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Scientific/Technical Management
1.1 [bookmark: _Ref139956477][bookmark: _Toc257200978][bookmark: _Toc260320454]Objectives and expected significance of the proposed research
The full information content of hyper-spectral infrared sounding measurements from e.g. Atmospheric Infrared Sounder (AIRS), the NPOESS Cross-track Infrared Sounder (CrIS) scheduled to be launched in 2011 on NPP or the MetOp/ Infrared Atmospheric Sounding Interferometer (IASI) instruments is seldom exploited operationally in inversion (to produce Level 2 products or Environmental Data Records (EDR) or Climate Data Records (CDR)) or in data assimilation systems. These instruments typically provide measures of the terrestrial atmosphere’s outgoing radiances in a large number of “channels” ranging from 1305 for CrIS and 2378 for AIRS, to more than eight thousand for IASI, making it difficult to process all the incoming information in real time. In recent years, major advances in fast radiative transfer modeling such as the Optimal Spectral Sampling (OSS) method (Moncet et al, 2008), which has been acquired in particular by the Joint Center for Satellite Data Assimilation (JCSDA), EUMETSAT and is used in the CrIS EDR algorithm (e.g. Moncet et al., 2001), have resulted in a speed up by an order of magnitude or more in forward model calculations (see Section1.3.1) as well as significant improvements in numerical accuracy. Substantial additional gains can still be achieved with the OSS method with a global training approach (Section 1.3.2). However, forward calculations only account for a fraction (typically ~50% in 1D-VAR retrievals) of the inversion time in variational systems (the rest being devoted to the matrix algebra used for solving the inverse problem), which seriously limits the impact of a fast forward calculation on the overall inversion time. For this reason, methods are still sought for reducing the dimension of the observation vector, with minimal impact on its content, in order to speed up the linear equation system solver at least by an order of magnitude. 
Channel sub-setting (see Sec. 1.2 for details) is generally invoked in operations to make the volume of data more manageable and reduce computational requirements. Typically inversion algorithm for AIRS (Susskind et al., 2003), CrIS or IASI (Collard 2007) operate on ~300 selected channels. However, this approach generally comes at the expense of information loss. In the last decade, a technique that has become very popular in the satellite community is the Empirical Orthogonal Function (EOF), i.e. another name for classical Principal Component Analysis (PCA). This technique has proven to be efficient for raw compression (Huang and Antonelli, 2001) and for the de-noising of satellite observations (Aires et al. 2002b). Between ~100 and 200 PCs (e.g. Liu et al. 2005, Collard, 2009) are typically used for characterizing the entire set of high spectral resolution infrared sounding measurements, thereby providing potential for gains approaching or exceeding an order of magnitude in inversion time. Although forward models such as OSS, PCRTM (Liu et al., 2005) or planned PCRTTOV (Matricardi, 2008) are applicable to PC’s (but not yet tested in assimilation, e.g. Collard, 2009), and have been tested (e.g. Liu et al., 2009) in the context of simultaneous retrieval of temperature, atmospheric constituents and cloud parameters, the unresolved issues listed in Table 1 currently limit their general use in retrieval and data assimilation for monitoring and modeling the atmosphere and its constituents.
Here we propose to investigate a novel alternative to PCA and channel selection which is a natural extension of the OSS formalism to radiance data compression. The proposed method exploits the fact that OSS can model the entire AIRS, CrIS (or IASI) spectrum as a linear combination of a few hundred monochromatic radiances at selected wavenumbers (nodes) (see Section 1.3.2) with a typical accuracy of 0.05K. In this case, it is possible to estimate node radiances from the satellite observations in advance of retrieval or assimilation, reducing the information contained in the few thousand channels to a few hundred components with minimal loss of information. In this scheme, inversion can be performed directly in node space (as opposed to channel space or PC space), avoiding expensive forward model/inversion-space mapping operations, and providing reductions in the dimension of the observation vector.  These reductions are, in principle, the same order of magnitude as what can be achieved with PC compression. Note that the set of basis vectors in this representation is not orthogonal. Although the method does not provide a minimal representation it has the advantage that it is explicitly retains the physics of radiative transfer and less reliant on statistics used for training (and therefore more robust than PC) and naturally provides more localized representation. In particular, this approach has the advantage over PCA that the quantity of information preserved in the transformation is consistent with the accuracy of the forward model (which in OSS is selectable) and it does not filter out residual information contained in the higher-order PCs, which is advantageous for applications to water vapor, ozone, and minor species.

[bookmark: _Ref260246805]Table 1:  Summary of main limitations of PCA
 (
PCA inherits the correlations from the set of profiles used for training. Inversion solution is constrained to lie in the space defined by the retained eigenvectors which could mask climate trends
PCA tend to filter out small signals due t
o minor constituents, unless a 
large set of components is used, a major problem for the chemistry modelers
PCA blends information relative to the different constituents complicating their use in the inversion and making it difficult in particular to perform sequential retrieval as is done in the AIRS algorithm
PCA tends to blend the vertical signal making it difficult to perform dynamic selection in assimilation to retain for instance only the information relative to the clear atmosphere above cloud top, and limiting assimilation to entirely clear or cloud-cleared radiance observations (or performing cloudy radiance assimilation). Same with land surface.
)













[bookmark: _Toc257200979]Recognizing that the new proposed approach is a potentially attractive alternative to PC (addressing the issues listed in Table 1) and channel sub-setting, we propose to explore applying the OSS formalism for reducing the number of components in the observation vector and to quantify its advantages over PC in the context of 1DVAR inversion. The specific objectives of this proposal are listed in Table 1.  These objectives are elaborated on in the sections below. As detailed in Sec. 1.5, we have built a project team with experience in radiative transfer, inversion of hyper-spectral sounding data and data assimilation.  Under the proposed work we anticipate significant progress in the use of data from high spectral resolution infrared sounders in climate applications and atmospheric model data assimilation.

[bookmark: _Ref260246981]Table 2:  Primary objectives of the proposed research
	1.
	Test and refine implementation of node-based compression approach in variational (1DVAR retrieval environment)

	2.
	Provide proof of concept for clear-sky retrievals

	3.
	Compare accuracy and computational performance to PCA and its derivatives (ICA and PPCA) and channel selection methods for temperature, O3 and H2O retrievals

	4.
	Extend the analysis to retrieval of other selected trace components (e.g. CO, NH3)

	5.
	Extend analysis to retrieval in cloudy environments

	6.
	Link these advances to climate applications and satellite data assimilation in Numerical Weather Prediction Models



Relevance to NASA’s objectives:

This proposal is directly responsive to ROSES 2009 element A.24, Remote Sensing Theory (NNH09ZDA001N-RST), in the study area of Theoretical algorithm advances: research to develop fundamental advances to radiative transfer theory and calculations. Methodologies to optimize the computational speed versus the algorithm accuracy. 
As detailed in the sections below, the investigation will explore a new strategy for dealing with the full information content of hyper spectral sensors and apply it to both simulated and real data (as appropriate) from CrIS, AIRS or TES to assess the ability of the approach to circumvent the issues associated with other compression techniques investigated so far. Although the focus of our proposal is the infrared, the method is also in principle applicable to UV/VIS domains. In fact, an OSS model has already been developed for the GOME instrument with much success.
The proposed work addresses the 2006 NASA Strategic Plan Sub-goal 3A “Study Earth from space to advance scientific understanding and meet societal needs”, particularly elements 3A.2 “Progress in enabling improved predictive capability for weather and extreme weather events” and 3A.1 “Understand and improve capability for changes in the ozone layer, climate forcing, and air quality associated with changes in atmospheric composition” through advances that will help increase and facilitate the use of current (AIRS and TES) as well as planned (e.g., NPP/CrIS, GEO-CAPE/UV-near IR imaging spectrometer - http://geo-cape.larc.nasa.gov/) Earth observing satellite sensor data to better characterize the atmosphere composition and its temporal evolution and to help improving the impact of the operational sounding data on the weather forecast.  Results of the work are expected to help address the NASA Earth Science Research question “How is the global Earth system changing?” through facilitating implementation of multi-sensor, multi-year global analyses that will enable more precise and consistent use of past and future remote sensing datasets.

[bookmark: _Ref260246655][bookmark: _Ref260246662][bookmark: _Toc260320455]Some background on channel selection and PCA
Some channel selection approaches are physically based: the radiative transfer (RT) Jacobians indicate the channel sensitivity to geophysical constituents, their altitude and the vertical resolution. The physical channel selection procedure consists in distributing channels as uniformly as possible in terms of their sensitivity maxima over the vertical domain, for each geophysical variable. An example of such a channel selection procedure is Aires (1999) and Aires et al. (2002a) where temperature and water vapor Jacobians (i.e., radiance sensitivity to retrieval parameters) are used to select 442 IASI channels among the original 8461. The limitation of these physical channel selection procedures is that the selection takes into account only the direct RT, not the inversion process: the selected channels might not be optimal for the inversion. Furthermore, a lot of the redundancy among the channels is lost, which is detrimental for the de-noising of the satellite observations, an effect that may be mitigated by operating on noise-filtered radiances instead of the raw spectrum (see below). Another approach consists of using the Jacobian information to construct a limited number of “meta-channels”. These meta-channels gather few original channels based on their similarity, this integration of multiple original channels makes them more robust to noise for evident signal-to-noise reasons. This procedure is actually a feature selection; it implies a transformation of the original data, not a channel selection. Another family of compression technique has emerged from statistics and information theory. Concepts such as degrees of freedom (Rodgers, 2000) or entropy reduction are used to select appropriate channels or compress the data. A few techniques can be cited: Data Reduction Matrices (Menke, 1984), minimum entropy (Shannon, 1949; Huang and Perser, 1996), Singular Value Decomposition (Prunet et al., 1998), iterative approach (Rodgers, 2000). Four channel selection techniques are compared in (Rabier et al., 2002) for the IASI instrument. 
PCs are a linear transformation of the original IR spectra and can be considered as metachannels, each one being a weighted sum of the original channels. The PC compact representation of the observed spectra can be used for data distribution and to reduce instrument noise, or it can be used directly in the retrieval process (Aires et al. 2002c). Smith and Taylor (2004) use the PC technique for the cloud-clearing of IASI observations. Some special features can be introduced in the general framework of PC analysis. The study of Blackwell et al. (2005) on the radiance de-noising is similar to the approach in Aires et al., (2002b), but Blackwell et al. introduce the so-called “projected-PCA” that takes into account the retrieval model in the phase of the construction of the PC-representation. The retrieval is performed using a linear regression, and the projected-PCs extract from AIRS spectra the components that are more related to the temperature profile. This allows for a higher-level of compression for equivalent retrieval accuracy. The limitations of the PCA techniques summarized previously in Table 1 are well known in the statistics community and there exists a whole literature dealing with the quality improvement of the PC representation. In particular, various alternatives have been investigated to limit the mixing problem, i.e. multiple physical components are mixed in the first PCs (in order to maximize the explained variance) and only fragmented residual components are left in the higher-order PCs (Aires et al. 2002). PCA, like Fourier transform, has the tendency to act on the entire input domain (i.e. the whole spectrum in our case) which implies a mixing of the various physical components. The rotational approaches [e.g. Richman, 1986] use statistical criteria to rotate the PCA axes in order to obtain more "localized" filters that act on a more limited input domain. Localizing the filters improves the physical interpretation of the extracted components. Recently, a new rotational technique has appeared in the field of blind source separation: the Independent Component Analysis (ICA) (Bell and Sejnowski, 1995). Unlike other methods that can be based on ad hoc criteria, this technique uses an objective statistical constraint: instead of the decorrelation of the components (i.e. second-order statistics) used in PCA, ICA uses a stronger constraint, the statistical independence (i.e. higher-order statistics). The ICA rotates the PCA axes to obtain filters that are more local but with a similar compression rate. More localized solutions would certainly avoid some of the PCA limitations described in the previous paragraph and should have a positive impact on the retrieval.

[bookmark: _Toc260320456]Technical approach
In the technical description that follows, the term PC is used loosely to refer to original PCA, ICA or projected-PCs. The subtle distinctions between the 3 techniques have no bearing on the proposed methodology and its implementation. 

[bookmark: _Ref259361131][bookmark: _Ref259456616][bookmark: _Ref260223717][bookmark: _Ref260223725][bookmark: _Ref260224546][bookmark: _Toc260320457]The OSS method

The OSS method (e.g. Moncet et al, 2008) models clear or cloudy radiances in channel i, denoted here by, as a weighted sum of monochromatic radiances evaluated at selected wavenumbers (“nodes”),


										        (1)

Like existing fast transmittance parameterizations such as OPTRAN or RTTOV, the model training is based on monochromatic calculations from a reference line-by-line model for a small set of atmospheres that fully spans the atmospheric diversity observed in nature (Moncet et al, 2008). In the single channel training approach described in the above reference, the process starts with selecting a single node [within the monochromatic output of the reference line-by-line model (LBLRTM, Clough et al. 1992) spanning the channel bandwidth] as the node that best fits the radiances for that channel in an rms sense. If user-prescribed accuracy threshold is met, then the selection stops. If not, nodes are added sequentially until the threshold is reached. The weights wij are evaluated by linear regression for each trial combination of nodes. Details of how the search path is modified at each step in the process to ensure convergence toward a solution that produces optimal performance are given in Moncet et al. (2008). Note that independent random perturbations(p) are added to the training (temperature and constituents) profiles to eliminate vertical correlations and increase robustness of the model. For sounding applications, it is advantageous to train directly in radiances as opposed to transmittances. Radiance training automatically weighs the part of the atmosphere that contributes the most to the outgoing radiances and naturally handles smoothly varying functions (Planck function, surface and clouds optical properties) across wide bands. 
The OSS forward model is a standard monochromatic model that uses pre-computed (from line-by-line calculations) absorption coefficients for the constituents, tabulated as a function of pressure, temperature and, in the case of water vapor, water vapor itself. OSS forward model computational time is proportional to the total number of nodes used in the representation (not the number of channels modeled). OSS has the advantage over transmittance parameterizations used in operations (such as OPTRAN, RTTOV or SARTA) that computation of Jacobians for temperature and constituents’ concentration in non-scattering media is trivial and inexpensive. This confers OSS a significant speed advantage (see below) over these models. In addition, OSS provides flexible and computationally efficient treatment of trace gases (e.g. Moncet, 2010), which makes the model particularly attractive for climate and atmospheric chemistry applications. All species are handled in exactly the same way within the model and adding new variable species only requires providing the appropriate tables and OSS coefficients.  Partition between fixed and variable gases can be decided at run time (i.e., there is no need to retrain for new fixed gases composition). A model recently developed for the Aura/Tropospheric Emission Sounder (TES) instrument handles up to 20 variable species.
AIRS and IASI OSS models have been independently evaluated at NOAA (see Table 3) and at EUMETSAT (see Table 4) and compared with OPTRAN and RTTOV. Both studies show that OSS is about an order of magnitude faster than OPTRAN and RTIASI in the modeling of the full AIRS/IASI spectrum. The models used in these evaluations were trained to provide an accuracy of 0.05K across the spectrum, an accuracy not reached by transmittance parameterizations in the most challenging parts of the spectrum. The results of Table 4 illustrate the main point addressed by this proposal: with OSS, retrieval speed is limited by the time spent solving the inverse problem. Ways of accelerating the inversion have to be found in order to obtain the needed acceleration in processing speed. 

[bookmark: _Ref259276118]Table 3: AIRS forward model timing results. Time needed to process 48 profiles with 7 observation angles (336 profiles) Courtesy of NOAA (e.g. Han et al., 2005)

	
	Direct only
	Direct + Jacobians

	OPTRAN-V7
	7min20s
	22min36s

	OPTRAN-Comp
	10min33s
	35min12s

	OSS
	-
	3min10s




[bookmark: _Ref259292641]Table 4: Average computational time (in sec/profile) for inversion of full IASI spectrum using RTIASI and OSS with non-linear iterative retrieval algorithm used in the development of operational Meteosat Third Generation-IRS Level 2 concept. Timings for forward models alone are provided in column 3. Courtesy of EUMETSAT (Tjemkes et al., 2008)

	Forward model
	Retrieval
	Direct + Jacobians

	RTIASI
	502
	246.3

	OSS
	269
	10.0



 (
Independent evaluations performed at NOAA with AIRS and at EUMETSAT with IASI conclude that OSS (single channel training) provides an acceleration of ~10 in forward model computational speed compared to OPTRAN or RTTOV with significantly enhanced numerical accuracies.
Further acceleration by an order of magnitude is achievable with “global OSS” training
At this stage, the overall retrieval timing (when full spectrum is used) is limited by inversion algebra – a problem that can be fixed by reducing the size of the observation vector
)








[bookmark: _Ref259358027][bookmark: _Ref259456633][bookmark: _Ref259639843][bookmark: _Toc260320458]OSS global training
The global OSS training is a direct extension of the above approach in which one derives the model parameters by fitting a large number of channels (selected spectral bands, channel subset or the entire observation spectrum) simultaneously. The idea is to exploit across-spectrum correlations in the node selection to reduce the total number of nodes used to represent a given set of channels. Because the direct application of the selection method described in Sec. 1.3.1 to vectors of channels is computationally expensive, a combination of single channel selection (applied to high spectral resolution - typically ~0.01 cm-1 - boxcars) and multi-dimensional clustering technique is used to first pre-filter the initial set of monochromatic samples (from LBLRTM output) over the domain spanned by the measurement vector and eliminate obvious redundancies. The vector search technique is then applied to the retained candidate nodes to produce the final selection. The number of nodes retained with this technique depends on multiple factors (such as number of variable species, model accuracy, handling of viewing geometry…etc) and is application dependent. As shown in Table 5, the full IASI spectrum can be modeled with as few as 200-300 nodes (as opposed to ~8500 with the model described in the previous section). This form of training applies to clear or cloudy atmospheres. The same search technique is also applicable to any linear combination of channels (e.g. PC). For application to PC modeling, it is best (for reasons that will not be given here) to perform the training using reconstructed radiances and, in a post-processing step, linearly transform the OSS weights in order to produce a model that directly operates in the PC-transformed space. Note that the number of selected OSS nodes is not significantly affected by PC-filtering so long as the filtering is lossless. 

When applying OSS to PC modeling, all selected nodes contribute to each individual PC, which makes it impossible to isolate a posteriori specific parts of the spectrum for the inversion. One key advantage of remaining in channel space (whether it is raw or reconstructed radiances) is that it allows performing a single channel search on the final node selection to allocate nodes to the different channels (for IASI, ~50 nodes on average contribute to the reconstruction of a single channel). This last operation is critical for minimizing the “blending” of the spectral information which complicates the utilization of PCs in some applications. An example of channel-to-node mapping for the AIRS instrument is provided in Figure 1.

[image: ] (
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-1
 band and the window region is observed for water vapor lines) but this effect can be further minimized if necessary by applying some degree of supervision in the final selection.
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[bookmark: _Ref259616330]Table 5: Example of global (cloudy) training performance for IASI bands 1, 2 3 and entire spectrum with 2 (H2O and O3) and 20 variable species, and with and without random vertical perturbations (p)  (see Sec. 1.3.1).  The particular training dataset used was designed for GOES-R studies and includes scan angle up to ~70°. Number of nodes can be further reduced by restricting the range of scan angles to that appropriate for cross-track scanners and by taking instrumental noise into account to de-weight some channels in the training (model accuracy = 0.05K for all channels).
	Number of species
	(p) added
	Band 1
	Band 2
	Band 3
	All

	20
	yes
	210
	250
	210
	334

	2
	yes
	153
	157
	167
	284

	2
	no
	-
	-
	-
	201



[bookmark: _Ref259359475][bookmark: _Ref259444882][bookmark: _Toc260320459]Application of OSS to radiance compression


[bookmark: _Ref257734442][bookmark: _Ref257734316]The 1DVAR inversion algorithm used at AER (a version of this algorithm is at the core of the NPOESS/CrIMSS EDR algorithm - e.g. Moncet et al., 2001), derives at each iterative step n a new solution,, from a set of observations  as,


				        (2)	






where and are the calculated radiances and Jacobians, respectively, and  and  represent the background state vector and its error covariance (Rodgers, 1976, 2000). Here, is the forward model error covariance matrix (see below). 
In the stand-alone retrieval mode, a (microwave) radiance classification scheme is used for selecting a background (and background error covariance matrix) that describes the restricted set of atmospheric conditions to which the true atmospheric state likely belongs (Moncet et al. 2001b Appendix 6). This background selection process avoids invoking the assumption of Gaussian statistics, implicit in the formalism of (2), over global climatology. Note that our solution does not make explicit use of matrix inversion as shown in (2), but instead we gain in computational efficiency and robustness by solving a linear system of equation of the form:


,				       (3)	

through Cholesky decomposition using LAPACK linear algebra library (Anderson et al.1999).



Eq. (2) describes the quasi-linear situation reached when the solution approaches convergence. We have implemented two options for controlling the convergence of the solution for non-linear problems. The first way, the so called DRAD approach (Lynch, et al. 2009), arbitrarily sets the magnitude of the linearization pseudo -noise (Amato et al., 1996) to a fraction of the difference between  and. In this approach, the elements of the matrix (assumed diagonal) are replaced by,


				      				       (4)	

where  is an adjustable parameter. This approach has the advantage over alternate approaches such as Levenberg-Marquard (LVM) that it is robust and easy to tune and to apply to very non-linear problems such as cloud parameter retrievals (application for which it was originally designed). As shown in (Lynch et al., 2009), solution obtained with this approach is also well-behaved in the clear-sky and reaches convergence faster than the conventional implementation of LVM. The second approach used is a modified LVM approach.

PCA-based retrieval – The PCs can be used by the inversion process through the reconstructed radiances or directly: 
1) 


Compute PC from the observations, reconstruct radiances from the leading 100-200 leading eigenvectors and perform the inversion in channel space. In this case, the inversion equation is identical to (2) with  replaced by the reconstructed radiances . The forward model error covariance matrix has to be modified to reflect the instrumental noise filtering that is taking place in the reconstruction process. If the same process is applied to  there is no term for reconstruction error. Note that use of reconstructed radiances makes it possible to apply channel sub-setting while still benefiting from the noise reduction that would be obtained with using the entire spectrum. The global training approach described in Section 1.3.2 is applicable for modeling either the full set of reconstructed radiances or any channel subset. 
2) 


Perform the inversion in PC-space using an OSS model trained on PC’s (see Section 1.3.2). In this case, a vector  is obtained by projecting on a truncated set of EOFs, , and solution is updated at each iteration using,


,		      	       (5)	

      where,


,					       (6)	



and where OSS is used to produce (and Jacobians). This approach, although highly computationally efficient can be limiting if dynamic selection of parts of the spectrum is invoked at the inversion or assimilation stage (see Section 1.1). 

OSS-based retrieval - In the proposed node-based representation approach, instead of projecting the incoming observation on EOFs, we attempt to predict the node radiances from the input channel radiances. The observations being linearly related to the node radiances,


,								       (7)	


where A is the matrix containing the OSS weights, and only a few hundred nodes (depending on the number of variable species treated and desired model accuracy) being sufficient to represent the information provided by high spectral resolution sounding instruments such as AIRS or IASI, node radiances can be estimated from the observed channel radiances using least-squares estimation theory as , where the optimal (in a least-squares sense) B matrix is expressed as,


	.									       (8)	


In (8), represents the error covariance matrix associated with the estimated node radiances. In node space, the inversion equation becomes,


.				       (9)	
	
 


Using the fact that both y and K are obtained in the OSS model by linearly combining the monochromatic calculations performed on the OSS nodes:  and , it is easy to show that (9) is equivalent to,


,       			     (10)	



i.e. it is equivalent to the original equation with the observation vector replaced by . Computationally speaking the first form given by Eq. (9) is very advantageous since a) it avoids the expensive (with global training) mapping of the monochromatic Jacobian to channel-space at the forward model level and b) the dimension of the observations is typically reduced by an order of magnitude or more for instruments such as AIRS or IASI which translates into a speed gain of the same magnitude in the evaluation of (1). This approach is expected to provide an acceleration of ~10-30, depending on the number of nodes used, in the overall inversion (forward calculations and algebraic manipulations) time compared to the traditional approach described in Sec. 1.3.1.
The three approaches described in this section have the potential to provide the same computational gain so long as they operate on the same number of components: reconstructed channel radiances, PCs or nodes. The key question addressed in this proposal is: for a similar number of components, which of the three methods retains most spectral information and provides the best retrieval solution, in terms of both accuracy and robustness, with respect to the handling of atmospheric outliers. One major potential advantage of the node-based compression approach over PCA is that it is more robust. It exploits physical correlations between nodes across the entire measurement range to reduce the original dimension of the observation space (although in this case the basis vectors are not orthogonal), however unlike PCA, it does not rely on statistics to constrain the channel radiance space (and, hence, the retrieval solution). In particular, it preserves the local signal with small variance due e.g. to minor species. This property is guaranteed by construction since the training process monitors model accuracy at the individual channel level and requires that radiances be reproduced within the specified level of accuracy in every channel. In this way the approach offers a natural compromise between eliminating redundancies in the spectrum and preserving weak signatures of trace components. Another advantage of the OSS node based representation is that, unlike PCA, it does not blend vertical information and information relative to the different constituents. In particular, it should allow the use of the method in retrieval algorithms such as the AIRS algorithm that treat temperature and constituents sequentially. This feature is also particularly useful in assimilation where, in order to preserve sufficient yield, inversion is performed in cloudy conditions by considering only the channels that have their weighting function peaking well above the cloud top. This ability to dynamically select specific portions of the spectrum in order to avoid degrading the solution (or the forecast) when components of the state vector are not modeled is difficult to implement with PCs. As stated above, when dealing with reconstructed radiances one can, in theory, avoid the difficulties associated with the non-localized nature of the PCs (while still taking advantage of the noise reduction benefits of PCs) by applying channel sub-setting to the filtered radiances. With OSS, the node selection remains the same whether it is used to model the full spectrum or a subset of channels, provided that the channel selection is truly optimal.  Therefore, from an information content point-of-view, there is little to be gained by using channel selection applied to reconstructed radiances as opposed to the full raw radiance spectrum to estimate node radiances. In this context, channel selection (and combined PC noise filtering step) can be avoided altogether.

[bookmark: _Ref139956482][bookmark: _Toc260320460]Impact of the proposed work
We expect the proposed work to have a significant impact in two high-priority areas of Earth science:  (1) analysis of hyper spectral Earth observing satellite sensors to understand and monitor temporal evolution of the Earth atmosphere composition and climate and (2) assimilation of hyper-spectral data in weather forecast models. Both applications require very fast algorithms to handle the large amount of data produced by current and future (e.g. NPP/CrIS and GEO-CAPE) Earth observing sensors.  Compression of the input sensor data in the inversion/assimilation systems is currently done in operations at the expense of some loss of information which in particular may translate in suboptimal analysis and reduced impact of the assimilated data on weather forecast. Alternative approaches based on PCA have their own shortcomings described in Section 1.1 and are not easily applicable to analysis of atmospheric composition for minor species. We hope that the proposed work will help circumventing these shortcomings and at the same time meet the goal of improving inversion algorithm speed and quality of the solution.

[bookmark: _Ref257278966][bookmark: _Toc260320461]Work plan
It is the objective of the proposed work to implement the different radiance compression techniques discussed in the previous sections and evaluate them in the context of retrieval application, in the same experimental framework (using the same training and independent data sets, and same globally trained OSS model) with our 1DVAR algorithm (see Section 1.3.3). The elements of our trade space are summarized in Table 6. Note that allowing errors introduced in the atmospheric pre-classification for background state vector selection (see Section 1.3.3) to interfere with errors originating from radiance compression methodology would complicate the interpretation of the results. For the present purpose, classification will be done using the known “truth” profiles instead. 

[bookmark: _Ref260232697]Table 6: Techniques investigated as part of proposed effort

	Observations
	Compression
	Retrieval

	



	Technique
	Representation
	Input
	Technique

	
	

“PCs”
	PCA
	• reconstructed

   channels = 

• or PCs = 
	

1D-Var

	
	
	ICA
	
	

	
	
	PPCA
	
	

	
	OSS
	
Nodes = 
	

	



Year 1: Training and validation dataset generation and retrieval trades and comparison of OSS, OSS-PC and OSS-n
Training will be based on 1 year of global ECMWF analysis (denoted here by S0). A clustering technique similar to the approach used to generate the Thermodynamic Initial Guess Retrieval (TIGR) data set (Chevallier et al, 2006) will be applied to this initial set to extract a few thousand globally representative profiles (S1) with each climate regime represented with nearly equal probability. The method we will use for clustering the atmospheric profiles enhances the TIGR method in the sense that it samples all the relevant inversion variables at once. Radiances for each retained profile will be generated from LBLRTM for different scan angles and convolved with the desired instrument function. The variable molecules considered in this first round of experiments will be restricted to water vapor and ozone. Ocean emissivity will be assumed at first. The set S1 will be used to perform the PCA.  For OSS training, as for the training of other fast models such as RTTOV, PFAAST or OPTRAN, we have traditionally been using much smaller training data set (a few tens such as the ECMWF diverse 52 profile set). As part of this task we will be experimenting with using the same training set S1 or a further reduced set derived by applying clustering to S1. The impact of adding random perturbation to the temperature and ozone profiles for PCA training will also be assessed. Various sources of data are available for testing. These include ECMWF or NCEP model fields and global radiosonde datasets. 
The same 1DVAR algorithm will be used to perform the atmospheric inversion in PC, node space and from subsets of PC-reconstructed radiances (the focus for the first year will be on PCA; ICA and PPCA will be examined in the second year). The algorithm used for channel sub-setting is the same code used for IASI, which we have acquired from Collard (2007).  Reference inversion results will be obtained with the 1DVAR applied to the uncompressed channel radiance spectrum. A number of inversion methodology trades are planned for the first year:

 (
DRAD versus LVM for convergence control (see Section 
1.3.3
)
Impact of transformed forward model error covariance matrix off-diagonal elements on retrieval solution
Impact of scene dependent instrumental noise
)





The different compression techniques will be evaluated in terms of their impact on global and regional retrieval error statistics (rms error and bias). We will also be analyzing performance outliers.

Year 2: Comparison between PPCA and ICA. Impact on retrieval of minor species and application to real AIRS, TES or IASI data
In the second year we will improve the PC analysis by using the more advanced ICA and PPCA methods. We will also compare the performance of the PC and node compression techniques for retrieval of minor species. For this purpose, we will use a few selected chemical species (e.g. CO, NH3) among the 20 species already included in OSS to assess the impact of the aforementioned compression approaches on retrieval of trace gases. The sources of minor gas concentration used for these experiments are from the NASA Global Modeling Initiative (GMI) (http://gmi.gsfc.nasa.gov/gmi.html) and Harvard GEOS-Chem (http://acmg.seas.harvard.edu /geos/) model runs. These datasets are already available and used in our OSS model training. We will test the compression techniques with real data from AIRS, TES or IASI in the clear-sky. Finally we will extend our comparison to cloudy retrieval applications. Note that some work is currently being done on the applicability of OSS to clear-sky retrieval down to cloud top in the context of satellite data assimilation in Numerical Weather Prediction (NWP) models. This aspect will be revisited as part of this proposal only to the extent that new findings can complement the current work.  
1.1.1 [bookmark: _Toc257130727][bookmark: _Toc260320462]Management Structure
The team of AER investigators designated for conducting this effort is intimately familiar with many aspects of infrared radiative transfer and inversion and NWP applications. In particular, the AER investigators and research associates have had key roles in algorithm development as part of the NPOESS/ CrIMSS programs as well as in previous and current related NASA and JCSDA funded efforts. 
This research effort will be managed by J.L. Moncet. He is the developer of the Optimal Spectral Sampling method and has supported the JCSDA and EUMETSAT on radiative transfer related trades. The co-investigators on this project are Richard Lynch and Alan Lipton. These scientists, as well as staff scientist Gennadi Uymin, are all contributing to the present OSS development and infrared remote sensing activities. Their role in the proposed effort is summarized in Table 7.
In order to avoid unnecessary development under the proposed effort, Filipe Aires and Catherine Prigent from Estellus will perform the clustering of the raw atmospheric datasets for the training and testing of the compression methods. They originate from the group that designed the TIGR data set and have developed the next generation atmospheric sampling technique (Aires and Prigent, 2007) which has the advantage that it can easily be tailored to our specific application. They will also provide PCA, ICA and PPCA for these sets. The team from Estellus has played a central role in the emergence of the PCA technique in the satellite domain for compression of high-resolution IR observations (Aires et al. 2000, 2002b, 2002c, 2002d, 2010) and has all the tools already in place to perform these analyses. 
In addition, this project will benefit from the infrastructure already in place at AER for retrieval of trace gases. AER is a member of the Aura TES science team in charge of developing retrieval algorithms for JPL for e.g. NH3, CH3OH, C2H2. Throughout the period of performance we will also collaborate informally on PCA with P.  Antonelli from University of Wisconsin. 

[bookmark: _Ref257191066]Table 7:  Personnel key roles
	Personnel
	Project Role
	Responsibilities

	Moncet
	PI
	Project management and reporting, overall technical guidance and quality assessment

	Lynch
	Co-I
	OSS-Node and OSS-PC 1D-VAR comparison; real data retrievals

	Lipton
	Co-I
	Comparison with channel selection approaches 

	Uymin
	Postdoctoral Associate
	Clear and cloudy 1D-VAR inversion trades; data production
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	Project/Proposal Title: Advances in Spectroscopy for Satellite Data Assimilation 

	Source of Support:      	NOAA

	Total Award Amount:  	$100,000
	Total Award Period Covered:  07/15/2009 – 07/31/2010    

	Name of PI on Award:	Jean-Luc Moncet

	Person-Months Per Year Committed to the Project.
	Cal:  1.2
	      

	Person-Months Per Year Committed to the Project.
	Cal:  .6
	






	Support:
	  Current   
	Pending   X
	

	Project/Proposal Title:	Radiative Transfer Modeling Support to the JCSDA

	Source of Support:	NOAA
	

	Total Award Amount:	$450,000
	Total Award Period Covered:  06/01/2010-05/31/2013

	Name of PI on Award:	Jean-Luc Moncet

	Support:
	  Current   
	Pending   X
	

	Project/Proposal Title:  	Intercalibration of measurements from microwave sensors for TRMM and GPM 				using a well-calibrated radiative transfer code

	Source of Support:  	NASA	
	

	Total Award Amount:   	$228,500
	Total Award Period Covered:  06/01/2010-05/31/2013

	Name of PI on Award:	Vivienne Payne 

	Person-Months Per Year Committed to the Project.
	Cal:  1.0
	

	Support: 
	  Current   
	Pending    X
	

	Project/Proposal Title:	NASA AMSR-E Data Analysis		

	Source of Support:	NASA

	Total Award Amount:	$672,019
	Total Award Period Covered:  01/01/2011-12/31/2013

	Name of PI on Award:	Jean–Luc Moncet

	Person-Months Per Year Committed to the Project.
	Cal:  1.0
	




























Current & Pending Support: Richard Lynch

	Support:
	  Current   X
	Pending   
	

	Project/Proposal Title:	Geostationary Operational Environmental Satellite –
			R Series Ground Segment Program

	Source of Support:	NOAA

	Total Award Amount:	$79,984,494
	Total Award Period Covered:  06/01/2009 – 05/31/2017

	Name of PI on Award:	David Hogan

	Person-Months Per Year Committed to the Project	Cal.  9

	Support: 
	  Current   
	Pending   X
	

	Project/Proposal Title:		Regional Analysis and Simulation of Atmospheric CO2 Observations from Space		

	Source of Support:	NASA	

	Total Award Amount:	$75,000
	Total Award Period Covered:  09/01/2010 – 08/31/2013

	Name of PI on Award:	Richard Lynch

	Person-Months Per Year Committed to the Project.
	Cal:  1.1
	






























Current & Pending Support: Alan Lipton

	Support:
	  Current   X
	Pending   
	

	Project/Proposal Title:   	Atmospheric and Land Surface Characterization Using a Land Surface Emissivity
                                      	Database Derived from AMSR-E and MODIS

	Source of Support:   	NASA

	Total Award Amount:	$542,301
	Total Award Period Covered:  03/27/2008 – 03/26/2011

	Name of PI on Award:	Jean- Luc  Moncet

	Person-Months Per Year Committed to the Project	Cal.  1

	Support:
	  Current   X
	Pending   
	

	Project/Proposal Title:	Geostationary Operational Environmental Satellite –
			R Series Ground Segment Program

	Source of Support:	NOAA

	Total Award Amount:	$79,984,494
	Total Award Period Covered:  06/01/2009 – 05/31/2017

	Name of PI on Award:	David Hogan

	Person-Months Per Year Committed to the Project	Cal.  8

	Support: 
	  Current   X
	Pending   
	

	Project/Proposal Title:		Toward Assimilation of Satellite Data in Modeling Water Vapor Fluxes Over Land

	Source of Support:	NASA

	Total Award Amount:	$928,862
	Total Award Period Covered:  05/11/2009 – 05/10/2013

	Name of PI on Award:	Alan Lipton

	Person-Months Per Year Committed to the Project.
	Cal:  2
	

	Support: 
	  Current   
	Pending    X
	

	Project/Proposal Title:  NASA AMSR-E Data Analysis		

	Source of Support:	NASA

	Total Award Amount:	$ 672,019
	Total Award Period Covered:  01/01/2011-12/31/2013

	Name of PI on Award:	Jean – Luc Moncet

	Person-Months Per Year Committed to the Project.
	Cal:  1.0
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6 [bookmark: _Toc139878148][bookmark: _Toc257130732][bookmark: _Toc260320467]Budget Justification: Narrative and Details
6.1 [bookmark: _Toc257130733][bookmark: _Toc260320468]Budget Narrative

The labor estimates for years 1 and 2 are based on our experience with OSS model development (partly funded by the Joint Center for Satellite Data Assimilation) and retrieval validation efforts under the NPOESS CMIS and CrIS programs and Aura/TES. Table 7 lists the personnel and planned work commitments in units of percentage of a nominal full work year (1840 hours). The PI will be responsible for project management, milestone completion, and will provide technical guidance and scientific oversight throughout the period of performance. Labor associated with computer hardware infrastructure, communication links and data acquisition/distribution support and maintenance are not included in scientific personnel labor but are costed separately (computer services).  Budget for Year 1 includes co-I’s and scientific staff labor for setting up the experimental framework for training and evaluating PC-based, channel selection and OSS node-based compression techniques in a 1DVAR context. Budget for Year 2 includes co-I’s and scientific staff labor for examining enhancements to traditional PCA technique and extending analysis to trace gases and to cloudy environments. The cost for Year 2 also includes real data testing.  We intend to hire the services of F. Aires and C. Prigent from Estellus for the production of training and testing atmospheric data sets as well as PCA, ICA and projected PCA needed for this study. A budget of $20,000 for the first year and $15,000 has been allocated to cover the cost of producing clear training/testing datasets, and principal component analysis for baseline atmospheric dataset, baseline augmented with selected trace species and cloudy dataset. In addition, the budget includes costs for domestic and foreign travel. The domestic travel reflects one person traveling for five days to attend the AGU Conference in San Francisco, CA in year 1 and year 2.  The foreign travel costs cover the expenses for the collaborator to visit AER for a period of 5 days in year 1 and year 2.  Finally, in year two AER has included the cost to publish the efforts associated with this research proposal.  



Table 7: Summary of Personnel and Work Efforts [%]




6.2 [bookmark: _Toc257130734][bookmark: _Toc260320469]Facilities and Equipment

	Atmospheric and Environmental Research, Inc. (AER) was founded in 1977 to provide a setting for basic and applied research in the atmospheric and related sciences.  Its staff of over 100 scientists and support personnel are involved in studies of remote sensing, space weather and effects research, satellite meteorology, numerical weather prediction, climatology, circulation diagnostics, atmospheric chemistry, air quality and risk assessment, mathematical modeling and analysis, planetary sciences, atmospheric sounding, oceanography, and systems engineering.  As a result of its research, sponsored largely by U.S. government agencies and by industries from the United States and abroad, AER has developed a number of advanced computer models, analysis tools, and databases designed for diagnostic and prognostic studies of atmospheric and oceanic dynamics, climate, composition, and radiation. 
	Since it’s founding, AER has made a substantial investment of its own capital and resources to develop professional scientists and to provide the facilities needed for their research.  AER is proud of its contribution to the development, on many professional levels, of human resources in science.  The company has employed undergraduate and graduate students, including those from underrepresented groups, to work part-time on projects during summers and through the school year.  A postdoctoral research program, designed to encourage recent graduates to explore the possibility of pursuing careers in a corporate setting, was established with the selection of the first successful candidate in 1995.  
	AER has five office locations and operates an in-house computer facility that is distributed among them with the primary computer facility at our headquarters in Lexington, Massachusetts.  Satellite offices and computer facilities are at Hanscom Air Force Base (AFB) in Bedford, Massachusetts; at Offutt AFB in Omaha, Nebraska; in Suffolk, Virginia; and in San Francisco, California.  All of these computer facilities are interconnected via the Internet and can communicate and share resources as needed.  The site-to-site Virtual Private Network (VPN) capability of our firewalls is utilized for secure connectivity between our Lexington, MA headquarters and two of our satellite offices (Suffolk, Virginia and San Francisco, California).  A Cisco VPN provides secure connectivity for our other offices and AER employees who need to access AER’s facilities from the Internet.  All of the four computer facilities are focused around a UNIX/Linux server environment, and supplemented by a desktop/laptop environment containing a roughly equal mix of Microsoft Windows, Apple MacOS X, and Linux computers; and a handful of Sun Solaris workstations.  Internal communication, within an office, is facilitated via a switched local area network.  Remote communication at the Lexington, MA and San Francisco, CA sites is supplemented by dial-in/dial-out v.90 modems.
	Our Lexington, MA facility contains the largest concentration of UNIX servers.  Servers running the Linux version of UNIX include a forty processor Beowulf Linux Cluster (1.65 GHz IBM POWER 5 processors in a configuration of (16) 2-way nodes and (2) 4-way nodes each configured with 4 GB of memory per processor); a fourteen processor Beowulf Linux Cluster (7 nodes each containing 2 AMD Athlon 2000+ MP processors and 2 GB of main memory); two dual processor AMD Opteron machines; and 10+ Intel based dual/dual-core/quad-core processor machines.  Other OS flavors supported on our servers include Sun Solaris SPARC/x86, Silicon Graphics IRIX, Apple MacOS X, and Microsoft Windows.  The table below provides more detail on the range of UNIX versions and hardware supported:

	Representative Servers
	Processor
	UNIX Version

	Sun Fire T2000, V210, V440;   Sun E250, Ultra 60
	Ultra SPARC T1, III, II
	Solaris SPARC         (8, 9, 10)

	Sun Fire X2100 M2;               Dell PowerEdge 1300
	AMD Dual-core Opteron; Intel Pentium III
	Solaris x86                 (8, 10)

	SGI Octane, O2
	MIPS R1000, R5200, R5000
	SGI IRIX 6.5

	IBM OpenPower 710, 720;
IBM eServer 325, 326;
Dell PowerEdge 1850
	IBM POWER 5;             AMD Opteron;
Intel Xeon
	Red Hat Enterprise Linux 4                       (AS, ES, WS)

	Dell PowerEdge 1950, 2950
	Intel Dual-Core Xeon
	Fedora Linux               (Core 5, Core 6, 7, 8)

	Tyan Tiger Dual Athlon MPX
	AMD Athlon 2000+ MP
	Red Hat Linux 9

	Apple Mac Pro, PowerMac G5
	Intel Core Duo, PowerPC
	MacOS X 10.4



Internet connectivity to our Lexington facility is provided via a BGP routed dual-homed network comprised of a 20 Mbps fiber Ethernet link (RCN) and a T-1 leased line (PaeTec).
	At our Bedford, MA facility AER co-manages a system of three satellite groundstations called the Environmental Satellite Data Facility (ESDF).  The ESDF acquires real-time direct-broadcast transmissions from the GOES 12 geostationary satellite and the full constellation of DMSP, and NOAA/POES polar-orbiting satellites.  The system is located at the Air Force Research Laboratory (AFRL) facility at Hanscom AFB and is maintained jointly by AER and AFRL through a Cooperative Research and Development Agreement (CRADA).  A high-speed (35 Mbps) encrypted microwave link provides connectivity between AER’s Lexington, MA headquarters and the Bedford, MA facility.  Internet connectivity and Defense Research and Engineering Network (DREN) connectivity for the Bedford facility are provided via Hanscom AFB.
	Our Omaha, NE facility is collocated with the Air Force Weather Agency (AFWA) at Offutt AFB.  Through a CRADA with AFWA, AER has access to all of AFWA’s unclassified data and model output.  Select subsets of data and model output are transferred automatically via secure connections (DREN and encrypted microwave link) to our Lexington, MA office daily.  Internet connectivity and DREN connectivity are provided via Offutt AFB.
	Our San Francisco, CA facility is focused around UNIX/Linux servers consisting of an IBM RS6000, Model 397; and two eight processor Beowulf Linux Clusters (each cluster consists of 4 nodes each containing 2 AMD Athlon 2000+ MP processors and 3 GB of main memory).  Internet connectivity is provided via a SDSL connection (SBC).
Our Suffolk, VA facility is focused around 10 UNIX/Linux Intel based servers comprised of a mix of Dell PowerEdge 1950 and 2950 servers, which are located and managed at our Lexington, MA office.   Internet connectivity is provided via an Integrated T-1 connection (Caviler Communications).

6.3 [bookmark: _Toc257130735][bookmark: _Toc260320470]Budget Details

The total two year budget for Atmospheric and Environmental Research, Inc. (AER) is $307,584.

Direct Labor 

The two-year budget for Atmospheric and Environmental Research, Inc. (AER) supports the participation of the Principal Investigator Dr. Jean-Luc Moncet at the direct labor level of .6 months per year over the two year period.

AER has also proposed the effort of two Co-Investigators: Dr. Alan Lipton at a direct labor level averaging .8 months per year and Dr. Richard Lynch at a direct labor level of 1.1 months per year for the proposed two year period.  The effort of a Senior Research Associate is also included in the direct labor cost at an average effort of 3.1 months per year.

Indirect Cost Rates

The following AER provisional indirect rates have been submitted to DCAA and we do not expect any exception to the proposed forward pricing and cost of money factors for AER’s fiscal year (CY) 2010 beginning January 1, 2010:

	                                                     Cost Pools
	Proposed Indirect Rates
	Allocation
Base

	Fringe Benefits
	44.85%
	A

	Overhead
	44.79%
	B

	Computer Resources
	15.51%
	B

	G&A	
	16.54%
	C

	COM	
	      .136%
	B




Allocation Base:
	
A. Total labor costs
B. Direct labor and applicable fringe benefits
C. Total cost input from the entire company

The cognizant federal agency point of contact is:

Susan Byrne, Supervisory Auditor
DCAA Northern New England Branch Office
110 Hartwell Avenue, Lexington, MA 02421
781-377-5644



Computer Resource

Labor associated with computer hardware infrastructure, communication links and data acquisition/distribution support and maintenance are not included in scientific personnel labor but are itemized separately as Computer Resources and Support costs.


AER Travel 

Proposed costs are based on current airline ticket quotes when available, and on past trips of similar nature.  Per diems are based on Federal Travel Regulation Chapter 301-Travel Allowances.


Award

If selected for award, Atmospheric and Environmental Research, Inc. anticipates receiving a contract.
	1
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Role Year 1  Year 2 

J-L Moncet PI 5.4 4.9

R. Lynch Co-I 9.2 9.2

A. Lipton Co-I 6.5 7.6

G. Uymin Other Professional 27.7 27.2
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				Role		Year 1		Year 2

		J-L Moncet		PI		5.4		4.9

		R. Lynch		Co-I		9.2		9.2

		A. Lipton		Co-I		6.5		7.6

		G. Uymin		Other Professional		27.7		27.2
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Rate Yr 1 Hours Year 1 Costs Yr 2 Hours Year 2 Costs Total Hours Total Costs

DIRECT LABOR

Principal Investigator

Jean-Luc Moncet $58.64 100 $5,864 90 $5,278 190 $11,142

Co-Investigator

Alan Lipton $56.54 120 $6,785 140 $7,916 260 $14,700

Co-Investigator

Richard Lynch $42.18 170 $7,171 170 $7,171 340 $14,341

Post Doctoral Associate

Gennady Uymin $39.51 510 $20,150 500 $19,755 1010 $39,905

900 $39,970 900 $40,119 1800 $80,088

Salary Increase Provision 4.00% $1,599 8.16% $3,274 $4,872

TOTAL DIRECT LABOR $41,568 $43,392 $84,961

FRINGE BENEFITS 44.85% $18,643 $19,462 $38,105

TOTAL DIRECT LABOR BASE $60,212 $62,854 $123,066

COMPUTER-15.51% of DIRECT LABOR BASE $9,339 $9,749 $19,087

OTHER DIRECT COSTS (see Explanatory Note #1)

Travel $5,131 $5,338 $10,469

Contractual Cost $20,000 $15,000 $35,000

Publication $0 $3,786 $3,786

  Total Other Direct Costs $25,131 $25,131 $24,124 $24,124 $49,255 $49,255

TOTAL DIRECT COSTS $94,681 $96,727 $191,408

INDIRECT COSTS

Overhead 44.79% $26,969 $28,152 $55,121

G & A 16.54% $20,121 $20,655 $40,776

Cost of Money of Total Direct Labor 0.136% $82 $85 $167

  Total Indirect Costs $47,172 $47,172 $48,893 $48,893 $96,064 $96,064

TOTAL DIRECT & INDIRECT COSTS $141,853 $145,619 $287,473

FEE - On Direct Costs 7.00% $9,924 $10,187 $20,111

TOTAL PROPOSED BUDGET $151,777 $155,806 $307,584

PROPOSED COSTS

For Period:  January 1, 2011 - December 31,  2012


image42.emf
Proposed Costs Explanatory Note #1

Year 1 Costs Year 2 Costs Total Costs

2One - Person 5 day trips to the AGU Conference in San Fransisco, CA

Registration costs $494 $514 $1,008

Airfare $416 $433 $849

Lodging $865 $900 $1,765

Per diem $333 $347 $680

Ground Transportation $250 $260 $510

$2,358 $2,454 $4,812

2One - Person 5 day trips from Paris, France to Lexington, MA

Registration costs 0 0 0

Airfare 1560 1622 3182

Lodging 630 655 1285

Per diem 333 347 680

Ground Transportation 250 260 510

$2,773 $2,884 $5,657

Total Travel Budget $5,131 $5,338 $10,469

Provisional Indirect Billing/Bidding Rates

Indirect Cost Rate Proposed

Fringe Benefits 44.85%

Overhead 44.79%

Computer Resources 15.51%

G&A 16.54%

Cost of Money 0.136%

Audit Agency and Contract

Defense Contract Audit Agency

Northern New England Branch Office

Susan Byrne, Auditor

110 Hartwell Avenue, Suite 320

Lexington, MA  02421-3124

Phone:  (781) 377-5644

The following AER provisional indirect rates have been submitted to DCAA and we do not expect any exception to the proposed 

forward pricing and cost of money factors for AER’s fiscal year (CY) 2010 beginning January 1, 2010.

For Period:  January 1, 2011 - December 31,  2012

TRAVEL BUDGET


oleObject2.bin

image3.emf

image4.wmf
1

+

n

x


oleObject3.bin

image5.wmf
obs

y


oleObject4.bin

image6.wmf
(

)

(

)

(

)

[

]

0

1

1

1

1

0

1

x

x

K

y

y

S

K

S

K

S

K

x

x

n

n

n

obs

T

n

x

n

T

n

n

-

+

-

+

+

=

-

-

-

-

+

e

e


oleObject5.bin

image7.wmf
n

y


oleObject6.bin

image8.wmf
n

K


oleObject7.bin

image9.wmf
0

x


oleObject8.bin

image10.wmf
1

-

x

S


oleObject9.bin

image11.wmf
1

-

e

S


oleObject10.bin

image12.wmf
(

)

(

)

(

)

(

)

[

]

0

1

0

1

1

1

x

x

K

y

y

S

K

x

x

S

K

S

K

n

n

n

obs

T

n

n

x

n

T

n

-

+

-

=

-

+

-

+

-

-

e

e


oleObject11.bin

oleObject12.bin

oleObject13.bin

image13.wmf
e

S


oleObject14.bin

image14.wmf
(

)

÷

÷

ø

ö

ç

ç

è

æ

-

=

G

2

,

2

,

max

nn

n

obs

n

S

y

y

e

a


oleObject15.bin

image15.wmf
obs

y


oleObject16.bin

image16.wmf
obs

R

y


oleObject17.bin

oleObject18.bin

image17.wmf
obs

p


oleObject19.bin

image18.wmf
obs

y


oleObject20.bin

image19.wmf
obs

obs

Uy

p

=


oleObject21.bin

image20.wmf
(

)

(

)

(

)

[

]

0

1

1

1

1

0

1

x

x

J

p

p

S

J

S

J

S

J

x

x

n

n

n

obs

T

n

x

n

T

n

n

-

+

-

+

+

=

-

-

-

-

+

e

e


oleObject22.bin

image21.wmf
(

)

(

)

(

)

(

)

[

]

(

)

U

S

U

x

UF

p

x

UF

p

E

S

T

T

obs

obs

1

1

-

-

=

-

-

=

e

e


oleObject23.bin

image22.wmf
n

n

Uy

p

=


oleObject24.bin

image23.wmf
n

n

UK

J

=


oleObject25.bin

image24.wmf
instr

lbl

oss

obs

y

A

y

e

e

e

+

+

+

=

~


oleObject26.bin

image25.wmf
obs

obs

By

y

=

ˆ

~


oleObject27.bin

image26.wmf
(

)

1

1

1

-

-

-

=

e

e

S

A

A

S

A

B

T

T


oleObject28.bin

image27.wmf
(

)

1

1

~

-

-

=

A

S

A

S

T

e

e


oleObject29.bin

image28.wmf
(

)

(

)

(

)

[

]

0

1

1

1

1

0

1

~

~

ˆ

~

~

~

~

~

~

x

x

K

y

y

S

K

S

K

S

K

x

x

n

n

n

obs

T

n

x

n

T

n

n

-

+

-

+

+

=

-

-

-

-

+

e

e


oleObject30.bin

image29.wmf
n

n

y

A

y

~

=


oleObject31.bin

image30.wmf
n

n

K

A

K

~

=


oleObject32.bin

image31.wmf
(

)

(

)

(

)

[

]

0

1

1

1

1

0

1

x

x

K

y

ABy

S

K

S

K

S

K

x

x

n

n

n

obs

T

n

x

n

T

n

n

-

+

-

+

+

=

-

-

-

-

+

e

e


oleObject33.bin

image32.wmf
obs

y


oleObject34.bin

image33.wmf
obs

ABy


oleObject35.bin

image34.wmf
  

y

obs


oleObject36.bin

image35.wmf
obs

R

y


oleObject37.bin

image36.wmf
  

p

obs


oleObject38.bin

image37.wmf
  

˜ 

y 


oleObject39.bin

image38.wmf
obs

y

ˆ

~


oleObject40.bin

image1.wmf
i

y


