1.0 Introduction

Investigations into the utility of using satellite based infrared (IR) measurements for the sounding of temperature and water vapor began in the late 1960’s with the launch of the Nimbus satellites. Many of the methods developed in those early experiments were put into operational use shortly after. The operational generation of temperature and water vapor profiles continues to this day and is a main mission for the future NPOESS suite of satellites, scheduled to be launched in the 2012 time frame. The instruments used to collect the measurements have evolved over the years as technology has improved. The first IR sounding instruments had a limited number of channels, this does not include the IRIS instruments which saw very limited service time. With the launch of AIRS in 2001 the number of channels jumped by a factor of 100. Although AIRS is not operational, the soundings are processed shortly after data collection. The trend of using high-resolution hyperspectral measurements for atmospheric soundings continues with the launch of TES and IASI and the future launch of CrIS on the NPOESS platform.

Methods developed for the retrieval of atmospheric temperature and water vapor profiles from satellite data are typically in the form of a constrained nonlinear least squares solution. In most cases a cost function is defined and a minimization procedure applied. The cost function can be a highly nonlinear function of the profile. This is a product of the nonlinear nature of the radiative transfer problem. The degree of nonlinearity is determined by the spectral region of the measurements, the retrieved parameters and the initial guess profile. This is particularly relavant for high-resolution data where the degree of non-linearity varies rapidly with channel.

Solving nonlinear problems typically involve an iterative procedure, at each iteration a direction and step size is determined. For the retrieval problem the error in the initial guess and the topology of the cost function need to be taken into consideration when determining the best minimization strategy. Levenberg-Marquardt type algorithms are applicable to such problems. The basic strategy is to merge minimization methods that are applicable near and far from the solution. The drawback of such methods is the need for a mechanism for switching between the regimes. Typically a single parameter is used to weight one method over the other depending upon the variation of a defined error metric. The standard strategies for initializing and updating the weight parameter are not necessarily optimal for the sounding problem when considering observations with global variability. To deal with the scene variability, methods that incorporate a switching mechanism which are scene dependent should be used.

In this paper we present a method, called the DRAD method, which incorporates an estimate of the sounding error in adjusting the decent direction and step size as a function of iteration. The radiance residual between a measurement and simulation based upon a current profile estimate is used as a proxy for the retrieval error. In this way the retrieval path is regulated in a different way for each individual observation depending only on initial guess error and the degree of non-linearity of that particular scene. This results in a method which is relatively independent of the initial guess profile yet still rapidly converges to the final retrieval product. This feature of the algorithm which makes it applicable to the operational environment.

In the next section we present the DRAD method in the context of the maximum a posteriori method. In Section III we illustrate the method using simulated AIRS observations. We look at both individual retrievals and RMS errors for a global subset of simulated measurements. The initial guess independence is illustrated by simulating scenarios with improved knowledge of the sounding for the individual scenes. 

2.0 Inversion Method

 The retrieval of atmospheric and surface state parameters from remote observations is typically accomplished by minimizing a cost function of the form,
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Where ym is a vector of measurements, x is the state vector and F(x) is the forward model which maps the state vector to measurement space. g(x) is a penalty function used to constrain the solution. Assuming both measurement error and background constraint statistics can be characterized by Gaussian distributions, the cost function within the maximum a posteriori (MAP) framework is given by (Rodgers, Eyre)
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where Sy is an error covariance matrix describing the measurement and other errors and xa and Sx are the background (a priori) vector and the associated error covariance matrix, respectively. 

A general iterative solution for minimizing J(x) can be found by applying the Levenberg-Marquardt method. 
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This combines solutions via Newton’s method ((=0) and the steepest decent method ((((). Newton’s method is valid close to the solution where a quadratic expansion of the cost function is reasonable accurate. In regions where the quadratic approximation is not valid, i.e. far from the solution, applying Newton’s method can lead to large steps in arbitrary directions, which can slow convergence or in many cases diverge from the solution. The steepest decent method is known to have slow convergence close to the solution but when applied in the first few iterations ensures the progression is toward a minimum of J(x). The second order term, 
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, is typically ignored in applications of Newton’s method. This is because of the time consuming nature of calculating this term and in some cases this term just is not available. The justification for ignoring this term is that near the solution the problem is either only moderately nonlinear or the radiance residual is small. When working with high resolution IR data, for which the nonlinear nature of the problem can vary rapidly from channel to channel, these assumptions might not be valid. Despite this caution, we also have not included this term because of the time drain on the inversion.  

Using a static initial ( and predetermined variation with iteration is not an acceptable solution for atmospheric retrieval problems. The optimal initial value and step size is certainly a function of the specific scene being analyzed and how it relates to the initial guess profile. Li et al use the discrepancy principle to determine the iteration dependence of ( but always start from the same initial value. They illustrate the positive impact of allowing the algorithm to adjust ( in a self-consistent manner depending upon the path of the retrieval as a function of iteration. In the appendix we present a scheme for initializing and adjusting ( which is independent of the initial guess profile.

In this paper we present a variation on the Levenberg-Marquardt method, which automatically adjusts the path and step size as a function of how far the current guess is from the solution. The radiance residual between the measurement and simulation is used as a proxy estimate for the retrieval error. In this approach, the diagonal elements of the error covariance matrix, Sy, are set to either some fraction of the error in the observed space (i.e., the difference between yi and ym) or to the noise variance
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where 
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 is the instrument noise variance for the jth channel.  The parameter ( is a tuning factor, which is relatively insensitive to the initial guess. The overall impact of the DRAD method is to dampen the step size in the first few iterations. As the retrieval gets closer to the true profile the radiance residual decreases, which in turn will shift the retrieval mechanism towards Newton’s method with no dampening. But the dampening is parameter dependent. Parameters for which the cost function has an approximate quadratic relation will rapidly approach a solution, which will in turn decrease the radiance residual. The opposite is the case for parameters that are highly nonlinear. For these parameters the DRAD method will ensure a slow steady progression toward a solution. The DRAD method is similar to the damping procedure used by Eyre (ref) except in the DRAD case the damping is mapped through the radiance residual as opposed being applied to the parameter directly.

3.0 Application

To illustrate the DRAD inversion scheme we simulated 100 AIRS observations using a globally sampled set of radiosonde temperature and water vapor profiles and an ocean emissivity model. An example simulated AIRS observation is shown in Figure 1. The retrieval algorithm used in this study is identical to the operational temperature and water vapor retrieval algorithms developed for the NPOESS CrIS instrument. The algorithm incorporates the MAP method with the DRAD option. The retrievals are performed upon a reduced space defined by subsets of EOFs generated from error covariances. The Optimal Spectral Sampling (OSS) fast radiative transfer model is also a component of the general retrieval infrastructure. The surface skin temperature and emissivity are also part of the retrieval state vector but for an ocean environment the problem is relatively constrained. The background error covariances for temperature and water vapor were generated from an independent global set of radiosonde/rocketsonde profiles. 

The DRAD method amplifies the measurement error covariance based upon the error in the estimated profile. The radiance residual is used as a proxy to estimate the profile error. In Figure 2 we illustrate the behavior of Sy as a function of iteration for a particular profile. In the first iteration, the magnitude of the damping factor is a reflection exclusively of the error in the initial guess. The iteration dependence of the damping factor is more a reflection of the varying degree of linearity each channel has on the parameters in the state vector. Channels that are almost exclusively dependent upon temperature require little damping after the first few iterations. This is because of the nearly linear temperature dependence of the radiance. This is especially true close to the solution where the nearly quadratic temperature dependence of the cost function allow Newton’s method to rapidly find a solution.  Since the radiance is highly nonlinear in water vapor amounts, potentially even close to the solution, the damping factor for channels sensitive to water vapor are slow to decrease.  In fact we see from Figure 2 that for some channels in the 1300cm-1–1600cm-1 spectral region the damping factor actually increases initially before slowly approaching noise levels. This shows the ability of the DRAD method to automatically adjust the amount of damping required as a function of iteration

Comparing Figures 3 and 4, which show the retrieved temperature and water vapor profile errors as a function of iteration for retrievals performed with and without using the DRAD method, we can see the effect of using the DRAD method on the retrieval performance.  This set is for the same profile used to illustrate the Sy iteration dependence. In the case where the DRAD method was used, both the temperature and water vapor retrievals converge rapidly to their final retrieval products. As we predicted above, the temperature retrieval stops moving by about two iterations, while water vapor takes double the number of iterations.  For the case where Sy is just the instrument noise, the retrievals are slow to converge and in fact neither the temperature nor water vapor retrievals reach the final product until at least six iterations. The behavior of the retrieval is what would be expected when relying exclusively on a Newton type procedure when starting far from the solution. The water vapor retrieval varies dramatically with iteration, while for the temperature profiles, oscillations in the retrieval are present in the initial iterations. Also as to be expected, the final retrievals for the to two runs are very close. This should be expected because in the region near the solution, there is no difference in the methods. For the example we presneted, even though the initial guess was far from the solution, applying Newton’s method did eventually move the retrieval toward the region where the method was in fact applicable. This will not always be the case, especially when considering the variability contained in satellite-based measurements.

Two issues key to a successful retrieval in a operational environment is the capability to produce a quality retrieval given little information about the scene being observed and to perform the retrieval within specified time constraints.  

To further illustrate the robustness of the DRAD method, we investigate the overall retrieval performance given variable amounts of a priori profile information about the scenes being observed. Using the 100 simulated ocean scenes, we applied the retrieval algorithm with three different initial guess profiles. In the first case we used a global mean profile while for the other two cases we started with an initial guess under the assumption that we had improved knowledge of the characteristics of each individual scenes.  In Figure 5 we show the RMS error for both the temperature and water vapor profile retrievals as a function of iteration and for the three initial guess profiles. Eventhough the errors in the initial guess differ by up to 8K for temperature and approximately 40% for water vapor, the errors after 4 iterations are within approximately 0.2 K and 5% for temperature and water vapor receptively. 

For the statistics in Figure XX we included all of the 100 scenes. This was done to illustrate the large error range the DRAD method can overcome in producing a quality retrieval product. In general at each iteration a retrieval would only be considered successful based upon some metric imposed on the retrieval scheme. In our retrieval algorithm we use a normalized (2 type parameter for our quality metric, which at the ith iteration point is given by,
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where Nc is the total number of channels. In this study, where we simulated the observations, we consider a retrieval successful when (2  ( 1.3. This indicates that on average the retrieved profile reproduces the observation to approximately noise levels. In Figure XX we show the convergence rate as a function of iteration for the three different initial guess profiles. After two iterations the convergence rate for the three profiles varied from ~15% to ~65%. While after four iterations the convergence rate was >90% for each of the initial guess profiles. We also show in Figure XX that for the undamped Newton’s method case, the convergence rate steadily increased but does not go above 90% till six iterations.  

4.0 Summary

In this paper we presented a new minimization technique, which is a variation on the standard Levenberg-Marquardt method. The method was illustrated for atmospheric temperature and water vapor profile retrievals but has also been applied to problems with a more general state vector which included both surface and cloud property parameters. Using an estimate of the retrieval error, the DRAD method automatically adjusts the step-size and decent direction at each iteration.  The radiance residual based upon the current guess is used as proxy for the retrieval error. Using simulated AIRS observations, we showed how the DRAD method can produce a final product within a small number of iterations. The error characteristics and number of successful retrieval products was shown to be relatively independent of the amount of a priori state vector information. Both of these features make this method applicable to the operational retrieval environment where both time constraints are tight and a priori information might be minimal.

Appendix

We have developed a scheme for initializing and updating the Levenburg-Marquardt weight parameter, (, which is scene dependent. As in the DRAD method, the radiance residual is used as proxy for retrieval error, but in this case the error is mapped through the magnitude of (2 instead of the instrument error covariance. At the ith iteration ( is updated according to the following prescription,
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 is based upon the initial guess profile. Large values of (2 indicate the current guess is far from the solution. In this case the steps will be small and in the steepest decent direction. As (2 decreases, indicating the current guess has moved closer to the solution, ( will decrease and the inversion method will take more Newton like steps. The ( update prescription presented here is of coarse not unique, other combinations of (2 were investigated and in most cases the final performance was comparable. The key issue was including retrieval error information, via (2, into the update scheme.  
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