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ABSTRACT

2



The next generation of advanced high-resolution sensors in geostationary

orbit will gather detailed information for studying the Earth system. There

is an increasing desire to perform observing system simulation experiments

(OSSEs) for new sensors during the development phase of the mission in order

to better leverage information content from the new and existing sensors. For-

ward radiative transfer calculations that simulate the observing characteristics

of a new instrument are the first step to an OSSE, and they are computationally

intensive. The scalar approximation to the radiative transfer equation, a sim-

plification of the vector representation, can save considerable computational

cost, but produces errors in top of the atmosphere (TOA) radiance as large as

10% due to neglecting polarization effects. This article presents an artificial

neural network technique to correct scalar TOA radiance over both land and

ocean surfaces to within 1% of vector-calculated radiance. A neural network

was trained on a database of scalar-vector TOA radiance differences at a large

range of solar and viewing angles for several thousand realistic atmospheric

vertical profiles that were sampled from a high resolution (7 km) global atmo-

spheric transport model. The profiles include Rayleigh scattering and aerosol

scattering and absorption. Training and validation of the neural network was

demonstrated for two wavelengths in the ultraviolet-visible (US-Vis) spectral

range (354 nm and 670 nm). The significant computational savings accrued

from using a scalar approximation plus neural network correction approach

to simulating TOA radiance will make feasible hyperspectral forward simula-

tions of high-resolution sensors on geostationary satellites, such as TEMPO,

GOES-R, GEMS, and SENTINEL-4.
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1. Introduction36

Radiative transfer models (RTMs) are essential tools in a wide range of applications that help37

us understand atmospheric processes and atmosphere-surface interactions. RTMs are used to (1)38

design atmospheric indices, (2) perform sensitivity analyses, (3) develop inversion algorithms39

to retrieve atmospheric composition and surface properties from remotely sensed data, and (4)40

generate artificial scenes as would be observed by an optical sensor. In the latter case, RTMs41

are used in instrument simulators that function as a virtual laboratory during the development42

of remote sensing missions. This virtual laboratory is often referred to as an observing system43

simulation experiment (OSSE).44

Advanced detailed RTMs are computationally intensive, and the next generation of remote sens-45

ing instruments will have increasingly high spatial, temporal, and spectral resolutions. This can46

make using detailed RTMs in instrument simulators unfeasible in a practical sense. To overcome47

this, often the scalar approximation is used in radiative transfer calculations, which treats the light48

beam as a scalar, rather than a vector consisting of the four Stokes parameters which describe the49

state of polarization of the light beam.50

Treating light as a scalar can lead to significant error in the calculation of top of the atmosphere51

(TOA) radiance, because the contributions to the total intensity of the second Stokes parameter, Q,52

and the element P12 of the scattering matrix are neglected (Mishchenko et al. 1994). When scalar53

RT is used to generate look-up tables for AOD retrievals, this leads to substantial (greater than 0.1)54

errors in retrieved AOD (Levy et al. 2004).55

For light scattered by Rayleigh or small spherical aerosol particles, the contribution of Q and56

P12 to the calculation of intensity are maximum for low-order (but not first order) light scattering57

paths involving right scattering angles and right angles of rotations of the scattering plane. Mis-58
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chenko et al. 1994 showed that because Rayleigh scattering is nearly isotropic, for the Rayleigh59

slab problem the contributions of such light paths can be significant, and differences between the60

scalar and vector calculations of TOA radiance (i.e. the scalar error) can be as large as 10%.61

Meanwhile, aerosols scatter strongly in the forward direction, and Hansen et al. 1971 showed that62

the scalar errors for the aerosol slab problem are small. Thus over land, where polarization by63

surface reflectance is weak (Herman et al. 1997), the main factor that modulates the scalar error is64

atmospheric scattering. For realistic atmospheric profiles consisting of both aerosol and Rayleigh65

particles, the scalar error will depend on the aerosol and Rayleigh optical depths, aerosol opti-66

cal properties (scattering and absorption efficiency, and phase function), and scattering geometry.67

However, over the ocean, where sea-surface glint can be highly polarized, the scalar error will also68

depend ocean surface glitter.69

Because aerosol optical properties, the Rayleigh extinction cross-section, and ocean surface70

reflectance are wavelength dependent, the scalar error is likewise wavelength dependent with the71

largest errors occurring in the UV-Vis, where Rayleigh optical depth and ocean surface reflectance72

are significant. This part of the light spectrum is used to retrieve concentrations of air quality73

and climate relevant trace gases as well as aerosol optical properties. In this paper we present a74

method for correcting TOA radiances calculated with the scalar approximation, and we will focus75

on forward RT calculations in the UV-Vis, where the scalar error is significant.76

The approach utilizes a machine learning algorithm, specifically, an artificial neural network.77

The neural network is used as a data transformer that maps RTM input parameters to the difference78

between a scalar and vector calculated TOA radiance. Neural networks provide flexibility and79

excellent accuracy in representing nonlinear processes. It has been shown that a feed-forward80

neural network can be trained to approximate virtually any smooth function (Hornik et al. 1989),81

and thus are universal approximators. Unlike other statistical approaches, neural networks do not82
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rely on an assumed underlying model or probability distribution for the data. Neural networks have83

been used effectively in many remote sensing applications including, but not limited to, creating84

spectra from RTM input parameters (Rivera et al. 2015), retrieving aerosol optical depth (AOD)85

from surface solar radiation measurements (Huttunen et al. 2016), correcting the bias between86

MODIS and AERONET AOD (Lary et al. 2009), and calculating air mass factors for ozone total87

column retrievals (Loyola and Diego 2006). The neural network developed in this work will be88

used in a fast instrument simulator that will produce TOA radiance data for OSSE studies for89

the next generation of remote sensing instruments in geostationary orbit (e.g. TEMPO (Zoogman90

et al. 2017), GOES-R (Schmit et al. 2017), GEMS (Lee et al. 2010), and SENTINEL-4 (Gulde91

et al. 2017)).92

In the following, sections 2-4 describe the VLIDORT radiative transfer model used in this work,93

as well as the general methodology of training the neural network with datasets developed from a94

global high resolution atmospheric simulation using the Goddard Earth Observing System Model95

version 5 (GEOS-5). Section 5 investigates the effect of different combinations of input parameters96

on the performance of the neural network, as well as validation. This is followed by a summary97

and conclusions in section 6.98

2. Description of VLIDORT99

VLIDORT is a linearized pseudo-spherical vector RTM that utilizes the discrete ordinate method100

to solve the radiative transfer equation for a multi-layer atmosphere (Spurr 2006). The model out-101

puts the Stokes vector for arbitrary viewing geometry, surface reflectance, and optical depth. The102

optical property inputs for VLIDORT are the layer extinction optical depths (∆l), layer total single103

scattering albedos (ωl), and layer scattering-matrix expansion coefficients (Bl), and the surface104

reflectance matrix (ρ). For layer Rayleigh scattering optical depth δRay,l , molecular absorption105
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optical depth αgas,l , aerosol extinction optical depth τaer,l , and aerosol single scattering albedo106

ωaer,l , the total atmospheric optical inputs are:107

∆l = δRay,l +αgas,l + τaer,l (1)
108

ωl =
ωaer,lτaer,l +δRay,l

∆l
(2)

109

Bl =
ωaer,lτaer,lBaer,l +δRay,lBRay,l

ωaer,lτaer,l +δRay,l
(3)

VLIDORT was run with 6 discrete ordinate streams, delta-M scaling, and an exact single scatter110

correction, the so-called Nakajima-Tanaka procedure, which replaces the truncated single scatter111

contribution with an exact solution that uses the complete phase function (Spurr 2008). An addi-112

tional correction was applied to the single scatter term to account for the Earth’s curvature effect113

on the incoming solar beam and the outgoing line-of-sight (referred to as the “outgoing” sphericity114

correction in VLIDORT).115

3. Description of the Neural Network116

An artificial neural network is a machine learning algorithm that generates a mapping (FNN)117

from a set of input variables to one or more output variables. In this work, the neural network aims118

to map a set of input variables describing the satellite scene (Θ) to the scalar radiative transfer119

error (ε), which is defined as the difference between the vector-calculated TOA radiance (Rvector)120

and the scalar-calculated TOA radiance (Rscalar) (Eq. (4)).121

ε = Rvector −Rscalar = FNN(Θ) (4)

The structure of a neural network is a set of neurons or nodes connected by numerical weights.122

Each node is a nonlinear transfer function that is applied to the weighted inputs from other nodes,123
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whose result is passed on to the next layer of nodes. The weights are tuned based on a training124

dataset containing input-output data pairs. In this paper, we used a feed-forward back-propagation125

neural network consisting of one hidden layer with 20 nodes. The output layer had one node for126

the scalar error (ε) and the input layer had several nodes, one for each of the RTM inputs (Θ). We127

solved for the weights using the truncated Newton (TNC) algorithm provided by the Python ffnet128

module (version 0.8.3, http://ffnet.sourceforge.net), which supports multiprocessor calculations129

(Wojciechowski 2011, 2012, 2005-2016).130

The set of input nodes was determined by testing different combinations of the essential input131

data to the RTM that are associated with the scalar error. The following input parameters were con-132

sidered: (1) solar zenith angle (SZA), (2) viewing zenith angle (VZA), (3) relative azimuth angle133

(RAA), (4) scattering angle (cos(scattering angle) = cosSZAcosV ZA+sinSZAsinV ZAcosRAA),134

(5) geometric air mass factor (AMFg = secSZA+ secV ZA), (6) Rayleigh optical depth (ROD), (7)135

absorbing aerosol optical depth (AAOD), (8) scattering aerosol optical depth (SAOD), and (9) 10-136

meter wind speed. The AMFg is a measure of the geometric path of light through the atmosphere137

from the sun to the sensor; long paths through the atmosphere increase the likelihood of multiple138

scattering. SAOD and AAOD are defined as the aerosol single scattering albedo multiplied by the139

AOD, and one minus the aerosol single scattering albedo (or co-albedo) multiplied by the AOD,140

respectively. These absorption and scattering properties of aerosols were included as possible in-141

puts because they also affect the light path and the degree of linear polarization. The 10-meter142

wind speed characterizes ocean surface roughness, and drives the Cox-Munk ocean glitter kernel143

used for surface reflectance in our simulations (Mishchenko and Travis 1997).144

In principle, the full atmospheric description including multi-layered vertical profiles of atmo-145

spheric optical properties could be used as neural network inputs. However, this would inflate the146
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number of input nodes. We found during testing that using the optical property vertical profiles as147

inputs both significantly slowed down training, and led to over-fitting of the training data.148

Because of the wavelength dependence of the scalar error, we generated separate neural net-149

works for each wavelength considered by training on a wavelength specific training dataset. This150

is adequate for aerosol retrieval applications, as they utilize only a few channels. To simulate a151

hyperspectral observation, we plan to use principal component analysis methods to greatly reduce152

the number channels that would require forward RT calculations (Natraj et al. 2005). In this paper,153

we present results for TOA radiances simulated at 354 and 670 nm, two important channels for154

aerosol retrievals, but we found similar performance of the neural network for other channels in155

the UV-Vis.156

Another approach is to develop a single neural network for a range of wavelengths by training157

with data generated at multiple wavelengths. We found that this approach is less accurate at each158

individual wavelength than a using wavelength specific neural network because the scalar error159

changes by orders of magnitude within the full spectral range of the UV-Vis. Taking this “mixture160

of experts” approach of training on each wavelength separately allowed us to split up the scalar161

error space into smaller homogeneous regions, where the inputs and outputs fall within a smaller162

range. This approach facilitates training, and helps to avoid falling into local minima.163

4. Development of Training Dataset from the GEOS-5 Nature Run (G5NR)164

a. Description of G5NR165

The GEOS-5 Nature Run (G5NR) is a 2-year (May 2005 to May 2007) global non-hydrostatic166

mesoscale simulation based on the Ganymed version of GEOS, NASA GMAO’s flagship Earth167

system model (Putman et al. 2014). The G5NR dataset consists of 3D concentrations of 15 aerosol168
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aerosol species (dust, sea salt, sulfates, organic and black carbon), in addition to O3, CO, and169

CO2, and a full meteorological description of the atmosphere. These fields are provided every170

30 minutes, with a horizontal resolution of 7km and 72 vertical layers from the surface up to171

0.01 hPa. This high-resolution dataset was generated to support OSSEs for weather forecasting172

and aerosol applications by providing the basis from which to generate simulated observations173

globally over a realistic dynamic range.174

The G5NR simulation was driven by prescribed sea surface temperature and sea-ice, daily175

sources of volcanic and biomass burning aerosols and trace gases, high-resolution anthropogenic176

aerosol and trace gas emissions, sinks of aerosols and trace gases, and biogenic sources and sinks177

of CO2. Aerosol processes in GEOS are derived from the Goddard Chemistry, Aerosol, Radi-178

ation, and Transport model (GOCART) model (Chin et al. 2002), with tracer transport running179

online coupled to the GEOS radiation code. The GOCART module handles the sources, sinks,180

and chemistry of dust, sulfate, sea salt, black carbon, and organic carbon aerosols. The 15 aerosol181

tracers in the model consists of five non-interacting size bins for dust and sea salt, hydrophic and182

hydrophic modes of organic and black carbon, and sulfate aerosol. Details of the physical and183

optical properties of the 15 aerosol tracers can be found in the Supporting Documentation.184

In GOCART, aerosols are assumed to be external mixtures, and the total layer aerosol optical185

depth, τaer,l , can be calculated from the sum of individual aerosol species (dust, sea salt, sulfate,186

black carbon, and organic carbon) optical thicknesses:187

τaer,l = ∑
s

βs,lmd
s,l (5)

where md
s,l is the aerosol dry mass concentration, and βs,l is the mass extinction efficiency for188

species s (Chin et al. 2002).189
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b. Training Dataset for the Neural Network190

To generate the training dataset of input-output pairs from which to tune the neural network191

weights, we randomly selected from G5NR 436 land profiles and 400 ocean profiles over a region192

covering North America (20◦N to 50◦N latitude, 130◦W to 60◦W longitude) at 0, 6, 12, and 18Z193

on one summer and one winter day; 3,488 atmospheric profiles over land and 3,200 profiles over194

ocean in total. The profiles were chosen randomly in an effort to create a training dataset that would195

encompass a range of atmospheric conditions that would be observed by TEMPO (Tropospheric196

Emissions Monitoring of Pollution), a UV-visible spectrometer that is planned to be launched into197

geostationary orbit in 2019. A database of scalar radiative transfer errors (ε), the training outputs,198

was created from these profiles by taking the difference between the TOA radiance calculated199

with the full vector radiative transfer equation and the scalar approximation in VLIDORT, using200

the G5NR atmospheric profiles to generate the optical inputs for the RTM. Figure 1 shows the201

probability distributions of 354 nm and 670 nm AOD, aerosol SSA, and the ratio of ROD to AOD202

in the ocean and land training datasets.203

As the trace gases simulated by G5NR are limited, in this work we omit trace gas absorption204

effects in the optical inputs, effectively simulating trace gas and water vapor corrected TOA radi-205

ances, which is the first step in aerosol optical property retrieval algorithms. Thus, any systematic206

error associated with gas absorption correction is neglected in our simulations.207

The scalar error was calculated for each profile under various sun and satellite geometries (Table208

1). Over land, we used various Lambertian surface reflectance values from 0.0 to 1.0, and over209

ocean we used polarized surface reflectance values derived with the GISS Cox-Munk model with210

wind speeds ranging from 0.1 m/s to 20 m/s (Table 1).211
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The number and range of solar angles, viewing angles, Lambertian surface reflectance, and wind212

speed values were chosen through iteration, with the objective of (1) creating the smallest database213

(for computational efficiency) of training data that would not result in undertraining the neural net-214

work, and (2) including all possible viewing geometries and surface boundary conditions. On a215

subset of the profiles, we decreased the size of the increments between angles, surface reflectance216

values or wind speed until a neural network trained on a larger database yielded the same perfor-217

mance as when trained on the smaller database. Solar zenith angles (SZA) and viewing zenith218

angles (VZA) were limited to less than ∼80◦, because in aerosol and trace gas retrieval algorithms219

only these scenes are typically considered.220

The magnitude and nature of the errors inherent in the scalar approximation is illustrated in221

Figure 2, which depicts the probability distribution of the scalar errors in the training dataset that222

is used to develop our neural network correction. Errors are in the range of roughly ±8% at223

354 nm over both land and ocean, and are much reduced to ±2% and ±6% at 670 nm over land224

and ocean, respectively, illustrating how the scalar approximation error strongly decreases with225

increasing wavelength.226

5. Training and Validation of the Neural Network227

a. Input Parameter Selection and Training228

Different combinations of input parameters were tested to determine the optimal configuration229

for the neural network. In this application, an effective neural network should produce a correc-230

tion factor from the input parameters that when added to the scalar-simulated radiance gives an231

improved estimate of the vector-simulated radiance. The performance of the neural network was232

determined by training with cross-validation using k-folding, where the training dataset is split233
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into k subsets. The neural network is trained on k-1 sets of data, and tested on the remaining234

part of the data from which we evaluate the performance of the neural network. The procedure is235

repeated until all k sets have been used for training and testing.236

Figure 3 shows the cross-validation results of five k-foldings for the neural network trained on237

354 nm land data that used combinations of SZA, VZA, RAA, scattering angle, and AMFg. The238

cosines of scattering angle, VZA, SZA, and RAA were used to facilitate normalization of the239

inputs (handled internally by the ffnet module), which speeds up convergence during training.240

To compare the performance of the various neural networks, for the n test data points, we calcu-241

lated the RMSE of the scalar error (Eq. (6)), and compared it to the RMSE of the scalar error after242

adding the correction predicted by the trained neural network to the scalar radiance.243

RMSE =

√
∑n (Rvector −Rscalar)

2

n
(6)

Figure 3 shows that the RMSE of the scalar error at 354 nm over land can be reduced by more244

than half by training the neural network solely with the scattering angle, indicative of the strong245

dependence of the scalar error on scattering angle. Using additional geometric input variables246

reduces the RMSE further. Including all three angles (or combinations thereof) gives the best247

performance, reducing the RMSE by ∼90%. Similar results were found for the 354 nm ocean248

data, and the 670 nm land and ocean data (not shown).249

As additional geometric input variables are redundant, there is no change in RMSE when using250

four or more geometric parameters. The low variance in the RMSEs computed for the five k-folds251

shown in Figure 3 indicates that the performance of the neural network does not depend on a252

particular choice of training and testing subsets.253

Figure 4 shows the probability distribution of the scalar error at 354 and 670 nm from one k-254

folding test before and after correcting the scalar radiance with the output from the neural network.255
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The neural network was trained with the cosines of scattering angle, VZA, and SZA. When only256

these geometrical inputs are used, the neural network reduces the range of the scalar errors to less257

than ±2% at 354 nm and ±0.25% at 670 nm over land, and ±2% at both 354 nm and 670 nm over258

ocean.259

In addition to the scene geometry, we tested combinations of ROD, AAOD, and SAOD as input260

parameters to the neural network. Over ocean, the wind speed was also tested as an input. Figure261

5 shows that over land, as expected, the ROD is a significant driver of the 354 nm scalar error,262

while the addition of SAOD or AAOD alone to the goemetric inputs has no effect on the RMSE.263

However, providing both Rayleigh and aerosol optical depth information to the neural network264

significantly further reduces the RMSE. The combined information of ROD, AAOD, and SAOD265

in addition to the geometric inputs provides the best prediction of the scalar error, reducing the266

RMSE by ∼96%. However, only one aerosol predictor, either AAOD or SAOD, is sufficient.267

Similar results were found for tests on the 670 nm land data (not shown). The testing data shows268

that the neural networks trained with viewing geometry, ROD, AAOD, and SAOD produce scalar269

errors within ±0.75% at 354 and ±0.06% at 670 nm (Figure 8).270

In contrast, over ocean the scalar error is less sensitive to ROD, and AAOD and SAOD are271

more significant single predictors (Figure 6 and 7). Although at 354 nm the addition of ROD as272

an input still significantly reduces the RMSE (Figure 6), while at 670 nm the addition of ROD273

has no effect on the RMSE (Figure 7), reflecting the differences between the two channels in the274

magnitude of the ROD and the contribution of Rayleigh scattering. Also, at 670 nm the wind275

speed is the most significant predictor of the scalar error, while at 354 nm the aerosol terms show276

the largest decrease in RMSE, indicating the larger impact of atmospheric scattering on the light277

path in the UV versus the visible spectral range. At 354 nm over ocean, the combination of inputs278

that provides the best prediction of the scalar error is the wind speed, ROD, AAOD, and SAOD279
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in addition to the geometric inputs, while at 670 nm the ROD can be excluded. The testing data280

shows these neural networks produce scalar errors within ±0.8% at 354 and 670 nm (Figure 8).281

Overall, in both the UV and visible over both land an ocean, the neural network scalar errors are282

smaller than the uncertainty in measured radiances in the UV-vis from instruments such as OMI283

(Liu et al. 2010) or MODIS (Esposito et al. 2004).284

A final test was made using surface reflectance as an input parameter to the over land neural285

networks (not shown), and it was found to not be a predictor of the scalar error. This is in contrast286

to previous studies that have reported that increased surface reflectance significantly decreases the287

scalar error because brighter surfaces increase atmospheric scattering (Mishchenko et al. 1994;288

Lacis and Chowdhary 1998). In Figure 9 we illustrate why surface reflectance is not a strong289

predictor for the scalar error in the neural network. The figure compares the TOA radiance, scalar290

error, and relative scalar error for a profile with ROD of 0.45 and AOD of 0.01 computed with291

SZA equal to 35◦, and surface reflectance set to both 0 and 1.292

Figures 9c & 9d show that the variability in the scalar error with respect to viewing geometry293

for the two surface reflectance values is almost identical. Figure 9g shows the difference in the294

scalar error for the two surface reflectance values. It is apparent that the effect of changing the295

surface reflectance is relatively small, two orders of magnitude less than the scalar error itself.296

Figures 9e & 9f show that the relative scalar error significantly decreases with an increase in297

surface reflectance, which is what previous studies have reported. This is driven by the increase in298

TOA radiance with increase in surface reflectance, not the vector-scalar difference.299

b. Validation of the Neural Network300

Based on the results of the training and testing iterations, we used 6-7 input nodes for the final301

neural networks that will predict the scalar error correction factors. Over land, the inputs were:302
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(1) cos(scattering angle), (2) cos(SZA), (3) cos(VZA), (4) ROD, (5) AAOD, and (6) SAOD. Over303

ocean at 354 nm, wind speed was added as the seventh input. Over ocean at 670 nm, wind speed304

was also used, but ROD was excluded for six total inputs. A validation of the final neural network305

is shown in Figure 10.306

Scalar and vector TOA radiances were generated from G5NR data for an arbitrarily selected day307

in the spring, April 11, 2007. The model fields were re-gridded onto the TEMPO field of view,308

and the TOA radiances were calculated using the solar and satellite positions for that day. For the309

354 nm calculation, the land surface reflectance values came from a 0.25◦ climatology of Lam-310

bertian Equivalent Reflectance (LER) data based on TOMS observations (Hiren Jethva, personal311

communication). At 670 nm, a MODIS BRDF (bidirectional reflectance distribution function) re-312

trieval product was used. Namely, the MAIAC product (Lyapustin et al. 2011b,a), which provides313

8-day Ross-Thick Li-Sparse (RTLS) model parameters at 1 km resolution. For both wavelength,314

surface reflectance from the GISS Cox-Munk model was used for pixels containing water. A full315

day of the TEMPO swath was simulated, and the neural network corrections were predicted with316

the input parameters for this day.317

The correction factors were computed using the final neural network trained on the entire train-318

ing dataset from Section 4.2 (i.e. no training data was left out for testing). The correction factors319

were added to the scalar TOA radiances and compared to the vector radiances. This exercise tests320

whether the neural network is robust enough to derive corrections for realistic data not included321

in the testing dataset. Figure 8 shows that the scalar approximation with the neural network cor-322

rection was able to simulate TOA radiances at 354 nm to within 1% error over land and 2% error323

ocean, while at 670 nm the errors are within 0.1% over land and 0.8% over ocean. The neural net-324

work calculation adds negligible computation time to the simulation, while the scalar calculation325

is a factor of ∼6 faster than the vector calculation.326
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6. Conclusion327

It is well known that the scalar approximation in radiative transfer can lead to significant er-328

rors in forward calculations of TOA radiance, particularly in the UV-Vis. OSSEs for new high329

resolution instruments, such as the geostationary constellation made up of TEMPO, GEMS, and330

SENTINEL-4, are useful for demonstrating the impact of proposed new missions. The radiative331

transfer calculations required for these OSSEs are computationally intensive because of the high332

spatial, temporal, and spectral resolutions of the new instruments. Many forward RT calculations333

are required to simulate the hyperspectral observations. Established principal component analysis334

(PCA) methods (Natraj et al. 2005) greatly reduce the number of forward RT calculations needed335

to simulate a spectra by taking advantage of the similarities in optical properties within a small336

spectral interval. However, the spatial and temporal resolutions of the new geostationary missions337

mitigate the computational gains of using the PCA method. Thus to make these experiments fea-338

sible we have developed a statistical technique using a neural network that corrects the fast scalar339

RT approximation over both land and ocean surfaces.340

We have demonstrated that with just a few basic input parameters, a neural network can represent341

the complex nonlinear relationships between the errors in the scalar approximation and solar-342

sensor geometry, surface reflectance, and atmospheric composition. Our validation results indicate343

that the neural network is able to correct the scalar radiance calculation to within 1% at 354 nm344

and 0.1% at 670 nm of the full vector radiance calculation over land and, and to within 2% at 354345

nm and 0.8% at 670 nm over ocean.346

There are other factors that can affect polarization and therefore the scalar error, such as aerosol347

vertical distribution, or aerosol size that were not utilized as inputs in the neural network. We348

attempted to include aerosol size information in our training by including speciated AOD as inputs349
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to our neural network, but the improvements in the validation were too small to be significant (not350

shown). Meanwhile, including optical property vertical profiles as inputs led to over-fitting of the351

training data. Future developments of the neural network should utilize more sophisticated deep352

learning techniques in order to fully resolve all of the relevant physical factors associated with353

neglecting polarization in the scalar RT calculation.354

There are several limitations to our neural network correction algorithm. First, as aerosol prop-355

erties are not input parameters to the network, the algorithm is limited to correcting forward scalar356

RT calculations for mixtures of the seven aerosol types described in our model. For other appli-357

cations, such as for a retrieval, one would have to develop a training dataset that uses the aerosol358

types (i.e aerosol size and composition) assumed by that application. Secondly, the neural net-359

work technique is only strictly valid for inputs within the range of the testing dataset. Although360

we have considered a wide range of solar-sensor geometries and atmospheric composition, there361

will remain atmospheric conditions, such as very polluted conditions, or large biomass burning362

and dust events that fall outside the range of our testing dataset. This can be remedied by ex-363

panding the testing dataset, at the expense of computational training time, or creating specific364

neural networks from datasets of these types of events. The computational savings from using a365

scalar approximation with a neural network approach to radiative transfer in the UV-Vis will allow366

us to conduct comprehensive OSSEs that can include, for example, synergies between different367

observing strategies of several instruments.368
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cosV ZA 0.15-1.0 in 0.05 increments

cosRAA -1.0, -0.5, 0.0, 0.5, 1.0

surface reflectance 0, 0.025, 0.05, 0.075, 0.1, 0.2, 0.4, 0.6, 0.8, 1.0

10-meter wind speed [m/s] 0.1, 5, 10, 15, 20

24



LIST OF FIGURES454

Fig. 1. Probability distributions of 354 nm and 670 nm aerosol optical depth (AOD), aerosol single455

scattering albedo (SSA), and the ratio of Rayleigh optical depth (ROD) to AOD used to456

generate the land and ocean training datasets. . . . . . . . . . . . . . . 27457

Fig. 2. Probability distribution of the scalar errors in the land and ocean training datasets for the458

neural network. . . . . . . . . . . . . . . . . . . . . . . 28459

Fig. 3. The change in RMSE of the scalar error for the 354 nm land tests. The reduction in RMSE460

was calculated by first determining the RMSE of the scalar error in the test dataset, and461

then comparing it to the RMSE of the scalar error after adding the correction predicted by462

the trained neural network to the scalar radiance. The red lines and blue boxes indicate the463

median and range of the RMSE reduction calculated from the five k-folding data subsets.464

The colored boxes in the bottom indicate which parameters were used as inputs to the neural465

network. . . . . . . . . . . . . . . . . . . . . . . . . 29466

Fig. 4. Probability distributions of the scalar error for 354 nm and 670 nm ocean and land test467

datasets before and after correcting the scalar radiance with neural network outputs. The468

neural networks were trained using the cosine of the scattering angle, cosine of the solar469

zenith angle, and cosine of the viewing zenith angle. . . . . . . . . . . . . 30470

Fig. 5. The change in RMSE of the scalar error for the 354 nm land tests. The reduction in RMSE471

was calculated by first determining the RMSE of the scalar error in the test dataset, and472

then comparing it to the RMSE of the scalar error after adding the correction predicted by473

the trained neural network to the scalar radiance. The red lines and blue boxes indicate the474

median and range of the RMSE reduction calculated from the five k-folding data subsets.475

The colored boxes in the bottom indicate which parameters were used as inputs to the neural476

network. . . . . . . . . . . . . . . . . . . . . . . . . 31477

Fig. 6. The change in RMSE of the scalar error for the 354 nm ocean tests. The reduction in RMSE478

was calculated by first determining the RMSE of the scalar error in the test dataset, and479

then comparing it to the RMSE of the scalar error after adding the correction predicted by480

the trained neural network to the scalar radiance. The red lines and blue boxes indicate the481

median and range of the RMSE reduction calculated from the five k-folding data subsets.482

The colored boxes in the bottom indicate which parameters were used as inputs to the neural483

network. . . . . . . . . . . . . . . . . . . . . . . . . 32484

Fig. 7. The change in RMSE of the scalar error for the 670 nm ocean tests. The reduction in RMSE485

was calculated by first determining the RMSE of the scalar error in the test dataset, and486

then comparing it to the RMSE of the scalar error after adding the correction predicted by487

the trained neural network to the scalar radiance. The red lines and blue boxes indicate the488

median and range of the RMSE reduction calculated from the five k-folding data subsets.489

The colored boxes in the bottom indicate which parameters were used as inputs to the neural490

network. . . . . . . . . . . . . . . . . . . . . . . . . 33491

Fig. 8. Probability distribution of the scalar error after correcting the scalar radiance with neural492

network outputs. The neural networks over land were trained using the cosine of the scat-493

tering angle, cosine of the solar zenith angle, cosine of the viewing zenith angle, Rayleigh494

optical depth (ROD), aerosol optical depth, and scattering aerosol optical depth. At 354 nm495

over ocean, 10-meter wind speed was added as an input. At 670 nm over ocean, the wind496

speed as also used, but ROD was excluded. . . . . . . . . . . . . . . 34497

25



Fig. 9. The top row shows the TOA radiance calculated with the scalar approximation for one at-498

mospheric profile with solar zenith angle equal to 35◦. The AOD was equal to 0.01, and499

ROD was equal to 0.45. On the left is the radiance calculated with albedo equal to 0 (a),500

and on the right albedo was equal to 1 (b). The second (c, d) and third row (e, f) show the501

scalar errors (the difference between the vector and scalar calculated TOA radiance), and502

the relative scalar error, respectively, for the radiances in (a) and (b). In the bottom row, (g)503

shows the difference in the scalar error between the two albedos (i.e. Figure d minus Figure504

c) . . . . . . . . . . . . . . . . . . . . . . . . . 35505

Fig. 10. The maps show the mean scalar error before and after correcting the scalar radiance with506

neural network outputs for one day (April 11, 2007) of forward simulations of the TEMPO507

satellite field of view at 354 nm and 670 nm. The black areas over land on the map indi-508

cate where no valid surface BRDF data was available. The histograms show the probability509

distribution of the scalar error before and after correcting the scalar radiance with neural510

network outputs. The neural networks over land were trained using the cosine of the scat-511

tering angle, cosine of the solar zenith angle, cosine of the viewing zenith angle, Rayleigh512

optical depth, aerosol optical depth, and scattering aerosol optical depth. The 354 nm neural513

network over ocean had 10-meter wind speed as an additional input variable, while the 670514

nm neural network over ocean,also used wind speed but did not include Rayleigh optical515

depth as an input. . . . . . . . . . . . . . . . . . . . . . 36516

26



0.0 0.2 0.4 0.6 0.8 1.0 1.2
Aerosol Optical Depth

0

1

2

3

4

5

6

7

P
ro

b
a
b
ili

ty
 D

e
n
si

ty

Land
Ocean

0.7 0.8 0.9 1.0
Aerosol SSA

0

2

4

6

8

10

12

14

16

18

P
ro

b
a
b
ili

ty
 D

e
n
si

ty
Training Inputs at 354 nm

1 5 10 15 20 25 30
ROD:AOD

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

P
ro

b
a
b
ili

ty
 D

e
n
si

ty

0.0 0.2 0.4 0.6 0.8 1.0 1.2
Aerosol Optical Depth

0

1

2

3

4

5

6

7

8

9

P
ro

b
a
b
ili

ty
 D

e
n
si

ty

0.7 0.8 0.9 1.0
Aerosol SSA

0

5

10

15

20

25

P
ro

b
a
b
ili

ty
 D

e
n
si

ty

Training Inputs at 670 nm

1 5 10 15 20 25 30
ROD:AOD

0.0

0.2

0.4

0.6

0.8

1.0

1.2
P
ro

b
a
b
ili

ty
 D

e
n
si

ty

FIG. 1. Probability distributions of 354 nm and 670 nm aerosol optical depth (AOD), aerosol single scattering

albedo (SSA), and the ratio of Rayleigh optical depth (ROD) to AOD used to generate the land and ocean training

datasets.
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FIG. 2. Probability distribution of the scalar errors in the land and ocean training datasets for the neural network.
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FIG. 3. The change in RMSE of the scalar error for the 354 nm land tests. The reduction in RMSE was

calculated by first determining the RMSE of the scalar error in the test dataset, and then comparing it to the

RMSE of the scalar error after adding the correction predicted by the trained neural network to the scalar radi-

ance. The red lines and blue boxes indicate the median and range of the RMSE reduction calculated from the

five k-folding data subsets. The colored boxes in the bottom indicate which parameters were used as inputs to

the neural network.
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FIG. 4. Probability distributions of the scalar error for 354 nm and 670 nm ocean and land test datasets before

and after correcting the scalar radiance with neural network outputs. The neural networks were trained using the

cosine of the scattering angle, cosine of the solar zenith angle, and cosine of the viewing zenith angle.
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FIG. 5. The change in RMSE of the scalar error for the 354 nm land tests. The reduction in RMSE was

calculated by first determining the RMSE of the scalar error in the test dataset, and then comparing it to the

RMSE of the scalar error after adding the correction predicted by the trained neural network to the scalar radi-

ance. The red lines and blue boxes indicate the median and range of the RMSE reduction calculated from the

five k-folding data subsets. The colored boxes in the bottom indicate which parameters were used as inputs to

the neural network.
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FIG. 6. The change in RMSE of the scalar error for the 354 nm ocean tests. The reduction in RMSE was

calculated by first determining the RMSE of the scalar error in the test dataset, and then comparing it to the

RMSE of the scalar error after adding the correction predicted by the trained neural network to the scalar radi-

ance. The red lines and blue boxes indicate the median and range of the RMSE reduction calculated from the

five k-folding data subsets. The colored boxes in the bottom indicate which parameters were used as inputs to

the neural network.
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FIG. 7. The change in RMSE of the scalar error for the 670 nm ocean tests. The reduction in RMSE was

calculated by first determining the RMSE of the scalar error in the test dataset, and then comparing it to the

RMSE of the scalar error after adding the correction predicted by the trained neural network to the scalar radi-

ance. The red lines and blue boxes indicate the median and range of the RMSE reduction calculated from the

five k-folding data subsets. The colored boxes in the bottom indicate which parameters were used as inputs to

the neural network.
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FIG. 8. Probability distribution of the scalar error after correcting the scalar radiance with neural network

outputs. The neural networks over land were trained using the cosine of the scattering angle, cosine of the

solar zenith angle, cosine of the viewing zenith angle, Rayleigh optical depth (ROD), aerosol optical depth, and

scattering aerosol optical depth. At 354 nm over ocean, 10-meter wind speed was added as an input. At 670 nm

over ocean, the wind speed as also used, but ROD was excluded.
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FIG. 9. The top row shows the TOA radiance calculated with the scalar approximation for one atmospheric

profile with solar zenith angle equal to 35◦. The AOD was equal to 0.01, and ROD was equal to 0.45. On the

left is the radiance calculated with albedo equal to 0 (a), and on the right albedo was equal to 1 (b). The second

(c, d) and third row (e, f) show the scalar errors (the difference between the vector and scalar calculated TOA

radiance), and the relative scalar error, respectively, for the radiances in (a) and (b). In the bottom row, (g) shows

the difference in the scalar error between the two albedos (i.e. Figure d minus Figure c)
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FIG. 10. The maps show the mean scalar error before and after correcting the scalar radiance with neural

network outputs for one day (April 11, 2007) of forward simulations of the TEMPO satellite field of view at

354 nm and 670 nm. The black areas over land on the map indicate where no valid surface BRDF data was

available. The histograms show the probability distribution of the scalar error before and after correcting the

scalar radiance with neural network outputs. The neural networks over land were trained using the cosine of

the scattering angle, cosine of the solar zenith angle, cosine of the viewing zenith angle, Rayleigh optical depth,

aerosol optical depth, and scattering aerosol optical depth. The 354 nm neural network over ocean had 10-meter

wind speed as an additional input variable, while the 670 nm neural network over ocean,also used wind speed

but did not include Rayleigh optical depth as an input.
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