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The global carbon cycle

Human forcing, land and ocean uptake
A challenge to all modes of remote sensing



Aquatic satellite mission timeline



Average annual POC flux [g C m-2 y-1] to bottom of the ocean (1998 – 2001)
Muller-Karger et al. 2005. The importance of continental margins in the global carbon cycle. GRL, Vol. 32.

Combining in situ 
empirical data (POC flux, 
primary productivity, 
bathymetry) and satellite 
data

Approximately half of the world's net annual 
photosynthesis occurs in the oceans (∼48 Pg C y−1)



Ocean Chlorophyll as a Precursor of 
ENSO: An Earth System Modeling Study

• A regression model based on an ensemble learning approach is applied to assess the importance of 
these biological and physical predictors. 

• Results show that the two chlorophyll-based indices are generally ranked higher than the 
SST-based indices. The importance of chlorophyll is similar to that of warm water volume and 
sea surface height, supporting that the underlying mechanisms of chlorophyll and subsurface 
heat anomalies are based on the same physical process. 

Park, J-Y, J.P. Dunne, C.A. Stock (2018). Ocean chlorophyll as a precursor of ENSO: An Earth System Modeling Study. GRL, doi://10.1002/2017GL076077



What are the science gaps?

Grand challenges identified in the 2017 NASA Ocean Biology and Biogeochemistry 
Advanced Science Plan Draft:
• Life on the edge

• How are the diversity, function, and geographical distribution of aquatic boundary habitats 
changing?

• Expansive ecosystems
• What processes drive change in ecosystem structure and biodiversity and how do 

contemporary changes in these globally expansive ecosystems inform improved management 
practices, predictions of change, and global ocean stewardship? 

• Ocean Biogeochemistry and the Earth System
• How do carbon and other elements transition into, between and out of ocean pools? What are 

the quantitative links between ocean biogeochemical cycles and climate?
• Transient Hazards and Natural Disasters

• How can knowledge of the spatial extent, dispersion, intensity, and frequency of transient 
hazards and natural disasters in the aquatic environment improve forecasting and mitigation?
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could be imaged as this sensor would also be highly suitable for terrestrial Earth observation 

applications. 

 

Figure 2.9 Global distributions of coastal and inland aquatic ecosystems. Red indicates regions where water 
depth is less than 50 m and where land elevation is less than 50 m. Light to dark violent gives the 
concentration of inland wetlands, lakes, rivers and other aquatic systems.  Increased darkness means 
greater percentage of areal coverage for inland aquatic ecosystems (UNEP-WCMC, 2005 a & b). 

 

Spatial requirements 

Global coverage: all inland wetland, estuarine, deltaic, agonal, coastal and coral reef waters with 

water depths less than ~30 m and larger than ~0.002 ha 

Spatial resolution: ~17 m (baseline) to ~33 m (threshold) 

The geo-location accuracy may be determined by direct observation of geographic features in 

images coupled to the geometric knowledge of the instrument orientation mounted on the platform 

with respect to on board attitude control systems and pointing knowledge of the platform. A normal 

target range to be set is that the geo-location knowledge should be better than 0.5 pixels (as else 

pixel locations get confused and post flight geometric correction would always need to be applied) 

and thus preferably (Threshold)  in the order of 0.4 pixels or less in along and across track directions. 

Which equates to 0.4 * 33 = ~ 13 m for the coarser spatial resolution and to 0.4 * 17 m =~ 7 m for 

the finer spatial resolution. Baseline requirement is 0.2 pixels or less in along and across track 

directions. 

Geometric requirements  

Georeferencing: Threshold is 0.4 pixels in along and across track directions; baseline is 0.2 pixels in 

along and across track directions 

2.3.4 Temporal resolution requirements 
For time dimension, the range is the duration over which observations are made, during a single 

mission or series of missions and resolution is the temporal sampling rate. For LEO missions, this is 

defined by the revisit period for a single satellite or constellation of satellites and swath width of an 

Global distributions of coastal and inland 
aquatic ecosystems. Red indicates regions 
where water depth is less than 50 m and 
where land elevation is less than 50 m. Light 
to dark violent gives the concentration of 
inland wetlands, lakes, rivers and other 
aquatic systems. 



Focus on Pathways…

Siegel et al. Frontiers in 
Marine Science [2016]

EXPORTS (EXport Processes in the Ocean from RemoTe
Sensing) Field Campaign

https://oceanexports.org/

https://oceanexports.org/


North Pacific 2018, Station PAPA
R/V Revelle R/V Ride Line P Program

EXPORTS (EXport Processes in the Ocean from RemoTe
Sensing) Field Campaign

Focus on Pathways…



Planned/Future Remote Missions to 
Address Other Science Gaps

NASA
2022 –Plankton, Aerosol, Cloud and ocean Ecosystem (PACE) 
2025 – EVI Geostationary Littoral Imaging and Monitoring Radiometer 
(GLIMR) 
~2027 – Surface Biology and Geology

International
EnMap
PRISMA
HISUI (ISS)
DESIS (ISS)

4 

NASA/NOAA/USGS Decadal Survey Status 

Look at NASA’s DS website for more information:   
https://science.nasa.gov/earth-science/decadal-surveys 

• Designated mission in the 2017 
Decadal Survey

• Earth surface geology and biology, 
ground/water temperature, snow 
reflectivity, active geologic 
processes, vegetation traits, and 
algal biomass



Plankton, Aerosol, Cloud, and ocean 
Ecosystem (PACE) Mission

Plankton, Aerosol, Cloud, and ocean Ecosystem (PACE) is an ocean color, aerosol, and
cloud mission identified in the 2010 report �Responding to the Challenge of Climate and
Environmental Change: NASA�s Plan for a Climate-Centric Architecture for Earth
Observations and Applications from Space Science�.

Science Objectives
• Primary:  Understand & quantify global aerosol & cloud dynamics, aerosol-ocean interactions, ocean 

biogeochemical cycling, and ecosystem function due to natural & anthropogenic forcings from 
environmental/climate variability and change: OCI (expanded SeaWiFS, MODIS heritage)

• Primary:  Extend key Earth system data records on global ocean ecology, ocean biogeochemistry, 
clouds, and aerosols (SeaWiFS, MODIS heritage)

• Secondary: Understand and resolve/quantify the role of aerosols and clouds in physical climate (the 
largest uncertainty): polarimeter (MISR heritage)

• Applied Sciences:  enable carbon monitoring and management, contribute to better weather 
forecasting, and delineate the impacts of weather events on coastal ecosystems to enable resource 
management (early returns for ACE mission) 

Risk • 8705.4 Payload Risk Class C

Launch • 2022/2023, budget and profile driven

Orbit • 97° inclination; ~650 km altitude; sun synchronous

Duration • 3 years

Payload • Ocean color instrument; potential for a polarimeter

LCC • $805M Cost Cap



Phytoplankton Diversity from Space

Bracher, A., et al (2017), Obtaining phytoplankton diversity from ocean color: a scientific 
roadmap for future development. Frontiers in Marine Science, 
doi:10.3389/fmars.2017.00055

ROSES 2016
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A.7 Carbon Monitoring System (CMS)
Estimates of Air-Sea Carbon Fluxes for NASA CMS

Figure 1: October 1996 snapshot of simulated phytoplankton from the Darwin self-assembling
ocean ecology model driven by ECCO ocean circulation fields. This model simulates 78 species of
virtual microbes, which can be categorized into four broad functional groups mapped by the color
shading. This realistic ocean ecology is the basis of the ECCO-Darwin ocean biogeochemistry
model, which uses a simplified ecology based on the most successful species in above computation.

spatial (18 km horizontal grid spacing) and temporal (diurnal to interannual) resolution. It com-
bines physical ocean circulation estimates from the ECCO project with ocean ecosystem variables
from the Darwin Project [Fig. 1; Follows et al., 2007; Clayton et al., 2013]. Together, ECCO and
Darwin provide a time-evolving physical and biological environment for carbon biogeochemistry
[Dutkiewicz, 2011]. The Darwin ecosystem model configuration used for CMS Flux Pilot Project
includes five phytoplankton and two zooplankton functional types. The carbon cycle is explic-
itly represented, along with those of nitrogen, phosphorus, iron, silica, oxygen, and alkalinity.
Carbonate chemistry is represented as per Follows et al. [2006] and air-sea CO2 exchange was
initially parameterized using the Wanninkhof [1992] formulation. The resulting “ECCO-Darwin
Version-1” air-sea carbon flux estimates were used for CMS atmospheric carbon inversions by the
CMS-Flux project [Liu et al., 2014].

As part of a CMS-Flux continuation project (Bowman CMS14-0054), air-sea gas exchange co-
efficients and initial conditions of dissolved inorganic carbon, alkalinity, and oxygen were adjusted
using the Green’s function approach of Menemenlis et al. [2005a] in order to optimize modeled air-
sea CO2 fluxes. Data constraints include observations of carbon dioxide partial pressure (pCO2),
global air-sea CO2 flux estimates, and the seasonal cycle of the Takahashi et al. [2009] Atlas.
Adjusted parameters include initial biogeochemistry conditions, air-sea gas exchange parameters,
and the ratio of particulate inorganic to organic carbon. The adjusted simulation is significantly
closer to observations than Version-1 (e.g., root-mean-square difference with observed alkalinity
decreased from 48.8 µmol kg�1 to 28.9 µmol kg�1) and exhibits smaller model drift than the base-
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Bracher et al. Phytoplankton Diversity from Space

FIGURE 1 | Illustration of phytoplankton diversity as found in nature impacted by environmental conditions, and how it can be derived from

observations and modeling. Through in situ measurements (which represent the most real conditions), phytoplankton are grouped according to cellular traits that

influence their optical properties such as pigments, size, morphology, and fluorescence, all also responding to photophysiology, which are named optical features of

phytoplankton groups (PG). In addition, inferences can be made about PG through non-optical features, such as nutrient requirements, stoichiometry, etc. The optical

properties can be measured by ocean color and used to infer PG from remote sensing (highlighted by blue arrows). Coupled biogeochemical-ocean general

circulation models (GCM) produce projections of phytoplankton functional types (PFT) which are, with PG classified according to functions, mainly incorporating

non-optical and rarely optical properties (highlighted by red arrows). PG information from ocean color and ecosystem models can be combined (highlighted by

blue-red arrows) to improve our knowledge. For instance, ocean-color PG can be used for model improvements and evaluation, and models could be re-developed to

explicitly include optical properties of which the ocean-color PG use which will help to advance the application of ocean color PG.

by the variation in phytoplankton structure and pigment
composition (Brown and Yoder, 1994; Subramaniam et al.,
2002; Alvain et al., 2005, 2008; Westberry et al., 2005; Ciotti
and Bricaud, 2006; Devred et al., 2006, 2011; Hirata et al.,
2008; Bracher et al., 2009; Kostadinov et al., 2009, 2016;
Mouw and Yoder, 2010; Fujiwara et al., 2011; Bricaud et al.,
2012; Moore et al., 2012; Sadeghi et al., 2012a; Li et al.,
2013; Roy et al., 2013; Ben Mustapha et al., 2014; Werdell
et al., 2014). Spectral-based approaches exploit as much of the
backscattered spectrum observed by satellite as necessary to
extract the signatures of specific PG to ocean color. Generally,
these methods are computationally much more expensive and
require specific adaptations for each sensor. However, these
algorithms rely on much less empirical relationships than
the abundance based approaches and are based on physical
principles (radiative transfer). Differences exist on the different
satellite inputs (e.g., radiance, absorption, backscattering) and
the underlying principles (for a comprehensive overview
Mouw et al., 2017). Another approach incorporates various
environmental parameters to predict PT based on their ecological
preferences (Raitsos et al., 2008; Palacz et al., 2013). This method
uses artificial neural networks to link the different biological and
physical data sets. While the approach of Raitsos et al. (2008)
was regionally developed for the North-Atlantic, the approach by
Palacz et al. (2013) is not purely based on remote sensing data but
also requires a coupling to a dynamic plankton model.

Products obtained from the PG algorithms (Table 2) are
typically dominance (Brown and Yoder, 1994; Alvain et al.,

2005; Moore et al., 2012; Ben Mustapha et al., 2014), presence
or absence of a certain PT (Westberry et al., 2005; Werdell
et al., 2014), fraction or concentration of chl-a of the three
PSC (Devred et al., 2006, 2011; Uitz et al., 2006; Hirata et al.,
2008, 2011; Kostadinov et al., 2009, 2016; Brewin et al., 2010,
2015; Fujiwara et al., 2011; Li et al., 2013; Roy et al., 2013)
or a size factor characterizing the contribution of pico- (or
micro-) phytoplankton to the phytoplankton community (Ciotti
and Bricaud, 2006; Mouw and Yoder, 2010; Bricaud et al.,
2012). Currently, only the products OC-PFT (Hirata et al., 2011)
and PhytoDOAS (Bracher et al., 2009; Sadeghi et al., 2012a)
enable the simultaneous determination of chl-a for several PT.
PhytoDOAS retrieves the imprints of absorption characteristics
of specific phytoplankton groups among all other atmospheric
and oceanic absorbers from top of atmosphere data of the
hyperspectral satellite sensor SCIAMACHY (Scanning Imaging
Absorption Spectrometers for Atmospheric Chartography). All
other satellite-based PG algorithms (Table 2) have been applied
to water-leaving reflectance data from multispectral sensors
[e.g., SeaWiFS (Sea-viewing Wide Field-of-view Sensor), MERIS
(Medium Resolution Imaging Spectrometer), MODIS (Moderate
Resolution Imaging Spectroradiometer)].

To be able to detect unexpected changes in phytoplankton
community composition, satellite PG data based on exploiting
the spectral signatures, and based on limited empirical
assumptions are preferred. In the few last years, radiative
transfer models (RTM) have been used to develop and assess
the sensitivity of analytical (spectral) PG retrievals or to find

Frontiers in Marine Science | www.frontiersin.org 4 March 2017 | Volume 4 | Article 55



Geostationary Littoral Imaging and 
Monitoring Radiometer (GLIMR)

Science Goals:  GLIMR develops new knowledge 
relevant to coastal aquatic biogeochemistry, ecosystem 
health, human health, and resource management advancing 
two major NASA Earth Science Division goals of: 
 Detecting and predicting changes in Earth’s ecological 

and biogeochemical cycles, including biodiversity, and 
the global carbon cycle, and

 Furthering the use of Earth system science research to 
inform management decisions. 

Investigation Overview: 
GLIMR provides…
 Science Data: 15+hours of daily observations
 Hyperspectral: UV-VIS-IR 340-1040nm
 High spatial resolution: 300m at nadir
 Fast temporal scanning: ~70 Minute GoM coverage
 Highly calibrated: Ground, On-orbit, Atmospheric 

Correction, & vicarious calibrations applied
 Configurable to respond to episodic events and 

hazards of national importance
 Societal Benefits: Economic benefits to tourism, 

fisheries, oil & gas, shipping, and recreational users

3. Formation, magnitude, and trajectory of harmful algal blooms 
(HABs) and oil spills 

TGLIMR ADDRESSES KEY SCIENCE 
AND APPLICATIONS OBJECTIVES

GLIMR provides many times more data per region per day than polar orbiting sensors!  
The mean proportion of cloud-free observations during a day for polar-orbiting LEO sensors (left panel; ~0.3 to 0.6/ day 
in the Gulf of Mexico) based on MODIS observations between 2006 and 2011 compared to the much higher mean 
number of cloud-free hourly observations during a day (4 to 6/day in the Gulf of Mexico) from GOES East (right panel), 
based on cloud cover data between 2006 and 2011. The higher spatial and temporal resolution of GLIMR will confer a 
higher probability of cloud-free observations as compared to GOES and MODIS. (Red circles highlight the different 
scales used).  Nominal location for GLIMR (98oW) is annotated in the GEO figure on right (from Feng et al. 2017).

Identified:  An urgent need for high frequency, hyperspectral 
observational capabilities for coastal ocean science, resource 
management, and hazard mitigation (HABs, Hypoxia, & Oil Spills)
Response: GLIMR – a hyperspectral ocean color radiometer 
capable of delivery high frequency data from geostationary orbit.

LEO GEO

No other sensor can achieve the degree of scientific understanding we propose with GLIMR
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GLIMR – spatial, temporal, and 
spectral resolution capability 
uniquely suited to observing 
dynamic coastal ocean 
processes like no other current 
or planned mission. 

B.0 GLIMR FACT SHEET 

Image: Michon Scott, NASA/GSFC

G E O S T A T I O N A R Y L I T T O R A L I M A G I N G  A N D  M O N I T O R I N G  R A D I O M E T E R

HAB in Gulf 
of Mexico

MODIS true color and Fluorescence Line height data (10/3/03) 
showing a large  Karenia brevis HAB bloom along Florida’s coast

2. Understanding processes contributing to rapid changes in 
phytoplankton growth rate and community composition.

1. Short Term Coastal Processes:  how high frequency fluxes of sediments, 
organic matter, and other materials between and within coastal 
ecosystems regulate the productivity and health of coastal ecosystems. 
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health, human health, and resource management advancing 
two major NASA Earth Science Division goals of: 
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 Furthering the use of Earth system science research to 
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2. Understanding processes contributing to rapid changes in 
phytoplankton growth rate and community composition.

1. Short Term Coastal Processes:  how high frequency fluxes of sediments, 
organic matter, and other materials between and within coastal 
ecosystems regulate the productivity and health of coastal ecosystems. 



The global carbon cycle

Human forcing, land and ocean uptake
A challenge to all modes of remote sensing



The data gap
“The two poles of the carbon cycle”

The most active regions are the least sampled in situ



Future of terrestrial biogeochemistry

For decades, we have had two global measures from space for 
terrestrial carbon, greenness (NDVI) and land use change
Now, and increasing in the near future, we have multiple quantitative 
retrievals of terrestrial biogeochemistry, 
Some (Vegetation Optical Depth) for scaling reasons, have no direct in 
situ counterpart,
Others are more accurate remotely than in situ (canopy height),
Today’s terrestrial and land surface models originated in the “NDVI” era 
and are ill-suited to comparison, ingestion and assimilation of new 
observables,
A scale mis-match remains between carbon assimilation model length 
scale (~500 km) and in situ (~1 km).



ECOSTRESS: Evapotranspiration 
over the Amazon



Plant Diversity from Space

Functional Trait Units
Normalized Uncertainty, 
Retrieved (Singh et al 
2015)

LMA g/m2 11%
Nitrogen % dry mass 16%
Chlorphyll ng/mg 8%
Lignin % dry mass 12%
Phosphorus % dry mass 16%

Imaging spectroscopy for plant canopy 
functional traits determining physiological 
rates



GEDI: Forest structure and biomass 
over the Sierra Nevada



AVIRIS sees natural patterns of methane emission around Arctic lakes: addresses 
the decades-old scaling challenge.

CH4 emissions occur at lake margins, wet and with ample supplies of carbon

Methane Detection



Productivity-
Diversity 

relationships

Water Use 
efficiency

Producivity-
Biomass 

relationships

Disturbance 
and diversity

A golden Age of 
remote sensing with 
multiple sensors on 

the ISS

Fusion of data products



Validation
• More data is needed to validate remote sensing products, especially 

biogeochemical and biological. Particularly critical in optically 
complex waters and in data poor regions (e.g. mesopelagic). 

Technology development (in situ/remote) 
• Role of cubesats
• Bio-Argo expansion

Numerical Modeling 
• Model applications – promotion of OCR as a necessary input to NWP 

models (heat exchange etc.) and, as more standard, ecosystem 
models

• Disconnect between modeler needs and research data/products –
scale, number and location of observations. 

• Uncertainties in data products (esp. for stakeholders)

Recommendations



Recommendations

Science (Observations, approaches, technology, models, etc.)
• Vertical structure of the ocean – role of new technologies (lidar, tie to 

Bio-Argo to resolve physical properties (MLD, PAR, Zeu) to get at 

sources, sinks, stocks and fluxes (aquatic carbon from space)

• Scales of motion – merge in situ and remote data in a seamless 

linkage  

• Quantification and sampling for carbon inventory 

• Plastics

• Sub-mesoscale – not just the temporal resolution, but the spatial

• High latitude/ice related studies 

• Leverage on non-OCR specific missions – e.g., Discovr, ICESat-2, 

potential with SAR/Sentinel/commercial combinations to achieve 

CLIVAR objectives

• Multi-platform and sensor data fusion for Earth Science 


