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Abstract

Improving our understanding of how the ocean absorbs carbon dioxide (CO,) is critical to climate change
mitigation efforts. The global ocean takes up nearly a quarter of anthropogenic CO, emissions annually,
but the variability of this uptake at regional scales remains poorly understood. In this dissertation |
compiled an extensive collection of reported surface ocean air-sea CO, exchange values within each of
Canada’s three adjacent ocean basins. | go on to summarize current research and identify steps forward
to improve our understanding of the marine carbon sink in Canadian national and offshore waters. | then
developed advanced techniques for quantifying air-sea CO; fluxes in the Northeast Pacific Ocean to
improve our understanding of processes driving seasonal, interannual, decadal, and long-term variability,
aiding in monitoring, reporting, and verification of future marine carbon dioxide removal, and helping
inform carbon and climate policies. Utilizing a neural network approach to interpolate sparse
observations, | created monthly gridded seawater partial pressure of CO; (pCO,) data products from
January 1998 to December 2019, at 1/12°x1/12° spatial resolution, in the Northeast Pacific Ocean. The
two data products, encompassing the open ocean and the coastal ocean, were created using non-linear
relationships between pCO, observations and a range of predictor variables representing processes
affecting pCO,, at a spatial resolution four times greater than leading global products. Using an ensemble
approach, | was able to produce robust pCO, estimates, evaluated against independently withheld data,
that represent regional variability with better overall performance compared to global products. |
conducted a novel sensitivity analysis which identified that the parameters responsible for the neural
network’s ability to capture regional pCO; variability agrees with mechanistic processes. The regional
open ocean and coastal products also reproduced pCO; estimates well within the overlapping domain,
with differences influenced by scarcity of observations. Using wind speed and atmospheric CO,, |
calculated air-sea CO; fluxes. In the open ocean, on sub-decadal to decadal timescales, | found that the
upwelling strength of the subpolar Alaskan Gyre, driven by large-scale atmospheric forcing, acts as the
primary control on air-sea CO; flux variability. In the coastal ocean, | report an anticorrelation between
annual air-sea CO; flux and its seasonal amplitude with the relationship driven by regional processes. |
estimate long-term surface ocean pCO; increase at a rate below the atmospheric trend. The slowest rate
of increase occurs where there is strong interaction with subsurface waters in the Alaskan Gyre and the
West Coast upwelling zone. Basin-wide, my results suggest that the region is a net sink for atmospheric

CO; with trends indicating increasing oceanic uptake.



Table of Contents

YU o=l a Vi T o] 4 VA oloT0 4]0 1 u =T I T T P T TSP TP ii
L 1] 1 - [ o SO PSPPI iii
T o] (ol o)l €eT 1 =T o P iv
I o) B = o] L= SR Vi
I o)l T (] YRR vii
Yol g o)y [=To F=d<T o Y=Y o U XV
(@ 0 F=T o} (=T ol B VoY i o Yo [ n (oY o W PP 1
I Y o w V7 1 o o F P PPPPPPPPPRS 1
A (T <E Y ol =Y o] T o Y- ol o TR U 3
I I AU Lo LV 7= o T o [PPSR 6
iR N O YT Y oA Vo ol o F= Yo =T SRR 9
Chapter 2. Canada’s marine carbon sink: An early career perspective on the state of research and existing
Lo LT L=Te F ol =Y o PP 10
D AN o1 o = ot SRS U U UUURPRRRROt 10
2 [0 1 oo [0 Lot u o] o TSR UURRRUPOt 11
2.3 Canadian Maring CO2 UPLAKE ...uviiiieiiee ettt e e e e st e e e s saea e e e ssbaeeeesnaeeeeas 15
e B N G- o F=Te [ - T o T o T [ RS UUP 17
P B A 6o F=To [ - Ta 10 AN F=1 o n [P UUR 20
R T N - [ F=To [ F= 1 o 1V ot [ o UPSRRE 24
P Y Y. [ ol a2 o LY 27
PN A0 (e [T =Totn o] o U 29
2.6 ACKNOWIEAZEMENTS....eiiiiiiiee et ettt e et e e et e e e et e e e e s eataeeeeattaeeeeassaseesssaeeesansaeeesssaneesnnseneenan 36
D A YUk o Yo g ole Yo Y i 1 o1V n o] o Y- U 36
Chapter 3. Estimating Marine Carbon Uptake in the Northeast Pacific Using a Neural Network Approach
.................................................................................................................................................................... 38
I I oY 4 - [ o PP 38
K 07 [ 51 o Yo [U Tt u o o TSP 39
R D EY =TT a o I g g V<1 oo e Ly PRSP 41
3.3. L PrediCtor data.. .o ie et ettt b it e s be e sbe e e aae e s baeenaes 42
3.3.2 PCO2 ODSEIVATIONS ..couitiieiitieetee ettt ettt ettt e sbe e st e s sab e e s bt e e sabeesabeesbteesabeesbbeenntaesaseeesanes 43
3.3 3 EVAIUGTION .ttt ettt e s bt e et e e s be e s bt e e s abeesbaeenteesbaeenares 44
3.3.4 Neural NetWOork CONSTIUCTION ..c..iiiiiiieiiieiiee ettt ettt st e sbe e sbe e e saae e sabaeesanes 45
3.3.5 Cross-evaluation and eNSEMDBIE ........cooiiiiiiiniie ettt 46
3.3.6 Computation Of @Ir-S€A fIUXES ...eeiiviieii it re e e s e e e sbaeeeeeanes 47
3.4 NEtWOTIK POITOIMANCE. . ciiiciiiieeeciiee ettt et e e et e e e s b e e e e st beeeessbaeeesssbaeeessnseeeesnsseeesennsens 47
3.4.1 Evaluation comparing to SOCAT data.....c.ueeeiiciiiiiiiiiiee ettt e et e e e bre e e s ebre e e e sreaeeeennes 47
3.4.2 Uncertainty CalCUIQtioNS. .....cocuiiii ettt e e e e bar e e e e bte e e e e bae e e e eataeeeeanes 49
3.4.3 Improvement relative to @ global Product ..........coccveiiiiciiii i 50
3.4.4 Performance at Coarser reSOIUTIONS ........uuiieiiciiieecciiee e et e et e e et e e e ette e e e e etteeeeeteeeeeereeeaeennes 51
3.5 AI-SEA CO2 TIUXES .o eetrieeeeiieee ettt ee e ettt e e ettt e e et e e e et eeeeeaabeeeeetbaeeeassbaeaeenssasesanssesesastasesasseeesannrenas 53
3.5.1 Seasonal Variability ......ccccuuiiiiiee e e e e e aae s 54
3.5.2 Alaskan Gyre upwelling strength...........ooo e 56
3.5.3 Impact of INtEranNNUAl EVENTS ......ccviiiiiiee ettt e et e e e e etre e e e e bte e e e eraeeaeennes 58
3.5.4 Air-5€a CO2 FIUX TrENA ... .eeiiii ettt ettt e e et e e e et e e e e eebteeeeebeeeeeestaeaeessseaesassasaesnnes 61

N 3 000 o Tod [V 1 Fo -3 65



I A E- Y = Y1 11 =1 o111 PSP 67
3.8 ACKNOWIEAZEMENTES......eii et e e et e e e et e e e e et a e e e eabaeeeentaeeeenbeeesensseeesennsenas 67
3.9 AULNOT CONTIIDULIONS. .. .viiiiiieiiee ettt s e s aee e s be e s beeesateesbeeessbeesataesnseeesaseesnns 67
Chapter 4. High-resolution Neural Network Demonstrates Strong CO, Source-Sink Juxtaposition in the
(010 Ty - | 174 o o =P PRPPPPPPNt 68
AN o d o PSPPI 68
v 3y 14 o T [F ot u o ISP UPR 69
e A DY - -1 o [ 0 =1 d o T Yo L PRSPPI 72
6@ Pl o] o 1T Y- a (o 3 PRSPPSO 72
e A o (=Y [ Tox o] e - - T PSPPI 73
4.3.3 Neural NetWOork CONSTIUCTION . ...uiiiiiiiie ettt e e s e e e s bae e e ssaneeeeeas 74
e N Y=Y (U= u o T PSRRI 74
4.3.5 SENSITIVITY @N@IYSIS..ctiiiiiiiiiie et e e et e e et e e et aeeeeaaraaeean 75
4.3.6 Computation Of @ir-SEa fIUXES ....vvviiiciiie i e s s rae e e seaaeeeeas 75
O N TeY VYo o Qo 1=T 5 o] 1 4 F= Y Lol TSP 76
4.4.1 Evaluation with respect to observational data ...........cccoeciieiieiiiei e 76
4.4.2 Comparison t0 Other ProUCTES.......cccuiiie ettt et e e e saee e e e earae e e e abaeeeseanaeeeean 78
4.4.3 UNcertainty @StimMate. ... 79
4.5 Comparison to high-resolution 0bServations..........cccccueiieeiiii e 80
4.6 Air-sea CO; fluX @and PCO2 AFIVEIS...cccccuiiii ettt et e e tte e e e s tae e e ebae e e e sabee e e eeabeeeeennbaeesennsenas 83
o YT d oY o |l o ¥- 1 Y o o R 85
4.6.2 NEAISNOIE fIUXES «..vveeeiiieeiee ettt et tte e st e e stee e st e e e bee e s beesbeeeateeenseeessseesnseeenseessseennn 87
4.6.3 Dominant controls 0N Variability.........cccoeciiiiieciiie e 88
N ] Y <Y 1 6@ DY o =Y Vo L 90
o A @ o T [ o |3 PSP 92
4.8 Data aVvailability .....ceei i e e e et e e e et ee e e e abeeeeennreeas 94
Yol g oV [=Yo Fds 0 1= o PSP 94
4. 10 AULOT CONTIIBULIONS ... .eiiiiiiiiiieiee ettt ettt e st e e sbb e e sabe e sbe e e sabeesbteesateesanaeesareean 95
Chapter 5. Comparing Regional pCO; Product BOUNMANIES ........ceivciiiiiiiiiieiciieee e ciieee e e eseee e esveeee e 96
5.1 INEFOTUCTION L.ttt sttt e s e e sttt e st e e s bte e sabeesabeeessbeesabaeesabeesasaesaseeesareeanns 96
302 s Ce T (¥ ot fl o - Tol €4 o 18 s o [PPSR 96
5.3 Combined pCO; product eValUatioN.........ccuuiiiiiiiiecciee e aree e e areeas 97
5.4 CONCIUSIONS «..eeiiieeeiitesitee ettt ettt ettt e sttt ettt e s bt e s bt e e s bt e e bt e e abeesabeeesabeesabeesabbeesabeeesbeenataesbaeenaseenn 102
5.5 Data @Vailability ....ceiecieee e e e e e ebae e e e araeas 103
(0 0T o) (T ol ST o] o Vol [V 1Y o Yo SRR 104
(SR A @loT oo 1Yot ] aT=de] o F=1 o1 1] £ S PR SR 104
6.2 Method dEVEIOPIMENT ...t e e e ee e e et e e e e ta e e e eeabae e e e nbeeeeeenbeeeeeanneeas 105
6.3 FUTUre reCoOMMENAAtIONS ....ciiiiiiiiiiiiee ettt s rbee e s s ebee e s ssabe e e s ssabee e s s sabeeeesnareeas 105
21 o [Te T4 o] o1V SRS 108
Appendix A. Supplemental material for Chapter 2 .........cocuuiieeoie e e 144
Appendix B. Supplemental material for Chapler 3 ........oo it 156
Appendix C. Supplemental material for Chapter 4 ... eeoie e e 166

Appendix D. Supplemental material for Chapter 5........ooo e e 184



Vi

List of Tables

Table 2.1 Overview of basin-specific research questions needed to aid resolving identified research gaps
Ta IR a1 R [ n [ =TSRSS 28

Table 2.2 Table of recommendations for addressing gaps identified and improving air-sea CO; flux
o L T O Yo F- o - TR SRS TRTI 30

Table 3.1 Northeast Pacific open ocean artificial neural network predictor variables and their
corresponding source, original temporal and spatial resoltuions, and processing steps used for this study.

Table 4.1 Northeast Pacific Coastal Ocean artificial neural network predictor variables, and their
corresponding source, original temporal and spatial resolutions, and processing steps used for this study.

Table 4.2 Error statistics for our ensemble mean pCO, estimate against all gridded observation data
binned by distance offshore: number of observations (N) per bin, observed range of variability (range;
difference between the 95" and 5% percentile), root mean squared error (RMSE), and relative percent
<] o Tl (4 S o TR S PSSR 78

Table A.1 Comparison of reported air-sea CO; flux densities in Canada’s adjacent ocean basins including
details about oceanographic region, methods used, and the spatial and temporal resolution and range.
Abbreviations are as follows: Self Organizing Map (SOM), Feed Forward Network (FFN), Regional Ocean
Modeling System (ROMS), Nucleus for European Modelling of the Ocean (NEMO), Pelagic Interactions
Scheme for Carbon and Ecosystem Studies (PISCES), Multiple Linear Regression (MLR), Massachusetts
Institute of Technology General Circulation Model (MITZCM). ....ovviiiiiiie i 144

Table B.1 Regional high-resolution artificial neural network Northeast Pacific (ANN-NEP) pCO; product
performance against all SOCAT pCO; observation data grouped by year and month. Number of
observations (N), root mean squared error (RMSE), coefficient of determination (r?), and mean bias
(calculated as the Mean reSIAUAI). .....cocuiii et e e e ctte e e e e bte e e e ebte e e e sbeeeeeesraeaeaanes 163

Table B.2 Regional artificial neural network Northeast Pacific pCO, product performance at varying
resolutions against training and independent withheld SOCAT pCO, observations. Mean and standard
deviation between lower 10" percentile (5 of 50 runs) of overfitting metric values for each resolution
with varying internal data division ratios between the pCO; training data used by the ANN to train and
internally evaluate. Number of observations (N), root mean squared error (RMSE), coefficient of
determination (r?), mean absolute error (MAE), mean bias (calculated as the mean residual), and the
slope of the linear regression (c1). Courser resolution product uncertainties are also included where
overall pCO; product uncertainty (B,co2) is calculated from the square root of the sum of the three
squared errors: observational uncertainty (0obs), gridding uncertainty (Ogria), and ANN interpolation
uncertainty (Omap). The 10-fold ensemble approach was not run for the courser resolution products, likely
leading to a slight underestimate of overall uncertainty as ANN run randomness uncertainty (0ru,) was

2 (ol [T 1T SRR 165

Table C.1 Our pCO; product (ANN-NEPc) performance against all pCO, observation data (training and
withheld; Section 4.3.1) grouped by year and month. Number of observations (N), root mean squared
error (RMSE), coefficient of determination (r?), and mean bias (calculated as the mean residual)......... 181

Table C.2 Regional freshwater drainage for the Northeast Pacific coastal ocean from (Morrison et al.,
2012; Wang et al., 2004) between latitudes 45°N and 62°N and longitudes 120°W and 155°W............. 183



vii

List of Figures

Figure 1.1 Schematic of steps involved in the SOM-FFN artificial neural network method. Adapted from
(=Y U] ==y =1 B 0 2 TSRO 6

Figure 1.2 Geographical features in the Northeast Pacific Ocean and dominant surface currents (artistic
representation). Major freshwater inputs are labeled (> 40 km3 y?). Bold straight arrows represent major
surface currents, thin straight arrows show coastal currents, and bold tapered arrows are subsurface
currents. Interpretation comes from (Freeland et al., 1984; Stabeno et al., 2004; Thomson, 1981;
Weingartner et al., 2002). The coastal-open-oceanic boundary at 300 km offshore is shown, as well as
the nearshore region outside of the Laruelle et al. (2017) global coastal pCO, estimate (dark pixelated
SQUATIES NEAISNOIE). .ueiiiiiiiieeecieee ettt ettt e e ee ettt e e ee bt e e e e e teeeeeetbeeeeebeeeeeebbeeeesabaeeeeassseeseansaeeeeansaeeeeansaeeeennreeas 8

Figure 2.1 Schematic of major surface ocean currents in Canada's adjacent ocean basins and both
seasonal minimum and maximum sea ice extent. Map uses a Lambert Conformal Conic projection....... 12

Figure 2.2 Air-sea CO, flux densities by region in mol C m2 yr!. Negative flux (blue) indicates oceanic
sink, positive flux (red) indicates oceanic outgassing. The estimation method is indicated as: direct
observations (solid dark bars), observation-based interpolation products such as Neural Network (NN)
and Multiple Linear Regression (MLR) (hatched bars), and regional ocean biogeochemical models (solid
light bars). Bars with a maximum and a minimum for the same study have the minimum indicated on the
same bar. The bars with a white filling are the average for the region. The error bars for the regional
average indicate the standard deviation. The error bars in individual studies indicate the reported
uncertainty. Numbers above or below the bars indicate the references: 1) Wong and Chan (1991), 2)
Sutton et al. (2017), 3) Palevsky et al. (2013), 4) Chierici, Fransson and Nojiri (2006), etc. Details in Table
A.1. Expanded Arctic coverage in Table A.1. Modified and expanded on from Fennel et al., (2019). Map
uses a Lambert Conformal ConiC ProjECHION. ......ccviiii i e et e e e rbee e e e e e e e areeas 16

Figure 2.3 Conceptual model of wind-induced upwelling along the West Coast of North America.
Equatorward winds combined with Coriolis force move nearshore surface waters offshore, forcing colder,
nutrient, and dissolved inorganic carbon (DIC) rich subsurface waters to rise to the surface leading to
outgassing. As the new stratified surface waters move offshore, rapid phytoplankton blooms deplete
nutrients and lower CO2, €nNhanCing UPLaKe. ......cooiiiiiiiiiiiiee ettt 18

Figure 2.4 Conceptual model of subpolar Atlantic Ocean deep convection. During summer, biological
production combined with strong stratification draws down surface DIC, enhancing CO, uptake.
Increased wind and buoyancy loss in the fall encourages deeper mixing to supply higher DIC from below
the summer mixed layer depth. Deep convection continues to increase DIC throughout the mixed layer in
the winter, weakening CO; uptake. In the spring, mixed layer shoaling and increasing solar irradiance
promote surface DIC removal by large-scale phytoplankton growth, subsequent export, and
remineralization below the springtime mixed layer. A portion of which is exported below sequestration
depth and laterally by the equatorward boundary CUrrent........ccoccovveiiiiiiii e 22

Figure 2.5 Conceptual model of Arctic Ocean sea-ice carbon pump. During summer, sea ice melt results
in the dissolution of ikaite (a form of calcium carbonate in sea ice) crystals within the ice to increase
surface ocean alkalinity, lowering the partial pressure of CO, and enhancing uptake. Additionally, primary
productivity in both sea ice and the water column further reduce CO,. Subsequent ice formation in the
winter results in dissolved inorganic carbon (DIC) being rejected together with dense brine that sinks. .25

Figure 3.1 (a) Total number of months of observational coverage from Surface Ocean CO, Atlas (SOCAT)
v2021 (Bakker et al., 2016) and additional data from Fisheries and Oceans Canada February 2019 Line P



viii

cruise (https://www.waterproperties.ca/linep/) per 1/12°x1/12° grid cell. (b) Number of unique annual
months of observational coverage per 1/12°x1/12° grid cell. (c) Mean sea surface height (SSH; Table 3.1)
shows relative location of the subpolar Alaskan Gyre (negative SSH values), and the North Pacific Current
(SSH approximately equal to zero). Ocean Station Papa is labeled and marked with a black circle while
Line P is labelled and marked With @ red [INe........ccooiiiiiiiiiie e 44

Figure 3.2 Regional high-resolution artificial neural network Northeast Pacific (ANN-NEP) ensemble mean
pCO; against (a) training pCO, observation data, and (b) independent withheld pCO, observation data.
Number of observations (N), root mean squared error (RMSE), coefficient of determination (r?), mean
absolute error (MAE), mean bias (calculated as the mean residual), and the slope of the linear regression
(c1). The observed linear relationship is represented by the dotted blue line. (c) ANN-NEP pCO,
(ensemble mean) against individual ensemble member estimates. Total number of observations (N)
across all 10-fold ensemble members (see Section 3.3.5). Across all panels data are binned into 2 patm
by 2 patm bins. The dashed black line represents a perfect fit of slope (c1) = 1 and intercept = 0. Colorbar
shows data density on a log scale. Note the order of magnitude difference in the colorbar scale between

Figure 3.3 (a) Mean residuals over the full study area at each timestep of the ANN-NEP pCO, estimate in
this study, the Landschitzer et al. (2020b) product interpolated to the 1/12°x1/12° grid of this study,
compared to the gridded SOCAT data displaying the mean absolute error (MAE). (b) total number of
gridded SOCAT observations across the study area at each timestep. .....cccccvevciieiiiiiieiccc e, 51

Figure 3.4 Varying spatial resolution: (a) 1°, (b) 1/2°, (c) 1/4°, (d) 1/8°, and (e) 1/12° ANN pCO; product
performance evaluated by the mean RMSE (Section 3.3.3) of training data (blue line), independently
withheld data (orange line), and an overfitting metric (green line) against internal data division ratios
between the pCO; training data used by the ANN to train and internally evaluate. The ratios in grey show
the range of the lower 10™" percentile (5 of 50 runs) of overfitting metric values for each resolution. (f) At
each spatial resolution, the lefthand y-axis shows the optimal internal data division ratio with error bars
representing the lower 10" percentile of overfitting metric values (same as grey ranges in (a) to (e) with
all resolutions converging around RMSE = 12.8+0.4 patm). The righthand y-axis shows the percent of
gridded pCO; observations (targets) compared to the total number of grid cells. ......ccccccvveeriiiireninnnn.n. 52

Figure 3.5 (a) Long-term (1998-2019) mean ANN-NEP pCO, and (b) air-sea CO; flux density in mol m2 yr?!
for the open ocean Northeast Pacific. Negative (positive) flux values indicate CO, uptake (outgassing) by
the ocean. Ocean Station Papa is shown for reference. ... e 54

Figure 3.6 (a) Zonally averaged air-sea CO; flux from the ANN estimated pCO; product climatology along
each 1/12° latitude band in the study area plotted against the climatological month along the x-axis
(Hovmoller diagram). Negative (positive) flux values indicate CO; uptake (outgassing) by the ocean. The
dashed grey line subdivides the Alaskan Gyre and North Pacific Current regions in the North/South with
different seasonal drivers summarized in panels below. (b) Alaskan Gyre region (latitudes north of 52 °N)
& (c) North Pacific Current region (latitudes south of 52 °N) area averaged monthly climatological pCO,
(solid blue line), thermal component (i.e., changes due to temperature; Eq. 3.4; dotted red line), non-
thermal component (i.e., changes due to circulation, mixing, gas exchange, and biology; Eq. 3.5; dot-dash
green line), and atmospheric pCO; (dashed black line). The climatology is plotted over 19 months to
emMpPhasize the SEASONAI CYCIE. ..uiiiiiiiee e e e e e et e e e s bte e e e srtaeessntaeeesnnes 55

Figure 3.7 Alaskan Gyre region of our study area (latitudes north of 52° N). (a) Air-sea CO; fluxes grouped
by seasonal three-month bins along with the annual average (black line). (b) Air-sea CO, flux anomalies
removing the seasonal cycle (Section 3.3.4) and applying a 12-month running mean. (c) Sea surface
height (SSH) anomalies in the same region removing the seasonal cycle and applying a 12-month running



mean. Grey boxes highlight periods of anomalously high Alaskan Gyre upwelling strength corresponding
to negative SSH anomalies. Horizontal dashed lines mark zero in each panel. Seasonal groupings in (a)
are winter (December, January, February), spring (March, April, May), summer (June, July, August), fall
YT o1 aaY o =T @ T o] o 1T A N o1V Z<T o1 o YT o PP 57

Figure 3.8 Full study area-averaged interannual variability in (a) pCO, anomaly removing the seasonal
cycle (Section 3.3.4) and long-term trend (Section 3.5.4), (b) air-sea CO, flux anomaly, (c) sea surface
temperature anomaly, and (d) chlorophyll-a anomaly all removing the seasonal cycle. Grey boxes
highlight large interannual events including “The Blob” marine heatwave 2014-2016, a second marine
heatwave 2018-2020 ('18 MHW), and a 2008 ocean iron fertilization event following the Kasatochi
volcanic eruption (Kasatochi). Horizontal dashed lines mark zero in each panel.........ccccccoeveeciveeeecnnennnn. 59

Figure 3.9 Full study area-averaged long-term trends in (a) ANN-NEP surface ocean pCO; (solid line) and
atmospheric pCO; (dashed line), and (b) air-sea COz fluX deNSitY. .....cceeeveeeieiiiieeeeiieee et 62

Figure 3.10 Full study area-averaged pCO, anomaly (removing the seasonal cycle; Section 3.3.4) linear
trend calculated using different monthly timeseries start and end dates. Timeseries start from dates on
the left and end on a date along the top. The dashed black line indicates equal start and end dates. Trend
values are only shown for timeseries of at least a 5-year duration. Red values represent negative pCO,
trends, gold values represent trends greater than the atmospheric rate of increase (2.124+0.01 patm yr?).
The purple dotted line indicates a 10-year timeseries duration. .........cccceeeeeeeciiiieeee e 63

Figure 3.11 (a) Trend in ApCO, where more negative (darker) values indicate an increasing gradient with
the atmosphere and a lag in the pCO; increase in the surface ocean. Black crosshatches show grid cells
with an insignificant calculated trend (outside the 95% confidence level; p 20.05). (b) Calculated average
vertical velocity associated with Ekman pumping (calculated from zonal and meridional wind speed)
where negative (blue) values indicate downwelling and positive (green) values indicate upwelling. Ocean
Station Papa is ShOWN fOr FEfEIENCE. oo et e e st e e e sbee e e e srtaeeesanes 64

Figure 4.1 Number of grid cells (of 54782 total spatial grid cells) with coastal pCO, observation data
(Section 4.3.1) in (a) months reveals a summer bias, and (b) years showing increased sampling closer to
present. (c) Total number of months of observational coverage per grid cell displays better coverage
along shipping routes. 300 km offshore line shown for coastal/open oceanic boundary used in this study
(solid bIue lINE 1ADEIEA B0 ). ..eiiereeee ettt ettt e eetre e e e e bee e e eebreeeeeabeeeeeeabeeesenareeeesebeeeeeenreeas 71

Figure 4.2 Our ensemble mean pCO; estimate (ANN-NEPc) against (a) observed pCO; training data, (b)
observed pCO,; independently withheld data, and (c) individual ensemble member estimates. Data are
binned into 5 patm by 5 patm bins with data density shown in the colorbar on a log scale (note order of
magnitude difference between panels). Dashed black line is the 1:1. Dotted blue line is the least squares
best fit. Also shown are number of observations (N), root mean squared error (RMSE), coefficient of
determination (r?), mean absolute error (MAE), mean bias (calculated as the mean residual), and the
slope Of the [INEAr rEEIESSION (C1). cuuieiiiiiiiieeiii et ettt et ste e et e e st e e s tre e st e e e baeesabeeebaeessbeessaeesareenn 77

Figure 4.3 (a) Map of mean estimated surface ocean pCO; seasonal amplitude (1998-2019; range; annual
maximum minus minimum) in patm. Nearshore mooring time series at (b) Gulf of Alaska Ocean
Acidification mooring (GAKOA), (c) Quadra, and (d) Cape Elizabeth mooring in situ pCO, data (black
diamonds; not all included in SOCATv2021) plotted with co-located gridded SOCATv2021 (orange solid
line), this study pCO, (blue solid line), and atmospheric pCO; (light blue dashed line). Kodiak and Cha ba
and Roobaert et al. (2024) comparison time series in FIgure C.8..........ccviiieciieeeeciiee e eeieeeeecvveee e 81

Figure 4.4 (a) pCO; along 2010 West Coast Ocean Acidification cruise track from 21 Jul 2010 to 15 Aug
2010 (Evans et al., 2012). Data is gridded into 1/12° by 1/12° bins. Events indicate (1) cruise start, (2)



Johnstone Strait, (3) Hecate Strait, (4) intense upwelling plume near Brooks Peninsula, and (5) Juan de
Fuca Strait respectively. Subplots against time along cruise track for (b) pCO; where underway in situ
pCO; data (black diamonds) are plotted with co-located monthly gridded data (orange solid line), this
study pCO; (blue solid line), and atmospheric pCO; (light blue dashed line). (c) Sea surface salinity (SSS)
with underway in situ SSS (light blue dots) and co-located reanalysis SSS (dark blue solid line; used as a
predictor variable). SSS values near cruise start as low as 15 in situ and 24 from reanalysis (not shown).
(d) Sea surface temperature (SST) with underway in situ SST (red dots) and co-located satellite-based SST
(dark red solid line; used as a predictor variable). Gray boxes highlight tidal mixing zones (e.g., Johnstone
Strait, Juan de Fuca and Haro Straits and connecting Waters)........ccccccueeeceeeriiesiie e e e 82

Figure 4.5 (a) Mean pCO; (1998-2019) in patm. 140 °W meridian divide used in Section 4.6.2 analysis
shown for reference. (b) Ratio of pCO, seasonal amplitude in thermal component (i.e., changes due to
temperature; pCO; 1)) and biophysical component (i.e., changes due to circulation, mixing, gas exchange,
and biology; pCO; (). (c) Mean air—sea CO; flux (1998-2019) in mol m~2 yr™™. Negative flux values
indicate CO, uptake by the ocean. (d) Mean air-sea CO; flux seasonal amplitude (range; annual maximum
minus minimum) in mol m=2 yrl, (e) Mean air-sea CO; flux vs. mean air-sea CO, flux seasonal amplitude
(grid cell by grid cell). Dotted blue line is the least squares best fit. Dashed black line separates values of
outgassing (positive) from Uptake (NEZATIVE)......c.eeiciiiiiee et tre et e e re e e baeesaree s 84

Figure 4.6 Longitudinally averaged estimates west of 140 °W of mean (a) pCO2 and (b) air-sea CO2 flux
of: this study (dark blue), this study removing the nearshore (cyan). (c) and (d) are latitudinally averaged
estimates east of 140 °W respectively. Additional observation-based estimates with overlapping domains
including Sharp et al. (2022) (dot-dash beige), and Roobaert et al. (2024) (dashed lime green). Sharp et
al. (2022) air-sea CO2 fluxes calculated following SECHON 4.3.6........ccceeciiieieciiieeccieee e e 87

Figure 4.7 (a) Predictor variables ordered by absolute mean pCO; change from baseline run during
perturbation-based spatial sensitivity analysis (Section 4.3.5). (b) Most dominant process-based
predictor variable mapped by largest absolute mean pCO; change from baseline run during perturbation-
based spatial sensitivity analysis (excluding top three variables from (a)). No grid cells displayed Chl or
Chl anomaly as the largest absolute mean pCO, change from baseline over the full study time range
(1998-2019). Major river outflows are labelled for reference. ........cccoccveieeccei e, 89

Figure 4.8 1998-2019 trend in (a) ApCO, anomaly (i.e., deseasonalized) where more negative (darker)
values indicate an increase in air-sea pCO; disequilibria with time. Black crosshatches show grid cells
with an insignificant calculated trend (outside the 95% confidence level; p > 0.05; 0.4% of total grid
cells). (b) Standard error of the estimated slope in the ApCO: trend fit. .....ccceevveeeiieeeciiice e, 91

Figure 5.1 (a) Long-term (1998-2019) mean pCO; in patm and (b) air-sea CO, flux in mol m2 yr* across
both Northeast Pacific data products (ANN-NEP & ANN-NEPc). Negative flux values indicate CO, uptake
by the ocean. Ocean Station Papa is shown for reference. .......ccceveeeiei i 98

Figure 5.2 (a) Coastal pCO; estimate (ANN-NEPc) against open ocean pCO, estimate (ANN-NEP) within
overlapping domain (grid cell by grid cell). Data are binned into 2 patm by 2 patm bins with data density
shown in the colorbar on a log scale. Dashed black line is the 1:1. Dotted blue line is the least squares
best fit. Also shown are number of overlapping grid cells in space and time (N), root mean squared error
(RMSE), coefficient of determination (r?), mean bias (calculated as the mean residual), the slope of the
linear regression (c1), and the mean absolute error (MAE). (b) Mapped mean difference between the
open ocean pCO; estimate (ANN-NEP) and the coastal pCO; estimate (ANN-NEPc). 140 °W meridian
divide used in Figure 5.3 & 5.4 analysis shown for reference........cceeveiveiieciiei s 99



Xi

Figure 5.3 Longitudinally averaged estimates for the Alaskan Gyre region (west of 140 °W) of mean (a)
pCO; and (b) air-sea CO, flux of: open ocean estimate (ANN-NEP) (dark blue), coastal estimate (ANN-
NEPc) (turquoise), and the coastal flux estimate recalculated using CCMP wind speed (lime green). (c)
and (d) are latitudinally averaged estimates for the eastern Cascadia Shelf border (east of 140 °W)
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Chapter 1. Introduction

Contains text that has been submitted to a scientific journal as: Kitch, G. D., Duke, P. J., Grabb, K. C.,
Simancas-Giraldo, S., Adekunbi, F. O., Addey, C. |., Arbilla, L. A., Carvalho, A. C. O., Chu, S. N., Green, R. A,,
Hamnca, S., Ghosh, A., Kirkland, A., Lowder, K. B., Meléndez, M., Fontela, M., Robache, K., Ringham, M.
C., Rgnning, J., Schockman, K. M., Stoll, M. M., Oliveira, R. R., and Wright-Fairbanks, E. K.: Early Career
Recommendations for Scaling an Equitable Marine Carbon Dioxide Removal Sector, Perspectives of Earth
and Space Scientists, under review, submitted April 30, 2024, Manuscript ID: 2024CN000246.

1.1 Motivation

Greenhouse gas emissions from human activities are driving adverse changes to Earth’s climate at an
unprecedented rate, including biodiversity loss, food and water insecurity, and extreme weather events
(IPCC, 2023b). Countries around the world must meet carbon emission reduction targets to retain
diverse ecosystems and support equitable human development (UNFCCC, 2015). Doing so requires
careful accounting of carbon stocks and fluxes (Peters et al., 2017). If global carbon sinks are shifting
under climate change, climate actions and emission reduction goals need to be adjusted accordingly,
while considering the social equity of the resulting policies (Boyce, 2018; Carley and Konisky, 2020; Peng,
2020). At present, there still exists a global carbon budget imbalance (i.e., a mismatch between
estimated total emissions and changes in the nearly independent estimated atmosphere, land, and
ocean reservoirs) of 0.3 Gt C yr! (Friedlingstein et al., 2023). While the 2023 imbalance is small, there is
substantial variability (+1 Gt C yr™!) over semi-decadal timescales resulting in a cumulative imbalance of
15 GT from 1850-2023 (i.e., approximately half of Canada’s cumulative emissions over the same time;
Friedlingstein et al., 2023). Imbalance variability is attributed to uncertainty in global land and ocean
sinks. Emissions have tripled in the past 60 years (Friedlingstein et al., 2023), but do not display a sub-

decadal signal.

The global ocean takes up approximately one quarter of the total anthropogenic (i.e., human-caused)
carbon emissions annually (Friedlingstein et al., 2023). However, temporal and spatial variability of the
marine sink are still not well constrained, particularly on interannual to decadal timescales (Fay and
McKinley, 2013a; McKinley et al., 2011a; Wanninkhof et al., 2013a). Both global ocean biogeochemistry
models and observation-based data products show the same patterns of decadal variability, yet the
primary driver remains a matter of debate (Friedlingstein et al., 2023). Previous studies point to changes
in the Southern Ocean (Landschitzer et al., 2015; Le Quéré et al., 2007), contributions from the North
Atlantic and North Pacific (DeVries et al., 2019; Landschitzer et al., 2016), or a global signal (McKinley et

al., 2020). In recent years, ocean carbon sink estimates from global ocean biogeochemistry models and



observation-based data products have increasingly diverged with a mean offset of 0.61 Gt C yr? in 2022
(Friedlingstein et al., 2023), leaving potential future changes in the marine sink associated with climate

change unclear (O’Neill et al., 2016).

The ocean's absorption of anthropogenic carbon dioxide (CO,) from the atmosphere is driving a decrease
in ocean pH, a process known as ocean acidification, which endangers marine ecosystems and human
communities that depend upon them (Doney et al., 2012, 2020; IPCC, 2013; Orr et al., 2005). Increased
acidity negatively impacts marine organisms that build calcium carbonate shells or skeletons (e.g., corals,
bivalves, coccolithophores, pteropods; Azetsu-Scott et al., 2010; Haigh et al., 2015), which may have
consequences for marine food webs (Fabry et al., 2008; Haigh et al., 2015), including culturally and
economically relevant species (Armstrong et al., 2005; Boldt and Haldorson, 2003). A greater
understanding of the spatial heterogeneity of ocean acidification is needed to better inform stakeholders
from government, industry, and communities on potential threats and actions such as carbon dioxide
removal (CDR) approaches that offer associated ocean acidification mitigation co-benefits (e.g., ocean

alkalinity enhancement; Bach et al., 2019).

Immediate and substantial emission reductions remain the highest priority action to mitigate adverse
climate change impacts (Ho, 2023a; Shutler, 2020). However, almost all pathways to limit warming to
1.5-2 °C globally over the coming century will also require CDR from the atmosphere (Cross et al., 2023;
IPCC, 2023b). CDR draws down legacy carbon pollution from the atmosphere and durably stores it in
geological, land, or ocean reservoirs (IPCC, 2023b). Marine CDR (mCDR) is experiencing a surge in
research, development, and proposed deployments. The momentum for mCDR is driven by the ocean’s
natural storage of 50 times more inorganic carbon compared to the preindustrial atmosphere
(Siegenthaler and Sarmiento, 1993), the ocean’s vast surface area for air-sea CO; equilibration, its
absorption of a quarter of anthropogenic CO, emissions to date (Friedlingstein et al., 2023), and finally
the limits of other CDR strategies (e.g., land use). Proposed mCDR interventions include stimulation of
biological carbon drawdown through ecosystem restoration, nutrient fertilization, and macroalgae
cultivation, direct stripping of CO, from seawater, artificial upwelling and/or downwelling of seawater,
and the manipulation of seawater alkalinity to enhance absorption of atmospheric CO, (GESAMP, 2019;
NASEM, 2022). Achieving Paris Agreement climate goals will require scaling up CDR capacity to remove
10-15 Gt CO; per year from the atmosphere by the middle of the century (Rogelj et al., 2018).
Sustainable land-based CDR methods can only remove up to 2-5 Gt per year if they are to pose little risk

to ecosystems and other Sustainable Development Goals (Deprez et al., 2024). Whereas mCDR



approaches are estimated to offer immense mitigation potential (e.g., ocean alkalinity enhancement: 1-

100 Gt per year; Smith et al., 2023) as part of the global CDR portfolio.

Demonstrating additionality of mCDR interventions above a counterfactual baseline represents one of
the largest challenges in mCDR monitoring, reporting, and verification (Ho et al., 2023; Novick et al.,
2022). Differentiating signals of mCDR from natural variability and anthropogenic climate change
requires extensive baseline assessments over sufficiently long-time frames and a firm understanding of
driving processes (GESAMP, 2019; Oschlies et al., 2023). Marine systems, particularly coastal systems,
experience considerable natural variability over seasonal, interannual, decadal, and long-term timescales
(e.g., Gruber et al., 2023; Resplandy et al., 2024; Takahashi et al., 2002). The need to design, maintain,
and grow regional scale ocean carbon observations, synthesis tools, and high-resolution process-based
models is essential in establishing mCDR baseline understanding for assessing additionality as well as

ecosystem impacts and response (Cross et al., 2022).

1.2 Research approach

Improved spatial and temporal coverage of marine carbon flux estimates can help improve our
understanding of the ocean’s role in the global carbon cycle (Arico et al., 2021). Gap-filling approaches
interpolating sparse observations to basin-wide estimates help inform global carbon budget accounting,
describe flux variability over multiple scales, map ocean acidification hotspots and trends, potential to
aid in establishing baselines for mCDR, and build a deeper understanding of drivers (Shutler et al., 2024).
Early continuous partial pressure of CO, (pCO;) products were limited by fewer observations used to
inform estimates, coarse spatial resolution (i.e., 4°x5°; Takahashi et al., 2002, 2009), and used a space—
time interpolation method (i.e., lateral 2-dimensional advection—diffusion transport equation for
surface-ocean water; Takahashi et al., 1995, 1997) to create monthly climatologies for a single reference
year. Evolving methods shifted to empirical approaches that considered high-order dependencies on
predictors (e.g., remotely sensed sea surface temperature, chlorophyll, etc.) to more robustly generate
the large dynamic range of observed pCO, distributions (Hales et al., 2012). Multiple linear regressions
have proven sufficient in describing mathematical relationships between predictor variables and other
marine carbonate system parameters (e.g., alkalinity, pH, aragonite saturation state) to produce robust
subsurface estimates (e.g., Carter et al., 2014, 2016, 2018; Espinosa, 2012; Evans et al., 2013a; Juranek et
al., 2011; Lee et al., 2006; Takatani et al., 2014). However, multiple linear regressions have been shown
to be less capable at estimating surface ocean pCO; (e.g., Hales et al., 2012). Previous methods included

labelling self-organizing map output (Friedrich and Oschlies, 2009; Nakaoka et al., 2013; Telszewski et al.,



2009), adapting an atmospheric tracer transport model trained on mixing ratio observations (Rédenbeck
et al., 2013), and two-step methods, for example using a self-organizing map and mechanistic nonlinear

relationships (Hales et al., 2012).

Benefitting from the increasing abundance of pCO; measurements at sea and community synthesis
efforts (e.g., through the Surface Ocean CO, Atlas (SOCAT); Bakker et al., 2016), a variety of artificial
neural network (ANN) methods have since evolved to create observation-based pCO; data products
(Bittig et al., 2018; Chen et al., 2019; Denvil-Sommer et al., 2019; Fay et al., 2021; Landschitzer et al.,
2013; Laruelle et al., 2017; Ritter et al., 2017; Zhong et al., 2022). ANN approaches are empirical
statistical models designed to describe the nonlinear and often discontinuous relationships between
pCO; targets and a set of predictor variables without any a priori assumptions. These data products,
combined with wind speed and atmospheric pCO,, have informed regional to global air-sea CO; flux
estimates of multiyear variability in the open ocean (Hauck et al., 2020; Landschiitzer et al., 2015, 2016,
2019; Wang et al., 2021), as well as the coastal ocean (Chen et al., 2016; Laruelle et al., 2017; Parard et
al., 2015, 2016; Roobaert et al., 2019; Xu et al., 2019).

In this dissertation, | investigate drivers of air-sea CO; flux variability over multiple scales in the
Northeast Pacific Ocean using a novel regional high-resolution ANN approach. | created continuous,
monthly, gridded seawater pCO; data products from January 1998 to December 2019, at an
unprecedented 1/12°x1/12° spatial resolution, in the Northeast Pacific open ocean and coastal ocean. |
adapted the ANN self-organizing-map-feed-forward-network (SOM-FFN) approach developed by
Landschitzer et al. (2013, 2014) to interpolate sparse pCO; observations to continuous basin-wide

estimates (Figure 1.1).

In a first step, the method divides the study area into biogeochemical provinces with similar
environmental characteristics, using a self-organizing map (SOM) approach. The unsupervised machine
learning SOM approach uses a predefined number of neurons (i.e., processing unit consisting of a weight
vector where each element of the weight vector corresponds to one predictor variable such as sea
surface temperature), for the same number of biogeochemical provinces, arranged on a 2-dimentional
grid. The elements of each weight vector represent its coordinates and the Euclidean distance between
neurons is calculated. The algorithm iteratively adjusts the neuron positions to minimize the sum of
Euclidean distances between all input vectors (i.e., individual grid cells) and the closest neurons. Each

input vector is assigned the value of the closest neuron, representing the province the grid cell belongs



to, then the vectors are converted back to a multidimensional array representative of dynamic

biogeochemical provinces in space and time.

In the second step, within each biogeochemical province, a feed-forward neural network (FFN) was used
to create non-linear functional relationships between pCO, observations and independent predictor
variables that are known to influence surface ocean CO; (i.e., sea surface temperature, chlorophyll, etc.).
The supervised machine learning FFN approach creates non-linear relationships between predictor data
co-located with target data by connecting them through two layers of artificial neurons. The first layer,
called the hidden layer, has neurons (equivalent to the number of degrees of freedom; number of
random weights and biases (i.e., acting like coefficients) that act on the predictors using a hyperbolic
tangent sigmoid transfer function that computes elements in the range of -1 to +1. The output vector of
the hidden layer serves as the input for the second layer of neurons, the linear output layer, to produce
one scalar pCO; estimate. Weights and biases are assigned an initial guess, then the output layer
estimate is compared to the internal training and evaluation target data, computing the mean squared
error (MSE). The Levenberg-Marquardt backpropagation training algorithm then iteratively adjusts the
weights and biases of the hidden layer neurons to minimize the MSE. With each iteration the FFN
reduces the MSE between the estimate and the internal pCO, targets. Once the MSE reaches a minimum
acceptable level, the training process stops, and the approximated non-linear relationships can be
applied to the gridded predictor data to fill space and time gaps to create continuous sea surface pCO;

maps.



Self organizing
maps (SOM)

Biogeochemical
Environmental provinces

predictors

SOCAT*
P selez;?:ricftcﬁr:ach D E— Fesdtmrars
. network (FFN)
province
Evaluation Monthlv 6CO
'”fep?”dj‘t (residuals, RMSE, el
evaluation data time series) P

Figure 1.1 Schematic of steps involved in the SOM-FFN artificial neural network method. Adapted from Laruelle et
al. (2017).

Using the estimated pCO,, wind speed, and atmospheric CO,, | calculated the associated air-sea CO,
fluxes (Wanninkhof, 2014). | go on to report integrated regional carbon drawdown, describe temporal
and spatial flux variability over seasonal, interannual, decadal, and long-term timescales, and uncover
drivers of variability. The created data products and insight mined in this dissertation provide
foundational knowledge for proposed mCDR in the region, and could be used to investigate ocean
acidification in surface waters if combined with another marine carbonate system parameter (e.g.,

alkalinity; Carter et al., 2018).

1.3 Study region

No high-resolution observation-based air-sea CO; flux estimate existed previously for the Northeast
Pacific Ocean. The open ocean Northeast Pacific has been characterized as a net annual sink for
atmospheric CO; (Franco et al., 2021; Sutton et al., 2017; Wong et al., 2010). While large heterogeneity
in air-sea CO; fluxes exist in the coastal Northeast Pacific (Fennel et al., 2019; Laruelle et al., 2018),
substantial stretches of the coast completely lack observations (Bakker et al., 2016; Benway et al., 2016;
Jiang et al., 2021; Lauvset et al., 2022). Large discrepancies exist between previous air-sea CO; flux
estimates within this region, with disagreement over the net annual flux magnitude and direction (i.e., as

a net sink or source for atmospheric CO,; Fennel et al., 2019).



Ocean acidification is expected to progress faster and more severely in the Northeast Pacific compared
to lower latitude waters (Fabry et al., 2009; Mathis et al., 2015). Cooler water temperatures can hold
more CO,, plus high baseline carbon concentrations due to global circulation patterns make waters in the
region more naturally acidic (Feely et al., 2004, 2012). Ocean acidification in the Gulf of Alaska may be
even further accelerated due to changes in glacial melt runoff, precipitation, and snow pack patterns
(Ballinger et al., 2023), as freshwater dilutes the buffering capacity of seawater (Evans et al., 2014).
Along the West Coast of Vancouver Island, shelf marine ecosystems are particularly vulnerable to ocean
acidification as upwelled waters have relatively low pH, and organic matter produced by upwelling

remineralizes to further lower pH (Feely et al., 2008).

The region is increasingly gaining attention as an mCDR pilot project hotspot while still lacking
established comprehensive baselines and process understanding. The British Columbia Ocean
Acidification and Hypoxia Action Plan identifies scientific and socio-cultural steps forward to evaluate
mCDR efficacy, potential remediation benefits for ocean acidification, and permanency of carbon storage
(British Columbia Ocean Acidification and Hypoxia Action Plan Advisory Committee, 2023).
Characterizing spatial and temporal air-sea CO; flux variability in British Columbia coastal waters was
identified as a priority action. Companies like Running Tide in collaboration with Ocean Networks
Canada, Ebb Carbon, and Planetary, currently have, or are proposing, mCDR field trials in the basin
(Geoengineering Map, 2023). The region has already been the location of geoengineered biological
carbon drawdown experiments (Boyd et al., 2005, 2007; lanson et al., 2012; Wong and Johnson, 2002),
in some cases propagating colonialism with promises of mCDR and ecosystem co-benefits (e.g., Haida

Gwaii 2012 ocean iron fertilization; Gannon and Hulme, 2018).

The geographic focus of this dissertation is the Northeast Pacific Ocean between latitudes 45°N and 62°N
and longitudes 120°W and 155°W (Figure 1.2). The coastal-open-oceanic boundary is defined as 300 km
offshore following Laruelle et al. (2017), corresponding roughly to the global average outer edge of
territorial waters (Crossland et al., 2005). The region is characterized as seasonally stratified and
experiences both subtropical and subarctic gyre influences (Whitney and Freeland, 1999). Two dominant
oceanographic features divide the region, the Alaskan Gyre system to the north, and the North Pacific
Current to the south (Figure 1.2; Franco et al., 2021). At approximately the latitude of Vancouver Island,
the North Pacific Current bifurcates to form the northward Alaska Current and the southward California
Current (Tabata, 1975). The Alaskan Gyre lies below the cyclonic winds of the Aleutian low pressure

system driving strong circulation and subsurface connection, with stratified summer conditions allowing



eddies and irregular meanders along the coast to persist (Thomson, 1981). Along the Alaskan
Southwestern coast, a strong narrow boundary current called the Alaskan Stream drives circulation out
of the region (Royer, 1979). The North Pacific open ocean has been typically characterized as a high-
nutrient, low-chlorophyll region. The designation is due to the inability of phytoplankton to use all
available macro-nutrients in surface waters in summer, because of the low influx of iron to the surface

ocean (Aumont et al., 2003; Dugdale and Wilkerson, 1991; Hamme et al., 2010; Martin et al., 1994).
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Figure 1.2 Geographical features in the Northeast Pacific Ocean and dominant surface currents (artistic
representation). Major freshwater inputs are labeled (> 40 km? y2). Bold straight arrows represent major surface
currents, thin straight arrows show coastal currents, and bold tapered arrows are subsurface currents.
Interpretation comes from (Freeland et al., 1984; Stabeno et al., 2004; Thomson, 1981; Weingartner et al., 2002).
The coastal-open-oceanic boundary at 300 km offshore is shown, as well as the nearshore region outside of the
Laruelle et al. (2017) global coastal pCO: estimate (dark pixelated squares nearshore).

The coastal ocean is heavily impacted by upwelling, terrestrial freshwater discharge, tidal mixing, and
coastal currents occurring on spatial scales on the order of tens of kilometers or less (Liu et al., 2010;
Nemcek et al., 2008). Wind induced upwelling dominates from late spring through early fall along the
coast from 45°N to the northern tip of Vancouver Island, with downwelling conditions favored during the
winter (Thomson, 1981; Ware and Thomson, 2005). Upwelling along the Pacific eastern boundary shelf

acts as an important pathway for nutrient delivery to the euphotic zone (Bianucci et al., 2011; Hales et



al., 2005; Messié and Chavez, 2015), but also as an environmental stressor bringing CO,-rich water to the
surface (Chan et al., 2017; Feely et al., 2008; Hales et al., 2005; lanson et al., 2003). Further north along
the Southeastern Alaskan coast, downwelling dominates from early fall through late spring (Thomson
and Ware, 1996; Weingartner et al., 2002). Large volume freshwater sources such as the Columbia and
Fraser Rivers (Evans et al., 2013b; Morrison et al., 2012), glacial runoff along the southern coast of Alaska
(Wang et al., 2004), and sea ice in Cook Inlet (Poole and Hufford, 1982), all exert freshwater controls over
the coastal ocean in the region. Prominent buoyancy driven currents include the Vancouver Island
Coastal Current running northward over the inner-shelf along the southeastern coast of Vancouver Island
(Freeland et al., 1984), and the Alaska Coastal Current flowing westward along the Kenai Peninsula
(Stabeno et al., 1995). The study area receives a mean annual terrestrial to marine runoff of

approximately 1850 km3 y* (Morrison et al., 2012; Wang et al., 2004).

1.4 Overview of chapters

There were three primary research questions explored in this dissertation.

(1) What is the present-day net annual air-sea CO; flux of Northeast Pacific Ocean?
(2) What drives variability over seasonal, interannual, decadal timescales?

(3) How has the air-sea CO; flux changed over the past decades?

Chapter 2 summarizes current research and identifies steps forward to improve our understanding of the

marine carbon sink in Canadian national and offshore waters.

Chapter 3 investigates drivers of air-sea CO; flux variability in the Northeast Pacific open ocean using a

novel regional high-resolution artificial neural network approach.

Chapter 4 investigates drivers of air-sea CO; flux variability in the Northeast Pacific coastal ocean

adapting the neural network approach used in Chapter 3.

Chapter 5 compares the coastal-open-oceanic boundary between the two observation-based pCO,; data

products used in Chapter 3 and 4 and considers the impact of wind speed uncertainty on flux estimates.

Chapter 6 summarizes results and makes concluding recommendations for future work in the region and

in advancing observation-based pCO, estimates.
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Chapter 2. Canada’s marine carbon sink: An early career perspective on

the state of research and existing knowledge gaps

Key points

1. Canadian waters are a net sink for atmospheric CO,.

2. Large heterogeneity and uncertainty attributed to observational and model estimates make it
challenging to quantify a “policymaker relevant” value in terms of grams of CO, uptake per year.

3. Robust and transparent monitoring, reporting, and verification protocols are needed to ensure
emerging ocean-based carbon dioxide removal techniques are real and durable.

4. |Institutional barriers actively discourage collaboration with First Nations in marine science in
Canada; however, existing collaborative frameworks and Indigenous-led programs offer
potential pathways to align future work with truth and reconciliation calls to action.

5. Expanded support (e.g., financially, emotionally, and collaboratively) for graduate students and
postdocs will enable a more innovative, equitable, and diverse marine carbon science and
technology community in Canada.

This work has been published in a scientific journal as: Duke, P. J., Richaud, B., Arruda, R., Langer, J.,
Schuler, K., Gooya, P., Ahmed, M. M. M., Miller, M. R., Braybrook, C. A., Kam, K., Piunno, R., Sezginer, Y.,

Nickoloff, G., and Franco, A. C.: Canada’s marine carbon sink: an early career perspective on the state of
research and existing knowledge gaps, Facets, 8, 1-21, 2023, https://doi.org/10.1139/facets-2022-0214.

2.1 Abstract

Improving our understanding of how the ocean absorbs carbon dioxide is critical to climate change
mitigation efforts. We, a group of early career ocean professionals working in Canada, summarize
current research and identify steps forward to improve our understanding of the marine carbon sink in
Canadian national and offshore waters. We have compiled an extensive collection of reported surface
ocean air-sea carbon dioxide exchange values within each of Canada’s three adjacent ocean basins. We
review the current understanding of air-sea carbon fluxes and identify major challenges limiting our
understanding in the Pacific, the Arctic, and the Atlantic Ocean. We focus on ways of reducing
uncertainty to inform Canada’s carbon stocktake, establish baselines for marine carbon dioxide removal
projects, and support efforts to mitigate and adapt to ocean acidification. Future directions
recommended by this group include investing in maturing and building capacity in the use of marine
carbon sensors, improving ocean biogeochemical models fit-for-purpose in regional and ocean carbon

dioxide removal applications, creating transparent and robust monitoring, verification, and reporting
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protocols for marine carbon dioxide removal, tailoring community-specific approaches to co-generate
knowledge with First Nations, and advancing training opportunities for early career ocean professionals

in marine carbon science and technology.

2.2 Introduction

Increases in greenhouse gas emissions due to human activity are driving adverse changes to human
systems and ecosystems, including increases in biodiversity loss, food and water insecurity, and extreme
weather events (IPCC, 2023a). To mitigate climate change related risks, Canada must adhere to national
and international greenhouse gas emission reduction strategies and environmental policies. Doing so
requires careful accounting of Canada’s carbon stocks and fluxes. To this end, we must improve our
understanding of the ocean’s role in the global carbon cycle. Understanding the variability of the marine
carbon sink can better inform future scientific observational programs, climate forecasting, and net-zero
emission pathways (Environment and Climate Change Canada, 2020). Current estimates suggest that the
global ocean has taken up approximately one quarter of the total anthropogenic (i.e., human-caused)
carbon dioxide (CO>) emissions (Friedlingstein et al., 2022a; Lindoso, 2019). Yet, gaps in our knowledge
of the spatial and temporal variability in the natural marine carbon sink limit our ability to assess
potential future changes in this important process. Indeed, owing to a lack of continuous observations of
surface ocean CO; and air-sea CO; fluxes, especially in high-latitude regions and during the winter
season, the long-term variability of the physical and biological processes that contribute to the marine
carbon sink remain poorly understood (Fay and McKinley, 2013a; McKinley et al., 2011a; Wanninkhof et
al., 2013a). To address this knowledge gap, we must improve the spatial and temporal coverage of
marine carbon flux observations (Arico et al., 2021) and integrate new data with efforts to improve
ocean biogeochemical modelling and climate projections. These tools should be used alongside other
approaches from non-scientific viewpoints (e.g., traditional knowledge) to inform the co-development of

climate change impact adaptation strategies and marine mitigation methods.

In Canada, current climate policy focuses on energy systems, infrastructure, transportation, and the
terrestrial carbon sink. Presently, the marine carbon sink is excluded from climate policy considerations
in the Pan-Canadian Framework on Clean Growth and Climate Change (Dion et al., 2021; Government of
Canada, 2016). However, the Canadian coastline is the largest in the world, touching three major ocean
basins: the Pacific, Arctic, and Atlantic (Figure 2.1). In these waters, both physics and biology cause the
marine carbon sink to vary strongly over space and time (Fennel et al., 2019; Laruelle et al., 2018). As the

data we have compiled will show, Canada’s oceans are collectively considered a natural CO; sink with
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large heterogeneity, making it difficult to incorporate the marine system into Canada’s climate change
mitigation plans, let alone the United Nations’ Framework Convention on Climate Change emissions
accounting system (Dion et al., 2021). In order to measure the success of the Paris Agreement as part of
the global stocktake (Peters et al., 2017), climate action and emission reduction targets must be adjusted
to reflect variability in the marine carbon sink, while considering the social equity of the resulting

policies (Boyce, 2018; Carley and Konisky, 2020; Peng, 2020).

Bathymetry (m)
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— Main surface currents

Figure 2.1 Schematic of major surface ocean currents in Canada's adjacent ocean basins and both seasonal
minimum and maximum sea ice extent. Map uses a Lambert Conformal Conic projection.

In reaching net-zero emissions there is high demand from governments and businesses for Carbon
Dioxide Removal (CDR) projects, with many proposed in marine settings (Cooley et al., 2023). Proposed
projects include artificially stimulating biological carbon drawdown or manipulating seawater properties
to enhance CO; absorption (GESAMP, 2019; NASEM, 2021). In western Canada, the Provincial
Government of British Columbia has designated coastal blue carbon (i.e., carbon stored in marine
systems) as a negative emissions “technology” aimed at meeting emission reduction goals (Government
of British Columbia, 2021). Other Canadian jurisdictions will likely follow suit (Drever et al., 2021; Fong

and MacDougall, 2023), with many start-up companies and carbon creditors rapidly moving into ocean
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CDR (Hurd et al., 2022). However, many proposed CDR approaches focus on CO, removal from seawater
(GESAMP, 2019), instead of direct uptake from the atmosphere. While the resulting deficit in oceanic CO,
drives the transfer of CO, from the atmosphere to ocean, the timescale of re-equilibration varies from
weeks to months, and depends heavily on various environmental factors (e.g., gas transfer velocity,
mixed layer depth, ratio between marine carbonate system chemical species, water mass subduction;
Wanninkhof et al., 2009; Jones et al., 2014). A firm understanding of processes driving carbon fluxes and
establishing environmental baselines becomes critical to ensuring emerging ocean CDR techniques are
robust, permanent, measurable, and verifiable. In the absence of such considerations, CDR approaches
may simply be moving CO, between different oceanic carbon pools, which may help mitigate ocean
acidification locally but does not lead to CO, removal from the atmosphere, the latter being required for

climate change mitigation.

As a consequence of oceanic uptake of anthropogenic CO,, ocean acidification is an increasingly
prominent threat to both marine ecosystems and shellfish aquaculture (Doney et al., 2012, 2020; IPCC,
2013; Orr et al., 2005). For example, increased acidity negatively impacts marine organisms that build
calcium carbonate shells or skeletons (Azetsu-Scott et al., 2010) (e.g., corals, bivalves, coccolithophores,
pteropods), which may have consequences for marine food webs (Fabry et al., 2008; Haigh et al., 2015),
including the culturally and economically relevant species that rely on them. Key commercial species
such as oysters, mussels, and lobsters are particularly vulnerable to ocean acidification effects (Barton et
al., 2012; Ekstrom et al., 2015; McLean et al., 2018), jeopardizing Canadian aquaculture revenues of
approximately $115 million per year (Aquaculture Value Added, 2022) and fisheries revenues of $3.6
billion per year (Seafisheries Value Added, 2022). Coastal communities, especially First Nations that have
constitutionally protected rights to traditional harvests, will likely incur unquantifiable social, cultural,
and economic losses through the consequences of ocean acidification. Some ocean CDR approaches
offer associated ocean acidification mitigation co-benefits (e.g., ocean alkalinity enhancement; Bach et
al., 2019). In Canada, the British Columbia Ocean Acidification and Hypoxia Action Plan will support
commitments within the CleanBC Roadmap to 2030 to explore ocean CDR (Government of British

Columbia, 2022).

Coastal Indigenous communities as rights and title holders will disproportionately require ocean
acidification mitigation strategies and be faced with evaluating ocean CDR project proposals (Lezaun,
2021). Natural science research is not immune to or removed from the need for reconciliation to

rebalance relationships with First Nations (Truth and Reconciliation Commission of Canada, 2015), which
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can create a path forward based on trust and respect (Kovach, 2021; McGregor, 2018; Wong et al.,
2020). Indigenous peoples have a deep understanding of the land and waterways that comprise their
traditional territories and continue to require new information to adapt to climate change impacts.
Collaborative efforts to bridge different knowledge systems (Indigenous and Western) can help solve
complex climate adaptation and mitigation problems. However, there is no one-size fits all approach to
integrating different knowledge systems (Rivers et al., 2023). These projects require meeting individual
community needs in a tailored approach built on trust, and those needs vary between coasts and

Nations (Rivers et al., 2023).

The next generation of oceanographers will need to evolve ocean science research to aid in climate
change mitigation and adaptation action while addressing truth and reconciliation with First Nations in
Canada. Against the backdrop of unprecedented rates of change in the marine environment (Pértner et
al., 2019), these early career researchers are playing (and will continue to play) a critical role in creating
and regulating monitoring, reporting, and verification (MRV) protocols for ocean CDR. Differentiating the
immense background noise of natural variability (i.e., seasonal, interannual, decadal), compounded with
anthropogenic climate change impacts, to discern and monetize ocean CDR intervention requires
complete marine carbon budgets (Legge et al., 2020). Following widespread public criticism over
forestry-based carbon credits that did not lead to genuine carbon reductions (Greenfield, 2023), early

career ocean scientists will face strong public scrutiny to ensure ocean CDR is real and durable.

In light of the challenges identified above, in this article, we provide an early career perspective on the
state of research and necessary steps to improve our understanding of the marine carbon sink in
Canadian national and offshore waters. First, we outline the current state of knowledge and major
challenges to quantify air-sea CO; fluxes in each of Canada’s three adjacent ocean basins (coastal and
offshore) along with coast-specific Indigenous-led or co-led projects. In the Future Directions section, we
present our recommendations for future research initiatives. We prescribe enhanced collaboration
among the observational and modelling communities, and strongly advocate for the co-generation of
knowledge by scientists and First Nations. As an interdisciplinary cohort of graduate students and
postdoctoral fellows spanning five major Canadian universities and seven different nationalities, this
article offers firsthand insight into the perspectives and direction for the upcoming generation of

Canadian carbon-flux research scientists and ocean professionals.
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2.3 Canadian marine CO; uptake

Here, we have compiled the most complete collection of reported air-sea CO; flux data in Canadian and
adjacent open-ocean waters (Figure 2.2; Table A.1), drawn from 61 published studies (14 Pacific, 8
Atlantic, 29 Arctic, 10 global). This compilation of data will act as a reference for future work and as a
timestamp for monitoring efforts as future climate change impacts the variability and intensity of the
marine carbon sink. Figure 2.2 summarizes air-sea CO; flux density (i.e., the amount of CO; moving
between the atmosphere and surface ocean in a given area and time) estimates complied in Table A.1 in
Canadian waters from a range of observational studies, interpolation-based products, and
biogeochemical models. Air-sea CO; flux estimates based on marine carbon state variables other than
the partial pressure of CO; (i.e., dissolved inorganic carbon, alkalinity, and pH) have been excluded due
to elevated uncertainty from such calculations (Orr et al., 2018). In general, Canadian waters are a net
sink for atmospheric CO; (Figure 2.2 & Table A.1). However, given the current uncertainty attributed to
each individual estimate, as well as the variability and time between estimates, we cannot yet quantify a
“policymaker relevant” value in terms of grams of CO, uptake per year. The compiled estimates come
from both inside Canada’s exclusive economic zone (200-mile offshore limit) and beyond it including the
offshore open ocean regions adjacent to Canada’s shelf seas. Table A.1 also includes expanded Arctic
coverage of air-sea CO; flux estimates. The offshore regions were included based on the transboundary
nature of ocean processes and their potential influence on fluxes along Canada’s continental margins
(Figure 2.1), as well as Canada’s proximity to monitoring for global stocktake efforts. This collection of
air-sea CO; flux estimates only addresses one component of building complete marine carbon budgets
(Legge et al., 2020). Carbon fluxes between other stocks, including the water column (pelagic), seafloor
sediments (benthic), and at the terrestrial to marine interface (river input), as well as fluxes of non-CO»

greenhouse gasses (e.g., methane, nitrous oxide), are not the focus of this article.
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Figure 2.2 Air-sea CO: flux densities by region in mol C m? yrl. Negative flux (blue) indicates oceanic sink, positive
flux (red) indicates oceanic outgassing. The estimation method is indicated as: direct observations (solid dark bars),
observation-based interpolation products such as Neural Network (NN) and Multiple Linear Regression (MLR)
(hatched bars), and regional ocean biogeochemical models (solid light bars). Bars with a maximum and a minimum
for the same study have the minimum indicated on the same bar. The bars with a white filling are the average for
the region. The error bars for the regional average indicate the standard deviation. The error bars in individual
studies indicate the reported uncertainty. Numbers above or below the bars indicate the references: 1) Wong and
Chan (1991), 2) Sutton et al. (2017), 3) Palevsky et al. (2013), 4) Chierici, Fransson and Nojiri (2006), etc. Details in
Table A.1. Expanded Arctic coverage in Table A.1. Modified and expanded on from Fennel et al., (2019). Map uses a
Lambert Conformal Conic projection.
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2.3.1 Canadian Pacific

The Subarctic Northeast Pacific appears to behave as a net sink for atmospheric CO; at present day
(Figure 2.2). However, the Canadian Pacific comprises diverse oceanographic regions - open ocean,
continental shelf, a marginal sea (i.e., Salish Sea), and numerous fjords - that contribute to large spatial

variability in the magnitude and direction of the air-sea CO; flux.

Published results suggest an overall open ocean CO; sink of -1.1+0.6 mol C m?2 yr! (mean and standard
deviation from Table A.1). While persistently undersaturated with respect to atmospheric CO,, the
seasonal amplitude in surface ocean CO; is also relatively small (approximately 20 patm; Sutton et al.,
2017), mainly reflecting competing seasonal variability in sea surface temperature and dissolved
inorganic carbon content (Sutton et al., 2017; Wong et al., 2010). Through the spring and summer, rising
sea surface temperatures increase the partial pressure of surface ocean CO, while biology consumes
carbon in the iron-limited high-nutrient low-chlorophyll region (Aumont et al., 2003; Dugdale and
Wilkerson, 1991; Freeland et al., 1984; Martin et al., 1994; Wong et al., 2010). Over the fall and winter,
sea surface cooling decreases the partial pressure of surface ocean CO; while mixed layer deepening
mixes high-CO, water into the surface (Wong et al., 2010). Observed long-term changes in CO; fluxes
show a clear increase in surface ocean CO; generally consistent with, or slightly weaker than the
atmospheric CO; increase (Franco et al., 2021; Wong et al., 2010). Further north, the upwelling strength
of the subpolar Alaskan Gyre has been shown to be the dominant control on surface carbonate
chemistry seasonally (Figure 2.1; Chierici, Fransson and Nojiri, 2006; Palevsky et al. 2013; Brady et al.
2019) and on longer timescales (Hauri et al., 2021). Increased winter wind speeds drive stronger gyre
upwelling bringing CO,-rich subsurface waters to the surface leading to seasonal outgassing (Chierici et
al., 2006). Over decadal timescales this upwelling strength can dampen or accelerate apparent ocean

acidification rates (Hauri et al., 2021).

Along the continental margin, strongly varying estimates suggest a seasonal summer CO, source (Figure
2.2). The air-sea CO; flux of coastal waters are heavily impacted by upwelling (Figure 2.3), river plumes,
and coastal currents (Evans et al., 2012, 2019; Evans and Mathis, 2013; lanson et al., 2003; Nemcek et
al., 2008). Upwelling along the Pacific eastern boundary shelf has contrasting impacts on the oceanic CO,
sink (Figure 2.3). Upwelling stimulates biological CO, uptake by supplying nutrients for primary
production (Messié and Chavez, 2015) leading to very strong atmospheric uptake values in bloom
hotspots (Figure 2.3; Table A.1; Ribalet et al., 2010). Upwelling also transports high-CO, water from

depth to the surface, counteracting the biological uptake and temperature-driven CO, uptake (Figure 2.3;
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Christensen, 1994; lanson and Allen, 2002; Feely et al., 2008; Chan et al., 2017). The balance of
upwelling to downwelling strength has been shown to be a dominant control on air-sea CO; flux along
the Canadian Pacific continental slope and shelf (lanson et al., 2009). In general, regions further north
such as Queen Charlotte Sound, are expected to act as a stronger atmospheric CO; sink driven by
stronger winter downwelling pushing high-CO, subsurface shelf waters offshore (lanson et al., 2009).
Within the Salish Sea, Alaska’s Inside Passage, and coastal inland fjords, gas fluxes into and out of the
ocean are highly episodic and spatially heterogeneous (Jarnikova et al., 2022b), owing to seasonal
freshwater input, high organic matter fluxes and longer residence times (i.e., nutrient trapping; Jarnikova
et al., 2022), and the significant variability in tidal mixing throughout the coastal archipelago of British
Columbia (Evans et al., 2022).
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Figure 2.3 Conceptual model of wind-induced upwelling along the West Coast of North America. Equatorward
winds combined with Coriolis force move nearshore surface waters offshore, forcing colder, nutrient, and dissolved
inorganic carbon (DIC) rich subsurface waters to rise to the surface leading to outgassing. As the new stratified
surface waters move offshore, rapid phytoplankton blooms deplete nutrients and lower COz, enhancing uptake.
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Historically, the Subarctic Northeast Pacific has been relatively well-sampled for surface ocean CO;
measurements (Bakker et al., 2016). The Line P program, operated by Fisheries and Oceans Canada, has
contributed over 30 years of sustained inorganic carbon system observations. While the program
constitutes one of the longest such time series in the global ocean (Franco et al., 2021; Freeland, 2007),
samples are usually only collected three times a year. The Ocean Station Papa mooring operated by the
US-based National Oceanic and Atmospheric Administration offers continuous ocean carbon
measurements beginning in 2007 at the oceanic end of Line P (Sutton et al., 2017). Increased
international Biogeochemical-Argo profiling float deployments in the region will also likely lead to
improved air-sea CO, flux estimates (Bushinsky et al., 2019). Despite the large number of studies
conducted in the Canadian Northeast Pacific (Table A.1), the mechanisms driving past, and potential
future changes in the marine CO; sink remain unclear (O’Neill et al., 2016). Projected restrictions in
upper ocean mixing due to increased seasonal stratification (Cummins and Ross, 2020; Durack et al.,
2012; Freeland, 2013) and warming (Capotondi et al., 2012) will likely alter the seasonal CO; cycle
(Fassbender et al., 2018a, b; Landschitzer et al., 2018), and the net flux. The impact of interannual
variability (e.g., El Nifio-Southern Oscillation, Pacific Decadal Oscillation), and extreme events (e.g.,
marine heatwaves), on the air-sea CO; flux are just beginning to be understood (Mogen et al., 2022).
Marine heatwaves have already become longer-lasting, more frequent, more extensive, and more
intense (Frolicher et al., 2018), with the Northeast Pacific experiencing dramatic temperature anomalies

during 2014 and 2019 (Bond et al., 2015; Ross et al., 2019).

Modelling and observation work suggest that the time required to distinguish changes in the magnitude
of the ocean carbon sink due to anthropogenic climate change is longer in the Northeast Pacific than in
other Canadian ocean basins (Gooya et al., 2023; McKinley et al., 2016; Sutton et al., 2019). The longer
time to detection is due to surface ocean CO; in the region largely increasing at a rate similar to
atmosphere CO,. Similar growth rates cause the change in the carbon sink to remain small, while internal
variability remains large relative to the anthropogenic signal (McKinley et al., 2016; Resplandy et al.,
2015; Sutton et al., 2019). There is a glaring lack of continuous observations during winter months
(entire region), and year-round in some regions (e.g., coastal waters and regions surrounding Haida
Gwaii), which are required to describe this natural variability (Hunter et al., 2015). High spatial and
temporal resolution regional biogeochemical models have been successful in describing the influence of
terrestrial freshwater inputs, spatial heterogeneity in the upwelling zone, and submesoscale eddies
(Table A.1). However, these modelling studies remain limited in their spatial extent and multiyear

coverage required to characterize the entire Canadian West Coast over decadal timescales. Similarly,
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observations of coastal waters have limited temporal coverage, with most coastal interpolation-based

products only capable of producing seasonal climatologies (Table A.1).

Enhanced collaboration is needed in improving observational coverage in the Northeast Pacific, in
communicating with stakeholders (e.g., commercial fishers, aquaculture farmers) and rightsholders (e.g.,
First Nations) on changing ocean acidification risk, and in developing community-first governance
policies with respect to ocean CDR approaches. Priority should be placed on building relationships
leading to knowledge sharing and knowledge co-production with Indigenous-led groups actively
developing and updating marine use plans (Wong et al., 2020). The Marine Plan Partnership Initiative,
developed by the province of British Columbia and 17 member First Nations, has already created guiding
policy around the management of human activities in northern coastal territorial waters using an
ecosystem-based management framework (Marine Planning Partnership Initiative, 2015d, b, a, ¢). The
First Nations Health Authority’s “We All Take Care of the Harvest” program aims to help coastal
communities plan for and manage climate impacts that affect seafoods. The Government of Canada’s
“Salish Sea Initiative” offers funding for collaborative Indigenous marine ecosystem stewardship
activities. The First Nations Fisheries Council of British Columbia’s action plan is built around
relationships and reconciliation, aquatic resource management, safeguarding habitat, and responding to
threats like climate change (Atlas et al., 2019; Haggan et al., 2009). Enhanced observation of carbon
fluxes and policy around ocean CDR and MRV could be woven into these ecosystem-focused marine use
plans and expanded to other communities using the same collaborative framework (Diggon et al., 2021,
2022). This approach would create a strong knowledge base to evaluate climate impacts and ecosystem

impacts related to negative emission technologies.

2.3.2 Canadian Atlantic

Overall, the Northwest Atlantic Ocean acts as a net sink of atmospheric CO; (Figure 2.2). However, many
coastal regions (e.g., Gulf of St. Lawrence, Scotian Shelf, and Bay of Fundy) potentially act as a source of
CO; to the atmosphere (Figure 2.2). The Scotian shelf, for example, is a highly variable region, with CO,
flux estimates ranging from a strong source of CO, to the atmosphere (Rutherford et al., 2021; Shadwick
et al., 2011) to a weak sink for atmospheric CO, (Signorini et al., 2013). Air-sea CO; fluxes in the Labrador
Sea are approximately 40% larger relative to that of open ocean regions in the Canadian Pacific largely

due to differences in winter mixing depth between the two regions.
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The Labrador Sea is a deep-water formation site where cool, dense water sinks to depth (up to 2000 m in
a matter of days; Marshall et al., 1998, 2001), before flowing equatorward as part of the global ocean
thermohaline circulation (Wunsch, 2002). This process has the potential to move atmospheric CO; taken
up by surface ocean waters to depth (Figure 2.4), drawing a direct connection between the atmosphere
and the deep ocean, where it can remain trapped for timescales on the order of up to thousands of
years (Broecker, 1979). Deep water formation renews the region’s capacity to maintain high-CO, uptake
rates by exposing deep water with little anthropogenic carbon to the atmosphere (Figure 2.2&2.4;
Gruber et al., 2019). Given the importance of the Labrador Sea as a region of intense anthropogenic
carbon uptake (Devries, 2014; Gruber et al., 2019a; Khatiwala et al., 2013), it also represents (at present)
one of the largest gaps in CO, observations in Canadian waters (Table A.1). Dominant processes that
drive the seasonal variability of surface ocean CO; in the Central Labrador Sea includes deep convection
in the fall and winter driven by cooling and by the cyclonic boundary currents in the basin (Figure 2.1;
Rieck, Boning and Getzlaff, 2019). Deep convection brings high-CO; and nutrient rich water from depth
to the surface, reducing oceanic uptake of atmospheric CO; over the winter months (Figure 2.4). In the
spring, biological uptake acts to reduce CO; at the surface and increase air-sea CO; fluxes, leading to
enhanced uptake of atmospheric CO; from spring to summer (Figure 2.4; DeGrandpre et al., 2006;
Koértzinger et al., 2008; Atamanchuk et al., 2020). Preconditioned by upwelled nutrients driven by the
winter deep convection, and the increasing supply of sunlight, the North Atlantic spring phytoplankton
bloom in the Labrador Sea is one of the most efficient biological carbon pumps globally (Baker et al.,
2022). Following the bloom, large organic particles and aggregates sink out of the surface mixed layer
due to gravity, moving CO, to depth (Briggs et al., 2011; Villa-Alfageme et al., 2016). Smaller particles and
dissolved carbon are removed from the surface in the fall and winter by vertical mixing through
deepening of the surface mixed layer (Dall’Olmo et al., 2016; Lacour et al., 2019), eddy activity
(Resplandy et al., 2019), and large-scale subduction (Hansell et al., 2009). The succession of these carbon
export fluxes in the Labrador Sea allows continuous carbon export to depth year round (Figure 2.4; Boyd
et al., 2019). Over interannual and decadal timescales, during the positive phase of the North Atlantic
Oscillation, subpolar regions experience increased vertical mixing and lower sea surface temperatures,
driving variability in Northwestern Atlantic Ocean CO; fluxes (Thomas et al., 2008; Ullman et al., 2009;
Yashayaev and Loder, 2017). Under global warming, shoaling of the mixed layer depth and the addition
of glacial meltwater could impact the future biological regime of the Labrador Sea by increasing

stratification (von Appen et al., 2021; Balaguru et al., 2018).
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Figure 2.4 Conceptual model of subpolar Atlantic Ocean deep convection. During summer, biological production
combined with strong stratification draws down surface DIC, enhancing CO: uptake. Increased wind and buoyancy
loss in the fall encourages deeper mixing to supply higher DIC from below the summer mixed layer depth. Deep
convection continues to increase DIC throughout the mixed layer in the winter, weakening CO: uptake. In the
spring, mixed layer shoaling and increasing solar irradiance promote surface DIC removal by large-scale
phytoplankton growth, subsequent export, and remineralization below the springtime mixed layer. A portion of
which is exported below sequestration depth and laterally by the equatorward boundary current.

As the cold and fresh Labrador Sea current warms flowing southward along the Newfoundland-Labrador
and Scotian Shelf (Figure 2.1), surface ocean CO; levels rise above saturation, leading to outgassing,
uncharacteristic of high latitude continental shelves (Figure 2.2). This coastal environment is further
complicated by upwelling of cold, high-CO,, and nutrient rich waters along the continental slope, which
increase surface ocean CO; levels to feed the spring phytoplankton bloom before reducing CO, again.
This process is comparable to upwelling in the Northeast Pacific (Figure 2.3). However, unlike the West
Coast of Vancouver Island, where the high-CO, upwelled water causes an increase in surface ocean CO,
(Evans et al., 2012), on the Scotian Shelf, the cooling effect of the upwelled water has been shown to
overwhelm the CO, increase, resulting in a net decrease in surface ocean CO; (Rutherford et al., 2021).
The reason for this difference is linked to global ocean circulation patterns, where subsurface waters in

the Pacific tend to accumulate a greater amount of dissolved inorganic carbon due to remineralization of
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organic matter (England, 1995). The competing mechanisms of upwelled water on air-sea CO; fluxes are
highly variable spatially and temporally, making them difficult to capture in observations or numerical
models. This difficulty can lead to diverging results between studies characterizing the Scotian Shelf as
both a source and sink of CO; (e.g., Table A.1; Shadwick et al., 2011; Laruelle et al., 2014; Rutherford et
al., 2021). In the Gulf of St. Lawrence, tidal and estuarine mixing bring respired organic matter into the
surface layer driving CO, outgassing in the shallow mouth of the estuary (Dinauer and Mucci, 2017). In
the deeper oceanward part of the St. Lawrence region, enhanced biological drawdown keeps surface
ocean CO; undersaturated driving net uptake from the atmosphere (Dinauer and Mucci, 2017). However,

these fluxes may shift in the future due to increased biological production (Dinauer and Mucci, 2018).

Air-sea CO; fluxes at both offshore and coastal regions of the Canadian Northwest Atlantic are directly
affected by the formation of Labrador Sea Water, which in turn drives variability and intensity of the
Labrador current. Uncertainty in air-sea CO; fluxes are largely attributed to the sparsity of direct
observations in the Labrador Sea and much of the subpolar North Atlantic, lack of agreement between
wind speed products (Atamanchuk et al., 2020), and not enough direct estimates of the volume of
Labrador Sea Water formation during any given winter (Li and Lozier, 2018). Most surface ocean CO,
observational data in the Northwest Atlantic Ocean comes from the Ship-Of-Opportunity Program using
volunteer merchant ships, with spatial coverage most densely concentrated around busy shipping tracks
(Bakker et al., 2016). Regions of greatest spatial coverage include the Southern Labrador Sea, Gulf of
Maine, and in the Gulf Stream region south of Nova Scotia off the east coast of the United States (Figure
2.1). Whereas the Grand Banks region, along with both the shelves of Labrador and Newfoundland, as
well as the Central Labrador Sea remain very data sparse. For those data-poor regions ongoing
monitoring programs like the Atlantic Zone Off-Shelf Monitoring Program and Atlantic Zone Monitoring
Program (Ringuette et al., 2022; Therriault et al., 1998) are making important efforts to provide
additional continuous observations, but are still limited to summer sampling programs. International
monitoring programs also contribute significantly to observations in the region such as GO-SHIP (ARO7W,
A02, and Davis monitoring lines), Overturning in the subpolar North Atlantic Program (OSNAP), and
Biogeochemical-Argo (Lacour et al., 2019). The absence of buoys measuring wind speed in the Labrador
Sea also contributes to air-sea gas exchange uncertainties (Atamanchuk et al., 2020). Improving our
understanding of the controls on air-sea CO; fluxes in the Central Labrador Sea may even lead to
improved estimates for the whole North Atlantic basin (Friedrich and Oschlies, 2009). The importance of
the region for global marine carbon uptake emphasises the value in maintaining the Atlantic Repeat

Hydrography Line ARO7W line operated by Fisheries and Oceans Canada (Hall et al., 2013) across the
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Central Labrador Sea. The use of new autonomous sensing platforms for measuring CO; (e.g., using wave
gliders as in DeYoung et al. 2020) may also play an important role in gap filling. The success of a few
previously deployed long-term moorings in the region have greatly improved our understanding of the
seasonality of CO; fluxes in the Labrador Sea, such as the most recent completed by the SeaCycler
deployment in 2016/2017 (Atamanchuk et al., 2020), and the others deployed in the early 2000s
(DeGrandpre et al., 2006; Kortzinger et al., 2008; Martz et al., 2009).

Like Pacific Canada, traditional knowledge exchange and collaboration between the scientific community,
government entities, and First Nations can prove to be extremely successful. Atlantic Canada is home for
many Indigenous groups offering immense opportunity for traditional knowledge exchange and for
collaboration in ocean observing/monitoring efforts (Proulx et al., 2021). Alexander et al. (2019) mapped
past research (in marine management, monitoring, and marine research) published in collaboration with
Indigenous communities in Canada. In Atlantic Canada only five case studies were found in the literature,
making this region the one with the least collaborations compared to Arctic and Pacific Canada. Further,
in the report of Moran et al. (2022) there is only one community monitoring platform directly
collaborating with Indigenous groups on the East Coast, located in Placentia Bay, Newfoundland. Yet,
Eger et al. (2021) show increasing opportunities for integrated marine management with Indigenous
groups in the Bay of Fundy area. While historically, Atlantic Canada is missing a myriad of opportunities
within these Indigenous collaborations, there is a promising new Atlantic Regional Association of the
Canadian Integrated Ocean Observing System - CIOOS (Stewart et al., 2019) pushing to create programs
with Indigenous communities (Proulx et al., 2021). As early career ocean professionals, we strongly
suggest that the efforts of CIOOS-Atlantic include air-sea CO; fluxes as a research area of focus in both

coastal and offshore regions of Atlantic Canada.

2.3.3 Canadian Arctic

The Arctic Ocean is predominantly a CO; sink (Figure 2.2). Current estimates indicate that the pan-Arctic
Ocean constitutes 5 to 14% of the global oceanic CO, uptake, despite covering only 3% of the global
ocean area (Bates and Mathis, 2009). Uptake values reported in the Canadian Arctic are among the
highest in Canadian waters (Figure 2.2), but are sparse, and highly disparate in space and time (Table

A.1).

Arctic Ocean air-sea CO; fluxes are uniquely impacted by the presence of sea ice, which effectively

prevents air-sea CO; exchange (Figure 2.1; Figure 2.5). Variability in ice conditions thus explains part of



25

the regional and temporal distribution of CO, uptake, with areas of longer open water seasons being
stronger sinks (e.g., Chukchi Sea, Baffin Bay, Labrador Sea; Figure 2.2). Harsh Arctic weather and ice
conditions induce a seasonal bias in field observations, restricting most scientific campaigns to take place
over the summer months (Table A.1). This observation gap is usually waived by considering non-open
water seasons as negligible to the annual contribution (e.g., Loose et al. 2011; Ahmed et al., 2021).
However, observed wintertime CO; fluxes in comparatively smaller scale polynyas and ice leads are one
to two orders of magnitude higher than predicted by theory in open waters (Else et al., 2011). On top of
the physical flux barrier, sea ice chemistry affects CO; fluxes through the sea ice carbon pump during
both sea ice formation and melt (Rysgaard et al., 2011). During sea ice melt, dissolution of ikaite (a form
of calcium carbonate in sea ice) lowers surface ocean CO,, increasing the potential for atmospheric
uptake (Figure 2.5; Rysgaard et al., 2013). During sea ice formation high-CO; brine within the ice is
rejected into the underlying seawater and sinks to depth (Figure 2.5; Rysgaard et al., 2007). Both
processes significantly modify air-sea CO, fluxes during fall and spring (DeGrandpre et al., 2019; Duke et
al., 2021; Mortenson et al., 2020). Finally, sea ice also impacts biological CO, drawdown in a number of
ways, by imparting local controls on the timing, duration and magnitude of spring and summer primary

production (Arrigo et al., 2008, 2012; Rysgaard et al., 1999; Sgreide et al., 2010).
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Figure 2.5 Conceptual model of Arctic Ocean sea-ice carbon pump. During summer, sea ice melt results in the
dissolution of ikaite (a form of calcium carbonate in sea ice) crystals within the ice to increase surface ocean
alkalinity, lowering the partial pressure of CO2 and enhancing uptake. Additionally, primary productivity in both sea
ice and the water column further reduce CO,. Subsequent ice formation in the winter results in dissolved inorganic
carbon (DIC) being rejected together with dense brine that sinks.
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Regardless of the past or present state of the carbon budget in the Arctic Ocean, its future is likely to be
significantly different. The Arctic is warming at two to three times the rate of global warming (IPCC,
2019). Sea ice decline is the archetype of climate change signals. The reduction of multi-year sea ice over
the last decade has resulted in large portions of the Canadian Arctic becoming seasonally ice-free (Laxon
et al., 2013; Wang et al., 2018; Yamamoto-Kawai et al., 2009), and a lengthening of the open water
season (Maslanik et al., 2007; Perovich et al., 2007). As a result, the ocean surface is becoming
increasingly exposed for atmospheric CO, uptake (DeGrandpre et al., 2020). In fact, Ahmed and Else
(2019) estimated an increase in the CO; uptake in the Canadian Arctic Archipelago in the last four
decades associated with increased sea ice loss and higher wind speeds. While a longer ice free season
introduces greater light availability for primary production, nutrient replenishment of surface layers
could either be enhanced by increased wind mixing or reduced by increased stratification due to ice melt
(Lannuzel et al., 2020). Therefore the evolution and impact of primary production on the Arctic marine
carbon cycle remains an open question (Arrigo et al., 2008; Lannuzel et al., 2020; Tremblay et al., 2015).
Meanwhile, changes to the upper ocean’s salinity and temperature structure in the Barents and Kara
Seas, referred to as Arctic “Atlantification” (e.g., Arthun, Eldevik and Smedsrud 2019), may introduce
potential consequences on ice formation and deep convection in the Eurasian Basins (Timmermans and
Marshall, 2020). Moreover, coastal margins and the ice edge can also be important pathways for carbon
export (Nishino et al., 2011), particularly as phytoplankton blooms may be stimulated by nutrients
derived from coastal rivers or seeded by ice algae (Matthes et al., 2021). There is, however, some
evidence that rivers may drive localized marine organic carbon respiration (Izett et al., 2022), suggesting
that some Arctic regions may experience periodic net CO outgassing (Manning et al., 2020). Finally, it is
likely that future Arctic CO; fluxes will exhibit varied responses to ongoing permafrost thawing and
changes in river runoff, through various effects on nutrient and organic matter inputs, and changes to
local marine stratification (Prowse et al., 2015; Vonk and Gustafsson, 2013). Further, increased methane

bubbling and hydrate erosion will affect the system (Westbrook et al., 2009).

In the context of this evolving Arctic Ocean with more mobile ice packs, new ice-proof, autonomous
observing technologies are needed to close the fall, winter, and spring observational gaps. Those
technologies already exist in the form of Ice-Tethered Profilers and Arctic Ocean Flux Buoys, capable of
year-round measurements, regularly deployed in the Beaufort Gyre. Meanwhile, renewed efforts to
install and maintain eddy covariance instruments in Igaluktuttiaq (A _>*D<N<I®, Cambridge Bay;
Butterworth and Else, 2018) or to expand the Barrow Strait Real Time Observatory will be instrumental

in providing year-round observations. In addition to these local observations, international scientific
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partnership targeting a pan-Arctic approach will be crucial to addressing the relevant questions
surrounding the quantification of CO; fluxes in the Arctic Ocean. Examples include the Synoptic Arctic
Survey (Addressing Arctic Challenges Requires a Synoptic Ocean Survey, 2023), The Pacific Arctic Group,
the Distributed Biological Observatory (Moore and Grebmeier, 2018) and the Ecosystem Studies of Sub-
Arctic and Arctic Seas (ESSAS). The use of numerical models, with a coupled sea ice biogeochemistry
component covering the Arctic Ocean, will also be important to obtain a more comprehensive
understanding of the carbon system in the northernmost Canadian Ocean. The future fate of the Arctic
Ocean atmospheric CO; sink could “possibly increase or decrease” as detailed in Lannuzel et al. (2020).
Such a high uncertainty is intrinsically linked to the high complexity of the Arctic carbon cycle and to the
drastic environmental changes currently unfolding in that region. Enhanced efforts are required to better

observe and understand this high complexity and to anticipate those drastic changes.

Scientific research conducted in the Canadian Arctic has historically been motivated, designed, and
implemented from a southern, settler perspective. This results in Inuit Nunangat peoples being excluded
and marginalized from the benefits of northern research. Inuit Tapiriit Kanatami (2018) provide vision
and strategy implementation for empowering research in Inuit Nunangat (i.e., the Inuvialuit Settlement
Region (Northwest Territories), Nunavut, Nunavik (Northern Québec), and Nunatsiavut (Northern
Labrador)), at a national level. Pedersen et al. (2020) share 45 recommendations developed by Ikaarvik
(meaning “bridge” in Inuktitut) youth and mentors for researchers aiming to meaningfully consult,
engage, and incorporate Inuit communities in scientific research. This work builds from the concept of
SclQ, the combination of Inuit Qaujimajatuqangit (IQ) and science. Pedersen et al. (2020) describe Inuit
Qaujimajatuqgangit as a way of knowing, a way of life, which extends beyond traditional knowledge,
including knowledge, customs, and values, encompassing relationships, attitudes, and behaviours. The
recommendations describe actions researchers can take before, during, and after conducting research in

the north to incorporate Inuit Qaujimajatugangit within the entirety of the scientific process.

2.4 Research gaps

There are still prominent gaps in our understanding of air-sea CO; flux variability across the Pacific,
Atlantic, and Arctic Ocean (Table 2.1). Scientific efforts in Canada and through international
collaborations in both observations and modelling have narrowed the uncertainties associated with
specific basin air-sea CO; fluxes (Figure 2.2; Table A.1). However, these efforts are largely focused on
resolving variability in the seasonal cycle and determining mean annual flux values. We still severely lack

understanding on how air-sea CO, flux variability is impacted on longer timescales or how fluxes may be
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shifting under climate change (Table 2.1). Given the different processes that dominate spatial and

temporal heterogeneity in air-sea CO; fluxes (Figure 2.3-2.5), we have summarized the major basin-

specific, process-focused research questions needed to advance the field (Table 2.1).

Table 2.1 Overview of basin-specific research questions needed to aid resolving identified research gaps in this

article.

Gap

Research question

Shared across basins

Long term change

Sub-decadal to decadal
variability

Ocean carbon dioxide
removal verification
International
collaboration
Indigenous partnerships

and capacity building

Complete marine

carbon budgets

Where and why is the surface ocean increase in CO; different from the
atmospheric trend, altering the ocean carbon sink?

How do modes of climate variability impact air-sea CO; fluxes (e.g., El Nifio-
Southern Oscillation, Pacific Decadal Oscillation, North Atlantic Oscillation)?

How can ocean carbon dioxide removal (CDR) interventions be differentiated from
signals of natural variability and anthropogenic climate change?

Where can Canadian observation and modelling efforts collaborate with, benefit
from, and contribute to international ocean understanding?

How can research funding be leveraged to enhance collaboration with First
Nations to increase observations, address impending ocean CDR monitoring,
reporting, and verification (MRV) development, and ocean acidification action
planning?

What is the complete marine carbon budget in Canada integrating carbon stocks
and fluxes across other marine pools (e.g., pelagic, benthic, terrestrial to marine
interface)?

How can we quantify marine carbon budgets and rates of change in more variable
and dynamic regions (e.g., nearshore, upwelling regions, polynya regions, etc.)?
How can we combine different observation types (e.g., discrete, underway,
autonomous, observation-based products) and model outputs to resolve

“policymaker relevant” flux values (g C yr?)?

Pacific Ocean

Marine heatwaves

How will future longer-lasting, more frequent, and more intense marine

heatwaves change regional air-sea CO; fluxes?
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Upwelling to

downwelling strength

How will these impact primary productivity in the iron-limited high-nutrient low-
chlorophyll region?

What is the balance of upwelling to downwelling strength that differentiates net
annual uptake or outgassing?

How is this pattern distributed spatially along the Canadian West Coast?

Atlantic Ocean

Deep-water formation

rates

Biological carbon pump

Scotian Shelf processes

How is climate change impacting Labrador Sea deep-water formation rates and
depth?

How is carbon storage durability being impacted?

How will shoaling winter mixed layer depths under climate change impact
phytoplankton spring blooms and dissolved inorganic carbon cycling?

What is the net impact of upwelling on surface ocean CO,?

How do phytoplankton bloom initiation timing and spatial distribution change the

net annual flux on the Shelf?

Arctic Ocean

Sea ice changes

Freshwater stratification

and productivity

2.5 Future directions

How is a younger, thinner, sea ice cover with a smaller spatial extent and longer
open water season changing the sign/magnitude of air-sea CO; fluxes?

How is this changing sea ice carbon pump dynamics?

How will changes in surface stratification from sea ice melt, increased glacial
runoff, and changes in terrestrial runoff (e.g., permafrost thaw and riverine input)
impact air-sea CO; fluxes due to differing water mass carbon loads and
equilibration time?

How will this impact timing and magnitude of phytoplankton blooms?

The next generation of oceanographers are witnessing the emergence of a new ocean state. The need to

reduce present day uncertainties, enhance our understanding of tipping points, account for extreme

climatic events in the ocean, and document change from the preindustrial baseline state presents

exciting challenges for the oceanographic community. These challenges are particularly relevant to

understanding air-sea CO; fluxes across all three of Canada’s adjacent ocean basins. Expanded use of

emerging techniques and greater cross-collaboration between observation and modelling specialists
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could narrow the range of uncertainty in regional to basin-scale fluxes, improve observational coverage,

inform carbon stocktake efforts, establish a baseline for proposed ocean CDR projects, and support

ocean acidification mitigation and adaptation efforts (Table 2.2).

Table 2.2 Table of recommendations for addressing gaps identified and improving air-sea CO: flux estimates in

Canada.

Category

Recommendations

Examples

Observations

Modelling

Ocean carbon

dioxide removal

1.

5.

Expand use of innovative
autonomous
measurement technology
and support its
development.

Submit relevant data to
public repositories and
invest in maintaining
global data
repositories/structures
(national and
international).

Integrate multiple

knowledge systems.

Direct modeling efforts
towards fit-for-purpose
ocean CDR and regional
process study
applications.

Develop transparent and
robust monitoring,
verification, and reporting

(MRV) protocols.

Instrument platforms (e.g., gliders, surface
vehicles, deep-water floats, profiling
moorings, ice-proof platforms).

Sensors (e.g., mobile high frequency
dissolved inorganic carbon and total
alkalinity, pCO, remote sensing capabilities).
Satellite remote sensing.

Repositories (e.g., Canadian Integrated Ocean
Observing System (CIOQ0S), Surface Ocean
CO, Atlas (SOCAT), Global Ocean Data
Analysis Project (GLODAP)).

Mine data so earlier data are not lost.
CARE/FAIR data sharing principles.
Alternative data sources (e.g., qualitative
data).

Contextualizing Western science data.
Observation data assimilation and evaluation.
Multi-model ensemble comparison projects.
Regional downscaling.

Use of emergent constraint techniques.

Clearly distinguishing intervention from
baseline noise.
Integration of observations and models.

Establish code of conduct.



Indigenous co-
generation of

knowledge

Early career
capacity

building

10.

11.

Engage and consult with
Indigenous communities.
Mobilize ocean

acidification expertise.

Tailor community-specific

approaches.

Increase significance of
meaningfully engaging
Indigenous communities.
House specific projects in
multidisciplinary
collaborative platforms.
Improve equity, diversity,

and inclusion.
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Adherence to community specific needs (e.g.,
First Nations marine governance).

Canada’s Ocean Acidification Community of
Practice, Ocean Acidification International
Coordination Centre, Global Ocean
Acidification Observing Network, DFO-NOAA
Joint Ocean Acidification Framework
Formulate research questions through
community collaboration.

Pre-study engagement and frequent
collaboration thereafter.

Collaborations built on meaningfully trusting
relationships.

Participation beyond data collection.
Required course work on Indigenous history
and rights.

Contribute to established community
relationship continuity.

Recognize community building activities
within dissertations.

Collaborate with interdisciplinary researchers
to deliver improved community-centered
outcomes.

Expanded recruitment to include traditionally
marginalized groups valuing non-traditional
metrics of success.

Fair and equitable financial support for

graduate students and postdocs.

Maturing autonomous carbon system sensor technology (Sonnichsen et al., 2023) and deployment on

innovative autonomous monitoring platforms such as gliders, surface vehicles, floats, and profiling
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moorings offer increased observational capacity beyond time series and sporadic underway sampling
(Chai et al., 2020; Sastri et al., 2019). New and planned satellite missions offer improved observation
capabilities particularly of the active gas exchange surface layer (Watson et al., 2020; Woolf et al., 2016),
and of surface and vertical water transport (Ardhuin et al., 2018; Oubanas et al., 2018), enabling
measurement of biogeochemical fronts associated with upwelling, marginal sea-ice zones, and across
heterogeneous continental shelf boundaries and river outflows (Shutler et al., 2020). Furthermore,
submission of surface ocean CO, observation data to global databases (e.g., Surface Ocean CO, Atlas;
Bakker et al., 2016) are extremely important to increase accessibility, quality assurance and control of
data, as well as end user reusability. The principals of FAIR (Findable, Accessible, Interoperable and Re-
usable; Tanhua et al., 2019) and CARE (Collective Benefit, Authority to Control, Responsibility, and Ethics;
Carroll et al., 2020; when relevant using Indigenous owned data and knowledge) should be adhered to
when considering a project's data lifecycle. These breakthroughs in innovative observation platforms and
increasing public availability of data are coinciding with the emergence of machine learning and higher
computing capacity that can be used to simulate the marine carbon system during periods or within
regions devoid of sufficient observations (Landschiitzer et al., 2014), or to project future changes.
Integrating multiple ways of knowing outside conventional western science observations can result in
richer outcomes with greater breadth from a stronger framework of research questions established
through early engagement (Ban et al., 2018). Indigenous peoples’ communal memory, as an example, is
capable of observing trends or variations in their lands that no other sensor can replicate (Alessa et al.,
2016) often outside western science monitoring metrics (Table 2.2). This could include contributing
alternative data sources (e.g., qualitative measures embedded in traditional laws or stories; Ban et al.
2018), or contextualizing, interpreting, and applying results from earth observations (e.g., Mittimatalik

sea ice charts; Wilson et al. 2021).

Considering, specifically, the marine carbonate system, existing numerical models need to be carefully
calibrated against observations, and parameterizations need to be improved. Observations are needed
to evaluate the performance of existing models and carefully calibrate them through data assimilation,
to narrow the spread of air-sea CO, flux estimates across model ensembles (Wang et al., 2016).
Assimilation of observations, especially biogeochemical data, will improve understanding of historical
carbon uptake conditions and drivers of variability. Data assimilation also improves near real-time
seasonal to decadal predictions (forecasts) which are currently only indirectly initialized (Li et al., 2019a).
Improved observational coverage, for example by autonomous biogeochemical ocean Argo floats, will

improve our ocean modelling ability. Idealized model experiments like in Sarmiento et al. (1998), Winton
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et al. (2013), and multi-model ensemble comparison projects like those in Frélicher et al. (2015), Cheng,
Chiang, and Zhang (2013), can be used to understand the relative importance of different
biogeochemical processes and their response to the changing climate. Further, these types of
experiments can be important for identifying the source of model ensemble uncertainty. Model
uncertainty in the ocean carbon flux is projected to be largest where surface waters are connected to
deeper waters (Gooya et al., 2023). Improving ocean circulation in models, which is a primary driver of
ocean carbon flux variability (McKinley et al., 2020), can reduce these uncertainties. Regional
downscaling of low-resolution models to higher resolution, especially in heterogeneous regions like the
Canadian Arctic Archipelago, can result in more informative model projections (Table 2.2). As an
example, mesoscale eddies are quite important for mixing (and therefore also impact air-sea CO, fluxes;
Ford et al., 2022) but are often not resolved in current generations of earth system models (Frélicher et
al., 2015). Further, simplified, and specialized models can analyse the efficiency and climate level
feedback of various proposed ocean CDR techniques. “Sampling” from models (looking at data from
where and when we have real world observations within the full model field) can be used to evaluate
the performance of current observation gap-filling techniques (Gloege et al., 2021) in regions of high air-
sea CO; fluxes and high uncertainty (e.g., high latitude oceans; Gruber, Landschutzer and Lovenduski,
2019). Moreover, new statistical tools and techniques such as emergent constraints (a way of looking at
the relationship between a variable of current climate state within individual models, and future changes
in a variable of interest that make up an ensemble) accelerate the development and improvement of the

next generations of earth system models (e.g., Hall et al. 2019; Bourgeois et al. 2022).

Our poor understanding of air-sea CO, flux variability represents a major gap in current ocean CDR and
carbon credit generation program standards (Table 2.1&2.2). Negative emission technologies must be
additional to what would have happened by law or under a business-as-usual scenario if the project had
not been carried out (Verra, 2023). Enhanced capacity and accuracy in both observations and modelling
efforts mentioned above can reduce air-sea CO; flux uncertainty, critical to clarifying what constitutes
additional removal relative to baseline noise. However, as far as developing trusted, unique, non-
exchangeable carbon credits from nature-based, mechanical, or geoengineered solutions (NASEM,
2021), considerations need to be made for which carbon pool is being drawn down. Accounting must
include the transboundary nature of the ocean, the timescale of carbon removal, and, most importantly,
if the process actually enhances ocean atmospheric CO, uptake. We are much further behind in defining
the marine carbon stocktake compared to the terrestrial carbon reservoir in Canada (Sothe et al., 2022).

Moving forward with marine nature-based solutions that include tangible ecosystem co-benefits (e.g.,
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ocean acidification mitigation) through restoration and conservation should continue to be a priority
while recognizing their limitations and potential leakage (Drever et al., 2021; Roth et al., 2023;
Williamson et al., 2022). Considerations also need to be given to ensuring the safety and efficacy of
ocean CDR given the risk of uncertain impacts to human and environmental welfare through a
comprehensive code of conduct (Loomis et al., 2022). Ocean CDR projects need to concentrate on
acquiring funding at the levels highlighted in the NASEM (2021) report, and conducting feasibility and
scalability testing with a focus on monitoring, reporting, and verification. The latter should be performed
through a lens of governance in line with equity and justice goals (Kosar and Suarez, 2021; Loomis et al.,

2022). Ocean CDR should not be used to delay carbon emission reductions (Ho, 2023b; Shutler, 2020).

Resolving air-sea CO; fluxes helps resolve uncertainty in ocean acidification as strong atmospheric CO;
uptake generally leads to elevated trends and worsening ocean acidification conditions. Leveraging
existing ocean acidification infrastructure, expertise, and policies offers an exceptional starting point for
addressing uncertainty in air-sea CO, fluxes and developing ocean CDR MRV (Table 2.2). National and
international ocean acidification infrastructure already exists (e.g., Canada’s Ocean Acidification
Community of Practice; Ocean Acidification International Coordination Centre; Hansson, Appeltans and
Gattuso, 2014; Global Ocean Acidification Observing Network; Newton et al., 2015; DFO-NOAA Joint
Ocean Acidification Framework; Government of Canada and Fisheries and Oceans Canada, 2018) along
with widespread public attention (United Nations Sustainable Development Goal 14.3; Barbiére, Isensee
and Schoo, 2019). Experts from these communities are well suited to address monitoring gaps in air-sea
CO; flux observations, assess ocean CDR ecosystem impacts, and offer the public a trusted voice

advancing MRV development.

Throughout this paper, we have identified Indigenous led or co-led monitoring programs and coast-
specific Indigenous scientific collaborative frameworks built on recommendations from First Nations.
Indigenous communities are likely to experience greater climate impacts in Canada while their
contribution to the global climate crisis is negligible. Indigenous peoples are a highly sensitive population
at the intersection of climate change and community health (Ford et al., 2018; Kenny et al., 2020) facing
a burden of existing social disparity in health, education, food and energy security, generational trauma,
and colonial legacies (Ford et al., 2010; Ford and Smit, 2004; Maldonado et al., 2013; Maru et al., 2014).
With an elevated emphasis from research and government institutions on meaningfully engaging with
First Nations, new collaborations could improve traditional knowledge exchange to enhance marine

carbon cycle understanding. The community-specific approach would follow successes in mapping
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(Bishop et al., 2022; Davies et al., 2020), coastal management (Lombard et al., 2019; Weiss et al., 2013),
marine conservation (Ban et al., 2009), observational oceanography (Moran et al., 2022), and fisheries
(Reid et al., 2021; Turgeon et al., 2018; Weatherdon et al., 2016). As ocean CDR and Indigenous
involvement in the sector are both just emerging, any new collaborative initiative should follow
recommendations made by Breckwoldt, Lopes and Selim (2021), including (1) the need for participation
beyond data collection, (2) acknowledgment and mitigation of an agenda mismatch between funded and

needed research, and (3) emphasizing the power of the transdisciplinary processes of learning together.

Pathways for early career researchers to meaningfully engage with Indigenous groups and collaborate on
climate problems are restricted by institutional undervaluing, graduate student timelines, lack of
funding, and traditional academic metrics of success (e.g., peer-reviewed journal publications).
University students, and particularly international students, may lack knowledge about Canada’s colonial
history and systemic oppression of Indigenous peoples (Godlewska et al., 2020) and the ways that
natural science research can impact Indigenous communities (Bozhkov et al., 2020; Kater, 2022).
Community relationship building needs to be recognized as a priority investment and should start with
mandatory course work on Indigenous history and rights taught by Indigenous instructors to enhance
student understanding of the socio-political landscape around their research (Table 2.2; Wong et al.,
2020). Given graduate student timelines, it falls on principal investigators to identify which Indigenous
government or community has jurisdiction over or interests in the proposed research. Principal
investigators can create continuity in community relationship building, which is critical to establishing
trust and genuinely engaging with rightsholders (Table 2.2). Early dialogue should support Indigenous
peoples’ self-determination, focusing on what research is being proposed and how the proposal meets
the interest and priorities of Indigenous communities finding opportunities for reciprocity (Wong et al.,
2020). Mainstreaming reconciliation in all aspects of the scientific endeavor, from formulation to
completion as a requirement in Government of Canada tri-council funding (Wong et al., 2020),
integrated as a valued component of traditional graduate student dissertations, and moving forward
with both treaty-based, and resurgence-based decolonial Indigenization of academic spaces and places is

severely overdue (Gaudry and Lorenz, 2018).

Training and equipping early career ocean professionals (ECOPs) with the skills needed to apply the
approaches described above should be a priority moving forward in supervised academic settings as well
as in government and industry work environments. Early exposure to carbon cycle concepts,

interdisciplinary linkages, and skill building through undergraduate research assistantships is ideal if
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accompanied with adequate compensation and professional development opportunities. Early career
researchers should not be expected to become experts in all the methods outlined throughout this
paper including community collaboration and engagement (Table 2.2). Rather, early career researchers
should be given the opportunity to connect (as part of their research project) to a platform that enables
them to collaborate with other multidisciplinary researchers bringing together social scientists,
economists, and Indigenous knowledge keepers. Beyond training, at the forefront of recruiting students
all the way to research chairs, the focus should be on increasing equity, diversity, and inclusion within
our field to spark new ideas, solutions, and perspectives (Osiecka et al., 2022). Fair and equitable
financial support for graduate student and postdoc work (Laframboise et al., 2023), mental health
support, and fostering greater peer-to-peer collaborative opportunities leads to more diverse, happier,
healthier, and more productive labs (Osiecka et al., 2022). The next generation of ocean scientists face
significant adversity in informing policy efforts to meet global net-zero emissions targets, while grappling
with past and current injustices around truth and reconciliation efforts here in Canada. Amongst this
group of ECOPs, there is consensus on the need for recentering science in future policy discussions while

moving forward with all available options to combat the climate crisis.
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Chapter 3. Estimating Marine Carbon Uptake in the Northeast Pacific

Using a Neural Network Approach

Key points:

1. High spatial resolution artificial neural network pCO; product shows minimal loss in performance
compared to similarly trained coarser resolution estimates with internal data division being the
most important tuning parameter.

2. Air-sea CO; flux seasonal variability:

a. Alaskan Gyre region driven by seasonal gyre upwelling and entrainment.
b. North Pacific Current region driven by competing temperature and dissolved inorganic
carbon cycles.

3. Strength of Alaskan Gyre upwelling acts as most influential driver of sub-decadal to decadal air-
sea CO; flux variability.

4. Impact of interannual events on air-sea CO; flux:

a. 2008 ocean iron fertilization event led to a minimal increase in uptake due to strong Alaskan
Gyre upwelling mode.

b. 2013-2015 “The Blob” and 2018-2020 marine heatwave events led to a large increase in
uptake due to stratification plus a weak Alaskan Gyre upwelling mode.

5. Basin-wide air-sea pCO; disequilibria may be increasing due to connectivity to subsurface water,

implying the Northeast Pacific could be becoming a stronger sink for atmospheric CO,.

Short summary: The ocean is both impacted by climate change and helps mitigate its effects through
taking up carbon from the atmosphere. We used a machine learning approach to investigate controls on
carbon uptake in the Northeast Pacific open ocean. Marine heatwaves that lasted 2—3 years increased
uptake, while the upwelling strength of the Alaskan Gyre controlled uptake over 10-year time periods.
The trend from 1998-2019 suggests carbon uptake in the Northeast Pacific open ocean is increasing.
This work has been published in a scientific journal as: Duke, P. J.,, Hamme, R. C., lanson, D.,
Landschutzer, P., Ahmed, M. M. M., Swart, N. C., and Covert, P. A.: Estimating marine carbon uptake in

the northeast Pacific using a neural network approach, Biogeosciences, 20(18), 3919-3941, 2023,
https://doi.org/10.5194/bg-20-3919-2023.

3.1 Abstract

The global ocean takes up nearly a quarter of anthropogenic CO, emissions annually, but the variability

of this uptake at regional scales remains poorly understood. Here we use a neural network approach to
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interpolate sparse observations, creating a monthly gridded seawater partial pressure of CO; (pCO,) data
product from January 1998 to December 2019, at 1/12°x1/12° spatial resolution, in the Northeast Pacific
open ocean, a net sink region. The data product (ANN-NEP; NCEI Accession 0277836) was created from
pCO; observations within the 2021 version of the Surface Ocean CO; Atlas (SOCAT), and a range of
predictor variables acting as proxies for processes affecting pCO, to create non-linear relationships to
interpolate observations at a spatial resolution four times greater than leading global products and with
better overall performance. In moving to a higher resolution, we show that the internal division of
training data is the most important parameter for reducing overfitting. Using our pCO; product, wind
speed, and atmospheric CO,, we evaluate air-sea CO; flux variability. On sub-decadal to decadal
timescales, we find that the upwelling strength of the subpolar Alaskan Gyre, driven by large-scale
atmospheric forcing, acts as the primary control on air-sea CO, flux variability (r> = 0.93, p <0.01). In the
northern part of our study region, divergence with atmospheric CO; is enhanced by increased local wind
stress curl, enhancing upwelling and entrainment of naturally CO,-rich subsurface waters, leading to
decade-long intervals of strong winter outgassing. During recent Pacific marine heatwaves from 2013 on,
we find enhanced atmospheric CO, uptake (by as much as 45%) due to limited wintertime entrainment.
Our product estimates long-term surface ocean pCO; increase at a rate below the atmospheric trend
(1.4+0.1 patm yr!) with the slowest increase in the center of the subpolar gyre where there is strong
interaction with subsurface waters. This mismatch suggests the Northeast Pacific Ocean sink for

atmospheric CO; may be increasing.

3.2 Introduction

As countries around the world consider updating their carbon emission reduction commitments (United
Nations Environment Programme, 2022), we require a better understanding of global carbon sinks and
how they may be shifting under climate change. The global ocean takes up nearly a quarter of
anthropogenic carbon dioxide (CO;) emissions annually (Friedlingstein et al., 2022b) but the temporal
and spatial variability of the marine sink remains unclear on decadal or longer timescales (Fay and
McKinley, 2013b; Gruber et al., 2023; McKinley et al., 2011b; Wanninkhof et al., 2013b). Potential future
changes in the marine sink associated with climate change are also unclear (O’Neill et al., 2016).
Extending the spatial and temporal coverage of partial pressure of CO, in seawater (pCO>) observations
can help address this knowledge gap (Arico et al., 2021). Benefitting from the increasing abundance of
CO; measurements at sea and community synthesis efforts (e.g., through the Surface Ocean CO; Atlas

(SOCAT); Bakker et al., 2016), a variety of interpolation approaches have evolved capable of creating
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continuous observation-based estimates of pCO; (Chen et al., 2019; Denvil-Sommer et al., 2019;
Landschitzer et al., 2013; Laruelle et al., 2017; Nakaoka et al., 2013; Ritter et al., 2017; Zhong et al.,
2022). However, their global focus and coarse resolution limits their interpretation at regional scales
(Olivier et al., 2022). Only recently, higher resolution regional pCO, maps have been developed for the
California current system (Sharp et al., 2022) to overcome the limitations of coarse global scale pCO,
products. These seawater pCO, products, combined with wind speed and atmospheric pCO,, have
informed regional to global air-sea CO;, flux estimates of multiyear variability (Hauck et al., 2020;

Landschitzer et al., 2015, 2016, 2019; Wang et al., 2021).

No high-resolution observation-based air-sea CO; flux estimate currently exists for the North Pacific
Ocean. The Northeast Pacific Ocean has been characterized as a net annual sink for atmospheric CO;
(Wong et al., 2010; Franco et al., 2021; Sutton et al., 2017; Duke et al., 2023b). The region is divided by
two dominant oceanographic features, the Alaskan Gyre system to the north, and the North Pacific
Current to the south (Franco et al., 2021). With respect to surface ocean carbon measurements, the
Alaskan Gyre system remains extremely sparsely sampled. The seasonal air-sea CO; flux of the gyre has
been described as being strongly influenced by gyre upwelling with outgassing in the winter and uptake
in the summer (Brady et al., 2019; Chierici et al., 2006; Palevsky et al., 2013). Along the easternmost part
of the North Pacific Current, most of our understanding comes from a limited region; the Ocean Station
Papa mooring at 50°N, 145°W (Sutton et al., 2017), and the Line P program (Freeland, 2007). This region
has well documented seasonal cycles (Sutton et al., 2017), interannual variability (Wong et al., 2010;
Wong and Chan, 1991), and long-term trends (Franco et al., 2021; Sutton et al., 2019). CO, uptake is
mainly driven by direct ventilation of the shallow upper water column, with a small seasonal change in
surface ocean pCO, (Sutton et al., 2017; Wong et al., 2010). The estimated long-term trend in surface

ocean pCO; appears to be increasing at less than the atmospheric rate of increase (Franco et al., 2021).

Understanding what drives air-sea CO; fluxes on seasonal, interannual, and decadal timescales in the
Northeast Pacific Ocean will inform how the regional sink may change in the future. This region is
already experiencing persistent marine heatwaves with dramatic temperature anomalies observed
during 2014 to 2016 and 2018 to 2020 events (Bond et al., 2015; Freeland and Ross, 2019), with future
events predicted to become longer-lasting, more frequent, more extensive, and more intense (Frélicher
et al., 2018). The impact of large-scale climate-driven decadal oscillations on the marine carbon system is
just beginning to be explored in models (Hauri et al., 2021). Furthermore, this region has been targeted

as a potential site of marine carbon dioxide removal, as a negative emissions technology aimed at



41

meeting emission reduction goals continues to grow in interest and investment (Cooley et al., 2023).
Some proposed approaches look to artificially stimulate biological carbon drawdown (GESAMP, 2019;
NASEM, 2021). The Northeast Pacific Ocean, as an iron-limited high-nutrient low-chlorophyll region
(Aumont et al., 2003; Dugdale and Wilkerson, 1991; Freeland et al., 1984; Martin et al., 1994), has
already been the location of geoengineered biological carbon drawdown experiments (Boyd et al., 2005,
2007; lanson et al., 2012; Wong and Johnson, 2002). Thus, a firm understanding of processes driving

carbon fluxes and the establishment of environmental baselines in the region is critical.

Our aim is to investigate drivers of air-sea CO; flux variability in the Northeast Pacific (NEP) Ocean,
building a novel regional high-resolution artificial neural network (ANN) approach adopted from an
existing global setup (Landschiitzer et al., 2013). In Section 3.3, we describe the creation of a gridded
pCO, data product (herein referred to as ANN-NEP; NCEI Accession 0277836; Duke et al., 2023a) monthly
from January 1998 to December 2019 at 1/12°x1/12° spatial resolution in the Northeast Pacific open
ocean (approximately 9 km by 5km; latitude by longitude). In Section 3.4, we show that the high-
resolution regional pCO; product is robust enough to recreate training observation data while
generalizing well compared to independent withheld observation data. We also show that stepping to a
higher resolution regionally with appropriate tuning of the internal training and evaluation data ratio
does not hinder product performance. In Section 3.5, our results show that the upwelling strength of the
subpolar Alaskan Gyre and surface ocean connectivity to subsurface waters act as the primary control on
air-sea CO; flux variability in our study area. We conclude by calculating long-term trends in surface

ocean pCO; and carbon uptake, examining trends relative to connectivity to subsurface waters.

3.3 Data and methods

Our study area comprises the region between latitudes 45°N and 62°N and longitudes 120°W and 155°W
(Figure 3.1), with the open-oceanic/coastal boundary defined as 300 km offshore following Laruelle et al.
(2017). We limit our study region to the open ocean regions with reduced variability and related drivers
compared to the continental shelf regions. Creating a product on the continental shelf and in the
nearshore requires different neural network considerations and is associated with high uncertainties
(Laruelle et al., 2017). This work represents a four times increase in spatial resolution over previous
multiyear global open ocean products, usually coarser than 1/4° (Landschitzer et al., 2020b). The
increased resolution derives from high-resolution predictor data used to create the product (Table 3.1).
To interpolate the existing CO, observations in this domain, we adapt the artificial neural network (ANN)

self-organizing-map-feed-forward-network (SOM-FFN) approach developed by Landschiitzer et al. (2013,
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2014). In a first step, the method divides the region of interest into dynamic zones with similar
biogeochemical features (i.e., SOM biogeochemical provinces), using a self-organizing map approach. In
a second step, a feed-forward neural network is used for interpolating pCO; observations in each of the
pre-determined provinces of step one. Specifically, non-linear functional relationships are created
between pCO, observations (or neural network target data), where they exist in our study domain, and
independent predictor variables (or neural network input data) that are known to drive the marine
carbon cycle (see Section 3.3.1 below). Once the relationships are established, they can be applied
where no observations exist to fill space/time gaps and create continuous sea surface pCO, maps from

1998-20109.

3.3.1 Predictor data

The chosen predictor variables for this study (Table 3.1) had all been used previously in observation-
based pCO; interpolated products (Denvil-Sommer et al., 2019; Gregor et al., 2018; Landschiitzer et al.,
2014; Telszewski et al., 2009; Zhong et al., 2022). Sea surface temperature (SST) comes from the
satellite-based European Space Agency Climate Change Initiative (ESA Sea Surface Temperature Climate
Change Initiative (SST_cci): Level 4 Analysis Climate Data Record, version 2.1; Merchant et al., 2019), as
well as Chlorophyll-a concentration which served as a proxy for biological processes (ESA Ocean Colour
Climate Change Initiative (Ocean_Colour_cci): Global chlorophyll-a data products gridded on a
geographic projection, Version 5.0). Remaining physical process predictor data (e.g., sea surface salinity
(SSS), sea surface height (SSH), and mixed layer depth (MLD)) are obtained from Copernicus Marine
Environment Monitoring Service global ocean eddy-resolving reanalysis (Global Ocean Physical
Reanalysis Product, E.U. Copernicus Marine Service Information GLOBAL_REANALYSIS_PHY_001_030).
Jointly assimilated observations include satellite altimeter data and in situ vertical profiles of
temperature and salinity informing the MLD reanalysis product (Table 3.1). The ocean general circulation
model is based on the Nucleus for European Modelling of the Ocean (NEMO) platform, driven at the
surface by the European Centre for Medium-Range Weather Forecasts ERA-Interim winds (Jean-Michel
et al., 2021). Both Chlorophyll-a and mixed layer depth were log10-transformed to produce a distribution
of values closer to normal before being used in either SOM-FFN step. Atmospheric pCO; in patm was
downloaded from Landschiitzer et al. (2020b), derived from the National Oceanic and Atmospheric
Administration Earth System Research Global Monitoring Laboratory

(https://gml.noaa.gov/ccgg/globalview/) atmospheric mole fraction of CO; (xCO,) and SST (Reynolds et

al., 2002) as well as sea level pressure (Kalnay et al., 1996) following Dickson et al. (2007). Finally, the


https://gml.noaa.gov/ccgg/globalview/

43

monthly pCO; climatology of Landschiitzer et al. (2020) was used as an additional input parameter solely
for defining the SOM biogeochemical provinces.

Table 3.1 Northeast Pacific open ocean artificial neural network predictor variables and their corresponding source,
original temporal and spatial resoltuions, and processing steps used for this study.

Original resolution
Predictor variable Source Processing
Temporal Spatial

Satellite-based product

Averaged to monthly,
aggregated to 1/12°x1/12°

Sea surface temperature SST_cci Level 4

(SST) Analysis Version 2.1 Daily 1/20°x1/20

Averaged to monthly,
aggregated to
1/12°x1/12°, log10-

Ocean_Colour_cci

Chlorophyll-a (Chl) Version 5.0

Daily 1/24°x1/24°

transformed
Satellite and in-situ observation data assimilated reanalysis product
Sea surface salinity (SSS) Copernicus Marine None
. Service Global . .
Sea surface height (SSH) Reanalysis Monthly  1/12°x1/12 None
Mixed layer depth (MLD) PHY_001_030 log10-transformed

Atmospheric-measurement-based interpolation product

Landschutzer et al.
Atmospheric pCO; (2020) - NCEI Monthly 1°x1°
Accession 0160558

Interpolated to
1/12°x1/12°

3.3.2 pCO:z2 observations

ANN target pCO; data come from the Surface Ocean CO, Atlas (SOCAT) v2021 (Bakker et al., 2016), as
well as additional data from the Fisheries and Oceans Canada February 2019 Line P cruise

(https://www.waterproperties.ca/linep/; Figure 3.1a&b). Sea surface CO, fugacity (fCO,) was converted

to sea surface pCO, (Text B.1; Kortzinger, 1999). pCO, observations were bin-averaged into monthly,
1/12° latitude by 1/12° longitude grid cells computing the mean and standard deviation within each grid
cell. Of the 8,712,264 grid cells that represent the surface ocean gridded in three dimensions over 264
months (1998-2019) at 1/12°x1/12° resolution in the study area, just 0.39% have an associated gridded
pCO, value (Figure 3.1a&b).
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Figure 3.1 (a) Total number of months of observational coverage from Surface Ocean CO, Atlas (SOCAT) v2021
(Bakker et al., 2016) and additional data from Fisheries and Oceans Canada February 2019 Line P cruise
(https.//www.waterproperties.ca/linep/) per 1/12°x1/12° grid cell. (b) Number of unique annual months of
observational coverage per 1/12°x1/12° grid cell. (c) Mean sea surface height (SSH; Table 3.1) shows relative
location of the subpolar Alaskan Gyre (negative SSH values), and the North Pacific Current (SSH approximately
equal to zero). Ocean Station Papa is labeled and marked with a black circle while Line P is labelled and marked
with a red line.

3.3.3 Evaluation

In constructing the optimal ANN architecture, a series of SOM-FFN tuning tests were conducted
comparing ANN output to training and independent withheld data. ANN performance for each tuning
test was evaluated using five statistical metrics: root mean squared error (RMSE), coefficient of
determination (r?), mean absolute error (MAE), mean bias (calculated as the mean residual), and the

slope of the linear regression (c1) between the ANN and the corresponding gridded SOCAT pCO,
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observations. Independent withheld data came from randomly selected SOCAT data using associated
expocodes corresponding to unique complete underway cruise tracks or mooring deployments. We
tested 100 random independent withheld data splits and selected one representative of basin-wide
observational coverage (summer/southern sampling bias), with winter, spring, and fall data present
(Figure 3.1; Figure A.1). These independent withheld data represented approximately 5% of the total
study area gridded pCO, data, with coverage during all seasons over a range of latitudes (Figure A.1).
Ensuring selected independent withheld data is random, yet also representative of the full domain,
without withholding critical end range training data is difficult. Community-based best practices are likely
needed going forward to ensure continuity in reported observation-based pCO, product uncertainty

based on independent withheld data (Section 3.4.2).

3.3.4 Neural network construction

SOM-FFN tuning tests occurred in series using the MATLAB Neural Network Toolbox, with sequential
improvements impacting future tests. Optimization of the SOM-derived biogeochemical provinces
involved trial-and error testing of various parameters including SOM biogeochemical province count,
predictor variables choice, and static or varying province shape with each timestep (Landschitzer et al.,
2013). The choice of four SOM biogeochemical provinces represented the lowest number of SOM
biogeochemical provinces for a typical clustering structure to emerge (Figure B.2), while keeping the
ratio of gridded pCO, observation to the total grid cells within each province similar (0.38+0.06%). The
best SOM predictor variables were SST, SSS, MLD (Table 3.1), and the Landschitzer et al. (2020a) pCO,
climatology. We did not normalize predictor data (e.g., force a mean of 0 and standard deviation of 1),
implicitly weighting SOM predictors toward the pCO; climatology as its range is at least one order of
magnitude greater than that for SST, SSS, and log(MLD) (Landschitzer et al., 2013). As a result, our
dynamic provinces follow the seasonal variations in the pCO; climatology (Landschiitzer et al., 2020a).
Thus, non-static provinces, which changed shape from one month to the next over a climatology, proved
the most useful in clustering seasonal cycle variability. This clustering does lead to clearly unphysical

fronts as an artifact of the approach.

In reaching an optimal FFN architecture (i.e., number of inputs, number of hidden layers and neurons in
each hidden layer), trial-and error testing of tuning parameters explored predictor variable choice, FFN
training algorithm and activation functions, pre-training to determine the number of neurons in the first
hidden layer, introducing a second hidden layer with a static number of neurons, and changing the

internal data division ratio (optimized at 94:6; see Section 3.4.4 below).
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To emphasize interannual and longer-term trends within the six predictor variables (Table 3.1), each
predictor variable is used in two different forms, first in its raw form and second after deseasonalizing,
bringing the total number of FFN predictors used to 12. To deseasonalize, within each grid cell, the
monthly anomaly was calculated by subtracting the climatological monthly mean, removing the seasonal
cycle from the data (the same approach is used when looking at anomaly values in our results; Section
3.5). Where no chlorophyll-a satellite data were available, the ANN was run again with the remaining
predictors and output was merged to fill empty grid cells (Landschiitzer et al., 2014). The Levenberg—
Marquardt backpropagation training algorithm and hyperbolic tangent sigmoid activation function (i.e.,
trainlm and tansig respectfully in MATLAB) were found to deliver the best fit. The number of neurons
within the first hidden layer varied by province and the optimal number of neurons was determined in a
pre-training run, where we increased the number of neurons parabolically from two up to a number
where the ratio between the training sample size to the number of weights did not exceed 30 (i.e., a
number that was determined by trial and error). The best output performance of the pre-training

determines the best neuron setup which was then further used for the actual ANN training.

To avoid overfitting, we split all the internal training data into two subsets (i.e., one actual training
dataset and one internal evaluation dataset). While most studies use a fixed ratio (usually 80:20)
between these sets, we used the optimal ratio determined by a criterion suggested in Amari et al. (1997)
that is dependent on the number of degrees of freedom and hence varies with the optimal number of
neurons determined in the pre-training (see Section 3.4.4 below). While the training dataset is used to
reconstruct the non-linear relationship between input data (Table 3.1) and pCO, observations, the
internal evaluation data are used to stop the training before the network starts overfitting the training
data. Specifically, we stopped the training when 6 consecutive iterations did not reduce the network’s
error compared to internal evaluation data (Hsieh, 2009). The addition of a second hidden layer with a

static neuron number of five was found to slightly improve performance within the evaluation metrics.

3.3.5 Cross-evaluation and ensemble

In order to further decrease the risk of overfitting, we used a 10-fold cross-evaluation approach (Li et al.,
2019b, 2020) and a bootstrapping method (Landschitzer et al., 2013). Here, all SOCAT cruises (apart
from the independent withheld data; Section 3.3.3) were randomly divided into ten equal subsamples
using SOCAT expocodes prior to gridding. One subsample was used as 10-fold evaluation data (10% of all
data), and was excluded from training, while the remaining nine subsamples were used together as

training data (90% of all data). The cross-evaluation process was repeated ten times, with each of the ten
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subsamples used exactly once as the 10-fold evaluation dataset. We performed ten trainings with each
10-fold training data subsample where we randomly split the ANN internal training and evaluation data
based on the optimal ratio determined through testing (Section 3.4.4). The robustness and reliability of
an ANN has been shown to be significantly improved by combining several ANNs into an ANN ensemble
model (Fourrier et al., 2020; Linares-Rodriguez et al., 2013; Sharkey, 1999). The ten different ANN
outputs trained on ten different 10-fold training data subsamples were used as an ANN ensemble, where

the ten outputs were averaged to obtain the final ANN-NEP pCO, product (Fourrier et al., 2020).

3.3.6 Computation of air-sea fluxes

Using the ANN-NEP pCO; product, the air-sea CO; flux (FCO,), was calculated using Eq. 3.1:
FCO, =« kApCO,, (3.1)

based on solubility (<) as a function of temperature and salinity using the data presented in Table 3.1
(Weiss, 1974), gas transfer velocity (k), and the gradient between pCO; in the surface ocean and the
atmosphere (ApCO,). Here, the gas transfer velocity is a function of wind-speed retrieved from monthly,
1/4° spatial resolution Cross-Calibrated Multiplatform ocean surface wind data (Mears et al., 2019)
interpolated to 1/12°, the temperature dependent Schmidt number specific to CO,, and gas transfer
coefficient from Wanninkhof (2014). Negative (positive) flux values indicate CO; uptake (outgassing) by
the ocean. Uncertainty in the air-sea CO; flux comes from a 20% uncertainty in k (Wanninkhof, 2014) and
the overall product uncertainty in estimated pCO, (Opco2; EqQ. 3.2; see Section 3.4.2 below). As the
uncertainty of ApCO; is dominated by the uncertainty in estimated surface ocean pCO,, we neglect the

small contribution from atmospheric CO; (<1 patm; Landschitzer et al. 2014).

3.4 Network performance

3.4.1 Evaluation comparing to SOCAT data

Overall, the final high-resolution regional artificial neural network Northeast Pacific pCO, product (ANN-
NEP) obtains good fits with an overall r* of better than 0.8 and RMSE of around 11 patm between the
estimated pCO; and the gridded SOCAT pCO, data across both the training data (Figure 3.2a), and
independent withheld data (Figure 3.2b). The mean bias is negligible (<0.8 patm; smaller than
observational uncertainty). These results also apply within individual calendar years, and within monthly
groupings across all years, indicating that the temporally inhomogeneous data distribution over the time

range and between seasons does not have a measurable effect on the estimates (Table B.1). There is no
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clear spatial structure to the residuals, with no specific region displaying persistently positive or negative

residuals (Figure B.3). When compared to local pCO, mooring data from Ocean Station Papa (which is

included in SOCAT; Figure 3.1a&b; Sutton et al. 2017), the ANN-NEP product also performs well (r? =

0.86; 133 months; not shown).
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Figure 3.2 Regional high-resolution artificial neural network Northeast Pacific (ANN-NEP) ensemble mean pCO:

against (a) training pCO: observation data, and (b) independent withheld pCO2 observation data. Number of

observations (N), root mean squared error (RMSE), coefficient of determination (r?), mean absolute error (MAE),

mean bias (calculated as the mean residual), and the slope of the linear regression (c1). The observed linear

relationship is represented by the dotted blue line. (c) ANN-NEP pCO: (ensemble mean) against individual ensemble
member estimates. Total number of observations (N) across all 10-fold ensemble members (see Section 3.3.5).

Across all panels data are binned into 2 uatm by 2 patm bins. The dashed black line represents a perfect fit of slope
(c1) = 1 and intercept = 0. Colorbar shows data density on a log scale. Note the order of magnitude difference in the

colorbar scale between panels.
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The ANN ensemble model mean approach demonstrated improved performance metrics when
compared to each individual ensemble member. The ensemble median was nearly equivalent to the
ensemble mean (r? = 0.99; not shown). Overall, individual ensemble members showed little deviation
(RMSE <8 patm) from the ensemble mean (Figure 3.2c), with the ensemble mean still improving
estimate robustness and reducing overtraining as evident in comparing the final ANN product to
independently withheld data (Figure 3.2b) and the mean RMSE of individual ensemble members to
independently withheld data (13+1 patm; Figure B.4a). Each individual ensemble member also
performed relatively well compared to the 10% subsample of corresponding 10-fold evaluation data
(mean RMSE = 1742 patm; Figure B.4b). The mean standard deviation across all grid cells within the 10-

fold ensemble is 2.2+1.3 patm (mapped in Figure B.5).

3.4.2 Uncertainty calculations

Uncertainty in the ANN estimated pCO, product was calculated following Landschitzer et al. (2018,
2014), Roobaert et al. (2019), and Keppler et al. (2020) (Eq. 3.2), where the overall pCO; product
uncertainty (0pcoz) is calculated from the square root of the sum of the four squared errors:
observational uncertainty (Bobs), gridding uncertainty (6gria), ANN interpolation uncertainty (Omap), and

ANN run randomness uncertainty (Oun).

epCOZ = \/egbs + eérid + erznap + e12‘unf (3-2)

Observational uncertainty (Bops = 3.1 patm) is the measurement uncertainty of pCO, in the field,
evaluated as the average of the uncertainty assigned to each data point according to its SOCAT quality
control (QC) flag (between 2-5 patm). Gridding uncertainty (04ri¢ = 1.5 patm) is associated with gridding
SOCAT observations into monthly 1/12°x1/12° bins, evaluated as the average standard deviation among
pCO; values within each grid cell with at least 3 data points. ANN interpolation uncertainty (Omqp = 11.1
patm) is uncertainty introduced by interpolating the pCO, observations using the SOM-FFN approach,
evaluated as the RMSE from the ANN ensemble output compared to the independent withheld SOCAT
data (Figure 3.2b). One limitation of our approach in assessing the uncertainty of the ANN interpolation
method is that it is only applicable to grid cells where observations are available. Consequently, location-
specific seasonal biases, especially in high latitudes with limited wintertime observations (Figure
3.1a&b), may not be fully captured or accounted for. The standard deviation of the ensemble (ensemble
spread) gives an indication of how robust our estimate is from one run to the next using different 10-fold

training data (Section 3.3.5; Keppler et al., 2020). ANN run randomness uncertainty (6,,, = 2.2 patm)
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comes from the mean standard deviation between 10-fold ensemble members (Section 3.3.5 & 3.4.1),
which is less than the comparison of each member of the ensemble with the ensemble mean (Figure

B.4; Figure B.2c).

Overall product uncertainty combining all four components according to Eq. (3.2) is 12 patm, with the
contribution of ANN interpolation uncertainty being the largest. Our product uncertainty is comparable
to reported open ocean uncertainty values from global products (Landschiitzer et al., 2014), as well as a
regional product in the California Current System (Sharp et al., 2022). Combining the reported
uncertainty in the gas transfer velocity (Section 3.3.6) and the overall pCO; product uncertainty yields an
average uncertainty of +0.24 mol m2 yr? in the air-sea gas flux, with the largest fraction of the error
stemming from the uncertainty of the gas transfer velocity. The total uncertainty in the flux corresponds

to roughly 20% of individual grid cell calculated flux values.

3.4.3 Improvement relative to a global product

The ANN-NEP pCO, product created here shows improved performance over the Landschiitzer et al.
(2020b) global product at each timestep within the study area when compared to SOCAT data gridded at
1/12°x1/12° (Figure 3.3), illustrating the importance of regional high-resolution estimates in resolving
fine scale variations. Across all evaluation metrics the global product does not perform as well in the
region compared to SOCAT training data (RMSE = 14; r? = 0.74; mean bias = -2; co = 0.68; MAE = 10;
compared to Figure 3.2a). This improvement suggests a regional high-resolution product can narrow the
range of variability in predictor data within the SOM clustering step and present pCO; observation data
with greater correlation to the FFN. In the Landschitzer et al. (2020b) global product, there is often only
one SOM biogeochemical province covering the whole region, forcing non-linear relationships in the FFN
to be built around greater variability in pCO, observation data from a wider range of geographic areas.
The ANN-NEP regionally specific four SOM biogeochemical province grouping could alleviate this
shortcoming in the FFN step. The improvement in our high-resolution product is particularly evident in
the seasonal amplitude, where differences between ANN-NEP and Landschiitzer et al. (2020b) exceed
the product uncertainty in 25% of grid cells (Figure B.6a). The largest seasonal amplitude differences
occur in the north Alaskan Gyre region, and south of the North Pacific Current (Figure B.6a). The
additional spatial resolution and temporal details in the regional high-resolution product provide key
information to inform future observation programs including potential mooring locations. The value
added in stepping to a high-resolution regional product proves particularly useful in resolving

biogeochemical gradients within the subpolar Alaskan Gyre system in our study area (Section 3.5).
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Figure 3.3 (a) Mean residuals over the full study area at each timestep of the ANN-NEP pCO: estimate in this study,
the Landschiitzer et al. (2020b) product interpolated to the 1/12 %1/12 °grid of this study, compared to the gridded
SOCAT data displaying the mean absolute error (MAE). (b) total number of gridded SOCAT observations across the

study area at each timestep.

3.4.4 Performance at coarser resolutions

Stepping to a higher spatial resolution drastically decreases the ratio of gridded pCO; observations
compared to the total number of grid cells (Figure 3.4f), nevertheless the ANN experiences minimal loss
in performance across different spatial resolutions (Figure 3.4a-e). Globally, most open ocean
observation-based pCO; products interpolate on a 1°x1° gridded resolution (Denvil-Sommer et al., 2019;
Global Ocean Surface Carbon, E.U. Copernicus Marine Service Information
MULTIOBS_GLO_BIO_CARBON_SURFACE_REP_015_008; Landschitzer et al., 2020b; Zhong et al., 2022),
with most coastal or regional products using a 1/4°x1/4° grid cell size (Hales et al., 2012; Laruelle et al.,
2017; Nakaoka et al., 2013; Sharp et al., 2022), with a few regional products stepping to even higher
resolutions (e.g., 1-km in Chen et al. 2016; 4-km in Parard et al. 2015, 2016; 11-km in Xu et al. 2019). To
determine how the network preforms when producing a coarser resolution product, we tested the same
configuration of our tuned 1/12°x1/12° ANN at various resolutions (Figure 3.4). The predictor variables

and SOCAT pCO, observations were simply bin-averaged to coarser grid cell sizes (i.e., 1°, 1/2°, 1/4°,

1/8°).
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Figure 3.4 Varying spatial resolution: (a) 15 (b) 1/2°5 (c) 1/45 (d) 1/8 % and (e) 1/12 °ANN pCO; product
performance evaluated by the mean RMSE (Section 3.3.3) of training data (blue line), independently withheld data
(orange line), and an overfitting metric (green line) against internal data division ratios between the pCO: training
data used by the ANN to train and internally evaluate. The ratios in grey show the range of the lower 10 percentile
(5 of 50 runs) of overfitting metric values for each resolution. (f) At each spatial resolution, the lefthand y-axis
shows the optimal internal data division ratio with error bars representing the lower 10" percentile of overfitting
metric values (same as grey ranges in (a) to (e) with all resolutions converging around RMSE = 12.840.4 uatm). The
righthand y-axis shows the percent of gridded pCO: observations (targets) compared to the total number of grid
cells.

Using the same ANN configuration between the different resolutions (i.e., optimal SOM biogeochemical
provinces, appropriate predictors, neuron number in the first hidden layer, etc., see Section 3.3.4), the
most important parameter for reducing overfitting at each resolution becomes the internal data division
ratio between the pCO, training data used by the ANN to train and internally evaluate (Figure 3.4). We
tested a suite of data division ratios between 99% of data used to train / 1% used to internally evaluate
to a 50/50 split at 1% intervals for each resolution (Figure 3.4). These tests were run without the 10-fold

cross-evaluation ensemble approach. To quantify the optimal ratio at each resolution, we used an
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overfitting metric (Eq. 3.3) equal to the larger of the training or independently withheld data RMSE, plus

the absolute value of the difference between the two:

Overfitting metric = max(RMSE yqining, RMSEyithneta) + |RMSE¢raining — RMSEyichneral,  (3.3)

Using an internal data division ratio optimized based on the overfitting metric, an ANN interpolated pCO,
product with an uncertainty value of 12.5+0.4 patm (see Section 3.4.2; Table B.2) is possible at each of
the coarser resolutions (Figure 3.4a-e; Table B.2). For comparison, the reported uncertainty in a global
product (Landschiitzer et al., 2014) ranges from 9 to 18 patm. In regions with sufficient observational
coverage (Figure 3.4f; Bakker et al., 2016), this finding creates a precedent for stepping to a higher
resolution product with nearly no loss in performance, overcoming the overfitting concern with

increased resolution (Rosenthal, 2016).

3.5 Air-sea CO; fluxes

With the estimated ANN pCO; product displaying a strong ability to accurately represent regional pCO,
variability in the Northeast Pacific (Section 3.4), we calculate air-sea CO; fluxes in the region (Eq. 3.1).
Long-term (1998-2019) mean pCO; and air-sea CO; fluxes display similar patterns (Figure 3.5). In the
northwest of our study area, high pCO; and net CO; outgassing to the atmosphere correspond to the
influence of the upwelling subpolar Alaskan Gyre system (Figure 3.5; Figure 3.1c). Lower pCO, values and
stronger atmospheric CO, uptake occur in the North Pacific Current region (Figure 3.1c) to the south and
along the eastern study area margin (Figure 3.5). The gradient of the gyre captured in the high-resolution
estimate improves regional understanding with the largest differences between the Landschiitzer et al.
(2020b) global product occurring in the north (basin-wide absolute difference 2-5%; Figure B.6a). ANN-
NEP calculated fluxes compare well to air-sea CO; fluxes averaged across six unique, courser resolution,
global observation-based pCO, products, each using five different wind speed products (r? = 0.81; Fay et
al., 2021). However, our work suggests that the global product ensemble may underestimate the
outgassing signal from the subpolar Alaskan Gyre (Figure 3.5b; Figure B.7). Higher resolution in the gyre
gradient also provides regional context to carbon measurements made at the Ocean Station Papa
mooring, often used to represent the Alaskan gyre (e.g., Jackson et al. 2009), which is actually situated

approximately between the two regions, and along the Line P monitoring program.
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Figure 3.5 (a) Long-term (1998-2019) mean ANN-NEP pCO: and (b) air-sea CO: flux density in mol m2 yr? for the
open ocean Northeast Pacific. Negative (positive) flux values indicate CO: uptake (outgassing) by the ocean. Ocean
Station Papa is shown for reference.

3.5.1 Seasonal variability

To determine seasonal cycle drivers, we decompose the climatological pCO, into a thermal and non-

thermal component (Takahashi et al., 1993, 2002):
pCO; (ry = PCO2 (gmy X €xp [0.0423(Tmmy — Tamy)], (3.4)

PCOz (vry = PCOZ (mmy X €XP [0.0423(T(am) - T(mm))], (3.5)

max(pCO, (ry)—min (pCO, (1))
max(pCO, (yry)—min (pCO;, (N1y)’

R(TNT_l) = (36)

Here the subscripts T and NT represent thermal and non-thermal effects, respectively, while subscripts
am and mm represent annual mean and monthly mean values, respectively. Eq. 3.4 imposes the
empirical temperature dependency on the annual mean pCO; value providing an estimate of seasonal
temperature control (Sarmiento and Gruber, 2006; Takahashi et al., 2002). Eg. 3.5 removes the
temperature dependency from the monthly mean pCO; values providing an estimate of the residual,
non-thermal controls on pCO, including circulation, mixing, gas exchange, and biology. The ratio of the

seasonal amplitudes of the two components (Eq. 3.6; R(r NT—1)) can differentiate the dominant process,

where a value greater (less) than one indicates that thermal (non-thermal) processes dominate.
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Figure 3.6 (a) Zonally averaged air-sea CO: flux from the ANN estimated pCO: product climatology along each
1/12 °latitude band in the study area plotted against the climatological month along the x-axis (Hovméller
diagram). Negative (positive) flux values indicate CO2z uptake (outgassing) by the ocean. The dashed grey line
subdivides the Alaskan Gyre and North Pacific Current regions in the North/South with different seasonal drivers
summarized in panels below. (b) Alaskan Gyre region (latitudes north of 52 °N) & (c) North Pacific Current region
(latitudes south of 52 °N) area averaged monthly climatological pCO: (solid blue line), thermal component (i.e.,
changes due to temperature; Eq. 3.4; dotted red line), non-thermal component (i.e., changes due to circulation,
mixing, gas exchange, and biology; Eq. 3.5; dot-dash green line), and atmospheric pCO: (dashed black line). The
climatology is plotted over 19 months to emphasize the seasonal cycle.
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Seasonally, the northern Alaskan Gyre region of our study area (latitudes north of 52°N; Figure 3.6a&b),
flips from outgassing in the wintertime to uptake in the summer in the climatological air-sea CO; flux
(Brady et al., 2019; Chierici et al., 2006; Palevsky et al., 2013). The change in the sign of the flux is driven
by a 40 patm difference between winter maxima and summer minima pCO, climatology values (Figure
3.6b). In the Landschiitzer et al. (2020a) climatology, this seasonal dipole in the Alaskan Gyre also exists
displaying a 40 patm seasonal pCO; range. Similar patterns exist in the Takahashi et al. (2014, 2009,
2002) climatologies as well (approximately 45-50 patm). Increased wind stress curl drives stronger gyre
circulation in the fall and winter, upwelling and entraining nutrient and CO;-rich subsurface waters into
the surface ocean, increasing the non-thermal pCO, component (Figure 3.6b), leading to outgassing
(Figure 3.6a; Chierici et al. 2006). Through the spring and summer, biological drawdown, preconditioned
by the upwelled, mixed, and entrained nutrients, decrease the surface ocean non-thermal pCO;
component (Figure 3.6b; Harrison et al. 1999), enhancing uptake (Figure 3.6a). Although the seasonal
amplitude of the temperature component is also large in the north, these non-thermal controls

dominate (R 7 y7-1y = 0.84).

In the south part of our study area, the North Pacific Current region (latitudes south of 52°N; Figure
3.6a&c) acts as a strong CO; sink through the winter transitioning to a weak sink through the summer.
Whereas in the Alaskan Gyre region the seasonal cycle of pCO, is dominantly controlled by non-thermal
drivers (Figure 3.6b), the North Pacific Current region experiences a near balance between opposing
drivers (Figure 3.6¢; Ry yr-1y = 1.02). In the North Pacific Current region, we see a much smaller
seasonal amplitude in pCO, (15 patm; Figure 3.6c¢), peaking in July with warming, falling to a minimum in
October. The seasonal amplitude is dampened by the competing effect of temperature changes in
solubility, and changes in dissolved inorganic carbon concentration through biological drawdown and
changing mixed layer depth (Sutton et al., 2017; Wong et al., 2010). With minimal seasonal variation in
seawater pCO,, the seasonal change in atmospheric CO, uptake south of 52°N (Figure 3.6a) is
dominantly driven by higher wind speed through the winter months (mean increase of 55% over

summer climatological values).

3.5.2 Alaskan Gyre upwelling strength

On sub-decadal to decadal timescales, there is a strong correlation between air-sea CO, flux anomalies
and SSH anomalies in the Alaskan Gyre region of our study area (r? = 0.93, p <0.01; Figure 3.7b&c; Figure
B.8). In this subpolar gyre, prevailing winds cause upwelling driven by Ekman pumping (Gargett, 1991),

but the strength varies. During 1998-2002 as well as 2006-2013, we observe strong winter and spring
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outgassing in the Alaskan Gyre, with flux densities as high as 3.6 mol m2yrtin January 2000. In these
same periods, anomalously low sea level pressure over the Alaskan Gyre led to anomalously strong wind
stress curl which enhanced Ekman pumping and depressed SSH (Figure 3.7b; Mann and Lazier 2006;
Hristova et al. 2019). The stronger upwelling brought CO,-rich subsurface water to the surface (Lagerloef
et al., 1998). Conversely, during the periods of anomalously high sea level pressures and positive SSH
anomalies (2003-2005; 2014-2020; Figure 3.7c), there is less upwelling of CO»-rich subsurface water to
the surface, allowing primary productivity to draw down surface ocean CO, (McKinley et al., 2006),

enhancing CO; uptake from the atmosphere (Figure 3.7b).

Annual average ‘

B vvinter (DJF) spring (MAM) [lllSummer (JUA) Fall (SON)
[ [ [ [

- (o)

S o 9 -4
n o
T I
| |

anomaly (mol m2 yr'1)
I

2
n
T

FCO
X

o
o

m
I
|

E 005

o
T

SSH anomaly
o
&
I

0.1 | | | | | | | | | |
1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020

Figure 3.7 Alaskan Gyre region of our study area (latitudes north of 52 °N). (a) Air-sea CO: fluxes grouped by
seasonal three-month bins along with the annual average (black line). (b) Air-sea CO: flux anomalies removing the
seasonal cycle (Section 3.3.4) and applying a 12-month running mean. (c) Sea surface height (SSH) anomalies in the
same region removing the seasonal cycle and applying a 12-month running mean. Grey boxes highlight periods of
anomalously high Alaskan Gyre upwelling strength corresponding to negative SSH anomalies. Horizontal dashed
lines mark zero in each panel. Seasonal groupings in (a) are winter (December, January, February), spring (March,
April, May), summer (June, July, August), fall (September, October, November).
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Our observation-based findings show strong carbon relationships with SSH in the Alaskan Gyre, with
correlations between other climate indices being weaker. Over longer timescales, climate-driven regional
ocean fluctuations have been shown to modulate the Alaskan Gyre surface water inorganic carbon
system (Di Lorenzo et al., 2008; Hauri et al., 2021). The North Pacific Gyre Oscillation and the Pacific
Decadal Oscillation indices have both been shown to strongly influence the physics, chemistry, and
biology of Gulf of Alaska ecosystem (Di Lorenzo et al., 2008; Newman et al., 2016). Hauri et al. (2021)
showed that the rate of ocean acidification in a hindcast model of the Gulf of Alaska was strongly related
to the first empirical orthogonal function of SSH. We report the same relationship with SSH described in
Hauri et al. (2021) as the dominant control of sub-decadal patterns on air-sea CO; fluxes from our
observation-based pCO, product (Figure 3.7). Our estimates of the 12-month running mean air-sea CO,
flux anomaly in the Alaskan Gyre region (Figure 3.7b) are more weakly correlated to the North Pacific
Gyre Oscillation, Pacific Decadal Oscillation, and the El Nifio-Southern Oscillation indices (r?> = 0.63, 0.38,
0.22 respectively; p <0.01). This regional variation in SSH correlating with both observations and models
lends strong evidence for variations in Alaskan Gyre upwelling strength explaining regional
biogeochemistry on sub-decadal to decadal timescales. This relationship supports work showing that the
SSH anomaly is an important climate index for the region (Cummins et al., 2005; Di Lorenzo et al., 2008).
This finding also highlights the challenges of representing the regional seasonal cycle of the Northeast
Pacific in a climatology within a reference period dominated by one mode of Alaskan Gyre upwelling

strength (e.g., Takahashi et al., 2002, 2009, 2014).

3.5.3 Impact of interannual events

On shorter, interannual timescales, basin-wide variability in air-sea CO, flux is significantly influenced by
the impact of extreme events, with the underlaying sub-decadal and decadal signal amplifying or
dampening these impacts. During persistent marine heatwaves in the Northeast Pacific since 2013, we
see strong atmospheric CO, uptake anomalies fueled by reduced winter mixing and increased surface
density stratification (Figure 3.8; Bond et al., 2015). The strongest marine heatwave, known as “the
Blob”, with sea surface temperature anomalies greater than 3°C or 4 standard deviations above normal
(Freeland and Ross, 2019), persisted in the Northeast Pacific from late 2013 to the end of 2015 driven by
an anomalous high-pressure atmospheric ridge (Bond et al., 2015; Di Lorenzo and Mantua, 2016). The
ridge was associated with a significant decline in local wind speed, decreasing the mixing of deep, colder
waters to the surface and raising sea surface temperatures (Bond et al., 2015; Scannell et al., 2020). The

reduced winter mixed layer deepening and associated limiting of upwelled and entrained nutrient and
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CO,-rich subsurface waters to the surface has been linked to a relief of ocean acidification (i.e.,
anomalously high aragonite saturation states; Mogen et al. 2022). There has also been a reported
increase in net primary production during “the Blob” in both in-situ and satellite records (Long et al.,
2021; Pefia et al., 2019; Yu et al., 2019). During “the Blob,” we see strong negative air-sea CO; flux
anomalies, particularly in the winter months (October to December 2014 and 2015), indicative of a 30%
increase in uptake relative to climatological monthly means. The increased atmospheric CO; uptake is
driven by reduced winter wind speeds (by approximately 7%) leading to limited winter mixed layer
deepening, increased surface density stratification, while possibly being enhanced by the increase in net

primary production (Figure 3.8b).
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Figure 3.8 Full study area-averaged interannual variability in (a) pCO2 anomaly removing the seasonal cycle
(Section 3.3.4) and long-term trend (Section 3.5.4), (b) air-sea CO: flux anomaly, (c) sea surface temperature
anomaly, and (d) chlorophyll-a anomaly all removing the seasonal cycle. Grey boxes highlight large interannual
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events including “The Blob” marine heatwave 2014-2016, a second marine heatwave 2018-2020 ('18 MHW), and a
2008 ocean iron fertilization event following the Kasatochi volcanic eruption (Kasatochi). Horizontal dashed lines
mark zero in each panel.

Through a second marine heatwave from mid-2018 to 2020 (Amaya et al., 2020; Chen et al., 2021;
Scannell et al., 2020), we see a similar magnitude increase in atmospheric CO; uptake compared to “the
Blob” event (Figure 3.8b). Through some of the largest SST anomalies (October to December 2018 and
2019) we observed large negative air-sea CO; flux anomalies indicating enhanced atmospheric uptake of
45% beyond corresponding climatological monthly means (Figure 3.8b), particularly in the Alaskan Gyre
(Figure 3.7a&b). During this marine heatwave, a similar reduction in upper ocean mixing and limited
wintertime entrainment due to reduced wind speed were observed (by approximately 9%; Amaya et al.,
2020) and resultant reduced surface pCO; (Franco et al., 2021). Increased net primary production has
also been reported (Long et al., 2021). An unusual near-surface freshwater anomaly in the Gulf of Alaska
during 2019 contributed to the intensification of the marine heatwave by increasing the near-surface

buoyancy and density stratification (Scannell et al., 2020).

Our result that marine heatwaves cause enhanced CO; uptake in the Northeast Pacific may not be
applicable to a wider region. Mignot et al. (2022) described how the impact of marine heatwaves on air-
sea CO; fluxes are the net result of two competing mechanisms: 1) increased sea surface temperatures
reducing the solubility of CO,, increasing pCO, and reducing CO, uptake, and 2) increased density
stratification reducing vertical mixing and entrainment, decreasing surface dissolved inorganic carbon,
and increasing CO, uptake. Their analysis finds that the temperature effect outweighs the advection
effect during persistent marine heatwaves in the North Pacific subtropical gyre reducing CO; uptake by
29+11%, with the opposite true in the Tropical Pacific (Mignot et al., 2022). However, when looking at
our more localized study area in the Northeast Pacific subpolar gyre, we find instead that the impact of
reduced winter mixing (because of decreased winds and increased density stratification) tipped the
balance toward enhanced atmospheric CO, uptake during these marine heatwaves, again advocating the

need for high resolution local studies to better understand local climate change effects.

Through both “the Blob” and the 2019 marine heatwave, the Alaskan Gyre was in a period of weak
upwelling (Figure 3.7c), leading to a decade-long negative pCO, anomaly (Figure 3.8a), in addition to the
maximum observed ApCO, due to the diverging long-term trend with the atmosphere (Section 3.5.4).
Unravelling the individual influence of these interconnected drivers (i.e., marine heatwaves, sub-decadal
variability, and long-term trend) is not possible with this product but does prompt future inquiry in

combination with regional models and emerging climate analysis tools (e.g., Chapman et al., 2022).
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We do not observe a large change in atmospheric CO; uptake associated with the 2008 basin-wide ocean
iron fertilization event. In August 2008, the eruption of Kasatochi volcano in the Aleutian Islands, Alaska,
USA dispersed volcanic ash over an unusually large area of the subarctic Northeast Pacific fueling a
massive phytoplankton bloom in the iron-limited region (Hamme et al., 2010; Langmann et al., 2010).
Hamme et al. (2010) reported that enhanced biological uptake drew down pCO, by approximately 25
patm at Ocean Station Papa. Basin-wide, we see a decrease of 20 patm from July to August 2008 in the
detrended, deseasonalized ANN pCO, following the eruption (Figure 3.8a) with a drawdown of 30 patm
at Ocean Station Papa. The neural network approach does display a tendency to slightly overestimate
relatively low pCO, values (Figure 3.2a). Because this basin-wide enhanced primary production and
surface ocean pCO, decrease lasted only two months, its impact on the air-sea CO; flux was limited
(Figure 3.8b). The limited impact could be tied to weaker summer wind speeds and longer equilibration
times (Jones et al., 2014). The eruption occurred during a period of enhanced Alaskan Gyre upwelling
(Figure 3.7c), meaning the event was overlaid on top of an already sub-decade long positive pCO;
anomaly (Figure 3.8a) perhaps dampening the event’s impact. Unfortunately, the lack of direct pCO;
measurements in SOCAT v2021 during this time prevents us from further investigating the underlaying

causes.

3.5.4 Air-sea CO: flux trend

Overall, the Northeast Pacific Ocean CO, sink has become more negative (i.e., become a larger sink;
Figure 3.9b) from 1998 to 2020 at a rate of -0.04320.004 mol m™2 yr2. Looking at the start and end of the
timeseries, the average flux from 1998 to 2002 appeared to be a small atmospheric CO; sink at -0.7 mol
m=2yrl, compared to the sink from 2016-2020 at -1.6 mol m2 yrl. Regionally, we don’t see a statistically
significant trend in the satellite-based ocean surface wind speed data over this time (p >0.1; Mears et al.
2019). However, the timeseries endpoints are representative of different Alaskan Gyre upwelling modes
(Figure 3.7c), with the timeseries starting in a sub-decade long positive pCO, anomaly and ending during
a decade long negative pCO, anomaly. Decadal trends will be sensitive to the start and end point of the
timeseries (e.g., Fay and McKinley 2013). We caution that our trend results may not be representative of

longer time periods (i.e., from industrial onset).
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Figure 3.9 Full study area-averaged long-term trends in (a) ANN-NEP surface ocean pCO: (solid line) and

atmospheric pCO: (dashed line), and (b) air-sea CO: flux density.

Taking the full study area deseasonalized (Section 3.3.4), area-averaged pCO,, we calculated trends

based on shorter time series within our data using different monthly timeseries start and end dates

(Figure 3.10). Based on pCO, data timeseries ranges greater than 10 years (between 1998 and 2020),

87% of trends are less than the atmospheric trend with a mean of 1.59+0.27 patm yr! (N=9222 at a

monthly timestep; Figure 3.10). In the remaining 13% of total timeseries start and end date

combinations, there is a pronounced very steep trend exceeding the atmospheric rate of increase. Date

combinations resulting in trends exceeding the atmospheric increase could be partly attributed to start

and end dates coinciding with periods of weak and strong Alaskan Gyre upwelling, respectively. These

upwelling modes induce negative and positive pCO, anomalies, which further amplify the observed

trend. However, the Alaskan Gyre region makes up only about 25% of the total study area (region north

of 52°N; Section 3.5.2), and trends in Figure 3.10 represent the ANN-NEP full spatial domain.
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Figure 3.10 Full study area-averaged pCO2 anomaly (removing the seasonal cycle; Section 3.3.4) linear trend
calculated using different monthly timeseries start and end dates. Timeseries start from dates on the left and end
on a date along the top. The dashed black line indicates equal start and end dates. Trend values are only shown for
timeseries of at least a 5-year duration. Red values represent negative pCO: trends, gold values represent trends
greater than the atmospheric rate of increase (2.12#0.01 patm yr). The purple dotted line indicates a 10-year
timeseries duration.

The rate of change in the air-sea CO; flux over the study period is largely due to the increasing gradient
with the atmosphere (Figure 3.9a). Over the full study area from 1998-2020, the ANN-NEP pCO, trend is
1.4+0.1 patm yrt. The Landschitzer et al. (2020b) global product trend in the region is similar at 1.5+0.1
patm yrt. At Ocean Station Papa, the ANN-NEP pCO, trend is 1.5+0.1 patm yr, in agreement with the
observed trend based on discrete samples collected 1-3 times per year (1.6+0.8 patm yr* between
1990-2019; Franco et al. 2021). The ocean pCO, trend is not as rapid as the atmospheric increase of
2.1240.03 patm yr' over the same period (Figure 3.9a). Sutton et al. (2017) also reported a lag with the
atmosphere at Ocean Station Papa with a ApCO; trend of -1.5+0.9 patm yr?* from the 2007-2014
mooring pCO, data. The ANN-NEP ApCO, trend at Ocean Station Papa is -0.67+0.05 patm yr.



64

A S
140w
-1.4 -1.2 -1 -0.8 -0.6 -0.4 -0.2 0
ApCO, trend (uatm yr') Downwelling Mean Ekman pumping (<107 ms™) Upwelling

Figure 3.11 (a) Trend in ApCO2 where more negative (darker) values indicate an increasing gradient with the
atmosphere and a lag in the pCO: increase in the surface ocean. Black crosshatches show grid cells with an
insignificant calculated trend (outside the 95% confidence level; p 20.05). (b) Calculated average vertical velocity
associated with Ekman pumping (calculated from zonal and meridional wind speed) where negative (blue) values
indicate downwelling and positive (green) values indicate upwelling. Ocean Station Papa is shown for reference.

The observed lag in the increase in surface ocean pCO; with respect to atmospheric pCO,, causing an
increasing air-sea gradient (ApCO;), may be attributed to interaction with subsurface water. We find a
strong spatial correlation between the trend in ApCO, and the calculated average vertical velocity
associated with Ekman pumping (r? = 0.64, p <0.01; Figure 3.11b). Ekman pumping was calculated using
the MATLAB Climate Toolbox ekman function (Greene et al., 2017, 2019; Kessler, 2002) from monthly,
1/4° spatial resolution Cross-Calibrated Multiplatform zonal and meridional ocean surface wind speeds
(Mears et al., 2019) interpolated to 1/12°. Fay and McKinley (2013) describe regions impacted by
upwelling from depth having shallower pCO, trends and greater divergence with the atmosphere based
on models and observations. Dissolved inorganic carbon increases with depth, causing enhanced vertical
mixing to increase surface ocean pCO, over the seasonal cycle (Sections 3.5.1 to 3.5.3). However, in the
long-term, dissolved inorganic carbon is increasing most in surface waters, due to direct uptake of
atmospheric CO,, and least at depth. The supply to the surface of subsurface waters with low
anthropogenic carbon causes a lag in the rate of increase in surface ocean pCO,. The anthropogenic
carbon signal in the intermediate to deep waters in this region are some of the smallest in the global
ocean due to circulation patterns (Carter et al., 2019; Clement and Gruber, 2018; Gruber et al., 20193;
Sabine et al., 2004). Regions within our study area with greater connection between surface and deep
waters, such as the center of the Alaskan Gyre in the north (Van Scoy et al., 1991), are experiencing the

largest divergence with the atmosphere. With a joint increase in projected future wind speeds
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(Wanninkhof and Trifianes, 2017; Young and Ribal, 2019; Zheng et al., 2016), and a growing ApCO,, the

region is likely to become a stronger net annual sink for atmospheric CO,.

3.6 Conclusions

Using a high-resolution regional neural network approach, we represent pCO; measurement variability
well in the Northeast Pacific Ocean. We interpolated sparse observations using non-linear relationships
developed with a neural network approach based on predictor data from satellite and reanalysis
products to create a continuous monthly pCO, estimate at 1/12°x1/12° spatial resolution. Using a cross-
evaluation ensemble approach we were able to produce a robust pCO; product that represents regional
variability with an uncertainty of 12 patm. We found that stepping to a significantly higher spatial
resolution, compared to typical open ocean observation-based pCO, products (1/4° or 1° spatial
resolution), led to nearly no loss in performance despite a much lower ratio of gridded pCO,
observations compared to the total number of grid cells. The most important parameter for reducing
overfitting across regional pCO; products with different spatial resolutions was the internal division of
training data. Higher resolution products require more direct training data and less data to internally
evaluate, while still comparing to independent withheld data. This work shows that high-resolution,
high-performance, observation-based neural network derived pCO, products can be developed when
reducing the complexity of controlling processes by focusing on specific regions. However, chosen
predictor variables need to be regionally specific considering “process focused” influences on the local
carbon system. Our reported optimization of the internal data division ratio between network training
and evaluation data indicates the importance of this choice when moving to a higher spatial resolution.
Increased spatial resolution will be necessary to capture variability in regions strongly influenced by
mesoscale processes, enabling resolution of oceanographic features such as eddies, upwelling regimes,

and gyre system gradients.

We report pronounced variability in marine CO; uptake in the Northeast Pacific Ocean dominantly driven
by the control of Alaskan Gyre upwelling and connectivity to subsurface waters. Overall, the open ocean
Northeast Pacific acted as a net sink for atmospheric CO, from 1998 to 2020 with an average basin wide
air-sea CO; flux of -1.2 mol m2 yr! but with pronounced seasonality. In the northern Alaskan Gyre
region, wintertime upwelling and entrainment lead to significant outgassing. In the southern North
Pacific Current region, the seasonal flux cycle is largely driven by wind speed where the seasonal change
in surface ocean pCO, remains small. Based on our product, upwelling strength of the Alaskan Gyre

dominates air-sea CO; flux variability in that region on sub-decadal to decadal timescales. During
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prolonged periods of enhanced gyre upwelling, we see strong winter outgassing driven by upwelled and
entrained CO»-rich subsurface waters. During periods of weak gyre upwelling, the northern part of our
study area acts as a sink for atmospheric CO; year-round. During two recent marine heatwaves we see
enhanced CO; uptake due to limited wintertime entrainment of subsurface waters resulting from weaker
winds. However, we observed minimal impact on atmospheric CO, uptake following a 2008 volcanic
eruption, with air-sea CO; flux anomalies linked to enhanced biological uptake via iron fertilization lasting
only two months. The gradient between the Northeast Pacific surface ocean pCO; and atmospheric CO;
is increasing, pushing the region towards becoming an enhanced sink for atmospheric CO,. We see the
largest increase in the gradient, and so potential for greater future uptake, at the center of the Alaskan
Gyre where, through upwelling, there is a strong connection with subsurface waters low in

anthropogenic CO,.

The regional, high-resolution pCO, product created here could serve as a valuable baseline for regional
models (e.g., Pilcher et al., 2018; Hauri et al., 2020). The pCO, product, and associated air-sea CO; flux
estimates, offers continuous coverage in sparsely sampled regions informed by patterns in well sampled
neighbouring waters. The product could be used to aid in model evaluation, use in data assimilation,
constrain initial conditions, enhance carbon flux process understanding, and improve regional climate

change projections.

Our analysis illustrates the complex interplay between factors driving air-sea CO; flux variability at
varying temporal scales across the study domain and within broad subregions (Alaskan Gyre and North
Pacific Current regions) allowing us to suggest what resources will be needed to make further advances.
Improvement of estimated pCO, would benefit from an increase in the number of pCO, observations
used for training. We recommend prioritizing additional measurements in the northern Alaskan Gyre
region in future observational programs. Our estimated fluxes in the gyre are large (both uptake and
outgassing), but observations are sparse, leading to the largest standard deviations between our cross-
evaluation ensemble members (Figure B.4). The impact of sub-decadal to decadal variability on the trend
in surface ocean pCO; and in regional atmospheric CO, uptake emphasises the importance of long
duration timeseries sites and programs to capture the natural cycles of variability and accurately
estimate change. Our findings and estimated pCO, product serve as environmental baselines, which
could be used to inform future marine carbon dioxide removal in the Northeast Pacific at the basin and
regional scale. However, use of our product at the individual grid cell level is not encouraged as errors

likely remain high, whereas over broader regions these errors average away. Our study serves as an
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important initial step in creating a complete carbon budget for the Northeast Pacific, with coastal,

pelagic, and benthic carbon stocks and fluxes still to be resolved.

3.7 Data availability
All data used is publicly available. ANN-NEP pCO; and air-sea CO; flux fields are available through the

National Center for Environmental Information (NCEI Accession 0277836;

https://doi.org/10.25921/c1w8-6v02). pCO, data are from the Surface Ocean CO, Atlas (SOCAT) v2021

(available at https://www.socat.info/) as well as additional data from Fisheries and Oceans Canada

February 2019 Line P cruise (available at https://www.waterproperties.ca/linep/). Sea surface

temperature and chlorophyll-a are from the European Space Agency Climate Change Initiative (available

at https://climate.esa.int/en/odp/#/dashboard). Sea surface salinity, sea surface height, and mixed layer

depth are from Copernicus Marine Environment Monitoring Service (available at

https://data.marine.copernicus.eu/product/GLOBAL MULTIYEAR PHY 001 030/description). Ocean

surface wind data are from Cross-Calibrated Multiplatform version 2 Wind Vector Analysis Product

(available at https://www.remss.com/measurements/ccmp/).
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Chapter 4. High-resolution Neural Network Demonstrates Strong CO,

Source-Sink Juxtaposition in the Coastal Zone

Key points
1. The coastal Northeast Pacific is a net sink for atmospheric CO, with increasing air-sea pCO,
disequilibrium trends in most of the region.
2. Regional processes drive net annual air-sea CO; flux to be anticorrelated with air-sea CO; flux
seasonal amplitude.
3. Estimated pCO; reproduces observed seasonal cycle phase and amplitude well along with broad

spatial patterns of variability.

Plain language summary: The importance of the coastal ocean as a hub of exchange for carbon between
terrestrial ecosystems, the open ocean, and the atmosphere is still unclear. In this study, we investigate
how much carbon dioxide moves between the ocean and the atmosphere in the coastal Northeast
Pacific. We use a mathematical technique (i.e., machine learning) to transform limited observational
data to a high-resolution estimate of this exchange across the entire region. We found this method
effectively captured the big picture patterns and seasonal changes in ocean carbon dioxide levels. We
report that the coastal Northeast Pacific absorbs slightly more carbon dioxide than it releases, helping
regulate atmospheric levels of this greenhouse gas. However, there are large differences regionally with
some coastal zones absorbing substantial amounts of carbon dioxide and others releasing the gas, such
as the nearshore. We report a trend of increasing ocean uptake over time, suggesting the region may
play an increasingly important role in reducing atmospheric carbon dioxide levels. This study provides
valuable baseline information for efforts to reduce carbon dioxide in the atmosphere through artificially
enhancing ocean uptake in the region.

This work has been submitted to a scientific journal as: Duke, P. J., Hamme, R. C,, lanson, D.,
Landschitzer, P., Swart, N. C., and Covert, P. A.: High-resolution Neural Network Demonstrates Strong

CO; Source-Sink Juxtaposition in the Coastal Zone, Journal of Geophysical Research: Oceans, under
review, submitted March 19, 2024, Manuscript ID: 2024)C021134.

4.1 Abstract

Coastal oceans may play an important role in regulating the concentration of carbon dioxide in the
atmosphere. Quantification of carbon fluxes at this highly dynamic land-ocean interface will aid in
monitoring, reporting, and verification for marine carbon dioxide removal. Here, we use a two-step

neural network approach to generate basin-wide estimates from sparse observational data in the coastal
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Northeast Pacific Ocean at an unprecedented spatial resolution of 1/12° with coverage in the nearshore
(0 - 25 km offshore). We compiled partial pressure of carbon dioxide (pCO,) observations as well as a
range of predictor variables including satellite-based and physical oceanographic reanalysis products.
With the predictor variables representing processes affecting pCO,, we created non-linear relationships
to interpolate observations from 1998-2019. Compared to in situ shipboard and mooring observations,
our coastal pCO; product captures broad spatial patterns and seasonal cycle variability well. A sensitivity
analysis identifies that the parameters responsible for the neural network’s ability to capture regional
pCO; variability agrees with mechanistic processes. Using wind speed and atmospheric CO,, we
calculated air-sea CO; fluxes. We report an anticorrelation between net annual air-sea CO; flux and air-
sea CO; flux seasonal amplitude and suggest the relationship is driven by regional processes. We show
the inclusion of nearshore net outgassing fluxes lowers the overall regional net flux. Overall, our results
suggest that the region is a net sink (-0.7 mol m2 yr?) for atmospheric CO, with trends indicating

increasing oceanic uptake due to strong connectivity to subsurface waters.

4.2 Introduction

The global ocean takes up nearly a quarter of anthropogenic carbon dioxide (CO,) emissions annually
(Friedlingstein et al., 2023). It has been suggested coastal oceans contribute disproportionately to
oceanic CO, uptake relative to global ocean by surface area (Bourgeois et al., 2016; Chau et al., 2022;
Laruelle et al., 2014; Resplandy et al., 2024; Roobaert et al., 2019, 2024), but exhibit far greater
heterogeneity in air-sea CO, fluxes (Liu et al., 2010) and may be changing at a different rate compared to
the open ocean (Laruelle et al., 2018; Resplandy et al., 2024). Coastal oceans serve as an important hub
of exchange, outgassing carbon delivered by terrestrial ecosystems to the ocean (Regnier et al., 2022),
while facilitating transport between the coast and open ocean, and directly absorbing CO; from the
atmosphere (Bauer et al., 2013; Chen and Borges, 2009; Mackenzie et al., 1998; Ward et al., 2020).
However, the role of the coastal ocean in the global carbon budget is not well-constrained due to lack of
observations relative to the complexity of highly localized variability (Chavez et al., 2007; Dai, 2021; Dai
et al,, 2022).

Gap filling approaches (i.e., methods to interpolate sparse observations) used to inform coastal ocean
air-sea CO; flux estimates are often at coarse resolution and often operate in an opaque way.
Interpolation techniques have been widely used to inform air-sea CO; flux estimates in the coastal ocean
both regionally and globally (e.g., Chen et al., 2016; Hales et al., 2012; Laruelle et al., 2017; Parard et al.,
2015, 2016; Roobaert et al., 2019, 2024; Sharp et al., 2022; Xu et al., 2019). These approaches extend
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the temporal and spatial coverage of partial pressure of CO; in seawater (pCO,) observations from
community synthesis efforts (e.g., through the Surface Ocean CO; Atlas (SOCAT); Bakker et al., 2016) and
can be used to calculate air-sea CO; fluxes using wind speed and atmospheric CO; (Wanninkhof, 2014).
Historically, coastal ocean approaches have been adopted from their open ocean counterparts (Chau et
al., 2022; Landschitzer et al., 2020a), and thus most of these estimates have at best a monthly,
1/4°x1/4° latitude by longitude resolution, which is incapable of resolving smaller scale processes in
coastal regions, especially nearshore, that experience high variability and short autocorrelation length
scales (Jones et al., 2012). Interpolation techniques, which lack transparency, also rarely probe internal

relationship dependency between variables.

Large heterogeneity in air-sea CO; fluxes exist in the coastal Northeast Pacific, with substantial expanses
of the coast completely absent of observations (Benway et al., 2016). Large discrepancies exist between
previous air-sea CO; flux estimates within this region, with disagreement over the net annual flux
magnitude and direction (i.e., as a net sink or source for atmospheric CO,; Duke et al., 2023b; Fennel et
al., 2019). Air-sea CO; flux variability in the region is heavily impacted by coastal processes such as
upwelling, river plumes, tidal mixing, and coastal currents (Evans et al., 2012, 2019; Evans and Mathis,
2013; Hales et al., 2005; lanson et al., 2003; Nemcek et al., 2008). Upwelling along the Pacific eastern
boundary shelf has contrasting impacts on the oceanic CO; sink reflected in complex interactions
between biological carbon drawdown fueled by upwelled nutrient and carbon-rich waters (Hales et al.,
2005; Messié and Chavez, 2015; Ribalet et al., 2010) and outgassing associated with the same
subsurface waters brought to the surface (Chan et al., 2017; Christensen, 1994; Evans et al., 2011; Feely
et al., 2008; Hales et al., 2005; lanson and Allen, 2002). Closer to shore, within the Salish Sea, and along
Alaska’s Inside Passage, air-sea CO; fluxes into and out of the ocean are highly episodic and spatially
heterogeneous (Evans et al., 2022; Jarnikova et al., 2022b). Binning regional pCO, observations in three
dimensions into monthly, 1/12°x1/12° grid cells over the period 1998-2019, reveals the data scarcity
(Figure 4.1). Of the 6,030,816 spatial and temporal grid cells just 0.6% have an associated gridded pCO,
value. Observations are concentrated along shipping lanes, have a summer bias, and increase in
frequency during later years (Figure 4.1). No observations exist in vast areas of the coastal Gulf of Alaska

and along extensive stretches of shoreline (Figure 4.1c).
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Figure 4.1 Number of grid cells (of 54782 total spatial grid cells) with coastal pCO: observation data (Section 4.3.1)
in (a) months reveals a summer bias, and (b) years showing increased sampling closer to present. (c) Total number
of months of observational coverage per grid cell displays better coverage along shipping routes. 300 km offshore
line shown for coastal/open oceanic boundary used in this study (solid blue line labelled 300°).

Here we investigate how well a high-resolution regional artificial neural network (ANN) approach can
determine air-sea CO; fluxes in the coastal Northeast Pacific (NEPc). We build on an existing global setup
(Landschuitzer et al., 2013) adopted previously in stepping to a higher spatial resolution in the open
Northeast Pacific (Duke et al., 2023c). In Section 4.3, we describe the creation of a gridded pCO, data
product for the coastal Northeast Pacific monthly from January 1998 to December 2019 at an
unprecedented 1/12°x1/12° resolution to resolve coastal ocean processes. In Section 4.3, we
demonstrate that our product robustly recreates gridded observation data, comparable to a less variable

open ocean product. In Section 4.5, we directly compare our pCO; product with in situ shipboard and
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mooring observations and detail potential capabilities and limitations in the continuous, gridded
product. In Section 4.6, we examine the regional patterns of variability in the net annual air-sea CO; flux
relative to the seasonal cycle and describe potential drivers through a spatial sensitivity analysis. We

conclude by calculating surface ocean pCO; trends in the last decades.

4.3 Data and methods

We created a coastal pCO; data product spanning a geographic area between 45 - 62°N and 120 - 155°W,
and within 6 to 300 km of shore building on the methods of Duke et al. (2023c). (ANN-NEPc; Duke et al.,
2024). Briefly, our first step identified grid cells with similar environmental characteristics, provinces,
using a self-organizing map approach (SOM) (Landschiitzer et al., 2013). In the second step, within each
province, we used a feed-forward neural network (FFN) to create non-linear functional relationships
between pCO, observations and independent predictor variables (Landschiitzer et al., 2013). Third, we
applied these relationships to the predictor data to generate continuous monthly sea surface pCO, maps
from 1998-2019 in the coastal Northeast Pacific (NEPc). ANN-NEPc fills the gap between open ocean (>
300 km offshore) pCO, (Duke et al., 2023c) to as close to the shoreline as reanalysis and satellite-based
products reach. In stepping to 1/12° spatial resolution (approximately 9 km by 5 km, latitude by
longitude), this work represents a three times increase in spatial resolution over previous 1/4° global and
regional coastal ocean products with an overlapping domain (Landschiitzer et al., 2020a; Laruelle et al.,
2017; Roobaert et al., 2024; Sharp et al., 2022), with extended coverage into the nearshore (defined

here as 0 - 25 km offshore).

4.3.1 pCO2 observations

ANN target pCO; data came from the Surface Ocean CO, Atlas (SOCAT) v2021 (Bakker et al., 2016), the

Fisheries and Oceans Canada February 2019 Line P cruise (https://www.waterproperties.ca/linep/), a

West Coast Ocean Acidification cruise from July and August 2010 (Evans et al., 2012), and La Perouse
cruises from May 2007 and May 2010 (Tortell et al., 2012). Sea surface CO, fugacity (fCO,) was converted
to sea surface pCO, (Text C.1; Kortzinger, 1999). We did not correct in situ pCO, observations to sea
surface mass boundary layer temperature, because following previous techniques introduced significant
additional uncertainty in our coastal study area (Text C.2). pCO, observations were bin-averaged
(monthly from 1998-2019, at 1/12°x1/12°), computing the mean and standard deviation within each

grid cell.


https://www.waterproperties.ca/linep/

4.3.2 Predictor data
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Predictor data were chosen based on accessibility and ability to represent processes that mechanistically

impact surface ocean pCO, (Table 4.1). Selected predictor variables primarily originate from satellite

observations or reanalysis models (Table 4.1; Text C.3). Predictors differ slightly from a regional open

ocean estimate (Duke et al., 2023c). Here, we used a high-resolution regional wind speed product and

not reanalysis model derived mixed layer depth. Capturing greater variability in the coastal ocean

required a high-resolution regional wind speed product over a low-resolution global product (Figure C.2).

Latitude, longitude, and time were not used as predictor variables.

Table 4.1 Northeast Pacific Coastal Ocean artificial neural network predictor variables, and their corresponding
source, original temporal and spatial resolutions, and processing steps used for this study.

Original resolution

Predictor variable Source Processing
Temporal Spatial
Satellite-based product
Averaged to
Sea surface SST_cci: Level 4 Analysis Climate . monthly,
- Dail 1/20°x1/20°
temperature (SST) Data Record, version 2.1 atly /20°%1/20 aggregated to
1/12°x1/12°
Averaged to
monthly,
Chlorophyll-a (Chl) Ocean_Colour_cci: Version 5.0 Daily 1/24°x1/24°  aggregated to
1/12°x1/12°, log10-
transformed
Satellite and in-situ observation data assimilated reanalysis product
Sea sur{gg;sahmty None
Copernicus Marine Service
Monthl 1/12°x1/12°
Sem surface height  GLOBAL_REANALYSIS_PHY_001_030 o™ /12°x1/
N
(SSH) one
Atmospheric-measurement-based interpolation product
. Landschutzer et al. (2020b) - NCEI Interpolated to
1°x1°
Atmospheric pCO; Accession 0160558 Monthly X 1/12°x1/12°
High-resolution regional forecast model
Averaged to
Wind speed Regional Deterministic Reforecast Hourly 1/11°%1/11° monthly,

System (RDRS-v2.1)

interpolated to
1/12°x1/12°
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4.3.3 Neural network construction

To reach the optimal ANN-NEPc architecture, we performed a series of tuning tests using the MATLAB
Neural Network Toolbox, with sequential improvements impacting future tests (Duke et al., 2023c). The
choice of three dynamic (i.e., changing shape at every timestep) self-organizing map (SOM) based
clusters represented the lowest number for a typical clustering structure to emerge (Figure C.3a). All
spatial grid cells within the study area belong to more than one SOM cluster at some point over 1998-
2019 (Figure C.3b). SOM predictor variables (SST, SSS, SSH only; Table 4.1) were normalized to a mean of
0 and standard deviation of 1. The second FFN step used all six predictor variables in Table 4.1, in
addition to each predictor variable anomaly (i.e., deseasonalized; calculated by subtracting the
climatological monthly mean), bringing the total number of predictors to 12. Anomaly values were used
to highlight interannual to decadal variability within our predictor data sets. The number of neurons
within the first hidden layer varied by province with the optimal number of neurons determined in a pre-
training run (Landschitzer et al., 2013, 2014). The second hidden layer used seven static neurons, which
slightly improved performance. To further decrease the risk of overfitting, we used a 10-fold cross-
evaluation approach to create an ANN ensemble (Duke et al., 2023c; Li et al., 2019b, 2020) and a
bootstrapping method (Landschitzer et al., 2013). Observation cruises were randomly divided into 10
equal subsamples (10% each) using expocodes (i.e., unique identifiers corresponding to complete
underway cruise tracks or mooring deployments) prior to gridding, leaving some data splits with more
(or less) gridded pCO; targets (Section 4.3.1). We repeated the FFN training step 10 times, using each of
the 10 subsamples once as the internally withheld evaluation dataset and the rest as the training dataset
(with a separate independent data always withheld; Section 4.3.4). In each iteration, we trained the ANN
for 10 rounds. The robustness and reliability of an ANN estimate has been shown to be significantly
improved by combining a ANN ensemble (Duke et al., 2023c; Fourrier et al., 2020; Linares-Rodriguez et

al., 2013; Sharkey, 1999). Here, we take the mean of the 10-fold estimates.

4.3.4 Evaluation

Comparisons of ANN output to training and independent withheld data were made throughout tuning
tests. ANN-NEPc performance for each tuning test was evaluated using five statistical metrics: root mean
squared error (RMSE), coefficient of determination (r?), mean absolute error (MAE), mean bias
(calculated as the mean residual), and the slope of the linear regression (c1) between the ANN and the
corresponding gridded pCO, observations. One subset of data was selected from the observation data

using associated expocodes to be entirely withheld from the FFN training step. We tested 100 random
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independent withheld data splits and selected the one with the best observational coverage over a wide
range of seasons, years, and locations (Figure C.4). These independent withheld data represented

approximately 4.5% of the total study area gridded pCO, data.

4.3.5 Sensitivity analysis

We used a perturbation approach to quantitatively assess the impact of each predictor variable on
estimated pCO- (e.g., Broullén et al., 2018; Li et al., 2020; Sun et al., 2021). To diagnose how important
different predictor variables were across the study area, a single set of non-linear relationships was used
inside a single uniform SOM province. We then applied this single FFN to our continuous, gridded
predictor dataset and to perturbed versions of that dataset. For each predictor variable separately, we
introduced a perturbation increasing the value within each grid cell by 50% of the standard deviation
within that grid cell (X' = X + 0.5(std(X)); N = 264 months per grid cell; de Ofia & Garrido, 2014) and
calculated the resulting predicted pCO,. We then took the difference between the perturbed run and a

baseline run using unperturbed predictor variables.

4.3.6 Computation of air-sea fluxes

Using our pCO, product, we calculated the air-sea CO, flux (FCO,; mol m=2 yr?):

from the Henry’s Law solubility constant (K,; mmol m3 patm™) as a function of temperature and salinity
(Table 4.1; Weiss, 1974), gas transfer velocity (k; m day?), and the gradient between pCO, in the surface
ocean and the atmosphere (ApCO>; patm). Here, the gas transfer velocity is derived from Wanninkhof
(2014), a function of wind-speed at 10 meter elevation (Table 4.1) and the temperature dependent
Schmidt number specific to CO, (Wanninkhof, 2014). Negative flux values indicate CO, uptake by the
ocean. We assume that the uncertainty in our air-sea CO; flux estimate results from a 20% uncertainty in
k (Wanninkhof, 2014) and the overall product uncertainty in estimated pCO, (6pCO,; Section 4.4.3
below). As the uncertainty of ApCO, is dominated by the uncertainty in estimated surface ocean pCO,,
we neglect the small contribution from atmospheric CO; (< 1 patm; Landschiitzer et al., 2014). Wind
speed product uncertainty which would contribute to a larger overall flux uncertainty is not included.
This uncertainty is difficult to evaluate in the nearshore where the standard deviation of global wind
speed products (Atamanchuk et al., 2020; Roobaert et al., 2018) is likely not an appropriate measure of

the uncertainty of our specifically chosen coastal wind product (Figure C.2).
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4.4 Network performance

4.4.1 Evaluation with respect to observational data

Comparing our estimated pCO; product with the gridded observations across both the training data
(Figure 4.2a) and independent withheld data (Figure 4.2b) demonstrates fits with an MAE less than 30
patm and RMSE of around 40 patm. The mean bias is negligible over the full range (< 0.2 patm, smaller
than observational uncertainty; Section 4.4.3). 70% of the calculated residuals fall within the -20 to 20
patm range, while 47% of the grid cells have absolute residuals < 10 patm especially further offshore
(Figure C.5). Despite seasonal and annual biases in observations (Figure 4.1; Section 4.3.1), our product
performs similarly across different months and years (Table C.1). The ANN ensemble model mean
demonstrated improved performance compared to each individual ensemble member (Figure C.6; Text

C.4).

Larger bias exists at the upper and lower limits of the gridded pCO, observational range. Our product
underestimates pCO, observations greater than the 90" percentile (> 412 patm; mean bias = -28 patm),
and overestimates values less than the 10*" percentile (< 306 patm; mean bias = 13 patm). The spatial
structure of the residuals reflects this bias distribution (Figure C.5), with negative residuals in the strong
mixing regions of the Salish Sea commonly characterized by high pCO, (Evans et al., 2012, 2019;
Jarnikova et al., 2022b), and positive residuals along the upwelling zone off the west coast of Oregon
and Washington States characterized by low pCO, (Evans et al., 2011). Observation-based pCO; products
commonly overestimate pCO; in highly biologically productive coastal upwelling regions (Chau et al.,
2022; Hales et al., 2012; Roobaert et al., 2024; Sharp et al., 2022). Chlorophyll (Table 4.1) as a proxy for
biological productivity in training may not fully represent biological control on pCO,. Ford et al. (2022)
showed that in regions with high biological activity and nutrients supplied from depth (i.e., South
Atlantic upwelling mesoscale eddies) regional, algorithm-derived net community production estimates
(Ford et al., 2021) improved ANN pCO, estimates. Creation of coastal, regionally specific net community
production algorithms, and inclusion as a predictor variable, may help reduce bias of low pCO; values in

our study area.
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Figure 4.2 Our ensemble mean pCO: estimate (ANN-NEPc) against (a) observed pCO: training data, (b) observed
pCO: independently withheld data, and (c) individual ensemble member estimates. Data are binned into 5 patm by
5 uatm bins with data density shown in the colorbar on a log scale (note order of magnitude difference between
panels). Dashed black line is the 1:1. Dotted blue line is the least squares best fit. Also shown are number of
observations (N), root mean squared error (RMSE), coefficient of determination (r?), mean absolute error (MAE),
mean bias (calculated as the mean residual), and the slope of the linear regression (c1).

In relative terms, our pCO; product performs nearly as well as an open ocean product, even nearshore

(Table 4.2). Nearshore pCO; exhibits a much larger range of variability compared to the continental shelf

and the offshore marine environment. Table 4.2 displays relative percent error (RPE) binned by distance

offshore (d) calculated as:

RPE; = RMSE,/[prctilegs(pCO%% ) — pretiles(pCO%% )] x 100,

(4.2)

where RMSE, is the RMSE from gridded observational data averaged over the distance bin,

prctile95(pCOglzf) is the 95" percentile observed pCO; in that distance bin and prctileS(pCO‘z’lZf) is the
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5% percentile. Compared to a high-performance, regional open ocean product (Table 4.2; Duke et al.,
2023a), RMSE increases moving toward shore but so does the range in pCO; such that the RPE is
constant within a factor of two.

Table 4.2 Error statistics for our ensemble mean pCO: estimate against all gridded observation data binned by

distance offshore: number of observations (N) per bin, observed range of variability (range; difference between the
95 and 5™ percentile), root mean squared error (RMSE), and relative percent error (RPE; Eq. 4.2).

Distance offshore (km) N Range (patm) RMSE (patm) RPE (%)
0-25 (nearshore) 8669 481 54 11
25-50 4763 215 33 16
50-100 5770 153 24 15
100-150 3324 114 16 14
150-200 3317 90 12 13
200-300 6501 106 10 10

High-resolution Northeast Pacific open ocean product (Duke et al., 2023a)

> 300 34096 83 7 8

4.4.2 Comparison to other products

Our pCO, estimate agrees well with one other Northeast Pacific coastal ocean estimate but diverges
from coarser resolution global products (Figure C.7). The regional Sharp et al. (2022) product within the
northern extension of the California current system (45 °N to 59 °N, east of 140 °W) is nearly equivalent
to our pCO, product within reported uncertainties (r? = 0.57; Figure C.7a). However, our product
produces estimates closer to shore (Section 4.6.2 below). Compared to our product and in situ
observations, a global coastal climatology (Landschitzer et al., 2020a; Laruelle et al., 2017) and
multiyear product (Roobaert et al., 2024) do not capture the same pCO, range (Figure C.7c&e; Figure
C.8). For example, both global products underestimate winter pCO; values closer to shore in the coastal
Gulf of Alaska region (> 52 °N & < 50 km offshore; area-averaged climatological winter pCO; of 300 patm
and 290 patm respectively compared to 330 patm in this study; Figure C.7d&f), highlighting the
importance of finer resolution in coastal systems. This region also has the scarcest pCO, observations
within our study area (0.37% coverage; Figure 4.1). Global SOM clusters commonly group the California
current system with the Northwest European shelf and Sea of Japan (Laruelle et al., 2017; Roobaert et
al., 2024). FFN non-linear relationships inside such clusters may not be suitable for regionally specific

processes dominated by downwelling (Stabeno et al., 2004), glacial runoff (Pilcher et al., 2018; Siedlecki
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et al., 2017), significant seasonal biological productivity (Coyle et al., 2012; Fiechter and Moore, 2009;
Hermann et al., 2009), and the influence of the upwelling subpolar Alaskan Gyre (Duke et al., 2023c;
Hauri et al., 2021). This finding supports the Sharp et al. (2022) recommendation of increasing the
number of SOM clusters for observation-based coastal ocean pCO, estimates to capture more regionally

specific non-linear relationships, cognizant of SOCAT observation data density.

4.4.3 Uncertainty estimate

Uncertainty in the ANN-NEPc estimated pCO, product was determined following Duke et al. (2023c). The
overall pCO; product uncertainty (6pCO; = 50 patm in our coastal product) is calculated from the square
root of the sum of the four squared errors: observational uncertainty based on reported SOCAT QA/QC
flags (00ss = 3.7 patm), gridding uncertainty based on the average standard deviation from gridding
observations into monthly 1/12°x1/12° bins (04i¢ = 22.4 patm; with an increasing gradient shoreward),
ANN interpolation uncertainty based on the RMSE comparing the ANN-NEPc estimated pCO; to
independent withheld data (Omap = 42.9 patm; Section 4.4.1), and ANN run randomness uncertainty
based on the mean standard deviation between 10-fold ensemble members (6,,, = 6.8 patm; Figure C.9).
ANN interpolation uncertainty is the largest contribution overall. Combining the reported uncertainty in
the gas transfer velocity (Section 4.3.6) and the overall pCO, product uncertainty yields an average
uncertainty of £0.2 mol-C m2 yrtin the air-sea gas flux, neglecting the uncertainty in wind speed
products (Section 4.3.6), across all grid cells, with the largest fraction of the error stemming from the

uncertainty in the gas transfer velocity.

Our reported total uncertainty may appear high relative to other coastal pCO, products, but we include
higher variability regions and more stringent error estimates. Other observation-based interpolated pCO,
products in the coastal ocean report lower uncertainty values (RMSE values generally between 10 and 35
patm in regional estimates detailed in S. Chen et al., (2016); 29 patm globally in Roobaert et al. (2024);
approximately 30 patm in the California current system in Sharp et al. (2022); 55 patm in the coastal
subpolar Pacific in Chau et al. (2022)). However, most other estimates did not use independent withheld
data to report total product uncertainty. Roobaert et al. (2024) point out their largest RMSE values are
calculated along the Cascadia Shelf in our study area (62 patm). Our pCO; product is also the only
estimate that includes the nearshore, introducing higher variability (Table 4.2). Excluding the nearshore
across all components of the uncertainty calculation yields an overall uncertainty of 40 patm, more

comparable to other coastal ocean estimates.
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4.5 Comparison to high-resolution observations

Comparison to in situ observations shows that our ANN-NEPc estimated pCO; product resolves seasonal
variability and broad spatial patterns well. Despite high spatial resolution, our design of a monthly
timestep product means the ANN cannot reproduce short temporal (e.g., days) events. Predictor variable
inaccuracy also contributes to pCO; estimate uncertainty, particularly in the nearshore where data
assimilation into reanalysis models is limited (e.g., SSS and coastal limitations of Argo float array) and
retrieval issues affect satellite estimates (e.g., SST and cloud masking, impact of aerosols, diurnal
variability, uncertainty estimation, and validation). /n situ measurements show that biogeochemical and
hydrographic variability in our region occurs on spatial scales of less than 20 km (Nemcek et al., 2008),
with spatial autocorrelation lengths increasing offshore (Murphy et al., 2001), and timescales of days to
weeks (Evans et al., 2011, 2012, 2019; Fassbender et al., 2018b). Our product is constrained by initial
binning of observations to 1/12°x1/12° (approximately 9 km by 5 km) and a monthly time step, as well
as scarcity of observations used to train (Figure 4.1). Comparing it directly with in situ mooring and
shipboard underway pCO, system measurements in the coastal zone provides insight into when and

where the ANN is both capable and incapable of resolving variability.

Our pCO, estimate captures the observed seasonal cycle (phase and amplitude) at regional mooring time
series sites well (Figure 4.3; full time series at all five regional mooring sites in Figure C.8). At NOAA’s Gulf
of Alaska Ocean Acidification (GAKOA) site south of Alaska’s Kenai Peninsula, our product tends to
overestimate seasonal summer minima and winter maxima values. However, it captures seasonal cycle
timing well with a similar average seasonal amplitude even when not all mooring data are included in
SOCATv2021 (this study = 144 patm; GAKOA = 169 patm; Figure 4.3b). At another NOAA Gulf of Alaska
mooring site south of Kodiak Island, our estimate also captures the phase of the seasonal cycle well (r? =

0.89; N = 31 months; Figure C.8a).
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Figure 4.3 (a) Map of mean estimated surface ocean pCO: seasonal amplitude (1998-2019; range; annual
maximum minus minimum) in uatm. Nearshore mooring time series at (b) Gulf of Alaska Ocean Acidification
mooring (GAKOA), (c) Quadra, and (d) Cape Elizabeth mooring in situ pCO: data (black diamonds; not all included in
SOCATv2021) plotted with co-located gridded SOCATv2021 (orange solid line), this study pCO: (blue solid line), and

atmospheric pCO: (light blue dashed line). Kodiak and Chd bé and Roobaert et al. (2024) comparison time series in
Figure C.8.

The ANN recreates the seasonal cycle well at Hakai Institute’s Quadra Island Station, but its monthly
timestep does not capture higher frequency variability (Figure 4.3c). In some instances, measured pCO,
at the Quadra mooring increases over 500 patm within three days (e.g., June 9-12, 2015), leading to a
strong outgassing signal. The ANN monthly estimate does not capture such short events. Monthly
binning impacts net annual air-sea CO; fluxes within a single grid cell (2015 mean annual flux from daily
mooring pCO; and wind speed: 0.08 mol m2 yrl; compared to this study: 0.26 mol m2 yr?) but likely has
a smaller impact when quantifying the larger regional flux. Near the end of the time series (late 2017 to
2020), the gridded SOCAT data deviates from the in situ mooring data due to inclusion of nearby
shipboard data, yet our estimated pCO, continues to better represent the mooring seasonal cycle. When
evaluating ANN performance (Section 4.4.3), this difference from the gridded observation data

contributes to a higher measure of uncertainty, yet in situ representation is still preserved compared to

the mooring data.
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The ANN does capture part of the signal from somewhat longer (i.e., weeks) summer high pCO, events at
NOAA'’s Cape Elizabeth mooring off the west coast of Washington State (Figure 4.3d). Horizontal
advection of freshwater (July 2007) or upwelling events (> 500 patm; July 2008; Evans et al., 2015) can
cause high summer pCO; values. These extreme events impact bin-averaged training data, allowing the
ANN to recover some of the short duration signal, albeit at a lower value. Our product reproduces both

persistent, weeks long events < 35 km offshore, in line with the monthly averaged observations.
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Figure 4.4 (a) pCO:2 along 2010 West Coast Ocean Acidification cruise track from 21 Jul 2010 to 15 Aug 2010 (Evans
et al.,, 2012). Data is gridded into 1/12 °by 1/12 °bins. Events indicate (1) cruise start, (2) Johnstone Strait, (3)
Hecate Strait, (4) intense upwelling plume near Brooks Peninsula, and (5) Juan de Fuca Strait respectively. Subplots
against time along cruise track for (b) pCO2 where underway in situ pCO: data (black diamonds) are plotted with
co-located monthly gridded data (orange solid line), this study pCO: (blue solid line), and atmospheric pCO: (light
blue dashed line). (c) Sea surface salinity (SSS) with underway in situ SSS (light blue dots) and co-located reanalysis
SSS (dark blue solid line; used as a predictor variable). SSS values near cruise start as low as 15 in situ and 24 from
reanalysis (not shown). (d) Sea surface temperature (SST) with underway in situ SST (red dots) and co-located
satellite-based SST (dark red solid line; used as a predictor variable). Gray boxes highlight tidal mixing zones (e.g.,
Johnstone Strait, Juan de Fuca and Haro Straits and connecting waters).

Direct comparison to a cruise from July/August 2010 provides another example of our pCO, product’s
ability to capture broadscale patterns. The ANN estimate resolves undersaturated pCO; conditions in the

Salish Sea at the start of the cruise well (point 1; Figure 4.4). Through Johnstone Strait (50.5 °N, 126.5
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°W), a strong tidal mixing zone (Evans et al., 2022), lack of predictor data coverage prevents estimation
of pCO, in those grid cells at all (point 2; Figure 4.4). The ANN captures the lower variability continental
shelf and slope environment in Queen Charlotte Sound and around Haida Gwaii well (between points 2
and 4; Figure 4.4). Differences between estimated and observed pCO, exist in Hecate Strait (point 3;
Figure 4.4) likely due to strong underestimation of SSS as a predictor in the reanalysis product (point 3;
Figure 4.4c). Along the west coast of Vancouver Island, shipboard observations captured an upwelling
event off Brooks Peninsula (50.14 °N, 127.78 °W; Asher et al., 2017), visible in decreased temperatures,
elevated salinity, and very high in situ pCO; (point 4; Figure 4.4). The ANN does not replicate this short
upwelling event (i.e., days; Asher et al., 2017). High pCO, driven by tidal mixing in the Juan de Fuca and
Haro Straits are captured by the ANN (point 5; Figure 4.4; Jarnikova, Olson, et al., 2022). An abundance
of consistently high pCO, observations results in a strong reconstruction by the ANN in this region (Evans

etal., 2012).

4.6 Air-sea CO; flux and pCO; drivers

Long-term (1998-2019) mean air-sea CO; fluxes display a pronounced juxtaposition between strong
uptake and outgassing regions in the coastal Northeast Pacific Ocean (Figure 4.5c). Overall, air-sea CO,
flux estimates from our product show this coastal zone acts as a net sink for atmospheric CO,, drawing
down 0.96+0.25 Tg C yr with a mean flux of -0.7 mol m2 yr! but high variability with a standard
deviation of 1.4 mol m2 yrl. Mean pCO; and air-sea CO; fluxes display similar patterns, with high pCO,
nearshore leading to outgassing and low pCO; along the transition zone and continental shelf
environments taking up atmospheric CO, (Figure 4.5a&c). Canada’s West Coast exclusive economic zone
has a CO; uptake of 0.61+0.11 Tg C yr. Compared to the open ocean region of the Northeast Pacific
(Duke et al., 2023c), the adjacent coastal ocean is a weaker sink for atmospheric CO, by area (40%
weaker compared to -1.2 mol m?2 yr in the open ocean), taking up 64% less CO, total within 40% less
area (open ocean uptake = 2.63+0.53 Tg C yr'}; open ocean surface area = 1.8x10° km?; coastal ocean
surface area = 1.1x10° km?). Elevated pCO, and outgassing is also reported in the subpolar Alaskan Gyre

system (Figure 4.5a&c), consistent with Duke et al. (2023c).
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Figure 4.5 (a) Mean pCO; (1998-2019) in patm. 140 W meridian divide used in Section 4.6.2 analysis shown for
reference. (b) Ratio of pCO: seasonal amplitude in thermal component (i.e., changes due to temperature; pCOz (1))
and biophysical component (i.e., changes due to circulation, mixing, gas exchange, and biology; pCO:2 r)). (c) Mean
air-sea CO: flux (1998-2019) in mol m= yr™X. Negative flux values indicate CO; uptake by the ocean. (d) Mean air-
sea CO: flux seasonal amplitude (range; annual maximum minus minimum) in mol m? yr. (e) Mean air-sea CO:
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flux vs. mean air-sea CO: flux seasonal amplitude (grid cell by grid cell). Dotted blue line is the least squares best fit.
Dashed black line separates values of outgassing (positive) from uptake (negative).

4.6.1 Regional patterns

Spatially, the study area can be divided into four distinct regions based on air-sea CO; flux patterns in our
product. The net annual air-sea CO; flux is anti-correlated with the mean air-sea CO; flux seasonal
amplitude (r* = 0.56; p < 0.01; Figure 4.5e). We identify four regions that drive this pattern from most
offshore to inshore: the transitional zone connecting the open ocean and the coast is a net sink with a
small seasonal cycle, the Cascadia Shelf where the net sink is even stronger but the seasonal cycle
remains low, nearshore regions with large seasonal cycles, and semi-enclosed estuaries with strong
outgassing. To further disentangle driving processes between these four regions we decompose the
estimated pCO; into a thermal (pCO; 1)) and biophysical (pCO; gr)) component (Text C.5; Takahashi et al.,
1993, 2002). We then take the ratio (Rrep?) of the seasonal amplitude (climatological maximum minus
minimum) of the two components (pCO; 1)/pCO: gp); Figure 4.5b), where biophysical processes dominate

if Rrgpt is less than one and vice versa.

Much of the offshore transitional zone (medium blue colours in Figure 4.5c) acts as a sink for
atmospheric CO; year-round where thermal and biophysical pCO, components are nearly balanced. Low
air-sea CO; flux seasonal amplitudes in the transitional zone (> 50 km offshore; excluding the subpolar
Alaska Gyre) correspond to net annual atmospheric CO, uptake. In the southeast of the study area
(Figure 4.5b), the North Pacific Current region experiences a relative balance of opposing thermal and
biophysical pCO, components seasonally (Rrnr! approximately = 1; Duke et al., 2023c; Sutton et al.,
2017; Takahashi et al., 2006; Wong et al., 2010). Along most of the transitional zone where Rryr? is
closer to one (Figure 4.5b), we also report low pCO, seasonal amplitudes (Figure 3a) allowing for
continuous pCO; undersaturation with respect to the atmosphere and continuous annual uptake with
low air-sea CO; flux seasonal amplitudes (Figure C.12; Figure 4.5d). Advection of low pCO, (Duke et al.,
2023c; Takahashi et al., 2006) water by the North Pacific Current from the open ocean toward the coast
causes overall pCO; undersaturation in this region (Reed and Schumacher, 1986; Thomson, 1981;
Weingartner et al., 2002). The low pCO, amplitudes are maintained by the effect of temperature on pCO;
(increasing during warming and decreasing during cooling) dampening changes due to spring
phytoplankton blooms (drawing down pCO,) and winter surface mixed layer deepening (increasing

pCO>).
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The most prominent CO; sink region is found along the Cascadia Shelf, inshore of the transitional zone,
with a mean flux of -1.5 mol m2 yr! (darkest blue colours in Figure 4.5c). Along the continental shelf and
within much of the nearshore, biophysical processes (e.g., coastal upwelling, seasonal biological
drawdown, mixing) dominate the seasonal cycle of pCO; with Rrnrt values < 1. Summer upwelling fuels
primary productivity causing surface pCO, drawdown as waters are advected offshore (Hales et al., 2005;
Teeter et al., 2018; Ware and Thomson, 2005). Winter downwelling drives onshore transport of low pCO,
offshore waters and limits subsurface waters, with elevated respiratory CO,, from mixing to the surface
(i.e., coastal nutrient trap; lanson et al., 2009; F. A. Whitney et al., 2005; Wilkerson & Dugdale, 1987).
This general circulation of shelf waters maintains low seasonal flux amplitudes and strong CO, uptake on

the Cascadia Shelf.

Much of the nearshore tends to experience seasonally strong, juxtaposing air-sea CO; fluxes, leading to
near zero net annual CO; fluxes (nearshore white colours in Figure 4.5c). For example, closer to shore
north of 50 °N and south of the Southeast Alaska Archipelago, winter mixed layer deepening brings
water rich in nutrients and CO, from respired organic matter to the surface, increasing pCO,, leading to
strong CO; outgassing to the atmosphere when light is limiting (Figure C.12a; Marchese et al., 2022). In
the spring, substantial primary productivity draws down pCO, (Marchese et al., 2022), reverting the
region to a prominent sink for atmospheric CO; (Figure C.12b). This large seasonal amplitude results in a

net neutral flux.

Semi-enclosed, nearshore estuarine environments display strong CO outgassing in our product, which is
not always observed in regional high-resolution models. High pCO; values and outgassing fluxes (mean
CO; flux of 0.7 mol m2 yr!) occur in Cook Inlet, the Salish Sea, and the Southeastern Alaska Archipelago
(Figure 4.5c). Globally, the source strength of these integrated estuarine environments is comparable to
(or smaller than) other nearshore source regions that decrease averaged coastal ocean CO, uptake
(Section 4.6.2 below; Duke et al., 2023b; Fennel et al., 2019; Laruelle et al., 2018). In high-resolution
regional models, the Salish Sea has been reported as a weak net annual source (this study: 1.0 mol m?
yr'l; comparable to Jarnikova et al., 2022b): 0.69 mol m2 yr?), and Cook Inlet as a net sink (Hauri et al.,
2020; Pilcher et al., 2018). Limited observations used to constrain both our observation-based estimate
and regional models may create discrepancies between them. Our estimate is based on all available
surface ocean pCO, observations along with a suite of predictor variables (Figure 4.1; Table 4.1), whereas
regional process-based models using data for boundary conditions simplify and parameterise

mechanisms (Hauri et al., 2020; Jarnikova et al., 2022b; Pilcher et al., 2018). Global observation-based
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estimates and models also disagree, where model fluxes are often more negative (stronger sink) at

northern latitudes, attributed to a smaller seasonal pCO, amplitude (Resplandy et al., 2024).

4.6.2 Nearshore fluxes

The nearshore coastal environment (0 - 25 km offshore) exhibits large air-sea CO; fluxes, over a relatively
small surface area, impacting regional marine carbon budgeting. As our estimate wraps around the coast
from primarily E-W to primarily N-S, we split the region along the 140 °W meridian (Figure 4.5a).
Averaging grid cells approximately parallel to the regional coastline along longitudinal bands (155 °W to
140 °W west of 140 °W; Figure 4.6a&b) and along latitudinal bands (56 °N to 45 °N east of 140 °W,
Figure 4.6c&d), the inclusion or exclusion of the nearshore environment creates large differences in
estimated net annual air-sea CO; fluxes, for example, between 154 °W to 149 °W encompassing Cook
Inlet (absolute flux difference of 250%, switching from a net sink to a source; Figure 4.6b). North to south
from 56 °N to the northern extension of the California current system at 45°N (Figure 4.6d), including
the nearshore leads to a slightly weaker net annual sink for atmospheric CO,. The difference is largest
within latitudinal bands inclusive of the Salish Sea (49-51 °N; 20% weaker). Differences in zonally
averaged pCO; and air-sea CO, fluxes also exist between products with varying nearshore coverage
(Section 4.4.2; Roobaert et al., 2024; Sharp et al., 2022). Basin-wide, inclusion of the nearshore changes
the annual exchange with the atmosphere within the study area by 0.06 Tg C yr (6%). These results

highlight the importance of including the nearshore in regional marine carbon budgets.
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Figure 4.6 Longitudinally averaged estimates west of 140 °W of mean (a) pCO2 and (b) air-sea CO2 flux of: this
study (dark blue), this study removing the nearshore (cyan). (c) and (d) are latitudinally averaged estimates east of
140 °W respectively. Additional observation-based estimates with overlapping domains including Sharp et al.
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(2022) (dot-dash beige), and Roobaert et al. (2024) (dashed lime green). Sharp et al. (2022) air-sea CO2 fluxes
calculated following Section 4.3.6.

4.6.3 Dominant controls on variability

Four distinct tiers of predictor variable importance rankings emerged from a perturbation-based spatial
sensitivity analysis in estimated pCO; (Figure 4.7a). The ANN is purely a set of empirical, not mechanistic,
relationships between pCO, observations and predictor variables, though variables were selected with
mechanism in mind (Table 4.1). We used a perturbation-based spatial sensitivity analysis (Section 4.3.5)
to probe the dependency of the ANN relationships on each variable, as they cannot be viewed directly
(unlike a multiple linear regression). Atmospheric pCO; and atmospheric pCO, anomaly (removing the
seasonal cycle; Section 4.3.3) are the most important predictors, followed by SST, and then process-
driven controls whose importance varies spatially. Atmospheric pCO; and atmospheric pCO, anomaly are
the only two predictor variables that capture a trend in time from 1998 to 2019 (i.e., increase of 2.12
uatm yr'! due to anthropogenic emissions). Due to the trend, these variables also experienced the
largest absolute value perturbation (mean basin-wide increase of 7 patm), at least one order of
magnitude greater than other variables. The third most important predictor for estimating pCO; is SST.
Basin-wide, the sensitivity test introduced a mean SST increase of 1.5 °C, resulting in a mixed pCO;
response where generally there was a decrease, outside of the Gulf of Alaska central glacial drainage
basin where pCO; increased (Figure C.13a). This result does not follow the mechanistic reduced solubility
of CO, in warmer water. However, it emphasizes the importance of the SST seasonal cycle as a predictor

(strong correlation, typically negative, between pCO, and SST; Figure C.13b).
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Figure 4.7 (a) Predictor variables ordered by absolute mean pCO: change from baseline run during perturbation-
based spatial sensitivity analysis (Section 4.3.5). (b) Most dominant process-based predictor variable mapped by
largest absolute mean pCO2 change from baseline run during perturbation-based spatial sensitivity analysis

(excluding top three variables from (a)). No grid cells displayed Chl or Chl anomaly as the largest absolute mean
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pCO: change from baseline over the full study time range (1998-2019). Major river outflows are labelled for
reference.

Excluding the three most dominate controls (atmospheric pCO,, atmospheric pCO, anomaly, and SST),
the spatial distribution of predictor variable importance rankings can be explained by mechanistic drivers
even though the ANN is purely empirical. SSH anomaly is important along the Alaskan Gyre boundary,
where the upwelling gyre exerts control over local biogeochemistry (Figure 4.7b; Duke et al., 2023c;
Hauri et al., 2021). Wind speed (as a proxy for mixed layer depth) is important throughout most regions
along the continental shelf and the outer coast as winter mixed layer deepening brings CO,-rich
subsurface waters to the surface (mean basin-wide perturbation increase of 0.4 m s resulting in a pCO>
increase of 1.7%; Figure 4.7b). SSH and SSH anomaly are additionally important offshore of Sitka, Alaska
(57 °N, 143 °W) and Haida Gwaii (52 °N, 133 °W) where mesoscale anticyclonic eddies with enhanced
primary productivity and high SSH propagate away from the continental margin (Figure 4.7b; Batten and
Crawford, 2005; Crawford et al., 2007; Crawford and Whitney, 1999; Whitney et al., 2005; Whitney and
Robert, 2002). In the North Pacific Current influenced region southeast of the study area, SST anomaly
and wind speed anomaly are the most important predictors linked to the relative balance of opposing

mechanisms (i.e., thermal and biophysical pCO, components; Figure 4.5b).

Nearshore regions experience a range of predictors with prominent features mostly controlled by salinity
(SSS and SSS anomaly) in coastal estuarine areas (Figure 4.7b), and tidally mixed areas (e.g., Juan de Fuca
Strait, Johnstone Strait; Figure 4a). In additional regions where freshwater discharge is important (e.g.,
Table C.2), SSH and SSH anomaly emerge as important predictors potentially linked to discharge
associated changes to nearshore sea level (Figure 4.7b; Durand et al., 2019). Neither perturbation to Chl
nor Chl anomaly resulted in the largest absolute mean pCO, change from baseline over 264 months in a
single grid cell (Figure 4.7b). However, seasonally Chl emerges as a prominent predictor in scattered grid
cells along nearshore West Coast Vancouver Island and in the Southeast Alaska Archipelago during the

spring (i.e., March, April, and May; not shown).

4.6.4 Air-sea pCO:2 trends

Trends in the last decades (1998-2019) in ApCO; (sea — air) display spatial heterogeneity in the coastal
Northeast Pacific, with a gradient of smaller trends moving offshore. A linear fit was applied to the full
ApCO; anomaly (i.e., deseasonalized; Section 4.3.3) time series within each grid cell to calculate the
trend and standard error. Regions that experience an increase in surface ocean pCO; close to the

increase in atmospheric (i.e., resulting in a small ApCO, trend) are spatially distinct from those that have
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an insignificant trend in pCO; leading to a large divergence with the atmosphere (i.e., large ApCO, trend).
Grid cells with a small ApCO; trend are dominantly located in the outer coast (> 50 km offshore) and in
the southeast of the study area (Figure 4.8a). Trends are closer to the atmospheric trend in this region
(2.12 patm yrt), meaning any change in the carbon sink due to anthropogenic climate change will
require long observation time series to detect, as the signal is small relative to internal variability (Gooya
et al., 2023; McKinley et al., 2016; Resplandy et al., 2015; Sutton et al., 2019). We report trends in pCO,
that are similar to those observed at time series sites along Fisheries and Ocean Canada Line P stations
(this study: P4 = 1.3+0.1 patm yr*; P12 = 1.640.1 patm yr; comparable to Franco et al. (2021): P4 =
1.0+1.4 patm yr*; P12 = 1.5+0.6 patm yr?).
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Figure 4.8 1998-2019 trend in (a) ApCOz anomaly (i.e., deseasonalized) where more negative (darker) values
indicate an increase in air-sea pCO: disequilibria with time. Black crosshatches show grid cells with an insignificant
calculated trend (outside the 95% confidence level; p > 0.05; 0.4% of total grid cells). (b) Standard error of the
estimated slope in the ApCO; trend fit.

Large ApCO; trends (and low or insignificant pCO, trends) occur in regions experiencing strong
connectivity to the older subsurface waters of the Northeast Pacific (e.g., subpolar Alaskan Gyre, west
coast upwelling zone; Figure 4.8a). This older water has a lower anthropogenic carbon load (Carter et al.,
2019; Clement and Gruber, 2018; Gruber et al., 2019a; Sabine et al., 2004), which may be responsible for
the lag in the increase in surface ocean pCO; (e.g., Duke et al., 2023c). The ApCO; trend in the Alaska
Gyre is dominated by the winter trend, whereas the west coast upwelling zone is dominated by the
summer trend (Figure C.14). These seasonal trends coincide with the timing of greatest connectivity to
depth in each region. Strongest Alaskan gyre upwelling occurs in winter (Gargett, 1991; Talley, 1985),

whereas the coastal upwelling season is spring and summer (Dorman and Winant, 1995; Hsieh et al.,
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1995) with downwelling occurring in the winter (Section 4.6.1; Thomson & Ware, 1996). In the
nearshore (e.g., Southeast Alaska Archipelago, Salish Sea), subsurface waters exchange through
estuarine flow and tidal mixing. In these regions, we report low or insignificant winter ApCO; trends and
large negative summer trends in agreement with regional model results (e.g., Jarnikova et al., 2022b).
Increasing summer air-sea pCO; disequilibria enhances ocean CO; uptake, whereas winter air-sea
disequilibria has remained relatively constant, maintaining ocean outgassing. In winter, light limits
biological productivity, resulting in higher total CO; in the surface (Evans et al., 2019; lanson et al., 2016;
Simpson et al., 2022). This increase in total CO; reduces the buffer capacity of the carbonate system
(Revelle and Suess, 1957), so that the pCO; increase due to anthropogenic carbon uptake is larger than it
is in summer in many temperate zones (e.g., Jarnikova et al., 2022b; Landschiitzer et al., 2018). Our
findings are consistent with global ApCO, trend estimates where most coastal regions appear to exhibit
negative ApCO; trends likely becoming stronger atmospheric CO, sinks or weaker sources (Fennel et al.,
2019; Laruelle et al., 2018; Resplandy et al., 2024; Roobaert et al., 2024; Wang et al., 2017). However,
the rate of change in the air-sea CO; flux can be amplified or dampened in some regions by changes in

wind speed patterns (Griffin et al., 2010; Resplandy et al., 2024; Roobaert et al., 2024).

4.7 Conclusions

Our high-resolution, neural network created pCO, product reproduces observed coastal Northeast Pacific
Ocean variability well, from the outer transitional zone to the nearshore (0 — 25 km offshore). We
interpolated sparse observations using non-linear relationships developed with a neural network based
on predictor data from satellite and reanalysis products to create a continuous, gridded monthly pCO,
estimate at a 1/12° spatial resolution, inclusive of the nearshore. This pCO, product provides a baseline
environmental context for pCO; and air-sea CO; flux variability in the study area with an uncertainty of
50 patm and 0.2 mol-C m2 yr?, respectively. The product resolves seasonal variability (phase and
amplitude) and broad spatial patterns well compared to high-resolution in situ observations. The product

is not designed to capture daily — weekly variability.

A unique ANN sensitivity analysis shows that variations in pCO; results agree with mechanistic drivers
even though the ANN itself is purely empirical. ANNs are not based on predefined equations but their
ability to capture information inherent to the training data, preventing any explicit explanation of how
predictor variables and their output are related. We suggest a new systematic sensitivity analysis

introducing perturbations to predictor variables, with a consideration for natural spatial variability, to
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produce mapped variable importance rankings. This approach offers insight providing greater

transparency to complex ANN techniques.

We describe the coastal Northeast Pacific as a net sink for atmospheric CO, with large spatial
heterogeneity between outgassing in the nearshore and uptake on the outer coast. Net annual air-sea
CO; flux is largely anticorrelated with seasonal air-sea CO; flux amplitude. Patterns inherent to specific
regions drive this anticorrelation, including circulation and opposing seasonal upwelling or relaxation vs.
downwelling, and may make the relationship regionally specific rather than applicable to the wider
global coastal ocean. Our results also emphasize the importance of including nearshore fluxes (often
omitted by other coastal products), which are likely to be a source reducing the net coastal sink, when
constructing marine carbon budgets (e.g., Legge et al., 2020). These findings could be potentially
important considerations for reporting marine carbon dioxide removal approaches in the study area, as
interventions impacting source areas are treated differently from those enhancing natural sinks (Verra,

2023).

Trends over the last decades show outer coast pCO, may be experiencing the largest increase in air-sea
pCO; disequilibrium, due to strong connectivity with subsurface waters low in anthropogenic CO,, while
pCO; in the North Pacific Current region tracks increasing atmospheric pCO, more closely. Trends
reported here across the coastal Northeast Pacific indicate most regions are likely to become stronger

atmospheric CO; sinks or weaker sources.

Improving regional observational coverage and continuity and advancing the ANN approach will improve
future air-sea CO; flux estimates. Some regions in the coastal Gulf of Alaska display large net annual air-
sea CO; fluxes (e.g., Cook Inlet) yet are extremely sparsely monitored. A higher temporal resolution, such
as daily, could enable the ANN to capture highly episodic air-sea CO; flux events common to the
nearshore. However, this approach would dramatically reduce the percent coverage of observation
training targets. A solution may be creating ANN non-linear relationships to interpolate pCO; directly
from in situ observations. Using high frequency, collocated sensors and non-uniform “highest available
resolution” satellite and reanalysis datasets for predictor variables not collected in situ, a higher
temporal and/or spatial resolution coastal product could be developed without substantial loss in ANN

training targets.



94

4.8 Data availability
All data used is publicly available. ANN-NEPc pCO, and air-sea CO; flux fields created for this publication
are available through the National Center for Environmental Information (NCEI Accession 0290365;

https://doi.org/10.25921/4jvk-y051). pCO, data are from the Surface Ocean CO, Atlas (SOCAT) v2021

(available at https://www.socat.info/) as well as additional data from the Fisheries and Oceans Canada

February 2019 Line P cruise, a West Coast Ocean Acidification cruise from July and August 2010 (Evans et
al., 2012), and La Perouse cruises from May 2007 and May 2010 (available at

https://www.waterproperties.ca/linep/). Sea surface temperature and chlorophyll-a are from the

European Space Agency Climate Change Initiative (available at

https://climate.esa.int/en/odp/#/dashboard). Sea surface salinity and sea surface height are from

Copernicus Marine Environment Monitoring Service (available at

https://data.marine.copernicus.eu/product/GLOBAL MULTIYEAR PHY 001 030/description). Ocean

surface wind data at 10 m height are from Regional Deterministic Reforecast System (available at

https://caspar-data.ca/; detailed here https://github.com/julemai/CaSPAr). Mooring data used in

analysis are also available through the National Center for Environmental Information (NOAA moorings:

NCEI Accession 0173932; and Hakai Institute Quadra Island Field Station: NCEIl Accession 0208638).
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Chapter 5. Comparing Regional pCO; Product Boundaries

5.1 Introduction

Observation-based pCO; data products commonly delineate between the coastal ocean and the open
ocean (Duke et al., 2023c; Hales et al., 2012; Landschitzer et al., 2014; Laruelle et al., 2017; Roobaert et
al., 2024; Sharp et al., 2022). Spatial domains of past data products vary with how nearshore or offshore
they extend (e.g., 200 nautical mile limit of national Exclusive Economic Zones, Hales et al. (2012);
offshore to 140 °W, Sharp et al. (2022); 300 km offshore, Duke et al. (2023c) & Laruelle et al. (2017);
outer limit of the shelf break, Roobaert et al. (2024); exclusion of estuarine systems, Roobaert et al.
(2024) & Laruelle et al. (2017)). These differing boundary definitions create discontinuity between
regional and global ocean air-sea CO; flux estimates (Landschitzer et al., 2020a). The choice of boundary
definition has important implications on the observations and environmental characteristics included in
informing the gap-filling approaches used, causing differences between products within overlapping

domains (Landschiitzer et al., 2020a).

In this Chapter, | conduct additional analysis comparing overlapping boundaries between two regional
Northeast Pacific observation-based pCO, data products spanning the coastal and open ocean. Previous
Chapters investigated high-resolution, observation-based pCO; data products (with associated air-sea
CO; fluxes) in the open ocean (Duke et al., 2023c) and coastal regions (Chapter 4). Both studies defined
the coastal-open-oceanic boundary as 300 km offshore following Laruelle et al. (2017), adding a 10 km
buffer, leading to a uniform 20 km overlapping domain along the 300 km offshore contour between the
two products. Here | investigate how well the coastal-open-ocean continuum is reconstructed across the

overlapping domain given independent gap-filling approaches.

5.2 Product background

| compare Northeast Pacific open ocean (Duke et al., 2023a) and coastal ocean pCO, products (Duke et
al., 2024) described in Duke et al. (2023b) and Chapter 4 respectively. Both products offer continuous
monthly sea surface pCO, maps from 1998-2019 in the Northeast Pacific spanning 45 - 62°N and 120 -
155°W, at 1/12° spatial resolution (approximately 9 km by 5 km, latitude by longitude), with the coastal
product extending to typically < 6 km of shore (Figure 4.5). Overall pCO, product uncertainty was
reported as 12 patm in the open ocean and 49 patm in the coastal ocean. Products used a gap-filling
approach to make basin-wide estimates from sparce pCO, observations by adapting a two-step artificial

neural network (SOM-FFN) interpolation method developed by Landschiitzer et al. (2013, 2014). The
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approach first groups provinces of grid cells with similar environmental characteristics using a self-
organizing map approach (SOM); then, within each province, a feed-forward neural network (FFN) was
used to create non-linear functional relationships between pCO; observations and independent
predictor variables that are known to influence surface ocean CO,. These relationships were then applied

to the gridded predictor data to generate continuous estimated pCO, maps.

The largest differences between approaches used to create the two pCO; products included differing
SOM approaches, slightly differing predictor variables used in each FFN, and different wind speed
products used to estimate the air-sea CO; flux. The open ocean product used four unique SOM
biogeochemical provinces changing shape over a monthly climatology with the clustering defined using
an open ocean pCO, climatology (Landschiitzer et al., 2020a) as a predictor in addition to sea surface
temperature, salinity, and mixed layer depth. In contrast, the coastal product used three unique
provinces changing shape at each timestep with the clustering defined by only sea surface temperature,
salinity, and height. The coastal FFN incorporated high-resolution regional wind data (1/11° spatial
resolution Regional Deterministic Reforecast System; RDRS; Gasset et al., 2021) instead of reanalysis
model derived mixed layer depth (Copernicus Marine Environment Monitoring Service global ocean
eddy-resolving reanalysis; Jean-Michel et al., 2021) used in the open ocean FFN. The change was
prompted by data assimilation limitations of the Argo float array used in the reanalysis mixed layer depth
(i.e., generally deployed in waters with depths > 2 km; Bittig et al., 2019), and the common use of wind
speed as a proxy for mixed layer depth in observation-based coastal ocean estimates (e.g., Roobaert et
al., 2024; Laruelle et al., 2017). In calculating the air-sea CO; flux, the same regional high-resolution wind
speed product was used for the coastal estimate while the open ocean estimate used a global wind
speed product (1/4° spatial resolution Cross-Calibrated Multiplatform (CCMP) ocean surface wind data;
Mears et al., 2019). Capturing greater variability in the coastal ocean required a high-resolution regional
wind speed product over a low-resolution global product, reducing needed downscaling by nearly a third
to match the desired output spatial resolution. On average, RDRS wind speeds are 1.19 m s lower than

CCMP wind speeds within the full coastal ocean product domain (Figure C.2).

5.3 Combined pCO; product evaluation

How well the two products reconstruct estimated pCO, along the boundary provides insight into how
robust the FFN non-linear relationships that | created were. Relationships informing boundary grid cell
estimates were created inside associated SOM provinces unique to each product, meaning they are

based on different environmental conditions. Even with similar input data, each FFN could be capturing
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these non-linear relationships in distinctive ways. Across the unified Northeast Pacific Ocean data

product, the boundary appears more gradual for pCO; compared to air-sea CO; flux (Figure 5.1).

140°W 1400w
300 325 350 375 400 425 450 -2 15 -1 -0.5 0 0.5 1 1.5 2
Mean pCO,, (patm) Uptake Net annual FGO, (mol m™ yr") Outgassing

Figure 5.1 (a) Long-term (1998-2019) mean pCO: in patm and (b) air-sea CO2 flux in mol m2 yr* across both
Northeast Pacific data products (ANN-NEP & ANN-NEPc). Negative flux values indicate CO:z uptake by the ocean.
Ocean Station Papa is shown for reference.

The individual coastal ocean and open ocean data products replicate pCO, patterns well within the
overlapping domain. Mean absolute error between the two products is approximately equal to the
reported open ocean pCO; uncertainty (13 patm; Figure 5.2a). There is a larger difference between
products within the Alaskan Gyre influenced part of the overlapping domain, with the open ocean
product estimating higher pCO; values relative to the coastal product (Figure 5.2b). The gyre region
suffers from a scarcity of observations (Duke et al., 2023c). This lack of data coincides with increased
biogeochemical complexity due to gyre forcing (Duke et al., 2023c). It cannot be determined which
product is biased high or low, only that there is a difference. There is no statistically significant difference
between products when compared to gridded observations within the overlapping domain (RMSE < 10
uatm; Figure D.1). Differences between products appear larger during summer months and in later years
(Figure D.2). The difference between products tends to be closer to zero in months and years with high

observation counts (Figure D.2).
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Figure 5.2 (a) Coastal pCO: estimate (ANN-NEPc) against open ocean pCO: estimate (ANN-NEP) within overlapping
domain (grid cell by grid cell). Data are binned into 2 patm by 2 patm bins with data density shown in the colorbar
on a log scale. Dashed black line is the 1:1. Dotted blue line is the least squares best fit. Also shown are number of
overlapping grid cells in space and time (N), root mean squared error (RMSE), coefficient of determination (r?),
mean bias (calculated as the mean residual), the slope of the linear regression (cz1), and the mean absolute error
(MAE). (b) Mapped mean difference between the open ocean pCO: estimate (ANN-NEP) and the coastal pCO:
estimate (ANN-NEPc). 140 W meridian divide used in Figure 5.3 & 5.4 analysis shown for reference.

Differences in air-sea CO, fluxes between the two products are influenced by ApCO; (sea - air) and the
choice of wind speed product. Figure 5.3 averages grid cells within the overlapping domain
approximately parallel to the 300 km offshore contour along longitudinal bands (northwest gyre region,
155 °W to 140 °W west of 140 °W: Figure 5.3a&b) and along latitudinal bands (eastern Cascadia Shelf
border, 56 °N to 45 °N east of 140 °W, Figure 5.3c&d). Mean zonal differences in pCO; are relatively
small with the largest difference being in the Alaskan Gyre influenced region compared to along the
eastern Cascadia Shelf border (9 patm and 5 patm respectively; Figure 5.3a&c). Mean wind speed
difference (1.15 m s?) within the overlapping domain between CCMP and RDRS results in a large
difference in the gas transfer velocity parameterization (Wanninkhof, 2014) dependent on quadratic
wind speed (gridded wind speed squared mean of CCMP: 72.6 m? s2; compared to RDRS: 53.5 m? %)
impacting flux estimates (Roobaert et al., 2018). Recalculating air-sea CO> fluxes using CCMP wind speed
rather than RDRS wind speed within the coastal ocean pCO, product reduces differences with the open
ocean estimate (Figure 5.3b&d), especially along the eastern Cascadia Shelf border (Figure 5.3d). West of
150 °W, differences in ApCO, maintain large flux differences regardless of wind speed product used. The
open ocean product captures twice as many grid cells with a ApCO; greater than 50 patm compared to

the coastal product (14% and 7% respectively), resulting in stronger outgassing.
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Figure 5.3 Longitudinally averaged estimates for the Alaskan Gyre region (west of 140 °W) of mean (a) pCO: and (b)
air-sea CO: flux of: open ocean estimate (ANN-NEP) (dark blue), coastal estimate (ANN-NEPc) (turquoise), and the
coastal flux estimate recalculated using CCMP wind speed (lime green). (c) and (d) are latitudinally averaged
estimates for the eastern Cascadia Shelf border (east of 140 °W) respectively.

Varying wind speed estimates are a prominent source of air-sea CO; flux uncertainty (Atamanchuk et al.,
2020; Otero et al., 2013; Roobaert et al., 2018). Wind speed products along the West Coast of North
America can show large discrepancies compared to winds observed at buoy sites (Bylhouwer et al., 2013;
Tinis et al., 2006; Wallcraft et al., 2009). Inclusion of wind speed uncertainty (calculated following
Roobaert et al. (2018) as the standard deviation of calculated fluxes from four unique wind speed
products scaled to monthly, 1/12° resolution: RDRS, Gasset et al. (2021); CCMP, Mears et al. (2019),
NCEP2, Kanamitsu et al. (2002); ERA5, Hersbach et al. (2020)) added in quadrature with uncertainties in
the gas transfer velocity (Wanninkhof, 2014) and overall pCO, product uncertainty (Section 3.4.2 & 4.4.3)
yields a larger mean flux uncertainty in the overlapping domain for both products (+0.5 mol m2 yr?!
compared to 0.2 mol m?2 yr; Section 3.4.2 & 4.4.3). Mean calculated fluxes from the different wind
speed products are shown in Figure 5.4 (averaged approximately parallel to the 300 km offshore contour
same as Figure 5.3). Calculated fluxes using CCMP and ERA5 wind speed products are nearly identical,
while RDRS appears to exhibit similar spatial patterns. In contrast, NCEP2 calculated fluxes are much
closer to zero in both the Alaskan Gyre and eastern Cascadia Shelf border regions (Figure 5.4). Roobaert
et al. (2018) and Wallcraft et al. (2009) also highlighted a marked difference between NCEP2 and the
other wind speed products with NCEP2 shown to be inconsistent in magnitude and wind pattern over
the ocean. Roobaert et al. (2018) attribute their calculated 40% global air-sea CO; flux uncertainty mainly

to the use of NCEP2 (only 12-20% excluding NCEP2 using various gas transfer velocity parameterizations).
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Excluding NCEP2 in this analysis, the overall air-sea CO; flux uncertainty within the overlapping domain is

0.4 mol m2 yr?, with flux differences between products within this revised uncertainty estimate.

{a) Open ocean pCO, ‘ I I ‘ I I ‘ ‘ (ci Oper‘l i (c} Coaslta\
\—I’: 10 b 551 ocean pCO, | I pCO, 1
>
o 05 b |
E g/ | ;
6 | I
E 05¢f ; 8 |
I
o' -t |
O |
L 151 b I
RDRS —— CCMP ——ERA5 ——NCEP2 L 51 !
‘ . ! ‘ E} !
= |
(b) Coastal pCO, = ;
S
s 49+ i
C\Il |
E |
E I
|
E - 47} |
o
o |
L -15f 1 |
I
L 1 1 L 45 1 1 L Il 1 L L 1 Il 1
-155  -152.5  -150 -1475  -145 -1425  -140 15 -1 05 0 05 1 15 -1 -05 0 05 1
Longitude FCO, (mol m? yr) FCO, (mol m? yr')

Figure 5.4 Longitudinally averaged estimates for the northwest gyre region (west of 140 °W) of mean (a) open
ocean air-sea CO: flux (ANN-NEP pCO2) and (b) coastal ocean air-sea CO:2 flux (ANN-NEPc pCO:2) calculated using
various wind speed products: RDRS (turquoise; Gasset et al., 2021), CCMP (lime green; Mears et al., 2019), NCEP2
(indigo; Kanamitsu et al., 2002); ERA5 (red; Hersbach et al., 2020). (c) and (d) are latitudinally averaged estimates
for the eastern Cascadia Shelf border (east of 140 °W) respectively.

The combination of overlapping SOM biogeochemical provinces informing FFN non-linear relationships
within each, impact the difference in pCO, between products. The largest pCO, differences occur within
the overlapping domains of province 1 and 5, and province 4 and 5 (Figure 5.4a). Provinces 1 and 5 have
a winter and spring overlap, whereas provinces 4 and 5 overlap in summer and fall (Figure D.3). These
provinces roughly correspond to the center of the Alaskan Gyre (1) and a southern and summer
dominant province in the open ocean product (4) with the gyre influenced region in the coastal product
(5; Figure 5.4b). High winter pCO, extremes estimated in province 1 lead to large air-sea CO; flux
differences between products west of 150 °W (Figure 5.3b). Provinces 1 and 5 are the most observation
scarce (total count and percent coverage; Figure 5.4c), likely impacting the robustness of FFN non-linear
relationships created. The combination of provinces 4 and 5 likely diverge due to the differing physical
and biogeochemical regimes encompassed by each province across products. Province 4 includes
substantial training data from the North Pacific Current influenced region where there is almost no
connectivity to depth (Duke et al., 2023c). Province 5 is relatively seasonally stable with training data
influenced dominantly by gyre forcing and transition zone Gulf of Alaska waters (Chapter 4). Training
data inside each province domain impact the relationships created to estimate pCO; along the boundary.

The most frequently occurring province overlap (between 4 and 7; Figure 5.4) along the eastern Cascadia
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Shelf border also leads to the smallest pCO, difference between products (Figure 5.3c; Figure 5.4a) as
both approximately follow sea surface temperature variability (i.e., increasing and decreasing in size

seasonally along a latitudinal gradient; Figure D.3).
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Figure 5.5 (a) Mean difference between the open ocean pCO. estimate (ANN-NEP) and the coastal pCO: estimate
(ANN-NEPc) grouped by overlapping SOM biogeochemical province combination. Open ocean provinces are shown
along the x axis and coastal ocean provinces are shown on each bar. Missing bars are where provinces do not
overlap. (b) Mapped mode of SOM biogeochemical province (i.e., most frequent occurrence) from January 1998 to
December 2019 across both regional pCO:2 data products. 300 km offshore line shown for coastal-open-oceanic
boundary used in this study (solid black line labelled ‘300°). Color scheme matches provinces in (a) and (b). (c)
Numbers of gridded Surface Ocean CO, Atlas (SOCAT) v2021 (Bakker et al., 2016) pCO: observations within each
SOM biogeochemical province. Provinces 1-4 relate to the open ocean pCO: estimate (ANN-NEP) whereas 5-7 relate
to the coastal pCO2 estimate (ANN-NEPc). Numbers above each bar represent the percent coverage of gridded
pCO: observations to the total grid cells within each province.

5.4 Conclusions

Two independent observation-based pCO; data products agree reasonably well within the overlapping
domain in the Northeast Pacific Ocean. Neither product displayed a large pCO; bias compared to gridded

observations. The spatial distribution of the differences between products are much larger in the Alaskan
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Gyre region, and smaller in the North Pacific Current region. Both ApCO; extremes and the choice of
wind speed significantly impacted air-sea CO; flux estimates in the Alaskan Gyre region, leading to large
differences between products (mean flux difference of 340%). However, flux differences between
products are within the envelope of estimated total flux uncertainty with the inclusion of wind speed
product uncertainty. The environmental characteristics captured by each unique SOM biogeochemical
province and the number of observations available inside each province to train FFN non-linear
relationships potentially act as overarching controls on observed differences. Differences are largest with
provinces containing few observations and between provinces that capture vastly different physical and
biogeochemical regimes. This additional analysis lends confidence to both products’ ability to
reconstruct pCO; from non-linear relationships established between observations and predictor

variables in more observation dense regions.

Future observation-based interpolation approaches to estimating surface ocean pCO,, and associated
air-sea CO; fluxes, may not need to be divided along an arbitrary coastal-open-oceanic boundary
definition. Dynamic provinces in the first unsupervised SOM clustering step could delineate any
boundary more objectively based on environmental predictor data. Additionally, province-specific
predictor variables based on a stepwise FFN regression algorithm could be used to account for
differences between the drivers across the coastal-open-oceanic continuum (Zhong et al., 2022).
Alternatively, interpolation approaches that do not rely on a clustering-based method could offer
continuous estimates absent of aphysical fronts (e.g., random forest regression, Sharp et al. (2022);
gradient-boost algorithm, Sun et al. (2021)). This advance would remove the need to merge products

with boundary discontinuities and allow greater continuity at regional to global scales.

5.5 Data availability
Data used in this chapter but not already documented in other chapters comes from NCEP/DOE AMIP-II
Reanalysis (Reanalysis-2) monthly mean of forecast wind speed at 10 m from 6-hourly values (available

at https://psl.noaa.gov/data/gridded/data.ncep.reanalysis2.html). ERA5 monthly mean 10 m wind speed

comes from the ECMWEF Integrated Forecasting System (available at

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels-monthly-

means?tab=overview).
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Chapter 6. Conclusions

6.1 Connecting chapters

This dissertation enhances our understanding of air-sea CO, exchange in the Northeast Pacific Ocean
with attention to coastal and nearshore zones. Chapter 2 reviewed current understanding of air-sea CO;
fluxes in Canadian waters demonstrating agreement between net annual Northeast Pacific Open Ocean
sink estimates, while highlighting a lack of understanding of variability over a range of timescales. Widely
varying previous flux estimates in the coastal Northeast Pacific Ocean especially revealed a gap in our
understanding of spatial variability. In Chapter 3 and 4, development of a novel, artificial neural network
approach demonstrated the capability of estimating pCO,at an unprecedented spatial resolution. A
unique sensitivity analysis offered insight into providing greater transparency for non-linear interpolation
approaches. The creation of observation-based pCO, data products for the Northeast Pacific open ocean
and coastal ocean facilitated the investigation of air-sea CO; flux variability which allowed regional
drivers to be explored. In Chapter 5, merging the two products demonstrated the robustness of each
independent estimate with small pCO; differences across the coastal-open-oceanic boundary.
Consolidating dissertation chapters, answers can be offered to the primary research questions posed in

Chapter 1:

(1) What is the present-day net annual air-sea CO; flux of Northeast Pacific Ocean? The region is a
net sink of 3.54+0.77 Pg yr'! with a mean flux of -0.99 mol m yr and standard deviation of 1.45
mol m2yrt,

(2) What drives variability over seasonal, interannual, decadal timescales? In the open ocean, the
upwelling strength of the subpolar Alaskan Gyre appears to be a primary control on air-sea CO;
flux variability. In the coastal ocean, an anticorrelation between net annual air-sea CO, flux and
air-sea CO; flux seasonal amplitude is likely driven by processes inherent to specific regions
including circulation, opposing seasonal upwelling or relaxation vs. downwelling, and the effects
of winter mixing and primary productivity.

(3) How has the air-sea CO; flux changed over the past decades? Over 1998-2019 surface ocean
pCO; is estimated to have increased at a rate of 1.3+0.5 patm yr?, below the rate of atmospheric
increase due to subsurface connectivity, with the region likely becoming a stronger net annual

sink for atmospheric CO..
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6.2 Method development

In developing the pCO; and associated air-sea CO; flux products addressing the primary research
guestions above, significant contributions were made to machine learning method development in
estimating marine carbon uptake. Adapting the ANN SOM-FFN approach developed by Landschiitzer et
al. (2013, 2014) for the global open ocean (also used by Laruelle et al. (2017) and Roobaert et al. (2024)
in the global coastal ocean) included a number of advances. In Chapter 3, | demonstrated that stepping
to a significantly higher spatial resolution (1/12°), compared to typical open ocean observation-based
pCO, products (1/4° or 1°), led to nearly no loss in performance despite a much lower ratio of gridded
pCO, observations compared to the total number of grid cells. | identified the internal division of training
data as the most important parameter for reducing overfitting with higher resolution products requiring
more direct training data and less data to internally evaluate, while still comparing to independent
withheld data. The use of an ANN ensemble approach provided an additional tool to prevent overfitting
and could also be used as a measure of ANN run randomness uncertainty. In Chapter 4, | suggest a new
systematic sensitivity analysis introducing perturbations to predictor variables, with a consideration for
natural spatial variability, to produce mapped variable importance rankings. This approach provides
greater insight into ANN non-linear relationships through comparing variations between perturbation
test pCO; estimates with mechanistic driver understanding. Improved product performance here (Duke
et al., 20234, 2024) compared to global products (i.e., Landschiitzer et al., 2020b; Roobaert et al., 2024)
represents the enhanced ability of FFN relationships within regionally specific SOM biogeochemical
provinces (including innovative provinces changing shape at each time step; Chapter 4) to better capture

local-scale variability compared to global data relationships.

6.3 Future recommendations

This dissertation serves as an important step in creating a complete marine carbon budget for the
Northeast Pacific. However, discrepancies still exist between estimates made in this dissertation and
regional process-based models that need to be investigated (e.g., Hauri et al., 2020; Pilcher et al., 2018;
Jarnikova et al., 2022). Models could utilize the data products created here to aid in model evaluation
and improve carbon flux process understanding. Such an action could be an important step in reconciling
large, reported differences between air-sea CO; flux estimates in the region (i.e., between observations,
interpolation-based products, and process-based models; Duke et al., 2023b) and integrating approaches
towards a “policymaker relevant” flux value (Section 2.3). This dissertation only delved into one

component of a complete marine carbon budget (i.e., exchange with the atmosphere; Legge et al.,
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2020). Carbon stocks and fluxes of the terrestrial-oceanic interface, pelagic, and benthic environments

still need to be resolved and integrated (Legge et al., 2020).

Improved observational coverage and continuity will help improve future air-sea CO; flux estimates. The
subpolar Alaskan Gyre is a region severely undersampled while exerting strong controls impacting
regional marine biogeochemical variability (Duke et al., 2023c). Some regions in the coastal Gulf of
Alaska display large net annual air-sea CO; fluxes (e.g., Cook Inlet; Chapter 4) or are projected to
experience large changes in flux magnitude due to climate change impacts (e.g., Gulf of Alaska central
coast glacial drainage basin; Pilcher et al., 2018) yet are extremely sparsely monitored (< 350 and < 700
gridded observations respectively; Chapter 4). Improved monitoring is needed as these region are
expected to experience greater future changes to their marine carbon budgets due to depleting sea ice
(Poole and Hufford, 1982), shifting freshwater runoff sources (Pilcher et al., 2018), and changing
circulation in the coastal Gulf of Alaska (Royer, 1979; Royer and Grosch, 2006).

Expanded observations are valuable beyond observation-based product training and model assimilation.
There are limitations to the data products created in Chapter 3 and 4. Elaborating beyond reported
uncertainty values, the estimates fill temporal and spatial observing gaps and are not designed to
supersede in situ observations which provide something entirely unique (Fassbender et al., 2018b).
Moorings offer sustained, high-frequency observations resolving temporal variability, integrating over
(often) unknown spatial scales (Fassbender et al., 2018b). Shipboard underway data provide a snapshot
in time unveiling the connectivity of spatial domains, but are limited by spatial heterogeneity (e.g.,
Nemcek et al., 2008) and the range of temporal scales over which variability can occur in the coastal
zone (e.g., Evans et al., 2019, 2012, 2011; Fassbender et al., 2018b). In situ observations are costly and
time intensive to collect and are susceptible to biases that may result from inhomogeneous conditions
(e.g., proximity to freshwater input, upwelling zone, or mesoscale eddies), interannual variability, or
anomalous events (e.g., marine heatwaves, strong upwelling events). The products created here do not
fully capture that inhomogeneity, but rather offer a robust overview of conditions regionally with some
compromise over the temporal and spatial scales they can describe. A similar compromise exists in
capturing in situ conditions for the pCO, measurements used to inform the estimate. The products are
not designed to capture daily — weekly variability over small spatial scales (< 20 km). Compromise at this
scale might be an important consideration for pCO, data product use combined with another marine
carbonate system parameter (e.g., alkalinity; Carter et al., 2018) in local ecosystem assessments

addressing ocean acidification concerns (event intensity, duration, and severity; Bednarsek et al., 2020).
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Observations are more than synthesised target data in observation-based products and serve to further
understanding of marine carbon variability alongside a variety of tools (e.g., observation-based products,

satellites, models, etc.).

Marine carbon estimates need to be operationalized to function as a tool assessing mCDR monitoring,
reporting, and verification (Sutton-Grier et al., 2014). This work established static regional baselines for
air-sea CO; fluxes from 1998-2019. Observation-based products created here can inform mCDR
interventions through these baselines and the deeper understanding of regional fluxes mined in this
dissertation. Described regional drivers operating on different spatial and temporal scales offer
important considerations when attempting to maximize mCDR intervention efficacy (GESAMP, 2019;
Oschlies et al., 2023). Both products offer regional air-sea CO; flux context when planning pilot studies
with pCO, maps offering initial estimates for what is required to enhance the sink or weaken the source
of a particular area within the region (i.e., macroalgae cultivation in the Salish Sea, ocean alkalinity
enhancement in the Alaskan Gyre, etc.). Future product updates (if requested), incorporating the latest
version of SOCAT (Bakker et al., 2016) and up to date predictor data (Section 3.3.1 & 4.3.2), could offer
regional baseline estimates absent of intervention signals. These estimates could be used post-
intervention to independently evaluate mechanistic model validation baseline runs (Ho et al., 2023). The
inability of ocean observation-based products to represent mCDR interventions (at realized scale; Gt per
year removal) from past observations combined with satellite and reanalysis data presents an emerging
issue for global carbon budget considerations (Friedlingstein et al., 2023). Comparison to individual grid
cell estimates is not possible as errors likely remain high, whereas over broader regions these errors
average away. For use in verification, near-real time estimates to short term forecasts of air-sea CO,
fluxes are required. Addressing this need would incorporate machine learning methods with high-
resolution process-based regional biogeochemical models (Fennel et al., 2023) along a “surface ocean
carbon value chain” covering measuring, storing, synthesising, and mapping surface ocean carbon
information (International Ocean Carbon Coordination Project, 2023). The development trajectory
needed for large-scale data collection, assimilation, and output along a “surface ocean carbon value
chain” could follow a path analogous to the historical development of weather forecasting (Namias,
1968; Teague and Gallicchio, 2017). The benefits of this system would extend beyond mCDR into ocean
acidification ecosystem monitoring, and track the ocean carbon sink climate change response, informing

policymakers of potential tipping points as well as necessary adjustment of emission reduction pledges.
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about oceanographic region, methods used, and the spatial and temporal resolution and range. Abbreviations are
as follows: Self Organizing Map (SOM), Feed Forward Network (FFN), Regional Ocean Modeling System (ROMS),

Nucleus for European Modelling of the Ocean (NEMO), Pelagic Interactions Scheme for Carbon and Ecosystem
Studies (PISCES), Multiple Linear Regression (MLR), Massachusetts Institute of Technology General Circulation

Model (MITgcm).
Resolution (time Figure 2
CO; flux
Estimate location Estimate type step, time range, Reference legend
(mol C m2yr?)?
latitude x longitude)

Pecle 00000000000 ]
NE Pacific open -0.7 Local August 1973 to July (Wong and 1
ocean observations 1978, Ocean Chan, 1991)

Observing Station

PAPA, location: 50°N

145°W
NE Pacific open -0.97 Local mooring 3-hours, 2007-2014, (Sutton et al., 2
ocean Ocean Observing 2017)

Station PAPA,

location: 50°N 145°W
NE Pacific open -1.8610.44 Local Spring 2010 (Palevsky etal.,, |3
ocean observations 2013)
NE Pacific open -0.6 Local Monthly, 2000-2001 | (Chierici et al., 4
ocean observations 2006)
NE Pacific open -1.7to 0 Local averaged Monthly, year 2000 (Takahashi et 5
ocean observations climatology, 4°x5° al., 2009)
NE Pacific open -1.5+0.33 Local Fall 2008 (Lockwood et 6
ocean observations al., 2012)




145

NE Pacific open -1.34 Global, SOM- Monthly, 1982-2019, | (Landschiitzeret | 7
ocean FFN 1°x1° al., 2020b)
interpolation
NE Pacific open -1.46 Local, multiple Monthly, (Evans and 8
ocean linear regression | climatology, Mathis, 2013)
interpolation 1/10°x1/5°
NE Pacific open -1.27 Global, Monthly, 1985-2020, | (Global Ocean 9
ocean ensemble based | 1°x1° Surface Carbon,
FFN E.U. Copernicus
interpolation Marine Service
Information
MULTIOBS_GLO
_BIO_CARBON_
SURFACE_REP_O
15_008)
NE Pacific open -0.67 Global, mixed- Daily, 1957-2020, (Rodenbeck et 10
ocean layer scheme 2°x2.5° al., 2013)
NE Pacific open -1.46 Local, ROMS Idealized 2009, (Pilcher et al., 11
ocean model 3/100° 2018)
NE Pacific open -1.14+0.55 Mean and standard deviation of estimates
ocean
NE Pacific coastal -1.61 Global, Monthly, (Laruelle et al., 12
ocean averaged climatology, 2014)
observations 1/2°x1/2°
NE Pacific coastal -1.8 Integration of 2009 (Chen and 13
ocean multiple studies Borges, 2009)
NE Pacific coastal -1.59 Global, SOM- Monthly, (Roobaertetal.,, | 14
ocean FFN climatology, 2019)
interpolation 1/4°x1/4°
NE Pacific coastal -2.29 Global, NEMO- Monthly, 1993-2012, | (Bourgeois et 15
ocean PISCES model 1/5°to 1/2° al., 2016)




146

NE Pacific coastal -1.824+0.33 Mean and standard deviation of estimates
ocean
Canadian Pacific -0.4 Global, Monthly, (Chavez et al., 16
Shelf averaged climatology, 1°x1° 2007)
observations
Canadian Pacific -2.19 Local Separate fall, winter, | (Evansetal., 17
Shelf observations and summer cruises 2012)
over 2008-2010
Canadian Pacific -1.2 Integration of 2005 (Borges et al., 18
Shelf multiple studies 2005)
Canadian Pacific -0.50 Local, mass Idealized 1990, (lanson and 19
Shelf balance model horizontal shelf, Allen, 2002)
slope, and offshore
regions
-2.91to-1.67 Idealized year under | (lanson et al., 20
-1.83 to +0.67 varying upwelling 2009)
-2.00 to +1.25 regimes (weak,
moderate, strong)
Canadian Pacific -0.8to -1.46 Local, quasi 2-D | Idealized summer (Bianucci et al., 21
Shelf ROMS model season, 2011)
3/200°x1/100°
Canadian Pacific -10.07+2.45 Local Summer 2008, (Ribalet et al.,
Shelf -5.51+1.83 observations primary production 2010)
-1.02+1.35 hotspot, transition
zone, offshore
Canadian Pacific -1.09+1.20 Mean and standard deviation of estimates (excluding
Shelf Ribalet et al. (2010))
Salish Sea +2.8 Local Separate fall and (Evans et al., 22
-0.17 observations summer cruises over | 2012)

2008-2010, main

exchange region,
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freshwater influence
region
Salish Sea +0.69 Local, NEMO Up to 2 seconds, (Jarnikova et al., | 23
model idealized year, 500 m | 2022b)
Salish Sea +1.11+1.53 Mean and standard deviation of estimates
Gulf of Alaska -0.16 Regional model, | Monthly, 1993-2013, | (Hauri et al., 24
ROMS-COBALT | 4.5x4.5 km, greater 2020)
than 50 km offshore
Gulf of Alaska coastal +0.84 Regional model, | Monthly, 1993-2013, | (Hauri et al., 25
ocean ROMS-COBALT | 4.5x4.5 km, within 50 | 2020)
km from the coast
Gulf of Alaska coastal -1.8 Integration of 2009 (Chen and 26
ocean multiple studies Borges, 2009)
Gulf of Alaska coastal -5.374+0.88 Local Spring 2010 (Palevsky et al., | 27
ocean observations 2013)
Gulf of Alaska coastal -0.91 Local, MLR Monthly, (Evans and 8
ocean interpolation climatology, Mathis, 2013)
1/10°x1/5°
Gulf of Alaska coastal -0.84 Local, ROMS Idealized 2009, (Pilcher et al., 11
ocean model 3/100° 2018)
Gulf of Alaska coastal -1.62+2.31 Mean and standard deviation of estimates
ocean
Resolution (time Figure 2
CO; flux
Estimate location Estimate type step, time range, Reference legend
(mol C m2yr?)?
latitude x longitude)
Ao 00|
Newfoundland Shelf -1.25 Global, SOM- Monthly, 1982-2019, | (Landschitzeret | 7
FFN 1°x1° al., 2020b)
interpolation
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Newfoundland Shelf -1 Global, SOM- Monthly, 1°x1° (Landschiitzer et | 28
FFN al., 2013)
interpolation

Newfoundland Shelf -1.134+0.18 Mean and standard deviation of estimates

Scotian shelf +1.4 Local mooring 2007-2008, high (Shadwick et al., | 29

temporal resolution, | 2011)
location: 44.3°N
63.3°W

Scotian shelf +1.7£0.2 Regional, ROMS | 3-day average (Rutherford et 30
model forcing, 10 km al., 2021)

horizontal resolution

Scotian shelf -1.21 Local Ship of Opportunity (Signorinietal., | 31
observations Program tracks 2013)

Scotian shelf -0.42 Regional, MLR Monthly, 1978-2010, | (Signorinietal., | 31
interpolation 0.15°x0.15° 2013)

Scotian shelf +0.37+1.41 Mean and standard deviation of estimates

Gulf of Maine +0.04 Local Ship of Opportunity (Signorinietal., | 31
observations Program tracks 2013)

Gulf of Maine +0.37 Local Ship of Opportunity (Vandemark et | 32
observations Program tracks al., 2011)

Gulf of Maine +0.01 Regional, MLR Monthly, 1978-2010, | (Signorinietal., | 31
interpolation 0.15°x0.15° 2013)

Gulf of Maine -0.510.2 Regional ROMS | 3-day average (Rutherford et 30
model forcing, 10 km al., 2021)

horizontal resolution

Gulf of Maine -0.02+0.36 Mean and standard deviation of estimates

Scotian Shelf and -0.7 Integration of 2006 (Cai et al., 2006)

Gulf of Maine multiple studies

Grand Banks -1.3+0.3 Regional ROMS | 3-day average (Rutherford et 30

model

forcing, 10 km

horizontal resolution

al., 2021)
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Gulf of St. Lawrence +0.36 to +0.74 | Local Seasonal (spring/ (Dinauer and 33
observations summer cruises), Mucci, 2017)
(calculated from | 2003-2016, 1/2°x1/2°
carbonate state
variables)
Bay of Fundy +1.4 Local mooring 2015-2016, high (Horwitz et al., 34
temporal resolution, | 2019)
location: 44.3°N
66.3°W
Coastal Labrador Sea -1.72 Global, Monthly, (Laruelle et al., 12
averaged climatology, 2014)
observations 1/2°x1/2°
Coastal Labrador Sea -1.88 Global, SOM- Monthly, (Roobaertetal., | 14
FFN climatology, 2019)
interpolation 1/4°x1/4°
Coastal Labrador Sea -1.27 Global, NEMO- Monthly, 1993-2012, | (Bourgeois et 15
PISCES model 1/5°to 1/2° al., 2016)
Coastal Labrador Sea -1.62+0.32 Mean and standard deviation of estimates
NW Atlantic coastal -1.0 Integration of 2009 (Chen and
ocean multiple studies Borges, 2009)
Central Labrador Sea -3.2to-1.9 Local mooring 2016-2017, high (Atamanchuk et | 35
(SeaCycler) temporal resolution, | al., 2020)
location: 56.82°N
52.22°W
Central Labrador Sea -2.7 Local mooring 2004 - 2005, high (Koertzinger et 36
(K1) temporal resolution, | al., 2008)
location: 56.50°N
52.60°W
Central Labrador Sea -4.6 Local mooring 2000 - 2001, high (DeGrandpre et | 37

temporal resolution,

al., 2006)
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location: 56.54°N

52.64°W
Central Labrador Sea -3.1 Local mooring 2004 - High temporal | (Martz et al., 38
resolution, location: 2009)
53.00°N 49.00°W
Central Labrador Sea -3 Global, SOM- Monthly, 1998-2007, | (Landschitzer et | 28
FFN 1°x1° al., 2013)
interpolation
Central Labrador Sea -2.2 Global, SOM- Monthly, 1982-2019, | (Landschiitzer et | 7
FFN 1°x1° al., 2020b)
interpolation
Central Labrador Sea -2.96+0.87 Mean and standard deviation of estimates
Resolution (time Figure 2
CO; flux
Estimate location Estimate type step, time range, Reference legend

(mol C m2yr?)?

latitude x longitude)

Barents Sea -4.05 Local, MLR Multiple cruises over | (Lauvset et al.,
interpolation all seasons from 2013)
2005-2007
Barents Sea -3.83+1.50 Local 9 cruises over all (Nakaoka et al.,
observations seasons from 1992- 2006)
2001
Barents Sea -4.25%+0.70 Regional, MLR 5 cruises over spring, | (Omar et al.,
interpolation summer, and fall 2007)
from 1995-2002
Barents Sea -3.67+0.80 Local, mass Summer 1996 (Fransson et al.,
balance model 2001)
Barents Sea -2.42+0.90 Local, mass Summer 1999 (Kaltin et al.,
balance model 2002)
Barents Sea -1.46 Local averaged Monthly, year 2000 (Takahashi et

observations

climatology, 4°x5°

al., 2009)
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Barents Sea -2.58 Regional, ~1/4° horizontal (Mortenson et
numerical resolution, 1m al., 2020)
model with sea | vertical resolution at
ice carbon surface; 1980-2015
system run

Barents Sea -1.46 Regional, Average over 1996— (Manizza et al.,
coupled ocean- | 2007 2013)
sea ice-
biogeochemical
model, MITgcm

Barents Sea -0.73%+0.36 Local Based on (Takahashi | (Land et al.,
observations et al., 2009) modified | 2013)

to 2008-2009

Barents Sea -3.65+1.46 Regional, SOM Monthly, 1997-2013, | (Yasunaka et al.,
interpolation 1°x1° 2016)

Barents Sea -3.65+1.10 Regional, SOM Monthly, 1997-2014, | (Yasunaka et al.,
interpolation 1°x1° 2018)

Chukchi Sea -5.11+0.73 Local Winter/spring 2002, (Bates et al., 39
observations summer 2004 2006)

Chukchi Sea -1.41 Local 3 summer cruises (Murata and 40
observations from 1998-2000 Takizawa, 2003)

Chukchi Sea -1.46+0.73 Local SOCAT data from (Evans et al., 41
observations 2003-2014 2015b)

Chukchi Sea -2.814+0.69 Local Early winter 2018 (Murata et al., 42
observations 2018)

Chukchi Sea -1.46+1.46 Regional, SOM Monthly, 1997-2013, | (Yasunakaetal., | 43
interpolation 1°x1° 2016)

Chukchi Sea -1.83+1.10 Regional, SOM Monthly, 1997-2014, | (Yasunaka etal., | 44
interpolation 1°x1° 2018)

Chukchi Sea -1.36 Regional, Average over 1998- (zZheng et al., 45
coupled ocean- | 2015 2021)
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sea ice-

biogeochemical

model
Chukchi Sea -7.17+1.80 Local, mass Summer 1996 (Anderson and 46
balance model Kaltin, 2001)
Chukchi Sea -2.834+2.17 Mean and standard deviation of estimates
Amundsen Gulf -0.3+0.2 Local Annual from fall (Else et al., 47
observations 2007-summer 2008 2013)
Baffin Bay -7t0-0.4 Local Separate (Miller et al., 48
observations spring/summer 1998, | 2002)
(calculated from | and fall 1999 cruises
carbonate state
variables).
Canadian -1.02 Global, Monthly, (Laruelle et al., 12
Archipelago averaged climatology, 2014)
observations 1/2°x1/2°
Canadian -0.40 Global, SOM- Monthly, (Roobaertetal., | 14
Archipelago FFN climatology, 2019)
interpolation 1/4°x1/4°
Canadian -1.09 Regional, MLR 2010-2016 (Ahmed and 49
Archipelago interpolation Else, 2019)
Canadian -0.52 Global, NEMO- Monthly, 1993-2012, | (Bourgeois et 15
Archipelago PISCES model 1/5°to 1/2° al., 2016)
Canadian -1.17 Regional, ~1/4° horizontal (Mortenson et 50
Archipelago numerical resolution, 1m al., 2020)
model with sea | vertical resolution at
ice carbon surface; 1980-2015
system run
Canadian -0.84+0.35 Mean and standard deviation of estimates

Archipelago
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Hudson Strait -1.57 Local Spring/summer 2018, | (Ahmed et al., 51
observations open water 2021)

Hudson Bay +0.72 Regional, MLR Fall 2005 (Else et al., 53
interpolation 2008b)

Hudson Bay +0.31 Global, NEMO- Monthly, 1993-2012, | (Bourgeois et 15
PISCES model 1/5°to 1/2° al., 2016)

Hudson Bay -1.86 Local Spring/summer 2018, | (Ahmed et al., 51
observations open water 2021)

Hudson Bay -0.27 Local Fall 2005 (Else et al., 52
observations 2008a)

Hudson Bay -1.38 Global, SOM- Monthly, (Roobaertetal., | 14
FFN climatology, 2019)
interpolation 1/4°x1/4°

Hudson Bay -0.50+1.10 Mean and standard deviation of estimates

Beaufort Sea -1.41 Local 3 summer cruises (Murata and 40
observations from 1998-2000 Takizawa, 2003)

Beaufort Shelf -0.42 Regional, ~1/4° horizontal (Mortenson et 50

Beaufort Basin -0.42 numerical resolution, 1m al., 2020)
model with sea | vertical resolution at
ice carbon surface; 1980-2015
system run

Canada Basin -1.75t0-0.91 Local Fall 2012 (Islam et al.,
observations 2016)

Kara Sea -0.08 Local, mass Summer 1996 (Fransson et al.,
balance model 2001)

Kara Sea -11.97 to -6.68 | Local 3 cruises over (Pipko et al.,
observations summer/fall 2006, 2017)

2007, and 2009




154

Kara Sea -0.31to -0.15 Local Based on (Takahashi | (Land et al.,
observations et al., 2009) modified | 2013)
to 2008-2009
Laptev Sea -5.73t0-0.29 Local 3 cruises over (Pipko et al.,
observations summer/fall 2006, 2017)
2007, and 2009
Laptev Sea -0.2 Local, mass Summer 1994 (Nitishinsky et
balance model al., 2007)
Laptev Sea -0.25 Regional, ~1/4° horizontal (Mortenson et
numerical resolution, 1m al., 2020)
model with sea | vertical resolution at
ice carbon surface; 1980-2015
system run
East Siberian Sea +0.29 to +4.2 Local 3 cruises fall 2003, (Pipko et al.,
observations 2004, and 2008 2011)
East Siberian Sea -3.98 to -0.37 Local Multiple cruises over | (Semiletov et
observations all seasons from al., 2007)
1996-2005
East Siberian Sea +0.1 Local, mass Summer 1994 (Nitishinsky et
balance model al., 2007)
Central Arctic Basin -1to-0.3 Local Winter/spring 2002, (Bates et al.,
observations summer 2004 2006)
Greenland/Norwegia -2.08 Regional, ~1/4° horizontal (Mortenson et
n Sea numerical resolution, 1m al., 2020)
model with sea | vertical resolution at
ice carbon surface; 1980-2015
system run
Greenland/Norwegia -4+1 Regional, SOM Monthly, 1997-2013, | (Yasunaka et al.,

n Sea

interpolation

1°x1°

2016)




155

Greenland/Norwegia -2.92+1.00 Local Based on Takahashi (Land et al.,
n Sea observations et al. (2009) modified | 2013)
to 2008-2009
Greenland/Norwegia -4.38+1.82 Local 9 cruises over all (Nakaoka et al.,
n Sea observations seasons from 1992- 2006)
2001
Greenland/Norwegia -4.38+0.37 Local Multiple cruises over | (Anderson et al.,
n Sea observations all seasons from 2000)
1993-1998
Greenland/Norwegia -3.29 Regional, MLR Daily, 9 km, 1998—- (Arrigo et al.,
n Sea interpolation 2003 2010)
Greenland/Norwegia -0.73 Regional, Average over 1996— (Manizza et al.,
n Sea coupled ocean- | 2007 2013)
sea ice-
biogeochemical
model, MITgcm
Greenland/Norwegia -2.50+0.68 Regional, SOM Monthly, 1997-2013, | (Yasunaka et al.,
n Sea interpolation 1°x1° 2016)
Greenland/Norwegia -3.29+1.10 Regional, SOM Monthly, 1997-2014, | (Yasunaka et al.,
n Sea interpolation 1°x1° 2018)
Arctic Ocean -1.46+1.46 Regional, SOM Monthly, 1997-2013, | (Yasunaka et al.,
interpolation 1°x1° 2016)
Arctic Ocean -1.83+1.10 Regional, SOM Monthly, 1997-2014, | (Yasunaka et al.,
interpolation 1°x1° 2018)
Arctic Ocean -1.53t0-0.62 Integration of 2009 (Bates and
multiple studies Mathis, 2009)
Arctic Shelf Seas -2.2 Integration of 2009 (Chen and

multiple studies

Borges, 2009)

2Negative flux (blue) indicates oceanic sink, positive flux (red) indicates oceanic outgassing.
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Text B.1

The reported fCO, estimates were converted to pCO, using the equation S1 (Kértzinger, 1999):

pCO, = £CO, x exp[Purl Z-22 |1, (s1)

where P33 is the total atmospheric surface pressure, B and § are viral coefficients (Weiss, 1974), R is

the gas constant and T is the absolute temperature. National Centers for Environmental Prediction

(NCEP) monthly mean sea level pressure was used for PS2If (Kalnay et al., 1996).
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Figure B.1 Withheld data (dark grey) distribution in (a) months, and (b) years relative to training data (light grey),
and (c) geographically as the number of months of observational coverage per 1/12 %1/12 °grid cell. Ocean Station
Papa is shown for reference.
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SOM biogeochemical province mode # of unigue SOM biogeochemical provinces per grid cell

Figure B.2 Mapped (a) mode of SOM biogeochemical provinces (i.e., most frequent occurrence), and (b) the number
of unique SOM biogeochemical provinces each grid cell belongs to for each month from January 1998 to December
2019.

Mean bias per 1/12°x1/12° grid cell (uatm) Bias standard deviation per 1/12°x1/12* grid cell {patm)

Figure B.3 Mapped mean bias and standard deviation in residuals between ANN-NEP pCO: estimate and
1/12%1/12 °gridded SOCAT data.



Figure B.4 10-fold cross-evaluation (Section 3.3.5) individual ensemble member estimated pCO: against the (a)

500

450

400

350 1

300 -

N =19180

(@ .-
Mean RMSE = 13+1 e
Mean # = 0.76:0.03 ‘' 1 .°

10-fold ensemble members (1-10) ,::)CO2 (patm)

250
250

300 350 400 450

Independent withheld data p(302 (patm)

10"

100

500

450 |

400

350 |

300

250

250

N = 32534
Mean RMSE = 17+2
Mean /2 = 0.56+0.14

300 350 400
10-fold members 10% evaluation data (1-10) pCO2 (patm)

450

500

159

10

___100

independent withheld data, and (b) 10% 10-fold evaluation data specific to that ensemble member. Mean root
mean squared error (RMSE) and coefficient of determination (r?) are across all individual ensemble members. Data
is binned into 2 patm by 2 uatm bins. The dashed black line represents a perfect fit of slope (c1) = 1 and intercept =

0.

Number of data points in 2 patm x 2 patm bin
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Figure B.5 Mean pCO: standard deviation between ANN-NEP 10-fold ensemble members. Ocean Station Papa is
shown for reference.
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Figure B.6 (a) Mean difference in the surface ocean pCO: seasonal amplitude in uatm between the ANN-NEP
estimate (this study) and the Landschiitzer et al. (2020) global product. Positive (negative) differences indicate
higher pCO2 seasonal amplitude for the ANN-NEP (Landschlitzer et al. (2020)) estimate. The Landschiitzer et al.
(2020) estimates were interpolated to the 1/12 %1/12 °grid of this study. (b) Mean ANN-NEP seasonal surface
ocean pCO; seasonal amplitude in puatm. Ocean Station Papa is shown for reference.
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Figure B.7 Property to property plot of air-sea CO: flux density values calculated from ANN-NEP and from SeaFlux
v2021.04 (Fay et al., 2021). The SeaFlux estimates were interpolated to the 1/12 %1/12 °grid of this study. Number
of overlapping grid cells withing the study area (N), root mean squared error (RMSE), coefficient of determination
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(r?), mean absolute error (MAE), mean bias (calculated as the mean residual), and the slope of the linear regression
(c1). The observed linear relationship is represented by the dotted blue line. Data is binned into 0.1 by 0.1 mol m~

yr bins. The dashed black line represents a perfect fit of slope (c1) = 1 and intercept = 0. Colorbar shows data

density on a log scale.
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Figure B.8 Property to property plot of air-sea CO: flux density anomalies and sea surface height (SSH) anomalies

(grid cell by grid cell) in the subpolar Alaskan Gyre region of our study area (latitudes north of 52 °N). Stronger

(weaker) upwelling label relates to gyre upwelling strength driven by winds enhancing (damping) Ekman pumping

and depressing (elevating) SSH.



163

Table B.1 Regional high-resolution artificial neural network Northeast Pacific (ANN-NEP) pCO: product performance

against all SOCAT pCO: observation data grouped by year and month. Number of observations (N), root mean
squared error (RMSE), coefficient of determination (r?), and mean bias (calculated as the mean residual).

N RMSE |~ Mean bias

Year

1998 3085 8.1 0.73 -1.4
1999 2184 7.5 0.91 1.4
2000 5195 8.1 0.93 0.0
2001 2404 5.7 0.96 1.2
2002 2110 7.1 0.91 1.0
2003 2526 5.2 0.84 -1.3
2004 652 4.5 0.94 1.2
2005 110 6.8 0.69 -3.6
2006 413 33 0.93 -2.6
2007 405 6.4 0.87 -2.8
2008 217 4.0 0.95 -1.3
2009 2751 5.0 0.94 -0.4
2010 1267 6.5 0.96 1.9
2011 980 9.1 0.87 -1.0
2012 1567 6.1 0.93 1.3
2013 1593 4.3 0.99 0.9
2014 1017 51 0.95 -1.5
2015 836 9.1 0.95 1.5
2016 919 6.3 0.91 -0.4
2017 511 4.7 0.89 1.0
2018 1303 5.7 0.94 1.2
2019 2051 8.1 0.93 -0.6
Month

January 2731 5.2 0.97 0.7
February 2971 5.8 0.98 -0.7
March 1816 6.8 0.96 -1.0
April 2277 4.3 0.97 0.3




May 3041 5.6 0.94 0.1
June 4077 9.0 0.92 -1.1
July 3601 9.6 0.86 -0.1
August 3922 7.5 0.94 1.0
September 4121 6.6 0.93 0.2
October 2240 4.9 0.91 1.2
November 1511 3.9 0.97 -0.4
December 1788 4.4 0.97 0.8
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Table B.2 Regional artificial neural network Northeast Pacific pCO:z product performance at varying resolutions
against training and independent withheld SOCAT pCO: observations. Mean and standard deviation between lower
10" percentile (5 of 50 runs) of overfitting metric values for each resolution with varying internal data division

ratios between the pCO: training data used by the ANN to train and internally evaluate. Number of observations

(N), root mean squared error (RMSE), coefficient of determination (r?), mean absolute error (MAE), mean bias
(calculated as the mean residual), and the slope of the linear regression (c1). Courser resolution product

uncertainties are also included where overall pCO2 product uncertainty (Gscoz2) is calculated from the square root of
the sum of the three squared errors: observational uncertainty ( Gobs), gridding uncertainty (Gyria), and ANN

interpolation uncertainty (6map). The 10-fold ensemble approach was not run for the courser resolution products,

likely leading to a slight underestimate of overall uncertainty as ANN run randomness uncertainty (Gun) was
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excluded.
Training data
Resolution | N RMSE r Mean Bias [ MAE
1° 2547 11.8+0.6 0.7910.02 -0.1+0.1 0.73+0.02 8.8+0.5
1/2° 5569 10.9+0.7 0.8340.02 0.1+0.2 0.77+0.02 7.910.6
1/4° 11253 11.3+0.9 0.82+0.03 0.0+0.1 0.77+0.03 8.2+0.7
1/8° 21869 12.2+1.0 0.7940.03 0.0+0.2 0.7440.03 8.810.8
1/12° 31392 10.5+1.0 0.84+0.03 0.0+0.2 0.7910.03 7.4+0.8
Independent withheld data
1° 155 11.71+0.3 0.76x0.01 -0.7+0.5 0.88+0.01 8.4+0.1
1/2° 350 11.5+0.6 0.78+0.02 0.1+0.7 0.9340.03 8.310.5
1/4° 716 11.5+0.8 0.7940.03 0.1+£0.6 0.98+0.02 8.610.7
1/8° 1387 12.5+0.6 0.76+0.01 -0.1+1.2 0.9340.04 9.2140.5
1/12° 1857 11.4+0.5 0.7940.01 2.1+0.6 0.92+0.03 8.440.5
pCO; product uncertainty
Oobs Ogrid Omap Opco2
1° 31 3.7 11.7 12.6
1/2° 31 2.8 115 12.3
1/4° 31 2.0 115 12.2
1/8° 31 2.0 12.5 13.0
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Text C.1

The reported fCO, estimates were converted to pCO; via (Kortzinger, 1999):

pCO, = fCO, x exp[P3utf =221, (1)

where P;g;gf is the total atmospheric surface pressure, B and & are viral coefficients (Weiss, 1974), R is

the gas constant, and T is the absolute temperature. National Centers for Environmental Prediction

(NCEP) monthly mean sea level pressure was used for P;t“,{,f (Kalnay et al., 1996).
Text C.2

We find that correcting pCO, observations to an estimated temperature at the mass boundary layer (i.e.,
where gas exchange with the atmosphere occurs in the top ~100 um; Goddijn-Murphy et al., 2015;
Woolf et al., 2016) would introduce significant error in our coastal study area. Shipboard underway and
mooring pCO, observations are collected at varying, platform-dependant depths in the surface ocean
mixed layer (typically ~5 m depth by ship). Recent work has shown that this measured in situ SST at
times is not representative of the mass boundary layer. Correcting observed in situ pCO; to the mass
boundary layer SST strongly impacts global air-sea CO, fluxes (Watson et al., 2020). Two techniques have
been developed to make this correction. One estimates boundary layer SST from monthly, collocated
satellite measurements (Shutler et al., 2016; Woolf et al., 2016). The other proposes a latitudinally
varying SST correction derived from drifting buoy data (Dong et al., 2022). Both techniques then correct
in situ pCO; at in situ SST to their respective mass boundary layer SST using the pCO; solubility
relationship (Text C.5).

Both approaches to correcting in situ pCO; are not applicable in the coastal ocean due to its highly
dynamic nature. We evaluate the satellite SST approach collocating monthly, 1/12°x1/12° gridded
satellite SST with individual in situ pCO, measurements. Over the full study area, the approach leads to
large (20% of corrections > 20 patm) absolute differences between observed in situ pCO, and satellite
SST corrected pCO; (Figure C.10a&C.11a). A cruise track from August 2011 highlights these large
discrepancies (Figure C.10b&c). For example, in the nearshore off the west coast of Washington State,
SST differences between in situ and satellite data often exceed 4 °C, as in situ observations reflect the
cool temperatures from the Columbia River freshwater plume or upwelled waters from depth (e.g., Hales
et al., 2005) that are not captured by the collocated monthly satellite SST. These differences are largest

closest to the coast (Figure C.10b). Likely, satellite SST is biased by monthly averaging and gridding, or
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retrieval issues (e.g., cloud masking, impact of aerosols, diurnal variability, uncertainty estimation, and

validation) in coastal and highly dynamic regions (O’Carroll et al., 2019). We did not evaluate the Dong et
al. (2022) correction derived from drifting buoys, because we were unsure how the drivers of their global
open ocean latitudinally varying correction would translate to the coastal zone. Correcting in situ pCO; to
mass boundary layer SST in the coastal ocean (at monthly temporal resolution) results in large, aphysical

offsets that would likely introduce additional uncertainty.
Text C.3

Sea surface temperature (SST) and chlorophyll-a (Chl) concentration came from the satellite-based
European Space Agency Climate Change Initiative (Merchant et al., 2019). We did not interpolate Chl to
fill gaps in coverage due to cloud cover, low retrieval angles, or terrestrial contamination (in contrast to
other studies; e.g., Yasunaka et al., 2018; Roobaert et al., 2023). Where no Chl satellite data were
available, the ANN was run again with the remaining physical predictors, and output was merged to fill
empty grid cells (Landschiitzer et al., 2014). Gaps accounted for 23% of total coverage, occurring mostly
during winter months north of 52 °N latitude, or in the nearshore (Figure C.1). Chl was log10-

transformed to produce a distribution of values closer to normal before the FFN step.

Sea surface salinity (SSS) and sea surface height (SSH) were obtained from Copernicus Marine
Environment Monitoring Service global ocean eddy-resolving reanalysis (Jean-Michel et al., 2021). Jointly
assimilated observations include satellite altimeter data and in situ vertical profiles of salinity (Table 4.1).
The ocean general circulation model is based on the Nucleus for European Modelling of the Ocean
(NEMO) platform, driven at the surface by the European Centre for Medium-Range Weather Forecasts
ERA-Interim winds (Jean-Michel et al., 2021). Atmospheric pCO, in patm was downloaded from
Landschitzer, Gruber, et al. (2020), derived from the National Oceanic and Atmospheric Administration

(NOAA) Earth System Research Global Monitoring Laboratory (https://gml.noaa.gov/ccgg/globalview/)

atmospheric mole fraction of CO; (¥CO.) and SST (Reynolds et al., 2002) as well as sea level pressure

(Kalnay et al., 1996) following Dickson et al. (2007).

Wind speed came from the Regional Deterministic Reforecast System (RDRS-v2.1; Gasset et al., 2021),
based on a limited-area (i.e., North America) forecast system configuration of the Global Environmental
Multiscale model (Coté et al., 1998) with a 10-km grid spacing initialized with the Global Deterministic
Prediction System model (Bélair et al., 2009).

Text C.4


https://gml.noaa.gov/ccgg/globalview/

169

Overall, individual ensemble members showed relatively little deviation (RMSE < 25 patm) from the
ensemble mean (Figure 4.2c). Each individual ensemble member also performed relatively well
compared to the 10% subsample of corresponding 10-fold evaluation data (mean RMSE = 67£12 patm;
Figure C.6). The mean standard deviation across all grid cells within the 10-fold ensemble is 7£5 patm,

with a pronounced increase closer to shore (mapped in Figure C.7).

Text C.5

pCO; can be decomposed into a thermal and biophysical component (Takahashi et al., 1993, 2002):
pCO, 1y = PCO2 (gmy X €xp [0.0423(Tmmy — Tamy)], (C.2)

PCO; (8py = PCOZ () X €xp [0.0423(T(am) — Tmmy )1, (C.3)

max(pCO, (ry)—min (pCO; ()
max(pCO, (gpy)—min (pCO; (gp))’

R(TBP_]') = (C4)

Here the subscripts T and BP represent thermal and biophysical effects, respectively, while subscripts
am and mm represent annual mean and monthly mean values, respectively. Eq. C.2 imposes the
empirical temperature dependency on the annual mean pCO; value providing an estimate of seasonal
temperature control (Sarmiento and Gruber, 2006; Takahashi et al., 2002). Eg. C.3 removes the
temperature dependency from the monthly mean pCO, values providing an estimate of the residual,
biophysical controls on pCO; including circulation, mixing, gas exchange, and biology. The ratio of the
seasonal amplitudes of the two components (Eq. C.4; Rer Bp—i)) can differentiate the dominant process,

where a value greater (less) than one indicates that thermal (biophysical) processes dominate.
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Figure C.1 (a) Monthly and (b) yearly distribution of satellite-based European Space Agency Climate Change
Initiative chlorophyll-a concentration data product (ESA Ocean Colour Climate Change Initiative
(Ocean_Colour_cci): Global chlorophyll-a data products gridded on a geographic projection, Version 5.0). (c)
Mapped percent observational coverage per grid cell over 264 months (1998—-2019).
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Figure C.2 RDRS regional high-resolution wind speeds (Gasset et al., 2021) against CCMP global wind speed product
(Mears et al., 2019) over the entire study area from 1998-2019 (grid cell by grid cell). CCMP windspeed estimates
are higher (approximately 1 m s) across the study area compared to RDRS. Both products have been interpolated
to the 1/12°x 1/12 °grid of this study. Number of overlapping grid cells within the study area (N), root mean
squared error (RMSE), and the slope (c1) and intercept (co) of the linear regression. The observed linear relationship
is represented by the dotted blue line. Data are binned into 0.25 by 0.25 m s bins. The dashed black line represents
a perfect fit of slope (c1) = 1 and intercept = 0. Colorbar shows data density on a log scale.

SOM biogeochemical province mode # of uniqgue SOM biogeochemical provinces per grid cell

Figure C.3 Mapped (a) mode of SOM biogeochemical provinces (i.e., most frequent occurrence), and (b) the number
of unique SOM clusters each grid cell belongs to for each month from January 1998 to December 2019. All grid cells
belong to more than one SOM biogeochemical province.
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Figure C.5 Mapped (a) mean bias and (b) standard deviation in residuals between our ensemble mean pCO:
estimate (ANN-NEPc) and 1/12 %1/12 °gridded observational data.
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Figure C.6 10-fold (Section 4.3.3) individual ensemble member estimated pCO: against the (a) independently
withheld data, and (b) 10% 10-fold internal evaluation data specific to that ensemble member. Mean root mean
squared error (RMSE) and coefficient of determination (r?) are across all individual ensemble members. Data is
binned into 5 patm by 5 uatm bins with data density shown in the colorbar on a log scale. The dashed black line
represents a perfect fit of slope (c1) = 1 and intercept = 0.
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Figure C.7 This study’s pCO2 product compared against (a)&(b) Sharp et al. (2022), (c)&(d) Landschditzer, Laruelle, et
al. (2020), and (e)&(f) Roobaert et al. (2024) in overlapping domains. Lefthand panels show our product vs. others
(grid cell by grid cell). Number of observations (N), root mean squared error (RMSE), coefficient of determination
(r?), mean absolute error (MAE), mean bias (calculated as the mean residual), and the slope of the linear regression
(c1). Dashed black line is the 1:1. Dotted blue line is the least squares best fit. Righthand panels show mapped mean
difference between this study and others.
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Figure C.8 Complete mooring deployment comparison for (a) Kodiak (b) Gulf of Alaska Ocean Acidification (GAKOA),
(c) Quadra, (d) Cha bd, and (e) Cape Elizabeth moorings. In situ pCO: data (black diamonds; not all included in
SOCATv2021) plotted with co-located gridded SOCATv2021 (orange solid line), our estimated pCO> (ANN-NEPc, blue
solid line), Roobaert et al. (2024) pCO: (green solid line; no nearshore coverage with Quadra), and atmospheric
pCO: (light blue dashed line).
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Figure C.10 (a) Absolute pCO: difference between in situ and pCO: corrected to mass boundary layer SST (i.e., using
co-located European Space Agency Climate Change Initiative (ESA CCl) satellite-based SST) vs. absolute difference
between in situ SST and mass boundary layer SST for all available SOCAT and additional pCO: data (Section 4.3.1).
Number of in situ observations within the study area (N), coefficient of determination (r?), and least squares best fit
(v = cix + co; where c1 is the slope and co is the intercept of the fit; also shown in the dotted blue line). Data are
binned into 0.1 CC by 5 uatm bins with data density shown in the colorbar on a log scale. (b) Difference between in
situ SST and mass boundary layer SST along a west coast cruise track (cruise 2011153) from 3 Aug 2011 to 13 Aug
2011. Dates along cruise track are marked with an X followed by the day of Aug 2011. (c) Underway in situ SST (red
dots) and co-located mass boundary layer SST (dark red solid line) against time along same cruise track (cruise
2011153) from 3 Aug 2011 to 13 Aug 2011.
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Figure C.11 (a) pCO: corrected to mass boundary layer SST (i.e., using co-located monthly satellite-based SST) vs. in
situ pCO2. (b) Mass boundary layer SST as estimated from monthly ESA CCl satellite data vs. in situ SST. Data are
binned into (a) 10 patm by 10 patm or (b) 0.2 C by 0.2 C bins with data density shown in the colorbar on a log
scale. Dashed black line is the 1:1. Dotted blue line is the least squares best fit. Also shown are number of
observations (N), root mean squared error (RMSE), coefficient of determination (r?), mean absolute error (MAE),
mean bias (calculated as the mean residual), and the slope of the linear regression (c1).
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Figure C.12 Mean seasonal air-sea CO: flux (1998-2019) in mol m™ yr™.. Negative flux values indicate CO: uptake
by the ocean. Seasonal groupings are (a) winter (December, January, February), (b) spring (March, April, May), (c)
summer (June, July, August), and (d) fall (September, October, November).
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Figure C.13 (a) Mean pCO: difference from baseline run during SST perturbation-based spatial sensitivity analysis
(Section 4.3.5). (b) Correlation coefficient between SST and baseline run.
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Figure C.14 1998-2019 trend in (a) winter (December, January, February) and (b) summer (June, July, August)
ApCO: (air-sea) anomaly (i.e., deseasonalized; trends calculated from monthly values) where more negative
(darker) values indicate an increase in air-sea pCO: disequilibria with time. Black crosshatches show grid cells with
an insignificant calculated trend (outside the 95% confidence level; p > 0.05).

Table C.1 Our pCO: product (ANN-NEPc) performance against all pCO: observation data (training and withheld;
Section 4.3.1) grouped by year and month. Number of observations (N), root mean squared error (RMSE),
coefficient of determination (r?), and mean bias (calculated as the mean residual).

N RMSE | Mean bias
Year
1998 1541 18.8 0.89 -3.8
1999 1601 22.0 0.83 -0.9




2000 3423 22.8 0.91 0.1
2001 2028 26.9 0.9 0.2
2002 794 22.4 0.92 1.9
2003 471 24.1 0.87 -1.4
2004 270 10.7 0.85 1.1
2005 77 9.6 0.58 -4.0
2006 33 15.2 0.48 4.8
2007 647 38.8 0.88 1.4
2008 106 15.5 0.69 3.2
2009 1323 374 0.86 25
2010 2302 36.2 0.87 3.7
2011 1478 42.0 0.88 -2.7
2012 1481 29.1 0.93 -0.9
2013 510 24.2 0.87 -1.2
2014 1053 19.1 0.92 -1.1
2015 1537 32.2 0.8 7.5
2016 940 30.0 0.91 21
2017 1190 43.1 0.95 34
2018 3958 44.2 0.89 -2.3
2019 5797 40.7 0.87 -0.2
Month

January 1391 23.5 0.95 2.9
February 1873 22.4 0.95 3.5
March 1657 33.6 0.89 -1.3
April 1991 33.1 0.84 -6.8
May 3371 36.9 0.85 -5.2
June 3961 36.2 0.85 -2.6
July 5340 31.3 0.86 -2.8
August 5607 35.3 0.87 -1.5
September 2277 39.5 0.81 5.1
October 2391 36.8 0.87 10.4
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November 1570

32.8 0.94

9.8

December 1131

36.1 0.94

9.6
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Table C.2 Regional freshwater drainage for the Northeast Pacific coastal ocean from (Morrison et al., 2012; Wang
et al., 2004) between latitudes 45°N and 62°N and longitudes 120°W and 155°W.

Drainage region

Mean annual runoff
(km?y?)

Total glacier
contribution to regional
runoff (km3y?)

Percent of regional
runoff from glacier area
(%)

Southeast Alaska 370 99 27
Central Coast Alaska 200 170 85
Copper River 65 45 69
Prince William Sound 95 57 60
Knik Arm/Kenai 36 17 47
Susitna River 46 10 22
West Cook Inlet/Kodiak 54 7 14
North coast BC 245.2

Central coast BC 125.7

Continental Salish Sea 213.6 7 3
(including Fraser River)

Vancouver Island 89.7

Haida Gwaii 38.6

Washington State 55.5

Columbia River 2114

Total 1845.7 412 22
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Figure D.1 (a) Open ocean pCO: estimate (ANN-NEP) and (b) coastal pCO: estimate (ANN-NEPc) against gridded
Surface Ocean CO; Atlas (SOCAT) v2021 (Bakker et al., 2016) pCO: observations within the overlapping domain
(grid cell by grid cell; Figure 5.2). Data are binned into 2 patm by 2 uatm bins with data density shown in the
colorbar on a log scale. Dashed black line is the 1:1. Dotted blue line is the least squares best fit. Also shown are
number of overlapping grid cells in space and time (N), root mean squared error (RMSE), coefficient of
determination (r?), mean bias (calculated as the mean residual), the slope of the linear regression (c1), and the

mean absolute error (MAE).

Number of data points in 2 patm x 2 patm bin
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Figure D.2 Mean difference between the open ocean pCO: estimate (ANN-NEP) and the coastal pCO: estimate
(ANN-NEPc) within the overlapping domain grouped by (a) months across all calendar years, and (b) years.
Numbers above each bar indicate the number of gridded Surface Ocean CO, Atlas (SOCAT) v2021 (Bakker et al.,
2016) pCO: observations within each grouping. Months and years where there are a high number of observations
the difference between products tends to be closer to zero.
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Figure D.3 Mapped mode of SOM biogeochemical provinces (i.e., most frequent occurrence) from January 1998 to
December 2019 group by season for both the open ocean pCO2 estimate (ANN-NEP) and the coastal pCO2 estimate
(ANN-NEPc). Seasonal groupings are (a) winter (December, January, February), (b) spring (March, April, May), (c)
summer (June, July, August), and (d) fall (September, October, November). 300 km offshore line shown for coastal—
open-oceanic boundary used in this study (solid black line labelled ‘300°).
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