRS data swaths (Haines, et. al. 

2004; Ackerman, et. al. 2002).  MODIS has 36 spectral bands (21 within 0.4 to 3.0 µm; 

15 within 3.0 to 14.5 µm), with spatial resolutions of 250 m (bands 1-2); 500 m (bands 3-

7); and 1000 m (bands 8-36) (Barnes et. al. 1998). 

 The MODIS cloud mask (produced with the Earth Observing System science 

team�s institutional algorithm) is obtained from the DAAC for each AIRS time period 

used in this study.  The MODIS cloud mask (known as MOD35) is available at 1-km 

resolution over the AIRS swath for both day and night passes, since both instruments are 

carried onboard the AQUA satellite.  Although the quality of the MODIS cloud mask 
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varies between night and day and land and ocean over the southeastern U.S. (Haines et al. 

2004), its performance is generally quite good with greater than 80% of the cloud 

conditions being properly detected.  The MODIS cloud data is interpolated to the AIRS 

swath and used to determine the percent cloud cover for each AIRS FOV (on average 

about 225 MODIS points are used for each AIRS footprint).   

Additionally, the MODIS cloud top pressure (known as MOD06) levels are used 

to obtain a mean cloud top pressure for each AIRS pixel using the cloud mask 

information.  This approach provides three situational parameters for selection of clear-

sky AIRS pixels for each footprint:  1) a cloud/no cloud determination, 2) a varying 

threshold (0-100 percentage) which quantifies the percent of each AIRS pixel covered in 

clouds, and 3) a cloud top pressure field which estimates the average height of the cloud 

covering each AIRS pixel.  The first and simplest parameter leaves very few (can be as 

little as 5%) AIRS pixels from which to perform an analysis.  The second parameter is 

not desirable for this study, as the intention is to use clear-channel data.  The third 

parameter is used in the algorithm described in this paper to identify clear-channel data.  

This is done by adding those channels whose radiance atmospheric contribution are 

above the cloud top at each pixel, and thus whose radiance values are minimally affected 

by clouds.  This is possible because emission at each spectral channel comes from 

varying levels in the atmosphere.  For example, if a particular channel contains no 

emission from the lower atmosphere, then radiance measurement at this channel would 

not be contaminated by low-level stratus clouds.  Therefore, it would be useable as an 

additional clear-channel AIRS measurement, which would otherwise be deemed cloudy 

and discarded. 

 

4.2 The LCCDR Algorithm 

Utilizing MODIS cloud top pressure field to remove cloud-contaminated channels 

at each pixel is not as straightforward as using any channel whose peak weighting 

function height is above the cloud top.  The radiance at each channel is a combination of 

emission from several vertical levels near the peak weighting function height. The 

relative contribution of each layer can be quantified by examining the vertical profile of 
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the weighting function (WF), which is the pressure differential of the layer-to-space 

transmittance at each vertical level, l, and spectral channel, v, such that,   

v
v l

lW
p

τ∂
=

∂
.                                                         (28) 

In essence, the WF quantifies the change in atmospheric transmission at each level; if the 

transmission changes significantly from one level to the next, the WF value would be 

large as there would be a spike in atmospheric emission at that level.  For this work, the 

WFs have been normalized and are dimensionless. 

For some channels, the WFs are broad, that is to say some channels have 

radiances which are the product of nearly equal amounts of atmospheric emission from a 

deeper atmospheric layer.  On the other hand, some channels have WFs which are rather 

narrow, where the radiance is mainly the product of emission from a shallower 

atmospheric layer.  Therefore, while a channel�s peak WF may lie above a cloud top, the 

channel may still exhibit cloud contamination if the cloud top is sufficiently close to the 

peak emission level. 

To account for this, a channel-dependent data removal algorithm is derived which 

removes cloud-contaminated AIRS channels, on a pixel by pixel basis, using the cloud 

top information from MODIS and the WF structure at each channel and each AIRS pixel.  

 

4.2.1 LCCDR Cut-off Pressure (COP) Test 

The LCCDR algorithm consists of two steps: a cut-off pressure (COP) test and a 

biweight test. To minimally remove cloud-contaminated AIRS observational data the first 

step of the proposed LCCDR algorithm takes two factors into account:  the structure of 

the WF and the cloud height at each AIRS pixel.  To do this, the algorithm first 

constructs WFs using the transmittances at each channel and pixel obtained from the RT 

model. The WFs are calculated at each pixel within the domain at 97 vertical levels, 

which extend from 1000.0 hPa to 0.0050 hPa.  The algorithm then examines the structure 

of each WF in order to set a COP level, which is defined as the upper-most atmospheric 

level at or below which a cloud can exist and not cause cloud contamination of AIRS 

radiance at a selected channel and the corresponding pixel.  In other words, if a cloud top 
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is above the COP level, radiance at that channel would be considered cloud-

contaminated.  

The COP level is set for each channel and pixel based on the structure of the 

corresponding WF profile.  The COP level is determined by a pre-selected ratio of the 

area under the WF profile curve above and below the COP level.  Through an extensive 

study, utilizing most of the 2378 AIRS channels, a ratio of 1/4 has been determined to be 

the best for estimating the COP level, 
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Generally speaking, this ratio is set such that the combined emission from each level 

above the COP level is 4 times that which comes from the levels below.  This ratio can be 

reset by the user depending on how sensitive to cloud effects one the algorithm to be. 

The LCCDR algorithm constructs the WFs at each pixel and channel, and then 

evaluates the ratio described by equation (29), first setting the COP level to be nearest the 

surface.  The ratio is calculated iteratively, setting the COP level to successively higher 

vertical levels until (29) is satisfied.  Once (29) is satisfied, the corresponding COP level 

is set for that channel and pixel.   

Channels with identical peak WF heights may not have identical COP levels.  

This is due to the difference in structure of the WF between channels.  Some channels 

have �broad� WFs, whereas others have �narrow� WFs.  This would impact the 

evaluation of equation (29) and therefore, produce different COP levels.  For instance, for 

two channels, one with a �narrow� WF and the other with a �broad� WF, and with 

identical peak WF heights, the COP level for the �broad� channel will be lower in the 

atmosphere than for the �narrow� channel.  This feature is illustrated in Figure 3. 

 If the COP level is found to exist at the surface for the channel in question, the 

algorithm eliminates this channel, regardless of the cloud height.  Otherwise, each 

channel�s COP level is compared to the MODIS cloud height for the AIRS pixel under 

investigation.  If the MODIS data indicates that the cloud height is above the COP level 

for a particular channel, the algorithm excludes this channel for that particular pixel; if 
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not, then this channel is allowed to pass.  In addition to this, if a pixel is found to be 

cloud-free, as defined by the MODIS cloud mask, then all the channels (including near 

surface channels) are passed for that pixel.  This ensures that, at the very least, all clear 

FOV near-surface channels will pass the COP test. 

Figure 4 compares the average COP levels to the average peak WF levels for the 

MM5/AIRS overlapping domain for AIRS channels 1-1864 (panel a), as well as example 

spatial distributions for two AIRS channels, channel 201 (panel b) and channel 1583 

(panel c).  Figure 4a is sorted by decreasing peak WF level, with standard errors 

displayed at every 75 channels.  The COP level is consistently below the peak WF level, 

ensuring that using the COP level (instead of the peak WF) will result in a more robust 

procedure to remove cloudy data.  In addition to this, the COP level responds to changes 

in the WF.  For a carbon dioxide channel (channel 201, Fig. 4b), the COP level varies 

from 340 hPa to 420 hPa and responds in general to the modeled scan angle of the AIRS 

instrument (like the WF), producing a vertically lower COP level (420 hPa) at nadir than 

that on the edges of the scan swath (330 hPa).  For a water vapor channel (channel 1583, 

panel c), the COP level responds to changes in profile moisture, as the COP level is 

vertically lower (720 hPa) for relatively dry atmospheric profiles (region across western 

Tennessee and Arkansas, behind the moisture gradient) than for relatively moist profiles 

(420 hPa in region ahead of the moisture gradient over Georgia and Florida).  Figure 4d 

shows the difference between the COP levels and peak WF pressure levels for channel 

201.  As can be seen here, the difference is fairly uniform (between 50 to 100 hPa) across 

the domain�there is some hint of the moisture gradient as indicated by elevated WF-

COP difference across eastern Tennessee, through north Alabama and central 

Mississippi.  Figure 4e shows this same difference, but for channel 1583.  Here the COP 

level is vertically closer to the peak WF level where the atmosphere is dryer (behind the 

moisture gradient, over western Tennessee and Arkansas) than it is for a relatively more 

moist atmosphere (ahead of the moisture gradient).   
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4.2.2 Residual Outlier Identification, the LCCDR Biweight Test 

 The COP test of the LCCDR algorithm effectively removes much of the cloud 

contamination; however, some residual cloud contamination may still be present.  For 

example, the MODIS cloud screening has difficulty with the detection of thin cirrus due 

to the fact that the cloud and clear-sky temperatures are nearly the same in the presence 

of thin cirrus for those MODIS test channels that were used for determining cloud top 

pressure
1
. However, in this instance where the cloud mask does not detect thin cirrus (or 

any other cloud type for that matter) the impact of cloud-contamination is small for those 

channels that are not greatly affected by thin cirrus clouds. For those channels that are 

greatly affected by thin cirrus, the model and observation differences will be large and 

the biweight test of the LCCDR algorithm, to be described below, would remove that 

data point. This second step of the LCCDR algorithm identifies and removes any 

remaining outliers from the first step prior to any attempt to assimilate the AIRS data.  

The biweight method for estimating the mean and standard deviation is used in this 

project (Lanzante 1996) to identify and remove the outliers.  This method has been 

shown to be extremely useful in GPS data assimilation studies (Zou and Zeng, 2006), and 

its application to AIRS BT is straightforward. 

 The statistical measure of relative error (and not the BTs themselves): 

X i

j =
Ri

j,obs − Ri

j,rtm

Ri

j,rtm
                                                     (30) 

is used to determine if a data point can be flagged as an outlier, where Ri

j,obs and Ri

j,rtm  

are AIRS observed and SARTA modeled radiance of the j
th

 channel at the i
th
 observation 

location. First, the median (M
j
) and the median absolute deviation (MAD

j
), which is 

defined as the median of the absolute values of the deviations of the dataset values from 

the median, of   X i

j  (i = 1,L,n) are calculated.  From M
j 
and MAD

j
, a weighting function 

( w i

j ) corresponding to each observation ( X i

j) is computed as follows: 
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j

,                                                          (31) 

where c is a �censor� parameter value such that all data beyond a certain critical distance 

from c are given zero weight.  The censor value used for this work is 7.5, which was used 

                                                
1
 http://modis-atmos.gsfc.nasa.gov/MOD06_L2/qa.html 
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by both Lanzante (1996) and Zou and Zeng (2006).  In addition to this, w
i

j  is set to 1.0 

for any w
i

>1.0 , to compute the censoring.  The biweight mean X 
bw

j  of relative error of 

radiance at each channel j is defined as 
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and the biweight standard deviation (BSD), SD
bw

j  is defined by  
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It is clear from (32) and (33) that the data towards the center of the distribution are 

weighted more heavily than data near the tails of the distribution.  This allows the 

biweight mean and BSD to be more resistant to outliers than the traditional mean and 

standard deviation, which applies equal weighting throughout the distribution. The 

biweight mean and BSD are then used to determine the so-called  Z-score of any 

particular observation using: 

j j
j i bw

i j

bw

X X
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−
= .                                                         (34) 

AIRS BTs are removed if their corresponding Z-score is greater than 2.  As will be 

shown shortly, this second step of the LCCDR algorithm effectively eliminates any 

remaining outliers that may have passed through the LCCDR COP test. 

 The LCCDR algorithm is developed to serve the purpose of assimilating AIRS 

data using 3-dimensional or 4-dimensional variational (3D-var or 4D-Var) approaches. 

It�s therefore best to remove those data that differ too much from the model fields and 

render a non-Gaussian error distribution of the sum of the observation and model errors. 

In doing so, the biweight portion of the proposed LCCDR algorithm might remove some 

data that are correct and might provide useful information to improve the model, since 

data that deviate greatly from model can be caused by a large model error rather than a 

large observation error. In other words, consideration of the abilities of the 3D-Var/4D-
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Var schemes to assimilate AIRS data suggest that the need to develop a robust scheme 

comes at the expense of some good observed data. 

 

4.3 Testing Results Obtained from the LCCDR Algorithm 

4.3.1 LCCDR COP and Biweight Test Results 

For the selected case (see section 2) involving a strong mid-level moisture 

gradient located over the southeastern United States between 0800 UTC 11 July to 0800 

UTC 12 July, 2003, a total number of 3800 observational points are present in the 

AIRS/MM5 overlapping domain (see Fig. 5) at 1800 UTC 11 July, 2003.  If all cloudy 

data points are excluded, only 446 clear-sky data points (12%) are left within this domain 

at this time (black pixels in Fig. 5).  However, there is a total of 1882 data points (50%) 

where there is no cloud above 800 hPa (gray pixels in Fig. 5).  Therefore, there would be 

1882 data points, on which channels whose COP levels lie above 800 hPa, that are usable 

(black and gray pixels, Fig.5).  Figure 6 displays the percentage of the total number of 

AIRS pixels (y-axis) that are free of cloud above the heights indicated by different 

pressure levels on the x-axis. For instance, for all channels whose COP level is above 400 

hPa, the total number of usable pixels could be as high as 2640, or 69% of the total 

available data.  

Two AIRS spectral channels, a carbon dioxide channel at 14.14 µm (channel 201) 

and a water vapor channel at 7.13 µm (channel 1583), are used for illustration of what 

types of data points are removed by the two sequential steps in the LCCDR algorithm. 

Figures 7 and 8 show the AIRS observed (top panels) and model simulated (bottom 

panels) BTs at these two channels (14.14 and 7.13 µm) and the MODIS cloud top 

pressures at all the pixels within the MM5/AIRS overlapping domain at 1800 UTC 11 

July, 2003. Points deemed cloudy by the first step of LCCDR algorithm appear as gray 

diamonds, outliers identified by the second step of the LCCDR algorithm are shown as 

open circles. We observe that at places (geographic locations) where cloud top pressure is 

below 400 hPa (cloud top vertically higher), the mean value of the observed BTs 

decreases consistently with the decrease of cloud top pressure (top panels in Figs. 7 and 

8). This is not seen in model simulations (bottom panels in Figs. 7 and 8) as cloud effects 

are not taken into consideration in the SARTA model. It is also noticed that the model-
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simulated BTs have a cold bias for those pixels with MODIS cloud top pressures above 

the corresponding LCCDR COP levels; this is because the bias removal is done only after 

the LCCDR COP test has removed these cloudy data.  These results further confirm that 

the COP levels determined by the LCCDR algorithm work well. Some data points 

identified as outliers by the biweight method (indicated in Figs. 7 and 8, open dots) are 

intermixed with data points deemed useable by the LCCDR algorithm (black dots) for 

both observed and simulated values of BT. These are points at which the observed and 

simulated BTs differ greatly. Characteristics of these outliers are therefore best illustrated 

in the following figures.  

Figures 9 and 10 show the comparison of AIRS observed and model (MM5 

/SARTA) simulated BTs for all the points shown in Figs. 9 and 10, respectively.  

MM5/SARTA simulated BTs are calculated using MM5 18-hr forecast data from the test 

case described previously.  Four distinct data types can be seen in Figs. 9 and 10:  1) data 

flagged as cloud contaminated by the LCCDR COP test and were removed (gray 

diamonds), 2) data identified by the LCCDR biweight test as residual cloud 

contamination and removed (open dots), 3) data which have passed through both quality 

control checks and are considered to be clear-channel data by the LCCDR algorithm 

(black dots), and 4) those data which are at clear-sky points (gray dots). 

For the 14.14 µm channel, there are a great number of scattered outliers for which 

the observed BTs are colder than MM5/SARTA simulations (Fig. 9).  The LCCDR clear-

channel data (black and gray dots) show good agreement between MM5/SARTA and 

AIRS (correlation above 0.98), while retaining 61% of the total available domain points.  

For the 7.13 µm water vapor channel, the observed BTs are lower than simulated values 

at low BTs (Fig. 10).  Overall, the correlation is high (above 0.96) while nearly 59% of 

the total available domain points are retained.  As can be seen in these two figures, the 

LCCDR COP test identifies much of the cloud contamination, as those data which are 

severely cloud-contaminated (indicated by those data which exhibit much colder AIRS 

BT values than MM5/SARTA BT values due to cloud effects) are removed from 

consideration by the LCCDR COP test.  The data field is further thinned by the LCCDR 

biweight test, as some additional data that deviate from model simulations are flagged as 
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outliers (either due to residual cloud contamination or some other as yet unidentified 

reasons, such as model deficiencies).  The clear-channel data exhibit good agreement 

between AIRS observations and MM5/SARTA simulations. 

Figure 11 shows the probability density function (PDF) of the differences 

between model-simulated and AIRS observed BTs for the two sample channels (201 and 

1583) over the four AIRS granules. The clear-sky PDFs match very well with the 

LCCDR clear-channel PDFs, suggesting that the clear-channel data selected by the 

LCCDR algorithm possess the same characteristics as clear-sky data. 

The results shown above include data from AIRS granule 188 which contains data 

between 18:47-18:53 UTC 11 July, 2003. However, within the 36-hr MM5 forecast 

window for this case, there are another three different AIRS granules, which were also 

embedded within the MM5 domain.  We have applied the LCCDR algorithm to all these 

data. Figure 12 shows the total number of clear-sky data points (gray line) and the total 

number of data points with clear channels (black line) for the first 1864 AIRS channels 

arranged by decreasing wavelength (Fig. 12, top panel) and increasing COP level (Fig. 

12, bottom panel). As can be seen here, the total number of useable points increases 

except for window channels (Fig. 12, top panel). Channels that have a larger data 

increase are those that have higher COP levels
2
. For example, there are 80% (58%) data 

points with usable AIRS channels whose COP levels are at or above 300 hPa (500 hPa). 

As the COP level lowers to the surface, all BTs must be removed at cloudy points; 

leaving only 20% data that have clear FOV. 

While much less data removed, the root mean square error (RMSE) and mean 

absolute error (MAE) are both significantly reduced and the correlation coefficients are 

greatly increased after the LCCDR algorithm is applied.  Figures 13a, 13b and 13c show 

RMSE, MAE and correlation coefficients of model-simulated and AIRS observed BTs 

for the AIRS channels from 1 to 1864 at 1800 UTC 11 July, 2003, for all AIRS data 

(thick black line), clear-channel data (gray line) and the clear-sky data (thin black line). 

The MAEs and the RMSEs and correlation coefficients for all channels are shown in 

Table 4. For these statistics, channels at wavelengths at and smaller than 5 µm (channels 

past 1864) have been excluded due to difficulties with sun glint in the shortwave part of 

                                                
2
 The COP level is the level for cloud to exist below it without causing cloud-contamination. 
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the AIRS spectrum.  The clear-channel MAEs, the RMSEs and correlation coefficients 

are nearly identical to those for clear-sky data. In fact, MAEs and the RMSEs (correlation 

coefficients) of clear-channel data are slightly smaller (larger) than those of clear-sky 

data for water vapor channels. These results suggest that a good sample of clear channels 

within cloudy FOV is selected by the LCCDR algorithm.  

 

4.3.2 Sensitivity of LCCDR to Errors in MODIS Cloud Top Pressures and MM5 

Forecast 

 The LCCDR algorithm is dependent upon not only the accuracy of the MODIS 

cloud top pressure levels, but also on the reliability of the MM5 forecast data, which 

provides input to SARTA for, among other variables, WFs at each AIRS channel.  Errors 

in the MODIS cloud top pressures, or SARTA WFs�which impact the calculation of the 

LCCDR COP level�would seem to have the potential to reduce the effectiveness of the 

algorithm to identify clear channels.  However, the LCCDR algorithm has been designed 

to account for reasonable amounts of error in both the MODIS cloud top levels and errors 

in the COP level (caused by MM5 forecast deficiencies).  If error exists in the MODIS 

cloud top pressures, or an error in the COP level is such that the LCCDR COP test 

portion of the algorithm allows some �cloudy� channels to pass, the biweight portion of 

the algorithm screens these data and removes residual cloud-contaminated channels 

(based on their high Z-score values).   

In order to illustrate this feature, the ability of the algorithm to handle error in 

these critical fields is examined.  First, the sensitivity of the WF and COP level 

calculations are addressed when a reasonable amount of random error is added to the 

MM5 temperature and moisture profiles (2-3° degrees to the temperature profile, and 

about 10% to the mixing ratio).  Figures 14 and 15 show the changes in the WFs and 

COP levels for two test channels, AIRS channels 201 and 1583 (14.14 and 7.13 µm, 

respectively).  In both of these cases, the WFs do not shift much, and the corresponding 

COP levels shift very little as well.  In fact, for the 14.14 µm channel (Fig. 14) the COP 

levels are nearly the same, and for the 7.13 µm channel (Fig. 15), the COP level drops 

only 20 hPa (from 515 hPa to 535 hPa) in response to changes in the WFs.    
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So how would an error in the COP level or MODIS cloud top pressure affect the 

LCCDR algorithm?  Figures 16 and 17 shows the comparison of AIRS and 

MM5/SARTA BTs for the two test channels (201 and 1583, respectively) when an 

exaggerated error is added to the MODIS cloud top heights and COP levels.  The top 

panels in Figs. 16 and 17 show the result when 100 hPa is added (subtracted) from the 

MODIS cloud top levels (LCCDR COP levels), the bottom panels show the comparisons 

after 100 hPa is added (subtracted) to the LCCDR COP levels (MODIS cloud top 

heights), with LCCDR clear-channel data shown as black dots, LCCDR COP test cloudy 

data as gray diamonds, LCCDR biweight outliers as open dots, and clear-sky data as gray 

dots.  Comparing the error response for channel 201 (Fig. 16) with the original figure 

(Fig. 9), the result in adding 100 hPa to the MODIS cloud top heights causes the apparent 

cloud top heights to be lower in the atmosphere then in reality, causing more cloudy BT 

values to pass through the LCCDR COP test (30.1% screened before adding error, 16.4% 

after).  This effect is equivalent to subtracting 100 hPa from the COP levels.  Figure 16 

shows that these cloudy data are effectively removed by the biweight test of the LCCDR 

algorithm (an increase of 8.6% to 16.9%).  The correlation between the AIRS and 

MM5/SARTA values remains high (>0.98).  The result of reducing the MODIS cloud top 

pressures by 100 hPa (bottom panel, Fig. 16), thereby making the cloud tops appear 

higher in the atmosphere than in reality, has the opposite effect, and is equivalent to 

adding 100 hPa to the COP levels.  The number of pixels removed by the LCCDR COP 

test increase from 30.1% to 35.8%, while the number of pixels removed by the biweight 

step reduces from 8.6% to 6.2%.  The overall number of passed pixels remains high 

(61.3% before adding error, 58.0% after) and the correlation is high as well.  Similar 

results are found for channel 1583 (Fig. 17).   

 

4.4 Conclusions 

 The results of these test show that the LCCDR algorithm identifies many AIRS 

channels which do not exhibit cloud contamination.  This study has shown that although 

the algorithm eliminates a much smaller percentage of the cloud contaminated data, the 

correlation coefficient between the AIRS observations and the MM5/SARTA simulated 

BTs increases to nearly 0.9 in most cases and even exceeding 0.9 in some cases.  The 
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AIRS data is further thinned by the second part of the LCCDR algorithm, which uses a 

biweight method to estimate the mean and standard deviation of the dataset in order to 

identify and effectively remove remaining outliers.  This step, in effect, removes not only 

those residual cloud-contaminated data, but also other outliers, which deviate greatly 

from model simulations due to model deficiencies (either the MM5 or SARTA).  After 

the entire LCCDR algorithm has been applied to the AIRS dataset, the resulting data has 

improved agreement with the MM5/SARTA simulation, with very low RMSE and high 

correlation for most AIRS channels. Consisting of two steps, the COP test and biweight 

test, the LCCDR algorithm is not shown to be very sensitive to errors in MODIS cloud 

top pressure or MM5/SARTA models. 

The LCCDR algorithm for identifying clear channels from cloudy FOV, while 

being simple and inexpensive, ensures that a larger number of clear-channels can be 

obtained from the AIRS data and used in a variational data assimilation scheme.  In 

addition to this, the processing of the MODIS cloud mask for AIRS FOV is also 

inexpensive as it involves a simple interpolation from MODIS space to AIRS FOV, 

facilitated by the finer resolution of the MODIS data (5 km) in comparison to AIRS data 

(13.5 km).  This should allow the AIRS data to have a greater impact on the model initial 

conditions and mesoscale temperature and moisture forecasts.  

The work described in this chapter was accepted for publication in Mon. Wea. 

Rev. (Carrier at al., 2007a). 
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5.0 VERIFYING MESOSCALE FORECASTS USING AIRS 

RADIANCE OBSERVATIONS 

 

An application of AIRS data that takes advantage of its high spectral resolution is 

to directly use AIRS radiance observations at different channels for mesoscale forecast 

verification; this utility is presented in this chapter. 

Comparisons between simulated radiances and observed values are routinely done 

at various operational centers prior to assimilating the radiance data into their respective 

forecast models (McNally et al. 2006; Le Marshall et al. 2006). This is done to for several 

reasons: (1) to ensure that simulated radiances do not deviate significantly from the 

observations to be assimilated in a data assimilation system (a quality control procedure 

done prior to data assimilation); (2) to ensure that values of observational data are 

reasonable; (3) to monitor errors in the background analysis fields; and (4) to diagnose 

biases in the radiative transfer model, observations, and background analysis.  In this 

paper, an adjoint sensitivity method for forecast verification using AIRS radiances is 

presented. The deviations of the simulated radiances from observed radiances are used 

directly to infer which background model variable at what vertical level might have 

contributed most to the departures in the radiances.   

In order to conduct this model verification, multiple tools need to be in place.  

First, to compare model forecasts directly to AIRS radiances, a RT model must be used to 

map the forecasted model variables to radiance space.  Secondly, a method must be 

devised to link errors in the radiance space back to the aforementioned forecast model 

variable space.  Initially, one could use a priori information regarding the type of channel 

(carbon dioxide or water vapor channel) and channel-specific weighting functions (WF) 

to link simulated BT error back to the forecast model.  This is, however, not the best 

choice for a model verification study.  The WF only gives information as to the relative 

contribution of each RT model level to the emission at the top of the atmosphere for each 

channel.  It does not provide information as to the sensitivity of the BT calculation to 

changes in model variables (i.e. temperature or moisture) at different vertical levels. For 

studies requiring a linkage between perturbations in an output to perturbations in various 
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inputs of a model operator (e.g., RT model in this case), it is best to use the sensitivity 

results. 

A sensitivity analysis allows one to quantify the impact that certain atmospheric 

variables have on a selected model response, which is radiance, or brightness temperature 

(BT), for this study.  Traditional methods derive the sensitivity of modeled radiance at a 

specified channel by varying each of the input variables one at a time.  Not only is 

accuracy a concern in this forward formulation of sensitivity, it is also highly inefficient 

when dealing with the numerous channels afforded by AIRS. A more efficient and 

accurate method for sensitivity study is the so-called adjoint method.  The adjoint 

sensitivity analysis requires the adjoint of the radiative transfer model, which allows the 

sensitivity of radiance at each channel to all input variables be calculated simultaneously 

with only one run of the forward RT model and one run of the adjoint RT model.   

Adjoint sensitivity analysis was conducted to study sensitivities of model 

forecasts to initial conditions and/or physical parameters (Zou et al. 1993; Zupanski, 

1995; Gelaro et al., 1998). In this study, relative sensitivity of satellite radiances to 

temperature and moisture at different vertical levels (Amerault and Zou, 2003) is 

investigated for a hyperspectral sounder, i.e., AIRS.  For the sensitivity study of AIRS 

data, a visualization of the sensitivity results is demonstrated which enables one to 

account for the thousands of channels in an efficient manner.  In addition to this, a 

comparison study is done that illustrates and provides a reasoning of the differences in 

the vertical structures of the sensitivity and the WFs determined by radiative 

transmittances. This study outlines the basis of using the sensitivity to provide the link 

between BT errors to errors in model variables of a mesoscale forecast. 

In the next section the mathematical formulation of the adjoint sensitivity analysis 

and its results and comparison with RT model WFs is presented.  This is followed by an 

overview of the mesoscale forecast verification procedure and testing results.   

 

5.1 Adjoint Sensitivity Study 

 When verifying model forecasts against AIRS radiance observations, it is 

important to know which meteorological variable at what level has the greatest influence 

on the simulation of specific RT model spectral channels.  An adjoint sensitivity study of 
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AIRS radiances will provide such information based on the relative sensitivities of each 

RT model channel BT to each MM5 forecast variable (input to the RT model).  

 

5.1.1 Formulation and Results of the Adjoint Sensitivity Study 

For sensitivity study of BT, the response function is simply defined as 

Rα (x) = T
b

α .                                                           (35) 

The adjoint RT model is used to first obtain the gradient of Rα  with respect to the 

atmospheric variable x ,∇
x
Rα , by setting 

 T̂
b

α =
∂Rα

∂T
b

α
≡ 1                                                        (36) 

in (24), where �
bT α  = *Rδ , the forcing value.  The resulting value after applying the 

adjoint RT model (24), x̂ , is the gradient: 

� Rα= ∇
x

x                                                         (37) 

The sensitivity of the BT with respect to the input vector x can then be calculated 

according to the following formula:  
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the corresponding sensitivity can be written as ( )�
Tsens l l

Rα δ− = x x .  

In order to compare sensitivity of BT to both temperature and specific humidity at 

different vertical levels, the following non-dimensional relative sensitivity must be used 

(Zou et al. 1993), 
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where δx
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is nondimensional and is found by a vector multiplication of the adjoint variable x̂  and 

input variable x of Rα , and divided by the response function (see (40)). 

The magnitude of the relative sensitivity signifies the importance of each input 

variable for each spectral channel.  To judge which variable, temperature or specific 

humidity the radiance is most sensitive to, one can simply plot the relative sensitivity, s
α

.  

The relative sensitivity of the BT to atmospheric temperature (RS-T) and specific 

humidity (RS-Q) at specific vertical levels can also be investigated.  This is particularly 

useful when trying to quantify which channels to use for data assimilation or when trying 

to investigate error in the model response and/or input variables using AIRS radiance 

observations.   

 The sign of the relative sensitivity is also important.  It signifies how the input 

parameter can affect the RT model response.  For instance, positive (negative) sensitivity 

of BT suggests that increasing (decreasing) the value of the input variable will lead to an 

increase (decrease) in the BT value.   

Figure 18 shows the vertical profile of temperature and mixing ratio used as the 

input field ( x ) for the WF and adjoint sensitivity calculations.  This profile is at an MM5 

grid point (33.2º north, 86.8º west) located in southern Alabama. This profile indicates 

somewhat dry conditions near the surface until about 900 hPa when the sounding 

becomes wetter. 

Figure 19 shows the maximum values of RS-T (brown, values on left y-axis) and 

RS-Q (black, values on right y-axis) for the first 1864 AIRS channels.  The maximum 

value of the RS-T at each channel is positive, whereas the maximum RS-Q values are all 
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negative, as would be expected.  The magnitude of the RS-T is higher than that for RS-Q, 

indicating that the BT calculation is most sensitive to changes in the temperature variable 

than in the moisture variable, not only for the so-called carbon dioxide channels (λ > 13.0 

µm), but also for the water vapor channels as well (λ < 9.2 µm). It is also noticed that the 

RS-Q values in the water vapor channels are larger than those in other channels, 

indicating the increased importance of water vapor to the BTs in this spectral range.  

Overall, this result indicates that the simulated BT values would be impacted more by a 

change in the temperature than it would by a change in the moisture for the entire 

spectrum and by a change in water vapor in the water vapor channels than other channels. 

In order to show the vertical levels at which relative sensitivity is highest we show 

in Figures 20-22 the RS-T profile (top panel) and RS-Q profile (bottom panel) for three 

AIRS spectral ranges: 15.40-13.22 µm, a carbon dioxide band (Fig. 20); 12.34-8.80 µm, a 

window channel band (Fig. 21); and 8.22-6.20 µm, a water vapor band (Fig. 22). RS-T 

values have been normalized and the RS-Q values have been scaled up by 33%.  The 

vertical levels are shown in log-P form on the vertical axis and the AIRS channel (in 

microns) on the horizontal axis. In fig. 20, the RS-Q values for the channels in this range 

are very low, indicating their relatively weak contribution to the radiance calculations for 

the carbon dioxide channels; whereas the RS-T and WF values match very well.   

Figure 21 shows the comparison for the window channel band.  Here the peak RS-T 

values lie near the surface (1042 hPa), but for each channel the sensitivity remains high 

even slightly above the surface layer. This range of channels also exhibits high sensitivity 

to the surface skin temperature variable (RS-TG, Fig. 21, bottom panel). The RS-Q 

values for this range are still rather low, as expected for window channels.  Also, there is 

a slight increase in RS-T values for atmospheric levels above 500 hPa between 9.78-9.27 

µm in response to the ozone band.  The RS-TG value is higher for each window channel 

than the RS-T value by at least an order of magnitude (not shown).  For example, the 

peak RS-T value for channel 800 (10.85 µm) is 0.262155, whereas the RS-TG value is 

2.83521.   

Figure 22 shows the comparison for the water vapor band.  Here the structure of the 

RS-T and RS-Q values match quite closely at each channel.  The relatively high RS-Q 

values exist in this band, suggesting that the specific humidity values are relatively 
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important for these channels, as would be expected.  However, the sensitivity analysis 

suggests that the temperature parameter is also relatively important to the radiance 

calculation for the water vapor band.  It is therefore important to consider both the 

temperature channels and water vapor channels when attempting to obtain both profiles 

of temperature and moisture from AIRS BT data. 

 

5.1.2 RT Model Weighting Functions 

The WF quantifies the contribution of emission from each atmospheric level to the 

total emission at the top of the atmosphere, for each channel.  Therefore, the height of the 

maximum WF of radiance in a particular channel provides information on which 

atmospheric layer contributes the most to the measured radiance. The broadness of the 

WF reflects the thickness of that atmospheric layer contributing most significantly to the 

measured radiance. On the other hand, as discussed above, relative sensitivity provides 

information to which variable and at what height the radiance is most sensitive. Is the 

height at which BT is most sensitive to temperature the same as that for specific 

humidity?  Is the maximum WF height the same as the height where the relative 

sensitivity is highest?  These are important questions relevant to any applications of 

AIRS radiance, such as targeted observations, data assimilation and forecast verification. 

Since the WF at a specific vertical level is representative of the amount of emission 

of radiation at that level, which itself is a function of atmospheric temperature and 

moisture at and above that level, the BT can be approximately expressed as a weighted 

mean of the Planck function ( B(T ) ) 

  

Rα ≡ Tb

α = wl

α

l

 (T1,T2,L,Tl ,q1,q2,L,ql )B(Tl ).                                (42) 

Variation in the WF value from one level to another is much larger than variation in the 

value of B(T)  from one level to another. Therefore, the level where WF value is the 

largest is the level at which the atmosphere contributes the most to the total radiation of 

that channel. However, relative sensitivity finds the height where perturbation made to 

the most sensitive variable contributes most to the first-order variation of BT: 

  Rα
sens = (δwk

α

k

B(Tk ) + wk

αδB(Tk ))                                       (43) 
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In the second term in (43) the role of WF to the first-order variation of BT with respect to 

temperature perturbation δT
l
 (l=1,2,�,L) is similar to its role to BT with respect to 

background temperature T
l
 (l=1,2,�,L) (see (42)). It is the first term in (43) that might 

contribute to a discrepancy between the maximum WF height and the height where the 

relative sensitivity is highest. For example, the sensitivity due to temperature perturbation 

at the k
th
 level will be 

Rα
sens,l = wl

α dB

dT
+

∂wl

α

∂T
B(Tl )
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.                                        (44) 

The relative sensitivity will be 
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Based on the first term in (45), the height of the maximum sensitivity could be rendered 

lower (higher) than the height of the maximum WF if temperature decreases (increases) 

with height near the maximum WF height. Also, since  

0 above the WF maximum height
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0 below the WF maximum height
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the height of the maximum sensitivity could be rendered higher than the maximum WF 

height due to the contribution from the second term in (45). In the following, it is shown 

that the height at which BT is most sensitive to temperature could be different from that 

to specific humidity, and the maximum WF height could be different from the height 

where the relative sensitivity is highest.  

Figure 23 shows the vertical heights of the maximum WF (black line), RS-T (brown 

line), and RS-Q (dashed line) peaks for three AIRS spectral ranges: 14.83-14.15 µm, an 

upper-level carbon dioxide band (Fig.23a); 14.14-13.59 µm, a mid-level carbon dioxide 

band (Fig. 23b); and 7.37-7.08 µm, a water vapor band (Fig. 23c).  Clearly the peak WF, 

RS-T, and RS-Q values do not always lie at the same atmospheric level.  In fact, it 

appears that the peak RS-T value is vertically higher in the atmosphere than the WF peak 

for those channels whose maximum emission is above the tropopause (~200 hPa).  

Conversely, the peak RS-T value falls vertically below that for the WF at channels with 
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peak emissions below 200 hPa.  It is clear that those channels whose peak RS-T values 

lie vertically above the peak WF values have the maximum emission from above the 

tropopause, within a region where the temperature increases with height.  This is 

consistent with the theoretical prediction by (45).   

 The relationship between the vertical shift of RS-T levels from the peak WF and 

the sign of the vertical temperature gradient are further confirmed in Figure 24 for all 

AIRS channels which exhibit a shift between the peak WF and RS-T levels.  Figure 24 

shows the relationship between the vertical shift between the peak WF and RS-T levels 

and the sign of the vertical temperature gradient at the level of the peak WF (the zero-

value lines are shown in gray; negative vertical shift value represents an upward 

sensitivity shift relative to the WF profile).  If the vertical temperature gradient is 

negative at the peak WF height, then the RS-T shift is downward (since the lW

T

α∂

∂
 term is 

negative in that direction); on the other hand, if the vertical temperature gradient is 

positive at the peak WF height, then the RS-T shift is upward (since the lW

T

α∂

∂
 term is 

negative in that direction).  Figure 25 shows the relationship between the magnitude of 

the vertical shift in RS-T and the �broadness� of the WF profile (which is found to 

control the magnitude of the vertical shift).  Open circles indicate those channels that 

exhibit an upward shift in the RS-T profile; closed circles indicate those channels that 

exhibit a downward shift in the RS-T profile.  The broadness of the WF profile is defined 

by the thickness (in hPa) between the peak WF pressure level and the last pressure level 

with a WF value at or above 0.9, in the direction of the RS-T shift.  The channels that 

have the large shifts (>100 hPa) of the peak RS-T height from the maximum WF height 

are the mid-level carbon dioxide channels due to the broadness of these channels (Figure 

omitted).  �Upward-shifting� channels exhibit small shifts (open circles), since these 

channels, being in the stratosphere, are not very broad.  

It has been shown that the vertical level where changes in the model state contribute 

mostly to the changes in the calculated radiance can be different from that suggested by 

the WF profile.  This has direct applications for inferring which variable at what level a 

model forecast might have an error using radiance data for forecast verification.  
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5.2 Evaluation of a Mesoscale Forecast in Light of the Adjoint 

Sensitivity Results 

A comparison of model simulated and AIRS observed BTs is done to isolate and 

identify probable errors in the forecast model.  The simulated BT values are calculated 

from the temperature and specific humidity forecasted by the model. The question is, 

how do we link differences found in radiance space to model variable space? In the 

following, we will show that the maximum relative sensitivity of radiance provides a way 

to do this. 

 To evaluate the MM5 forecast of temperature and specific humidity using AIRS 

BT data, the data is divided into two groups: (i) the carbon dioxide and surface channels 

and (ii) the water vapor channels. The root mean square (RMS) error and correlation 

calculated in BT space over the entire overlapping domain of AIRS data and forecast 

model are calculated and presented as a vertical profile corresponding to the heights (in 

hPa) of the maximum relative sensitivity of BTs to temperature and specific humidity for 

the two groups of BT data, respectively (Figs. 26 and 27). Cloud-contaminated data and 

outliers are removed a priori. A low-pass (boxcar) filter, applied in frequency space, is 

applied to the AIRS observations in order to reduce the observational noise.  Since the 

AIRS observational and RT model errors (≈ 0.5 K for a 250 K scene) are known (Pagano 

et al., 2003; Strow et al., 2003), the error signal due to the MM5 forecast is 

conservatively set for RMS error above 2.0 K.  

Figures 26 and 27 show the RMS error (left panels) and correlation coefficient 

(right panels) of BTs at different AIRS channels for T1 valid at 0800 UTC 11 July, 2003 

and for T2 valid at 1900 UTC 11 July, 2003, respectively.  Panels (a) and (b) include all 

the carbon dioxide and surface channels and panels (c) and (d) are the water vapor 

channels. The BT data in the carbon dioxide and surface channels have been sorted by 

their corresponding heights (in hPa) of the maximum relative sensitivity of BTs to 

temperature (Figs. 26a,c and Fig. 27a,c), and the BT data in the water vapor channels are 

sorted by the vertical heights of the maximum relative sensitivity of BTs to specific 

humidity (Figs. 26b,d and Fig. 27b,d).  Since these channels have not been arranged by 

wavelength, Figures 28 and 29 show the corresponding wavelengths (Fig. 28) and 

observed mean brightness temperatures (Fig. 29) of all data used in Figs. 26-27. Figure 



 41

28 indicates which set of channels is used in the error plots of Figs. 26-27. Channels 

whose peak sensitivity (RS-T and RS-Q) values are located in the higher atmosphere 

have in general lower BTs (Fig. 29). 

Examining the carbon dioxide channels for RMS error (Figs. 26a and 27a), one 

can see that the RMS error is below 1 K.  Figure 27a shows a slightly elevated near-

surface channel error, which is most likely due to errors in surface emissivity or other 

surface effects (i.e. error in MM5 model surface skin temperature), or a combination of 

both.  For those near-surface channels, or for channels with significant surface 

contribution, it is rather difficult to separate the forecast model error from error since 

errors in RT model could be significant due to errors in the specification of the surface 

state (e.g., surface emissivity and reflectivity) during over-land scenarios (McNally et al. 

2006).  For this reason it is best to include only for those channels that have little or no 

surface contribution for over-land FOV for forecast verification purpose.  In any case, the 

error associated with carbon dioxide channels above the surface for both cases is 

relatively low (Figs. 26a and 27a), indicating that the MM5 temperature forecast is 

closely approximating the atmospheric state depicted by the AIRS observations. The 

error associated with water vapor channels is relatively low (below 1 K) below 500 hPa 

(Fig. 26c and Fig. 27c). Between 200 and 400 hPa, however, an increase of RMS error 

with height is observed, with values approaching 2.5 K at 200 hPa for T1 (nighttime, an 

8-h forecast) and 3.5 K for T2 (daytime, an 18-hour forecast). This indicates a problem of 

the MM5 forecasts for the upper tropospheric moisture fields associated with this middle 

and upper level moisture gradient case and will further be discussed in Figs. 31-32. 

The correlation coefficients for the carbon dioxide and window channels for the 

two cases (Figs. 26b and 27b) show a similar pattern where the correlation in the upper 

levels (<200 hPa) is relatively low (<0.9), followed by a stretch of channels (with peak 

RS-T between 200-800 hPa) whose correlations are near or above 0.9.  For those 

channels with the peak RS-T near the surface in T2, the correlation drops off slightly, 

likely due to the influence of surface skin temperature error in MM5 and/or RT model 

emissivity error.  The correlation plots for the water vapor channels is relatively low for 

those channels whose peak RS-Q values are between 200-400 hPa (Figs. 26d and 27d). 



 42

These results suggest that the MM5 is not simulating the layer above 400 hPa as well as 

the layer between 400-900 hPa. 

In the following, three channels have been selected to examine model 

performances in capturing the spatial distributions of BTs observed by AIRS 

observations: an upper level CO2 channel (channel 209, 14.09 µm) with the maximum 

sensitivity located at 330 hPa, a middle-level water vapor channel (channel 1583, 7.13 

µm) with the maximum sensitivity located at 600 hPa, and an upper-level water vapor 

channel (channel 1752, 6.57 µm) with the maximum sensitivity located at 310 hPa (note: 

the qualitative description of �upper� or �lower� channels is relative to the MM5�s model 

domain, not the AIRS instrument). Figure 30 displays the AIRS BTs (panel a) and 

MM5/SARTA BTs (panel b) for channel 209 in the T1 case. Channel 209 is shown here 

as an example of a carbon dioxide channel, with peak emission within the 300-500 hPa 

region, that does not exhibit high error.  The white regions within the BT plots indicate 

those domain points deemed cloudy for this channel by the LCCDR algorithm, and thus 

have been removed from consideration. The overall structure of the simulated BT field is 

in good agreement with the observations as well as the magnitude of the temperatures.  

Since this channel is most sensitive to MM5 temperature, it is reasonable to assume that 

the MM5 temperature profile (around the 330 hPa level) is in good agreement with the 

actual temperature profile for T1. In fact, the error for this channel for both T1 and T2 is 

smaller than 1.0 K.  It can be shown that all carbon dioxide channels with peak RS-T 

within the 300-500 hPa region exhibit similar RMS error distribution as channel 209 

(figures omitted).   

Figure 31 shows the spatial BT field for channel 1583 from AIRS (panel a) and 

MM5/SARTA (panel b) for T1.  This channel is a water vapor channel, most sensitive to 

water vapor and temperature near 600 hPa. The simulated BT field does well at capturing 

the large-scale pattern of the AIRS observations but not so well in the exact position and 

extent of the moisture gradient associated with the cold front and the cross-frontal 

gradients features.  The mid-level moisture gradient associated with a cold front is visible 

in this channel as a sharp BT gradient cutting across the eastern United States from 

western Pennsylvania to central Texas.  This gradient is visible in this channel due to the 

effects of water vapor on atmospheric radiance. The greater amount of water vapor in this 
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region leads to a greater absorption and a smaller transmission, and thus lower BT values.  

There appears to be some disagreement between the simulated BTs and the observations 

regarding the magnitude of the atmospheric drying (indicated by the warmer BTs) and 

the moisture ahead of the front (indicated by the cooler BTs over the eastern U.S.).  The 

simulated BTs are cooler behind the cold front near the state of Illinois (circled in black) 

than in the observations; conversely, the simulated BTs are warmer ahead of the cold 

front over Alabama and Mississippi (boxed in black) than in the observations.  This 

suggests that the MM5 predicted a weaker middle-level moist gradient, too moist behind 

the gradient, and too dry ahead.   

Figure 32 shows the spatial BT field for another water vapor channel (channel 

1752) with the maximum sensitivity located near 310 hPa.  This channel is an example of 

one of the upper-level water vapor channels that exhibit large RMS errors as shown in 

Fig. 32b.  As can be seen here, the simulated BT field barely captures the observed 

horizontal structure and not at all the magnitude.  The simulated BT field does capture a 

�gradient-like� feature (warmer BTs across the Ohio River Valley, with slightly colder 

towards the Atlantic seaboard), but the BT difference across the gradient is much smaller 

than those seen in the observations.  It appears that the simulated BT field is the result of 

the MM5 seriously under-predicting the strength of the moisture gradient at the upper 

levels, suggesting that the forecast model may be trying to keep the moisture gradient 

primarily as a mid-level event, and the AIRS observations indicate a much deeper event -

-- a middle and upper level event.   

In order to verify the above statement, the vertical structure of the moisture 

gradient is examined in BT space using the RT model simulation and the AIRS 

observations.  Figure 33 compares the vertical structure of the moisture gradient along a 

line cutting across the cold front (see Fig. 32a). Figure 33a shows the AIRS observed BTs 

whereas Fig. 33b shows the differences between AIRS observed and model simulated 

BTs.  All water vapor channels from the AIRS spectrum are used and have been arranged 

by their corresponding peak RS-Q pressure level at each point.  Red shaded regions 

indicate warm BTs whereas green-shaded regions indicate cooler BTs. Warmer BTs are 

indicative of more transmission and therefore dryer air, cooler BTs represent less 

transmission and therefore more moisture.  Between 87-98° W (Fig. 33a), the data 
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indicates a deeper layer of warmer BTs than for those regions east of 87° W; this is the 

�BT-gradient� as discussed previously.  This feature is not captured by the model forecast 

properly (Fig. 33b). Also, the depth of the warmer BTs (>270 K) is deeper in the AIRS 

observations than in the simulated BT field, with the observed BTs being warmer, 

especially in the upper troposphere, than the corresponding simulated BTs west of 87W 

longitude.  This indicates that the MM5 is keeping the upper level atmosphere too moist, 

which is consistent with our previous findings.  Similar results are obtained when 

comparing the spatial distributions of MM5 19-hr forecast valid at 1900 UTC 11 July, 

2003 (T2) with AIRS observations (Figures are omitted).  

It is emphasized that the proposed approach could be used to infer how well the 

model forecasted temperature and/or moisture profiles approximate the observed ones at 

the model resolution and at what level(s) the model is doing poorly for which variable(s) 

based on the fitting of radiances. It cannot be used to determine if the real temperature 

profile is similar to that from the model based on the fitting of radiances. It is possible 

that the model does not capture all vertical structures and yet the radiance verification 

looks good because of the relatively broad sensitivity profiles.   

 

5.3 Conclusions 

Having illustrated differences of the vertical structure of sensitivity and WF, the 

sensitivity results are chosen as a useful input for a forecast verification using AIRS 

observations, a so-called AIRS-model verification (A-MV) technique. It has been shown 

that useful conclusions on model performance can be drawn from comparing model 

forecasts with AIRS radiances under the guidance of adjoint sensitivity. Through this 

case study, we are able to show that the MM5 does a fine job predicting the atmospheric 

temperature of a case characterized by a middle and upper level moisture gradient except 

during the daytime near the surface.  Nonetheless, the model has greater difficulty with 

the moisture forecast, especially in the upper levels (<400 hPa).  

The above A-MV method provides one with an excellent tool to utilize indirect 

satellite observations to infer possible errors in forecast fields.  This method can also be 

used to compare two forecasts in an attempt to quantify which is performing better.  In 

this mode, the forecast verification method can be used to compare a forecast with 
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assimilation to one without, using AIRS data as a measure of truth.  This application will 

be demonstrated later in chapter six when the 4D-Var results are discussed.  

The work described in this chapter was accepted for publication in Mon. Wea. 

Rev. (Carrier at al., 2007b). 
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6.0 AIRS VARIATIONAL ASSIMILATION    

EXPERIMENTS 

 

6.1 AIRS 1D-Var Experiments 

 One dimensional variational assimilation (1D-Var) provides an excellent means to 

test the assimilation of a dataset such as those from AIRS. It can be used to derive model 

profiles of atmospheric states (i.e., temperature (T), mixing ratio (q)) from indirect 

observations (i.e. radiances) and a priori information (i.e. short-term forecast, analysis, or 

climatology).  Deblonde and English (2003) derived many atmospheric properties (i.e. 

temperature, marine surface wind speed, total water content, etc.) from brightness 

temperature (BT) data obtained from the Special Sensor Microwave Imager (SSM/I) 

using a 1D-Var approach.  Marécal and Mahfouf (2000) examined the performance of 

1D-Var, assimilating surface rainfall rates derived from the Tropical Rainfall Measuring 

Mission (TRMM) satellite.  They found that the temperature and specific humidity 

profiles obtained were consistent with both observed and modeled rain rates.  Marécal 

and Mahfouf found that the 1D-Var increments to T were far smaller than that seen with 

q, suggesting that adjusting the specific humidity profile alone would sufficiently modify 

the precipitation amounts.  This led to removing T as a control variable to reduce the size 

of the control vector.  By doing so, not only were the results of this 1D-Var test 

comparable to the first set, but also the computational cost was reduced.  1D-Var 

retrievals have also been shown to be useful for a purpose of assimilating the derived 

atmospheric profiles into a numerical model.  Such was the case with Eyre et al. (1993) 

with radiances from the TIROS Operational Vertical Sounder (TOVS) and Nagarajan et 

al. (2006) who assimilated rain gauge data via 1D-Var analysis.  Another study 

(Deblonde et al. 2004) sought to assimilate SSM/I BTs via a two-step procedure wherein 

1D-Var is used to adjust model T and q profiles using SSM/I BT data, and the 1D-Var 

column-integrated water vapor analyses are assimilated in a 4D-Var scheme.  Yet another 

study (Garand et al. 2007) examined the assumption made by most radiance assimilation 

studies in which inter-channel error correlation is neglected.  Using AIRS data, Garand et 

al. investigated the impact of using inter-channel observation error correlation (IOEC) in 
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a 1D-Var assimilation of AIRS data.  They found that IOEC was high for water vapor 

channels but very small for carbon dioxide bands.  Garand et al. also found that including 

IOEC improved retrieval results and the rate of convergence was improved by a factor of 

2. 

For this study, a 1D-Var system is first developed and a set of numerical 

experiments is conducted to assess the usefulness of AIRS data by comparison to GPS 

radio occultation-derived temperature and moisture profiles as well as the rawer radio 

occultation observations --- refractivity. 

 

6.1.1 Methodology 

The 1D-Var procedure aims to minimize a cost function of the form similar to that 

in 3D- or 4D-Var systems (see (14)), where the control vector (x) consists only of a 

single set of T and q profiles and the background vector (x
b
) also consists of a single set 

of T and q profiles.  In our experiment x
b
 consists of the first-guess T and q profiles used 

in the control vector such that x- x
b
 is zero at the 0

th
 iteration.  The observational error 

covariance matrix is assumed diagonal and values of the diagonal elements are set 

conservatively based on the work by McNally et al. (2006) where all the tropospheric 

channels have a standard deviation of 0.6 K and surface and water vapor channels have a 

higher error value of 2.0 K.  To conduct this set of experiments, a stand-alone 1D-Var 

driver was constructed using the adjoint of the RT model in conjunction with a set of 

minimization subroutines running the Limited Broyden-Fletcher-Goldfarb-Shanno (L-

BFGS, reference needed) minimization algorithm.  As with all variational experiments 

conducted here, the LCCDR algorithm is used to quality control the AIRS data prior to 

assimilation. 

The background error covariance matrix, B, like the 1D-Var control vector, is 

needed in the vertical dimension only.  To derive the estimate of the background error, 

this study uses the same procedure as in Amerault and Zou (2006) to obtain the vertical 

background error covariance matrix using the National Meteorological Center, now 

NCEP, method.  In this case the vertical background error covariance is constructed such 

that, 
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where i and j are vertical levels (i = 1, 2,�, K;  j = 1, 2,�, K), p is a single grid point (p 

= 1, 2,�, P), and m and n indicate different forecasts initialized 12-hours apart but are 

valid at the same synoptic time over a one-month period (July, 2003), thus m = 1, 2,�, 

60,  n = 1, 2,�, 60; d is a geophysical variable, in this case T or q; and bi,j is the error 

covariance between levels i and j.  Here ,m n

id%  is the difference (at a single vertical level, i) 

between two forecasts (m and n), and with thirty forecasts this yields a total of sixty 

forecast differences.  And id%  is the average over all forecast differences and domain 

points (again at a single vertical level).  For the assimilation procedure, the inverse of the 

vertical background error covariance is needed; however, the error covariance may be 

noisy due to small features in the background, which renders the inverse matrix to be 

dominated by noise.  To eliminate this problem, these small-scale features are removed 

prior to inverting the matrix by way of singular value decomposition (SVD).  In this case 

the matrix B can be defined as  

= TB UWV ,                                                           (48) 

where U and V are K x K orthogonal matrices and W is a K x K diagonal matrix 

containing the singular values wj.  Since B is a square matrix its inverse B
-1

 can be 

defined as 

− =1 TB VWU% ,                                                          (49) 

where W%  is a diagonal matrix containing the inverse of the singular values (1/wj).  If wj 

is negligible, the inverse value in the W%  matrix is set to zero.  As in Amerault and Zou 

(2006), only those singular values that are at least 25% of the magnitude of the largest 

singular value are retained; this requires us to use two singular values for the temperature 

background error covariance and three singular values for the specific humidity 

background error covariance.  Figure 34 shows the original (left panels) and 

reconstructed (right panels) vertical background error covariance for temperature (top 

panels) and specific humidity (bottom panels) using the singular value method.  In this 

case, the error covariances have been reconstructed using only the retained singular 

values. As can be seen here, the magnitude of the full error covariance is represented by 
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the reconstructed matrix reasonably well while the structure has been adequately 

approximated.  The inverse background error covariance matrices for both temperature 

and specific humidity used in this 1D-Var study are displayed in Figure 35. Large 

weightings are found in middle and lower troposphere.  For both T and q the inverse error 

matrices display very simple structure with no noise or complicated features; this is 

necessary for proper minimization. 

Because 1D-Var deals with only the vertical component it is altogether feasible 

and computational applicable to use the full B matrix rather than simply the diagonal 

component.  This allows for a far better spread of the increments produced by the 1D-Var 

in the vertical.  For each 1D-Var experiment, the operational AIRS channel subset from 

the National Environmental Satellite, Data, and Information Service (NOAA/NESDIS) is 

used.  This subset contains a total of 323 AIRS channels, down from the full 2378 AIRS 

channels.   

 

6.1.2 AIRS 1D-Var Comparison to GPS RO Data and Derived Products 

 Verification of the AIRS 1D-Var requires an independent dataset to which the 

results are compared.  The most logical dataset would be radiosonde data, as the 

observations are in situ in nature and known to be highly reliable.  However, AIRS data is 

not only not available at the synoptic times (00 and 12 UTC) over the continuous United 

States, but is offset by as much as 6 hours over the test case domain (i.e. southeastern 

U.S.) selected for this work.  Therefore, the AIRS 1D-Var results must be verified 

through comparison with another dataset available at (or near) the AIRS observation 

times.  The dataset chosen for this study is the GPS radio occultation derived temperature 

and moisture profiles. 

 Remote sensing of the atmosphere using GPS satellites was first demonstrated 

during the Global Positioning System/Meteorology (GPS/MET) project (Feng and 

Herman 1998) and has since been expanded upon with the Challenging Minisatellite 

Payload (CHAMP) satellite and the recently launched Constellation Observing System 

for Meteorology, Ionosphere, and Climate (COSMIC) satellites  (Cucurull et al. 2007).  

This satellite-to-satellite remote sensing method utilizes the radio occultation (RO) 

technique.  Due to the atmospheric index of refraction and its gradient, GPS signals move 
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through the earth�s atmosphere along a curved path with slightly slowing speed. These 

signals are detected by a low earth orbiting (LEO) satellite, such as CHAMP or one of the 

COSMIC satellites.  The satellite records the excess phase delay (due to the curving 

propogation), which can then be compared to an idealized radio signal travelling along a 

straight path through a vaccum. Using the Abel integral transform, the vertical profile of 

atmospheric refractivity can be computed from the phase delay.   

The atmospheric refractivity is related to atmospheric pressure, temperature, and 

moisture through the following relationship (Bevis et al. 1994): 

5

2
77.6 3.73 10 wpp

N
T T

= + × ,                                              (50)  

where p is pressure, T is temperature, and pw is water vapor pressure.  The COSMIC Data 

Analysis and Archive Center (CDAAC) uses (50) as the forward operator in their T and q 

profile retrieval algorithm (Healy and Eyre, 2000).  CDAAC employs a 1D variational 

approach to derive these geophysical parameters from the GPS RO observations.  The 

raw reflectivities and the derived products are avaliable online at the CDAAC website.  

For our study, the derived T and q profiles, as well as the rawer data --- refractivity --- 

from the CDAAC website are used to validate the AIRS 1D-Var results. 

Between 9-14 July, 2003 (the time surrounding our test case), there were 20 GPS 

RO observations over the continuous United States and southern Canada (figure 36) that 

were 1-3 hours temporally offset (but spatially co-located) with AIRS observational 

swath times.  These 20 GPS RO observations are used to evaluate the AIRS 1D-Var 

results in two ways: (1) the AIRS 1D-Var T and q profiles are compared directly to the 

GPS RO-derived products and (2) AIRS 1D-Var T and q profiles are mapped to 

reflectivity space by (50) and compared to the raw GPS RO observations.  The latter 

comparison allows for a more robust validation as it removes any retrieval error inherent 

with the CDAAC retrieval process for T and q.  Because the GPS RO data represents an 

integrated effect of the atmosphere, we have elected to use a four-point average of AIRS 

channel data surrounding each GPS RO location�this averaged AIRS data is then 

assimilated.  This provides slightly more channels to use for each assimilation, due to 

cloud variability.   
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Table 5 displays the minimization results of AIRS data for each GPS RO profile 

location.  Included in this table is the location of each GPS RO profile, the total number 

of AIRS channels used (after LCCDR), the extent of the AIRS data in the vertical (as 

defined by the peak sensitivity heights for each channel), and the reduction in the 

gradient size after minimization.  Each minimization ran a requisite 30 iterations, with a 

reduction in the gradient from two to three orders of magnitude. 

Figure 37 shows the channel information for GPS-AIRS comparison profile 

number four.  GPS-AIRS comparison profile number four is located in southern Canada 

at 1701 UTC 10 July, 2003.  The AIRS data used for this comparison is from AIRS 

granule 182 from 1811-1817 UTC 10 July, 2003.  Shown here are the absolute model-

observation BT difference (prior to assimilation) for the LCCDR-passed channels (black 

dots), the channels rejected by LCCDR COP test (blue dots), and the channels rejected by 

the LCCDR biweight test (red dots).  The left panel displays the carbon dioxide and 

window channels (arranged by the RS-T height), the right panel shows the water vapor 

channels (arranged by the RS-Q height).  The MODIS average cloud top pressure for this 

point is ~950 hPa.  Here it can be seen that the biweight test primarily removes those 

channels whose peak sensitivity height is near and above the MM5 model top, as the RT 

model uses a merging technique to splice the MM5 T/q profiles with that of a reference 

profile.  Nearer the surface, those channels whose WFs are broad in the vertical with 

peaks below 800 hPa are removed by the COP test as too much atmospheric contribution 

to those channels originates at or below the physical cloud height�this is clearly the case 

as the model-observation BT difference is much higher for these channels than those 

selected.  The selected channels cover a good portion of the troposphere for the carbon 

dioxide channels, ranging from 119-920 hPa.  There are some gaps, specifically between 

600-800 hPa, where only four channels are selected.  The selected water vapor channels 

cover a more narrow vertical extent, between 400-825 hPa, with gaps between 500-600 

and 700-800 hPa.   

Figure 38 shows the convergence of the selected channels after minimization for 

both carbon dioxide (left panel) and water vapor (right panel) channels.  The solid lines 

indicate the mean absolute model-observation BT difference before (black) and after 

(red) AIRS assimilation for all twenty comparison profiles; data arranged by peak RS-T 
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(left panel) and RS-Q (right panel) heights for each channel.  As can be seen, the mean 

difference has been substantially reduced for each channel, as well as the spread across 

all twenty profiles; in fact, the standard deviation of the BT data after AIRS assimilations 

matches well with the observational value; this demonstrates that the 1D-Var is 

converging properly.   

Figure 39 shows the T/q profiles for AIRS-GPS profile comparison number four.  

The GPS RO-derived T (left panel) and q (right panel) profiles are in black, background 

in red, and AIRS 1D-Var in green.  For the T profile, the AIRS 1D-Var profile matches 

slightly better with the GPS profile than does the background, specifically near the 

tropopause and between 300-600 hPa.  The AIRS 1D-Var profile matches the GPS 

profile better from 850 to the surface as well.  There is a small inversion in the GPS T 

profile near 550 hPa that is not seen in the background.  The AIRS 1D-Var does not 

manage to resolve the feature either, however, there is a slight warm �nudging� of the T 

profile when comparing the background to the AIRS 1D-Var result; therefore, it would 

appear that the AIRS data contains some information regarding this feature. When 

comparing this result to fig. 37, it seems that the most significant improvements occur in 

those regions where a selected channel has peak sensitivity to temperature.  As for the 

mixing ratio, the AIRS 1D-Var profile is closer to the GPS profile particularly between 

700-850 hPa, as the GPS profile is much more moist than the background; this 

improvement is likely in response to those selected channels near 820 hPa.  Overall, the 

AIRS 1D-Var T/q profiles are an improvement over the background profile. 

Figure 40 shows the GPS, background, and AIRS 1D-Var profiles in reflectivity 

space for GPS-AIRS comparison profile number four.  The background and AIRS 1D-

Var T/q profiles are mapped to reflectivity space by (50).  This experiment allows us to 

directly compare the background and AIRS 1D-Var data to the GPS observations�

eliminating any error due to the CDAAC retrieval process.  As can be seen, the 

background and GPS RO profiles match fairly well from 100-500 hPa.  Below 500 hPa, 

the background and GPS RO profile diverge from each other, and rather significantly 

between 650-900 hPa.  After assimilating AIRS data, the AIRS 1D-Var RO profile 

matches with the GPS RO profile very well, eliminating much of the discrepancy that 

was present between the background and GPS RO profiles.  This suggests that the AIRS 
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assimilation has been successful, and that the assimilated data is capturing the 

atmospheric features identified by the GPS RO profile.   

Figure 41 shows the statistical results of the AIRS 1D-Var experiment for all 20 

selected profile comparisons.  The mean difference (solid lines) and standard deviation 

(dot-dashed lines) between the background and GPS (black) and AIRS 1D-Var and GPS 

(red) temperature (left panel) and mixing ratio (right panel) profiles is shown.  For the 

temperature profile, the mean difference is reduced significantly after AIRS assimilation.  

This is particularly true as a background �cold bias� between 150-700 hPa is significantly 

reduced after AIRS assimilation.  There is some improvement in the mean difference 

below 700 hPa, however it is small�likely due to the smaller number of AIRS channels 

available due to cloud contamination nearer the surface.  In fact, below 900 hPa, the 

mean difference for the background and AIRS 1D-Var is nearly identical.  The standard 

deviation is also significantly reduced after AIRS assimilation as the spread is much 

smaller than that seen in the background standard deviation; the largest improvement is 

again between 150-900 hPa where the largest concentration of AIRS channels lie.  The 

mixing ratio profile shows similar results, as the mean difference is improved by the 

AIRS assimilation and the standard deviation is substantially reduced, especially between 

450-850 hPa.  This region is where most of the peak RS-Q values lie and where a 

majority of selected water vapor channels are found.  Like the results for the temperature 

profiles, the mixing ratio profiles do not improve much after AIRS assimilation nearer the 

surface (below 900 hPa). 

Figure 42 shows the comparison between model-simulated RO and GPS observed 

RO data for all twenty selected profiles.  As in fig. 40, fig. 42 shows the mean difference 

(solid lines) and standard deviation (dot-dashed lines) between the background and GPS 

RO (black lines) and AIRS 1D-Var and GPS RO (red lines) profiles.  As in fig. 40, fig. 

42 indicates that the assimilation of AIRS data has resulted in a significant improvement 

in T and q, resulting in a much better fit to the GPS RO profiles.  This is especially true 

between 400-850 hPa, the region where most of the combined selected water vapor and 

carbon dioxide AIRS channels reside.  The mean difference has been reduced for most of 

the vertical levels, and the standard deviation has been substantially reduced as well.   
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6.1.3 1D-Var Experiment Conclusions 

The results from the 1D-Var study show that AIRS data can lead to significant 

improvements to the analysis of temperature and moisture profiles.  This is especially 

true for those temperatures between 100-800 hPa and mixing ratio values between 450-

850 hPa.  Improvements such as this will produce more accurate analysis fields for 

initializing mesoscale model forecasts, which may also lead to more accurate forecasts of 

temperature and moisture.  This study also demonstrates the usefulness of the LCCDR 

quality control algorithm.  Not only does the QC routine remove cloud contaminated 

data, it also screens for outliers produced by other causes (e.g. near surface channels with 

emissivity errors).  This allows the user to possibly incorporate all types of AIRS 

channels (window, carbon dioxide, and water vapor) in an assimilation.  Overall, the 

LCCDR algorithm has provided the 1D-Var study with a good distribution of channels in 

the vertical while removing those channels that are harmful to the minimization.  Also, 

this study has shown that the background error covariance matrix is properly spreading 

the increments to the T and q profiles, even beyond those vertical levels with AIRS 

channels present (as defined by the peak sensitivity height).  Finally, this study has 

demonstrated that the AIRS radiance and GPS RO datasets contain remarkably similar 

information as to the thermodynamic state of the atmosphere, suggesting that both 

instruments are providing excellent estimates of the atmospheric state to both reseachers 

and forecasters. 

 

6.2 AIRS 4D-Var Experiements 

 The AIRS 1D-Var experiments demonstrate that AIRS radiance observations can 

have a substantially positive impact on temperature and moisture profiles.  The question 

now becomes, can AIRS radiance observations positively impact temperature and 

moisture profiles in a forecast?  To do this, a simple 4D-Var experiment is conducted to 

ascertain the potential impact of AIRS radiance observations on the temperature and 

moisture fields of a short-term mesoscale forecast (both 6- and 12-hr). 

 AIRS data is currently assimilated operationally at the United Kingdom 

Meteorological Office (UK Met) and the European Centre for Medium-Range Weather 

Forecasts (ECMWF).  ECMWF has been operationally assimilated since September, 



 55

2003 (McNally et al. 2006), and the results have been generally positive.  The approach 

used at ECMWF is to conservatively utilize the AIRS radiances, that is: (1) to use only 

those data known to match with the background state well (i.e. strict quality control), (2) 

estimates of observational error used for weightings are set on the high-end, (3) the data 

are spectrally and spatially thinned, (4) surface channels are excluded over land to avoid 

including emissivity errors in atmospheric adjustments, and (5) ozone channels have been 

completely excluded.  The results from their AIRS-only experiment show significant 

improvement in the anomaly correlation of the 500-hPa geopotential, as well as the root 

mean square errors of 200-hPa temperature (the two metrics used); this is especially true 

over the southern hemisphere.  When the experiment was expanded to the full ECMWF 

system (AIRS, plus all other data) the impact was small, but consistently positive over all 

test cases (McNally et al. 2006).  ECMWF has shown that AIRS radiance observations 

can have a positive impact in medium-range global forecasts, but can the same be said for 

short-term mesoscale forecasts?  The following study attempts to shed some light on that 

possibility. 

  

6.2.1 Methodology 

 Two 24-hr model runs are made using the MM5 on a 91x91x32 grid with 15 km 

horizontal resolution (figure 43) initialized at 0600 UTC 11 July, 2003 and centered over 

the southeastern United States; the two model runs consist of a control (CTRL) run with 

no AIRS radiance assimilation and a 4D-Var (4DVR) run with AIRS assimilation.  The 

MM5 adjoint modeling system (MM5-AMS) version 2 (Zou et al. 1997) is used as the 

assimilation model for this test; the forward and adjoint RT models have been linked and 

verified to the MM5-AMS (see testing results in chapter 3) 

In the 4DVR run, AIRS data is assimilated at the end of a two-hour assimilation 

window at 0800 UTC.  The AIRS data is from granule 078, co-located over the MM5 

domain and valid from 0747-0753 UTC 11 July, 2003.  The NOAA/NESDIS 323 AIRS 

channel subset is used for computational efficiency and is further thinned to remove 

cloud contaminated data and outliers by the LCCDR algorithm.  No spatial thinning was 

performed, however, as the full 13.5 km resolution AIRS data are utilized.  The 

observational weighting is the same as in the 1D-Var work (see previous section) and the 
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background error covariance from the MM5-AMS is used (Zou et al. 1997).  Like 

McNally et al. (2006), no ozone channels are selected for this study, and all channels 

shorter than 4.46 µm (past AIRS channel 1928) are eliminated to avoid difficulties with 

large biases.  Those channels with large sensitivity to surface temperature (i.e. window 

channels) are used over land if passed by the LCCDR quality control algorithm.  The 

MM5-AMS observational cost function component (see (14)) is calculated in data space, 

where the input x vector is interpolated to the AIRS grid points prior to mapping to BT 

space. 

The CTRL and 4DVR forecasts are validated at two times, 6- and 12-hrs (1200 

and 1800 UTC).  The 6-hr forecasts are validated against standard NCEP analysis data 

collected from at 1200 UTC over the southeastern United States.  The 12-hr forecast, 

since it is valid at 1800 UTC, is not applicable to validate against analysis data.  

Therefore, the 12-hr forecast is validated against AIRS BT observations collected over 

the southeastern United States near 1800 UTC using the AIRS-model verification (A-

MV) technique described in the previous chapter and overviewed in Carrier et al. 

(2007b). 

 

6.2.2 6-hr Forecast Results 

 The 6-hr forecasts from the CTRL and 4DVR runs are validated against NCEP 

analysis data from across the southeastern United States, valid at 1200 UTC.  The NCEP 

analysis data is interpolated to the MM5 forecast grid for the validation experiment.  The 

mean difference (solid lines) and standard deviation (dashed lines) for the CTRL (black 

lines) and 4DVR (red lines) forecasts is calculated and shown for T (top panels) and q 

(bottom panels) in figure 44.  For T, the mean difference has been reduced significantly 

in the 4DVR forecast.  The CTRL forecast shows a warm bias from 200-700 hPa, and a 

cold bias below 700 hPa, these features have been reduced in the 4DVR result.  This 

result is consistent with those found in section 5 where the forecast model was under-

predicting the mid-tropospheric moisture content leading to dryer and warmer conditions 

than seen in the observations.  The spread has been improved slightly in the 4DVR results 

as well.  For q, the mean difference has been reduced (as was seen with T), except near 

the surface.  Again, the CTRL forecast is under-prediciting the mid-tropospheric moisture 
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content (300-600 hPa); the AIRS data has improved this feature in the 4DVR forecast as 

indicated by the figure.  The spread has been reduced through the majority of the 

atmospheric layer; this is not unexpected, as this outcome was suggested in the 1D-Var 

results.    This suggests that at 6-hrs, the assimilated AIRS data is having a significant, 

and positive, impact on the forecast results of T and q. 

 

6.2.3 12-hr Forecast Results 

 The 12-hr CTRL and 4DVR forecasts are validated against AIRS BT observations 

using the A-MV technique described in chapter 5 and outlined in Carrier et al. (2007b).  

Here, AIRS data from granule 188 co-located over the forecast domain and valid between 

1847-1853 UTC is used to test the forecast results.  The T and q profiles from the CTRL 

and 4DVR forecasts are mapped to BT space via the RT model.  Using the AIRS 

observations as a measure of truth, BT RMS error and correlation statistics are calculated 

for each channel.  An adjoint sensitivity study for this forecast domain was conducted in 

the same manner as described in chapter 5.  The BT RMS error and correlation values are 

band-split into carbon dioxide and water vapor channels and then arranged vertically by 

each channel�s peak RS-T (carbon dioxide) and RS-Q (water vapor) heights.  Since some 

channels have identical peak sensitivity heights, at times it is necessary to compute the 

level average for plotting purposes. 

 Figure 45 shows the results from the A-MV experiment.  The top (bottom) panels 

are the carbon dioxide (water vapor) channels, and the left (right) panels are the BT RMS 

error (correlation) statistics arranged by peak sensitivity height.  The CTRL results are 

shown in black, whereas the 4DVR results are shown in red.  For the carbon dioxide 

channels, the BT sensitivity is largely due to atmospheric temperature; therefore, any 

change in RMS error or correlation can be connected to that model variable.  For these 

channels, the RMS error is slightly reduced in the 4DVR results when compared to the 

CTRL; this is especially true for those channels with peak sensitivities below 600 hPa.  

The correlation values for these channels are also slightly higher.  There is a slight 

degradation for those channels between 300-600 hPa (and lower correlation) in the 4DVR 

results; the cause of this is as of yet unresolved. 
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 The results for the water vapor channels can be connected mainly to the 

atmospheric water vapor (i.e. mixing ratio), therefore any change in RMS error or 

correlation can be attributed, at least partly, to the model mixing ratio variable.  For these 

channels there is a substantial improvement in the in RMS error for those channels with 

peak sensitivities above 500 hPa and below 700 hPa (mainly below 750 hPa), as the RMS 

error is reduced by as much as 1 K.  Within the 500-700 hPa region the impact is 

smallest, but never negative, as the RMS error and correlation are never degraded for any 

channel.  The correlation is also slightly higher for all most channels, indicating that the 

4DVR 12-hr forecast has a much better handle on the moisture simulation than the CTRL 

run.  These results are consistent with that seen in the 6-hr forecast, as well as the 1D-Var 

results, which showed more substantial improvement in the moisture field.  This is not 

entirely unexpected, as the model moisture field is usually more erroneous than 

temperature and has more potential for improvement. 

  

6.2.4 4D-Var Experiment Conclusions 

 At both 6- and 12-hours, the 4DVR forecast results show some slight 

improvement over the CTRL forecast.  The largest improvements occurred in the 

moisture field as the 6-hr forecast showed significant improvement, both in the mean 

difference and spread, as well as the 12-hr forecast where the BT RMS error is reduced 

by as much as 1 K.  There is also some significant improvement in the temperature field, 

as the alternating warm and cold biases are reduced at 6-hrs while there was slight 

improvement in the BT field at 12-hrs.  This study suggests that AIRS data can lead to 

improved T and q prediction in short-term regional forecasts.  Improving these 

parameters may lead to more accurate precipitation forecasts, perhaps even for 

convective systems (given enough lead time).  The study shown here is a simple one with 

conservative assumptions in regards to observational error and approaches in regards to 

the number of times the AIRS data is assimilated in a two-hour window.  A more 

vigorous study involving better observational weightings and forcing the AIRS data 

several more times in a two-hour assimilation window should lead to improved results.  

Lastly, this study further demonstrates the usefulness of the A-MV technique in its 

application in validating two forecasts against in-direct observations. 
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7.0 CONCLUSIONS 

 

7.1 Summary 

 In this study we have investigated the impact of AIRS radiance observations on 

the mesocale fields of temperature and moisture, both in a 1D-Var setting examining T 

and q retrievals, and also in a 4D-Var environment exploring the forecast of temperature 

and moisture through time.  In order to do this, the adjoint of the RT model selected was 

developed and linked to the MM5 adjoint modeling system.   

 Radiance observations are particularly sensitive to the effects of clouds, therefore, 

a cloud-contamination detection algorithm, LCCDR algorithm, was developed to remove 

all AIRS channels which exhibit cloudiness.  This algorithm uses RT model WFs to 

determine a cut-off pressure (COP) height for each channel at each domain point to 

determine if a channel is cloud-contaminated or not.  The COP height for each channel 

(at each point) is compared to the MODIS cloud top pressure (CTP) field; if the COP 

height is physically above the MODIS CTP, then the channel is considered cloudy and 

removed.  The algorithm also has the ability to remove outliers from the channel dataset.  

The LCCDR algorithm calculates the biweight mean and standard deviation as in 

Lanzante (1996) and Zou and Zeng (2006), which is weighted more heavily in favor of 

those data near the center of the difference distribution.  The mean and standard deviation 

are then used to calculate the z-score, which is used to identify outliers in the data.  The 

results of this study have shown that the LCCDR can increase the amount of usable data 

(over solely clear-sky data) by as much as 60% (depending on the channel), while at the 

same time retaining the error characteristics of a clear-sky BT field.  With the inclusion 

of the biweight step, the LCCDR algorithm has also proven to be highly resistant to 

errors in either the RT model WF or MODIS CTP estimates. 

 An adjoint sensitivity study has also been conducted that provides the sensitivity 

to each modeled BT channel to the input variables of temperature and moisture.  This 

study has provided a link between the BT space and model (i.e. temperature and 

moisture) space allowing for more insightful examination of the assimilation results as 

well as the development of a model verification technique.  The rationale of using the 

adjoint sensitivity over the more traditional RT model weighting functions is outlined in 
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this work.  In short, it has been shown that while not only possessing the capability to 

differentiate the relative sensitivity to each input field, adjoint sensitivity provides a 

slightly different vertical profile than WFs depending on the profile of temperature.  

When it�s used to organize BT data in a vertical profile by pressure level, the sensitivity 

information is more accurate than the WF and can be used to organize carbon dioxide and 

water vapor channels separately.  The model verification technique has been shown to be 

useful in diagnosing possible errors in a mesoscale forecast, while also demonstrating the 

ability to be used to compare one forecast to another in order to decipher which is out-

performing the other. 

 A set of variational assimilation experiments have been conducted to examine the 

impact of AIRS data on the profiles of temperature and moisture.  First a set of 1D-Var 

experiments is done and its results compared to both the derived products (i.e. 

temperature and moisture) from GPS RO data, as well as the raw reflectivities.  The 

results show that the assimilation of AIRS data leads to a significant improvement in the 

temperature and mixing ratio profiles over the background values when compared to GPS 

data.  The mean differences over all twenty profile comparisons are reduced in both T and 

q, as well as the standard deviations.  When mapping the 1D-Var and background T and q 

to reflectivity space and comparing them to GPS RO observations, the results are equally 

as good.  The mean difference is significantly reduced through much of the troposphere, 

while also reducing the spread.   

 Finally, a simple 4D-Var experiment is conducted that examines the impact of 

AIRS data assimilation on a short-term mesoscale forecast of temperature and moisture 

fields.  Two forecasts are run, a control run with no AIRS assimilation (CTRL) and one 

with AIRS assimilation (4DVR); the 4DVR run assimilated AIRS data once at the end of 

a two hour assimilation window.  The results of both the 6- and 12-hr forecasts are 

explored.  The 6-hr forecast data is validated against NCEP analysis data over the 

southeastern United States.  The mean difference profile shows some significant 

improvement in the 4DVR run over the CTRL run at 6-hrs (especially in temperature).  

At 12-hrs, the 4DVR and CTRL forecasts are compared to AIRS BT observations using 

the model verification technique described previously.  The results show marginal 

improvement for the carbon dioxide channels, which provide information regarding the 
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model temperature field.  The results are more positive in the water vapor channels 

(describing the model moisture field), as the BT RMS error is reduced by as much as 1 K 

for some channels, with significant improvement seen in the upper level and near surface 

water vapor channels.   

 Overall it has been demonstrated that AIRS data, previously used only at global 

scales at operational centers, can lead to improved temperature and moisture analysis at 

the mesoscale, while also improving the short-term prediction of these fields via 4D-Var.  

If AIRS data is utilized in a more rigorous assimilation attempt, its inclusion may lead to 

substantial improvements in short-term precipitation forecasts, and even convective 

precipitation initiation and intensity. 

 

7.2 Future Work 

 The next logical step in this work is to expand beyond one test case, as shown 

here, and include more challenging cases such as tropical cyclones or winter storms.  The 

variational work, which is shown here, utilized the operational AIRS channels subset 

from NOAA/NESDIS.  This was done to avoid complications with channels that are 

absorbed by un-modeled gases, and those channels with poor spectroscopy.  This channel 

selection, however, was designed with global applications in mind; it is therefore possible 

that an optimal channel selection for mesoscale applications might exist.  One possible 

method would be to use the adjoint sensitivity study to compile a constant channel 

selection based on those channels that are most sensitive to the mesoscale T and q fields.  

This channel selection could then be tested in a 1D-Var framework and compared to the 

results shown here to determine if any improvement is made.  A further examination of 

this channel selection might reveal that one can obtain the same information content from 

AIRS data with fewer channels than the NOAA/NESDIS selection; or perhaps 

substantially more information can be gathered using slightly more channels than 

NOAA/NESDIS.  The validation process could also be expanded to include other data 

sources, beyond GPS RO data, to include dropsondes and aircraft data that may be 

available during AIRS observation times.  The implications of such are of sufficient 

importance that this needs to be explored. 
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 Finally, a more rigorous 4D-Var experiment must be carried out.  The experiment 

detailed here was a simple one, using many of the same conservative assumptions 

suggested by ECMWF in their global application of AIRS data.  Using more accurate 

observational weightings forcing the AIRS data numerous times in a two-hour 

assimilation window, and perhaps using an optimal channel selection for mesoscale 

applications may lead to significantly improved results over that which is shown here.   

One particular study that may yield substantial results is the application of AIRS 

data in hurricane forecasting.  Initially, this work was geared towards improving 12-hr 

convective precipitation forecasts.  The thought process being that AIRS data could be 

used during the morning hours over a relatively cloud-free domain to improve the 

model�s prediction of  convective precipitation over the short-term (i.e. 12 hour forecast).  

This same principle can be applied to tropical cyclone forecasting.  The tropical oceans 

are known to be data sparce regions�this fact has impeded the ability of forecasters to 

accurately predict the genesis of a tropical cyclone.  It is possible that AIRS data can be 

used to improve this prediction.  If AIRS data were assimilated over a region with a 

developing low-pressure center in the tropics, the information provided to the forecast 

model from AIRS may lead to improved tropical cyclone formation and development in 

the model.  This is an exciting possibility and one that is well worth investigating. 

 

 

 

 

 

 

 

 

 

 

 



 64

8.0 TABLES AND FIGURES 

 

 

Table 1:  Correctness check values for tangent linear model.  Values obtained by solving  

equation 22 using MM5 forecast fields as input. 

 

 
 

 
 

 
 

 
 

 
 

 
 
Table 2:  Correctness check values for adjoint RTM.  Values obtained by solving  

equation 25 using MM5 forecast fields as input. 

 
 

 

 

 

 

 

Table 3:  Gradient check values for adjoint RTM.  Values obtained by solving  
equation 27 using MM5 forecast fields as input. 

 
 I= 1    alpha=   0.10000E+02  F(A)=     0.3297811232E-01 

 I= 2    alpha=   0.10000E+01  F(A)=     0.2581346700E+00 

 I= 3    alpha=   0.10000E+00  F(A)=     0.8215998323E+00 

 I= 4    alpha=   0.10000E-01   F(A)=     0.9831204452E+00 

 I= 5    alpha=   0.10000E-02   F(A)=     0.9984818490E+00 

 I= 6    alpha=   0.10000E-03   F(A)=     0.1000121710E+01 

 I= 7    alpha=   0.10000E-04   F(A)=     0.9999862836E+00 

 I= 8    alpha=   0.10000E-05   F(A)=     0.9999986025E+00 

 I= 9    alpha=   0.10000E-06   F(A)=     0.9999996105E+00 

 I=10   alpha=   0.10000E-07   F(A)=     0.1000015913E+01 

 I=11   alpha=   0.10000E-08   F(A)=     0.9999474677E+00 

 I=12   alpha=   0.10000E-09   F(A)=     0.1000959627E+01 

 I=13   alpha=   0.10000E-10   F(A)=     0.1003033725E+01 

 I=14   alpha=   0.10000E-11   F(A)=     0.9665296030E+00 

 I=15   alpha=   0.10000E-12   F(A)=     0.7051932725E+00 

 I=16   alpha=   0.10000E-13   F(A)=     0.4148195721E+00 

 

 

Alpha F(a) 

1.00E-01 0.9777199359442650 

1.00E-02 0.9977422962392810 

1.00E-03 0.9997719427024720 

1.00E-04 0.9999771897733500 

1.00E-05 0.9999977190393970 

1.00E-06 0.9999997709682530 

1.00E-07 0.9999999828443470 

1.00E-08 1.0000000817953500 

1.00E-10 0.9999990046273810 

1.00E-11 1.0000162930614500 

Adjoint Correctness Check 

Adjoint Left 443442.0958525560 

Adjoint Right 443442.0958525560 
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Table 4: RMSE, MAE, and correlation coefficients of model-simulated and AIRS observed BTs from 

channels 1 to 1864 over 4 AIRS scan swaths:  G078 at 07:47-07:53 UTC 11 July, 2003; G188 at 18:47-

18:53 UTC 11 July, 2003; G189 at 18:53-18:59 UTC 11 July, 2003; and G069 at 06:53-06:59 UTC 12 July, 

2003.  

 

All Data Clear-sky Only LCCDR-passed Data 

Swath RMSE MAE Corr. RMSE MAE Corr.

% 

Tot. 
Pts RMSE MAE Corr. 

% 

Tot. 
Pts 

G078 11.94 7.02 0.48 1.57 1.32 0.86 32% 1.70 1.37 0.84 75%

G188 16.59 10.97 0.33 1.97 1.62 0.76 12% 2.37 1.88 0.73 60%

G189 12.88 9.38 0.71 1.85 1.58 0.83 19% 2.29 1.86 0.83 61%

G069 13.94 9.63 0.25 1.60 1.29 0.84 15% 1.81 1.44 0.78 65%
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Table 5:  GPS-AIRS profile comparison information.  Listed is location of GPS profiles, time (in UTC), 

lowest level of GPS T/q profile in atmosphere, number of selected AIRS channel used in 1D-Var, range of 

peak sensitivity heights (both T and q) for AIRS channels, number of iterations for minimization, and ratio 

of  minimum (i.e. last) gradient value to the initial gradient value (last gradient value divided by initial 

gradient value). 

 

 
 

 

 

 

 

 

 

 

GPS Data AIRS Data 

Prof 

# Lat/Lon 

Time 

(UTC) Lowest Height 

# of 

Chan PK Sens Range Iter Gradient Ratio 

#1 40N 72W 0249 410 hPa 182 125-960 hPa 30 0.0046 

#2 43N 72W 0501 674 hPa 137 122-989 hPa 30 0.0126 

#3 31N 99W 0505 982 hPa 51 238-661 hPa 30 0.0158 

#4 51N 90W 1701 989 hPa 127 119-920 hPa 30 0.0049 

#5 39N 110W 1800 796 hPa 63 118-793 hPa 30 0.0127 

#6 50N 85W 1832 461 hPa 164 120-938 hPa 30 0.0031 

#7 26N 87W 1601 661 hPa 149 110-875 hPa 30 0.0064 

#8 37N 94W 1738  994 hPa 97 200-788 hPa 30 0.0136 

#9 40N 124W 2100 725 hPa 55 201-773 hPa 30 0.0074 

#10 43N 71W 0449 988 hPa 111 110-910 hPa 30 0.0321 

#11 33N 96W 0624 835 hPa 113 223-773 hPa 30 0.0164 

#12 37N 111W 1800 629 hPa 48 125-720 hPa 30 0.0139 

#13 23N 116W 1945 464 hPa 152 110-910 hPa 30 0.0146 

#14 44N 73W 0224 991 hPa 104 113-913 hPa 30 0.0234 

#15 35N 84W 0531 603 hPa 203 110-989 hPa 30 0.0264 

#16 39N 94W 1726 532 hPa 76 119-655 hPa 30 0.0277 

#17 42N 123W 1800 459 hPa 81 136-773 hPa 30 0.0356 

#18 40N 80W 0439 921 hPa 187 136-875 hPa 30 0.0174 

#19 32N 96W 0613 861 hPa 73 201-773 hPa 30 0.0065 

 

#20 25N 115W 2000 459 hPa 79 125-875 hPa 30 0.0057 
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Figure 1: GOES-12 mid-level water vapor image from 1200 UTC 11 July, 2003. Image courtesy of NCDC 

Satellite Browse Archive at http://www.ncdc.noaa.gov/oa/satellite/satellitedata.html. 
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Figure 2: MM5 forecast domain (light gray) and AIRS data domain (dark gray) used in this study that 

covers a 6-minute scan swath (granule 188, 1847-1853 UTC 11 July, 2003).  Black box region indicates the 

MM5/AIRS overlapping domain. 
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Figure 3: The COP levels and the WF profiles for two channels with similar peak WF heights, but different 

shapes: narrower channel 215 (14.06 µm, gray) and broader channel 264 (13.79 µm, dark black).  
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    b.             c. 

 
    d.                                              e. 

 
Figure 4:  (a) Average peak RTM WF and LCCDR COP pressure levels (sorted from highest to lowest 

peak WF level) for AIRS channels 1-1864.  Error bars displayed for every 75 channels.  Middle panels 

show the spatial distribution of LCCDR COP levels across the MM5/AIRS overlapping domain for (b) the 

14.14 µm channel (AIRS channel 201) and (c) 7.13 µm channel (AIRS channel 1583).  Bottom panels show 

spatial distribution of the difference between the COP and the peak WF pressure levels across the 

MM5/AIRS overlapping domain for (d) 14.14 µm channel (AIRS channel 201) and (e) 7.13 µm channel 

(AIRS channel 1583).   
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Figure 5: MM5/AIRS overlapping pixels which contain no clouds (black pixels) and at which clouds do 

not exist above 800 hPa (gray pixels) near 1800 UTC 11 July, 2003.  
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Figure 6: The percentage of the total number of AIRS pixels (y-axis) that are free of cloud above the 

heights of different pressure  indicated on x-axis at 1800 UTC 11 July, 2003. 
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Figure 7: MODIS cloud top pressures (y-axis) and AIRS observed (top panel) and model-simulated 

(bottom panel) BTs at the 14.14 um carbon dioxide channel (channel 201) (x-axis) at all the pixels within 

the MM5/AIRS overlapping domain at 1800 UTC 11 July, 2003.  Gray diamonds illustrate those points 

excluded by the LCCDR COP test; open dots indicate points excluded by the LCCDR biweight test; black 

dots indicate those data points which successfully passed the LCCDR algorithm test. 
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Figure 8: Same as Fig. 7, but for the 7.13 um water vapor channel (channel 1583). 
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Figure 9: (a) AIRS observed (x-axis) versus model simulated (MM5 and SARTA) BTs at 1800 UTC 11 

July, 2003 for the 14.14 um carbon dioxide channel (channel 201).  Model data are generated from 18-hr 

MM5 forecast data.  Gray diamonds illustrate those points excluded by the LCCDR COP test; open dots 

indicate points excluded by LCCDR biweight test; black and gray dots indicate those data points which 

successfully passed the LCCDR quality control method; gray dots indicate clear-sky points (no cloud at any 

vertical levels). 
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Figure 10: Same as in Fig. 9, but for the 7.13 um water vapor channel (channel 1583).   
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Figure 11: A normalized PDF distribution of the differences between model-simulated and AIRS observed 

BTs for the AIRS channels 201 (top panel) and 1583 (bottom panel) at 1800 UTC 11 July, 2003, including 

all AIRS pixels (small dots), those that remain after applying the LCCDR algorithm (lines) and the clear-

sky pixels (large dots). 
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Figure 12: Total numbers of clear-sky points (gray line) and domain points that have clear channel(s) 

(black line) for the first 1864 AIRS channels arranged in decreasing of wavelength (top panel) and COP 

level (bottom panel). Data from the following four AIRS scan swaths are included: granule 078 (07:47-

07:53 UTC 11 July, 2003), granule 188 (18:47-18:53 UTC 11 July, 2003), granule 189 (18:53-18:59 UTC 

11 July, 2003), and granule 069 (06:53-06:59 UTC 12 July, 2003).  
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Figure 13: (a) RMSE (in K), (b) MAE (in K) and (c) correlation coefficients of model-simulated and AIRS 

observed BTs for the AIRS channels from 1 to 1865 averaged over 4 AIRS scan swaths (granule 078 at 

07:47-07:53 UTC 11 July, 2003; granule 188 at 18:47-18:53 UTC 11 July, 2003; granule 189 at 18:53-

18:59 UTC 11 July, 2003; and granule 069 at 06:53-06:59 UTC 12 July, 2003), for all AIRS pixels (thick 

black), those that remain after applying the LCCDR algorithm (gray) and the clear-sky pixels (thin black). 
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Figure 14: WFs for the 14.14 µm channel (AIRS channel 201) with (thin) and without (thick line)) adding 

errors (about 2o degrees for temperature and 10% for specific humidity) to MM5 forecast fields.  

Corresponding LCCDR COP leveles are indicated by dashed lines. 

 

 

Figure 15: Same as in Fig.14, except for channel 7.13 µm (AIRS channel 1583). 
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Figure 16: Same as Fig. 9 except that the MODIS CTP levels have been increased (a) or decreased (b) by 

100 hPa. 
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Figure 17: Same as Fig.16, except for the 7.13 um water vapor channel (channel 1583).   

 
 



 81

 

Figure 18: MM5 temperature and mixing ratio profiles from clear-sky domain point (33.2º N, 86.8º W) 

used for example adjoint sensitivity study.  Data from T1 (8-hr MM5 forecast initialized at 0000 UTC 11 
July, 2003).  
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Figure 19:  Maximum sensitivity values at each AIRS wavelength for T1 sensitivity analysis (using 8-hr 

MM5 forecast initialized at 0000 UTC 11 July, 2003).  Maximum RTM relative sensitivity to atmospheric 

temperature (RS-T) in brown (values on left y-axis) and maximum RTM sensitivity to specific humidity 

(RS-Q) in black (values on right y-axis).  Values are dimensionless. 
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Figure 20: RTM normalized weighting functions (top panel) and BT sensitivities to atmospheric 

temperature (middle panel) and specific humidity (bottom panel) for the AIRS spectral range between 
15.39 and 13.22 µm for T1 sensitivity analysis (using MM5 8-hr forecast initialized at 0000 UTC 11 July, 

2003).  Pressure levels on vertical axis; AIRS wavelengths on horizontal axis; weighting functions and 

sensitivities are normalized. 
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Figure 21: Same as Fig. 20, except for spectral range 12.34-8.79 µm.  Bottom panel is the sensitivity of BT 

to MM5 surface skin temperature variable (non-dimensional relative sensitivity on y-axis; AIRS channel on 

x-axis). 
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Figure 22: Same as Fig. 20, except for spectral range 8.22-6.20 µm. 
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Figure 23: Vertical levels of maximum BT sensitivity to atmospheric temperature (brown) and moisture 

(dashed) as well as the maximum weighting function height (black) for T1 (using 8-hr MM5 forecast 

initialized at 0000 UTC 11 July, 2003).  Pressure level (in hPa) on vertical axis; spectral channel (microns) 

on horizontal axis.  Displays spectral ranges between 14.83-14.15 µm (carbon dioxide temperature 

channels, top panel); 14.15-13.59 µm (mid-level carbon dioxide channels, middle panel); and 7.37-7.08 µm 

(water vapor channels, bottom panel).  
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Figure 24:  Difference in pressure levels of the peak RTM WF and peak RTM RS-T (vertical shift) and the 

corresponding d(T)/dp term at the level of peak RTM WF for G078-T2.  Data shown here from same BT 

data used in T1 sensitivity analysis (using 8-hr MM5 forecast initialized at 0000 UTC 11 July, 2003).  

Channels shown here are for all those with peak WF above 800 hPa (some data points overlap). 
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Figure 25:  Difference in pressure levels of the peak RTM WF and peak RTM RS-T (vertical shift, y-axis) 

and the �broadness� of the RTM WF in the direction of the shift.  Open circles indicate those channels 

which exhibit an upward RS-T peak shift (relative to the RTM WF peak).  Closed circles indicate those 

channels which exhibit a downward RS-T peak shift (relative to the RTM WF peak).  Data from T1 

sensitivity analysis (using 8-hr MM5 forecast initialized at 0000 UTC 11 July, 2003).   
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Figure 26: RMS error (a and c, x-axis in K) and correlation coefficient (b and d, x-axis dimensionless) of 

simulated BTs using the MM5 forecast and AIRS data from T1 (8-h forecast).  Top panels for all the 

carbon dioxide channels and bottom panels for water vapor channels. Channels are organized by the 

maximum BT sensitivity to atmospheric temperature (top panels) and the maximum BT sensitivity to 

specific humidity (bottom panels); y-axis (a-d) in hPa. 
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Figure 27: Same as Fig.26, except for the MM5 forecast and AIRS data from T2 (18-h forecast).  
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Figure 28:  (a) Peak RS-T pressure levels for the carbon dioxide channels and (b) peak RS-Q pressure 

levels for the water vapor channels.  Channels in (a) used for statistical analysis shown by figures 26 and 

27, panels a and b.  Channels in (b) used for statistical analysis shown by figures 26 and 27, panels c and d.  
Data from T1 MM5/SARTA data (using 8-hr MM5 forecast initialized at 0000 UTC 11 July, 2003).   
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Figure 29:  BTs calculated from 8-hr MM5 forecast initialized at 0000 UTC 11 July, 2003 for (a) carbon 

dioxide channels (arranged by peak RS-T pressure level) and (b) water vapor channels (arranged by peak 

RS-Q pressure level).  Channels in (a) used for statistical analysis shown by figures 26 and 27, panels a and 

b.  Channels in (b) used for statistical analysis shown by figures 26 and 27, panels c and d. 
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Figure 30:  Clear-channel BT for carbon dioxide channel 209 (14.10 µm) at time period T1 for (a) AIRS 

observed BT (0747 UTC 11 July, 2003), (b) MM5/SARTA simulated BT (MM5 8-hr forecast, initialized at 

0000 UTC 11 July, 2003), and (c) BT differences (observation minus model forecast). 
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Figure 31: Same as in fig. 30, but for water vapor channel 1583 (7.13 µm). 
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Figure 32:  Same as in fig. 30, but for water vapor channel 1752 (6.57 µm). 
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Figure 33:  BT cross-section (A-B line shown in Fig. 32a) with each water vapor channel arranged 
vertically by peak RS-Q pressure level.  Panel (a) AIRS observed BT data from T1 (granule 078 at 0747 

UTC 11 July, 2003); panel (b) Differences between AIRS observed and MM5/SARTA simulated BTs (obs 

minus model). 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 



 97

 

Figure 34:  Background error covariance matrices for temperature (top panels) and specific humidity 

(bottom panels).  Left panels are the original matrices, right panels are reconstructed from the singular 

value decomposition.  Axes in model sigma levels. 

 

 

Figure 35:  Inverse background error covariance matrices for temperature (left panel) and specific 

humidity (right panel) using a specified number of singular values.  Axes in model sigma levels. 
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Figure 36:  Selected GPS RO profile locations across continental United States and southern Canada 

between 9-14 July, 2003.  Each numbered profile�s exact RO time is listed to the right of figure. 
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Figure 37:  Absolute model-obs BT differences for AIRS channels selected for 1D-Var for GPS 
comparison profile #4 (black), rejected by LCCDR COP test (blue), and rejected by LCCDR biweight test 

(red).  Carbon dioxide channels (left panel) arranged by peak sensitivity to temperature; water vapor 

channels (right panel) arranged by peak sensitivity to mixing ratio.  323 NOAA/NESDIS channel selection 

used. 
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Figure 38:  Mean absolute difference (solid lines) and standard deviation of difference (dash-dot lines) 
between AIRS and background (black lines) BTs and AIRS and 1D-Var (red) BTs for all twenty carbon 

dioxide (left panel) and water vapor (right panel) channels.  AIRS observational standard deviation shown 

in blue dash-dot lines (deviation from mean 1D-Var BT differences). 
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Figure 39:  T/q profiles for GPS comparison profile #4 using AIRS data in assimilation.  Black line 

represents GPS RO-derived temperature (left) and mixing ratio (right) profiles; red line is first-guess 

background temperature and mixing ratio profiles provided by 6-hr MM5 forecast; green line is 1D-Var 

temperature and mixing ratio profile after assimilating AIRS data.  Vertical resolution of GPS data 

indicated by black dots; vertical resolution of model indicated by red dots (background) and green squares 

(AIRS 1D-Var).  
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Figure 40:  Comparison of GPS radio occultation (RO) profile (black line) to simulated RO profile using 

background T/q values (red line) and to simulated RO profile using AIRS 1D-Var T/q values (green line) 

for GPS profile comparison #4. 
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Figure 41:  Mean model-GPS difference (solid lines) and standard deviation of difference (dash-dot lines) 

between GPS and background (black lines) and GPS and AIRS 1D-Var (red) for all twenty temperature 

(left panel) and mixing ratio (right panel) profiles.   
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Figure 42:  Mean model-GPS difference (solid lines) and standard deviation of difference (dash-dot lines) 
between GPS and background (black lines) and GPS and AIRS 1D-Var (red) for all twenty RO profiles.  

Background and AIRS 1D-Var T/q profiles converted to reflectivity using local reflectivity operator. 
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Figure 43:  MM5 domain for AIRS 4D-Var experiment.  Domain is 91x91x32 with 15 km resolution.  

Model is initialized at 0600 UTC 11 July, 2003 and forecasts are run for 24 hours (verified at 06 and 12 hr). 
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Figure 44:  Mean model-radiosonde difference (solid lines) and standard deviation of difference (dash-dot 

lines) between 1200 UTC NCEP analysis and control forecast (black lines) and 1200 UTC NCEP analysis 

and  4D-Var forecast (red) for temperature (top panels) and mixing ratio (bottom panels) profiles.  Control 

and 4D-Var are 06 hr MM5 forecasts each  valid at 1200 UTC 11 July, 2003.  
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Figure 45:  RMS error and correlation of 4D-Var (red) and control (black) forecasts mapped to BT space.  

Carbon dioxide channels displayed in top panels and water vapor channels in lower panels.  Data arranged 

by peak RS-T height (carbon dioxide) and RS-Q height (water vapor) by A-MV technique. 
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