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Abstract 

Due to the sheer volume of data, leveraging satellite instrument observations effectively in a data assimilation context for numerical weather 

prediction or for remote sensing requires a radiative transfer model as an observation operator that is both fast and accurate at the same 

time. Physics-based line-by-line radiative transfer (RT) models fulfil the requirement for accuracy, but are too slow and too costly in 

computational terms for operational applications. Therefore, fast methods were developed to be able to perform fast RT calculations using 

techniques such as spectral sampling or pre-computed look-up tables. The operational fast models currently calculate the absorption and 

scattering coefficients from the pre-computed regression coefficients and atmospheric state and cloud profiles. As a novel solution to this 

problem, this work investigates a deep learning approach to replace the regression coefficients in the fast RT models. A selection of hidden-

layer neural network configurations is trained against atmospheric transmittance profile data computed by an accurate line-by-line model 

and their performance is evaluated and their advantages and disadvantages are discussed. 
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1. Introduction 

1.1. Background 

A unique aspect of atmospheric radiative transfer in the thermal infrared (IR) region of the electromagnetic spectrum is the 

presence of sharp absorption lines from atmospheric trace gases, primarily water vapor and carbon dioxide, but also methane 

and ozone among others. The radiances measured by the satellite instruments are averaged over a spectral band according to 

the sensor response function. Therefore, computing corresponding radiances using a RT model requires conducting high 

resolution RT calculations over the sensor response domain for each instrument channel.  Line-by-line radiative transfer 

models [1] directly resolve each absorption line in a brute-force approach. However, the necessary computational resources 

for this approach, both in terms of computation time and memory, are prohibitive in the context of inverse problems such as 

operational satellite radiance data assimilation and remote sensing retrievals. Similar problems arise for the computation of 

broadband radiative fluxes in thermodynamic models [2].  
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For this reason, a wide range of methods was developed in order to mitigate this issue. These methods can broadly be classified 

into three distinct categories: (i) band models, (ii) spectral sampling strategies, and (iii) statistical regressions. However, band 

models [3] are not in common use anymore. The Correlated-k distribution method (CKD) [4] is based on sorting the absorption 

coefficient spectrum in ascending order before the numerical convolution is applied to it. While this approach is quite elegant 

from a mathematical perspective, its generalization to inhomogeneous atmospheric profiles and multiple absorber gases is not 

straightforward. Both CKD and Optimal Spectral Sampling (OSS) [5] are categorized as spectral sampling strategies for the 

purposes of this work. The statistical method is the most common technique used in the current fast models. Accurate line-

by-line calculations provide the basis for a fast gas transmittance parameterization using methods from statistical learning, or 

more specifically from statistical regression. A non-exhaustive selection of such models is mentioned in the following. An 

early model that predicted water vapor and ozone absorption using a linear regression on constant levels of cumulative 

absorber amount is the so-called OPTRAN model [6]. This was later developed into the compactOPTRAN model [7] where 

a polynomial regression is used to drastically reduce the number of necessary regression coefficients and ensure smooth water 

vapor Jacobians. This in turn provided the basis for the ODAS (Optical Depth in Absorber Space) algorithm of the Community 

Radiative Transfer Model (CRTM). The CRTM is a widely used fast radiative transfer model for satellite data assimilation 

and allows the choice between two different transmittance algorithms, one being ODAS, while the other one is Optical Depth 

in Pressure Space (ODPS) [8]. As the name suggests, ODPS uses a linear regression on a grid of constant pressure levels to 

predict the layer optical depth. Similar methods have been applied in the RTTOV (Radiative Transfer for TOVS) fast radiative 

transfer model [9], the SARTA (Stand-alone AIRS Radiative Transfer Algorithm) model [10], and the TAMU fast radiative 

transfer model [11]. Another approach includes Principal-Components Radiative Transfer Model (PCRTM) [12,13], where a 

singular value decomposition is applied to the transmittance training data. 

 

1.2. Neural Networks for Radiative Transfer 

Despite the increasing applications of neural networks in many other fields such as image processing and natural language 

processing, the application of neural networks in atmospheric radiative transfer has been limited by comparison. Likely the 

first influential application of neural networks to longwave radiative transfer was by Chevalier in Refs. [14,15]. Therein, the 

NeuroFlux model for climate studies was described. Neural networks for sounder radiance prediction are described in Ref. 

[16], where a predictor training set based on synthetic atmospheric profiles is utilized. The same approach is employed in the 

recent Ref. [17], where ECMWF forecast profiles are used as predictors to approximate VIIRS M-band (Visible Infrared 

Imaging Radiometer Suite – Moderate resolution band) brightness temperatures. General applications of radial basis function 

networks are discussed in Refs. [18] and references therein. A feed forward neural network for efficient radiative transfer 

simulation is developed and discussed in Ref. [19]. 

Lastly, while dimensionality reduction techniques are strictly speaking not a direct component of neural networks, they are 

nevertheless important and often applied to pre-processing of input- and training data and for this reason the work of 

Efremenko in Ref. [20] is also mentioned here, where a selection of such methods is studied w.r.t. to their applicability in a 

radiative transfer context.   
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1.3. Purpose of this study 

The purpose of this study is to evaluate deep learning neural networks as a means of fast and accurate transmittance 

parameterization in radiative transfer models for satellite data assimilation and remote sensing, such as the Community 

Radiative Transfer Model. 

1.4. Manuscript Overview 

In the following, the manuscript is divided into 4 remaining sections. Section 2 provides an introduction to the problem of 

radiative transfer in a non-scattering atmosphere, and the associated difficulties. The need for a fast transmittance model is 

highlighted. Section 3 briefly describes the deep learning neural network approach, and the different specific network 

topologies that were chosen for this study. The subsequent Section 4 discusses the preparation of the training data for both 

predictors and predictands. The penultimate Section 5 presents the results of the training process and the trained neural 

network in a comparative approach. Both advantages and disadvantages of the different network topologies are highlighted. 

Lastly, Section 6 concludes the study with a discussion of the findings in the context of fast radiative transfer models for data 

assimilation. 

2. Theoretical Background: Radiative Transfer in a Non-Scattering Atmosphere 

The solution to the one-dimensional, stationary, and monochromatic radiative transfer equation for the upwelling radiance at 

the top of a non-scattering atmosphere (TOA) is given by Eq. (1): 

𝐼!,#$% = 𝜖! ⋅ 𝐵&(𝜈, 𝜃&) ⋅ 𝑇(𝜈, 𝑧&) + (1 − 𝜖!) ⋅ 𝑇(𝜈, 𝑧&) ⋅ ∫
#(!,(!)
* 𝐵1𝜈, 𝜃(𝑧)2	𝑑𝑇(𝜈, 𝑧) +

∫*#(!,(!) 𝐵1𝜈, 𝜃(𝑧)2	𝑑𝑇(𝜈, 𝑧) + 𝑟 ⋅ 𝜇+ ⋅
,!"#
-
⋅ 𝑇(𝜈, 𝑧&, 𝜇+) ⋅ 𝑇(𝜈, 𝑧&, 𝜇) ,  (1) 

where 𝐼!,#$% is the monochromatic radiance at wavenumber 𝜈 and TOA, z is the geometric height, 𝜃 is the thermodynamic 

temperature in Kelvin, and 𝐵1𝜈, 𝜃(𝑧)2 is the Planck function. The quantities 𝜖!, 𝑟, 𝜇+, 𝜇, and 𝐹&./ are the monochromatic 

surface emissivity, surface reflectivity, secant of solar zenith angle, secant of satellite zenith angle, and the incident solar 

irradiance. The symbol 𝑇(𝜈, 𝑧) is the monochromatic transmittance. Surface emission, upward atmospheric emission, and 

downward atmospheric emission reflected by the surface are represented by the first three terms in Eq. (1). Direct solar 

reflection is represented by the last term. Eq. (1) can further be simplified by assuming a surface emissivity 𝜖! = 1 : 

𝐼! = 𝐵&1𝜈, 𝜃(𝑧&)2 ⋅ 𝑇(𝜈, 𝑧&) + ∫
*
#(!,(!)

𝐵1𝜈, 𝜃(𝑧)2	𝑑𝑇(𝜈, 𝑧)  (2) 

In order to compute the channel-effective radiance measured by a satellite instrument, the monochromatic radiance given by 

Eq. (2) needs to be convolved with the spectral response function (SRF) 𝛷(𝜈) over the spectral bandwidth 𝛥𝜈 of the instrument 

channel: 

 𝐼01 =
∫$% 3(!)⋅5!(!,6)⋅#(!,(!)	8!9∫$% 3(!) ∫&'(%,*!+

5:!,6(();	8#(!,()	8!

∫$% 3(!)	8!
  (3) 

As is common practice [21], the quadrature of the integral over the transmittance profile in Eq. (3) is carried out using either 

the layer-to-space transmittance profile or the level-to-space transmittance profile for an atmospheric column that is 
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discretized into 𝑁 layers or (𝑁 + 1) levels, respectively.  

𝐼01 ≈
∫$% 3(!)⋅5!(!,6)⋅#(!,(!)	8!9∑,-.& ∫$% 3(=)⋅5(!,6)⋅[#(!,(-/&)?#(!,(-)]	8!

∫$% 3(!)	8!
	,  (4) 

where 𝐵(𝜈, 𝜃) is commonly referred to as the effective Planck function [22] of a layer between the levels 𝑖 − 1 and 𝑖. In the 

simplest approximation to Eq. (4), the variation of the Planck function over a layer is not taken into account and the 

polychromatic channel-effective transmittance 𝑇A!,B can be approximated as follows: 

𝑇A!,B =
∫ 3(!)⋅#-(!)	8!

∫ 3(!)	8!
.           (5) 

Eq. (5) is a convolution between the instrument channel SRF 𝛷(𝜈) and the monochromatic transmittance 𝑇B(𝜈) for layer 𝑖. It 

betrays the difficulty in calculating the channel transmittance 𝑇A!,B. While the instrument channel SRF is often numerically 

cheap to integrate, such as in the case of a boxcar SRF, the monochromatic transmittance 𝑇B(𝜈) is often a very irregular 

function of the wavenumber 𝜈, particularly in the thermal infrared part of the electromagnetic spectrum. Consequently, 

carrying out the integral in Eq. (5) as a numerical quadrature requires a very high resolution in order to accurately resolve 

𝑇B(𝜈), which makes this direct approach too expensive for operational data assimilation. However, since the approximation 

Eq. (4) to the solution of the radiative transfer equation in Eq. (3) is otherwise computationally cheap, it makes sense to retain 

the physics-based solution in Eq. (4) and only find a parameterization for the numerically expensive part in Eq. (5). This 

project uses deep learning neural networks for this purpose and the details of this approach are given in Section 3.  

3. Description of the Regression Model 

This section describes the statistical regression approach towards accelerating the computation of the layer-to-space 

transmittance profiles required for the solution of Eq. (4) in a radiative transfer computer program. From a high-level view, 

the process is quite straightforward and a sketch is outlined in Fig. 1.  

 

Figure 1: Flowchart of the transmittance regression approach. 

The first step of the process consists of generating a synthetic dataset for the transmittance predictors and predictands. This is 

achieved by selecting a representative dataset of atmospheric states and feeding them to an accurate line-by-line radiative 

transfer model to compute the monochromatic transmittance profiles at a high spectral resolution. Step 2 consists of the 

convolution of the monochromatic transmittance profiles with the instrument spectral response function (SRF) to arrive at the 



  5 

channel-resolution transmittances. Lastly, a regression fit of the channel-resolution transmittance is performed to develop a 

fast model. In this work, a hidden-layer neural network is applied to the last step. Further details on the neural network 

structure are given in the remainder of this section. 

3.1. Deep Learning Neural Networks 

Section 3 provides an overview of the essential properties and for further details we refer to the review article [23]. A Hidden-

Layer Neural Network is a nonlinear statistical regression model typically illustrated by a network diagram of a directed graph 

exemplified in Fig. 2.  

 

Figure 2: Illustration of a simple hidden-layer neural network with two hidden layers. 

 

The network may contain two or more so-called hidden layers. Each node of the network is associated with an internal state 

𝑧B that is computed as a linear combination of the internal states 𝑦C of the preceding network layer or the network input 𝑥B 

respectively: 

𝑧D = 𝑤CD ⋅ 𝑦C + 𝑏D,     (6a) 

𝑦C = 𝑓(𝑧C),     (6b) 

where 𝑤CD is the matrix of the weighting coefficients of the network connections (“axons”), 𝑏D are the layer bias coefficients 

and is the layer activation function 𝑓(𝑧C). The activation function generally introduces a nonlinearity in the otherwise linear 

network. Possible choices for the activation function 𝑓(𝑧C) include, but are not limited to, the sigmoid function, the hyperbolic 

tangent (abbreviated here as tanh) and the rectified linear unit (ReLU). Initially all types of activation functions were 

considered in this study, but the ReLU function could quickly be ruled out, as training results were consistently worse and the 

tanh activation function fared slightly better than the sigmoid. From a mathematical point of view this is easy to understand, 

as the channel-effective transmittance is a smooth function bounded by the range [0,1]. The sigmoid function is given here 

for the sake of completeness: 

𝑓(𝑧) = *
*9E/0

 .     (6c) 

It remains to be emphasized that this outcome is specific to the current problem and network architecture. Ref. [19] for instance 

achieved better accuracy with a LeakyReLU activation function. Fitting the neural network model to the predictands of the 

training data set is achieved by minimizing the sum of squared errors quadratic functional as a measure: 
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𝐽(𝛺) = *
F
∑B∈H& ∑/∈H1-23# (𝑇/B − 𝑦/(𝑥B))F ,     (6d) 

where 𝐽(𝛺) is the cost- (or alternatively loss-) function for a specific set of neural network parameters 𝛺 ∈ {𝑤CD , 𝑏D}, 𝑇/B are 

the training data points, and 𝑦/ is the output of the neural network for the l-th output layer node. A variety of methods exist 

for the minimization of Eq. (6c), such as gradient descent [24], and the ADAM stochastic optimizer [25]. One thing these 

methods have in common is that they require not only the model 𝑦/ itself, but also the gradients HIJ(K)
IL45

, IJ(K)
IM5

I	 of the cost 

function. The necessary gradients of 𝑦/ w.r.t. the parameter space 𝛺 are computed using backpropagation [26], which is a 

special case of reverse-mode algorithmic differentiation [27]. Consequently, backpropagation is the adjoint [28] of the hidden-

layer neural network forward model w.r.t. the model parameters (but not the model input). This approach for computing the 

gradients is generally more efficient than the tangent-linear or forward-mode algorithmic differentiation as long as the number 

of model outputs 𝑦/(𝑥B) is smaller than the number of model parameters 𝛺. 

3.2. Neural Network Topologies for the Transmittance Regression 

Generally speaking, multilayer feedforward neural networks have been shown to be universal function approximators [29], 

but the hidden-layer neural network regression model described in the previous subsection 3.1 also allows for a great deal of 

flexibility in solving the problem at hand. Fig. 2 and Eqs. (6a-d) illustrate that the model consists of a number of basic, simple 

building blocks, namely the network nodes and edges, which can be combined in an almost arbitrary way, leading to a 

theoretically unlimited number of degrees of freedom for the model. It remains to be evaluated, which specific arrangement 

of the model leads to the best results in practice. The objective of this subsection is to describe the different model 

arrangements suitable to the transmittance regression problem at hand, and discuss their respective advantages and 

disadvantages. Fig. 3 provides a general sketch of the atmospheric gaseous transmittance regression process using a hidden-

layer neural network. Irrespective of the exact details of the network, all proposed neural networks need to follow the general 

arrangement outlined in Fig. 3, with an input layer that accepts atmospheric property profiles relevant for gaseous absorption, 

such as temperature profile, pressure profile, water vapor concentration and other absorber concentration profiles, such as 

carbon dioxide, as well as possible derived quantities, such as cumulative absorber profiles. The network should include one 

or more hidden layers, in order to account for nonlinear relationships and provide an advantage over simple linear regression 

[23]. Lastly, the model output consists of a gaseous transmittance value. As the transmittance is a multivariate function, the 

number of input layer nodes of the network will always be a multiple of the number of output layer nodes. 
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Figure 3: Sketch of the atmospheric transmittance regression using a hidden layer neural network. 

As is common practice, both the atmospheric properties and the gaseous transmittance are defined on a discrete grid of either 

atmospheric pressure layers or levels [21], as described in Section 2. For the neural network model, quantities henceforth are 

defined as a function of pressure layers, unless indicated otherwise. Limiting the study to fully connected neural networks, 

two different model arrangements thus are conceivable in order to predict the layer-to-space gaseous transmittance from a 

given dataset of input atmospheric profiles: 

1. A separate neural network for each pressure layer, 

2. A global neural network for the entire atmospheric profile for all layers simultaneously, 

henceforth called approach 1 and approach 2, respectively. Both approaches are permissible, as the gaseous layer-to-space 

transmittance of a given layer is completely independent from other layers, at least in the context of this problem. A direct 

illustration for an actual network used in approach 1 is given in Fig. 4. An illustration of the network for approach 2 is 

intractable due to the network size and thus omitted. From initial considerations, both advantages and disadvantages of 

approach 1 and approach 2 can be directly deduced. The advantages and disadvantages of approach 1 are given in Table 1 

and the properties of approach 2 are given in Table 2. 

 

Advantages Disadvantages 

Small individual network sizes Long training times for all layers combined 

Layers are completely independent Larger size of all coefficients combined 

Networks can be tuned on a layer-by-layer basis Cannot directly account for non-local effects between 

different layers 

Optimal for parallelization  

Table 1: Advantages and disadvantages of using a separate (small) neural network for each atmospheric layer (approach 1). 
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Overall the advantages and disadvantages of approach 1 and approach 2 are largely complementary. Approach 1 relies on a 

separation of individual layers. This allows to treat each layer separately and optimize the regression process and the neural 

network for each layer individually. This also allows to parallelize the transmittance computation in the final model in a 

straightforward manner, as the computations for each layer are completely detached from each other and thus embarrassingly 

parallel. This does not mean however, that it is not possible to parallelize the network of approach 2. Nevertheless, it becomes 

necessary to apply parallel linear algebra operation algorithms for the entire network, instead of simply parallelizing the 

individual layer networks. Furthermore, the size of the model coefficient arrays for each layer is significantly smaller than the 

corresponding size of the coefficient arrays for the model that treats all layers simultaneously. As a consequence, the 

coefficient arrays become easier to analyse, potentially leading to better insights on a per-layer basis. On the other hand, the 

training time for all separate layers (approach 1) combined will be longer than in the simultaneous case (approach 2). 

Conversely, the total size of the coefficient arrays for approach 1 is also larger than for the case of approach 2, leading to 

larger instrument-specific coefficient files and more computational time required for the coefficient I/O process while running 

the fast model. Lastly, this approach by construction does not permit to account for potential non-local effects in the 

transmittance computation, i.e. no constraints between layers can be considered without additional modifications of the 

scheme. In an extreme scenario, there would be no guarantee for instance that the layer-to-space transmittance is 

monotonously increasing while moving down from TOA to the surface. A more realistic conceivable issue is that in approach 

1 there is no mechanism that ensures that the Jacobian of the channel-resolution transmittance profile w.r.t. the atmospheric 

properties is a smooth function. 

 
Advantages Disadvantages 

Fast Training Not straightforward to parallelize 

Only one set of network parameters Unable to analyse individual layers 

Can fully account for non-local effects Less accurate overall 

Table 2: Advantages and disadvantages of using a single continuous neural network for the entire atmospheric profile (approach 2). 

For approach 2 the overall training time is faster than for approach 1, under the assumption that the training in approach 1 is 

not done in parallel. In terms of coefficient storage, online I/O and scientific analysis there is only one coherent array of model 

coefficients that allow for smaller coefficient storage sizes, faster model I/O, and simpler analysis and visualization of the 

coefficients. In the same vein, approach 2 allows to directly account for constraints between atmospheric profile layers, as the 

layers are directly manifest as nodes of the model and the constraints or connections between different layers are reflected in 

the network connections between layers. Visualizing the connection weights as a matrix makes it possible to gain insight into 

how the model processes the atmospheric transmittance and if there are influences present between layers. Lastly, starting 

from considerations of overfitting, a third and last approach was derived from approach 2 in an effort to retain the advantages 

listed in Table 2, while simultaneously mitigating the disadvantages, in particular when it comes to the model accuracy. This 

is achieved by reducing the hidden layer size and number of trainable parameters of approach 2. While this approach may 

seem counterintuitive at first, reducing the complexity of the model can minimize the contribution of predictors that have little 

or no correlation with the predictands and reduce the influence of overfitting. More details on this issue are provided in 

subsection 5.4. The third approach is designated as optimized approach 2, and its advantages are given in Table 3. 
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Advantages Disadvantages 

Fast Training Not straightforward to parallelize 

Only one set of network parameters Unable to analyse individual layers 

Can fully account for non-local effects Requires careful tuning 

Improved accuracy  

Reduced model parameters and size  

Table 3: Advantages and disadvantages of using an optimized single continuous neural network for the entire atmospheric profile (optimized approach 2). 

From Table 3 it can be seen that out of the proposed architectures, the optimized approach 2 is the most favourable for practical 

applications. A summary of the neural network model structure for all approaches is given in Table 4.  

 

 Approach 1 Approach 2 Optimized Approach 2 

Nodes 8 × 16 × 16 × 1 800 × 1600 × 1600 × 100 800 × 80 × 100 

Activation Function tanh tanh tanh 

Input Nodes 8 per layer 800 in total 800 in total 

Table 4: Neural network model parameters for approach 1 and approach 2. 

Generally, the network structure for approach 2 is a simple scaling of the structure for approach 1 by the number of 

atmospheric profile layers. In all three cases the tanh activation was chosen for all layers. For both approach 1 and 2 it was 

found through trial and error that a satisfactory compromise between network size and achieved accuracy could be realized 

with two hidden layers and a number of nodes per hidden layer that is twice the number of input nodes. 
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Figure 4: Feed-forward hidden-layer neural network for approach 1. 

4. Preparation of the Training Data 

This section discusses the preparation of the predictors and predictands necessary for the regression problem. The predictors 

consist of a representative set of atmospheric profiles with physical parameters that affect the atmospheric transmittance of 

the respective profile. The predictands are quite generally channel-resolution transmittance profiles computed from the 

predictor profiles using accurate line-by-line models. This approach is common practice for the development of fast radiative 

transfer models [8,9]. 

4.1. Atmospheric Profiles as Predictors 

The predictors of the neural network model are based on a diverse, representative dataset of atmospheric profiles [30] that is 

also the basis for the CRTM [8] and RTTOV [9] transmittance models. Henceforth, the profile set will be referred to as the 

ECMWF83 profile set. It contains the following atmospheric physical properties: 

● Pressure in Hecto-Pascal, 

● Temperature in Kelvin, 

● Water vapor absorber amount in g/kg, 
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● Carbon dioxide absorber amount in ppmv, 

● Ozone absorber amount in ppmv. 

The listed quantities are defined on a vertical discretization of both layers and levels which follow the AIRS pressure level 

definition [10]. As suggested by the name, the ECMWF83 profile set contains 83 atmospheric profiles that cover a 

representative range of variation of the atmospheric parameters listed above. The range of the profiles, together with mean 

and median are displayed in Fig. 5. 

 

 
a) 

 
b) 

 
c) 

 
d) 

Figure 5: ECMWF83 atmospheric training data profile set. 

There is no variation in the pressure variable which serves as the vertical coordinate. In this study the values of the carbon 

dioxide with a surface median value of 382.5 ppmv are taken from the original ECMWF83 profile set and not adjusted to 

2021 concentration levels. An investigation of the impact of increasing carbon dioxide concentration values on the terrestrial 

atmosphere are beyond the scope of this study. As an independent tesing profile data set, the UMBC48 with 48 profiles is 

selected. The testing dataset is shown in Fig. 6. Note that as a significant caveat the testing dataset does not contain any carbon 

dioxide variation. 
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a) 

 
b) 

 
c) 

 
d) 

Figure 6: UMBC48 atmospheric training data profile set. 

The ECMWF83 profiles shown in Fig. 5 are used directly as input for the line-by-line calculations to compute the atmospheric 

transmittance profiles, but a normalization procedure is applied before they are used as predictors in the neural network 

regression. First, the layer- and level minimum and maximum values 𝑋NBO and 𝑋NPQ of the profile set for a given quantity 

𝑋(𝑝) are computed for each layer and level separately. The normalized profiles with the quantity 𝑋P(𝑝) are computed by 

subtracting the mean from a given profile and dividing the remainder by the standard deviation: 

𝑋P(𝑝) = R(S)?R6-2
R630?R6-2

 .     (7) 

As such, the quantity 𝑋P(𝑝) becomes normalized into the range 𝑋P(𝑝) ∈ [0,1]. This normalization step is critical in bringing 

the various atmospheric properties which can differ by orders of magnitude onto a common scale and performing the 

calculations with dimensionless numbers. However, this method is not unique, and other approaches for a normalization are 

conceivable, such as a normalization with the mean and standard deviation of the profile dataset.  

The predictors used for the hidden-layer neural network are the normalized atmospheric properties listed in order below: 

1. Temperature 



  13 

2. Pressure 

3. Carbon dioxide amount 

4. Cumulative carbon dioxide amount 

5. Ozone amount 

6. Cumulative ozone amount 

7. Water vapor amount 

8. Cumulative water vapor amount 

The list order corresponds to the neural network layout, i.e. input node 1 corresponds to predictor 1 etc., whereas for approach 

2 the layer predictors repeat for each layer, that is input node 1 modulo 8 always contains the predictor 1 for a given layer. 

The neural network regression fit is performed separately for each instrument zenith angle, and as such the angle is also 

implicitly available as a predictor. Including the instrument zenith angle as a direct predictor in the neural network is 

straightforward and is not discussed here for the sake of brevity. A correlation plot between the listed normalized predictors 

and the total spectral layer-to-space transmittance for VIIRS-Moderate NPP channel 12 in layer 100 is shown in Fig. 7. 

 

Figure 7: Correlation plot of ECMWF83 atmospheric training data profile set predictors for layer 100 and normalized via Eq. (7) and VIIRS-M NPP 
channel 12 total spectral layer-to-space transmittance (kernel density estimate on the diagonal). Note the clear and monotonic relationship between 

transmittance and cumulative water vapor amount at this layer and channel. 
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4.2. Transmittance Profiles as Predictands 

The unnormalized ECMWF83 atmospheric profile data set discussed in the previous subsection is used as the input for line-

by-line radiative transfer calculations to obtain a synthetic dataset of accurate monochromatic atmospheric gaseous 

transmittance profiles. Subsequently the monochromatic transmittance profiles are convolved with the instrument spectral 

response function as demonstrated in Eq. 5 to obtain the transmittance profiles at instrument channel resolution. A detailed 

sketch of the line-by-line calculation process is given in Fig. 8. 

 

 

Figure 8: Flowchart of line-by-line computation and SRF-convolution workflow. The workflow is divided into a data preparation step that involves 
creating the appropriate I/O TAPE files for LBLRTM, a computationally expensive line-by-line computation step, and an SRF convolution step in order to 

transform the monochromatic transmittance data into instrument channel-resolution transmittance profiles. 

The line-by-line radiative transfer model used for the monochromatic transmittance calculations in the infrared region is the 

Line-By-Line Radiative Transfer Model (LBLRTM) [1] maintained by Atmospheric and Environmental Research (AER). 

This study focuses on the SRF of the M-band of the Visible Infrared Imaging Radiometer Suite (VIIRS) onboard the Suomi 

NPP satellite. A plot of the SRFs for channels 12 and 13 of VIIRS-M S-NPP is shown in Fig. 9. As can be seen, the SRFs are 

comparatively smooth functions of the wavenumber. The convolution between the monochromatic gaseous transmittance 

profiles and the VIIRS-M NPP SRF is performed through numerical quadrature. The results of the total transmittance for 

channel 13 and the ECMWF83 profile set is shown in Fig. 10. The same transmittance for the UMBC48 testing data set is 

shown in Fig. 11. Similar to the predictors, the computed transmittance profiles at channel resolution should also be 

normalized accordingly. The resultant normalized transmittance profiles become the predictands of the neural network 

regression process. However, since the transmittance values already lie in the range between one and zero, the normalization 

step for the predictands is not necessary. In an operational radiative transfer model, the influence of variable gases needs to 

be calculated via effective transmittances [9], i.e. the predicted transmittances for a specific variable gas are the ratio of the 

total transmittance and the total transmittance without the variable gas. This must be done in order to ensure that the product 

of all variable gases is always equal to the total transmittance. Note that the layer transmittance normalized in this way cannot 

be expected to behave in the same way as the original transmittance. In particular, monotonicity constraints on the cumulative 
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layer-to-space transmittance and bounds on the positivity and absolute value of the layer transmittance do not hold. For the 

sake of simplicity this study focuses on the total transmittance alone, in order to evaluate the feasibility of the neural network 

approaches. The extension of the methods discussed here towards the aforementioned effective transmittances for individual 

gases is straightforward. 

 

 

Figure 9: Channel 12 & 13 SRF for the VIIRS-M instrument onboard Suomi-NPP. 

 

Figure 10: VIIRS-M NPP channel 13 total spectral transmittance profiles at nadir as a function of profile set number based on the ECMWF83 atmospheric 

profile training set. Layer 1 is at the top of the atmosphere (TOA) and layer 100 is the ground layer. 



16  

 
Figure 11: VIIRS-M NPP channel 13 total spectral transmittance profiles at nadir as a function of profile set number based on the UMBC48 atmospheric 

profile training set. Layer 1 is at the top of the atmosphere (TOA) and layer 100 is the ground layer. 

5. Neural Network Results 

This section discusses the results of the hidden-layer neural network regression of the layer-to-space gaseous transmittance 

profiles for both network topologies discussed in Section 3. This section is divided into an initial model validation, a 

description of the results for both networks, and a final comparison of the performance of both models. For the definition and 

training of the hidden-layer neural networks the TensorFlow Python API [31] was used. The loss function for the training is 

the mean-squared error. 

5.1. Initial Model Validation 

A simplified test problem was chosen to evaluate the practical capability of the selected hidden-layer neural network model 

to approximate a nonlinear multivariate function and to anticipate possible shortcomings. A suitable function for this purpose 

is the cosine function as a nonlinear mapping with multiple inflection points. For this preliminary test the deterministic cosine 

function is sampled with added Gaussian noise of mean zero and variance 0.1. The resulting dataset of x and cos(x) values is 

used to train the minimal hidden layer neural network shown in Fig. 2 over a limited region 𝑥 ∈ [0, 3𝜋]. A comparison of the 

deterministic cosine function and sample output from the trained neural network is shown in Fig. 12. 
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Figure 12: Comparison between a deterministic cosine function 𝑐𝑜𝑠	(𝑥)	 (blue curve) and the output of a neural network (blue dots) trained with sampled 

cosine data. 

Fig. 12 demonstrates that even the minimal network example of Fig. 2 is able to reproduce the nonlinear relationship inherent 

in the cosine function to a specified degree. However, two key issues could be identified during the model training: 

● Loss of accuracy in regions of sparse training data and data boundaries. 

● Neural network settles into a local minimum. 

The first issue is particularly evident in Fig. 12, where the output of the trained neural network deviates from the cosine 

function and becomes almost linear at the domain boundaries 0 and 3𝜋 respectively. This also means that the neural network 

model will likely perform poorly in the case of extrapolation into regions outside the volume of available training data. The 

second issue occurs because the model weights and biases are initialized randomly. Upon minimization of the loss function 

using gradient descent the model may settle into a local minimum where the mean-squared error is not reduced further but 

the regression fit nevertheless remains poor. 

5.2. Results for the Case of a Single Network per Layer 

In approach 1 the regression for each atmospheric pressure layer is performed separately. The neural network in Fig. 4 is used, 

together with the parameters given in Table 3. As a first step, the training results for a single specified layer are investigated. 

Without loss of generality this layer is chosen to be layer 90, at an atmospheric pressure of 814.8 hPa. Mean-squared error 

and mean absolute error of the training of a single network for layer 90 and the associated convergence behaviour of the loss-

function minimization are shown in Fig. 13. 
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a) 

 
b) 

Figure 13: Mean absolute error (left) and mean square error (right) for total transmittance neural network training for Layer 90 only. 

The output of the trained neural network for layer 90 is shown in Fig. 14. As can be seen, the training accuracy of the neural 

network model towards the normalized total transmittance as a predictand for a single layer is quite high, which is quite 

encouraging for the generalization towards all atmospheric layers.  

 

 
a) 

 
b) 

Figure 14: Correlation between normalized total transmittance training data and neural network output for Layer 90 (left) and normalized total 

transmittance as a function training profile number (training transmittance in blue, predicted transmittance in orange). 

In order to analyze the structure of the network for a single layer and gain a measure of insight and interpretation of the 

network processes, it is possible to visualize the trained network weights as matrices. The absolute value of the trained network 

weights is shown in Fig. 15 for all layers. A higher absolute value of a particular weight consequently indicates that a particular 

model input has a bigger impact on the model output and the intermediate results. It is particularly illustrative to look at the 

weight matrix between the input layer and the first hidden layer. However, interpreting the weight matrices of subsequent 

hidden layers becomes progressively more difficult. In Fig. 15, the weight matrix indices correspond to the layer nodes, i.e. 

matrix index 0 corresponds to node 1 of a given layer. The nodes of any given layer are represented as the weight matrix row 
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index, whereas the nodes of the subsequent layer are given as the weight matrix column index in the TensorFlow output 

representation. Note that this definition is the transpose of 𝑤CD in Eq. (6a). This also means that the matrix rows of the input 

layer correspond to the regression predictors and the matrix column of the last hidden layer corresponds to the regression 

predictand. Consequently, the matrix in Fig. 15a shows that the cumulative carbon dioxide amount and the level pressure have 

the biggest impact on the first hidden layer of the neural network for the given case, and conversely the weights of the layer 

pressure and cumulative water vapor amount are quite small. The highly-weighted cumulative carbon dioxide amount for 

instance is visible in Fig. 15a as element 𝑤T,F with	a	bright	yellow	color,	whereas	small	weights	are	indicated	as	black	

and	dark	blue	matrix	elements. In this way it is also possible to identify predictors that do not significantly contribute to the 

regression and remove them entirely to selectively improve speed and memory footprint of the computations [32]. 

 

 
a) 

 
b) 

 
c) 

Figure 15: Node connection weight matrices 𝑤!" of the network shown in Fig. 4 trained with the predictands in Fig. 13b. The corresponding layers are: a) 
input layer; b) hidden layer 1; c) hidden layer 2. 

As the neural network model for approach 1 can successfully predict the normalized total layer transmittance for a single 

layer, the same principle can be applied to all layers of a given atmospheric profile. All that needs to be done is creating a 

separate neural network for each atmospheric layer and repeating the training process. The result for approach 1 is shown in 

Fig. 16. The convergence of the neural network training for every single layer is not reproduced here for the sake of brevity 

and Fig. 13 can be considered as representative. Fig. 16 shows the normalized total layer transmittance as a function of 

atmospheric pressure layers for ECMWF83 training profile number 3. The predictand profile is shown in red, while the neural 

network output is shown in green. The absolute difference  (𝜏OEUVP/	OEWL.VD − 𝜏H5HX#Y)   between the two results is given as 

the dashed blue curve. It can be seen that the neural network model is overall very accurate and is able to reproduce all 

qualitative features of the line-by-line validation result. The biggest differences appear both in the lower, tropospheric layers, 

at TOA, and at the inflection points of the normalized layer transmittance. Overall however, the neural network result is not 

as smooth as the training profile and has a certain numerical noise level, as no constraints between layers are enforced. There 



20  

is a clear negative bias at TOA and a mostly positive bias near the ground. The drift of the difference changes sign near the 

center of the atmospheric column, where it is mostly oscillatory in nature. 

 

Figure 16: Normalized total layer transmittance as a function of atmospheric pressure layers for ECMWF83 training profile number 3 and approach 1. 

 

5.3. Results for the Case of a Single Network per Profile 

The method applied to individual atmospheric layers discussed in subsection 5.2 can be generalized to a single neural network 

for the entire atmospheric profile. In this way, the total training time can be reduced, relationships between atmospheric layers 

can be taken into consideration within the neural network and the management of the model parameters is considerably 

simplified. The network topology of approach 2 listed in Table 3 was again trained with the normalized ECMWF83 profile 

sets and the corresponding normalized total transmittance. The least-squares error convergence during the training is shown 

in Figure 17.  
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a) 

 
b) 

 

Figure 17: Mean absolute error and mean square error convergence for the training of the neural network of approach 2 in Table 3. 

The comparison of the normalized layer transmittance produced by the neural network of approach 2 and the line-by-line 

normalized transmittance of profile 3 is shown in Fig. 18. As in Fig. 16, the relative error is overall small and behaves very 

similar to the error of approach 1. There is significantly more noise in the error curves of approach 2, with high-frequency 

oscillations of higher error values. The numerical noise and the lack of smoothness of the neural network result are reduced 

for the example profile shown in Fig. 18, however. 
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Figure 18: Normalized total layer transmittance as a function of atmospheric pressure layers for ECMWF83 training profile number 3 and approach 2. 

As approach 2 leads to a smaller absolute error in the normalized layer transmittance than approach 1, looking at the 

reconstructed layer-to-space transmittance that is required for the solution of the radiative transfer equation Eq. (4) provides 

an upper bound of the reconstructed error for both approach 2 and approach 1. To this end, the transmittance normalization is 

reversed by applying the minimum and maximum values of the transmittance predictand training data set with the normalized 

transmittance. Fig. 18 shows the reconstructed layer-to-space transmittance as a function of atmospheric pressure, together 

with absolute error. It can be seen that the neural network result is highly accurate, with an absolute error below a value of 

0.015. The weight matrices of the neural network in approach 2 can be inspected in the same way as for the case of approach 

1, with the caveat that the matrices will be much larger. Looking at the weight matrices in Fig. 19 does not provide any 

insights, however. No immediate structure is visible in the matrices of Fig. 20 a) through c) and the weights appear as random 

noise. The weight matrices themselves seem sparse, with many values very small or close to zero. This picture is perpetuated 

when zooming into the weight matrix of the second hidden layer shown in Fig. 20 c) for a more detailed look. The zoom is 

displayed in Fig. 20 d) and also shows an apparently random and noisy pattern. Consequently, the weight matrices for 

approach 2 cannot be interpreted as easily as the ones of approach 1. 
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a) 

 
b) 
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c) 

 
d) 

Figure 19: Analysis of the weight matrices of the trained neural network for approach 2: a) input layer; b) first hidden layer; c) second hidden layer; d) 
zoom of the first 100 elements of the weight matrix from c). 

After checking for an acceptable fit of the model to the training data, its performance in practice needs to be gauged against 

an independent testing data set, which is based on the UMBC48 atmospheric profile set, as explained before. A direct 

comparison of an individual transmittance profile is shown in Fig. 20 for UMBC48 profile number 3. The overall absolute 

difference between the neural network transmittance and the line-by-line model result does not exceed a value of 0.06 in this 

case. Notable is a clear increase of the absolute difference value with atmospheric pressure. In other words, the neural network 

difference increases towards the bottom of the atmosphere. This result is somewhat surprising, as in approach 2 the entire 

transmittance profile is approximated simultaneously and no layer is treated preferentially. However, this may hint at a 

correlation between the transmittance error and physical variables such as pressure or water vapor concentration. The root 

mean square error (RMSE) for the entire UMBC48 testing data set is shown in Fig. 21. The RMSE value does not exceed a 

value of 0.025 and the same increase of the RMSE value with atmospheric pressure is observed as in the case of the individual 

profile, revealing a consistent trend. 
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Figure 20: Normalized total layer transmittance as a function of atmospheric pressure layers for UMBC48 testing profile number 3 and approach 2. 
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Figure 21: Root mean square error between the neural network (approach 2) and exact line-by-line model transmittance as a function of normalized 
atmospheric layer pressure for the UMBC48 testing data set. 

5.4. Overfitting and a reduced parameter space for approach 2 

Looking at the results of this section for approach 2 so far reveals two potentials areas of immediate improvement: 

• Fig. 19 shows that a large number of parameters of the full neural network has values that are small, hinting at a 

potential redundancy of many of these parameters. 

• The fit of the neural network towards the testing dataset is not as good as towards the training set, hinting at potential 

overfitting and model generalization issues. 

There are several common methods in machine learning practice to address the issue of overfitting and the following solutions 

have been considered in this study: 

• Early stopping of the training based on optimal accuracy for a validation dataset. 

• L1 and L2 regularization of individual network layers. 

• Dropout layers that set input units to zero as part of the network training process. 

• Reducing the complexity of the neural network model by reducing individual nodes or entire layers. 
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Neither L1 and L2 regularization, or dropout layers individually, nor any combination of the three were found to improve the 

accuracy of a modified approach 2 network, even though regularization was found to slightly improve the smoothness of the 

result. A criterion for the early stop of the neural network training to avoid overfitting is conventionally determined based on 

the model accuracy towards a validation dataset, which is distinct from the previously discussed training and testing datasets. 

A common approach is to select the validation dataset as a fraction of the training dataset, where a value of 80% for training 

and 20% for validation is often used. The goal is to stop the training of the neural network not when convergence of the 

training error is achieved, but earlier, when the error of the model towards the validation dataset reaches its minimum, if such 

a minimum exists. Following this approach, the training for a modified approach 2 was conducted with an 80/20 split of the 

ECMWF83 profile set into a training and validation dataset respectively and the results of the corresponding training process 

for the neural network model were plotted to search for the minimum of the validation error. Both mean squared error and 

mean absolute error for both training and validation dataset over the training epochs are given in Fig. 22 a) and b) respectively.     

 
a) 

 
b) 

 

Figure 22: Mean absolute error and mean square error convergence for the training of the neural network for approach 2. Both training (blue) and 
validation (orange) dataset are shown. Note that the validation dataset does not obtain a minimum, but rather converges towards a steady value. This is 

contraindicative of overfitting through extended training times. 

It can be seen that the validation dataset error does not obtain a minimum value during the training sequence, but rather 

converges towards a constant value, just like the training error. This means that a potential overfitting issue cannot be resolved 

by early stopping of the model training process in this case. Consequently, this method is also unsuitable to address the 

preceding issue.  



28  

The last option to address the first issue only requires reducing the model size. This was done aggressively and the full network 

size was reduced from a 800 x 1600 x 1600 x 100 model to 800 x 80 x 100 nodes (henceforth designated as the improved 

approach 2), i.e. the hidden layer was smaller in size than both the input and output layer, but still kept at a multiple of the 

number of different predictor quantities. The number of hidden layers was also reduced from 2 to 1. This reduced network 

architecture is very similar to the well-known autoencoder [33] neural network architecture, however, it is distinct from it as 

the output of an autoencoder is used to regenerate its input. Looking at the mean absolute error and mean square error of the 

training process in Fig. 23 shows that reducing the number of network parameters reduces the noise in the training error 

substantially, while at the same time maintaining a comparable mean level. Looking at the comparison of the network and 

line-by-line transmittance for a single UMBC48 validation profile in Fig. 24 paints a similar qualitative picture and overall 

trend as Fig. 20 for the full network of approach 2, albeit with a slightly reduced absolute difference value. The same is true 

for the RMSE of the full UMBC48 validation dataset for the optimized approach 2 in Fig. 25. As in Fig. 21, the RMSE value 

increases with atmospheric pressure, but is in fact slightly lower than for the full network of approach 2. This shows that not 

only was it possible to drastically reduce the size of the network for approach 2 due to inherent parameter redundancies, but 

it was also possible to slightly reduce the maximum RMSE value for the validation dataset with the optimized approach 2. 

Further reducing the network size did not lead to further improvements however, and the RMSE was found to increase again 

for smaller network sizes. The same improvement also couldn’t be observed for approach 1. 

 
a) 

 
b) 

 

Figure 23: Mean absolute error and mean square error convergence for the training of the neural network of the optimized approach 2 in Table 3. 
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Figure 24: Normalized total layer transmittance as a function of atmospheric pressure layers for UMBC48 testing profile number 3 and optimized approach 
2. 
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Figure 25: Root mean square error between the neural network (optimized approach 2) and exact line-by-line model transmittance as a function of 
normalized atmospheric layer pressure for the UMBC48 testing data set. 

 

 

5.5. Comparison of Approaches 

Both approach 1 and the optimized approach 2 allow for a very accurate computation of layer-to-space transmittances, with 

approach 1 being overall less accurate than the optimized approach 2. Additionally, the optimized approach 2 allows for a 

faster training and an easier handling of the neural network parameters, which is of particular concern for the implementation 

of a radiative transfer model. For the given normalization strategy, the optimized approach 2 also leads to more accurate 

results and the network size and performance can be further improved upon by reducing its size, leading to autoencoder 

approach 2. Approach 1 however makes it easier to understand the relationship between the predictors and the model output 

by analyzing the model weight matrices. Overall, approach 2 is simpler and more straightforward, as only one neural network 

is required for the entire problem, instead of one neural network per atmospheric layer, and leads to more accurate overall 

results. This again simplifies the implementation in a radiative transfer model. As a clear conclusion, autoencoder approach 

2 with its small network size and most accurate outcome should be the preferred approach for this kind of physical problem 

and predictor normalization strategy. However, this conclusion may not be generalized and facing a different kind of physical 

problem or even using a different predictor normalization approach for the same problem may lead to a different outcome. 

5.6. Radiance Computation 

Ultimately, the purpose of a radiative transfer solver for satellite data assimilation and remote sensing is not the computation 

of transmittances, but radiances at instrument resolution. To demonstrate the suitability of the neural network approach 
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number 2 to this application, the network was integrated with a simple radiative transfer solver for an absorbing and emitting 

atmosphere [21]. Scattering was ignored, as were polychromatic effects in the Planck emission function. The radiance source 

was surface emission at a temperature of 283.15 K and an emissivity of 0.92, which is characteristic for an ocean surface. The 

radiative transfer solver is solving the clear-sky radiative transfer equation Eq. (4), and the trained neural network of method 

2 is providing the necessary fast parameterization of the layer-to-space transmittance.  The corresponding results are shown 

in Fig. 26. 

 

 
a) 

 
b) 

 

Figure 26: Radiative transfer calculations for selected UMBC48 profiles with a neural network spectral transmittance parameterization according to 
scheme 2. The predicted transmittance is shown in Fig. 26a and the resulting radiance in Fig. 26b. 

A last issue to consider particularly for remote sensing and data assimilation applications are the computational resources 

required by the neural network radiative transfer solver. The normalized computation time for the neural network 

transmittance parameterization (2nd. approach) alone is shown in Fig. 27. In general, the time required by the neural network 

transmittance computation in its current naive implementation is about one order of magnitude faster than the radiative transfer 

solver part of the code and scales approximately linearly with the number of atmospheric profiles to be processed. 
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Figure 27: Normalized computation time of the optimized neural network model 2 for fast transmittance parameterization as a function of the number of 
atmospheric profiles (full radiative transfer solver in orange, neural network section in blue).  

6. Conclusion 

This work demonstrates the feasibility of employing neural networks for a fast transmittance parameterization in radiative 

transfer models for remote sensing or satellite data assimilation. To the knowledge of the authors, this is the first time that 

neural networks are investigated as a fast transmittance model, particularly in an operational context. The importance of the 

current findings cannot be understated, as they pave the way for further investigations towards more general applications, 

such as the computation of forward model Jacobians, the inclusion of physical constraints in the networks, challenges from 

hyperspectral instruments, and all-sky radiance assimilation with scattering clouds. Especially within the context of the 

CRTM, the development of new practical fast radiative transfer algorithms has effectively stagnated since 2010, and this 

manuscript is the first real attempt at modernizing the flagship radiative transfer model of NOAA and the JCSDA for satellite 

radiance assimilation since then. 

Two initial approaches have been compared w.r.t. their accuracy and computational aspects. The first approach uses a neural 

network per atmospheric layer to predict its associated layer-to-space transmittance based on a given number of predictands. 

The second approach uses a single neural network for an entire atmospheric profile to do the same. It was found that approach 

1 allows for easier analysis of the statistical relationships. However, approach 2 is simpler, more accurate and its training is 

faster. Lastly, the accuracy and efficiency of approach 2 can be further improved by decreasing the model size, leading to an 

optimized version of approach 2. The main strengths of both approaches are a very accurate parameterization of the 
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atmospheric layer-to-space transmittance, the ease of integration in existing radiative transfer solver frameworks for both 

clear-sky and all-sky scenes, and the lack of data-induced drift of the results that occurs with other approaches [17]. In general, 

it was found that both approaches were quite practical and useful. However, for the given physical problem and predictor 

normalization strategy, the optimized approach 2 is clearly preferable over approach 1.  
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