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Key Points:   20 

�� Using a perturbed ensemble we explore the impact of uncertainty in atmospheric forcings on 21 

the ECCO ocean and sea ice state estimate. 22 

�� The ensemble yields alternative estimated solutions (acceptable model-data misfits) if time-23 

mean forcing adjustments are retained. 24 

�� These alternative solutions are accompanied by moderate changes in climate relevant metrics, 25 

including ocean overturning and heat uptake. 26 
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Abstract 29 

The Estimating the Circulation and Climate of the Ocean (ECCO) state estimate is the result of 30 
adjusting a set of controls comprising atmospheric forcings, initial conditions, and mixing parameters 31 
to reduce model-data misfits. Despite this, uncertainties remain in the solution. Among others, small 32 
amplitude perturbations to the optimized controls may yield differences in the estimated state without 33 
notably increasing the misfits, providing distinct but equally acceptable solutions to the inverse 34 
problem.  We focus on the impact of uncertainty in the atmospheric controls via ensemble 35 
perturbation. Our multivariate EOF approach to construct the ensemble perturbations accounts for the 36 
covariance of control variables. Furthermore, it provides new insights into the space-time 37 
characteristics of �(�&�&�2���V  atmospheric adjustments. The two leading EOFs of these adjustments show 38 
a seasonal cycle dominated by high-latitude adjustments and a decadal component. Removing the 39 
time-mean of the adjustments results in large model-data misfits and thus unacceptable estimates. 40 
Ensemble perturbations in time-varying adjustments incur uneven uncertainties in oceanic metrics, 41 
e.g., in global meridional heat transport (0.03PW), the Atlantic meridional overturning circulation at 42 
26°N (0.7Sv), or ocean heat uptake (15ZJ). These are an order of magnitude smaller than the 43 
uncertainty evaluated via ocean reanalysis intercomparisons and forward perturbation ensembles. The 44 
relatively weak impacts result from the relatively small amplitude of estimated atmospheric uncertainty 45 
in the ECCO release, which has undergone extensive optimization to reduce the model misfit to a 46 
massive set of observational constraints. Future work should assess the impact of other uncertainties, 47 
notably from the initial conditions and mixing parameters.  48 
 49 
Plain Language Summary 50 

Ocean reanalysis and state estimation seeks to bring an ocean model into consistency with available 51 
observations via data assimilation, providing a complete reconstruction of the time-evolving ocean 52 
state to support forecasting efforts and climate research. Uncertainty remains in the resulting products, 53 
however, arising from uncertainties in the underlying model, applied atmospheric forcings, assimilated 54 
data constraints, and assimilation method. Whilst computational challenges prevent comprehensive 55 
uncertainty quantification, this information is valuable for all applications (e.g., forecast initialization; 56 
robust climate change detection). To address this issue, we have sought to provide the first uncertainty 57 
estimate for the latest release of the ECCO global ocean and sea ice state estimate, spanning the period 58 
1992-2017. Using an ensemble perturbation approach, we explore the impact of uncertainties in 59 
applied atmospheric forcings. Our ensemble design is advantageous in accounting for the joint 60 
variations between different atmospheric variables and in providing new insights into the space-time 61 
characteristics of adjustments made to these terms as part of the ECCO data assimilation procedure, 62 
highlighting the relative role of time-mean and time-variable adjustments. Our perturbed ensemble 63 
yields distinct solutions to the inverse problem with moderate changes in climate-relevant metrics, 64 
including ocean meridional overturning circulation, heat transport and heat uptake.  65 

 66 

1 Introduction 67 

For more than two decades, the Estimating the Circulation and Climate of the Ocean (ECCO) 68 
consortium has generated observationally constrained and dynamically consistent estimates of the 69 



 

 

global ocean and sea ice states and accompanying parameters, supporting extensive investigations of 70 
the �R�F�H�D�Q���V role in climate (Stammer et al., 2002; Forget et al. 2015a; Heimbach et al., 2019). The 71 
solution is produced via nonlinear least-squares optimization in which the model misfit to O(109) 72 
observations is successively reduced by making iterative gradient-based adjustments to a set of 73 
independent control variables. These controls comprise atmospheric forcings (varying in space and 74 
time), initial temperature, salinity, and velocity (varying only in space), and mixing parameters 75 
(varying only in space). Observational constraints include in-situ data from Argo profiling floats, ship-76 
based Conductivity-Temperature-Depth (CTD) sensor and Expendable Bathythermograph (XBT), 77 
gridded temperature and salinity fields from the World Ocean Atlas, and high-latitude temperature (T) 78 
and salinity (S) acquisitions from Ice-Tethered Profilers (ITPs) and pinnipeds. These are 79 
complemented by satellite-based observations including mean dynamic topography (MDT), sea 80 
surface height anomalies (SSHA), sea surface temperature (SST), sea surface salinity (SSS), ocean 81 
bottom pressure (OBP) anomalies, and sea ice concentration (SIC) (Fukumori et al., 2020).  82 

Despite extensive optimization, uncertainties remain in the adjusted controls, which are reflected in 83 
uncertainties in the estimated ocean and sea ice states. To date, however, no uncertainty estimate has 84 
accompanied the state estimates released. Whilst it is becoming increasingly common for 85 
unconstrained models to be released with some form of uncertainty estimate, mainly expressed in 86 
terms of ensembles (e.g., CESM Large Ensemble, Kay et al., 2015), this is still rare for model-data 87 
syntheses. Probabilistic ocean and sea-ice reanalyses employing four-dimensional variational data 88 
assimilation (DA) are typically limited to small ensembles (5 members for ECMWF ORAS5, Zuo et 89 
al., 2019). Regional, i.e., Arctic-focused efforts exist based on the Ensemble Kalman Filter (EnKF) 90 
approach that provide an uncertainty estimate via propagating the �(�Q�.�)���V  error covariance. Examples 91 
include the coupled ocean-sea ice DA system for the North Atlantic Ocean and Arctic, TOPAZ (Sakov 92 
et al., 2012) and EnKF-based surface ocean anomaly assimilation into the coupled Norwegian Climate 93 
Prediction Model (NorCPM, Counillon et al. 2016). In the absence of large single-framework 94 
ensembles, uncertainty in the reanalysed global ocean and sea-ice states has typically been assessed by 95 
comparison between different  DA products (e.g., ORA-IP, Balmaseda et al., 2015; Utoila et al., 2018).  96 

Broadly, sources of model uncertainties in the ECCO state estimate arise from uncertainties in (i) 97 
initial conditions, (ii) surface boundary conditions, i.e., atmospheric forcings and choice of bulk 98 
formulae to compute air-sea fluxes (although these ���S�U�R�M�H�F�W�� strongly into parametric and structural 99 
model uncertainty), (iii) model parameters, in particular mixing, (iv) structural model error, including 100 
discretization errors (and errors arising from discretization truncation), and (v) bottom boundary 101 
conditions (e.g., model topography and geothermal heat fluxes) (e.g., Forget et al., 2015a). 102 
Observational uncertainties also contribute to uncertainty in the state estimate and are associated with 103 
measurement (or instrument) error, sampling errors arising from gaps in data coverage and aliasing, 104 
pre-processing errors, and uncertainties mapping between the observation and state space (i.e., 105 
observation-operator errors, e.g., �-�D�Q�M�L�� et al., 2017) for derived quantities. 106 

The ECCO nonlinear inverse modeling framework is designed to adjust first-guess or prior estimates in 107 
uncertainties (i) - (iii) in order to bring the model into consistency with the observations within their 108 
assumed errors (accounting for observation and representation errors). These adjustments are applied 109 
iteratively and the optimization is halted when observational consistency is achieved and successive 110 
iterations cease to produce further reductions in model-data misfits. This final solution is then released 111 



 

 

to the community. Given the uncertainties in both the priors of the input fields and the observations, 112 
however, alternative solutions to the inverse problem are expected that are statistically 113 
indistinguishable from the single deterministic solution released. Seeking such alternative solutions 114 
may be accomplished using ensemble methods, in which uncertain inputs are varied, leading to an 115 
ensemble of alternative solutions, i.e., solutions that retain a consistent model-data misfit in the sense 116 
described above. The ensemble spread in the solution as well as in salient diagnostics (e.g., key 117 
transport estimates or other ocean climate indices) then provides a measure of solution uncertainty.  118 

In the context of the ECCO framework, one may consider perturbing initial conditions, model 119 
parameters, or atmospheric forcings. The task at hand is daunting, as it requires generation of an 120 
��������������������������  ensemble for each of these variables. In order to make initial progress whilst keeping the 121 
problem tractable, this work focuses on assessing the impact of atmospheric forcing uncertainties on 122 
the state estimate. These forcing uncertainties have been quantified by Chaudhuri et al., (2013) as the 123 
spread between different atmospheric reanalysis products. Subsequently, Chaudhuri et al., (2016) 124 
explored the extent to which these uncertainties could explain model-data differences by comparing 125 
the latter to the spread generated across an ensemble of single model experiments forced by different 126 
atmospheric reanalyses (also see Pillar et al., 2018). This study complemented the preliminary 127 
investigations by Forget and Ponte (2015) and Forget al., (2015a) into the sensitivity of the ECCOV4 128 
solution to withholding various components, including the adjoint-based adjustments, from the 129 
atmospheric forcing.   130 

A proper treatment of uncertainty in the ECCOV4 solution due to uncertainty remaining in the 131 
atmospheric forcing requires a thorough spatial and temporal characterization of the adjustments made 132 
to the atmospheric forcing controls, which has not yet been presented in detail. Here we provide this 133 
assessment before quantifying its impact. Importantly, we focus on the uncertainties remaining in the 134 
fully optimized atmospheric forcing from the latest ECCOV4 product (Release 4, ECCOV4r4), which 135 
are notably smaller than those considered in the investigations cited above.  136 

The remainder of the paper is organized as follows. Our methods are presented in Section 2. 137 
Information is given on the ECCO Version 4 (ECCOV4) configuration and consecutive development 138 
cycles in Section 2.1, followed by a description of the empirical orthogonal function (EOF) 139 
decomposition of ECCOV4r4 adjustments and construction of the perturbation ensemble in Sections 140 
2.2 and 2.3, respectively. In Section 3 we assess the atmospheric adjustments in ECCOV4r4, 141 
presenting their space-time characteristics and describing their dominant modes in Sections 3.1 and 142 
3.2, respectively. Our main goal of providing initial estimates of ECCOV4r4 uncertainty is presented 143 
in Section 4, where we show the impact of time-mean and time-varying adjustments components on 144 
the simulated model-data misfits and estimated state in Sections 4.1 and 4.2, respectively. The paper 145 
concludes with a discussion of the implication of our results, study limitations and directions for future 146 
investigation. 147 

 148 

2 Methods 149 

2.1 ECCOV4 and control variable adjustments 150 

ECCOV4 is configured at a nominal resolution of 1° on a ���O�D�W�L�W�X�G�H-longitude-polar �F�D�S�� (LLC, Forget 151 
et al., 2015) grid. The horizontal grid spacing varies from 22 km (at high latitude) to 110 km (at mid-152 















 

 

ensemble members provide an acceptable fit to the assimilated constraints, we examine normalized 392 
misfits for the seven largest contributions to the total cost function in Fig. 10a. Normalized misfit 393 
values ����  indicate that the solution is in agreement with the observations, given the assigned 394 
uncertainty (combined observational uncertainty and model representation error). Normalized misfits 395 
for these major datasets exceed 1 only in experiment Exp_ERA and only for SSS and OBP. We now 396 
compare the spatial structure of the time-mean model-observation misfits produced during each 397 
experiment, focusing on MDT, SST, and SSS across the ensemble (Fig. 11), calculated using the  398 
Radar Altimeter Database System (RADS), Reynolds, and Aquarius datasets, respectively (see 399 
Fukumori et al., 2020).   400 

For Exp_ECCO, the MDT misfit (Fig. 11a) is less than 4.0 cm in most regions, except within the 401 
vicinity of the western boundary currents. This arises from the difficulty of representing the complex 402 
dynamic processes in these regions. Withholding all ECCOV4r4 atmospheric adjustments in Exp_ERA 403 
has a notable detrimental impact on the estimated MDT, amplifying misfits globally. Similar results 404 
are found when withholding the time-mean adjustments in Exp0. In contrast, withholding individual 405 
EOF modes from the adjustments (Exp1 to Exp 5) yields almost identical MDT misfits to Exp_ECCO 406 
(not shown). Figure 11 shows the long-term mean SST (second row) and SSS (third row) misfits in 407 
Exp_ECCO and the perturbation experiments, computed with respect to the Reynolds SST and 408 
Aquarius SSS satellite products. As above, Exp_ECCO is seen to be in agreement with the 409 
observations throughout the majority of the global ocean. Larger misfits to SST are seen within the 410 
western boundary currents, Norwegian and Barents Seas, and along the ACC downstream of Drake 411 
Passage. Exp_ECCO SSS misfits are also large there and extend throughout most coastal regions. SST 412 
and SSS misfits are also significantly amplified in the experiments forced with unadjusted ERA-413 
Interim atmospheric fields (Exp_ERA). For SST, Exp_ERA misfits retain a similar spatial pattern to 414 
Exp_ECCO (i.e., representing a standing pattern of amplification). In contrast, Exp_ERA SSS misfits 415 
are significantly amplified throughout the ocean interior and change sign in many locations relative to 416 
Exp_ECCO.  417 

Similar to MDT, experiments Exp_ERA and Exp0 produce comparable results, whilst Exp1 to Exp5 418 
produce comparable results to Exp_ECCO. These results suggest that the long-term mean model-419 
observation misfits in MDT, SST, and SSS are primarily corrected by time-mean forcing adjustments. 420 
This does not necessarily indicate systematic biases in the first-guess atmospheric fields, but instead 421 
indicates how ocean model error is projected into the atmospheric forcing by the adjoint. Although 422 
Exp1 to Exp5 contribute little to the misfit in the mean fields, they have an influence on the time-423 
evolving fields. For instance, since the atmospheric adjustment withheld in Exp1 represents the annual 424 
variability, time evolution of SST (dimensional) misfits computed with respect to satellite-based 425 
estimates display stronger seasonal SST anomaly misfits in Exp1 relative to the control experiment 426 
Exp_ECCO (Figure 12). Similarly, because the atmospheric adjustment withheld in Exp2 represents 427 
decadal variability, decadal SST anomaly misfits are enhanced in Exp2 (Figure 12d).   428 

4.2   Impacts of Atmospheric Uncertainty on Estimated Ocean & Sea Ice State 429 

Having quantified the impact of time-mean and time-varying adjustment components on the model-430 
data misfit structure, we now inspect their impacts on the estimated ocean and sea ice state. The 431 
differences in the long-term mean SST and SSS for the seven sensitivity experiments relative to those 432 
in Exp_ECCO are shown in Figs. 13 & 14. The differences in the long-term mean SIC relative to 433 





 

 

much smaller than the difference caused by different atmospheric forcing products (e.g., Fig. 15a, 477 
Forget and Ferreira, 2019). To put this in context, we highlight that MHT changes of approximately 478 
10% are projected by the end of the 21st Century under weak forcing scenarios (RCP2.6, Mecking & 479 
Drijfhout, 2023). Additionally, we note that our estimated MHT uncertainty is much smaller than the 480 
uncertainty indicated by intercomparison of independent ocean reanalyses. Jackson et al., (2019) 481 
compared key circulation metrics across an ensemble of 11 ocean reanalysis products and showed that 482 
the amplitude of the ensemble spread is approximately 30-70% of the ensemble mean MHT throughout 483 
low- and mid-latitudes. In making these comparisons with our results, however, it is important to recall 484 
that reanalysis intercomparisons incorporate a much broader range of uncertainty sources than we 485 
investigate here, which explains the larger spread found in inter-reanalysis comparisons. Therefore, the 486 
comparatively small uncertainty reported in our study is not meant to imply improved quality. For 487 
completeness we also show the MHT change in Exp0 and EXP_ERA relative to Exp_ECCO. Although 488 
these solutions showed notable changes in surface circulation and buoyancy (Figs. 11 & 12), 489 
perturbations to MHT are remarkably small.  490 

Atmospheric uncertainty in ECCOV4r4 also has a moderate impact on the time evolution of AMOC 491 
(Fig. 16). Removing the time-mean adjustment in the forcing (Exp0) causes a weakening of the deep 492 
overturning cell by roughly 1 Sv (106 m3s-1) and a strengthening of the shallow cell (above ~400 m). In 493 
contrast, the difference between ECCOV4r4 and the ensemble mean of the time-varying forcing 494 
experiments (Exp1 to Exp5) is much smaller (of the order of 0.1 Sv), suggesting only a weak impact of 495 
the EOF modes on the AMOC. Time series at 26°N show that MHT and MOC largely covary on 496 
interannual timescales across the ensemble (Fig. 17), consistent with the strong correlation observed 497 
between these two metrics (e.g., Johns et al., 2023). Atmospheric uncertainty results in MHT and 498 
MOC uncertainty on interannual to decadal timescales. Comparison of the MOCs and MHTs simulated 499 
with ECCO-adjusted atmospheric forcing and the initial unadjusted ERA forcing suggests that the 500 
ECCO assimilation acts to correct the declining trends in these climate metrics from the unconstrained 501 
simulation with ERA forcing. In Exp1 to Exp5, the maximum deviation from Exp_ECCO varies 502 
between -0.02 and 0.03 PW for MHT and between -0.5 to 0.7 Sv for MOC (representing changes of 503 
approximately 3% relative to mean values in Exp_ECCO). For context, this is an order of magnitude 504 
smaller than the spread assessed in intercomparisons of ocean reanalyses (e.g., approximately 5 Sv for 505 
AMOC at 26°N, Jackson et al., 2019). It is also an order of magnitude smaller than the uncertainty 506 
estimated using single model ensembles subject to forcing from different atmospheric reanalyses 507 
(Brodeau et al., 2010, He et al., 2016, Chaudhuri et al., 2016, Pillar et al., 2018). Importantly, these 508 
single model ensembles were not executed in an optimization framework, so no assessment was made 509 
as to whether applied perturbations produced ocean states consistent with available observations.  510 

The ensemble mean differences are positive for almost all years spanned by the state estimate, 511 
indicating that the AMOC is generally amplified in Exp1-Exp5. Ensemble spread in MHT and MOC is 512 
accompanied by significant spread in OHU estimates reaching 15 ZJ, approximately 10% of the OHU 513 
in Exp_ECCO (Fig. 18). This is an order of magnitude smaller than the estimated total OHU 514 
uncertainty (Zanna et al., 2019). Removing the time-mean atmospheric forcing (Exp0) produces an 515 
OHU which follows the ECCOV4r4 estimates up to 2005 but begins to deviate thereafter. This timing 516 
appears to coincide with the timing of principal component 2 (Fig. 8h). In turn, the solution from the 517 
unadjusted solution (Exp_ERA) deviates from ECCOV4r4 during the first half of the estimation period 518 



 

 

but then catches up with ECCOV4r4 during the second half. This suggests that EOF2 may contribute 519 
to adjusting the full solution to a decadal mode of variability, occurring around 2005. 520 

 521 

5 Discussion & Conclusions 522 

The ECCO ocean and sea ice state estimate is a dynamically consistent model-data synthesis, 523 
providing an invaluable tool for climate research. Consecutive releases of this product have each 524 
undergone extensive adjoint-based optimization to reduce the model-data misfits by adjusting a set of 525 
controls comprising atmospheric forcings, initial conditions, and ocean mixing parameters. Although 526 
the optimized ocean and sea-ice states have been extensively documented and explored in the 527 
literature, little attention has been given to the nature of the control variable adjustments to date. 528 
Similarly, no comprehensive estimate has to date been offered for the impact of uncertainty remaining 529 
in the adjusted controls on the solution. Here, we have sought to provide both an assessment of the 530 
space-time characteristics of ECCOV4r4 control adjustments and an initial estimate of the impact of 531 
their uncertainty on the simulated ocean and sea-ice state. We have focused on the atmospheric subset 532 
of the ECCOV4r4 control set, which facilitated both objectives by allowing adjustment covariances to 533 
be more easily accounted for and avoiding the complexity of assessing interactions between surface 534 
and interior sources of uncertainty. 535 

In the first part of our study, we explored the nature of the adjustments made to the seven atmospheric 536 
control variables. For most atmospheric controls, the time-mean adjustments are largest for the data-537 
sparse high latitude regions (Fig. 1). Specific humidity and precipitation adjustments are, however, 538 
largest in the tropics and ITCZ, respectively, and shortwave radiation adjustments are also large there 539 
and over the eastern boundary upwelling systems. By construction, these distributions are largely 540 
shaped by patterns of atmospheric uncertainty applied in the optimization framework (Fig. 1) and have 541 
been discussed in detail by Chaudhuri et al. (2013).  542 

Inspection of temporal variations in ECCOV4r4 adjustment fields reveals some intriguing 543 
characteristics, including abrupt transitions in both their pointwise (Fig. 2) and spatially integrated 544 
(Figs. 3-5) evolution over the estimated period. These transitions are associated in part with extensions 545 
to the global observing system, as also seen in other data-assimilating products (e.g., ERA5, Hersbach 546 
et al., 2020). However, they are also caused by past changes to the optimization machinery (i.e., 547 
model-data misfit and atmospheric control splitting into time-mean and varying components) as well 548 
as other release updates. These artifacts are propagated through consecutive ECCO releases due to the 549 
practice of initializing atmospheric adjustments with those from the previous release (Eq. (2)). These 550 
findings encourage a clean start (i.e., adjustment initialization to zero) for the next ECCO production 551 
cycle.  552 

Further investigation of the time-varying atmospheric adjustments and their covariance was facilitated 553 
by multivariate EOF analysis. The rationale for considering a multivariate EOF is that physics-based 554 
covariation among different atmospheric state variables should be accounted for in realistic 555 
perturbation experiments. Whilst the first EOF mode serves to correct seasonal variability in the first-556 
guess atmospheric forcing (Fig. 7), the second mode adjusts a decadal change that occurs in about 557 
2005 (Fig. 8). To explore the relative importance of the time-mean atmospheric adjustments and the 558 
top five EOF modes which explain 40% of the total variance, we executed a seven-member forward 559 



 

 

perturbation ensemble. In six members, we withheld each of these six adjustment components, in turn, 560 
from the fully optimized forcing (Exp0 to Exp5). In the final member (Exp_ERA), all ECCOV4r4 561 
adjustments were withheld from the forcing. Exp0 and Exp_ERA yielded comparable results, 562 
indicating that the time-mean adjustments are critical in reducing the model-data misfit. This may 563 
reflect removal of systematic ERA-Interim biases (e.g., suggested for large scale adjustments to Rlw 564 
and Rsw with opposing impacts on SST) or projection of model error into the time-mean controls (e.g., 565 
suggested for Rsw adjustments over spuriously weak eastern boundary upwelling regimes), or both. 566 
Withholding individual EOF modes (Exp1-Exp5) also yielded detectable differences in the estimated 567 
ocean and sea ice states (Figs. 13-14), but without significantly amplifying the cost function (Figs. 9 & 568 
10).  569 

In the final part of our study, we took advantage of these distinct yet acceptable solutions to the inverse 570 
problem to provide an initial estimate of uncertainty in the ECCOV4r4 solution from the Exp1-Exp5 571 
ensemble spread. Since the ECCO state estimation framework is particularly well-suited to the 572 
detection and attribution of climate change (e.g., Wunsch and Heimbach 2013; Stammer et al., 2016, 573 
Wunsch et al., 2023), we focused on exploring uncertainty in  climate-relevant metrics, including the 574 
global ocean meridional heat transport (Fig. 15 & 17), Atlantic meridional overturning circulation (Fig. 575 
16 & 17), and net ocean heat uptake (Fig. 18). In each case, the uncertainty generated amounts to 576 
approximately 10% of that estimated in previous studies based on ocean reanalysis intercomparisons 577 
(Jackson et al.,2019) and forward perturbation ensembles (Brodeau et al., 2010, He et al., 2016, 578 
Chaudhuri et al., 2016, Pillar et al., 2018). Importantly, our analysis differs from these previous 579 
investigations by focusing on uncertainty remaining in the atmospheric forcing of ECCOV4r4, which 580 
has already undergone extensive optimization to reduce the model misfit to O(109) observational 581 
constraints. This remaining uncertainty is, therefore, estimated to be considerably smaller than that 582 
evaluated in previous investigations, which incorporated a broader range of error sources and/or had no 583 
quantitative criterion for what remained an ���D�F�F�H�S�W�D�E�O�H �V�R�O�X�W�L�R�Q�� to the ocean inverse problem (see 584 
Fig. 10a).  585 

Our ensemble construction served the dual purpose of (1) providing new insights into the space-time 586 
characteristics of control adjustments in ECCOV4r4, and (2) offering an initial assessment of the 587 
ECCOV4r4 solution uncertainty whilst accounting for covariation between control variables. Although 588 
our approach was also advantageous in balancing enhancement (via EOF orthogonality) and 589 
suppression of the ensemble dispersion, a fully comprehensive assessment of ECCOV4r4 solution 590 
uncertainty demands increasing both the ensemble size and perturbation amplitude in future work. 591 
Removal of the adjustment linear trend and seasonal cycle before performing the EOF decomposition 592 
could also be explored to determine if this would further aid interpretation of results.  593 

Exploring the impacts of other sources of uncertainty, particularly that remaining in the initial 594 
condition and ocean mixing parameters, is another critical avenue for future work. The importance of 595 
ocean mixing parameter adjustments in ECCOV4 was demonstrated by Forget et al. (2015a) to 596 
overwhelm the impact of surface forcing adjustments in the optimization. Forget et al. (2015b) further 597 
highlighted the outsized importance of eddy parameter adjustments for removing long-term drifts in 598 
the ocean state. No distinction was made, however, between mixing adjustments that lead to acceptable 599 
solutions (in terms of normalized model-data misfit) and those that warrant further optimization. This 600 
encourages rigorous investigation of the impacts of uncertainty associated with these time-invariant 601 



 

 

controls. Similarly, decadal predictions show strong dependence on initialization, particularly the 602 
choice of subsurface conditions at high latitude (e.g., Pohlmann et al., 2009, Dunstone & Smith 2010, 603 
Corti et al., 2015), where density perturbations may efficiently excite variability in the MOC (Zanna et 604 
al., 2011). Exploring this strong sensitivity to initial condition uncertainty in future work will be 605 
important for probing phase space more broadly, to determine if the ECCOV4r4 solution is the 606 
absolute global minimum (i.e., true optimal solution of the inverse problem). Finally, previous 607 
dedicated investigations have highlighted that bulk formulae uncertainty (e.g., choice of bulk transfer 608 
coefficients, use of bulk SST vs skin temperature) can have climatologically significant impacts on the 609 
simulated ocean state, including MHT (Bonino et al., 2022), and OHU (Brodeau et al., 2017, Yu 610 
2019). We anticipate that much of this uncertainty is currently absorbed into �(�&�&�2���V  atmospheric 611 
states adjustments, which could be investigated in future work.   612 

Potential approaches for investigating these sources of uncertainty include running perturbed 613 
parameter ensembles (e.g., Murphy et al., 2004; Deser et al. 2020) and modifying deterministic 614 
parameterization schemes to include time-dependent stochastic perturbations (e.g., Cooper and Zanna, 615 
2015; Davini et al., 2017). Alternatively, adjoint-based methods available within ECCO may offer a 616 
useful opportunity to determine optimal perturbation patterns (e.g., Zanna et al., 2011; Amrhein et al., 617 
2024) that could be leveraged to increase ensemble dispersion whilst retaining a tractable ensemble 618 
size. Future work will also address how best to combine impacts of uncertainty in atmospheric 619 
forcings, initial conditions and mixing parameters into a single uncertainty estimate to accompany 620 
future ECCO releases.   621 
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shown (explaining 89-94% of the total cost across the ensemble). These are temperature (T) and 810 
Salinity (S) from Argo (Argo_TS), T from expendable bathythermograph (XBT_T), T and S from the 811 
World Ocean Atlas (WOA_TS), ocean bottom pressure from satellite (OBP), SST and SSS from 812 
satellite, and deficits in sea ice concentration compared to satellite-based estimates (Seaice_deconc). 813 
Normalized costs <1 indicate that the model is consistent with the data given the applied uncertainty. 814 
Due to uncertainty in these prior weights (R in Eq. (3)), however, it is common practice to define 815 
acceptable normalized costs as those �� 2.   816 

Figure 11. Time-averaged misfits of the MDT(m, first row), SST (°C, second row) and SSS (g/kg, 817 
third row) in the control experiment Exp_ECCO (left panels) and the sensitivity experiments 818 
Exp_ERA (middle panels),and  Exp0 (right panels).  819 

Figure 12. Time evolution of SST misfit along 30°W in the control experiment Exp_ECCO (a) and the 820 
sensitivity experiments Exp_ERA (b), and Exp1 (c) and Exp2 (d). 821 

Figure 13. The difference in long-term mean SST (°C, left panels) and SSS (g/kg, right panels) in the 822 
perturbation experiments Exp_ERA (first row) and Exp0 (second row) relative to the control 823 
experiment (Exp_ECCO).  824 

Figure 14. The difference in long-term mean SST (°C, left panels) and SSS (g/kg, right panels) in the 825 
perturbation experiments Exp1 to Exp5(top five rows) relative to the control experiment (Exp_ECCO). 826 
And their ensemble mean (sixth row) and standard deviation (bottom row).  827 

Figure 15. The difference in long-term mean sea ice concentration (SIC) in the experiments Exp_ERA 828 
(first row) and Exp0 (second row) relative to the control experiment (Exp_ECCO), and the 829 
corresponding Exp1-Exp5 ensemble mean (third row) and standard deviation (fourth row) of the  long-830 
term mean SIC differences.  831 

Figure 16. Mean (upper left) and standard deviation (bottom left) of both the global ocean meridional 832 
heat transport (MHT) per unit depth and the depth-integrated MHT, calculated from the monthly 833 
averaged output in the control experiment (Exp_ECCO). The depth-integrated MHTs simulated in 834 
Exp_ERA (blue line) and Exp0 (green line) are superimposed in panel (a). The ensemble mean (upper 835 
right) and standard deviation (bottom right) of both the differences in MHT and depth-integrated MHT 836 
computed with respect to Exp_ECCO. Ensemble members Exp_ERA and Exp0 are omitted from this 837 
calculation, so that we consider only the experiments withholding individual EOF modes from the 838 
adjustments (Exp1 to Exp5) which yield acceptable solutions to the optimization problem.  839 

Figure 17. Atlantic meridional overturning circulation (AMOC) simulated in Exp_ECCO (a), and the 840 
difference between Exp0 and Exp_ECCO (b). Ensemble mean and spread of the differences in AMOC 841 
from Exp1 to Exp5 are shown in panels (c) and (d).  842 

Figure 18. Low-pass (19-point Hanning filter) filtered monthly Atlantic meridional heat transport (a, 843 
MHT) and Atlantic Meridional Overturning Circulation (c, MOC) at 26°N from the control experiment 844 
Exp_ECCO (red line), and perturbation experiments Exp_ERA (blue line) and Exp0 (green line). 845 
Ensemble mean (red) and spread (dashed blue) of the differences in MHT (b) and MOC (d). Ensemble 846 
members Exp_ERA and Exp0 are omitted from this calculation, so that we consider only the 847 



 

 

experiments withholding individual EOF modes from the adjustments (Exp1 to Exp5) which yield 848 
acceptable solutions to the optimization problem.  849 

Figure 19. (a) Global ocean heat uptake since 1992 estimated from the control experiment 850 
(Exp_ECCO, red), Exp_ERA (blue) and Exp0 (green), where a low pass filter (19-point Hanning 851 
filter) has been applied to omit the seasonal cycle for clarity. (b) Ensemble mean (red) and spread 852 
(blue) of the differences in ocean heat uptake in Exp1 to Exp5.  853 
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