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(IPCC AR6)

Changes in OHC contribute to extreme climate events
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(IPCC AR6)

~91% of the excess heat in the 
climate system is stored in the ocean.

Changes in OHC contribute to extreme climate events
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Changes in OHC contribute to extreme climate events

(NOAA NOS, 2024)

(NOAA Climate.gov, 2021)
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Modeling OHC from sparse observations: a 4-step framework

1. Integrate the vertical dimension


2. Model horizontal and temporal dimension 

3. Estimate uncertainties based on (1) and (2)


4. Integrate the horizontal dimension 
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We use Argo data (2004-2022) to estimate 15-1850 dbar OHC
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Top layer profiles (15-975 dbar)

Bottom layer profiles (975-1850 dbar)
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Modeling challenges arise from the data size and nonstationarity
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• Size: > 2.5 million Argo profiles (matrix inversion for covariance parameter estimation and 
kriging is infeasible) 

• Nonstationarity: Challenging to define a nonstationary covariance function flexible 
enough to explain variability across entire global ocean



We can estimate a gridded temperature field with GP regression

1.Model temperature mean field: local least 
squares regression (Roemmich and Gilson 
2009) + linear time trend


2.Model residuals: locally stationary 
Gaussian process (GP) regression (Kuusela 
and Stein 2018)
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Modeled top layer residuals (02/2005)
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Temperature 
residuals  
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Longitude

Date Nugget 
effect

We can estimate a gridded temperature field with GP regression
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Length scale MLE (latitude; top layer)
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We can estimate a gridded temperature field with GP regression
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Obtaining uncertainties is facilitated by local conditional simulations
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full field | data ?
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- multivariate normal with conditional covariance

(parameterized by estimated GP variance, length scales, cross-correlation)

full field | data



Obtaining uncertainties is facilitated by local conditional simulations
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- multivariate normal with conditional covariance

(parameterized by estimated GP variance, length scales, cross-correlation)

Local conditional simulations! (extension of Nychka et.al. 2018)

full field | data
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Simulate Gaussian 
white noise over grid 

(keep fixed)
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Simulate Gaussian 
white noise over grid 

(keep fixed)

Compute (local) 
conditional covariance 

matrix Take symmetric square 
root and multiply by 

white noise



Obtaining uncertainties is facilitated by local conditional simulations
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Obtaining uncertainties is facilitated by local conditional simulations
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Keep the center point 
and repeat for all grid 

points

Repeat for desired 
number of ensemble 
members and other 

layer

Compute conservative estimate of 
OHC total conditional variance 

using sample variances



CV shows simulations capture conditional spatial dependence reasonably well
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0~30 days 30~60 days 60~90 days
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Uncertainties: Global OHC anomalies

10/18

Monthly 12-month 
moving average

24-month 
moving average

36-month 
moving average



Uncertainties: Global OHC trend
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Significant OHC trends at 5% level (2004-2022)

Uncertainties: Regional OHC trends



Uncertainties: Global ocean heat uptake (OHU) anomalies
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Monthly 12-month 
moving average

24-month 
moving average

36-month 
moving average



Uncertainties: Correlation between OHC anomalies and ONI
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A reproducible, open-source pipeline (work-in-progress)
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The framework in action: Data product
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The framework in action: Intercomparison efforts
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(Hakuba et. al 2024)

A previous version of this data product was contributed to the 2022 WMO State of the Global Climate Report.



• For every grid point, use data in a 10 degree/3 month window


• Estimate GP model parameters numerically with MLE + BFGS algorithm


• How many grid points? 360 long x 180 lat = 64,800 grid points (!) 

• Embarrassingly parallel, but still computationally challenging


• Fit parameters (optimize all): ~48h @ PSC 

• Obtain conditional simulations for Feb of every year: ~48h

The implementation is still computationally challenging



Conclusions
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• Estimating ocean heat content (with reliable uncertainties) is crucial for tracking 
climate change and mitigation 

• To address nonstationarity and the large Argo dataset size, we model the temperature 
residuals with locally stationary Gaussian process regression


• To estimate the uncertainties of the total OHC in the water column (top + bottom), we 
generate ensembles of local conditional simulations


• Using this reproducible framework, we are able to obtain reliable uncertainties for 
OHCA, regional/global OHC trends, and OHU 

Future work: 

Bivariate extension, SSH/OHC joint mapping, neural inference (Walchessen et al. 2024)…



Questions? Comments? Concerns?
Contact: thea@stat.cmu.edu

Data product

Intercomparison paper

mailto:thea@stat.cmu.edu


Backup
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How do we estimate uncertainties for the total (top + bottom layers) OHC?

Summing the variances 
for each layer 
underestimates the 
uncertainties of the total 
OHC.
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(conservative upper bound)

How do we estimate uncertainties for the total (top + bottom layers) OHC?

Squaring the sum of the 
standard deviations for 
each layer overestimates 
the uncertainties of the 
total OHC.
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We can improve the 
uncertainty estimates by 
also modeling the 
correlation.

How do we estimate uncertainties for the total (top + bottom layers) OHC?



A bivariate GP model accounts for cross-layer correlation
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Temperature 
residuals  
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(Covariance function)



A bivariate GP model accounts for cross-layer correlation
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Marginal covariance 
(Kuusela and Stein 2018)

GP variance Space-time distance  
w/ length scale parameters

Cross-covariance

(Kleiber and Nychka 2012)

(Cross) correlation


