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Abstract. The Earth’s Energy Imbalance (EEI), defined as the difference between the incoming solar radiation

and  the  outgoing  terrestrial  radiation  at  the  top  of  the  atmosphere,  provides  a  fundamental  measure  of

anthropogenic  climate  change.  Today,  this  imbalance  is  positive,  indicating  that  the  Earth  system  is

accumulating heat, of which more than 90%  is stored in the ocean. The evolution of Global Ocean Heat Content

(GOHC) thus constitutes a  critical  indicator  of planetary warming and underpins the Earth Heat  Inventory,

currently the only approach capable of quantifying the observed absolute value of the EEI. Yet, the lack of

standardized  calculation  protocols  and  the  diversity  of  methodological  choices  across  studies  hinder  the

comparability of GOHC estimates and obscure the traceability of associated uncertainties. Here, we present a

comprehensive, transparent assessment of GOHC trends and uncertainties based on an ensemble of 13 gridded

in situ ocean temperature products spanning 1960–2024. Building on prior community efforts, we systematically

evaluate the sensitivity of GOHC trends to key methodological choices, including (i) the temperature product,

(ii) the definition of the temperature variable, (iii) the treatment of seawater density and heat capacity, (iv) the

ocean domain used for integration, and (v) the method used for trend estimation. Our results demonstrate that

GOHC  trends  are  remarkably  robust  across  methodological  configurations.  Variations  associated  with  the

temperature variable definition, thermodynamic parameters, ocean domain, or trend estimation method remain

below 0.1 W m ², well within the ensemble-mean uncertainty range of 0.21 W m ², across both recent decades⁻ ⁻
and multi-decadal  timescales.  We further  show that  the  substantial  spread  among published EEI  estimates

reflects pronounced temporal variability in ocean heat uptake rates. This variability renders EEI estimates highly

sensitive  to  the  selected  averaging  period,  underscoring  that  present-day  absolute  EEI  values  can  only  be

meaningfully interpreted in a long-term context. We demonstrate that the ensemble spread provides a practical

and comprehensive proxy for GOHC uncertainty,  consistent with product-specific  uncertainty estimates.  By

consolidating international assessment practices, this study delivers a transparent characterization of the state of

ocean  warming  and  provides  a  fully  documented,  openly  available  framework  for  constructing  a  GOHC

indicator. Together, these advances strengthen the Earth Heat Inventory estimate, establish a reliable benchmark

for monitoring ocean warming and EEI, facilitate intercomparison across studies, and reinforce international

climate assessments at the science and policy interface. 
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1 Introduction

The ocean is currently warming at an unprecedented rate since at least the 1950s (Cheng et al., 2022a; IPCC,

2021).  This  continuous  warming,  extending  from the  surface  to  the  abyss,  is  a  clear  manifestation  of  the

persistent anthropogenic Earth’s Energy Imbalance (EEI) at the top of the atmosphere (Loeb et al., 2021; von

Schuckmann et al., 2023).  This imbalance is primarily driven by human-induced CO₂ emissions, which traps

excess heat within the Earth system, resulting in incoming energy flux exceeding outgoing radiation at the top of

the atmosphere (Hansen et al., 2005). Absorbing over 90% of this excess energy, the ocean serves as both an

archive of Earth’s heating and an Earth’s system climate regulator (von Schuckmann et al., 2023).

The evolution of global ocean heat content (GOHC) provides information about the magnitude and variability of

EEI, making it a critical indicator for monitoring past, current and future climate change. Observational records

show that GOHC has increased continuously since the mid-20th century, with the past decade alone setting

successive annual records (Cheng et al., 2025; Pan et al., 2025), alongside a about twofold increase in the rate of

ocean warming over the last two decades  (Forster et al., 2024; Pörtner et al., 2019; von Schuckmann et al.,

2023). This finding underscores an alarming reality: ocean warming is not only ongoing, it has been accelerating

for the past 60 years (Minière et al., 2023; Storto and Yang, 2024). The impacts of such warming are numerous,

severe, and already affecting both marine ecosystems and human societies  (Cheng et al., 2022c; Gulev et al.,

2021). 

Global Mean Surface Temperature  (GMST) is a  widely used benchmark of global warming  (IPCC, 2022).

However, as the indicator of GMST is highly sensitive to natural variability, it makes it difficult to detect key

temperature thresholds in real time, such as the 1.5°C limit set by the Paris Agreement (Betts et al., 2023). Using

the global climate indicator of  the rate of change in GOHC provides an integrated view of energy accumulation

throughout the full depth of the ocean. This makes it a complementary robust indicator for detecting long-term

climate  trends  (von  Schuckmann  et  al.,  2016),  including  the  emergence  of  critical  warming  thresholds

(Merchant et al., 2025; Minobe et al., 2025; Rockström et al., 2024). 

Yet,  despite  the  central  role  of  this  global  climate  indicator,  no  standardized  protocol  currently  exists  for

estimating GOHC. Variations in data sources, methodological choices, and post-processing procedures lead to

discrepancies across studies, limiting comparability and confidence in estimated ocean warming rates and EEI.

Figure 1 presents a synthesis of a wide range of published estimates of global warming. Most of these represent

trends in the Earth’s Heat Inventory (von Schuckmann et al., 2020, 2023), which accounts for heat stored across

the ocean, cryosphere, continents, and atmosphere. Given the ocean’s dominant role as a heat reservoir, most

estimates specifically pertain to OHC, which can be calculated using both direct and indirect approaches. The

direct method relies on gridded in situ subsurface temperature products (Cheng et al., 2017; Ishii et al., 2017;

Levitus et al., 2012). In contrast, indirect methods infer OHC through alternative observation-based approaches.

These include ocean reanalyses  that  assimilate  various observations streams into models  (Balmaseda et  al.,

2013; Lellouche et al., 2021; Storto and Yang, 2024), as well as sea-level budget approaches that estimate OHC

from satellite altimetry and gravimetry (Hakuba et al., 2021, 2024; Marti et al., 2022, 2024). Additional indirect

approaches  leverage  atmospheric  oxygen  measurements  (Resplandy  et  al.,  2019),  sea  surface  temperature

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

2

https://doi.org/10.5194/essd-2026-106
Preprint. Discussion started: 26 February 2026
c© Author(s) 2026. CC BY 4.0 License.



advection reconstructions using Green’s functions  (Wu et al., 2025; Zanna et al., 2019) or machine learning

techniques such as  neural  networks  (Bagnell  and DeVries,  2021;  Su et  al.,  2021,  2023).  On paleoclimatic

timescales,  atmospheric proxies are used to reconstruct OHC (Baggenstos et al., 2019; Shackleton et al., 2023,

2025).  Some studies  also  use  satellite-derived  estimates  of  the  global  net  radiative  flux  at  the  top  of  the

atmosphere (e.g., the Clouds and the Earth’s Radiant Energy System project, CERES; Loeb et al., 2021), while

others rely on climate model outputs based on radiative fluxes or heat content trends (e.g., Cuesta-Valero et al.,

2021; Smith et al., 2015; Wild, 2020). 

Figure 1 | Literature assessment of Earth’s Energy Imbalance. Each estimate is derived from a published

study (see)  and converted,  where necessary,  to comparable units of W m ²  relative to the Earth’s surface.⁻
Ocean warming estimates  are shown by the circles,  while  total  planetary warming estimates  (i.e.,  EEI)  are

represented by stars. Figure updated from Minière et al. (2023). See Fig. S1 and  Code and Data Availability

section for a comprehensive overview of methods and references.

In this analysis,  we focus exclusively on estimates of ocean  warming derived from  in situ observations of

subsurface  ocean  temperature.  As  international  efforts  to  track  and  respond  to  climate  change  intensify,

including  within  the  frameworks  of  the  Intergovernemental  Panel  on  Climate  Change  (IPCC,

https://www.ipcc.ch/),  the Global  Climate  Observing  System (GCOS,  https://gcos.wmo.int/),  and  the  World

Meteorological  Organization  (WMO,  https://public.wmo.int/en),  the  need  for  a  scientifically  rigorous  and

harmonized framework  (Betts et al., 2023) such as for GOHC estimates has become increasingly urgent. A

reliable indicator of ocean warming is essential not only for understanding past and ongoing climate change, but

also for advancing climate science, informing decision-making, guiding climate reporting, and supporting global

stocktaking efforts.  Motivated by this  need,  our study develops a comprehensive  methodology designed to

enable consistent and scientifically robust assessments of ocean heat content. Our approach is grounded in the

integration of multiple observational datasets and a systematic evaluation of methodological sensitivities. By

establishing transparent guidelines, our goal is to facilitate the production of reproducible, reliable and policy-

relevant GOHC estimates, thereby reinforcing the foundations of global climate monitoring. 
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The paper is structured as follows. In Section 1, we review and quantify the current state of knowledge on ocean

warming,  comparing  published  estimates  with  our  calculations.  Section  2  presents  and  details  the

methodological approach employed in this study, including the treatment of in situ gridded temperature products

and  sensitivity  analyses.  Finally,  in  Section  3,  we  discuss  the  results  and  provide  recommendations  for

enhancing the robustness and transparency of global ocean heat content estimates.

2 How fast is the ocean warming?

A broad range of published estimates of the EEI, including the most recent literature, is synthesized and updated

from  Minière et al. (2023), as illustrated in Fig. 1. On decadal to multidecadal timescales, studies show that

global heating rates since the 1960s range between 0.2 and 1 W m ². Yet, even in the 21st century, when⁻
observational coverage and data quality improved substantially (Abraham et al., 2013; Meyssignac et al., 2019;

Cheng, et al., 2022), the spread among estimates remains large (~0.5–1 W m ²). ⁻

Despite this spread, a consistent picture emerges across independent estimation methods (in situ observations,

reanalyses, satellite-derived estimates, and paleoclimate reconstructions; see Fig. S1): (i) the EEI has remained

positive for at least the past six decades; (ii) the magnitude of EEI has increased in recent decades, reflecting the

acceleration of excess heat accumulation within the Earth system (Minière et al., 2023). On longer timescales,

Zanna et al. (2019) reported an imbalance of 0.18 ± 0.04 W m ² since 1870, while paleoclimate proxies suggest⁻
a persistent imbalance of ~0.2 W m ² during the last deglaciation (~10,000 years;  ⁻ Baggenstos et al., 2019).

Since 1960, decadal mean values have consistently exceeded these long-term reconstruction and paleo-based

reference levels. Since 1990, decadal heating rates have risen to more than doubled relative to those of the

deglaciation, underscoring the unprecedented pace of contemporary ocean warming. Although outliers exist

(e.g., a negative decadal estimate starting in 1990; Balmaseda et al., 2013), the overall evidence indicates that

EEI has continued to increase toward the present.

Focusing on the ocean, Fig. 2 shows both the cumulative ocean heat inventory since 1960 (panel a) and the

corresponding 15-year GOHC running trends (panel b). Between 1960 and 2024, the upper 2000 m of the ocean

stored a total of 334 ± 25 ZJ of heat. The vertical distribution was 45 ± 4% (149 ± 16 ZJ) in the 0–300 m layer,

23 ± 3% (77 ± 11 ZJ) in the 300–700 m layer, and 32 ± 3% (107 ± 8 ZJ) in the 700–2000 m layer. Over the

more recent period 2005–2024, the ocean gained 185 ± 21 ZJ within the 0–2000 m layer, with similar relative

contributions across depth ranges. These values are broadly consistent with Pan et al. (2025), who reported, for

1960–2024, that 42% of the accumulated heat was stored in the 0–300 m layer, 22% in the 300–700 m layer,

and 29% in the 700–2000 m layer. 

When expressed as heating rates per unit of Earth’s surface area, ocean warming rates exhibit a clear increase

between the long-term and recent periods (Table 1). The mean ocean heating rate rose from 0.32 ± 0.02 W m ²⁻
over 1960–2024 to 0.60 ± 0.07 W m ² over 2005–2024. This increase is evident across all ocean layers (Table⁻
1)  and  aligns  with  previously  reported  trends  (e.g.,  von  Schuckmann  et  al.,  2023),  reflecting  the  ongoing

acceleration of ocean heat accumulation (Minière et al., 2023).
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Ocean layer
(m)

1960–2024
 (W m ²)⁻

1960–2020 (W m ²) ⁻
von Schuckmann et al., 2023

2005–2024 
(W m ²)⁻

2006–2020 (W m ²) ⁻
von Schuckmann et al., 2023

0-300 0.14 ± 0.01 0.14 ± 0.04 0.27 ± 0.03 0.27 ± 0.10

0-700 0.22 ± 0.02 0.21 ± 0.10 0.39 ± 0.05 0.39 ± 0.10

700-2000 0.10 ± 0.01 0.11 ± 0.04 0.20 ± 0.03 0.23 ± 0.10

0-2000 0.32 ± 0.02 0.32 ± 0.10 0.60 ± 0.07 0.62 ± 0.20

Table 1 | Global ocean heat content rates. Heating rates are expressed in W m ² relative to the Earth’s surface⁻
area, for different depth layers and time periods. Rates were computed using the LOWESS method (see Section

3.2) to allow direct comparison with the estimates of von Schuckmann et al. (2023). Estimates for 1960–2024

and 2005–2024 are computed from this study GOHC ensemble mean, while values for 1960–2020 and 2006–

2020 are taken from von Schuckmann et al. (2023).

As highlighted  by  Minière  et  al.  (2023) for  decadal  heating  rates,  the  15-year  ocean  heating  rates  exhibit

pronounced multidecadal variability prior to the 2000s, with notable phases of rapid increase during the 1960s–

1970s and 1980s–1990s (Fig. 2b). Specifically, ocean heating rates rose by 0.31 ± 0.50 W m ² between 1960–⁻
1974 and 1967-1981, and by 0.56 ± 0.32 W m ² between 1976–1990 and 1993–2007. Over the longer term, the⁻
15-year  heating  rates  increased  by  0.66  ±  0.43  W m ²  between  1960–1974  and  2010–2024,  indicating  a⁻
sustained acceleration in ocean heat uptake. This variability seems to be largely driven by the upper 0–300 m

layer,  while  deeper  layers  (700-2000  m  and  300–2000  m)  show  more  moderate  fluctuations  (Fig.  2b).

Nonetheless, the long-term upward trend is evident across all layers, with the most recent two decades’ increase

largely captured  by the 0–300 m layer,  highlighting the dominant  role of  the upper ocean  in recent  ocean

warming. 

Figure 2 | Ocean heat inventory and heating rates. (a) Global Ocean Heat Content (GOHC) for the 700–2000

m (yellow), 300–2000 m (green),  and 0–2000 m (blue) layers, based on an ensemble of in situ temperature

products (see Table 2). Thin lines represent individual products, bold lines the ensemble mean, and dashed lines
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twice the ensemble spread.  A surface  ocean  mask was applied,  excluding areas  shallower  than 300  m and

latitudes beyond 60°. (b) Fifteen-year running ocean heating rates derived from ordinary least squares regression

of the ensemble mean GOHC (bold lines). Dashed lines show the 95% confidence intervals accounting for

autocorrelation and computed based on a weighted least squares regression, and thin lines show heating rates

from individual products.

Beyond OHC alone, these results provide, for the first time, a depth-resolved perspective on the EEI, made

possible by subsurface temperature observations. The analysis reveals that variability in EEI is coherent across

depth layers, with different depth ranges tending to warm simultaneously but with varying amplitudes. This

finding highlights that EEI is best assessed over long timescales, i.e., multidecadal periods and longer, since

shorter-term  estimates  (i.e.,  on  interannual  or  decadal  timescales)  are  strongly  affected  by  decadal  to

multidecadal variability as well as observational uncertainties. Importantly, the spread among published EEI

estimates shown in Fig. 1 cannot be attributed solely to methodological differences; a substantial part also arises

from the intrinsic temporal variability of EEI, which makes estimates highly sensitive to the chosen averaging

period. Consequently, short-term values (whether monthly, annual, or even decadal) must be interpreted within

a longer-term context to determine whether they reflect phases of rapid increase, relative slowdown, or quasi-

stability. Present-day EEI estimates can therefore only be meaningfully assessed when viewed in this broader

temporal framework. Further work is needed to better understand the origins of variability in ocean heating rates

and EEI, and to quantify the respective contributions of externally forced trends and internal climate variability.

Nevertheless,  significant uncertainties  remain (Fig.  2b).  While the ensemble mean captures  the overarching

signal,  individual products differ  in the magnitude and phasing of their temporal  variability.  Some datasets

exhibit  stronger fluctuations than others,  even though all  remain within the ensemble uncertainty envelope.

These discrepancies illustrate the sensitivity of GOHC estimates to methodological choices made at each step of

the calculation. In this sense, the GOHC indicator encapsulates a considerable degree of complexity, from the

acquisition of raw temperature measurements to the derivation of the final ocean heat content estimate. Each

methodological  choice,  whether  in  the  selection  of  the  observational  product,  the  integration  of  seawater

temperature  over  the  ocean  volume,  the  choice  of  the  temporal  window and  regression  method  for  trend

estimation, or the treatment of uncertainties,  can influence the resulting GOHC trends and contribute to the

spread seen in Fig. 1 and the ensemble variance in Fig. 2. Put differently, the question “How fast is the ocean

warming?” cannot be answered independently of “How do we estimate it?”. This consideration motivates the

next section, where we present our methodology for deriving GOHC from in situ temperature products, evaluate

the sensitivity of the results to key methodological assumptions, and discuss the associated uncertainties.

3 How to estimate the GOHC indicator ?

When estimating GOHC, methodological choices can be broadly classified into two categories:  pre-processing

choices and  post-processing  choices, both related to the gridded temperature product and defined as follows.

Pre-processing  encompasses  all  steps  undertaken  before  the  production  of  a  gridded  temperature  product,

including instrumental bias corrections (e.g.,  Cheng et al., 2014; Gouretski and Cheng, 2020) quality control

(QC) procedures (Tan et al., 2022, 2023; Zhang et al., 2024), spatial and temporal interpolation methods (often

referred to as mapping, Cheng et al., 2015; Li et al., 2022; Lyman and Johnson, 2008), the choice of first-guess

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

6

https://doi.org/10.5194/essd-2026-106
Preprint. Discussion started: 26 February 2026
c© Author(s) 2026. CC BY 4.0 License.



fields to fill data gaps, and the reference climatology used to define anomalies (Cheng and Zhu, 2015; Lyman

and Johnson, 2014). Post-processing, by contrast, refers to the methodological decisions applied after gridded

fields  have  been  generated  particularly  in  the  computation  of  GOHC  and  its  derived  quantities  such  as

anomalies, trends (Cheng et al., 2022b), or acceleration rates (Minière et al., 2023). These successive processing

steps,  and  the  associated  propagation  of  uncertainties,  are  illustrated  in Fig.  3,  which  highlights  how

methodological decisions taken from raw observations to the final GOHC time series influence both absolute

values and temporal changes. In the absence of standardized guidelines, these steps are implemented differently

across research groups, potentially limiting comparability and introducing biases or artifacts. This underscores

the need for a systematic evaluation of each step to establish best-practice recommendations and advance toward

a  harmonized  framework.  Such  coordinated  efforts  would  reduce  uncertainties  in  GOHC  estimates  while

enhancing their robustness, reproducibility, and policy relevance.

While the sensitivity of GOHC estimates to pre-processing steps has been extensively documented (e.g., Boyer

et  al.,  2016;  Savita  et  al.,  2022),  our  analysis  shifts  the  focus  toward  post-processing  steps.  We begin  by

outlining the theoretical basis for deriving GOHC from gridded subsurface temperature products. Beyond the

time series itself, the key quantity for climate monitoring is the rate of excess energy accumulation in the ocean,

expressed in W m ², which can be directly compared to the EEI. We then investigate how methodological⁻
assumptions  and  variable  definitions  influence  the  estimation  of  GOHC  trends  from  gridded  subsurface

temperature fields. Specifically, we assess five key factors: (i) the choice of gridded temperature product, (ii) the

definition of the temperature variable, (iii) the treatment of seawater density and heat capacity (constant vs.

variable),  (iv) the integration domain, and (v) the method used for trend estimation. Finally, we present the

results of these sensitivity tests and conclude the section with a discussion on the quantification of uncertainties

in GOHC estimates.

Figure 3 | Diagram illustrating the processing steps involved in the GOHC estimation, and the traceability

of uncertainties  from in situ temperature  measurements  to the estimation of  GOHC and its  derived

quantities. 
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3.1 From subsurface temperature to global OHC: theoretical framework and definitions

The ocean heat balance can be expressed as follows (Ma et al., 2020):

OHS=OHU−∇ h(OHT )+Diff , (2.1)

where OHS denotes the ocean heat storage at a given location, which is governed by three terms: the ocean heat

uptake (OHU), the horizontal divergence ( ∇h
) of ocean heat transport (OHT), and heat changes associated

with diffusion processes (Diff). OHC is expressed in Joules (J) or Joules per square meter (J m−2), while OHU

and OHS are typically reported in Watts per square meter  (W m−2).  At the global scale,  the transport  and

diffusion terms cancel out, such that OHU can be approximated by OHS. Consequently, ocean heat storage is

equivalent to the net heat fluxes at the air-sea interface. As a result, the terms OHU, OHS, and OHC tendency

are often used interchangeably at the global level, although their definitions may differ between studies. For

example, OHS is sometimes used to denote the ocean heat content anomaly (e.g., (Cheng et al., 2022b), while in

other contexts, it refers specifically to the OHC tendency (e.g., Ma et al., 2020; Meyssignac et al., 2019). 

OHC represents the amount of thermal energy stored in the ocean. Its computation is based on the vertical

integration of ocean temperature over the ocean volume. For a given oceanic grid cell located at coordinates (x,

y), the local ocean heat content OHC(t,x,y) at time t is defined as:

OHC( t , x , y )=A(x , y)∑
z

ρ(t , x , y , z )C p(t , x , y , z)T (t , x , y , z )h (x , y , z ) , (2.2)

where  T is the ocean subsurface temperature (°C),  ρ is the seawater density (kg m ³),  ⁻ Cp is the specific heat

capacity of seawater (J kg ¹ °C ¹), ⁻ ⁻ A(x,y) is the area (in m²) of the grid cell at longitude x and latitude y, and

h(x,y,z) is the thickness (m) of the layer at depth z  of within the grid cell  (x, y). The area of each grid cell is

computed as a function of its latitude, so that grid cells at higher latitudes (covering smaller surface areas than

those near the equator) are appropriately weighted. 

At regional or global scales, the time series of ocean heat content OHC(t) is obtained by summing the local

value over the ocean surface:

OHC( t)=∑
x , y

OHC (t , x , y) , (2.3)

At the global scale, this time series is referred to as GOHC. In practice, GOHC is almost always considered in

terms of anomalies rather than absolute values, primarily due to uncertainties in reference climatologies and the

difficulty  of  defining  a  consistent,  long-term baseline  (Cheng and  Zhu,  2015,  see  Fig.  S2).  The emphasis

therefore lies on changes in GOHC relative to a reference period (i.e., an anomaly), especially the heat gain or

the rate of warming, rather than on the absolute amount of energy stored in the system. 
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To enable intercomparison among different estimates of ocean heat content derived from various temperature

products, OHC anomalies must be computed relative to a common reference period shared by all datasets. In

climate data analysis (see for example Thomson and Emery, 2014), several approaches are commonly used to

align time series to a common temporal baseline. One basic method consists in subtracting, from each time

series, its mean value over a chosen reference period thereby centering the series around zero for that interval.

For monthly data, it is also useful to remove the seasonal cycle to isolate interannual to decadal variability. This

can be achieved by applying smoothing methods (annual means, running means, low-pass filters), by subtracting

the mean seasonal cycle, or by using spectral filtering (e.g., Fourier decomposition) to remove the dominant

harmonics such as the annual and semi-annual components. In this analysis of OHC time series, we compute the

mean seasonal cycle of OHC over a specified reference period, denoted as OHCclim, defined as follows:

OHC clim(m)= 1
N ∑

i=1

N

OHC (mi) ,  (2.4)

where OHCclim(m) is the average value of global or regional OHC for month m,  N is the number of available

years,  and OHC(mi) is the OHC value for month  m in year  i.  The OHC anomaly is then calculated as the

difference between the monthly OHC value and its corresponding monthly climatological mean as follow: 

OHCA(t )=OHC (t)−OHC clim(tm) , (2.5)

where the index m corresponds to the month associated with date t. At the global scale, this anomaly time series

is referred to as GOHCA.

Having established the theoretical framework for deriving GOHC from subsurface temperature fields, we next

assess how methodological choices influence these estimates. The following sensitivity analysis explores how

different assumptions and processing steps affect the robustness of GOHC trends.

3.2 Framework of the sensitivity analysis

3.2.1 Temperature product sensitivity
Various gridded in situ temperature products are available, each applying distinct methodological approaches to

interpolate irregularly distributed profiles onto regular spatiotemporal grids in longitude, latitude, depth, and

time (Abraham et al., 2013; Boyer et al., 2016; Liang et al., 2021; Savita et al., 2022). In this study, we compute

GOHC using an ensemble mean approach, comparing individual estimates against both the ensemble mean and

its spread (standard deviation). The products, their abbreviations and references are listed in Table 2.

Most datasets are produced using objective analysis, a statistical framework that minimizes a predefined error

function while accounting for spatial and temporal correlations (Stammer et al., 2021). Within this framework,

ISAS, CORA5.2, ARMOR3D, EN4, MOAA, and SIO employ different correlation radii and error functions;

BOA uses a successive Barnes scheme; Ishii and NCEI apply group-weighted averaging; and IAP relies on an

initial CMIP5-based climatology further refined through error covariance estimates (Cheng and Zhu, 2016). In
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contrast,  the  RFROM  dataset  is  derived  from  a  machine  learning  model  trained  to  reproduce  vertically

integrated OHC anomalies using predictors such as sea surface height  (SSH), sea surface temperature (SST),

time, latitude, and longitude.

The products also differ in their underlying data sources. Several (e.g., MOAA GVP, NCEI, EN4, IAP, ISHII,

CORA5.2, RFROM) integrate a wide range of historical and modern observations, including Mechanical and

Expendable  Bathythermographs  (MBT,  XBT),  Conductivity–Temperature–Depth  (CTD)  measurements,  and

Argo profiles.  ARMOR3D and RFROM additionally  assimilate  satellite  altimetry.  Products  such as  IPRC,

ISAS, GDCSM, BOA, and SIO are based exclusively on Argo observations, restricting their temporal coverage

to the modern observing era (2005–present) but ensuring the highest reliability due to the exceptional quantity,

quality  and  continuity  of  observations  during  this  ‘golden  period’  of  the  global  ocean  observing  system.

Products combining multiple observation types extend further back, to the altimetry era (1993–present) or even

to the historical record (1960–present). For the NOAA product, the 0–2000 m monthly estimates were extended

prior to 2006 using pentadal NOAA data (Levitus et al., 2012), thereby providing a longer-term record.  Despite

differences in temporal and depth coverage, all datasets provide estimates down to 2000 m.

These reconstructions consistently show significant warming of the upper 2000 m of the ocean over recent

decades (see Fig. S3), in agreement with earlier studies (Abraham et al., 2013; Cheng et al., 2022c; Gulev et al.,

2021; Levitus et al., 2012). However, discrepancies persist in interannual variability and in estimated warming

rates, reflecting differences in mapping methods, XBT bias corrections, and the reference climatologies used to

fill data gaps (Boyer et al., 2016; Cheng et al., 2014; Cheng and Zhu, 2015; Lyman et al., 2010) . More recent

work has highlighted additional sensitivities to the definition of the integration domain (Savita et al., 2022)and

to reference climatologies in data-sparse regions (Liang et al., 2021; Lyman and Johnson, 2014).

Finally, in constructing the ensemble mean for this study, we consider 13 gridded temperature products. To

avoid over-representing the EN4 family, the four EN4 variants (which differ in their XBT bias corrections) are

first averaged into a single representative estimate for the ensemble mean, while all four versions are retained

when calculating the ensemble spread. This approach prevents bias from a single product family, while ensuring

that the ensemble spread fully reflects uncertainties associated with alternative XBT correction schemes. In this

analysis, the ensemble spread serves as a practical proxy for GOHC uncertainty.

Product name/
Provider or
Institution

Instrume
nt type

T° type
(unit)

Salinity
type (unit)

Spatial and temporal
coverage Mapping Reference and Data access

link

IPRC Argo Potential
(°C) PSU

89°N-89°S (1°x1°), 0-
2000m (27 levels),
01/2005 - 04/2020

(monthly)

Variational
Interpolation

http://apdrc.soest.hawaii.edu/
projects/Argo/data/gridded/
On_standard_levels/index-

1.html  

ISAS/
IFREMER Argo

Not
mentioned

(°C)
PSS-78

90°N-77°S (0.12°x0.5°),
1-5500m (187 levels),

01/2002 - 12/2020
(monthly)

Optimal
Interpolation

Gaillard et al., 2016;
Kolodziejczyk et al., 2021

https://www.seanoe.org/data/0
0412/52367/  

GDCSM/
SHOU

Argo Not
mentioned

(°C)

PSS-78 90°N-90°S (1°x1°), 0-
1945m (58 levels),
01/2004 - 06/2024

(monthly)

Optimal
Interpolation

Zhang et al., 2022
ftp://data.argo.org.cn/pub/

ARGO/GDCSM/NETCDF/ 
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BOA/CSIO/
MNR Argo

Not
mentioned

(°C)
PSS-78

80°N-80°S (1°x1°), 0-
1945m (58 levels),
01/2004 - 09/2024

(monthly)

Objective
Analysis
(Barnes

successive
method)

Li et al., 2017
ftp://data.argo.org.cn/pub/

ARGO/BOA_Argo/ 

SIO/
SCRIPPS Argo Potential

(°C) PSS-78

80°N-64°S (1°x1°), 0-
1945m (58 levels),
01/2004 - 12/2024

(monthly)

Weighted
Least

Squares
adjustment

Roemmich and Gilson, 2009
https://sio-argo.ucsd.edu/
RG_Climatology.html 

MOAA GPV/
JAMSTEC

Argo +
others

Potential
(°C) PSS-78

70°N-60°S (1°x1°), 10-
1971m (25 levels),
01/2001 - 05/2024

(monthly), NRT for 2023
and 2024

Optimal
Interpolation

Hosoda et al., 2008
https://www.jamstec.go.jp/

argo_research/dataset/
moaagpv/moaa_en.html 

NCEI/
NOAA

Argo +
others

Not
mentioned

(°C)
PSS

90°N-90°S (1°x1°), 0-
2000m (26 levels),
01/1960 - 12/2023

(monthly), before 2004:
only 0-700m available at
yearly scale (or 3-months

scales) and 0-2000m
available at pentadal

scale. 

Objective
Analysis

Levitus et al., 2012
https://www.ncei.noaa.gov/
access/global-ocean-heat-

content/bin/
anomalydata_tm.pl 

EN4/
Met Office

(4 products available
with different

XBT/MBT
corrections)

Argo +
others

Potential
(°K) PSS

89°N-83°S (1°x1°), 5-
5350m (42 levels),
01/1900 - 10/2024

(monthly)

Objective
Analysis

Good et al., 2013
https://

hadleyserver.metoffice.gov.uk
/en4/download-en4-2-2.html 

IAP Argo +
others

Conservati
ve (°C)

Absolute
Salinity
(g/kg)

90°N-90°S (1°x1°), 1-
6000m (119 levels),
01/1940 - 12/2024

(monthly)

Ensemble
Optimal

Interpolation
combined to

models
(CMIP5)

Cheng et al., 2017; Cheng and
Zhu, 2016

http://www.ocean.iap.ac.cn/
pages/dataService/
dataService.html 

JMA/
MRI

Argo +
others

Not
mentioned

(°C)
PSU

90°N-90°S (1°x1°), 1-
2000m (41 levels),
01/1955 - 12/2023

(monthly)

Objective
Analysis

Ishii et al., 2017
https://climate.mri-jma.go.jp/
pub/ocean/ts/v7.3.1/temp/nc/ 

CORA5.2/
CMEMS/

OceanScope

Argo +
others

Not
mentioned

(°C)
PSS-78

89°N-77°S (0.12°x0.5°),
1-5500m (187 levels),

01/1960 - 12/2024
(monthly), NRT for 2024

Objective
Analysis

(ISAS
Software)

Cabanes et al., 2013 
Delay Mode:

https://data.marine.copernicus.
eu/product/INSITU_GLO_PH

Y_TS_OA_MY_013_052/
description 

Near Real Time:
https://data.marine.copernicus.
eu/product/INSITU_GLO_PH

Y_TS_OA_NRT_013_002/
description

ARMOR3D/
CMEMS/

CLS

Argo +
others +
satellite
(SSH)

Not
mentioned

(°C)
PSU

89°N-83°S (0.25°x0.25°),
0-5500m (50 levels),
01/1993 - 12/2024

(monthly), NRT for 2023
and 2024

Optimal
Interpolation

Guinehut et al., 2012; Mulet et
al., 2012
https://

data.marine.copernicus.eu/
product/

MULTIOBS_GLO_PHY_TS
UV_3D_MYNRT_015_012/

description 

RFROM/
PMEL/
NOAA

Argo +
others +
satellite

(SSH and
SST)

Conservati
ve (°C)

Not
available

yet

90°N-90°S (0.25°x0.25°),
2.5-1975m (58 levels),
01/1993 - 12/2023 (7-

days)

Random
Forest

Regression
Ocean Maps

(Lyman and Johnson, 2023)
https://www.pmel.noaa.gov/

rfrom/ 

Table 2 | In situ Temperature and salinity gridded products at (near-) global scale. 310
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3.2.2 Temperature variable definition

A fundamental methodological  choice in GOHC estimation concerns the type of temperature variable used.

Although  in  situ  temperature  is  the  directly  observed  quantity  and  the  one  typically  archived  in  national

databases, most scientific analyses rely instead on potential temperature (θ, under ITS-90; McGlashan, 1990) or

conservative temperature (Θ, under TEOS-10; Mcdougall et al., 2010). These derived variables are better suited

for estimating heat  content,  as they correct  for pressure effects  and/or variations in seawater  heat  capacity.

Despite their importance, many gridded temperature products do not clearly specify which temperature variable

they provide. As summarized in Table 2, only a few gridded products (e.g., IPRC, SIO, MOAA GPV, EN4)

explicitly report potential temperature, while others (e.g., IAP, RFROM) distribute conservative temperature.

Although in situ temperature represents the observed variable, it is not the most appropriate for quantifying heat

content, as it can vary with pressure even when the actual heat content remains unchanged (McDougall et al.,

2021, 2023a). Potential temperature eliminates these pressure effects but assumes a constant heat capacity, thus

providing only an approximation of true heat content. In contrast, conservative temperature is both pressure-

independent and thermodynamically consistent with heat content, making it the recommended variable for OHC

estimation under TEOS-10.

Despite this theoretical consensus, different approaches continue to exist in the literature. To assess the practical

impact of the temperature variable on GOHC, we use the IAP temperature product, which provides conservative

temperature (Θ) and absolute salinity (SA). From these variables, we compute both potential temperature (θ)

and in situ temperature (T) using the TEOS-10 Gibbs function.

3.2.3 Density and heat capacity assumptions

The treatment of seawater density (ρ) and specific heat capacity (Cp) can also influence GOHC estimates. While

many studies assume constant values for these parameters (e.g., Savita et al., 2022), others allow them to vary as

a function of salinity, temperature, and pressure (e.g.,  Meyssignac et al., 2019). To evaluate the sensitivity of

GOHC to these assumptions, we tested four configurations: (i) both ρ and Cp are set to be constant; (ii) both

vary; (iii) ρ is constant and Cp varies; (iv) ρ varies and Cp is constant. Variable ρ and Cp were computed using

the TEOS-10 Gibbs equations  (Mcdougall et al., 2010) from absolute salinity (SA), conservative temperature

(Θ), in situ temperature (T), and pressure (p). All experiments were performed using the same IAP product for

the global 0–2000 m ocean layer. Although constant values for ρ and Cp differ among studies and operational

systems (e.g., Boland et al., 2023; Cheng et al., 2022b; Foukal and Lozier, 2018; Huguenin et al., 2022; Savita et

al., 2022; Shi et al., 2023; Su et al., 2023) we adopt ρ₀ = 1030 kg m ³ and Cp₀ = 3980 J kg ¹ °C ¹. ⁻ ⁻ ⁻

3.2.4 Ocean domain sensitivity

The definition of the ocean domain can also affect the value of GOHC and its associated trend estimates. The

spatial coverage of in situ temperature products varies considerably (Table 2). Some datasets encompass the

entire global ocean (90°N–90°S), while others are limited to near-global extents (e.g., 60°N–60°S) or exclude

specific regions such as shallow seas and polar areas. To enable reproducible assessments and meaningful inter-

product comparisons, it is essential to recompute GOHC over a common spatial domain (Jeon, 2021; Savita et

al., 2022). In the literature, several strategies have been adopted to define such a common domain. Some studies

achieve  consistency  by applying a single ocean  surface  mask across  all  products  (e.g.,  Marti  et  al.,  2022;

Minière  et  al.,  2023),  while  others  exclude  poorly  sampled  regions  such  as  the  polar  oceans  or  shallow
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continental shelves (von Schuckmann et al., 2020, 2023). Although these approaches enhance the comparability

of global  OHC estimates  by ensuring  a more  consistent  ocean  area  among products,  no study to date  has

systematically examined the impact of enforcing a consistent ocean volume across all products. In this study, we

assess how differing domain definitions affect  GOHC estimates by testing six configurations:  (i)  the native

spatial domain of each product; (ii) the global ocean excluding polar latitudes (|lat| > 60°); (iii) the global ocean

with regions shallower than 300 m masked; (iv) the combination of  both the polar  latitude and shall-depth

masks, corresponding to the domain used in the GCOS international assessment (von Schuckmann et al., 2023);

(v) the most restrictive common surface, defined as the intersection of all latitude-longitude grid cells shared

across  products;  and  (vi)  the  most  restrictive  common volume,  defined  as  the  intersection  of  all  latitude–

longitude–depth grid cells covered by all products. 

3.2.5 Trend method sensitivity

The calculation method used to estimate trends can also affect GOHC estimates. We build on the approaches

described  in  Minière  et  al.  (2023) (see  their  study for  full  methodological  details),  namely Ordinary  Least

Squares (OLS), Weighted Least Squares (WLS), LOWESS-smoothed, and Quadratic-fit regression methods. In

both OLS and WLS regressions, the uncertainty on the estimated trend corresponds to the standard error of the

regression slope. In the WLS case, this error is weighted by the observational uncertainties associated with each

data point, whereas in the OLS case all points are assigned equal weight. Because residuals of GOHC time

series exhibit serial autocorrelation, we apply an AR(1)-based correction factor (Santer et al., 2008) to inflate the

standard  errors  of  the  regression  parameters  accordingly.  In  addition  to  these  individual  regressions,  we

implemented a hybrid “OLS+WLS” approach designed to combine their respective strengths. In this method,

the central slope estimate is obtained from an OLS regression, which provides an unbiased linear coefficient and

is less sensitive to temporal fluctuations in data uncertainties. The corresponding confidence interval is then

computed using WLS, applying the reported GOHC uncertainties as weights. This hybrid approach preserves

the robustness of the OLS slope estimate while ensuring proper propagating of observational uncertainties, as

achieved by WLS. For the LOWESS and Quadratic approaches, the trend is estimated from a smoothed version

of the time series. Associated uncertainties are evaluated via a Monte Carlo procedure  (Cheng et al., 2022b):

1,000 surrogate  series  are  generated  by  adding  random noise  (with  the  same variance  and  autocorrelation

structure as the residuals) to the fitted curve, and the spread (standard deviation) of the resulting trends provides

the uncertainty estimate. We also include the DELTA method (Palmer et al., 2021), which computes the trend as

the difference  between the first  and last  values of the selected period (without prior smoothing, unlike the

LOWESS  and  Quadratic  approaches).  Uncertainties  are  propagated  by  combining,  in  quadrature,  the

uncertainties of these two endpoint values. This method is included because it underpins the trend estimates

reported in IPCC assessments.

3.3 Results

In this section, we assess the sensitivity of GOHC trends to methodological assumptions, focusing on the period

2005–2020, which is common to all products in our ensemble. Results are shown in Fig. 4. To quantify the

impact of each methodological choice, we calculated, for every sensitivity test category (temperature product,

temperature variable,  density and heat  capacity  treatment,  ocean domain, and trend estimation method), the

relative  difference  between  the  minimum  and  maximum  trend  estimates  in  W  m ²,  and  expressed  as  a⁻
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percentage of the maximum value. These metrics provide a straightforward measure of how strongly GOHC

trends depend on each methodological assumption.

The choice of temperature product exerts the strongest influence on GOHC trends, leading to variations of up to

47% across  datasets.  Estimated  trends range from 0.38 ± 0.25 W m ² (CORA5.2)  to  0.71 ± 0.14 W m ²⁻ ⁻
(EN4.2.2-G10),  corresponding  to  an  absolute  difference  of  0.33  W  m ².  Trends  also  remain  sensitive  to⁻
XBT/MBT bias corrections,  even during the Argo era,  although the effect  is smaller  (0.07 W m ² between⁻
EN4.2.2-G10  and  EN4.2.2-L09).  The  ensemble  mean  trend  (0.57  ±  0.21  W m ²)  encompasses  nearly  all⁻
individual estimates within its uncertainty range, with the exception of CORA5.2, which stands out as an outlier.

When excluding CORA5.2, GOHC trends differ by up to 29%, with an absolute difference of 0.21 W m ²⁻
between EN4.2.2-G10 and the NOAA estimate (0.50 ± 0.16 W m ²). ⁻

The definition of the temperature variable has a negligible effect on GOHC trends. Although absolute GOHC

values differ depending on whether in situ, potential, or conservative temperature is used (see Fig. S4), the

corresponding 2005–2020 trends vary by only 0.003 W m ², less than 1%.⁻

Similarly,  the  treatment  of  thermodynamic  parameters  (ρ,  Cp)  produces  only  minor  differences:  allowing

density and heat capacity to vary changes absolute GOHC values (see Fig. S4) but also alters the 0–2000 m

trend by just 0.02 W m ², or about 4%.⁻

The definition of ocean domain affects trend estimates by up to 12%. The largest reduction occurs when using

the  common-volume mask,  which  yields  an  absolute  difference  of  0.07  W m ²  relative  to  the  unmasked⁻
estimate. Products already limited in spatial coverage (e.g., SIO, CSIO, JAMSTEC) display weaker sensitivity. 

Sensitivity to the trend estimation method reaches up to 18% (0.11 W m ²), comparable to that found in the⁻
ocean domain tests. The choice of method affects both central trend estimates and their associated uncertainties.

Among the approaches tested, LOWESS and Quadratic regressions produce the narrowest confidence intervals,

while the DELTA method gives the most conservative trend estimate. The hybrid OLS+WLS method represents

a balanced compromise: it offers an unbiased slope (unlike WLS, which is affected by GOHC uncertainties) and

an uncertainty range broad enough to encompass all other central estimates.

In summary, GOHC trends are remarkably robust across methodological configurations. Variations related to

the  temperature  variable,  thermodynamic  parameters,  ocean  domain,  or  trend  estimation  method  remain

generally below, or at most on the order of 0.1 W m ², well within the ensemble-mean uncertainty range of 0.21⁻
W m ². The dominant source of variability in GOHC trends is the choice of temperature product. Although this⁻
analysis focuses on the 2005–2020 period, the same conclusion holds for longer timescales (see Fig. S5).
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Figure 4 | Method assessment of ocean warming. GOHC trends are estimated over the common period 2005–

2020. Five categories  of  sensitivity tests are conducted: (i)  sensitivity to the temperature  product  used,  (ii)

sensitivity  to  the  temperature  variable  definition (in  situ,  potential,  or  conservative),  (iii)  sensitivity  to  the

treatment of seawater density (ρ) and heat capacity (Cp) considered either as constants or as spatially varying

fields, (iv) sensitivity to the definition of the ocean domain used for integration, and (v) and sensitivity to the

regression method applied for trend estimation. For the product-sensitivity test, trends are computed for each

product individually over their native spatial domains, as well as for the ensemble mean (black dot). For the

temperature-variable and ρ/Cp sensitivity tests, the IAP product is used. For the ocean-domain test, results are

shown for both the ensemble mean (circles) and the individual products (triangles). For the regression-method

test, the trend is computed on the ensemble mean only. Error bars represent the 95 % confidence intervals of the

trend estimates. Except for the regression-method test, all trends are calculated using the OLS+WLS approach

with AR(1) correction.

3.4 Uncertainty assessment of GOHC estimates

Accurately quantifying uncertainties along the chain from raw subsurface temperature measurements to global

ocean heat content estimates remains a major challenge. A key limitation lies in the absence of standardized

criteria,  consistent  terminology,  and  widely  accepted  best  practices  for  treating  uncertainties  in  Earth  and

climate observations  (Merchant  et  al.,  2017). In particular,  the frequent  confusion between the terms  error,

uncertainty,  and  data  quality complicate  cross-study  comparisons.  International  initiatives  have  sought  to

address this issue. Intercomparison exercises (e.g.,  Boyer et al., 2016; Savita et al., 2022) have systematically

evaluated how mapping techniques, XBT corrections, and baseline climatologies affect OHC estimates at both

global and regional scales. Building on these initiatives, the IAPSO MapEval4OceanHeat project now aims to

establish best practices for benchmarking mapping methods used to reconstruct OHC and thermosteric sea level

(Giglio  et  al.,  2024).  Such  coordinated  frameworks  are  expected  to  refine  reconstruction  methodologies,

improve uncertainty quantification, and enhance the robustness of OHC-based indicators of EEI and sea level

rise.
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In this study, we adopt a pragmatic ensemble-based approach to quantify GOHC uncertainty, representing it by

the  spread  (standard  deviation)  across  multiple  GOHC  estimates.  This  practice  follows  the  methodology

commonly used in IPCC assessments and previous studies (Forster et al., 2021; von Schuckmann et al., 2020,

2023).  To  validate  this  approach,  we  compared  two  types  of  ensemble  spreads  (one  derived  from  von

Schuckmann et al. (2023) and one calculated in the present study) with product-specific uncertainties provided

directly by individual  research  groups (Fig.  5).  These “internal” uncertainties  correspond to the uncertainty

associated with each GOHC product and require full access to the underlying gridding and product-generation

systems.  Because  such  detailed  information  is  rarely  available,  consistent  uncertainty  estimation  across  all

products remains infeasible. To date, only a few studies (e.g.,  Cheng et al.,  2017; Levitus et al.,  2012; von

Schuckmann  and  Le  Traon,  2011) have  published  product-specific  GOHC  uncertainty  estimates.  As  an

additional  line of evidence,  we also considered the independent,  indirect  estimate from  Marti et  al.  (2022),

derived from the global sea level budget.

Figure 5 | GOHC uncertainties. Ensemble-spread uncertainties from this study (black shading and bold lines)

and  von Schuckmann  et  al.  (2023) (salmon shading  and  bold  lines),   are  compared  with  product-specific

“internal” uncertainties (dashed lines) reported by Cheng et al. (2017) (dark blue),  Levitus et al. (2012) (light

blue),  Ishii  et  al.  (2017) (purple),  von Schuckmann and Le Traon  (2011) (green),  and  Marti  et  al.  (2022)

(orange). All uncertainties are given at 95% confidence level. 

Our comparison shows that the ensemble spread generally encompasses the internal uncertainties reported by

individual groups, supporting its use as a practical proxy for GOHC uncertainty (Fig. 5). While this approach is

not mathematically rigorous in the strictest sense, it represents the most feasible and transparent compromise

under current data constraints. Importantly, the ensemble spread does not underestimate uncertainties compared

to  the  dedicated  error  envelopes  provided  by  groups  that  compute  them.  Future  progress  will  depend  on

encouraging all data providers to systematically report product-specific GOHC uncertainties, thereby enabling
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more  comprehensive  intercomparisons  and  further  strengthening  ensemble-based  approaches.  Until  such

standardization  is  achieved,  the  ensemble  spread  remains  a  robust  and  operationally  useful  method  for

estimating GOHC uncertainties.

4 Discussion and recommendations

Understanding how methodological assumptions influence GOHC trend estimates is essential for ensuring the

robustness and comparability of ocean warming assessments. A central motivation of this study was to clarify

the origins of the large spread among published global warming rate estimates (Fig. 1). Our analysis revealed

that part of this spread arises from the specific averaging period considered, reflecting the strong multidecadal

variability in ocean heating rates (Fig. 2). This variability makes short-term trends highly sensitive to the choice

of the averaging window, underscoring the need to interpret present-day EEI values within a broader temporal

context.  Building on this finding, we further  investigated the extent to which methodological  choices made

during the post-processing part of gridded temperature products could also influence GOHC trend estimates. We

systematically  tested  the  sensitivity  of  GOHC trends  to  five  methodological  factors  the  choice  of  gridded

subsurface  temperature  product,  the  definition  of  temperature  variables,  the  treatment  of  thermodynamic

parameters (ρ, Cp), the selection of the ocean domain, and the statistical approach used to compute trends (Fig.

4). 

Our results show that GOHC trends are remarkably robust across methodological configurations.  Variations

associated with the temperature variable, thermodynamic parameters, ocean domain, or trend estimation method

do not exceed approximately 0.1 W m ², well within the ensemble-mean uncertainty range of 0.21 W m ². The⁻ ⁻
dominant factor influencing GOHC trend estimates is the choice of the temperature product. These findings

demonstrate that, at the global scale, methodological differences exert a much smaller influence than the inter-

product spread or ensemble uncertainty, indicating that GOHC trends are both consistent and resilient to post-

processing choices. Nevertheless, while these methodological choices have only a moderate influence on global

estimates, they can have a substantial impact on regional OHC trends. For this reason, systematic sensitivity

testing should be considered a standard component of any regional OHC analysis. Looking ahead, coordinated

efforts to standardize methodological practices and transparently document their impacts will be essential to

further strengthen the robustness and traceability of this key climate indicator.

These methodological issues are frequently discussed within the GOHC community, particularly concerning the

treatment of thermodynamic variables (McDougall et al., 2023b), domain definitions (Jeon, 2021; Savita et al.,

2022), and statistical methods (e.g., Cheng et al., 2022b; Palmer et al., 2021). Our results provide quantitative

evidence that, at the global scale, methodological diversity introduces only marginal differences compared to

product-related  uncertainties.  Beyond  the  dominant  influence  of  the  temperature  product,  our  sensitivity

experiments show that the definition of the temperature variable (in situ, potential, or conservative) and the

treatment of thermodynamic parameters (ρ, Cp) have a negligible effect on the global trends, modifying them by

less than 0.02 W m ². By contrast, the choice of ocean domain and the method used to compute trends exert a⁻
more noticeable influence. For the ocean domain, we recommend adopting the common mask used by  von

Schuckmann  et  al.  (2023),  which  provides  a  pragmatic  balance  between  ease  of  implementation  and

methodological consistency across products.
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Trend estimation deserves particular attention because it underpins key climate metrics derived from GOHC,

such  as  the  absolute  value  of  the  EEI  (von  Schuckmann  et  al.,  2016).  Several  statistical  approaches  are

commonly  used  within  the  community,  including  simple  differencing  (delta-method),  linear  regression,

LOWESS smoothing, and quadratic fits, each offering different trade-offs between robustness and sensitivity to

end effects  (Cheng et al.,  2022b). Our sensitivity analysis shows that these methods can alter GOHC trend

estimates by up to 0.11 W m ² (18%). To mitigate boundary effects while accurately propagating observational⁻
uncertainties, we recommend using a hybrid OLS+WLS regression framework, which combines the unbiased

slope of OLS with the more realistic uncertainty propagation of WLS.

Uncertainty  quantification  remains  a  critical  component  of  GOHC  estimation,  as  it  directly  determines

confidence in derived metrics such as the ocean warming rate or EEI. In this study, we assessed uncertainties by

analyzing  the  spread  across  multiple  gridded  subsurface  temperature  products  and  comparing  the  reported

internal  errors  from individual  datasets.  Our  results  show that  the  ensemble  spread  provides  a  robust  and

practical proxy for total uncertainty as it captures both inter-product variability and the “internal” uncertainties

reported by individual research groups. Although this approach is not mathematically rigorous in the strictest

sense, it represents a feasible and transparent compromise that can be applied consistently across products and

does  not  underestimate  uncertainties  relative  to  those  reported  by  groups  providing  explicit  uncertainty

envelopes. For these reasons, we recommend adopting the ensemble spread as a standard measure of GOHC

uncertainty, as it offers a consistent, reproducible, transparent and broadly applicable framework.

A critical  question concerns  which GOHC time series  should serve  as  the foundation for  a  global  climate

indicator. In practice, two main categories are relevant:

 (i) Research-oriented or international reference GOHC indicators, such as the dataset developed in this

study or the coordinated GCOS assessment (von Schuckmann et al., 2023), which aim to provide standardized,

transparent, and scientifically traceable reference series for long-term climate monitoring;

 (ii) Operational or near–real-time indicators, which rely on the most recently available observations,

typically up to year N–1 (i.e., the year preceding the current calendar year), and prioritize timeliness for climate

monitoring and early warning applications.

Our analysis demonstrates that these different types of GOHC indicators are highly consistent, exhibiting similar

trends regardless of the time period considered (Fig. 6). In this study, the research-oriented GOHC time series

was  derived  directly  from  gridded  subsurface  temperature  products,  enabling  a  detailed  evaluation  of

methodological  sensitivities.  By contrast,  the  international  GCOS indicator  (von Schuckmann et  al.,  2023)

computes the ensemble mean of GOHC time series provided by data producers rather than recalculating them

from temperature grids. This approach broadens the ensemble by incorporating estimates for which gridded

fields are unavailable, thereby improving representativeness across data providers. Although one might expect

differences between the GCOS ensemble mean and the estimate developed here, our results show that both yield

nearly identical trends, with discrepancies well within methodological uncertainty. This convergence reinforces

confidence in GOHC as a robust and reliable global climate indicator.
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The operational GOHC indicator, based on all gridded temperature products updated to year N–1 (excluding

ISAS and IPRC) and including the Copernicus Marine operational indicator  (von Schuckmann and Le Traon,

2011),  exhibits  trends consistent  with both the research-oriented and GCOS assessments.  This encouraging

result demonstrates that a regularly updated, near–real-time GOHC indicator can provide a reliable measure of

ongoing  ocean  warming.  It  further  shows  that  such  an  operational  framework  remains  stable  even  when

individual time series are added or removed as data availability evolves. Importantly, adopting an ensemble

mean of multiple time series, rather than relying on a single product, provides a more robust estimate of global

ocean heat content. It overcomes the limitations of individual datasets and produces a spread that serves as a

practical proxy for uncertainty, providing a solid basis for trend assessment. Together, these findings strengthen

the case for adopting the operational GOHC indicator in climate monitoring and assessment reports, ensuring

both continuity and scientific integrity in tracking EEI.

Figure 6 | 0–2000 m GOHC indicator. Comparison of GOHC time series from von Schuckmann et al. (2023)

(salmon), the ensemble mean from this study (black), and an operational GOHC estimate including only data

available up to year N-1 (pink). All series represent anomalies relative to 1960, calculated over a near-global

ocean domain that excludes areas shallower than 300 m and latitudes beyond 60°, with shading indicating twice

the ensemble spread. Right panels show trends for 1960–2020, 1993–2020, and 2005–2020, computed using the

OLS+WLS method with AR(1) correction and displayed with 95% confidence intervals

Finally, it is essential to emphasize the broader implications of establishing a reliable GOHC indicator. Ocean

warming drives fundamental changes in marine systems (Venegas et al., 2023), from heat accumulation in the

upper ocean to shifts in stratification (Li et al., 2020; Sallée et al., 2021) and circulation (Mecking and Drijfhout,

2023; Shi et al., 2021), and the increased occurrence of marine heatwaves (Cheng et al., 2022c; Frölicher et al.,

2018; Guinaldo et al., 2025; Oliver et al., 2018). Robust and standardized GOHC indicators form a cornerstone

for quantifying EEI and for estimating the Earth Heat Inventory  (von Schuckmann et al.,  2020, 2023). The
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GOHC indicator developed here,  along with its associated methodology, can also serve as a benchmark for

evaluating and improving ocean  reanalyses,  including projects such as the Marine Environment Reanalyses

Evaluation  Project  (MER-EP:  https://oceandecade.org/actions/marine-environment-reanalyses-

evaluation-project/) which aims to assess and enhance the reliability and usability of global and regional ocean

reanalyses, and for assessing their fidelity in reproducing historical ocean warming and variability (Balmaseda

et al., 2013; Storto et al., 2022). Beyond their diagnostic value, accurate GOHC and EEI estimates derived from

observations represent the most direct measure of how the Earth system is actually warming. They provide the

physical reference needed to assess CMIP6 simulations, quantify the deep ocean’s contribution in global heat

uptake, and guide effective adaptation and mitigation strategies.

Code and Data availability

The global ocean heat content time series produced in this manuscript and Python scripts used to process the

temperature  grids  and  generate  GOHC  time  series  are  available  at  Zenodo:

https://doi.org/10.5281/zenodo.18485246  (Minière, 2026). Refer to the README file for instructions on using

the codes and datasets, as well as for reproducing the figures presented in the manuscript.

Earth’s Energy Imbalance Published Values

Published estimates of EEI used in Figure 1 were manually compiled from the literature and consolidated into a

dedicated CSV file archived on Zenodo. This file includes detailed information on the references and the type of

estimates. Further details are provided in the README file.

Gridded temperature products

The gridded in situ temperature products used in this study are available from the original providers. Data access

links and references are provided in Table 1. These datasets are hosted by the respective institutions and are

freely accessible following their conditions.

Bathymetry 

To compute the bathymetry mask shallower than 300m, we used the GEBCO 2020 Grid product  from the

GEBCO Compilation Group (2020) (doi: 10.5285/a29c5465-b138-234d-e053-6c86abc040b9).

GOHC timeseries 

The  global  ocean  heat  content  time  series  produced  in  this  manuscript  were  derived  from  the  gridded

temperature products listed in Table 1 using the methods described in Section 3 and Section 4.

The GOHC indicator  from von Schuckmann et al. (2023) used in Fig. 5 and 6  was downloaded at this link : 

https://www.wdc-climate.de/ui/entry?acronym=GCOS_EHI_EXP_v2. 

In Fig. 5, we use the GOHC uncertainties associated to GOHC indicator distributed by NOAA/NCEI (Levitus et

al., 2012, https://www.ncei.noaa.gov/access/global-ocean-heat-content/monthly_analysis.html), JMA/MRI (Ishii

et al., 2017, https://www.data.jma.go.jp/kaiyou/english/ohc/ohc_data_en.html), IAP (Cheng et al., 2017, 

http://www.ocean.iap.ac.cn/pages/dataService/dataService.html), Copernicus Marine (von Schuckmann et al., 

2011, https://marine.copernicus.eu/ocean-climate-portal/ocean-heat-content) and AVISO/LEGOS (MOHeaCAN
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product, Marti et al., 2022, https://www.aviso.altimetry.fr/en/data/products/ocean-indicators-products/ocean-

heat-content-and-earth-energy-imbalance.html).
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