


Seasonality in Marine Organic Carbon
Export and Sequestration Pathways

Renjian Li and Tim DeVries
University of California, Santa Barbara

ERIS




EUPHOTIC
ZONE

b
v
9
S W
ao
ON
W
w
=

Biological Pump Pathways

Phytoplankton S Zooplankton
A N Q 0‘ Qif Photosynthes;s : ' \/)f ; ‘:9 )
'.._‘,1_“' . Resp\raﬁo“ P \ 7
Q@ OA#‘}iVﬁo . / ‘\ = '\:_:] i g

%

DOC

Zooplankton X
pellets

Aggregates and

fecal pellets Zooplankton

I ‘DOC o Solublhzataon P Consumptlon e §
: "POC l

Dlsaggregatnon ﬁ J"

W

Upg,
ke Bacteria

Respir ation

CO,

Sequestration
times

1-10 years

100-1,000 years

Siegel et al. (AnnuRev, 2023)



Data Constrains

surface phyto
biomass

depth-integrated
z0o biomass

DOC
concentration

O, concentration

magnitude of POC
flux

magnitude of
migrant flux

climatological-
monthly

climatological-
monthly

climatological-
monthly

climatological-
monthly

annual mean

transient
observation

o
£
=

©

| —
2

E
©
2
T

@

>

g’

fast-sinkin

< -

Model Implementation

S

,

~

NPP

<+<— satellite-derived product CbPM or CAFE

/\7 satellite-estimated phytoplankton size distribution

Large Phyto

Small Phyto | - >

Large Zoo +

Migrant Zoo small Zoo

N
-
- -
’ ’
\ \
~ ~
» Y
I i
)

fast-sinking

organic carbon and oxygen are
transported by Cyclo-stationary Ocean
Circulation Inverse Model (CYCLOCIM)

Grazing —>

Aggregates/ Fecal
Pellets Production —>

Exudation —>

Respiration/
Remineralization



100

50

POC Flux (mg C m™2day™)
— ] [
= ] [ R

—
[ B |

OSP

200 m

Month

Model Performance

7

oo

100

50

B0

40

20

10

egoe? g é

LI
3%25@ Ipfe.°
J %éﬁa

1810 m

i

254

P
Pl

@5@@@

JFMAMJ JAS
Month

OND

20

[ T % R [ -

=

1000 m

JFMAMJ JASOND
Month

B Observation

(ﬁ Model




Migrant Pump Flux
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Seasonal Cycles of Carbon Export Pathways
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NPP

Carbon Export

Sequestration

Seasonal Cycles of Carbon Sequestration Pathways
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This Study
Seasonal Model

Nowicki et al. (2022)
Annual Model

Comparison with Annual-Mean Model

Seasonal Model Annual Model

Total Carbon Export

+ +
(Pg C yr-) 9.840.5 10.210.5




Comparison with Annual-Mean Model

This Study
Seasonal Model
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Take-Home Message

* A new data-assimilated model has been developed to simulate the
climatologically monthly biological pump pathways.

e Carbon export and sequestration show strong
seasonality in high-latitude regions, driven by

seasonal blooms and winter convection.

 Compared with previous annual model, including seasonality of ocean
environment leads to similar estimates on global total carbon export
and sequestration, with relatively larger influence on sequestration.

Total Carbon Export

(mg C m'2day'1)



The NASA BlueFlux-1l campaign:
quantifying carbon fluxes along the
blue carbon land ocean-aquatic
continuum

Ben Poulter

NASA Goddard Space Flight Center
Earth Sciences Division

Biospheric Sciences Lab.
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Research Team: Benjamin Poulter?, Frannie Adams?, Cibele Amaral®, Abigail Barenblitt!, Anthony Campbell!, Sean P. Charles* Rosa Maria
Roman-Cuesta®, Rocco D’Ascanio?, Erin Delaria!, Cheryl Doughty?!, Temilola Fatoyinbo?!, Jonathan Gewirtzman?, Thomas F. Hanisco?!,
Moshema Hull?, S. Randy Kawa!, Reem Hannun®, David Lagomasino®, Leslie Lait!, Sparkle Malone’?, Paul Newman?, Peter Raymond?,
Judith Rosentreter? °, Nathan Thomas!, Glenn M. Wolfe?!, Lin Xiong*, Qing Ying®, Zhen Zhang®
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G@DDARD - BlueFlux-I key results

.

« Complex patterns in landscape processes (Coastal Everglades Restoration Plan, sea-level rise, hurricane
damage, prescribed fire) impacting trends and inter-annual variability in carbon dioxide and methane emissions
* MODIS-based reflectance model provides daily, 500-meter perspectlve on vertical fluxes of GHGs
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GODDARD BlueFlux-1l & the Land Aguatic Ocean

semscenees < Continuum (LOAC)

* Blue carbon refers to long-term carbon burial & * BlueFlux-Il will refine LOAC fluxes, as well as improve
sequestration seasonal and land-use representation of GHG fluxes
* LOAC fluxes removed 9-30% of net ecosystem production * North American LOAC fluxes (2010-2019)
measured by aircraft and tower qguantified as part of the REgional Carbon Cycle

Assessment and Processes Study (RECCAP-2)
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Poulter, in revision



GO)DDARD - Stakeholder Engagement & Summary

Stakeholder Engagement

Publications (data archived on ORNL DAAC search blueflux) & COMHUMITY

EARTH SCIEN

Stakeholder Workshop (fall 2023, spring 2025)

Open house (Oct. 2022)
* Miccosukee high-school students

Earth Day 2023 (Marathon airport) ARSET - Earth Observations of Blue

* The Diving Museum Carbon Ecosystems
» Coast Love (mangrove planting)

» Florida International University

* Florida Coastal Everglades LTER

NNNNNNNN
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Earth Day 2024 DETAILS

DESCRIPTION

+ Seminole Tribe of Florida (Climate Resilience Team, Summer Reading Prog.)
NASA ARSET training (Oct. 2024)
« Conservation International, CU-ESIIL, ELTI

NASA Earth to Sky ‘Florida Squeezed’ (Apr. 2024)
+ State agencies, NGO’s (National Marine Sanctuary Foundation)
Other: AGU, radio, documentaries (Shield Documentary, CBC, COP28 plenary), Yale

Univ., and NASA EO stories THE CONVERGENCE OF I
CLIMATE, COMMUNICATION [

- SHIELD documentary

* Erin Delaria et al., 2024. Assessment of landscape-scale fluxes of carbon dioxide and methane in subtropical coastal wetlands of South Florida. Journal of
Geophysical Research — Biogeosciences.

» Cheryl Doughty et al., in prep.. Historical blue carbon fluxes (2000-2022) for Southern Florida.
» Jon Gewirtzman et al., in prep.. Component-specific mangrove methane fluxes across a gradient of hurricane disturbance and regeneration.

* Ben Poulter et al., 2023, Multi-scale observations of mangrove blue carbon ecosystem fluxes: The NASA Carbon Monitoring System BlueFlux field campaign.
Environmental Research Letters.

 Derrick Vaughn et al., in review. Seasonal Dissolved Carbon and Greenhouse Gas Fluxes from Tidal Rivers Draining Mangroves in the Florida Everglades.



Mapping Coastal Wetland
Changes from 1985 to 2022 in
the US Atlantic & Gulf Coasts
and Estimating Lateral Carbon

Fluxes

Courtney Di Vittorio, WFU Engineering

NASA OBB Program Annual Meeting
Dec 3, 2024

Y WAKE FOREST UNIVERSITY

NASA OBB
Grant#80NSSC21K1365



Project Overview & Motivation

Observations of Marsh Erosion, New York (Dorothy Peteet)

* How much carbon has entered and
will enter the ocean?

 How significant is this coastal
carbon flux?

e How could we include this in
ocean and climate models?

wf

§ ——
Dorothy Anastasia Christian Yasin Saeed : :
Peteat Romanou Braneon Rabby Movahedi Melita Wiles Jacob Louie Scarlett Johnson Alex Schluter Wes Hinchman




How much has eroded and where?

National Wetlands Inventory (NWI)

 Polygon

 Hierarchical Classification Scheme

 Snapshotin Time
 |nconsistent Dates

NOAA C-CAP

National Wetlands Inventory
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Image Source: Mass.gov

» Raster (30 meter)

* Aligns with NLCD, but with 10
wetland sub-classes

* 1996, 2001, 2006, 2010, 2016

The 2016 Land Cover/Land Use
data symbolized on the Land
Cover Name (COVERNAME) field,
using the C-CAP High-Resolution
Land Cover Classification Scheme

Bare Land
I Cultivated
I Deciduous Forest
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I Scrub/Shrub
I Uncensclidated Shore
I Water

Image Source: Mass.gov



Comparison of coastal wetland inventories and
implications for change detection (Rabby & Di Vittorio,

2024)
Key Findings

e C-CAP estimates smaller net
wetland areas than NWI

 C-CAP estimates larger
emergent wetland areas and
smaller scrub wetland areas

compared to NWI

« DECODE estimates significantly
more change than C-CAP

Area (Square km)

Areal change comparisons in Blackwater, MD

-20 -

CCAP

[1]

10 -
,. L

DECODE

. Vegetated wetland



New Coastal Wetland Change Maps

Train/Test
Data
Changed &
Unchanged

Run CCDC

Run Annual
Classification

Segments &
Class
Probabilities

Annual
LULC &
|dentify Change
Mixed Class Type Maps
Thresholds

4

Annual
Class
Probabilities

Time Series

Determme | Smoothing, Change
Most Likely > —
Characterization,
Class

Masking

Classes

1 - Water

2 — Emergent

3 — Forest-Sc
— “Other”

[2] Di Vittorio et al., 2024

11 — Water/Emergent
12 — Water/Forest-Scrub
13 — Water/Other
rub 14 — Emergent/Forest-Scrub
15 — Emergent/Other
16 — Forest-Scrub/Other

21



Final
Product
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Change Type Map

Short :
Label . Explanation
Description
0 No changes No transitions in entire time series.
1 Mixed change - Transition between full and mixed class.
temporary Class at the beginning and end match.
. Transition between full class and mixed
Mixed change - .
2 class. Class at the beginning and end are
permanent )
different.
Full class transition with a mixed class in
Gradual full change .
3 between. Class at beginning and end
- temporary
match.
Full class transition with a mixed class in
Gradual full change .
4 between. Class at beginning and end are
- permanent .
different.
Full class transition with no mixed class in
Abrupt change - .
5 between. Class at beginning and end
temporary
match.
Full class transition with no mixed class in
Abrupt change - .
6 between. Class at beginning and end are
permanent .
different.
Both I tch
Abrupt and gradual oth gradual and abrgp .c anges are
7 present. Class at beginning and end
change - temporary
match.
Abrupt and gradual Both gradual and abrupt changes are
8 change - present. Class at beginning and end are

permanent

different.
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Time Series Change Analysis — Barataria, LA

Net Annual Changes - Vegetated Wetland to Water from 1985 to 2022
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Google Earth Engine App

Earth Engine Apps Q  search places :

Select Year
Select Year

1985 3

Change Type &

Change Type
0: No Change
1: Mixed Change, Temp.
2: Mixed Change, Perm.
[ 3: Gradual Full Change, Temp.
B 4: Gradual Full Change, Perm.
B 5: Abrupt Change, Temp.
B 6: Abrupt Change, Perm.
Il 7: Abrupt & Gradual Change, Temp.
B 8: Abrupt & Gradual Change, Perm.

P "

Wetland Class Codes

Il 1: water

B 2: Emergent Wetland

B 3: Forest-Scrub Wetland
4: Other (Agric., Grassland, Bare Land, or Developed)

[ 11: Mixed Water/Emergent

B 12: Mixed Water/Forest-scrub

B 13: Mixed Water/Other

¥ 14: Mixed Emergent/Forest-Scrub Wetland

B 15: Mixed Emergent/Other

B 16: Mixed Forest-Scrub/Other

This tool was developed by researchers at Wake Forest University with support
from the NASA Ocean Biology and Biogeochemistry Program.
Authors: Courtney DiVittorio, Scarlett Johnson, and Julia Mascialino

https://ee-cdivittorio-wfu.projects.earthengine.app/view/us-coastal-wetland-land-cover-change-maps-1985-t0-2022
Zenodo: https://doi.org/10.5281/zenod0.13525004



How much carbon is going into the coastal
ocean? (Dorothy Peteet)

Total Marsh Area by State

NY 67,464,135

Carbon Stock = marsh

c
[+]
: r depth x 27 Kg C/m?3
; area x depth x g
o
2 .
< (Holmquist et al., 2021) [3]
®
@
0 250,000,000 500,000,000 750,000,000 1,000,000,000
Total Area (m2)
Average Marsh Depth by State Carbon Stock by State
NY
Legend "
All Depth Points
Depth (meters) g DE c
e 0.034600 - 0.955000 g wp %
0955001 - 1.795000 @ H
1795001 - 2 710000 S VA 2
=z a
2.710001 - 3.620000 T NC <
3.820001 - 5.100000 ;! 2
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5100001 - 6 400000 sC &
6400001 - 8. 100000 GA
« 8100001 - 10.290000
*  10.290001 - 16.540000 0 2 a4 6
G e ndoea e 0 25,000,000 50,000,000 75000000 100,000,000
77 marshes Average Depth (m)
Carbon Stock (tonnes C)




Predictive Models of Marsh Loss
V- Areal Changes (Saeed Movahedi & Natassa Romanou

- Emergent Wetland to Water . o : W 88ow v 890w 0w : V74
- Mixed Wetland/Water to Water '
- Wetland to Mixed Wetland/Water

X: Env. Variables from Reanalysis Products

Sea Level Height (m)

005

)00 5 /

Sea Surface Temperature (°C)

Long Island, NY

37 -~
240 — . 7 vi= | . S RZ=0.69
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22 f v - h 4 3 = fi¢ A e
e {1 A Model 1 = Emergent to water =¥y = Bo+ Ty Bi-x; 3 E% % ‘2 R==0.13
= - + TR ;
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0020 -
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Questions to consider in carbon flux estimates

« Whatis an acceptable way to estimate marsh depth in areas with sparse data
and how should we quantify uncertainty?

« What fraction of the carbon stock enters the coastal ocean when marshes
transition to water?

« How should we account for full class changes versus mixed class (transitional)
changes in our carbon flux calculations?

0.2 y=0.19In(x) ~ 0.47 02 y =0.08In(x) + 0.67
2
R™=0.71

0 20 40 60 80 100 120 140 160 180 200 0 20 40 60 80 100 120 140 160 180
Distance (m) Distance (m)

[4] Sapkota & White (2019) — 75% of eroded carbon is mineralized
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Photobleaching of CDOM

Ubiquitous process that reduces UV & visible light absorption

CDOM photobleaching

* Regulates PAR availability and UV exposure in surface waters

=== Qriginal
After 24 h

~ After 48 h

w— After 72 h

o Decouples dynamics of DOC and CDOM in the ocean

CDOM absorption coefficient

How significant is this process globally?

300 350 400 450 500 550
Wavelength (nm)



Quantifying photobleaching rates in the ocean has been a challenge

Apparent Quantum Yield (AQY) not well known

A Apparent Quantum Yield
Matrix (AQY-M)

* Difficult to determine
Dual spectral dependency (matrix)
-> exposure A and response A

AQY m? mol(photon)"|

* What is its variability in the ocean?
.* Exposure Wavelength, 2_ (nm)

Response Wavelength, 2. (nm)

* Can we constrain this variability?



Milestones and Objectives

v

Zhu et al., ES&T (2020)

1. Develop a new approach to determine AQY Matrix of natural samples

2. Understand and constrain variability of AQY Matrix in natural waters ‘
Zhu et al., STOTEN (2024)

3. Model photobleaching rates in the global ocean

Zhu and Fichot, In progress



Variability of the photobleaching apparent quantum yield matrix (AQY-M)

* CDOM composition/degradation state (S,,5 595)
* Water temperature
* Extent of solar exposure

Voo River Coastal Ocean Open Ocean

f\ J Photobleaching
‘\\ // AQY-M

Response Wavelength [nm]

-
Exposure Wavelength [nm]

— Before Solar Exposure
After Solar Exposure

Zhu et al., STOTEN (2024)



Implementation on global scales
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Climatology of photobleaching rates in global mixed layer

CDOM photobleaching at BATS CDOM photobleaching at BATS
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Turnover rate of CDOM by photobleaching in global mixed layer

—_
o

CDOM stock

Average CDOM stock in mixed layer
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Sensitivity of photobleaching rates to ocean warming

CDOM photobleaching increase [%)]
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Conclusions

1. First climatology of spectral photobleaching rates in the global ocean

2. Photobleaching turns over the equivalent of 1-to-6 times the mixed layer CDOM stock
each year (1-6% of the global ocean CDOM)

3. Process is sensitive to ocean warming:
= Will it enhance solar exposure in the surface mixed layer in the future?
= What will be the impacts on ecosystems?



Remote Sensing of
Water Quality

Thank you




Tracking Post-Wildfire Sediment Dynamics and Marine Ecosystem
Stress: Insights from Legacy and Modern Satellite Missions

Lori Berberianl?
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Primary Physical drivers of Kelp Dynamics

Kelp require cool, sunlit, nutrient rich waters to grow.




Kelp is Variable!

2018 2022

T. Bell 2018

J. Snyder 2022



Understudied Drivers of Kelp Dynamics:  Wildfires

Q + nutrients
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Wildfires Can Alter Ocean Water Clarity

Case Study Woolsey 2018 Fire in Malibu, California

Terrigenous Input

* Increased Sediment Runoff
Apr14 2018 * Total Suspended Matter
f‘ " (prefire) * Nutrient Loading (N, P)
LRI * Organic and Chemical Compounds
Altered Coastal Erosion Patterns

98" Nov 10,2018
v (fire)
Aerial Input
* Direct Smoke Deposition
S * Wind blown ash/debris
' ,-.- ¥ Nov 30,2018

(post-f' re)




Research Question

How did the increase Iin sedimentation delivery to the coastal
ocean after the Woolsey wildfire impact kelp forest in Malibu, CA?



Remotely Sensed Giant Kelp and Ocean Color

Santa Barbara Coastal Long Eur?p_fteatr] Orgfrl\l/:z?tionlfor_th?
. - Xploitation o eteorologica
Term Ecological Research Satellites
Summary of Products: Summary of Products:
e Quarterly Bull kelp and giant kelp canopy e Total Suspended Matter

area and biomass from Landsat 5,7, 8.
e Inherent Optical Properties
e Area—given by 30 m pixels
e Photosynthetically Available Radiation

e 2 revisittime, 300 m resolution

Bell, T., K. Cavanaugh, and D. Siegel. 2024. SBC LTER: Time series of quarterly NetCDF files of kelp biomass in the canopy fom Landsat 5, 7 and 8,
since 1984 (ongoing) ver 23. Environmental Data Initiative

SCAN ME



Malibu’s kelp cover has not recovered Post-Wildfire

Post-Fire Kelp C 2
ost-Fire Kelp Canopy (m ]xmu

Post-Fire Recovery Index (%) = [isiorical Average Kelp Canopy(m?)
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Post-Fire Recovery Index: Deviation From Historical Average

Latitude
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Global Distribution of Kelp as an Indicator of Marine Coastal Health

Mrcuc vcean

ety

('

Lt

Atlantic Ocean

Pacific Ocean

Pacific Ocean

Coastal resilience in
the face of increasing
wildfires: a land-sea

\ Indian Ocean

2% °Q @
Eger, A. M., Layton, C., McHugh, T. A, Gleason, M. and Eddy, N. 2022. Kelp Restoration Guidebook: Lessons Learned from Kelp Projects Around the World. The Nature
Conservancy, Arlington, VA, USA

perspective
(A.M. Lopez et al., *in prep)




Conclusion and Future Work

e Implement a BACI (Before-After-Control-Impact) analysis with an expanded
number of control and test sites

e Model changes in the light field reaching kelp forests after wildfire-driven
runoff using the bPAR model.
I. Investigate how sedimentation and nutrient influx alter light availability,
Impacting kelp spatial distribution and growth.

e Provide critical insights into the connections between wildfire events and coastal
ecosystem stress and recovery.






Seasonal re-entrainment of respired organic
matter decouples surface and annual net
community production in the Southern Ocean

Shannon McClish, Seth Bushinsky,
Nathan Briggs, Clara Douglas

©) SOCCOM
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Arteaga et al,

2018 The strength and efficiency of the Southern Ocean
biological carbon pump is uncertain

Carbon export
(mg C m day-
1) estimated

" with 4 different
e-ratios (NPP:
carbon export)




Arteaga et al,
2018

Carbon export
(mg C m~ day-
1) estimated

" with 4 different
e-ratios (NPP:
carbon export)

The strength and efficiency of the Southern Ocean
biological carbon pump is uncertain.

Arteaga et al, 2019
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BGC profiling floats have expanded net community
production (NCP) estimates, but these estimates are
integrated over different times and depth horizons



How is NCP during seasonal blooms (bNCP,, ) related to annual NCP (ANCP)?

bNCPy, : Simple mixed layer nitrate
Spring Summer Fa budget during seasonal bloom

% Mixed §

Layer NCP &,

o




How is NCP during seasonal blooms (bNCP,,, ) related to annual NCP (ANCP)?

¥

o

Spring

Summer

Mixed
Layer NCP

~*

|\

Respired and
re-entrained
(RRC)

bNCPy, : Simple mixed layer nitrate
budget during seasonal bloom

Estimate respiration from Oxygen
consumption on isopycnals

RRC =carbon respired above
winter MLD



How is NCP during seasonal blooms (bNCP,, ) related to annual NCP (ANCP)?

¥
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Mixed
Layer NCP

~*

|\

Respired and
re-entrained
(RRC)

bNCPy,: Simple mixed layer nitrate
budget during seasonal bloom

Estimate respiration from Oxygen
consumption on isopycnals

RRC = respired above winter
MLD

ANCP = carbon respired
below winter MLD



On average ~42% of Carbon produced during seasonal
blooms is respired and then re-entrained into the mixed layer

Spring Summer Fall
bNCPy,
% +2.6 % 4,
© molC m™? *_.

season’
0 ° «@'\ RRC 1.1 molC \

0 m-2yr’




Seasonal re-entrainment of respired carbon
decouples bloom NCP (bNCP,, ) from ANCP

Spring Summer Fall
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.
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Float-derived bloom NCP (bNCP,, ) and satellite-derived annual Export
Production (EP) are correlated but ANCP and annual EP are not

Z

Annual EP vs bNCPyy

Annual EP underestimates
bNCPy in polar zones
where observations are
limited by solar angle and
seaice (A,C)
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Float-derived bloom NCP (bNCP,, ) and satellite-derived annual Export
Production (EP) are correlated but ANCP and annual EP are not
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Conclusions

Summer Fall

Spring

Mixed layer bNCP

i +2.6 mol C season’
L(bNCP,,)

Respired and
re-entrained (RRC)
-1.1 mol C

Currently working to expand this beyond Southern Ocean!

. 42% = 22% of organic carbon produced

during blooms is respired and re-
entrained into the mixed layer in winter.

Compensation between respiration and
POC loss rates and winter MLD leads to
similar fraction of respired and re-
entrained carbon throughout Southern
Ocean.

. ANCP estimates using a 100m depth

horizon overestimate Southern Ocean
ANCP and regional differences.

. Satellite-derived export production is

correlated to float bNCP,, , but not
ANCP, respired and re-entrained carbon
is not accounted for in current e-ratios.



to a river-dominated coastal water column

Evolution of sediment-derived CDOM upon fluxing @
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River-dominated coastal sediment-derived
DOC can rival fluvial inputs

Summer | Fall Spring 2022 Summer
2021 2021 pring 2022

River DOC flux 4 months | 4 months @ months 4 months

Sediment vs. MS

Northern Gulf Shelf: Station 14,
7,9, MK, 5B, 4 123,592 091402  0.63+022 0.76+0.41 0594028  2.13+0.87

(Tg per season)
Northern Gulf Slope: Station 11,

12,13,15 130,979 1.27+047 173+0.69 1.07+0.15 1.18+0.9 4.02+1.53

(Tg per season)
Total Northern Gulf Sediment
ar'w 96w 9”s'w 9w ar'w a'w a'w 20w 8w as'w 87w as'w (Tg area_ Season_)

254,571  2.18+0.67 2.35+0.91 1.83+0.56 1.77 +1.18 6.16 + 2.39

L Discharge . .
Mississippi River (Tg) Winter2022 Spring 2022 Summer 2022  Fall 2022 Annual 2022

500
km?3 yrt

(Potter and Xu, 2022).

1.56 Tg 1.31Tg 0.91Tg 0.75Tg 454Tg

Brigham et al., in prep for submission to Marine Chemistry



Sediments as a major CDOM inventory

Surface waters Individual sediment pore water samples
800 40
Summer data . el = 4 cruises
~  best-fit ine for summer data
Spring-winter data = 12sites 35
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Pore water [DOC] is ~2-3x river plume DOC... CDOM absorption is 10-100x!

Sediment CDOM diffusive or erosive (resuspension) fluxes fluxes should be massive?

Depth (cm)



Forward Rrs modeling of resuspension &
conservative mixing of sediment CDOM
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Depth (cm)

DOC-Fe(lll) complexes regulate CDOM absorption

Mirrored

CDOM &

>dissolved Fe
profiles
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High apparent “CDOM?” inventories regulated by dissolved Fe—>
Fate during entrainment in oxygenated/turbulent water column?

Extreme
dissolved Fe
concentrations
- Must be
DOC-Fe
complexes



Simulating entrainment of sediment pore water into BBL

Dissolved Fe
speciation over time

0 min 10 min 20 min 30 min 40 min

Sediment

pore water “CDOM” spectra over time
Fe(lll)

oXidation

Fe(ll)

Benthic

boundary layer
water

Mixture




DOC-Fe(ll) to DOC-Fe(lll) oxidation enhances CDOM absorption
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Conclusions

Most comprehensive sediment DOC flux dataset to date (coastal C cycling & reservoirs)
Sediment pore waters display strong absorption, but changes upon WC entrainment

Complex chemistry requires collaboration between optics & geochemistry communities
—>implications for any redox-stratified environment

WC impacts likely episodic in nature, persistent observations at depth (AUVs, Argo floats?)
Long term fate of sediment CDOM remain unknown and coupled to Fe chemistry

PACE to be a gold mine for sediment dynamics in particular...
—> towards an iron algorithm?
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ECCO-Darwin Model

Recently published in
Geophysical Research Letters
Poster at AGU, Monday AM

Presenter: Amanda R. Fay m
p &

-

| ¢
[

Coauthors: Dustin Carroll, Galen A. McKinley,
Dimitris Menemenlis, and Hong Zhang




Motivation

(1894 -w D B]) seljewoue XNy} 11e-01-e93

T T T T T T T
1992 1996 2000 2004 2008 2012 2016
Gruber et al 2023, Nature Review

We lack the critical mechanistic understanding of the
drivers of variability and change in the ocean carbon
sink over recent decades.

Lamont-Doherty Earth Observatory
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Model Experiment

We utilize the ECCO-Darwin ocean biogeochemistry model to
run a suite of sensitivity experiments

Atmospheric xCO, Atmospheric physics

ECCO LLC270,

Baseline Observed atmospheric xCO, Extended with ERAS

Linear Constant 1.92ppm yr-1 Same as Baseline run
Atmosphere XCO, trend applied
Constant Baseline, with repeating year

Climate Observed atmospheric xCO,

4201

1999 forcing

S
o
=R

By adjusting forcing fields, we are able to
Isolate impacts from the variability of the
atmospheric CO, growth rate and climate.

Atmospheric xCO, (ppm)
w
(e}
o

1990 1995 2000 2005 2010 2015 2020

Lamont-Doherty Earth Observatory
COLUMBIA UNIV FITUTI

ERSITY | EARTH INS



Results: Global Carbon Flux

(a) Global Air-sea CO, Flux
~ 2r ——Baseline
L Constant Climate
% == |_inear Atmosphere
E;-25——
X
=
L 3
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S 351
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=
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4

| | | | | | |
1990 1995 2000 2005 2010 2015 2020
Fay et al 2024, GRL, Figure 1a

Global annual mean air-sea CO, flux results shown for 3
simulations, 1990-2022

Lamont-Doherty Earth Observatory
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Results: Global Carbon Flux

Global Flux Perturbation from Baseline

o
o

- |mpacts of Atm. Growth Rate
== |mpact of Climate

o

N

(6]
|

-0.25

Flux Perturbation (PgC yr)
o
|

o
o1

| |

| | | | |
1990 1995 2000 2005 2010 2015 2020
Year Fay et al 2024, GRL, Figure 1b

e Globally, the two forcing types are roughly equal in their
magnitude of impact on ocean carbon sink variability.

* Considering their variability, the two are comparable, with mean
absolute deviation (MAD) values of 0.16 vs 0.11 PgC yr1

Lamont-Doherty Earth Observatory

COLUMBIA UNIVERSITY | EARTH INSTITUTI




Results: Regional Carbon Flux

Impact of changing atmospheric growth rate

Impact of changing climate L
Pacific Equatorial, 2.64 x 107 km’ Interannual variability in

the flux perturbation
timeseries is much larger
for the impact of climate
than it is for the impact of
ool changing atmospheric
growth rate

-
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-150}
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Fay et al 2024, GRL, Figure 2b
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Results: Regional Carbon Flux

Impact of changing atmospheric growth rate
Impact of changing climate

Southern Ocean, 7.92 x 10" km?

:; As the region of interest
%‘”‘ gets larger in area, the
e impact of changing
s | atmospheric growth rate
8 increases.
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Year

Fay et al 2024, GRL, Figure 2e
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Conclusions

« Variable atmospheric pCO, growth rate drives variability in air-sea

CO, fluxes at all ocean locations, integrating to globally-significant
Impact

« Climate variability, both internally driven and externally forced, is

the dominant driver of variability as spatiotemporal scales become
smaller

* Global-mean variability of air-sea CO, flux is equally forced by
climate and atmospheric growth rate

The implications of our study for real-world ocean
observing systems are clear:
In order to detect future changes in the ocean carbon sink
due to slowing atmospheric CO, growth rates, better
observing systems are required.

Check out our arcgis storymap:

Lamont-Doherty Earth Observatory
COLUMBIA UNIV | ISTITUTE

VERSITY | EARTH IN



NASA storymap available here!

\ir-Sea Carbon Flux. How Much? Where? Why?

th

Air-Sea Carbon
Flux. How
Much? Where?
Why?

ECCO-Darwin provides answers

Lamont-Doherty Earth Observatory
COLUMBIA UNIVERSITY rH INSTITUTI

Y | EAR IN



Fish from space: Remote sensing sheds light on the dynamics of
mid-trophic levels in the California Current

J. Guiet?, K. Srinivasani, D. Bianchiland C. Wall?

L University of California Los Angeles

2University of Colorado Boulder

NASA OBB Meeting— 12/2024



Why mid-trophic levels (MTLs)?

- Key component of ecosystems

Mid-trophic levels

(MTLs) - Complex dynamics

- Hard to sample




Why mid-trophic levels (MTLs)?

- Key component of ecosystems

Mid-trophic levels

(MTLs) - Complex dynamics

- Hard to sample

L. d

MTLs in EK60
acoustic observation

Figure from Haris et al. (2021), Scientific Data



How does it relate to remote sensing?

10y of acoustic targets

1
Identify [ v | Basemap v | Options v

www.ncei.noaa.gov/maps/
water-column-sonar/



How does it relate to remote sensing?

10y of acoustic targets Environmental features (17)

I 1
Identify |- v | Basemap v | Options v

Los Angeles

www.ncei.noaa.gov/maps/
water-column-sonar/




How does it relate to remote sensing?

10y of acoustic targets Environmental features (17) Neural Networks IVITLs dynamlcs

s, (38kHz)

Features Targets

Seatle

www.ncei.noaa.gov/maps/
water-column-sonar/




How does it relate to remote sensing?

10y of acoustic targets Environmental features (17) Neural Networks

MTLs" dynamics
a TS AO,... ==\

) 55 (38kHz):

Features Targets

www.ncei.noaa.gov/maps/
water-column-sonar/

Acoustic and remote sensing data fusion using machine learning can provide
new perspectives on the dynamics of MTLs’?

Focus on the California Current Ecosystem (CCE)




10 years of surface acoustic reconstruction in the California Current

S, (indBre 1(m2 nmi'2)) CV (in %)
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10 years of surface acoustic reconstruction in the California Current

Reconstruction
from 17 features

+

Matching acoustic
observation

36

34

32

30

-128 -126 -124 -122 -120 -118

CV (in %)
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42

40

38

36

34

32

30

-128 -126 -124 -122 -120 -118

300

250

200

150

100

els
e
nty

Acoustic reconstruction capture multiple MTLs dynamics, but with extrapolation limitations



Interannual variability of acoustic reconstructions

First principal component - First EOF
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Interannual variability of acoustic reconstructions

First principal component First EOF
vs. climate modes ’
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Interannual variability of acoustic reconstructions

First principal component First EOF
vs. climate modes \
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Conclusion

Fusion remote sensing acoustic observation allow
reconstruction of MTLs’ backscatter




Conclusion

: : : : Acoustics vs. biomass
Fusion remote sensing acoustic observation allow

reconstruction of MTLs’ backscatter

Inter-annual  acoustic  variability captures
expected dynamics of MTLs
- e.g. inter-annual variability of epipelagic
fish distribution
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Conclusion

: : : : Acoustics vs. biomass
Fusion remote sensing acoustic observation allow

reconstruction of MTLs’ backscatter

50 R N

Inter-annual  acoustic  variability captures
expected dynamics of MTLs
- e.g. inter-annual variability of epipelagic
fish distribution

140

30
-130 -125 -120 -130 -125 -120

Next step: Explore dynamics in other regions (Gulf of Alaska, Central Pacific Ocean), across
ocean depth layers, improve connection with MTLs biomass and particle export.



Impact of Pacific Ocean Heatwaves on
Phytoplankton Composition
and Export Production

Lionel A. Arteaga
Global Modeling and Assimilation Office (NASA GSFC) / UMBC
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July 2015 ‘?’\

Sea Surface Temperature Anomaly ('C)
F | —5I5

0

G®DDARD

EARTH SCIENCES

NASA Earth
Observatory

Losers Winners

/( Subarctic copepods, krill Toxic phytoplankton _———

Lack of food reduced population, Massive bloom closed important fisheries

/’( distribution moved northward ?\
Tropical, subtropical copepods 1

Northward range expansion with warm water
Market squid 2015-2016
Reduced in south as distribution
moved far north

—

‘ Market squid 2014-2015

Increased fishery in north caused by range expansion
Q Dungeness crab and mussels
Fishery closed due to toxicity

Salmon *

Warm temperatures decreased
recruitment for some species

Groundfish *‘ Tuna

Potential loss of habitat due to hypoxia Increased abundances along coast
with increased sport fishing

Rockfish

Increased recruitment in California

Seabirds, seals, and sea lions Orcas

Massive die-offs due to lack of food Increased birth rate caused by increased
salmon abundances in some regions
through population movements

Baleen whales
Expected to decline due to lack of food

Cavole et al. (2016)



Decline in chlorophyll stock

NASA Earth
. Observatory

Decline in phytoplankton biomass
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NASA Ocean Biogeochemical Model (NOBM)

NASA Earth
. Observatory

-

July 2015 =

e L%
Sea Surface Temperature Anomaly ('C)
— | _
5 0 5

G®DDARD

EARTH SCIENCES

(o]

DA-NOBM

MODIS-A

Sequential DA of Chl, PIC, and
aCDOM

NOBM

Figure from Arteaga and Rousseaux
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Main findings

Original target study areas

%0 °4, Chl anomaly

2013-2020

Arteaga and Rousseaux (2023)

ENSO 3.4: A decline of 40 % in
mean surface chlorophyll was
associated to a near full collapse

G@DDARD in diatoms.

EARTH SCIENCES Figure from Laufkotter et al. (2020)
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Year

2020

2018
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2014
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Chl (mg m *)

Chl (mg m *)
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Arteaga and Rousseaux (2023)
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Year
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Arteaga and Rousseaux (2023)
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Conclusions

Perturbations: Need to be of a Equatorial Pacific: A decline of Carbon export: The decline in
greater magnitude than those 40 % in mean surface chlorophyll biomass is mirrored in modeled
imposed by the natural climate was associated to a near full export and is also observed in
variability of the seasonal cycle collapse in diatoms. This was o independent mapped products
or create a unique imbalance to driven by strong nutrient ~ of particle backscatter and
elicit a clear change in the limitation as a consequence of ){f oxygen utilization derived from

phytoplankton community - low deep water upwelling.
composition. '

v N &

BGC-Argo floats. To be continued =~
i x

',
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INTEGRATING PHYTOPLANKTON GENOMICS AND REMOTE
SENSING TO DETECT IRON STRESS FROM SPACE

Amy Nuno
Advised by: Adam Martiny
UC Irvine

Collaboration with
Toby Westberry and
Mike Behrenfeld
from Oregon State
University




Background
Sources of Iron

* Primary sources of iron
 Aeolian dust deposition

 Deep vertical mixing




Background

Phytoplankton Iron Limitation

« Well-known Iron-limited regions
 High nutrient, low chlorophyll
« Validates through in-situ iron fertilization

experiments

« Seasonally iron-limited regions

LOHAFEX 'W v& sosex-
- S0Uth

e o

-
‘¥
J l.' -

hitp://oceancolor.gsfc.nasa.gov ~———

Source: https://doi.org/10.4236/ajcc.2019.81002

* Oligotrophic regions are not well-constrained



Background
Phytoplankton Iron Limitation Physiology

* Iron found in both Photosystem I (PSIl) and Photosystem
I1 (PSI)

e Under iron limitation, we observe increased fluorescence

PSI
« Increase in the PSII: PSI ratio PSII

 Disconnected light-harvesting complexes present in
HNLC conditions

3 Fe atoms 12 Fe atoms

» Fluorescence can be quantified using the MODIS-Agua

satellite

» Bands 13 (660 nm), 14 (670 nm), and 15 (750 nm)

Behrenfeld & Milligan, 2013



Methods

Derivation of the Fluorescence Quantum Yield (dsat)

« |solating signal due to iron limitation in satellite
fluorescence

» Three Key Factors Influencing Fluorescence:

1. Chlorophyll concentrations
2. Pigment packaging effects on light

 Data Sources
 MODIS nFLH, Chlorophyll-a, and iPAR

« Methodology

absorption
3. Non-photochemical quenching * Follow Behrenfeld et al., 2009 to calculate
: Osat.
* Fluorescence Quantum Yield (dsat): . Apply additional corrections

 Likelihood that absorbed light energy is
emitted as fluorescence rather than used in

photochemistry or lost as heat.
e Formula:

. ®sat= Fluorescence photons
~ Absorbed photons




Methods

Validation of ®sat with Genomic Iron Stress Biomarkers

Increased iron uptake through

 Validate ®sat with - siderophores. Enhancing iron
scavenging efficiency in low In

1. In-situ genomics environments

2. Bottle experiments
3. In-situ nutrient concentrations Wei ghted
4. Iron stress models

* Genomics and dsat were matched

spatially and temporally
Severe loss of iron-containing

proteins which are located in
HNLC



Results
Climatological Mean .,

Contour line at 0.015



Results
Seasonal Climatology ..,

Contour line at 0.015




Results
Seasonal Climatology ..,

Contour line at 0.015




Pacific Ocean transect
* ¢, Captures the HNLC dynamics
* ¢, IN the gyre is more dynamic
Indian Ocean Transect
* (@sat captures the seasonal

elevated values

Latitude

-155

-20.5

-23.5

-29.5

-33.5

-39.5

Results
Spatial Patterns of Iron Stress Genomics and ¢,

Eastern Pacific Ocean

Genomics () Fe

19.5
14.5
9.5
4.5

-0.5

558

-9.5 &%

M5

zscore

(l)sat

~1°-2°-3° M +1%42%3°

-0.025

-10.02

0.015

0.01

0.005

d)sat

Latitude

=115

165

-19.5 0
-235

-26.5

-29.5

-30.5 05

Western Indian Ocean
cl)sat

Genomics () Fe

17.5
15.5
12.5

8.5

5.5

2.5

-0.5

-2.5

-7.5

-9.5

zZscore

~1°-2°-3° M +1%42%3°

-0.025

-10.02

0.015

qbsat

0.01

0.005



Conclusion

1. In-situ genomics iron stress biomarkers and other data datasets support
d.,c @S an iron stress proxy.
2. Iron stress occurs when macronutrient levels are elevated.

3. Iron stress regions are dynamic.
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Understanding the Drivers of
Global Kelp Forest Dynamics

Pls: Tom Bell (WHOI), Kyle Cavanaugh (UCLA), Jarrett Byrnes
(UMass Boston)

Postdocs: Henry Houskeeper (WHOI), Julieta Kaminsky (Fulbright
— Argentina)

Graduate Students: Katherine Cavanaugh (UCLA), Ashland
Aguilar (WHQI), Jessica Smith (WHOI)

Collabs: Caro Pantano (Argentina), Nur Arafeh Dalmau (Mexico),
AJ Smit (South Africa), Luba Reshitnyk (Canada), Mike Stekoll
(AK), Heidi Pearson (AK), and many more



Long-term, large spatial extent monitoring of kelp canopy
dynamics from the Landsat satellites
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Resistance and Resilience of Kelp to Marine Heat \Waves

45°N

40°NF Bull Kelp
ey
. Giant Kel
o Giantkelp
.;‘I
30°N
0 150 300 450 km b
125°W 120°W 115°W

Heatwave Period (2014 — 2016

E |

Post-Heatwave Period (2017 — 2021)

45°NF /
:" 100
40°NF | 80
. 2
t_.‘ 9..
y 60 2
wn
'{\ 2
35°N} .. - 8
- 40 3
[ ]
° = o
-y " = |
o9 f20
QUL 1L
D B
b
0 150 300 450 km
125°W 120°W 115°W

Bell et al. 2023 PLOS One



Kelp on the Monterey Peninsula has collapsed...

Canopy area (m?)
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Kelpwatch.org: Data visualization and Access

¥ kelpwatch.org
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> kelpwatch.org Methodology Kelp Report Cards [
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Warm Phase of PDO
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North Pacific Gyre Oscillation (NPGO) NPGO pattern in Global SSTa :
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Mapping marine debris and other floating matters using satellite
observations: What’s really possible and how

Chuanmin Hu, University of South Florida, huc@usf.edu

Thanks to many coauthors and collaborators


mailto:huc@usf.edu

What are we talking about?
The many types of marine debris (a.k.a. marine litter)

Marine debris: Solid materials released to the marine environment from natural disasters or human
activities: Microplastic particles, plastic bags, plastic bottles, fishing gear, tree branches/leaves, driftwood...

Microplastic particles Macroplastics Mixture
Microfibers (> 91%), mostly < 1 mm Larger particles (< 5 mm) & other debris of everything
e A . 3
. “
3 ' -
. -

\‘ »
0.5mm

Barrrows et al. (2018) Garaba & Dierssen (2018) Web source Web source

129



What are we talking about?

The many types of floating matters

e Sargasssum ~_Sargasssum horneri
Marine debriS S e e
; ﬁﬁs/nat =

KoreanYouth English News

A A R -

__E)eéd:'ﬁ;h s




What'’s really possible?

* LIDAR -still in laboratory and conceptual phase
 SAR —very limited use, for both microplastics and others
e Passive optics — most often used, possible but still difficult



Why is it so difficult?

1) Too small — often < 1% of a pixel size;

2) Spectral similarity
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Conceptually and in practice — how?

Is there “something”? Al feature extraction
g\ 0.010

What are they?
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How — examples

July 2018

Sargassum fluitans/natans -
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Ulva Prolifera
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What’s next?

PACE/OCI shows the capacrty of i |mag| ng spectroscopy over floating algae; MODIS does not

Rro difference

AFAI: Alternatlve Floatmg Algae Index

Image is about 300 km by 200 km

PACE/OCI AFAl image

PACE/OCI AFAl image
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Summary

Remote detection of marine debris and other floating matters is
technically challenging, but still possible with passive optics

Conceptual design to detect, discriminate, and quantify them
Some successes have been achieved, but much remains to be done

What’s next

Improve algorithms and reduce uncertainties — complete the spectral
library, and take advantage of hyperspectral and high-resolution
sensors (e.g., Cubesats)

Global mapping — where and how much are marine debris and other
types of floating matters?
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Wastewater Discharge in the Tijuana River

e Hundreds of millions of liters of '

R o\ %/ (B

wastewater are expelled into the

.o . 4 :; B h v 9]
Tijuana River annually. Lt

Plume
 Carries harmful pollutants
through two major cities (> 3

million residents) and a
protected estuary.

US-Mexico [ 7" A
Border | <) Mreike
ey ¥
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Research Objectives

1) What spectral features exist in pure and mixed Tijuana
River wastewater?

2) With what strength do these features correlate with paired
water quality measurements?

3) Are these features present in situ or in satellite imagery?



Methods



Experimental
Design and Grip

» Varying dilutions of WW-SW
were prepared.

 Reflectance measurements
made using Spectra Vista

Corporation™ (SVC) HR-1024i
spectroradiometer.

« Concurrent water quality
measurements made with a

HORIBA Aqualog® benchtop
fluorometer.

—3

» Challenging laboratory

constraints due to hazardous )
nature of untreated wastewater SVC HR'_1 024
and limited sample volume. Spectroradiometer




Results



As % WW increases, 620 nm absorption increases
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Water quality
parameters
were highly
correlated with
620 nm depth.

Band Depth
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3.0

2.5

% Reflectance

2.0+

1.0+

620 nm absorption present
in situ and in EMIT imagery

] / Experiment

0

In Situ

550 600 650 700 750 800

550 600 650 700 750 800

Wavelength (nm)

550 600 650 700 750 800

Target

— Plume
- Seawater

(A) 100% WW laboratory reflectance spectra from October (dashed) and February (solid) experiments.

(B) Spectra from a field-deployed spectroradiometer of a known wastewater plume (25 March 2023).

(C)Spectra from an EMIT hyperspectral satellite image over a known wastewater plume (25 March 2023)
and open ocean.
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Band Depths Trace Wastewater Plume in EMIT
Imagery
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Discussion



Results Summary

620 nm absorption:
1) increases under high wastewater conditions,
2) has high correlation with water quality parameters,

3) presentin situ and in hyperspectral imagery



« Phycocyanin characteristically

absorbs at 620 nm.

* Accessory pigmentin
cyanobacteria.

« Commonly found or even

employed in secondary

wastewater management.

Phycocyanin

10 -

Absorbance

04~

024 \
\

——Crude
25%
50%
Chromato.

620 nm

0.0 -
300

500 600 700 800

Wavelength

400

Absorption spectra of purified phycocyanin.

Figure credit: Paswan et al., 2015
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Future Applications

Continue ongoing sampling to characterize change in wastewater composition

» Major recent policy change (September, 2024) resulted in near-complete redirection of discharge from
Tijuana River Estuary to Punta Bandera outfall in Mexico

Operationalize algorithms to map this feature in the Tijuana River Estuary and San Diego /
Tijuana coastal ocean.

Results are encouraging for use of EMIT and other hyperspectral satellite sensors in water
quality applications.

Ongoing work integrating hyperspectral signatures with multispectral (Planet, Landsat, and
Sentinel-2), SAR (Sentinel-1) & thermal (ECOSTRESS)

 Erin Reilly, Master’s Thesis (SAR) ; Lily Winesett, Undergraduate Honors Thesis (multispectral)
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Thanks! Questions?



Photo Credit: Sippakorn Yamkasikorn
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Climate change, wildfires, and the land-ocean continuum

Marine Ecosystem Services

Coasts are biodiversity hotspots providing key ecosystem services (e.g.,

habitat, carbon cycling, fisheries, recreation)
o ~4 billion people live near or depend on coasts

Wildfires increasing in frequency and severity due to changing climate
and human activities

CLIMATE

ATMOSPHERE

Major implications of wildfires for humans and the environment
o 15% of terrestrial and freshwater species higher extinction risks due to fire
o 2001-2019 fires caused >110 M ha of global forest loss
o 2020 California fires cost $149 B across economic, health, and environmental sectors

FIRE

/ Capss ol ;“M
wh

qtion compaiiies

Fires reduce vegetation cover/infiltration and increase erosion

o Coastal watersheds link land to sea — increased runoff changing exports of
sediment, nutrients, carbon, pollutants

o Coastal vulnerability and resilience overlook wildfire influence on marine
ecosystems and the humans dependent on them

biomuasi

l Water clarity & kbelp Biormai

I Nutrient awailability & kelp




Global coastal wildfire vulnerability index

er e s . ICVI Datasets
« Coastal vulnerability indices traditionally reflect l l |
physical factors like coastal slope, sea level rise, etc. TR e —————
(1) Fire weather year 2023, (3) Population count year 2020,
, i i ihi i i i 1o projected fire weather year 2100, projected population count year
Wlldflr? Vulnerablllt)_/ _InC!IC_eS assSess SOClOGConomI.C (2) marine biodiversity hotspots 2100, (4) commercial fisheries
ecological vulnerability in inland systems overlooking .l [
|

the coastal domain . |
Post processing spatial reprojection and re-fitting into uniform

spatial extents (marine ecoregions of the world)

« Knowledge gap: coastal vulnerability to wildfire! |
I '|
1. Integrated coastal wildfire vulnerability index (ICVI) i tV”'"I“*‘ratf’_i"; E';GT” v A o Fa‘ﬁtﬂr WEiF htin t":*" .
. . . : ata reclassified into 4 groups an ysical factors: Fire weather 75%,
combining physical and socioeconomic factors scored from 1 (least vulnerable) to 4 Marine biodiversity 25%
(most vulnerable) for each factor in Social factors: Population 50%,
1. Coastal indigenous seafood consumption and marine each '“a”"e[emfeg'“" F'S“E’FS 50%
protected areas (MPA) data overlaid with ICVI results to T
further assess coastal vulnerability to fire Index calculations

For each marine ecoregion of the world—

1. Identify priority areas for coastal wildfire resilience efforts and Physical index (PVI) = VW, + VoW,
Social index (SVI) = VW5 + V,W,

opportunities for space-based observations to improve Coastal fire vulnerability index (ICV1) = (PVI + SVI) / 2
understanding




Coasts most vulnerable to wildfire

» Highest vulnerability in North Africa-South Europe and

ICVI 2023

South-Southeast Asia currently, and expands into South- | = 1 ’4;/"
Southeast-East Asia by 2100 53 moderais high (/49

. iIn most of Asia and select . =
areas in Europe, Africa, Central-South America, by 2100 - ,,u’ﬁ&%
this expands in the Americas, Europe, Africa - Y ’ ‘ '

K

« Offers first look at potential coastal vulnerability to wildfire, G ;
how does it compare with MPA and coastal indigenous L
seafood consumption? (next slide) o |

2 low moderate ¥
3 moderate high O

* Future work could benefit from additional data including 4 high
sea level rise, blue carbon inventories (kelp, corals, =
seagrasses, indigenous coastal resource use (i.e.,
subsistence, ceremonial), etc.




e

Coasts most vulnerable to wildfire

. presence and high amounts of
indigenous seafood consumption further
emphasize vulnerable regions in South
America, Southeast Asia, and Oceania not
fully captured by ICVI

« Both Vietham and The Philippines highly
vulnerable with ICVI increases from 3to 4 ——_|

ICVI change between
2100 and 2023

between 2023 and 2100, only Vietham has™—_| =303
high indigenous seafood consumption :l;ﬂcﬁange

o2

mdto3

* Lesser Sunda Islands, Indonesia no ICVI
change between 2023 and 2100 yet high
indigenous seafood reliance and MPAs

Coastal indigenous peoples
seafood consumption (ton/yr)
0 to 1,000
1,000 to 2,500
[ 2,500 to 5,000
3 >5,000

O Marine protected area
(point)

\

* Indigenous perspectives are not well captured
by this ICVI, need for more inclusive, large-
scale data A ?;eglg-geﬂﬁ;otected area




Remote sensing as a tool for understanding coastal wildfire vulnerability

NASA’s Earth System Observatory Core and associated marine missions in the late 2020s
Pt
Y % GLIMR

* Robust and integrated social, economic, W, TSRS
environmental data at local to global ' — &
levels are critical

o Current and future MPA
management

o Equitable inclusion of communities
(especially indigenous)

tavros et al. (202

« In situ data limitations: satellite remote  wEiESmETue i, e 8y
sensing can provide global coverage Synergy example: Depending on spatial resolution and temporal
datasets at varying spatial and temporal revisits PACE or SBG could capture wildfire event and potentially

post-fire coastal impacts, while GLIMR’s sub-daily observations
dvnamics are well-suited to record ephemeral coastal processes like post-
y fire turbidity plumes and phytoplankton blooms

scales to understand complex land-sea



lopez@jpl.nasa.gov

Thank you!
amanda.m

Woolsey Fire near Malibu, California November

2018
Photno Credit- |1 K Enrect [|earvice
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How have Florida’s red tides changed over the past 40 years?
Bridging CZCS to MODIS observations
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How have Florida’s red tides changed over the past 40 years?

Why is it so difficult to address?

Field sampling
limited in both space and time, and often from event response. Difficult to
make statistical assessment

Remote sensing
limited in accuracy due to many factors

So what?

To date, there is still dispute on whether red tides have increased in the past
40-50 years.
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Our approach

. Combine the strengths of field sampling and remote sensing to make
integrated red tide data products

Bring in CZCS (1978-1986) to the picture, together with MODIS/A (2003 -)

Difficulty: comparing CZCS with MODIS is apples-to-oranges, so we have
to change it to apples-to-apples.
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1. Combine the strengths of field sampling and remote sensing => red tide maps

(1) darkish, reddish
patches on ERGB
images;

(2) highin situ cell
abundance
(>100,000
cells/L) in or near
patches;

(3) high RTCI

Karenia brevis
cell abundance (cells L™
t 7days

) 0 - 1,000

> 1,001 - 10,000

) 10,001 - 100,000
¢ 100,001 - 1,000,000
® Above 1,000,000

Corresponding delineation

28° N

’ e oo
. \ Charlotte
®
o @
L]

.
3
N

Oct 22 1983 S

17:10 ¢ 5

17:10 GMT e RN
84° W 83° W 82°W  84° W 83° W 82° W

Non-red tide

27° N

26°N

czCS kY

Aug 161984 % .«
16:24 GMT-. ~==~" 4§ ,

83° W 82° W

163



1. Combine the strengths of field sampling and remote sensing => annual bloom frequency

1982 - 1983 | - 1984 1985

_— % _— % W Y A o s
|

K. brevis annual bloom occurrence frequency _ Jop e 2% 8% 24“%—30% 200km N
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2. Make apples-to-apples comparison between CZCS and MODIS

How? Downgrade MODIS to CZCS

* Reduce MODIS data to 8 bits to match CZCS SNRs
e Reduce MODIS bands to CZCS bands
* Reduce MODIS revisit frequency to CZCS revisit frequency

Then, we have a new CZCS mission after 2003 to compare with the 1978-1986
CZCS mission
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3. Do we see any changes in this apples-to-apples comparison?

Cumulative K. brevis BOF areas (10° km?)

35
] @) mCZCS mMODIS scaled
9 T Fall season
5 1(Sep to Nov) | 1978-1985 2003 - 2019
] Annual bloom 75.0% 87.5% —100% for any
20 } o :
- probability 8-year period
15 + Mean bloom area 1,270 80% chance of > 1,270
] (km?)
10 1
] Mean duration 2.8 4.1 -5.8 for any 8-year
51 (months) period
0 olo m .!l R N r-1.T

— T Y Y™ Y™ ™ ™ ™ ™

A unlh Y s wa e e i
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Summary

Integration of field and satellite data results in red tide maps
Downgrading MODIS and combining with CZCS lead to a long-term red tide data record
What have not changed? seasonality and general locations of red tides

What have changed:
Longer durations of blooms,
Higher annual occurrence frequency,

Most likely (80% chance) bloom size
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Observed anthropogenic carbon changes in
Subantarctic Mode Water:
From formation regions to interior pathways
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Motivation: Ocean carbon uptake variability & uncertainty

Hauck, et al. 2023
Anthropogenic carbon* )
accumulation in the eMLR(C’) OCIM GOBMs | |
ocean interior: observation-based inverse model Global ocean biogeochemical models

—

Anthropogenic carbon
accumulation rate

*zonally integrated

1994-2007
[10* mol m2 yr -1]
60°S  40°S 60°S  40°S 60°S  40°S 0 1 2 3

latitude latitude latitude
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Motivation: Ocean carbon uptake variability & uncertainty

Hauck, et al. 2023
Anthropogenic carbon* )
accumulation in the eMLR(C’) OCIM GOBMs _ _
ocean interior: observation-based Global ocean biogeochemical models

Anthropogenic carbon

accumulation rate
*zonally integrated

1994-2007
[10* mol m2 yr -1]
60°S  40°S 60°S  40°S 60°S  40°S 0 1 2 3

latitude latitude latitude

e

Anthropogenic carbon
accumulation rate
1994-2007
[10* mol m2 yr 1]

03 -02 01 0 01 02
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Biogeochemistry of SAMW at formation

(a). MLD (m)
o |

Li, et al., 2021: J. Phys. Oceanogr.
| ==

20°S 500  Depth
400 [m]
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(0] : 4
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60°S[oxygen, nitrate | | | e LI n
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257 Fit to ARGO data: Fit to ARGO data:
— 2. . — 2, . .
5 R2: 0.96, RMSE: 0.9 _I,m 3001 R2: 0.95, RMSE: 2.6 Strong correlation between
()] . .
= 201 = 290 deep winter mixed layer
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DIC accumulation in SAMW formation regions

Year Year
2160 2160
Fit to ARGO data:
2150 ! Fit to ARGO data: I2020 2150 & R%: 0.64, RMSE: 6.5 I2020
! R2: 0.64, RMSE: 6.5 s Fit to all data:
— 2140 - -2015 = 2140 1 " R2: 0.21, RMSE: 10.5 -2015
| |
()] 4 ()] 4 i
2 2130 5010 2 2130 5010
g 2120 g 2120- P~
3 °| | 2005 A Yoo & ° -2005
o 2110 - o 2110 5 %
Q 21001 #* -2000 Q 51004 . » % -2000
— Fit (ARGO) ®oq o
2090 { = Fit (ARGO) 1995 20901 @ ARGO data %. 1995
@ ARGO data @ GLODAP data . o
2080 . . . , . 2080 : : : : :
-05 00 05 10 15 20 -05 00 05 1.0 15 2.0
Spiciness [kg m~3] Spiciness [kg m~3]
Correlation does not work as Especially obvious for older
well for DIC due to increasing shipboard data (from GLODAP)

atmospheric CO,
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DIC accumulation in SAMW formation regions

2090{ @ ARGO data
@ GLODAP data
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DIC accumulation in different density layers
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DIC accumulation in different density layers
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DIC accumulation in different density layers

SAMW formation (Indian) SAMW formation (Pacific)
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Indian
Ocean
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Pacific
Ocean
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Biogeochemistry of deep winter mixed layers
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Aguaverse: An Aquatic Inversion Scheme for Remote Sensing of Fresh and
Coastal Waters

P?&:E

Ryan E. O’Shea'? (ryan.e.o’shea@nasa.gov); Arun M. Saranathan!?; Akash Ashapure®?; Will Wainwright!?;
Brandon Smith?2

1Science Systems and Applications Inc., Lanham, MD, U.S.
2NASA Goddard Space Flight Center, Greenbelt, MD, U.S.
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Aquaverse: An Aquatic Inversion Scheme for Remote Sensing of Fresh and Coastal Waters

Satellite
Measu rements

e

TOA radiance

Atmospheric Correction

Inverse Modeling

PC [mg m~3]
|

Uncertainty Products

P
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Atmospheric Correction Model Development

Goal: Develop an atmospheric correction processor that outperforms the state-of-the-art for inland & coastal waters.

Target missions: Landsat-8/OLI & Sentinel-2/MSI

-----------------------------------------------------------------------------------------------------------------------------------

. Phasel Determine Glah:IuIy; E‘le.;|:|rvz::-::a-ntatw.nta
: R,
@ @ol Mo@ < AOT >®par
Phase 2 L | l
Simulate TOA reflectance (p,@1 nm)
; |
................................................................ l SRS SRR RS RN RSN RSN RS RS E RSy
Resample with sensor RSR
l’ - X}
Rayleigh and gaseous correction (p, 2 p..) .
Phase 3 l’ e )
Inverse Model (p,, 8, 8. ,0¢ 2 R..) .
‘ Auxiliary -
An:illary -
Testing/Validation 2o =

------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

Mixture Density Network
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Performance Assessment

Coastal (AERONET-0C)
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Pahlevan et al. 2021. ACIX-Aqua: A global assessment of atmospheric correction methods for Landsat-8 and
Sentinel-2 over lakes, rivers, and coastal waters. Remote Sensing of Environment, 258, 112366
185



Visual Performance Assessment

Landsat-8/OLI on August 19, 2023
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Preliminary Hyperspectral AC Results

Lake Erie: Near simultaneous retrieval of Aquaverse generated Rrs from EMIT and PACE

410nm

Rylsrt)

EMIT (4/19/2024)

< PACE (4/19/2024)
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Aquaverse inverse modeling: A universal algorithm for water quality and HAB monitoring

* Objective Chesapeake Bay

* Enable generating globally consistent, reliable, and advanced products from a universal algorithm
for water quality and HAB monitoring in inland and coastal waters

* Products
* Chlorophyll-a (Chla)
* Phycocyanin (PC)
* Total Suspended Solids (TSS)
e Secchi Disk Depth (Zsd)
* Inherent optical properties (absorption by CDOM, algal, and non-algal particles)

» Satellite Missions
* Multispectral data: Sentinel-3 /OLCI, Sentinel-2/MSI, & L8/OLI
* MODIS & VIIRS coming soon, Planet to follow
* Hyperspectral data: HICO, PRISMA, & PACE

*  EMIT coming soon

 Utah Lake | Western Lake Erie

* Validation sites : Lo
 Lake Erie i ;;’-E;’-*")-’*:;.,, 2
* Chesapeake Bay ' s
e Utah Lake

Lake Erie
HICO: Oct 20th 2012




Qualitative Validation of BP & IOP Retrieval in Inland & Coastal Waters

10°

Lake Erie (09/08/2014)

10!
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DRP + CB are oligotrophic

104

SB + MB are eutrophic — HABs

10°
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AQV matches complex spatial
distribution in Maumee Bay
confirmed via in situ measurements

Moore et al. 2017
Binding et al. 2019
102 O’Shea et al. 2023 139

CDOM [m"l
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Examples from OLCI: products & uncertainties

ot [[F11T T

Estimates Uncertainties
Sep 17 2021

Chla [mg m~3] Sep 107 2021 TSS [g m~3] Chla [mg m~?] P s TSS [g m™3] -

- l" y. - ‘, ”
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Aguaverse Preliminary PACE Inversion results

N estimated Chiorepdyil-a for DN estiens MDN estimated PC for
:"l(l‘rnolutmmb’i-)l-zoz‘ MON estenated TSS for
) £

.00 Lake Erie @ PACE resolution on 053124 Lake Erie @ PACE resolution on 05-31-24

100.0¢

+10.00

. M - -81

MDN estimated ad at 440 for MD! Senad t 450 §
Lake Ene @ PACE resolution on 05-31-24 ADN esSmated aph at 450 for
Se— v v

x 1.00 S = - = z i e L:u-cf Ejm @ PACE rmo‘ui-?n on 05-3!;24 - . i00

10.10

+0.10

0.01

Future work for PACE: Inverse modeling &
: : : uncertainty tutorials

1. Atmospheric correction for inland/coastal waters

2.  Zsd & by, retrieval

3. Total uncertainty

4. PCCretrieval
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STREAM: Online GUI for OLI/MSI Chl/TSS/Zsd Products via AQV AC

@ STREAM

Satelite-based analysis Tool for Rapid Evaluation of Aquatic environMents

NRT image processing (latency of 3-6 hOILI.[',"SA,)‘;J““' W
Missions: Landsat-8/-9 and Sen‘tine]_'fz-_ LA

Pixel Value: 0 mg/m®

- Products: Chlorophyll-a, Total.Suspended Solids{TSS), Secchi, and RGBs Do

Set data range to apply color gradient to:

Processing engine: An in-house wb;kflow (Aquaverse;.including AC) validated using global in situ
7 ! 3 ; Min

data ) - i 4 \ o : -

N o 9
s\

Downloadable maps (Geotiff) ™
Visualization . |
Future work: Time-series analysis (daily/weekly/monthly)
Per-pixel queries . “,
Lake-wide (area—bas.e'd,) Q,ueries
End-users (beta) o

Test productions over I?fer:_t.j,“' Uruguay,'__qa“hd_ select regidns in North America and Africa

https://ladsweb.modaps.eosdis.nasa.gov/ stré@r’h/

im N]




Agquaverse: An Aquatic Inversion Scheme for Remote Sensing of Fresh and Coastal Waters

Satellite
Measu rements

-

TOA radiance

Atmospheric Correction Inverse Modeling Uncertainty Products

PC [mg m~3] PC [mg m~3]

Inverse modeling &
uncertainty tutorials




Funding sources:

Acknowledgements

P*/AC E

OBB, RSWQ, EMIT, PACE
NASA PACE Science and Applications Team
NASA EMIT Science and Applications Team
Landsat Science Team

STREAM

Ryan O’'Shea
Ryan O’Shea
Will Wainwright
Arun Saranathan:
Akash Ashapure :
Akash Ashapure :

AGU sessions

: Mon. 9 Dec.
: Tues. 10 Dec.
: Tues. 10 Dec.
Tues. 10 Dec.
Wed. 11 Dec.

Wed. 11 Dec

B11K, Poster #1459
GC21W, Poster #0161
H22D-05 11:05-11:15

H23F, Poster #1070
IN31B  Poster #2011
. GC32A-02 10:30-10:40

Inverse modeling &
uncertainty tutorials




Using domain adaptation to improve Chlorophyll-a
predictions from optical remote sensing data

5 Arun M. Saranathan?2, Mortimer Werther3, Ryan E. O’Shea®2, and Akash Ashapure!-2
'GSFC-619.0, NASA Goddard Space Flight Center. 2Freshwater Sensing Program, SSAI. *Swiss Federal Institute of Aquatic Science and Technology

IN SITUOPTICAL
MEASUREMENTS

Y

MODEL TRAINING AND VALIDATION

SATELLITE OPTICAL

MACHINE LEARNING MOD

{7

EL
P
4

2

—

{

. ——

—
1% %1
\'\\ C ) ‘;

=

Training based on
in situ prediction error

S '
\_/ MODEL APPLICATION

g B8 - Ay H e




Satellite matchup datasets

World Map with Satellite Matchup Locations

75

50 A

25 A

Latitude

|
N
(V)

—5S0 -

—75 4

Longitude

Satellite matchup data: Collocated pair of satellite measured Rrs and near concurrent in situ chlorophyll-a
measurements (~ +/- 4 hours).

e OLCI: 3101 matchup examples (AC methods: L2GEN)
e MSI: 2692 matchup examples (AC methods: Aquaverse)

Localized dataset, with slight differences in location, measurement time, acquisition conditions of the different data-
streams.



Machine Learning Based Inversion Framework

R,

MACHINE LEARNING MODEL

| Machine Learning (ML) tools commonly use remotel
' sensing reflectance (R,.) as input and learn the mapplngI

C) from this input to Chlorophyll-a (Chla) . :»‘
RIS(Rk)
|

I'ML approaches show excellent Chla estimation on in s:tu,
| labeled datasets. |

Model Performance on in situ data
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In situ vs Matchup data differences

In situ vs match up dataset- In situ vs match up dataset-
Chla Distribution - NN Feature space visualization
¢ | |
i ( -l - GLORIA data
1000) FH Gloria Data 08| TE N\ |

' / \r Matchup data
0.6

0:4' i;":\\ | //..f’if

Matchup Data

600 1

PC-2

Frequency

200 1

0.01 0.1 1 10 100
Chla [mg m3]



Domain Adaptation

SOURCE DOMAIN

In situ R, &
Chla

5 lLayers
100 nodes

NN-Feature

Extractor

Satellite derived
RI‘S

Source
Features

Target
Features

1 Layer
1 node
Simple MSE

Chla

NN-Regressor s .« 4o
8 Prediction

4 N

Domain Adaptation: ML scheme to
improve performance of a model on a
target domain using knowledge
another related domain with adequate
labeled data (referred to as source

Feature

Distribution
Matching



https://www.v7labs.com/blog/quality-training-data-for-machine-learning-guide
https://www.v7labs.com/blog/quality-training-data-for-machine-learning-guide
https://www.v7labs.com/blog/quality-training-data-for-machine-learning-guide

Domain Adaptation Regression by Aligning Inverse Gram Matrices (DARE-
GRAM) [Nejjar et al. 2023]

LABELED SOURCE DATA i REGRESSION LOSS
h g @ — Lomse
/\ Insitu R,
T L & Chla(y)
i Z, (z12z,) (Z1Z,)* Angle Align
N |
) N | o | ]
| | '
NN-Feature o T
Extractor —
Gram Pseudo Inverse
Matrix Gram Matrix
" ;
m Il ’A*" N T |
/ \ Satellite I | | f
S
EE] Derived R, -
5 . Zy (2 Zy) (27 Z,)* Scale Align

UNLABELED TARGET DATA
Implementation Details
* Python(PyTorch) * Source Rrs & Chla (M=6197) * Hidden Layers/Nodes=5/100
* RelU activations e Target Rrs (~250K) * Optimizer: Adam



Results Model features visualization

. . . : r g 0.04 Sws| * Insitu data
Comparison of mean residuals (MAE) in Chlorophyll-a prediction e\ Sotellite data
MDN DARE-GRAM | % Gain 0.02] S i

(Basic NN) (Domain Adaptation)

OLCI 12.426 4.923 60.38% *

(N=3101) _0.02]

MSI 14.171 5.648 60.14% —0.04]

(N=2692)

Basic Neural Network- MDN Domain Adaptation: DARE-GRAM

match

@ 100.0

100.0 : i
31.6 ///‘Z ‘“/*

10.0 | o R j"’v" a2

/Results

 DARE-GRAM predictions exhibit
a significant improvement in
Chla estimation- across metrics.

* Investigate and address the bias

/ » (=107 present in the DARE-GRAM
0.hq— 1.0 100  100.0 results. /

Measured Chla [mg m3] Measured Chla [mg m3]

,/” A o e
> 2. 7" (N=3101)
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Harmonization via Domain adaptation

100.0 dom-adapt s 100.0 MDN i
MdSA: 47.337 MdSA: 87.168 -
slope: 0.719 slope: 0.525 A
MAE: 4.723 < MAE: 6.074 255

10.0 | 10.0
» 3.2 x 3.2
= =
1.0 - 1.0
031 ~ 0.3} _~
((N=1035) | ((N=1035) |
s ; ; ; ; . | -~ ; i i i . |
%1 1.0 10.0 100.0 9-b7 1.0 10.0 100.0
OLCl OLCI

* Creating a concurrent Matchup dataset: Scanned the OLCI and MSI matchup datasets to identify concurrent samples
from the two. Based on this analysis identified 1035 common samples.
e Samples have both OLCI and MSI Rrs, with corresponding in situ Chla.
e Spatial Difference between OLCI and MSI Rrs pixels: < 200m.
* Temporal difference between the OLCI, MSI and in situ measurements: <1 day (same date).

* Both the domain adapted models include “explicit domain matching” with the in situ (gloria) datasets leading to more
harmonized results.



Conclusions

By leveraging unlabeled satellite Rrs pixels in the training phase, domain adaptation-
based methods appears to learn features that are less affected by the various
distortion processes in satellite Rrs, leading to improved Chla estimation.

 The satellite Rrs feature distribution better matches the in situ Rrs feature distribution
indicating more similarity between source and target features.

Future Works

1. Generate and compare spatial Chla from DARE-GRAM with corresponding MDN Chla
maps.
2. Investigate the effect of the atmospheric correction on the performance of the domain

adaptation algorithms.
3. Investigate the source of the bias present in the DARE-GRAM predictions. If not
possible to eliminate correct by using model calibration approaches.
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Phytoplankton communities quantified from

hyperspectral ocean reflectance correspond to
pigment-based communities
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Goal for today

" ) d - -
Compare the composition and

distribution of phytoplankton ) -
communities derived from

1) HPLC pigments and
2) hyperspectral R ((A)




High Performance Liquid Chromatography pigments

Phytoplankton have different pigments; some can be used as
biomarkers to separate certain groups.




Phytoplankton pigments affect absorption

Phytoplankton have different pigments; some can be used as
biomarkers to separate certain groups.

~— 0.06 . ,
‘o . =—Chlorophyll-a
D

0.05| S —Chlorophyll b |

. .05 —Fucoxanthin
~—Peridinin
I =19 hexfuco
0.04 Zeaxanthin

o
o
@

Haptophytes

o
o
N

o
o
—

Weight specific absorption (m“ m

0 | . . .
400 450 500 550 600 650 700

Wavelength (nm)




Pigments link phytoplankton and ocean color
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Phytoplankton pigments and taxonomy

Phytoplankton group | Associated marker pigment(s)

\ Diatoms Fucoxanthin
Dinoflagellates Peridinin
: \ Green algae MV chlorophyll b
| — Haptophytes 19’-hexanoyloxyfucoxanthin

Cyanobacteria Zeaxanthin, DV chlorophyll-a
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HPLC + R, N = 162
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Max five pigment-based groups separate in this dataset

Paired global 2l
dataset of | |
hyperspectral )
R, (1) and §1s !
HPLC pigments 3
can be used to £ :
separate at
most these five e 1 o |
phytoplankton ] —
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Maximizing hyperspectral R, information content

Measured spectra
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Maximizing hyperspectral R, information content

Measured spectra |
Construct a generic hyperspectral
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Maximizing hyperspectral R, information content

Measured spectra Modeled spectra
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Rs residual (6Rys) = Rrsmeas(4) — Rrsmoa(4)
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log, , modeled Zea (mg m'3)

Modeled SDP pigments vs. measured pigments
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What else can we do with the R, residual (0R,-5)?
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Network-based community detection analysis

Assign each sample to a community ‘ ‘
@ |

based on its associated ‘
characteristics. ‘

Form communities that maximize
within-group connections and
weaken between-group
connections.




Community detection analysis: 3 6 R,.. communities
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Community detection analysis: 3 6 R,.. communities
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Three communities also separate from HPLC pigments

OR,

HPLC
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Global distribution of the three communities
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Global distribution of the three communities

Bl Haptophytes
[ ICyanobacteria
Il Diatoms + dinos + greens
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How well do 0 R,-; communities match HPLC communities?

Cyanos

Dia + Dino + Green

Haptos

HPLC communities

Cyanos Dia + Dino Haptos
+ Green
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How well do 0 R,-; communities match HPLC communities?
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How well do 0 R,-; communities match HPLC communities?

Cyanos

Dia + Dino + Green

Haptos

HPLC communities
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+ Green
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How well do 0 R,-; communities match HPLC communities?

Cyanos

Dia + Dino + Green

Haptos

HPLC communities

Cyanos Dia + Dino
+ Green

&R, communities

Haptos

74% of
samples
correctly
assigned (120
of 162)

Kramer et al., 2024 Optics Express






Next steps

1) SDP model is currently being - J /.
implemented for PACE to model % .
phytoplankton pigments 5 )

OR.(A) spectra will be available
as a product from SDP and PACE:

compare variability in space and

time, compare communities
from PVST HPLC.
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Seasonal variability of surface ocean carbon
uptake and chlorophyll-a concentration in the
West Antarctic Peninsula
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s the Southern Ocean a CO, Sink?

Preindustrial CO2 flux Modern CO:2 flux
- e

5 4 -3 2 <1 0 1 2 3 4§ 5 5 4 3 2 141 0 1 2 3 4 S5
mol/m2/yr mol/m2/yr

13t Carbon Mitigation Initiative Annnual Report
https://cmi.princeton.edu/annual-meetings/annual-reports/year-2013/quantifying-the-ocean-carbon-sink/

Southern Ocean thought to be one of the largest sinks of
anthropogenic CO, in the global ocean...

Jessie Turner, Lightning Talk for NASA OBB Virtual Meeting, December 5, 2024 233



s the Southern Ocean a CO, Sink?

 How much CO, does the Southern Ocean really take up?
« Even the SIgn is uncertain:

Annual mean Southern Ocean air-sea CO, flux

Airborne
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(Long et al. 2021, Science)
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s the Southern Ocean a CO, Sink?

 How much CO, does the Southern Ocean really take up?
» Even the Sign is uncertain:

Annual mean Southern Ocean air-sea CO; flux

|

flux [Pg C yr=*]

« What about specific regions?
* How does it vary with latitude?
« Can ocean color help us?

Air-sea

(Long et al. 2021, Science)
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Paraguay

Argentina Uruguay

Regional case
study: West
Antarctic
Peninsula

MODIS-Aqua January 16, 2022



Regional case study: West Antarctic Peninsula

* Legacy of in situ observations

' TER 1990-2024

« Rapidly warming

* Seaice decline

» (Glacial retreat

» Collaboration to incorporate
ocean optics

Jessie Turner, Lightning Talk for NASA OBB Virtual Meeting, December 5, 2024 231






Methods

20 years of ship-track
in situ pCO,, data

(2000-2020, binned to

Drake Passage

mvivanelil Mmonthly data)

Southern Shelf
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Methods

Chlorophyll-a from
OC-CCl

(monthly data)

Drake Passage
== Northern Shelf

Mid Shelf

Southern Shelf

Chl-a (mg m"3)
Long-term mean 1997-2022
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Results

Drake Passage
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Tightly coupled biology and CO,, uptake

Decadal Averages by Region, Monthly

e 2000-2010
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| am actively recruiting
students for Fall 2025
and 2026 at Old

Dominion University In
Norfolk, Virginia

Pme / College of Sciences / Ocean & Earth Sciences

Ocean & Earth Sciences

The Department of Ocean & Earth Sciences acquires and disseminates knowledge of the earth system, including

the relationships among the biological, chemical, geological and physical components of our planet. It is critical
that we understand both natural and human-induced processes that change this system so we are prepared to

meet present and future challenges.
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