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This algorithm (poc_stramski_hybrid) returns the concentration of particulate organic

carbon (POC) in mg m  in oceanic surface waters, calculated using empirical relationships

derived from in situ measurements of POC and spectral remote-sensing reflectance, R (λ).

This algorithm, referred to as hybrid algorithm (poc_stramski_hybrid), is a blend of two

algorithm components: MBR (Maximum Band Ratio) and BRDI (Band Ratio Difference

Index). The hybrid algorithm is formulated for applications using various multispectral

ocean color sensors (SeaWiFS, MODIS-Aqua, VIIRS-SNPP, VIIRS-NOAA20, MERIS, OLCI)

deployed on past and current satellite missions. However, the different versions of sensor-

specific hybrid algorithms are also applicable to ocean color measurements obtained with

hyperspectral sensors, especially the ocean color sensor OCI deployed on PACE satellite

mission. The hybrid algorithms are described in detail in Stramski et al., 2022 and succeed

the previous POC algorithm based on a single blue-to-green reflectance band ratio 

Stramski et al., 2008.

Abstract

-3
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The standing stock of particulate organic carbon (POC) in oceanic surface waters is

linked to marine biogeochemical processes and ecosystem characteristics, such as carbon

export from the surface to the deep ocean and the availability of food for marine biota.

Satellite observations of ocean color provide a unique means to quantify the magnitude

and potential presence of long-term trends in POC stock on global and basin scales in

support of ocean biogeochemistry and ecosystem studies. This ATBD describes the POC

algorithms suitable for application to various satellite ocean color missions including the

use of multispectral sensors deployed on past and current satellite missions (e.g., SeaWiFS,

MODIS, VIIRS, MERIS, OLCI) as well as a hyperspectral Ocean Color Instrument (OCI)

deployed on NASA's Plankton, Aerosol, Cloud, ocean Ecosystem (PACE) mission.

Plain Language Summary

This ATBD describes the POC algorithms developed for application to various satellite

missions equipped with a multispectral ocean color sensor, specifically SeaWiFS, MODIS-

Aqua, VIIRS-SNPP, VIIRS-NOAA20, MERIS, and OLCI. These algorithms are also applicable to
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measurements with a hyperspectral ocean color sensor OCI deployed on PACE satellite

mission.



This algorithm returns the concentration of particulate organic carbon (POC) in mg m

in oceanic surface waters, calculated using empirical relationships derived from in situ

measurements of POC and spectral remote-sensing reflectance, R (λ). This algorithm,

referred to as hybrid algorithm (poc_stramski_hybrid), is a blend of two algorithm

components: MBR (Maximum Band Ratio) and BRDI (Band Ratio Difference Index). A

weighting approach is applied between the MBR and BRDI-derived estimates of POC within

a transition range of POC. The operation of the hybrid algorithm requires the input of

reflectance measurements at four spectral bands from the blue and green spectral

regions, and the algorithm formulas and associated parameterizations are available for

multispectral ocean color sensors SeaWiFS, MODIS-Aqua, VIIRS-SNPP, VIIRS-NOAA20 (JPSS-

1), MERIS, and OLCI. These multispectral hybrid algorithms are also applicable to ocean

reflectance measurements obtained with hyperspectral sensors, in particular the Ocean

Color Instrument (OCI) deployed on Plankton, Aerosol, Cloud, ocean Ecosystem (PACE)

satellite mission. The hybrid algorithms are described in detail in Stramski et al., 2022 and

succeed the previous POC algorithm based on a single blue-to-green reflectance band ratio

Stramski et al., 2008.

The hybrid algorithms are intended for application in the global ocean within the range

of bio-optical conditions consistent with those generally observed in open-ocean pelagic

environments. Specifically, the algorithm development dataset satisfies the bio-optical

inclusion criteria of a (412)/POC ≤ 0.00077 m  mg  and a (412)/Chla ≤ 0.581 m  mg , where 

a (412) is the light absorption coefficient of CDOM (chromophoric dissolved organic

matter) at 412 nm in m  and Chla is the concentration of chlorophyll-a in mg m . The

algorithm development dataset excludes data characterized by dominant contribution of

mineral particles to suspended particulate matter. This exclusion criterion is defined as

POC/SPM < 0.1 where SPM is the mass concentration of suspended particulate matter in

mg m . Overall these criteria excluded conditions with relatively high concentration of

CDOM and mineral particles relative to POC which are not representative of open-ocean

pelagic environments. In addition, the algorithm development dataset is representative of

optically-deep waters where the bottom depth is ≥ 50 m (see Stramski et al., 2022 for more

details on all inclusion and exclusion criteria and geographical representativeness of the

algorithm development dataset). The maximum value of POC in the development dataset is

about 1000 mg m . Hence, special caution is needed for applications at higher POC and it

is recommended to not extend the use of the algorithms and POC retrievals above 2000

mg m .

1. Introduction
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The development and application of remote-sensing algorithms for estimating the

concentration of particulate organic carbon, POC, in oceanic surface waters from satellite

ocean color observations were initiated during the early years of operation of the Sea-

viewing Wide Field-of-View Sensor (SeaWiFS) satellite mission. The first POC algorithm was

developed with field data from the Southern Ocean Stramski et al., 1999. This algorithm

was based on two empirical relationships linking first, the spectral remote-sensing

reflectance of the ocean, R (λ), with the spectral backscattering coefficient of seawater, 

b (λ), and second, the particulate backscattering coefficient b (λ) with POC, where λ [nm] is

light wavelength in vacuum and was chosen from the green spectral region. During the

following decade several studies examined POC algorithms based on various empirical

approaches. In one category of algorithms, the formulation of algorithms was based on

coincident field measurements of POC and optical variables including R (λ) or a

combination of R (λ) and inherent optical properties (IOPs) of seawater 

Stramska & Stramski, 2005; Pabi & Arrigo, 2006; Stramski et al., 2008; Allison et al., 2010.

Another category of algorithms involved the use of field measurements of POC and optical

data that were not all collected in situ (satellite data products were included in algorithm

development) or were not collected concurrently during the same field experiments 

Loisel et al., 2002; Mishonov et al., 2003; Gardner et al., 2006; Son et al., 2009. More recently,

additional approaches with potential for global applications have been proposed 

Kostadinov et al., 2016; Le et al., 2018 and efforts have also increased with a focus on POC

algorithms for marine coastal environments Liu et al., 2015; Hu et al., 2016; 

Woźniak et al., 2016; Le et al., 2017; Tran et al., 2019;  Stramski et al., 2023. The coastal

environments impose distinctive challenges for optically-based POC algorithms which are,

for example, associated with generally much larger range of variability in proportions of

organic and mineral particles compared with open ocean environments 

Woźniak et al., 2010; Stramski et al., 2023. The topic of remote sensing of POC in such

optically complex aquatic environments is beyond the scope of this ATBD.

The analysis of several empirical POC algorithms based on concurrent in situ

measurements of POC and R (λ), or POC and a combination of R (λ) and IOPs (especially

the backscattering and beam attenuation coefficients), suggested that the direct

estimation of POC from the blue-green band ratio of R (λ) provides a reasonably good

algorithm for applications to global ocean dominated by open-ocean pelagic environments

where surface POC is relatively low, generally less than about 300 mg m

Stramska & Stramski, 2005; Stramski et al., 2008. Consequently, an empirical algorithm that

was originally determined for the SeaWiFS band ratio of R (443)/R (555) using POC and 

2. Context / Background

2.1. Historical Perspective
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R (λ) measurements from the eastern South Pacific and Atlantic Oceans over the range of

surface POC from about 10 to 300 mg m Stramski et al., 2008 was adopted by the NASA

Ocean Biology Processing Group (OBPG) to produce a satellite global ocean color product

of POC. The present ATBD describes a new suite of satellite global POC algorithms that

derive POC from R (λ) measurements in the blue and green spectral bands 

Stramski et al., 2022, which is intended to replace the previous algorithm from the study of 

Stramski et al., 2008.

For a hyperspectral ocean color sensor OCI deployed on PACE satellite mission, the use

of SeaWiFS-specific hybrid algorithm is recommended as an initial first choice. However,

the remaining versions of hybrid algorithm (i.e., MODIS, VIIRS-SNPP, VIIRS-NOAA20, and

MERIS/OLCI) are also applicable to PACE OCI-derived  R (λ) and testing of all these

multispectral hybrid algorithms using PACE-OCI measurements is desirable. 

rs
-3
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2.2. Additional information

rs

The POC algorithms described in this ATBD rely on characteristic variations in ocean

remote-sensing reflectance, R (λ),  within the blue-green spectral range which are

associated with variations of POC in oceanic surface waters. To first order, the spectral 

R (λ) is dependent on the ratio of two inherent optical properties of seawater, i.e., the ratio

of the backscattering coefficient to absorption coefficient. Variations in the spectral

absorption coefficient of seawater generally exert a stronger influence on the spectral

behavior of R (λ) than variations in the spectral backscattering coefficient. The spectral

absorption properties of various types of POC-containing particles, such as organic

detritus, heterotrophic organisms, and phytoplankton, are different; however, it is

important to note that they all exhibit a common feature of increased absorption from the

green towards the blue spectral region. Thus, a sizable increase in the concentration of any

type of particles containing organic carbon is expected to exert a qualitatively similar effect

on the spectral shape of R (λ) within the blue-green spectral range. Specifically, as POC

increases the most pronounced variation of R (λ) occurs in the blue spectral region, whilst

variation of R (λ) in the green is relatively small. As a result the blue-green band ratio of 

3. Algorithm Description

3.1. Scientific Theory
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R (λ) tends to decrease with an increase in POC Stramski et al., 2008. This pattern is typical

for open-ocean pelagic environments and provides a basis for empirical algorithms

described in this ATBD, which utilize the variations of R (λ) in the blue-green spectral range

to estimate POC.

The POC hybrid algorithms described in this ATBD are intended primarily for

applications to vast areas of open-ocean pelagic environments Stramski et al., 2022. This is

associated with an assumption that in open ocean waters the variations in the absorption

coefficient of all POC-containing particles (and covarying dissolved organic matter) exert a

dominant influence on the spectral shape of R (λ) within the blue-green spectral range. The

algorithms are, however, also applicable to other aquatic environments including marine

coastal waters provided that the above assumption is reasonably well satisfied in these

waters and their bio-optical properties are consistent with those typically observed in

open-ocean pelagic environments.

The POC algorithms described in this ATBD were formulated using the regression

analysis of experimental data obtained from concurrent in situ measurements of near-

surface POC and R (λ). Generally, such empirical algorithms depend on specific sets of data

involved in algorithm development. The key criteria used in our approach to assemble the

algorithm development dataset were focused on well-assured consistency and

documentation of measurement protocols and well-balanced global representation of data

in terms of both geographical coverage and range of bio-optical properties characteristic

of open-ocean pelagic environments. It is assumed that the algorithm development

dataset provided a reasonably accurate representation of average trendlines of global

relationships between POC and R (λ). This assumption is supported by similarity of

probability distributions of POC associated with the algorithm development dataset and

POC derived from global satellite ocean color imagery Stramski et al., 2022.

The hybrid algorithm initially derives two POC estimates from two separate component

algorithms, i.e., POC  from the MBR algorithm and POC  from the BRDI algorithm as

follows.

1. POC  is calculated from the OC4-like cubic polynomial function using the

Maximum Band Ratio (MBR) of remote-sensing reflectance as an independent variable

where the OC4-like function involves the use of 4 spectral bands:

rs

rs
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(1)

In this formula, MBR ≡ R (λ )/R (λ ) is the maximum value selected from three

reflectance band ratios. The denominator of the band ratio, R (λ ), is the reflectance

value in the green band centered in the wavelength range between 547 nm to 560 nm

depending on the ocean color sensor (see Table). The numerator of the band ratio, R (λ

), is the greatest value of reflectance selected from two blue bands and the blue-green

510 nm band. The center wavelengths of the two blue bands depend on the ocean color

sensor (see Table). For sensors with no band at 510 nm (MODIS, VIIRS-SNPP, and VIIRS-

NOAA20), ‘virtual’ R (510v) is calculated following Stramski et al., 2022 and the relevant

equations are included in Table. The coefficients a , a , a , and a  are empirical parameters

of the MBR algorithm and are sensor specific (see Table).

2. POC  is calculated from the quintic polynomial function using the Band Ratio

Difference Index (BRDI) of remote-sensing reflectance as an independent variable:

(2)

where

(3)

The light wavelengths λ , λ , and λ  used in BRDI calculation are sensor

specific and listed in Table. The coefficients a , a , a , a , a , and a  are empirical

parameters of the BRDI algorithm and are sensor specific (see Table). Note that although

the same symbol a is used for the coefficients of the MBR and BRDI algorithms, the

coefficients differ between the algorithms.

Final poc_stramski_hybrid is calculated from the POC  and POC  with the

application of additional conditions and the weighting procedure as follows.

3.  If BRDI < 1, then poc_stramski_hybrid= POC

4.  If BRDI ≥ 1, then poc_stramski_hybrid= POC W + POC W

log ​(POC ​) = a ​ + ​a ​ [log ​(MBR)]10 MBR 0

i=1

∑
3

i 10
i

rs blue-green rs green

rs green

rs blue-

green
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log ​(POC ​) = a ​ + ​a ​ (BRDI)10 BRDI 0
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where the final weighting factors W  and W  (uppercase W) are calculated using

the initial weighting factors (lowercase w):

 and 

The initial weighting factors, w  and w , are calculated as follows:

If POC   > 25 mg m , then w  = 1

If 15 ≤ POC   ≤ 25 mg m , then w  =  log ⁡(0.9POC  - 12.5)

If POC < 15 mg m , then w  = 0

If POC   > 25 mg m , then w  = 0 

If 15 ≤ POC   ≤ 25 mg m , then w = 1-log ⁡(0.9POC - 12.5)

If POC   < 15 mg m , then w  = 1

For PACE OCI- based POC product, SeaWIFS sensor-specific coefficients are being used. 

MBR BRDI

W ​ = ​MBR 2
w ​+(1−w ​)MBR BRDI W ​ = 1 − W ​BRDI MBR

MBR BRDI

MBR
-3

MBR

MBR
-3

MBR 10 MBR

MBR
-3

MBR

BRDI
-3

BRDI

BRDI
-3

BRDI 10 MBR 

BRDI
-3

BRDI

Figure 1: Sensor-specific coefficients for poc_stramski_hybrid algorithm (from Table 4 in Stramski et al.

2022). Note: For the hyperspectral ocean color sensor OCI deployed on PACE satellite mission, the use

of SeaWiFS-specific hybrid algorithm is recommended as an initial first choice. However, the

remaining versions of hybrid algorithm (i.e., MODIS, VIIRS-SNPP, VIIRS-NOAA20, and MERIS/OLCI) are

also applicable to PACE OCI-derived R (λ) and testing of all these multispectral hybrid algorithms

using PACE-OCI measurements is desirable. 
rs



By applying a model-I regression analysis to the algorithm development dataset, we

examined seven distinct categories of algorithmic approaches Stramski et al., 2022. In each

category we derived a number of candidate mathematical formulas which link POC with an

independent (explanatory) variable X defined in terms of spectral values of R (λ). The key

difference between each of the seven algorithmic categories is associated with

fundamentally different definitions of reflectance variables X. Overall, the analysis of the

development dataset included over 70 candidate formulas across all seven algorithmic

categories. The number of examined formulas differed between the categories ranging

from 4 to 21. Several statistical measures describing the goodness-of-fit of regression

functions for the development dataset were used in comparative analysis of numerous

candidate algorithms, which resulted in selection of final hybrid algorithms presented in

this ATBD.

Name Long Name Unit

Rrs remote-sensing reflectance sr

Name Long Name Unit

poc_stramski_hybrid particulate organic carbon concentration mg m

3.2.1. Assumptions

rs

3.3. Algorithm Input Variables

-1

3.4. Algorithm Output Variables

-3

No content available.
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The intended global applicability of POC algorithms described in this ATBD is

constrained by the characteristics of the algorithm development dataset. This dataset was

created with several inclusion criteria based on bio-optical and particle characteristics of

seawater which are consistent with vast areas of open-ocean pelagic environments and

hence most suitable for the development of global ocean algorithms Stramski et al., 2022.

We used two inclusion criteria involving the threshold values of the ratios of the absorption

coefficient of chromophoric dissolved organic matter (CDOM), a (412), to POC and Chla.

Specifically, the final algorithm development dataset includes data with a (412)/POC ≤

0.00077 m  mg  and a (412)/Chla ≤ 0.581 m  mg . These threshold ratios were determined

from data collected during the cruises in the open ocean waters of the Pacific and Atlantic

Oceans where all measurements satisfied these inclusion criteria. In addition, the

algorithm development dataset excludes data from waters where suspended particulate

matter is dominated by mineral particles. To exclude such cases, we disregarded data with

the POC/SPM ratio less than 0.1, where SPM is the mass concentration of suspended

particulate matter. Such low values of POC/SPM are indicative of mineral-dominated

particulate assemblages Stramski et al., 2023 and are not included in the algorithm

development dataset. We also applied the inclusion criterion of bottom depth ≥ 50 m. This

criterion generally satisfies the condition of optically-deep oceanic environments. Thus, the

algorithm development dataset includes not only surface data collected in deep pelagic

environments but also some surface data collected over the continental shelf where the

bottom depth ≥ 50 m. Importantly, the data collected on the continental shelf satisfied the

CDOM-related and POC/SPM criteria that are consistent with data collected in open-ocean

pelagic environments as described above.

Overall, the algorithm development dataset covers a broad range of POC from about

10 to 1000 mg m  but it is assumed that the POC hybrid algorithms described in this ATBD

can be applied to POC extending to 2000 mg m .

5. Algorithm Usage Constraints
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The assessment of POC hybrid algorithms with the field development dataset is

presented in Stramski et al., 2022. The assessment of hybrid algorithms with independent

field dataset and satellite-in situ matchup datasets for SeaWiFS, MODIS-Aqua, and VIIRS-

SNPP missions is presented in Joshi et al., 2023. In the matchup analysis, Level-2 satellite

product of R (λ) obtained from Reprocessing version 2018.0 was used.

The validation analysis and performance assessment of POC hybrid algorithms

described in this ATBD are presented in the study of Joshi et al., 2023. These analyses were

made with an in situ validation dataset containing concurrent measurements of POC and 

R (λ) as well as three satellite validation datasets containing data matchups of field

measurements of POC and satellite-derived R (λ)  from satellite measurements with

SeaWiFS, MODIS-Aqua, and VIIRS-SNPP ocean color sensors (Reprocessing version 2018.0).

The in situ validation dataset is independent of the in situ algorithm development dataset.

Because the true value of POC cannot be absolutely determined, POC obtained from

measurements was used as a reference value in this validation analysis of algorithm-

derived POC. In practice the use of such reference values is common, but it must be noted

that measurements have errors associated with them. It was determined that the

aggregate bias of algorithm-derived POC relative to measured POC is small or negligible

(<10%) for the validation datasets, and a measure of median percentage difference is about

20% for the in situ validation dataset and ranges between about 20% and 30% for the

satellite validation datasets. Comparisons of POC retrievals from the three ocean color

sensor-specific algorithms show good inter-sensor consistency. The validation results

presented in Joshi et al., 2023 indicate that the POC hybrid algorithms described in this

ATBD tend to provide improved POC retrievals within a broader range of POC than the

predecessor global algorithms and improved capability for generating a consistent long-

term POC data record from multiple satellite missions.

Refer to the Uncertainties section and Joshi et al., 2023.
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6.2. Performance Assessment Validation
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7.1.1. Entry #1

https://oceancolor.gsfc.nasa.gov/data/download_methods/

Ocean color website offers several ways to download Rrs data,

including file search, direct data access, L1/L2 browser, L3/L4 browser,

and more.

No content available.

No content available.
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