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Abstract: NASA’s Plankton, Aerosol, Cloud, ocean Ecosystem (PACE) mission, recently12

launched in February 2024, carries two multiangle polarimeters (MAPs): the UMBC Hyper-13

Angular Rainbow Polarimeter (HARP2) and SRON Spectropolarimeter for Planetary Exploration14

One (SPEXone). Measurements from these MAPs will greatly advance ocean ecosystem and15

aerosol studies as their measurements contain rich information on microphysical properties of16

aerosols and hydrosols. The Multi-Angular Polarimetric Ocean coLor (MAPOL) joint retrieval17

algorithm has been developed to retrieve aerosol and ocean color information, which uses a vector18

radiative transfer (RT) model as the forward model. The RT model is computationally expensive,19

which makes processing a large amount of data challenging. FastMAPOL was developed to20

expedite retrieval using neural networks to replace the RT forward models. As a prototype study,21

FastMAPOL was initially limited to open ocean applications where the ocean Inherent Optical22

Properties (IOPs) were parameterized in terms of one parameter: chlorophyll-a concentration23

(Chla). In this study we further expand the FastMAPOL joint retrieval algorithm to incorporate24

NN based forward models for coastal waters, which use multi-parameter bio-optical models. In25

addition, aerosols are represented by six components, i.e., fine mode non absorbing insoluble26

(FNAI), brown carbon (BrC), black carbon (BC), fine mode non absorbing soluble (FNAS), sea27

salt (SS) and non-spherical dust (Dust). Sea salt and dust are coarse mode aerosols, while the28

other components are in the fine mode. The sizes and spectral refractive indices are fixed for29

each aerosol component, while their abundances are retrievable. The multi-parameter bio-optical30

model and aerosol components are chosen to represent the coastal marine environment. The31

retrieval algorithm is applied to synthetic measurements in three different configurations of MAPs32

in the PACE mission: HARP2 observations only, SPEXone observations only and combined33

HARP2 and SPEXone observations. The retrieval results from synthetic measurements show that34

for aerosol retrieval the SPEXone-only configuration works equally well with the HAPR2-only35

configuration. On the other hand, for ocean color retrieval the SPEXone instrument provides36

better information due to its larger spectral coverage. For the surface parameters (wind speed),37

HARP2 measurements provide better information due to its wide field of view. Combined38

measurement configuration HARP2+SPEXone performed the best to retrieve all aerosol, ocean39

color and surface parameters. We also studied the impact of sun glint to aerosol and ocean color40

retrievals. The retrieval test revealed that wind speed and absorbing aerosol retrieval improves41

significantly when including measurements at glint geometries. Furthermore, the retrieval42

algorithm is equipped with modules for atmospheric correction and bidirectional reflectance43

distribution (BRDF) correction to obtain the remote sensing reflectance, which enables ocean44

biogeochemistry studies using the PACE polarimeter data.45



1. Introduction46

Satellite observation of global ocean color plays a key role in understanding ocean ecology and47

biogeochemistry [1–3]. It provides valuable information for the estimation of phytoplankton48

biomass [4], primary productivity [5–7], and dissolved [8] and particulate carbon [9], which49

advances the knowledge of the carbon cycle and helps quantify its impact on climate change. It50

is also a great avenue to obtain the information about atmospheric aerosols, which sheds light on51

the aerosol impacts on various aspects from human health to climate radiative forcing [10, 11].52

Recent advances in satellite remote sensing observations include multi- angle polarimeters53

(MAPs), such as POLarization and Directionality of the Earth’s Reflectance (POLDER) [12], Air-54

borne Multiangle SpectroPolarimetric Imager (AirMSPI) [13], the airborne Spectro-polarimeter55

for Planetary EXploration (SPEX airborne) [14], Research scanning polarimeter (RSP) [15],56

the airborne Hyper Angular Rainbow Polarimeter (AirHARP), and HARP cubesat [16]. They57

have offered unique opportunities along with challenges in retrieving aerosol and ocean color58

information. On the one hand, MAP measurements contain rich information on microphysical59

properties of aerosols and hydrosols that makes it possible to obtain aerosol and ocean properties60

over complex coastal environments. On the other hand, processing a huge volume of data61

acquired from these sensors requires complex and efficient joint retrieval algorithms and large62

computational resources [17, 18].63

A new development is NASA’s Plankton, Aerosol, Cloud, ocean Ecosystem (PACE) mission,64

recently launched in February 2024, which carries two polarimeters: University of Maryland65

Baltimore County (UMBC) HARP2 [19] and Netherlands Institute for Space Research (SRON)66

SPEXone [20,21]. HARP2 is a wide field-of-viewing sensor that measures polarized radiances67

at 4 wavelengths (440, 550, 670, and 865 nm) with different numbers of viewing angles (10 at68

440, 550, and 865 nm, and 60 at 670 nm). SPEXone is a narrow swath imaging sensor which69

measures linearly polarized radiance at 5 viewing angles in a continuous spectral range from70

ultraviolet (UV) to near infrared (385–770 nm).71

Several joint retrieval algorithms [22–26] have been developed to retrieve aerosol and ocean72

color information from MAP measurements, which use a bio-optical model parameterized by73

a single parameter chlorophyll-a (Chla). These algorithms are suitable for open ocean cases74

where the ocean water inherent optical properties (IOP’s) covary with chlorophyll concentration,75

though their use is not appropriate over coastal waters, or even open ocean waters that vary76

from the ideal [27]. [28] developed a joint retrieval algorithm called Multi-Angular Polarimetric77

Ocean color (MAPOL) which uses a generalized seven parameter bio-optical model suitable for78

coastal waters. The joint retrieval algorithms typically perform iterative optimization by calling79

vector radiative transfer (RT) models on-the-fly as the forward model. The RT simulation is80

computationally expensive, which makes it challenging in the operational processing of MAP81

measurements.82

Several works have been reported to increase the efficiency of joint retrieval algorithms,83

which use neural networks to replace RT based forward models. [29] demonstrated that a84

retrieval algorithm with NN based forward models called FastMAPOL is accurate and efficient85

to process data from HARP like instruments for both synthetic and airborne field campaign86

data [30, 31]. [32] introduced a retrieval scheme with cascaded neural networks to further87

optimize retrieval speed. [33] used a NN based forward model trained on combined HARP2 and88

SPEXone wavelengths. Both [29, 32] and [33] presented retrieval results using a bio-optical89

model parameterized by a single parameter Chla.90

Aerosols over coastal waters are composed of a complex mix of particles from natural sources91

of both continental and marine origin (eg. dust and sea salt) and anthropogenic processes92

(eg. black carbon, brown carbon and water-soluble aerosols) emitted from urban and industrial93

activities. Some of these aerosol components (eg. brown carbon and dust) have a strong spectral94

signature with increased absorption towards blue and UV wavelengths. Aerosol models based on95



flexible microphysical properties can represent such spectral signatures by using the principal96

components of refractive index spectra along with size variables as free parameters [28]. Another97

way is to use the aerosol component approach, where aerosols are assumed to be a mixture98

of volume fractions of different components with fixed size distribution and refractive index99

spectra. In such approach, volume fractions of aerosols become the free parameters. Recently,100

the component approach has been implemented in GRASP (Generalized Retrieval of Aerosol and101

Surface Properties) algorithm [34,35]. The GRASP component approach has also been shown to102

improve the retrieval of aerosol optical properties (especially very low bias in AOD) compared to103

aerosol models parameterized by microphysical properties [34,35]. The component approach104

also results in a smaller retrieval parameter space which helps to improve stability of retrieval105

algorithms.106

In this work, we propose a joint retrieval algorithm called FastMAPOL/component which107

evolves from FastMAPOL but uses a multi parameter bio-optical ocean model and component108

representation of aerosols which are suitable for coastal waters. The aerosol components are109

chosen to represent typical marine atmosphere in coastal regions which encompass a wide range110

of spectral refractive indices and sizes. The retrieval algorithm is augmented by the modules for111

atmospheric correction and Bidirectional Reflectance Distribution Function (BRDF) correction112

to obtain remote sensing reflectance from MAP measurements.113

The two polarimeters (HARP2 and SPEXone) in the PACE mission provide different measure-114

ment capabilities. HARP2 has a wider swath, whereas the spectral range and sampling of115

SPEXone is larger. Synergistic measurements from both polarimeters offer a unique opportunity116

to decipher the signals from different constituents of aerosol and ocean bodies [17]. It is vital to117

have a thorough information content analysis on the retrievability of different aerosol and ocean118

color properties with these measurements [17, 18, 36]. For example, [37] discussed the trade-off119

between spectral sampling and the number of viewing angles for MAP instruments, and found120

that the aerosol retrieval accuracy is slightly increased when the number of viewing angles is121

increased from three at the cost of the number of spectral sampling points. Similar results have122

been shown for aerosol retrieval from RSP [38], AirMSPI [39], and HARP instruments [30]. For123

the retrieval of ocean parameters UV wavelengths and more spectral coverage in blue-green range124

can be equally important. In order to facilitate such exploration, the FastMAPOL/component125

retrieval algorithm is designed to be capable of using measurements from three different configu-126

rations of MAPs in PACE mission: HARP2-only (H), SPEXone-only (S) and HARP2+SPEXone127

(H+S). We studied the performance of the aerosol and ocean parameter retrievals from different128

configurations. In addition, we have also studied the impact of sun glint to the retrieval of129

different parameters. The glint measurements have been shown to be effective in the retrieval of130

wind speed and absorbing aerosols which are usually present over coastal waters [36, 40].131

This paper is organized as follows: section 2.3 defines the materials and methods used in this132

work, section 3 presents the results and discussion, section 4 summarizes the conclusion reached133

from this study.134

2. Materials and methods135

This section covers the framework of the FastMAPOL/component retrieval algorithm. We will136

first describe the component representation of aerosols used in the retrieval algorithm in Sec. 2.1,137

then cover the bio-optical model of coastal ocean waters in Sec. 2.2. Several neural network138

models will be trained to act as the forward model for the least squares fitting process. A radiative139

transfer model based on the successive orders of scattering method (RTSOS) [41, 42] is used to140

generate a synthetic training dataset for neural networks. In Sec. 2.3, we describe the RTSOS141

settings including the wavelengths selection and the ranges of input parameters for the radiative142

transfer simulations of coupled atmosphere and ocean systems. The radiation quantities generated143

by the radiative transfer model is covered in Sec. 2.4. The neural network training process is144



described in Sec. 2.5. FastMAPOL/component retrieval algorithm is presented in Sec. 2.6.145

2.1. Component representation of Aerosol146

In the FastMAPOL/component algorithm aerosols are represented by an external mixture of147

different components with assumed size distribution and refractive index spectra. The components148

are resolved in two size modes: fine mode and coarse mode. The fine mode aerosols consist of149

fine mode non-absorbing insoluble (FNAI), brown carbon (BrC), black carbon (BC) and fine150

mode non absorbing soluble (FNAS), whereas the coarse mode consists of sea salt (SS) and151

non-spherical dust (Dust). These components represent the most abundant marine aerosols found152

in the coastal environment and align with the aerosol components in chemical transport models153

such as Global Ozone Chemistry Aerosol Radiation and Transport (GOCART) model [43]. The154

volume fraction of these components along with total aerosol loadings are treated as retrieved155

parameters, whereas their size and refractive index are fixed. The real and imaginary refractive156

index spectra of components are taken from published experimental data literature. They are157

plotted in figure 1 with their sources. Each aerosol component follows the lognormal size158

distribution:159
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Where, 𝑟𝑖 and 𝜎𝑖 represent the respective dry radius by volume and the standard deviation of a160

component with total volume column density 𝑉𝑖 . The dry radius by volume (𝑟𝑖) and standard161

deviation (𝜎𝑖) of different components are taken from the references as summarized in table 1.162

The components FNAI, BC and Dust are hydrophobic whereas SS and FNAS are hygroscopic163

and their growth factors are taken from Optical Properties of Aerosol and Clouds (OPAC)164

package [44]. 50% of BrC are assumed to be hygroscopic, the rest being hydrophobic similar to165

organic carbon component of GOCART. The growth factors at different relative humidities are166

used in the single parameter growth equation from [45] to obtain the parameter (𝛾) as,167

𝑟𝑅𝐻

𝑟◦
=

(
1

1 − 𝑅𝐻

) 𝛾

3

(2)

The parameter 𝛾 solved from 𝑟𝑅𝐻/𝑟◦ at known RH values can used to obtain the radius at any168

relative humidity (𝑟𝑅𝐻 ) from dry radius (𝑟◦).169

Polarimetric single scattering properties of spherical components are modeled using the170

Lorenz-Mie code developed by [46]. The non-spherical dust properties are adopted from [47].171

The aerosol number density N as a function of height z is assumed to be gaussian with peak172

represented by aerosol layer height (ALH) [48].173

𝑁 (𝑧) = 𝐴 𝑒𝑥𝑝

(
−4𝑙𝑛2

(𝑧 − 𝑧𝑐)2

𝜎2

)
(3)

where 𝑧𝑐 is the aerosol layer height in km, A is a normalizing factor determined from total aerosol174

loading and microphysical parameters, and 𝜎 is the width of aerosol height distribution which is175

fixed at 2 km.176

The aerosol retrieval parameters include total aerosol optical depth (AOD), aerosol layer height177

(ALH), fine mode fraction (FMF) and the volume fractions of four aerosol components (FNAI,178

BrC, BC, SS). The volume fractions of fine and coarse modes are normalized to one so that the179

volume fractions of FNAS and Dust are determined by FNAS=1-FNAI-BrC-BC and Dust=1-SS.180

The total volume fractions of each component are determined by multiplying them with FMF181

(fine mode) and 1-FMF (coarse mode), respectively. The overall aerosol phase matrix is a sum of182

the fine and coarse modes weighted by FMF. The retrieved fractions along with RH can be used183

in the single scattering calculation to obtain single scattering albedo (SSA) which is an important184

optical property of aerosols.185



Table 1. Description of aerosol components and their parameters of lognormal size
distribution

Component Description (𝑟𝑖 (𝜇𝑚),𝜎𝑖)

BC Strongly absorbing component (wavelength independent) of biomass
burning.

(0.05,0.444) [44]

BrC Absorbing (both water soluble and insoluble) organic carbon with
strong absorption towards UV wavelengths.

(0.14,0.444) [49]

FNAI Non absorbing dust like component (dust and non absorbing insoluble
organics in fine mode).

(0.16,0.444) [50]

FNAS Non absorbing water soluble inorganic salts, secondary marine aerosols
from oxidation of dimethyl sulfide (DMS) related compounds, can
also represent non absorbing water soluble components of volcanic
eruptions.

(0.31,0.444) [44]

SS Coarse mode sea salts. (2.9,0.672) [50, 51]

Dust Non spherical mineral dust transported over marine atmosphere. (3.0,0.693) [44, 52]

0.4 0.5 0.6 0.7 0.8

1.45

1.50

1.55

1.60

1.65

1.70

1.75

Re
al

 re
f. 

in
de

x

BC
BrC
FNAI
FNAS
SS
Dust

0.4 0.5 0.6 0.7 0.8

10 7

10 5

10 3

10 1

Im
ag

in
ar

y 
re

f. 
in

de
x

0.0 0.2 0.4 0.6 0.8 1.0

Wavelength ( m)
0.0

0.2

0.4

0.6

0.8

1.0

Fig. 1. Refractive index of aerosol components : BC [53], BrC [54], FNAI [44, 55],
FNAS [44], SS [44] and Dust [52, 56].

2.2. Ocean bio optical model186

Ocean waters are assumed to consist of four components: pure sea water, phytoplankton particles,187

non-algal particles (NAP) and colored dissolved organic matter (CDOM). The parameterizations188

of the IOPs are [28]:189

𝑎𝑝ℎ (𝜆) = 𝐴𝑝ℎ (𝜆) [𝐶ℎ𝑙𝑎]𝐸𝑝ℎ (𝜆) (4)
190

𝑎𝑑𝑔 (𝜆) = 𝑎𝑑𝑔 (440)𝑒𝑥𝑝[−0.018(𝜆 − 440)] (5)
191

𝑏𝑏𝑝 (𝜆) = 𝑏𝑏𝑝 (660) [𝜆/660]−𝑆𝑏𝑝 (6)
192

𝐵𝑝 (𝜆) = 𝐵𝑝 (7)

where the wavelength 𝜆 is in nm, 𝑎𝑝ℎ denotes the absorption coefficient for phytoplankton193

particles, 𝑎𝑑𝑔 is the total absorption coefficient for both NAP and CDOM, 𝑏𝑏𝑝 and 𝐵𝑝 are the194

total backscattering coefficient and total backscattering fraction for all particles (phytoplankton195

and NAP) respectively. Values of the coefficients 𝐴𝑝ℎ and 𝐸𝑝ℎ are obtained from [57]. 𝑆𝑏𝑝 is196



the polynomial spectral slope for 𝑏𝑏𝑝 (𝜆). Spectral exponent factor for 𝑎𝑑𝑔 is fixed at 0.018 [58]197

and spectrally invariant 𝐵𝑝 is used [59]. These spectral slopes were shown to work well in the198

inversion of insitu and satellite measurements [60, 61]. The absorption coefficient 𝑎𝑤 (𝜆) and199

scattering coefficient 𝑏𝑤 (𝜆) for pure sea water are taken from the experimental data [62–64].200

The backscattering fraction for water is 0.5 [65]. The total absorption coefficient, backscattering201

coefficient and scattering coefficient can be calculated as follows:202

𝑎(𝜆) = 𝑎𝑤 (𝜆) + 𝑎𝑝ℎ (𝜆) + 𝑎𝑑𝑔 (𝜆) (8)
203

𝑏𝑏 (𝜆) = 𝑏𝑏𝑤 (𝜆) + 𝑏𝑏𝑝 (9)
204

𝑏𝑝 = 𝑏𝑏𝑝/𝐵𝑝 (10)

The scattering coefficient for CDOM is assumed to be negligible. All ocean parameters are205

assumed to be independent of ocean depth i.e parameters are assumed uniform throughout the206

water column. The ocean depth is fixed at 200m, and floor is assumed to be completely absorbing.207

Note that the contribution of radiation signal from the depth below 200m from the surface will208

be minimal at TOA. The Fourier-Forand (FF) phase function [66, 67] is used to represent the209

phase function of the ocean water particulate matter, which is determined by the backscattering210

fraction 𝐵𝑝 [66]. The FF function agrees with various in-situ volume scattering function (VSF)211

measurements [68]. We adopt Voss and Fry’s measurement of average ocean waters [69] to212

represent the Mueller matrix of ocean waters.213

2.3. Data preparation214

2.3.1. Selection of wavelength bands215

HARP2 measures light intensity and polarization at 4 channels in the visible and near infrared216

(440, 550, 670, and 870 nm) whereas SPEXone measures intensity at hyperspectral bands217

and polarization at 50 channels ranging from UV to NIR. Out of 50 channels from SPEXone218

and HARP2 measurements, we selected 13 bands in the atmospheric windows, which are219

selected to be consistent with the wavelengths available in heritage ocean color sensors such as220

Moderate-Resolution Imaging Spectrometer (MODIS), Sea-viewing Wide Field-of-view Sensor221

(SeaWiFS) and Visible Infrared Imaging Radiometer Suite (VIIRS). We didn’t use all available222

bands from SPEXone instrument mainly because the simulation of hyperspectral intensity and223

polarization requires a large amount of computational resources which makes it prohibitive224

in retrieval algorithms. In addition, the previous studies found that 15-17 discrete bands are225

sufficient for resolving most ocean color features based on an analysis of the in-situ measured226

remote sensing reflectance spectrum of different ocean water types [70, 71]. It may be favorable227

to adopt the O2 A (near 765 nm) and B bands (near 680 nm) to obtain aerosol vertical height228

distribution [72]. We will explore this possibility in the future.229

2.3.2. Radiative transer simulation230

The vector radiative transfer model based on the successive order of scattering method (RTSOS)231

[41, 42] is used for the simulation of synthetic dataset. RTSOS has been widely used in the232

development and validation of neural network algorithms for aerosol and ocean color remote233

sensing applications [29, 32, 73–75]. The inherent optical properties of aerosols, i.e., absorption234

and scattering optical depths, as well as the phase matrices, are mixed with those of the molecular235

atmosphere to obtain their total values. Gas absorption due to 𝐻2𝑂, 𝐶𝑂2, 𝑂2, 𝐶𝐻4, ozone, and236

𝑁𝑂2 are considered and their vertical profiles were taken from 1996 US standard atmosphere [76],237

though only ozone amount is allowed to vary in the synthetic dataset. The profile data includes238

the total number density of atmospheric molecules and the volume mixing ratios of the significant239

absorbers (𝐻2𝑂, 𝐶𝑂2, 𝑂2, 𝐶𝐻4, and 𝑁𝑂2) in the UV-SWIR spectral range. Note that the240



changes in their vertical profile due to change in temperature are insensitive to the measurements241

as the simulated channels are in the atmospheric windows. The surface pressure is set to 1013242

hPa. This parameter will be treated as variable in the next version of retrieval algorithm as it243

may have impact on the Rayleigh signal in the UV wavelengths. Readers are referred to [77] for244

more details. An improved pseudo spherical shell (IPSS) correction algorithm is used to treat the245

spherical shell effects which improves the fidelity of simulations for larger solar and viewing246

zenith angles [78]. The ocean surface roughness is parameterized in terms of wind speed (W) [79]247

and foam reflectance is considered following [80]. Several internal parameters that determine248

the numerical accuracy of RTSOS simulations include the number of scattering orders (𝑁𝑠), the249

number of Gaussian quadratures for discretizing the viewing zenith angle in the atmosphere (𝑃𝑎)250

and ocean (𝑃𝑜) and the order of Fourier decomposition (M) for the viewing azimuth angle. These251

parameters are fixed at 𝑁𝑠=40, 𝑃𝑎=80, 𝑃𝑜=120, M=20, which are sufficiently high to ensure the252

accuracy of radiative transfer calculation. For each solar zenith angle, the polarized reflectance253

was calculated for all viewing angles within the ranges with an angular resolution of 1◦. The254

resulting range of scattering angle is (50 –180). For each case corresponding to a specific solar255

zenith angle, the simulated reflectance and DoLP is an array of shape (60,180). For the training256

of Neural networks, for each case we used reflectance and DoLP corresponding to 500 different257

random pairs of viewing zenith and azimuth angles (described in section 2.5).258

A total of 24,500 cases covering a wide range of aerosol, surface and ocean parameters under259

various solar and viewing geometries were generated using RTSOS. The range of parameters is260

summarized in table 2. Random uniform distribution is used to sample all parameters except three261

ocean IOPs (Chla,𝑎𝑑𝑔 (440),𝑏𝑏𝑝 (660)) which are sampled randomly using uniform distribution262

in logarithmic scale. For a given Chla, 𝑎𝑝ℎ (440) is calculated using equation 4, and other IOPs263

(𝑎𝑑𝑔 (440) and 𝑏𝑏𝑝 (660)) are generated randomly using constraints (eq. 11,12) to their values at264

440 nm. 𝑆𝑏𝑝 is generated using the constraint (eq. 13) based on Chla. The scheme shown in Eqs.265

(11-13) is similar to the approaches in [81–83] to reproduce naturally found covariation among266

different parameters, though our bounds are more relaxed to ensure the statistical independence267

of IOPs. The scheme will eliminate some extremely unlikely combinations which is important to268

reduce the ambiguity in inverse problems [84].269

0.01 × 𝑎𝑝ℎ ≤ 𝑎𝑑𝑔 ≤ 100 × 𝑎𝑝ℎ (11)
270

0.001 × (𝑎𝑝ℎ + 𝑎𝑑𝑔) ≤ 𝑏𝑏𝑝 ≤ 0.5 × (𝑎𝑝ℎ + 𝑎𝑑𝑔) (12)
271

−0.5 + 1
1 +

√
𝐶ℎ𝑙𝑎

≤ 𝑆𝑏𝑝 ≤ −0.4 + 7
1 +

√
𝐶ℎ𝑙𝑎

(13)

The boundaries of parameter have been selected based on typical scenario focusing the272

application on ocean color remote sensing. In current simulation the upper limit of AOD is273

fixed at 0.5 as the water leaving signal reaching TOA will be undetectable at very high AODs.274

However, to detect the aerosol plumes in rare events over ocean like smoke or dust plume, the275

upper limit of AOD will be increased to 1.5 in future versions. Also, the upper limit of windspeed276

is fixed at 10 𝑚𝑠−1 to minimize the foam and white caps reflection.277

2.4. Radiometric quantities simulated by RTSOS278

MAP instruments provide intensity and polarization measurements or the Stokes parameters279

(𝐿𝑡 , 𝑄, and 𝑈) at the top of atmosphere at different viewing angles and wavelengths. The total280

reflectance (𝜌𝑡 ), degree of linear polarization, DoLP (𝑃𝑡 ), reflectance from the system containing281

only atmosphere and ocean surface (𝜌𝑎+𝑠), water leaving reflectance reaching the sensor (𝜌𝑤) ,282

BRDF correction factor and remote sensing reflectance are calculated as follows:283

𝜌𝑡 =
𝜋𝐿𝑡

𝜇0𝐹0
(14)



Table 2. Range of geometry (solar zenith angle(𝜃◦),viewing zenith angle(𝜃𝑣), relative
azimuth angle(𝜙𝑣)), environmental (𝑂3, 𝑅𝐻), aerosol (AOD, ALH, FMF, SS, FNAI, BC,
BrC), surface (W) and ocean (Chla,𝑎𝑑𝑔 (440),𝑏𝑏𝑝 (660),𝐵𝑝 ,𝑆𝑏𝑝) parameters used in the
simulation of synthetic dataset. RT simulations of all cases are performed at 13 different
wavelengths (𝜆(𝑛𝑚)=(385,400,410,441,470,490,510,530,549,620,670,740,873)).

Parameters (Units) Range Parameters (Units) Range

𝜃◦ (Degrees) 0–70 𝑂3(Dobson unit) 150–450

𝜃𝑣(Degrees) 0–60 RH (%) 0.3–0.99

𝜙𝑣(Degrees) 0–180 AOD (550)(Unitless) 0–0.5

𝐶ℎ𝑙𝑎(𝑚𝑔𝑚−3) 0.01–30 ALH(Km) 0.1–10

𝑎𝑑𝑔 (440) (𝑚−1) 0.001–2.5 FMF(Unitless) 0.1–1

𝑏𝑏𝑝 (660) (𝑚−1) 0.0001–0.1 SS(Unitless) 0–0.99

𝐵𝑝(Unitless) 0.005–0.05 FNAI(Unitless) 0–0.4

𝑆𝑏𝑝(Unitless) 0–2 BC(Unitless) 0–0.1

W(𝑚𝑠−1) 0.5–10 BrC(Unitless) 0–0.5

where 𝐹0 is the extraterrestrial solar irradiance, 𝜇0 is the cosine of the solar zenith angle.284

𝑃𝑡 =

√︁
𝑄2 +𝑈2

𝐿𝑡

(15)

The water leaving reflectance reaching the sensor can be obtained through atmospheric correction285

as,286

𝜌𝑤 = 𝜌𝑡 − 𝜌𝑎+𝑠 (16)

The remote sensing reflectance can be obtained as,287

𝑅𝑟𝑠 =
𝜌𝑤

𝜋
× 𝑇𝐵𝑅𝐷𝐹, 𝑇𝐵𝑅𝐷𝐹 =

𝐵𝑅𝐷𝐹

𝑇𝑑𝑡𝑢
(17)

where TBRDF is the BRDF correction factor including transmittances, 𝑇𝑑 is the downwelling288

irradiance transmittance for the solar irradiance from TOA to the surface, and 𝑡𝑢 is the upwelling289

radiance transmittance for the water-leaving radiance from surface to TOA.290

2.4.1. Direct approach to calculate BRDF correction factor291

The BRDF correction factor is defined as the ratio of water leaving radiance at zenith sun and nadir292

viewing direction to its value at arbitrary solar and viewing geometry. Traditional approaches293

for BRDF factor calculation employ different intermediate factor calculations with different294

assumptions for wind speed and geometry [66, 85]. However, these approaches were mainly295

developed and validated using data from open ocean waters and the systematic investigation of296

BRDF correction in coastal waters remains a topic of active research [86]. Taking advantage297

of the full suite of RTSOS which can generate Stokes parameters for coupled atmosphere and298

ocean systems, we calculated BRDF correction directly without involving the calculation of299

intermediate factors. For that purpose, we simulated radiances just above the ocean surface300

in four different scenarios viz. total radiance at arbitrary viewing geometry (𝐿𝑡 ,0+ (𝜃0, 𝜃𝑣 , 𝜙𝑣)),301

total radiance at zenith sun and nadir viewing geometry (𝐿𝑡 ,0+ (0, 0)), atmospheric and surface302

radiance for arbitrary viewing geometry (𝐿𝑎+𝑠,0+ (𝜃0, 𝜃𝑣 , 𝜙𝑣)) , atmospheric and surface radiance303



for zenith sun and nadir viewing geometry (𝐿𝑎+𝑠,0+ (0, 0)). Then the BRDF correction factor can304

be calculated directly form the definition as,305

𝐵𝑅𝐷𝐹 =
𝐿𝑡 ,0+ (0, 0) − 𝐿𝑎+𝑠,0+ (0, 0)

𝐿𝑡 ,0+ (𝜃0, 𝜃𝑣 , 𝜙𝑣) − 𝐿𝑎+𝑠,0+ (𝜃0, 𝜃𝑣 , 𝜙𝑣)
(18)

where the subscripts 0+ indicate that the radiances are evaluated just above the ocean surface.306

This direct approach accounts for all factors that contribute to the angular distribution of water307

leaving signal leaving no place for errors involved in intermediate calculation and hence is a308

better alternative to traditional approaches.309

2.5. Training NN forward models310

Four different multilayer perceptron neural network models are designed to predict the total311

reflectance (𝜌𝑡 ), degree of linear polarization (𝑃𝑡 ), reflectance from the system containing312

atmosphere and ocean surface (𝜌𝑎+𝑠), and BRDF correction factor divided by transmitances313

(TBRDF) at 13 different wavelengths as listed in table 2. The NN models for 𝜌𝑡 and 𝑃𝑡 are trained314

to act as forward models in the retrieval optimization whereas the models for 𝜌𝑎+𝑠 and TBRDF315

were trained to perform atmospheric correction and BRDF correction to obtain remote sensing316

reflectance. The model input parameters for 𝜌𝑡 , 𝑃𝑡 , and TBRDF are all 18 parameters from317

table 2 whereas the model for 𝜌𝑎+𝑠 takes only 13 parameters related to geometry, environmental,318

aerosol, and surface (excluding 5 ocean parameters from table 2) as inputs. All neural networks319

output radiometric quantities at 13 wavelengths. Of the total 24.5K cases, 23.5K cases are used320

in the training process (70% used for training and 30% used for validation) and the remaining 1K321

cases are used as test dataset to check the performance of developed models. For each simulated322

case, measurements corresponding to 500 different random pairs of viewing zenith and viewing323

azimuth angles are generated for training process. This leads to 11.75 million sets of data324

cases for training and validation. The mean squared error (MSE) loss function is used in the325

training TBRDF model. The loss functions for 𝜌𝑡 , 𝜌𝑎+𝑠 , 𝑃𝑡 are defined by normalizing the fitting326

residuals by the measurement uncertainty analogous to the retrieval cost function (eq. 24) [32].327

𝜒2
𝜌𝑡

=
1
𝑁

∑︁
𝑖

[
𝜌𝑡 (𝑖) − 𝜌𝑁𝑁

𝑡 (𝑥; 𝑖)
]2

𝜎2
𝜌

(19)

328

𝜒2
𝜌𝑎+𝑠 =

1
𝑁

∑︁
𝑖

[
𝜌𝑎+𝑠 (𝑖) − 𝜌𝑁𝑁

𝑎+𝑠 (𝑥; 𝑖)
]2

𝜎2
𝜌𝑎+𝑠

(20)

329

𝜒2
𝑃 =

1
𝑁

∑︁
𝑖

[
𝑃𝑡 (𝑖) − 𝑃𝑁𝑁

𝑡 (𝑥; 𝑖)
]2

𝜎2
𝑃

(21)

These loss functions are advantageous over the MSE loss function as MSE can be dominated330

by peaked measurements in the glint region. This modification makes the training process aware331

of the measurement uncertainty of the instruments [21,87] therefore optimizes in a way more332

relevant to the retrieval’s operation. We used uncertainty (𝜎) of 3% for 𝜌𝑡 and 𝜌𝑎+𝑠, and 0.005333

for DoLP in the above training loss functions.334

Several different architectures and combinations of hyper parameters (including learning rate335

and activation function) are tested and the best performing models are selected as listed in table 3336

with associated uncertainties. To train NNs, we employed the following strategies which further337

optimized the training strategy discussed by [29, 74]:338

• Input parameters for all models are scaled in the range of [0,1] using their minimum and339

maximum values from the training dataset.340



• The output parameters for models 𝜌𝑡 , 𝜌𝑎+𝑠 , 𝑃𝑡 are left unscaled to accommodate training341

loss functions defined in equations 19-21, whereas for TBRDF model, outputs are342

normalized through the division by their standard deviation.343

• The hidden layers for models 𝜌𝑡 , 𝜌𝑎+𝑠 , 𝑃𝑡 use LeakyReLu activation function whereas the344

hidden layers for TBRDF model use Hyperbolic Tangent (Tanh) activation function.345

𝐿𝑒𝑎𝑘𝑦𝑅𝑒𝐿𝑢(𝑧) = 𝑚𝑎𝑥(0, 𝑧) + 0.01 × 𝑚𝑖𝑛(0, 𝑧) (22)
346

𝑇𝑎𝑛ℎ(𝑧) = (𝑒𝑧 − 𝑒−𝑧)
(𝑒𝑧 + 𝑒−𝑧) (23)

• Exponential decay learning rate schedule is used. Learning rate is reduced by a factor of347

10 every 150 epochs. The initial learning rate of 0.001 is used348

• The batch size of 1000 is used.349

• The Adam optimization algorithm [88] with weight decay regularization [89] is used. The350

optimization algorithm minimizes the loss function to find the optimal values for weights351

and bias metrices [90].352

• Early stopping technique is used to decrease model training time and prevent overfitting.353

The model training was stopped when the model performance does not improve for 20354

epochs and the best weights and bias are restored.355

Table 3. Architecture and uncertainity of NN forward model and RT simulations in
terms of RMSE ,values inside parentheses are RMSE of percentage difference.

Quantities 𝜌𝑡 𝑃𝑡 𝜌𝑎+𝑠 TBRDF 𝜎𝑅𝑇 (𝜌𝑡 ) 𝜎𝑅𝑇 (𝑃𝑡 )

Architecture 18×600×300×
150 × 13

18×600×300×
150 × 13

14×600×300×
150 × 13

18×300×
150 × 13

n/a n/a

𝜎𝑁𝑁 (385) 0.0006(0.26) 0.0009 0.0004(0.15) 0.010 0.00012 0.0002

𝜎𝑁𝑁 (400) 0.0006(0.25) 0.0008 0.0003(0.15) 0.008 0.00012 0.0002

𝜎𝑁𝑁 (410) 0.0005(0.25) 0.0008 0.0003(0.14) 0.007 0.00012 0.0002

𝜎𝑁𝑁 (441) 0.0005 (0.27) 0.0008 0.0003 (0.14) 0.006 0.00012 0.0002

𝜎𝑁𝑁 (470) 0.0005(0.29) 0.0009 0.0003(0.15) 0.006 0.00012 0.0002

𝜎𝑁𝑁 (490) 0.0005(0.31) 0.0010 0.0003 (0.16) 0.006 0.00012 0.0002

𝜎𝑁𝑁 (510) 0.0005(0.33) 0.0009 0.0003(0.17) 0.006 0.00012 0.0002

𝜎𝑁𝑁 (530) 0.0005(0.36) 0.0009 0.0003(0.18) 0.006 0.00012 0.0002

𝜎𝑁𝑁 (549) 0.0006(0.38) 0.0010 0.0004(0.25) 0.005 0.00005 0.0002

𝜎𝑁𝑁 (620) 0.0005(0.37) 0.0010 0.0004(0.25) 0.005 0.00005 0.0005

𝜎𝑁𝑁 (670) 0.0005(0.37) 0.0011 0.0005(0.24) 0.005 0.00010 0.0005

𝜎𝑁𝑁 (740) 0.0005(0.41) 0.0012 0.0004(0.29) 0.005 0.00015 0.0007

𝜎𝑁𝑁 (873) 0.0006(0.57) 0.0016 0.0006(0.39) 0.004 0.00015 0.0007



2.6. Joint retrieval framework356

The NN models for 𝜌𝑡 and 𝑃𝑡 are used as forward models in the FastMAPOL/component joint357

retrieval algorithm to optimize the 𝜒2 cost function which quantifies the difference between358

measurement and forward model prediction as [91].359

𝜒2 (x) = 1
𝑁

∑︁
𝑖

©­­«
[
𝜌𝑡 (𝑖) − 𝜌

𝑓
𝑡 (x; 𝑖)

]2

𝜎2
𝜌

+

[
𝑃𝑡 (𝑖) − 𝑃

𝑓
𝑡 (x; 𝑖)

]2

𝜎2
𝑃

ª®®¬ (24)

where 𝑖 denotes the quantities at different wavelength and viewing angles, N denotes the total360

number of measurements used in the retrieval. 𝜌
𝑓
𝑡 and 𝑃

𝑓
𝑡 are the total reflectance and DoLP361

computed from the neural network forward model with the state vector x. 𝜌𝑡 (𝑖) and 𝑃𝑡 (𝑖)362

represent measurements of corresponding quantities from MAP instruments. 𝜎𝜌 and 𝜎𝑃 are the363

total uncertainties in the reflectance and DoLP used in the algorithm. The total uncertainties364

include calibration/measurement uncertainty of the instrument (𝜎𝑚), forward model uncertainty365

of RTSOS (𝜎𝑅𝑇 ) and forward model uncertainty of neural network (𝜎𝑁𝑁 ) as:366

𝜎2 = 𝜎2
𝑚 + 𝜎2

𝑅𝑇 + 𝜎2
𝑁𝑁 (25)

The reflectance measurement uncertainties of 3% for HARP2 and 2% for SPEXone and DoLP367

measurements uncertainty of 0.005 for HARP2 and 0.003 for SPEXone are used [21,87]. The368

NN forward model and RT forward model uncertainties are listed in table 3. In equation 24, we369

use a diagonal error covariance matrix with diagonal elements equal to the total uncertainties.370

The measurement uncertainties are assumed to be uncorrelated as their correlation strength is not371

well quantified.This may lead to inaccurate representation of the algorithm performance in the372

true instrument measurements [92], which is a subject of future studies.373

The state vector x is divided into five groups of parameters, namely, geometry, environmental,374

aerosol, surface and ocean parameters (as mentioned in table 2 caption) . The aerosol, surface375

and ocean parameters are retrieved directly whereas the geometry and environmental parameters376

are treated as known in synthetic data tests. When applying the algorithm to real MAP data, the377

geometry parameters will be obtained from the instrument whereas the environmental parameters378

will be obtained from NASA GMAO MERRA2 data [93].379

We used subspace trust-region interior reflective optimization approach [94] to minimize the380

cost function by varying the state parameters x. The Jacobian matrices, used to determine the381

direction to update the state parameter, are derived analytically from the NN forward model using382

automatic differentiation based on chain rule differentiation [95] as explained and implemented383

in [30]. Once the convergence is met, the state parameters x are reported. The optimized state384

parameters x are used as input to the neural networks for 𝜌𝑎+𝑠 and TBRDF to determine the385

atmospheric signal and BRDF correction factors which are then incorporated in equations 16-17386

to obtain remote sensing reflectance. The logistic flow of joint retrieval framework is summarized387

in figure 2.388

2.6.1. Retrieval configurations for different MAPs389

FastMAPOL/component has three configurations: HARP2-only, SPEXone-only, HARP2+SPEXone.390

The specifications of these configurations are summarized as follows:391

• HARP2-only configuration takes measurements from 4 HARP2 wavelengths: 441, 549,392

670, 873 corresponding to respective 10, 10, 60, 10 viewing zenith angles of the HARP2393

instrument.394

• SPEXone-only configuration takes measurements from 12 wavelengths (excluding 873395

nm) corresponding to 5 viewing angles of SPEXone instrument.396



Input MAP measurements (𝜌𝑡 and 𝑃𝑡 )

Retrieval optimization

Forward model
(NN models for 𝜌𝑡 and 𝑃𝑡 )

Aerosol model
( Represented by six aerosol compo-

nents along with AOD, ALH and RH)

Bio-optical model
(Represented by four water constituents pure
sea water, phytoplankton, NAP and CDOM)

Rough ocean interface
(Represented by wind speed)

Output retrieval parameters
(Aerosol, ocean and surface parame-
ters + SSA from post processing NN)

Atmospheric correction
and BRDF correction

NN models for
𝜌𝑎+𝑠 , and TBRDF

𝑅𝑟𝑠

Fig. 2. Flowchart showing different components in the retrieval optimization of
FastMAPOL/component.

• HARP2+SPEXone configuration takes measurements from all 13 wavelengths. The397

viewing angles at the 4 HARP2 wavelengths are taken following the HARP2 instrument398

and the remaining wavelengths following SPEXone.399

• All configurations have two settings: one removing measurement from glint region (i.e.400

region with glint angle < 40) and other including those measurements.401

The dimension of state vector (x) is the same for all three combination which includes the402

aerosol (7 parameters), surface (1 parameter) and ocean parameters (5 parameters) with total 13403

retrieval parameters in all combinations. As neural network forward models take normalized404

input parameters in the range [0-1], the first guess of all parameters is set to be 0.5.405

3. Results and discussion406

In section 3.1 we present the performance of the neural network forward model based on the407

test dataset. Section 3.2 covers the overall performance evaluation of FastMAPOL/component408

in terms of the cost function distribution and speed assessment, impact of glint measurements409

(section 3.2.1), retrievability evaluation of different retrieval configurations (section 3.2.2).410
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Fig. 3. NN forward models performance based on the test data for total reflectance (𝜌𝑡 ,
top row) and DoLP (𝑃𝑡 ,bottom row) at selected wavelengths.
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Fig. 4. NN forward models performance based on the test data for reflectance from
atmosphere and surface(𝜌𝑎+𝑠 , top row) and BRDF correction factor with transmit-
tance(TBRDF,bottom row) at selected wavelengths.

3.1. Performance of NN forward models411

The performance of trained NN models is evaluated with the test dataset containing 1K cases412

which were not used during the training process. For each case, corresponding quantities are413

calculated for 10 random pairs of viewing zenith and azimuth angles in the range mentioned414

in table 2. The measurements at glint viewing angles are also included in this performance415

evaluation. For the performance evaluation we used a difference plot also known as Bland416

Altmann (BA) plots [96], where the differences between prediction and true values are compared417

against their true values from RTSOS simulation. For each quantity, we calculate the mean bias418

and the limits of agreement (LOA) defined as 1.96 standard deviation around the mean bias. The419

mean bias value indicates any systematic bias in the model whereas the LOA represents 95%420

confidence intervals.421

Figure 3 and 4 show NN models’ performance at 4 selected wavelengths from 385 to 873422

nm. The solid black line is the line of equality, the dashed black line indicates the mean bias,423

and the blue dashed lines show the limits of agreement (LOA). The color bar indicates the424

data point density normalized by its maximum value. Figure 3 top panel shows the NN model425

performance for total reflectance. The model predictions are highly accurate with zero mean bias426



at all wavelengths. The root mean squared error (RMSE) between predicted and true reflectance427

is less than 0.007 for all wavelengths. Percentage RMSE value increases from 0.26% for 385 nm428

to 0.56% for 873 nm as the magnitude of reflectance values at 873 nm are relatively small. This429

NN uncertainty is much lower compared to calibration uncertainty of 3% for HARP2 and 2% for430

SPEXone.431

Figure 3 bottom panel shows the NN model performance for total DoLP. The model predicts432

DoLP at all wavelengths with zero mean bias. RMSE between predicted and true DoLP is less433

than 0.0015 for all wavelengths which is much lower than calibration uncertainty of 0.005 for434

HARP2 and 0.003 for SPEXone. As the errors show zero mean bias, RMSE is used as an proxy435

for one sigma uncertainty of NN forward models. These models have similar performance at436

other nine remaining wavelengths which is summarized in table 2 in terms of RMSE. These437

results confirm that the neural networks models are highly accurate with uncertainty much lower438

compared to measurement uncertainties and hence are suitable to be used as forward models in439

the joint retrieval algorithm.440

Figure 4 top panel shows the NN model performance for reflectance from a system with only441

atmosphere and ocean surface (𝜌𝑎+𝑠). The model predicts 𝜌𝑎+𝑠 with zero mean bias and RMSE442

less than 0.0007 for all wavelengths and percentage RMSE increases from 0.15% at 385 nm to443

0.4% at 873 nm. Figure 4 bottom panel shows the NN model performance to predict TBRDF.444

The RMSE value decreases from 0.01 at 385nm and to 0.0037 at 873 nm. TBRDF model shows445

a very small mean bias of 0.0002 at wavelengths 441 nm and 549 nm.446

3.2. Performance of joint retrieval algorithm447

The forward models for 𝜌𝑡 and 𝑃𝑡 are used to drive the joint retrieval algorithm to minimize448

the 𝜒2 cost function (eq. 24). We performed retrievals on 1K test cases which are generated449

by the RTSOS model. The test cases were not exposed to the NN models during the training450

process. The retrievals are performed for different measurement configuration viz. HARP2-only,451

SPEXone-only, and HARP2+SPEXone. In order to best represent the real data, random noise is452

added to the simulated reflectance and DoLP equal to measurement uncertainty of the instruments.453

The impact of including or removing measurements from the glint signal is also evaluated for all454

three configurations. Figure 5 left panel shows the distribution of 𝜒2 . The 𝜒2 distribution helps to455

test whether the noise model is realistic and how severe the local minimum convergence problem456

is, which exists in all non-linear squares fitting algorithms. 𝜒2 value close to 1 means that the457

average difference between the measurements and the forward models fitting is comparable to the458

total uncertainty. 𝜒2 much larger than 1 suggests suggests unreliable retrievals [91]. We chose459

retrievals with 𝜒2 < 1.5 as good retrievals.460

From figure 5, we can see that for H and H+S configuration, 𝜒2 distribution is centered around461

1 in both situations of removing or including glint measurements indicating good fit. However, it462

is worth noting that for S configuration, when removing glint measurements, the 𝜒2 distribution463

is centered around 0.85 indicating slight over-fitting. This is due to the fact that the total number464

of available measurements may not be sufficient enough for all parameters causing overfitting465

of the model capturing the noise in the data. All 𝜒2 distribution is centered around 1 when the466

measurements from glint were included (left bottom).467

Figure 5 right panel shows the distribution average times per retrieval for different configurations468

running on a single CPU core of Intel Xeon Gold 6140 Skylake processor. When the glint469

measurements are removed (top right), The S configuration is fastest taking around 0.15s on470

average per pixel whereas H+S takes around 0.23s. When the measurements in glint are included471

(bottom right), the average time per retrieval increased by approximately 50% for H+S, 33% for472

S and 25% for H configuration.473

Considering the number of pixels in a single granule of HAPR2 measurements to be 395×519,474

the algorithm will take around 10.5 hours without glint measurements and 14 hours with glint475
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Fig. 5. Distribution of 𝜒2 and average retrieval time per pixel for different configurations

measurements to process one full HARP2 granule in a single CPU core. Similarly, to process476

single granule of SPEXone measurements (of size 395×29), it will take 5 hours without glint477

measurements and 6.5 hours with glint measurement in a single CPU core. A server with number478

of cores equal to the number of granules obtained in a day can be used to process the PACE479

polarimeter data operationally within the time taken for one granule. Even with the use of complex480

aerosol and ocean bio-optical models, FastMAPOL/component maintains comparable speed with481

FastMAPOL on HARP2 data which takes 0.2s/pixel and 0.1s/pixel respectively with and without482

implementing cascading NN [32].The speed also compares well with other widely used retrieval483

algorithms such as GRASP. To process the single pixel from POLDER/PARASOL measurement,484

it takes about 3-4s per pixel for GRASP/High Precision, 0.3-0.5s/pixel for GRASP/optimized and485

0.1-0.2s/pixel for GRASP/Models [35]. However, it should be noted that the speed of algorithms486

may vary due to the different hardware, number of measurements and the precision used during487

the inversion.488

All parameters from table 2, excluding geometry and environmental parameters, are retrieved489

directly from the FastMAPOL/component algorithm as explained in section 2.6. Two of the490

ocean parameters 𝐵𝑝 , and 𝑆𝑏𝑝 were found to be less sensitive to the measurements resulting in491

higher error. We fixed them at 0.018 and 1 respectively following the existing practice in ocean492

color remote sensing where these parameters are either fixed [61,97] or are derived afterwards493

from retrieved remote sensing reflectance [58,98]. This contributed to slight improvements in494

the retrieval performance of other three ocean parameters.495

The directly retrieved aerosol fractions (FMF, SS, FNAI, BC, BrC) and relative humidity were496

used as input to another neural network to predict single scattering albedo (SSA) at 550 nm.497

This neural network has two hidden layers with 64 neurons each with LeakyRelu activation and498

follows similar training strategy as that of TBRDF model. The NN model for SSA performs499

well in the test dataset with zero mean bias and RMSE of 0.0005 indicating that the model500

accurately represents the single scattering calculations as explained in section 2.1. Now, we501

discuss the performance of the joint retrieval algorithm under all 3 configuration settings both502

while removing or including measurements from glint for the retrieval of aerosol, surface and503

ocean parameters and at last on the remote sensing reflectance.504

3.2.1. Impact of glint to the retrieval parameters505

Figure 6 shows the Normalized Root Mean Square Error (NRMSE) defined as the RMSE between506

true and retrieved values of variable normalized by the standard deviation of true values.507
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Where, 𝑦𝑖 , 𝑦̂𝑖 , 𝑦̄ respectively denote true values, retrieved values and mean of true values.508

NRMSE provides normalized measure of retrieval error relative to the variability in the dataset.509

We chose metric NRMSE over RMSE and mean bias as it is independent of magnitude/unit of510

parameters being discussed. For all configurations, including measurements from glint shows511

the most significant improvement on wind speed and aerosol absorption. This is due to the512

fact that glint pattern is basically dependent on the magnitude of wind speed [79, 99] and the513

absorbing aerosols are easily recognized over the bright glint surface as has been shown in the514

studies [36, 40]. This indirectly improved FMF retrieval as the absorbing aerosols are present in515

the fine mode. The significant improvement in wind speed and SSA retrieval has also improved516

retrieval of other parameters indirectly. For example, better aerosol absorption retrieval improved517

the retrieval performance of ALH in the H configuration as ALH is sensitive to coupling between518

molecular scattering and aerosol absorption [100]. In the other two configurations (S and H+S)519

the spectral dependence becomes dominant. Glint measurements do not show significant impact520

in the retrieval performance of AOD. For the retrieval of ocean parameters, measurements in521

glint in addition to non-glint angles indirectly improve the performance by better characterizing522

the aerosol properties.523

3.2.2. Performance evaluation of different configurations524

Figure 6 shows that the UV sensitive parameters(e.g. 𝑎𝑑𝑔, ALH, SSA) are retrieved significantly525

well from the S configuration compared to the H configuration. This is due to additional UV and526

near-UV wavelengths in the S configuration (385 ,400 , 410). Chla is also retrieved noticeably527

well with the S configuration compared to the H configuration due to the inclusion of more528

wavelengths in blue green range (470, 490, 510) in the S configuration which helped to account529

for its absorption features in blue and green range [101,102]. Other aerosol parameters (AOD,530

FMF) have similar retrieval results from the S and H configurations. Wind speed is retrieved531

significantly better with the H configuration compared to the S configuration as the wide viewing532

angles in the H give advantage to retrieve wind governed surface reflection patterns. Furthermore,533



for all parameters except wind speed, the retrieval performance of the H+S configuration is534

better compared to the H configuration but is similar as compared to the S configuration. This535

observation shows that for aerosol retrieval (AOD, FMF) 5 viewing angles from the SPEXone536

instrument are sufficient and extra viewing angles from HARP2 add less information. This is537

consistent with the earlier sensitivity studies regarding number of viewing angles for aerosol538

retrieval [30, 37, 38]. Additional wavelengths in the UV and near-UV from SPEXone instrument539

are advantageous for the retrieval of UV sensitive parameters, and in blue green range are540

advantageous for the retrieval of Chla.

0.0 0.1 0.2 0.3 0.4 0.5

0.06

0.04

0.02

0.00

0.02

0.04 Mean bias = -0.0009LOA = (-0.0184,0.0165)

RMSE = 0.0090

AOD

0 2 4 6 8 10

7.5

5.0

2.5

0.0

2.5

5.0 Mean bias = -0.1556LOA = (-2.1432,1.8320)

RMSE = 1.0259

ALH

0.2 0.4 0.6 0.8 1.0
0.4

0.2

0.0

0.2

0.4

0.6
Mean bias = 0.0136LOA = (-0.2043,0.2315)

RMSE = 0.1120

FMF

0.80 0.85 0.90 0.95
0.10

0.05

0.00

0.05

0.10 Mean bias = -0.0033LOA = (-0.0430,0.0364)

RMSE = 0.0205

SSA

2 4 6 8 10
4

2

0

2

4

6 Mean bias = 0.1050LOA = (-1.1006,1.3107)

RMSE = 0.6240

W

2 1 0 1
2

1

0

1

2 Mean bias = 0.2008LOA = (-0.9287,1.3304)

RMSE = 0.6103

Chla

3 2 1 0
3

2

1

0

1

2

3 Mean bias = -0.0069LOA = (-0.9549,0.9412)

RMSE = 0.4837

adg

4 3 2 1
1.5

1.0

0.5

0.0

0.5

1.0
Mean bias = 0.0468LOA = (-0.4546,0.5482)

RMSE = 0.2601

bbp

0.0 0.2 0.4 0.6 0.8 1.0

True

0.0

0.2

0.4

0.6

0.8

1.0

Re
tri

ev
ed

-Tr
ue

0.2

0.4

0.6

0.8

1.0

Density

Fig. 7. Joint retrieval results from HARP2+SPEXone configuration (including glint).
The black solid line is a line of equality with black dashed line indicating the mean bias.
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541

Figure 7 shows the comparison of the retrieved and true values of aerosol, ocean and surface542

parameters from the HARP2+SPEXone configuration including the measurements from the glint543

region. As discussed earlier, this configuration has the advantage of having multi wavelengths544

range from UV to NIR and hence gives better retrieval for all parameters. The retrieval545

algorithm shows robust performance in retrieving aerosol optical depth (AOD) with almost zero546

mean bias and small RMSE of 0.009. The fine mode fraction (FMF) and aerosol layer height547

(ALH) are retrieved with a small mean bias of -0.15 km and 0.013 and RMSE of 1.02 km and548

0.112 respectively. The SSA results obtained by using a post-processing NN with the retrieval549

parameters as inputs also show good agreement with true values with almost zero mean bias and550

RMSE of 0.02. As the measurements from glint are included which are highly influenced by551

wind speed, wind speed retrieval shows very good agreement with the mean bias and RMSE of552

0.1 and 0.64 𝑚𝑠−1 respectively.Among the ocean parameters, Chla shows a mean bias of 0.2 with553

RMSE of 0.61, while the other parameters 𝑎𝑑𝑔 and 𝑏𝑏𝑝 have very small mean bias of -0.006554

and 0.04 with RMSE of 0.48 and 0.26, respectively. It should be noted that, the retrieval results555

from inversion algorithms will be within the assumed boundary of parameters. When applying556

algorithm to real measurements, for cases out of the designed bounds the 𝜒2 value will be a good557

indicator of data quality.558

These retrieval of aerosol optical parameters (For eg. AOD, SSA) compares well with existing559

state of the art algorithms. For example, AOD is retrieved with RMSE of 0.009 and with almost560

zero bias which is better than its retrieval from [29] (RMSE=0.03), [33] (RMSE=0.012), [32]561

(RMSE=0.011), [35] (RMSE 0.05). Similarly SSA is retrieved with RMSE of 0.02 which is562

better compared to its retrieval from [32] (RMSE=0.05), [29] (RMSE=0.04), [35] (RMSE=0.05).563

Note that the aerosol model used here has spectrally resolved refractive indices which is complex564



compared to the aerosol model in [25, 29, 32]. The retrieved aerosol layer height compares well565

with the existing algorithms [32, 48].566
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Fig. 8. Retrieval results for 𝑅𝑟𝑠 after atmospheric correction and BRDF correction.
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The retrieval of remote sensing reflectance 𝑅𝑟𝑠 is done via a post-processing procedure, in567

which the aerosol and ocean parameters from the joint retrieval algorithm are now used as an568

input to NN models for 𝜌𝑎+𝑠 and TBRDF. The atmospheric signal 𝜌𝑎+𝑠 and the transmittance569

included BRDF correction factors TBRDF are then incorporated in equation 17 to obtain remote570

sensing reflectance. During this process, we didn’t add the additional measurement uncertainty to571

the simulated reflectance and hence the computed 𝑅𝑟𝑠 uncertainty is only due to the uncertainty572

in joint aerosol and ocean color retrieval. Fig 8 shows the errors in retrieved remote sensing573

reflectance plotted against their truth values. The truth 𝑅𝑟𝑠 was computed with a zenith sun574

and a nadir viewing direction. These results correspond to the H+S configuration with glint575

measurement included in the retrieval. Overall, the 𝑅𝑟𝑠 is retrieved well with zero mean bias at576

all wavelengths and RMSE less than 0.0006 for wavelengths 470-600, and equal to 0.0002 for577

wavelengths greater than 600 nm. Figure 9 summarizes the uncertainties of 𝑅𝑟𝑠 retrieval in terms578

of RMSE from different configurations with the shaded area indicating uncertainty requirements579

from PACE. The PACE uncertainty requirements [103] are 0.0018 or 20% for wavelengths580

350-400 nm, 0.0006 or 5% for wavelengths 400-600 nm and 0.00022 or 10% for wavelengths581

600-710 nm. These requirements levied on observations from the primary instrument on PACE,582

OCI, not the polarimeters, and they are expected to be met for at least 50% of the observable deep583



ocean (depth >1000m). It should be noted that [103] defined uncertainty requirements in terms of584

water leaving reflectance which are divided by 𝜋 to obtain corresponding uncertainties in terms585

of remote sensing reflectance. For all configurations, addition of glint measurements reduced the586

𝑅𝑟𝑠 uncertainty as it led to better atmospheric correction. The 𝑅𝑟𝑠 uncertainty for wavelengths587

490 nm, 510 nm, 530 nm, 550nm are within PACE requirement with or without including glint588

measurements. For HARP2-only configuration, the uncertainty at 440 nm (RMSE=0.0012) is589

higher than that obtained from [29] (RMSE=0.0007) for open ocean while the uncertainties in590

other wavelengths are similar. Also, it should be noted that these uncertainties show strong AOD591

dependence with increased uncertainties for higher AOD [29,32]. The 𝑅𝑟𝑠 uncertainty improved592

for the H+S configuration with all bands meeting PACE threshold except for wavelengths 410593

and 440 nm. Note that the PACE uncertainty limits are set for open ocean application not for594

complex coastal scenes.595

4. Conclusion596

In this study, we report the development of a joint retrieval algorithm, called FastMAPOL/component,597

for the MAP inversion of aerosol and ocean color information. The forward models are neu-598

ral network models, which are trained to speed up the retrieval. The NN forward models599

can accurately predict polarimetric measurements with uncertainty much smaller than the600

measurement uncertainty of the instrument and hence are suitable to be used in operational joint601

retrieval algorithms. The FastMAPOL/component algorithm incorporates a multi-parameter602

bio-optical model and a component representation of aerosols which is suitable for coastal603

water environments. The forward models are trained at 13 different wavelengths from 385 to604

870 nm, including all the HARP2 bands and a selection of the SPEXone bands. The retrieval605

algorithm has the capability to use measurements from different configurations of HARP2 and606

SPEXone. Using the simulated data from the radiative transfer model, we evaluated the retrieval607

performance of different configurations viz. HARP2-only, SPEXone-only, HARP2+SPEXone608

on aerosol, surface and ocean parameters. The retrieval results from synthetic measurements609

show that the UV measurements from SPEXone are highly valuable to improve the retrieval610

of UV sensitive parameters like 𝑎𝑑𝑔, ALH and SSA. The Chla retrieval also benefits from611

additional bands in the blue-green range from SPEXone. For retrieval of the surface parameter612

(wind speed), the HARP2 configuration performs well due to its large range of viewing angles.613

Also, additional measurements from the glint signal contributed to a significant improvement in614

the retrieval of wind speed and the aerosol absorption parameter (SSA), which then indirectly615

helped improve retrieval of other parameters. Furthermore, the SPEXone-only configuration616

works equally well with the HARP2-only configuration for general aerosol and ocean color617

parameters except wind speed. The algorithm is augmented with modules for atmospheric618

correction and BRDF correction to obtain the remote sensing reflectance. The performance of619

all different configurations to obtain remote sensing reflectance is discussed. The results show620

that 𝑅𝑟𝑠 uncertainty for the joint retrieval algorithm in H+S configuration are within the PACE621

requirement, except for wavelengths 410 and 440 nm. These results using synthetic data validate622

robust performance of our joint retrieval algorithms even in coastal waters with complex aerosols623

in the atmosphere. The validation results with the real MAP measurements from the PACE624

mission will be included in the next part of study.625
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