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Abstract.

Gridded ocean products play a pivotal role in oceanographic and climate research, providing a framework for the cross-

validation and calibration of satellite observations and in-situ data. This paper describes the latest evolution of the global

gridded ocean objective analysis fields for temperature and salinity, distributed by the Copernicus Marine Service. It accounts

for the update of the objective analysis first guess using monthly fields derived from the temporal interpolation of World Ocean5

Atlas 2023 (WOA23) decadal temperature and salinity climatologies. The new product provides monthly objective analysis

fields for temperature and salinity with a 0.5° horizontal resolution and 187 vertical levels covering depths from 0 to 5500 m.

The time series spans from 1960 to December of the previous year. A full reprocessing is conducted every November, while

an interim update covering the first six months of the current year is released each June. This product was compared with

other reference 3D temperature and salinity datasets, as well as SST and SSS products. It exhibits strong consistency with all10

reference data, particularly over the 1985–2024 period. Notably, the product proved robust against the "Argo fast salty drift"

frequently detected in other datasets after 2016. The gridded product is freely accessible on the Copernicus Marine data store

(https://data.marine.copernicus.eu/) under the ID INSITU_GLO_PHY_TS_OA_MY_013_052.

1 Introduction

According to IPCC (2023), the global ocean has warmed and that the salinity changes observed since the mid-20th century15

are predominantly driven by anthropogenic forcing. To investigate these processes, the scientific community has developed

an extensive suite of instruments for measuring ocean temperature and salinity. International initiatives were subsequently

established to coordinate basin-scale measurement campaigns Chapman (1998); Bourlès et al. (2008); Teng et al. (2008) and

to implement sustained observation systems such as the Global Drifter Program Niiler (2001). This international cooperation

culminated in the late 1990s with the development of the Argo program Roemmich et al. (2009); Jayne et al. (2017), which20

achieved near-global coverage to 2000 m by 2008 and extended observations to depths exceeding 5500 m by 2016.

The Coriolis Ocean dataset for ReAnalysis (CORA) was initiated by the French Coriolis project in 2008, incorporated into

the European MyOcean project in 2010 Bahurel et al. (2010); Cabanes et al. (2013), and subsequently integrated into the Coper-

nicus Marine Service Le Traon et al. (2019). It is provided as a delayed-mode, quality-controlled global in situ temperature and

salinity dataset, with the objective of delivering a high-quality record that includes carefully assigned quality flags and adjusted25
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parameter values when available. CORA has been widely employed, particularly for ocean reanalysis applications Lellouche

et al. (2021), as well as for global ocean heat content assessments von Schuckmann and Le Traon (2011); von Schuckmann

et al. (2013, 2023).

Since 2010, the CORA in situ dataset has been complemented by an objective analysis designed to provide a smooth three-

dimensional representation of the monthly ocean temperature and salinity fields derived from it. This analysis has been period-30

ically updated and extended using successive versions of the ISAS tool Gaillard et al. (2009); Gaillard (2012); Gaillard et al.

(2016), and in its most recent release covers the period from the 1960s to the present.

The present article introduces the latest version of the CORA objective analysis product, which is distributed through the

Copernicus Marine Service (https://doi.org/10.17882/46219). Section 2 describes the data sources used to produce the objec-

tive analysis. The processing steps, methodology, and parameter settings are presented in Section 3. The resulting product is35

evaluated against comparable datasets in Section 4. Finally, conclusions and perspectives for future developments are provided

in Section 5.

2 Data

2.1 Data source

This product is based on the temperature and salinity profiles extracted from the INSITU_GLO_PHY_TS_DISCRETE_MY_013_00140

product, distributed by the Copernicus Marine Service (CMEMS, 2025). This product is itself derived from the near–real-time

(MYNRT) global in situ product INSITU_GLO_PHYBGCWAV_DISCRETE_MYNRT_013_030, with additional delayed-

mode validation performed using the methods described in Szekely et al. (2019), Gourrion et al. (2020), and Szekely (2024b).

It provides a complete collection of profiles from 1950 to 2024. Additionally, it benefits from the synchronization of the Coper-

nicus Marine MYNRT dataset with major data providers (World Ocean Database, Argo, etc.), ensuring that the best available45

version of each profile remains with adjustments made by the original providers.

Figures 1, 2, and 3 provide insights into the data availability for the various data types used to produce the objective analysis.

The “Bottles” category consists of measurements obtained by directly sampling seawater using bottles deployed along a cable.

Since there are only a limited number of bottles on each cable, most bottle profiles contain relatively few measurements, often

taken at standard depths (see Fig. 2, top right panel). On the other hand, bottle profiles have made it possible to reach depths50

below 5500 m as early as the 1950s. The decrease in the yearly number of bottle data collected during the 2000s is mainly due

to the difficulty of measurement. Most recent sampling is carried out with Rosette systems, which often group 10 to 20 bottles

and can collect seawater at many vertical levels. However, the Rosette is heavy and must be deployed on a steel cable with

a winch. Collecting samples from deep water therefore requires an oceanographic vessel equipped with a crane, and a single

profile can take several hours to complete.55

The XBT and MBT instruments are bathythermographs deployed either along a cable (MBT) or as free-falling expendable

probes (XBT) to measure ocean temperature. XBT casts can reach only a limited set of maximum depths, which appear as

steps in the number of available data points in Fig. 2 (middle right). The depth of XBT measurements is estimated from the
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Figure 1. Number of profiles

instrument’s fall rate, a process that is susceptible to measurement errors. In the CORA dataset, XBT profiles are adjusted using

the correction scheme of Cheng et al. (2014). This scheme determines fall-rate and offset correction coefficients by comparing60

co-located CTD and XBT profiles. The calculated coefficients vary with both the year and the probe type. However, CORA

data processing has shown that, even after correction, some XBT casts can still introduce systematic temperature anomalies in

the objective analysis, which have been excluded from the analysis. These excluded profiles are not shown in Figure 2 (middle).

Contrary to CTD casts, XBTs can be deployed from moving ships. As a result, Figure 2 (middle left) shows a higher density

of profiles along the main shipping routes.65

CTDs (Figure 2, bot.) are conductivity-temperature-depth casts, where salinity is derived from conductivity and temperature

measurements. They are mostly deployed along cables from oceanographic ships, providing high vertical resolution profiles

(often with more than one data point per dbar). The towed undulating CTD profiles available in the dataset from the 2000s

are also classified as CTDs in this index. Like bottle casts, most CTDs are deployed from oceanographic ships at station and

require several hours to complete. As a result, the number of CTD casts is lower in the Southern Ocean, leaving large areas70

uncovered.

The animal-mounted profiles (Fig. 3, top) come from CTD-like sensors deployed mostly on marine mammals and sea turtles.

These instruments measure temperature and salinity along the animals’ dives and often transmit low-resolution profiles when

the animal surfaces to breathe. After a few months, if the instruments are retrieved, they provide access to the full high-

resolution data. Major deployment sites include the Kerguelen Islands, the west coast of North America, the Labrador Sea, and75

Greenland, i.e. high latitude areas. These deployments have yielded valuable observations along the seasonal migration routes

of marine mammals, particularly in the Southern Ocean. Most profiles extend through the upper 1000 m of the ocean, with

fewer reaching depths of up to 2000 m.
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Figure 2. Left: Number of in-situ casts in 1-degree square grid cells from 1950 to 2024. Right: Yearly number of measurements in 20-meter

vertical depth bins from 1950 to 2024. Top : Bottles casts. Mid. : XBT/MBT casts. Bot. : CTD casts.

Argo profiles have been the most important deep-ocean observing system since the 2000s, providing near-global coverage

with high data availability. The project was conceived in 1998 with the goal of deploying a network of autonomous profiling80

floats drifting freely at depth. These profilers have been deployed continuously since then, with a target of more than 3000

permanently operational floats covering the global ocean between 60°N and 60°S. The large-scale deployment of Deep Argo

floats in 2015–2016 has further strengthened the vertical coverage, as these instruments can reach depths of 6000 m compared

to 2000 m for the historical floats, as shown by the deepening of the data coverage in Figure 3 (middle right).

The last data type shown in Fig. 3 corresponds to casts of unknown origin. The step increase in the number of available85

measurements at 1000 m between 1990 and 2010 (Fig. 3, bottom right), together with the profile distribution along the main

shipping routes (Fig. 3, bottom left), suggests that many of these casts are in fact XBT profiles. Historical data where first only

integrated in mid latitude, which explain the sharp decrease in the number of unknown casts north of 30°N and south of 35°S.
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Figure 3. Left: Number of in-situ casts in 1-degree square grid cells from 1950 to 2024. Right: Yearly number of measurements in 20-meter

vertical depth bins from 1950 to 2024. Top: Animal-mounted casts. Middle: Autonomous profiler casts. Bot.: Unknown type casts.

3 method

3.1 Data selection and vertical interpolation90

Data selection and vertical interpolation are key steps for ensuring the accuracy of the objective analysis. For each month

covered by this objective analysis product, the relevant temperature and salinity profiles are extracted from the CORA dataset

and assembled into monthly data files. Because the analysis time is centered on the 15th of each month with a 20-day temporal

correlation length, successive monthly files necessarily overlap. Only data points with quality-control flags of good or probably

good (QC = 1 or 2) are retained. The remaining gaps are then filled by linear interpolation onto the product’s vertical grid.95

Finally, new QC flags are applied to the interpolated profiles, excluding interpolated points where the distance from the nearest

original observation exceeds 16 times the vertical bin width.

The objective analysis (OA) then further filters the validated data to remove observations that deviate from the reference field.

The method developed by Bretherton et al. (1976) requires prior knowledge of the statistical characteristics of the interpolated

field. In the case of CORA OA dataset, this filtering step is designed to remain consistent with sub-mesoscale variability, im-100
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posed by the parameterization of equation 6, particularly in the deep ocean. Observations that differ from estimated thresholds

from the reference are filtered out to avoid propagating small-scale dynamics into the sub-mesoscale analysis.

To filter the observations, temperature and salinity profiles are compared to the climatological field described in Section 3.2.

Equations 1 and 2, for temperature and salinity respectively, are designed to detect data points that deviate from the climatology,

with relaxed constraints in regions of high vertical variability. Data points that do not meet these conditions are flagged as bad105

before the vertical interpolation step. The Tclim and Sclim values are extracted from the ISAS 17 standard deviation climatology

Kolodziejczyk et al. (2019). In this version of CORA OA, we have set α= 6 and β = 2, consistently with Kolodziejczyk et al.

(2019) dataset parameterization .

∥T −Tclim∥< αTSTD +β

∥∥∥∥
dTclim

dz

∥∥∥∥ (1)

∥S−Sclim∥< αSSTD +β

∥∥∥∥
dSclim

dz

∥∥∥∥ (2)110

Finally, the observed profiles must be interpolated onto the 186 vertical levels of the objective analysis. The scheme is a

standard linear interpolation using only data points flagged as good or probably good (i.e., parameter and pressure/depth quality

control flags lower than 3). To account for the reduced observational accuracy due to vertical interpolation, the method proposed

by Gaillard et al. (2016) increases the assigned measurement error to a threshold when the vertical distance between two

consecutive observations exceeds the vertical resolution of the analysis grid (see Eq. 3). Consistently with Kolodziejczyk et al.115

(2019) and Gaillard et al. (2016) parameterization, the measurement error is multiplied by a factor of 4 when 2< Thres < 4,

by a factor of 9 when 4< Thres < 8, and by a factor of 16 when 8< Thres < 16. When Thres > 16, the data point is excluded

from the analysis.

Thres=
dzobs
dzgrid

(3)

3.2 Climatology120

In the objective analysis framework presented by Bretherton et al. (1976) and further developed into the In Situ Analysis System

(ISAS) tool by Gaillard et al. (2016), the analysis is performed on temperature and salinity anomalies relative to reference

fields. The choice of these reference fields is therefore crucial for minimizing the objective analysis error. Moreover, during

the 1960–2005 period, in-situ profiles did not cover most of the global ocean. Consequently, the analysis converges toward a

solution close to the measurements in regions with good observational coverage, but tends toward the climatology in poorly125

sampled areas. Climatologies covering decadal periods have been used as first guesses in previous versions of the objective

analysis (Szekely, 2024a) despite the fact that this approach introduces discontinuities between the end of one climatology and

the beginning of the next one. This was particularly evident in the integrated metrics such as global ocean heat content that

were biased by the first-guess climatology and failed to represent the detectable effects of long-term warming.
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Climatologies covering decadal periods have been used as first guesses in previous versions of the objective analysis130

(Szekely, 2024a) despite the fact that this approach introduces discontinuities between the end of one climatology and the

beginning of the next one. This was particularly evident in the integrated metrics such as global ocean heat content that were

biased by the first-guess climatology and failed to represent the detectable effects of long-term warming.

The first guess adopted is a yearly climatology which is calculated using the WOA decadal climatology (Reagan et al.,

2024). Each month reference field is a linear interpolation using two decadal climatologies except for the more recent years. For135

example, the January 1973 first-guess field is derived from a linear interpolation between the January fields of the 1965–1974

and 1975–1984 climatologies.

3.3 Objective analysis

3.3.1 Method

Following the methodology described in Gaillard et al. (2016), the objective analysis is performed by mapping the data anomaly140

(y− yref ) onto a regular grid using a gain matrix (see Eq. 4).

x= xref +KOI(y− yref ) (4)

With,

KOI = Cao(Coo +R)−1 (5)

"With Rii = σ2
URi +σ2

MRi, the matrix R represents the sum of the error due to unresolved scales and the measurement145

error for observation i. The covariance matrices Cao and Coo represent, respectively, the covariance between the analyzed field

and the observations, and the covariance of the reference field in the observation space. Both are defined using the following

function:

C(dx,dy,dt) =

2∑

i=1

σ2
Liexp(

dx2

2L2
xi

+
dy2

2L2
yi

+
dt2

2L2
ti

) (6)

Where dx, dy, and dt are the spatial and temporal distances, and Lx, Ly , and Lt are the corresponding correlation scales.150

The spatial scales of the first Gaussian component (Lx1 and Ly1) are constant and set to 300 km . The spatial scales of the

second Gaussian component are proportional to the Rossby radius associated with the first baroclinic mode. Both temporal

scales, Lt1 and Lt2, are set to 30 days. The parameters choice are consistent with Gaillard et al. (2016).

3.3.2 Data distribution and statistics

Fig.4 (Top) shows the amount of data available in each file and at each vertical level. The step-like patterns in data density155

observed above 1000 m and 2000 m depth before 1990 reflect the nature of data distribution during that period. Most deep
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Figure 4. Top: log10 of the number of data points per month and per vertical level in the objective analysis files. Bottom: Monthly median

profile anomalies. Left: Temperature; Right: Salinity.

profiles available at that time were bottle casts, characterized by very low vertical resolution (see Fig.2, Top Right). The

vertical interpolation algorithm described in Section 3.1 tends to eliminate interpolated values that are too far from the original

observation points. This pattern tends to disappear as bottle casts where completed by other observation casts after 1990.

After the 2000s, data density is dominated by ARGO profiles, with a sharp decrease near 2000 m depth corresponding to the160

maximum profiling depth of most early ARGO floats. This limitation was reduced after 2016 with the wider deployment of

deep ARGO floats.

Fig. 4, Bot. shows the median temperature and salinity anomaly between the objective analysis profiles and the climatologies.

Above 1000m depth, the median anomaly reaches amplitudes over 0.1 °C, decreasing over time, with alternating patches

of positive and negative values. This behavior is expected, as the linear interpolation of climatologies cannot capture the165

interannual variability of ocean temperature. Below 1000m depth, the median anomaly is predominantly negative, with a

decreasing amplitude over time. Table 1 shows that the mean temperature anomaly decreases from 0.006 °C in the 0–500m

depth layer to 0.004°C in the 2001–5500m layer. Occasional larger anomalies at depth are associated with months where very

few profiles are available, and are therefore statistically insignificant. The median salinity anomaly (see table 2) is higher above

500m depth, with significant temporal variations, although it remains two orders of magnitude lower than the temperature170

anomaly. As expected, the noise decreases over time below 1000m depth.

3.4 Comparison datasets

Three in-situ 3D gridded products and two surface gridded products are used to evaluate the objective analysis results. Here-

after, IAPv4 will refer to the IAPv4 ocean temperature and salinity dataset from the Institute of Atmospheric Physics (Cheng
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5th percentile Mean 95th percentile

0-500 m depth -0.08 0.006 0.1

501-1000 m depth -0.02 0.003 0.4

1001-2000 m depth -0.009 0.004 0.03

2001-5500 m depth -0.004 0.004 0.02
Table 1. Mean temperature anomaly between profiles and climatology and 5 and 95 percentiles. Unit : Celsius degree

5th percentile Mean 95th percentile

0-500 m depth -0.03 0.002 0.01

501-1000 m depth -0.004 0.0001 0.004

1001-2000 m depth -0.003 -0.0002 0.002

2001-5500 m depth -0.001 -6*10−6 0.002
Table 2. Mean salinity anomaly between profiles and climatology and 5 and 95 percentiles. Unit : PSU

et al., 2024a). EN4 will refer to the Met Office Hadley EN4 ocean temperature and salinity objective analysis dataset Good175

et al. (2013); Killick (2021). ISAS 20 will refer to the ISAS 20 ARGO objective analysis (Kolodziejczyk et al., 2023), which

is an analysis performed at the LOPS/UMR using the same tool as the CORA products, but with ARGO floats only. ERSST

will refer to the extended reconstructed sea surface temperature dataset (version 6) by NOAA (Huang et al., 2025). SSS L4

will refer to the satellite-based SSS product Sammartino et al. (2022).

4 Results180

4.1 SST trend

The upper layer of the CORA OA mean temperature anomaly time series is compared with three international reference 3D

datasets (IAPv4, EN4, and ISAS 20) and one SST dataset (ERSST) (Figure 5). The sea surface warming trend value and the

associated 90% confidence interval shown by all products are calculated using a LOWESS method Cheng et al. (2022a). In all

basins, the CORA mean SST warming rate falls within the range of the warming rates of the other products. The agreement185

between products is very good in the global ocean and in the Atlantic basin. However, there are discrepancies: EN4 shows a

lower temperature anomaly in the Pacific, Indian, and Southern Oceans during 2005–2022, and ERSST shows lower anomalies

during 1960–1970 in the same basins. In addition, CORA appears to exhibit lower interannual variability, particularly in the

Southern Ocean and Indian Ocean, despite the good overall agreement in the tendency. These regions also show limited data

availability across all data types compared with the Atlantic Ocean and the North Pacific (see Figures 2 and 3). We can therefore190

assume that the reduced interannual variability is partly a consequence of the scarcity of available profiles. However, the CORA

OA product also exhibits low interannual variability after 2005, when the Argo program reached near-global coverage. It is
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then possible that this smoothed interannual variability results from the specific parameterization of the correlation function

used in the objective analysis (see Equation 6).

In all cases, the IAPv4 warming trend lies in the lower percentile compared to other products, while CORA tends to be in the195

upper percentile. This is likely due to EN4, CORA, and ERSST that include the years 2023 and 2024, which exhibit record-

high global sea surface temperature anomalies (Huang et al., 2024; Terhaar et al., 2025). When restricting the calculation of

warming trends to years prior to 2023, the spread among products is reduced: CORA: 0.93 ± 0.06°C/century, ERSST: 0.93 ±
0.23°C/century, EN4: 0.87 ± 0.23°C/century, IAPv4: 0.79 ± 0.27°C/century, ISAS20: 1.0 ± 0.7°C/century. In this case, only

ISAS20 departs from the other analyses, but it covers only 2002–2020, a period during which the ocean warming rate is higher200

than before the 2000s (Cheng et al., 2022b). In nearly all comparisons, the ERSST warming rate diverges from other products,

since ERSST mean temperatures are systematically lower than any other datasets in all basins during the 1960s. Conversely, the

CORA warming rate shows smaller 90% confidence interval than other products, likely due to the lower interannual variability

of the CORA OA time series, particularly before the ARGO era. The ocean basin with the largest spread in mean SST time

series is the Southern Ocean (lat < –35°N). In this basin, all products except ERSST show overall good agreement until 2000.205

After that, the spread increases: EN4 and ISAS20 provide the lowest estimates, IAPv4 and ERSST the highest, while CORA

remains close to the median. In this basin, the lack of data prior to the 2000s is striking (see Fig. 2). This situation improved in

the 2000s with the development of ARGO floats and the use of animal-mounted CTDs (see Fig. 3). Although animal-mounted

CTDs provide valuable profiles, they are prone to data drift and sensor malfunctions due to challenging deployment conditions.

Consequently, it is difficult to determine whether the spread among products is driven by differences in data availability, data210

validation or first guesses.

4.2 SSS trend

The upper layer of the CORA OA salinity analysis is compared to the EN4, ISAS 20, and IAPv4 upper layers, as well as to

the SSS L4 product (Figure 6). This comparison is limited to regions where the bathymetry exceeds 1500 m, in order to reduce

the influence of low-salinity coastal areas, which are more pronounced in the higher-resolution products (SSS L4 and IAPv4)215

than in the others. At the global scale and across all ocean basins, the CORA product generally aligns more closely with EN4

than with IAPv4 during the pre-ARGO era. An exception occurs in the late 1990s, when the EN4 signal rises to the level of

the IAPv4 product for the Global Ocean (0.02 PSU difference), Atlantic Ocean (0.05 PSU), and Pacific Ocean (0.03 PSU).

During this period, the CORA signal is closer to the SSS L4, with no sign of SSS sharp variation. The spread among products

decreases during the ARGO era (2005–present), with all datasets showing good agreement, especially after 2010, thanks to220

greater data availability. An exception is the consistently higher salinity values in the EN4 product in the Southern Ocean. In

this basin, CORA converges toward IAPv4 after 1985 and shows very good agreement with all products except EN4 in the

2000s which exhibits higher mean salinity with the discrepancy widening after 2015. For SSS, as for SST, CORA displays

lower interannual variability than the other reference products, although the long-term variability remains very similar. This

finding is consistent with what was reported for SST in Section 4.1. In the case of SSS, the reduced interannual variability of225

CORA is likely influenced by the 30-day time scale used in the correlation function (see equation6). This time scale is longer
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Figure 5. Mean SST and trends for CORA, EN4, IAPv4, ERSST, and ISAS 20 for the global ocean, Atlantic Ocean, Pacific Ocean, Indian

Ocean, and Southern ocean (Latitude <-35°N).
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than the characteristic variability of large river plume systems, even in open-ocean regions (Fournier et al., 2017; Varona et al.,

2019; Boutin et al., 2021; Shi and Wang, 2024).

4.3 OHC estimation

In addition to being a key indicator for understanding the evolution of the Earth’s climate (Meyssignac et al., 2019; Pan et al.,230

2025), the intercomparison of various OA products also provides a mean to assess the robustness of individual products and

the consistency of their temperature fields (see Liang et al. (2021), for instance). The CORA OHC estimate is compared with

the most recent version of the US National Oceanographic Data Center one (NODC) (Levitus et al., 2012), an estimate based

on IAPv4 (Cheng et al., 2024b), and the estimate produced by the Global Climate Observing System (GCOS) initiative (von

Schuckmann et al., 2023).235

All the ocean heat content time series, see figure 7, are in very good agreement after 2005, corresponding to the full de-

ployment of the ARGO network (see Fig. 2). During the 1985–2005 period, the spread among the time series is larger, but

the warming trends remain consistent. The largest discrepancies occur during the 1960–1984 period. IAPv4, GCOS, and US

NODC estimates vary between –150 and –50 zeta joules, while CORA estimates range from –100 to –50 zeta joules. Neverthe-

less, the error bars still largely overlap. The comparison of GOHC trends (Table 3) also shows lower values for CORA during240

the 1960–1984 period, but a very good agreement among all products for the other two periods. This observation is consistent

with Lyman and Johnson (2008) and Cheng and Zhu (2014), which indicate that OHC time series and their uncertainties are

sensitive to changes in OA first guesses and data distribution.

However, when compared to basin-scale OHC estimates from US NODC (not shown), the 1960-1984 positive shift is appar-

ent in the Atlantic Ocean but almost undetectable in the Pacific and Indian Oceans. Data coverage in the Atlantic Ocean was245

much higher than in the Indian and Pacific Oceans during this period, suggesting that this feature may represent a potential

bias in the data. As most of the profiles deployed during this period were bottle casts, we cannot neglect the potential impact

of the linear vertical interpolation scheme. Such features have been documented by Li et al. (2022), who noted that linear

interpolation of profiles tends to overestimate GOHC calculations by approximately 40 zeta joules before 1990.

1960-1984 1985-2004 2005-2024

CORA OA 0.7 ± 0.2 5.5 ± 0.1 9.6 ± 0.1

US NODC 1.5 ± 0.1 5.5 ± 0.1 8.7 ± 0.04

GCOS 1.3 ± 0.1 5.9 ± 0.1 8.7 ± 0.07

IAPv4 1.8 ± 0.1 5.5 ± 0.1 9.3 ± 0.04
Table 3. Mean yearly trend of global ocean heat content anomalies (zeta Joules/year)
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Figure 6. Mean SSS in deep ocean zones for CORA, EN4, IAPv4, SSS L4, and ISAS 20 for the global ocean, Atlantic Ocean, Pacific Ocean

, Indian Ocean, and Southern ocean (Latitude <-35°N).
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Figure 7. Global ocean heat content anomaly for CORA, and NODC

4.4 Steric sea level250

The analysis of the mean steric sea level anomaly is key indicator for monitoring the "salty drift" of ARGO floats (Liu et al.,

2024), first identified by Wong et al. (2020). This drift affects a large fraction of ARGO floats, introducing a small positive

salinity bias. Although this bias is difficult to detect and correct, its impact becomes apparent in halosteric anomaly calculations,

which integrate even small errors from deep layers to the surface. Later, the ARGO community attempted to adjust or flag the

spurious profiles (Wong et al., 2023), but some effect of the salty drift remains in the 2D gridded fields (Tang et al., 2024; Liu255

et al., 2024).

Figure 8 shows the time series of the yearly mean halosteric height anomaly (HSSLA) calculated following equation 7.

The CORA product exhibits long-term variability similar to EN4 and IAPv4, although with lower interannual variability. The

ARGO salty drift contributes to a spread among the products, as noted by (Liu et al., 2024). Following the assumptions of Wong

et al. (2020), this spread might decrease after 2022, as the number of ARGO profilers with delayed-time mode adjustments260

increase and the manufacturing issue responsible for the salty drift has been partly been resolved. The ISAS 20 products exhibit

variability very similar to CORA, although with a sharp decrease in HSSLA in 2018–2020. This is likely because the ISAS 20

product, produced in 2021, included fewer ARGO floats with delayed-time mode adjustments for those 3 years.

HSSL=−
h∫

0

β(S− S̄)dz (7)
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Figure 8. Mean halosteric height anomaly (-60°N, 60°N, 0 to 2000 m depth) for CORA, ISAS 20, IAPv4 and EN4.

5 Conclusions265

The updated version of the CORA OA product (INSITU_GLO_TS_REP_OBSERVATIONS_013_001 in the Copernicus Ma-

rine Service catalogue) now spans the period 1960–2023 and the depth range 0–5500 dbar. It is based on all available in-situ

profiles distributed through the INSITU_GLO_PHY_TS_DISCRETE_MY_013_001 product CMEMS (2025). The objective

analysis method relies on the ISAS-V6 algorithm Gaillard et al. (2016). This work details the objective mapping approach and

associated parameters, with a particular focus on defining an appropriate first-guess field to ensure accurate estimates of global270

ocean heat content.

The product is validated by comparing it with a selection of international reference fields. Parameters such as SST and

SSS are evaluated against both in-situ–based gridded products and satellite-derived products. Integrated quantities, including

halosteric sea-level anomaly and global ocean heat content, are also assessed to ensure that, once vertically interpolated, the

gridded product remains accurate.275

The SST validation shows that the objective analysis is in very good overall agreement with the reference products. Global

trends are consistent with these references, both at the global scale and at individual basin scales. However, the objective-

analysis parameters tend to smooth interannual variability, meaning that this time scale is not well represented in the prod-

uct—particularly before the Argo era and in sparsely sampled regions. The definition of the correlation function necessarily

involves a compromise among large-scale, mesoscale, and unresolved processes. As a result, the effective correlation scale280

depends on the local and temporal density of ocean observations and should therefore vary substantially in space and time.

The SSS comparison also shows good agreement between CORA OA and the reference products at both global and basin

scales, although differences in grid resolution and in the representation of river plumes lead to a large spread among products.

This spread decreases markedly with the development of the Argo program and the sharp increase in data availability after

2005.285

The analysis of the steric sea-level time series also shows good overall agreement with the reference products. The impact

of the Argo fast-salinity drift after 2016 appears to be more limited in this product than in the others and comparable to IAPv4.

This is likely a consequence of the CORA dataset production process, which places strong emphasis on profile validation and

introduces a delay between the actual profile measurement and its inclusion in the CORA objective-analysis framework. The
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Argo processing system is indeed very effective at detecting, adjusting, and often flagging affected profiles in delayed-time290

mode (Cabanes et al., 2016), but this procedure can take time. The CORA production strategy, which provides a major update

each year, ensures that profile versions are refreshed on a quarterly basis to remain aligned with the most recent Argo data

modes. To the contrary, the products based on a near real time processing of ARGO profiles, such as EN4, often lack the

effects of the ARGO post processing and exhibit stronger effects of fast salty drift.

Comparisons of global ocean heat content with reference products show an excellent overall fit for the 1985–2024 period.295

The product however appears to overestimate heat content during the 1960–1984 period, with a bias that decreases from 40 ZJ

in 1960 to negligible levels by 1985. The strong correlation between the CORA GOHC anomaly trend and reference products

validates the dataset’s ability to accurately reflect the impacts of global climate change on marine thermal structures. The

effects of the evolution of the ARGO data mode on such metric remain unclear, however the pressure correction of ARGO

floats have shown to have a significant impact on thermosteric level anomaly calculation (Barker et al., 2011), and hence might300

have an impact of global ocean heat content estimation.

This study demonstrates that although major improvements have been integrated into this new version, further refinements

are possible. The most critical priority is the enhancement of the vertical interpolation scheme to reduce the ocean heat content

overestimation resulting from the sparse vertical profiles (primarily bottle data) available during this period (Cheng and Zhu

(2014); Li et al. (2022); Barker and McDougall (2020)). A second key improvement would be the update of the XBT correction305

scheme. It must be highlighted, however, that these two points focus on correcting small but systemic bias-inducing errors in

large-scale vertically integrated quantities, such as global ocean heat content. At the individual profile scale, these error sources

remain low relative to the product’s precision; consequently, local temperature and salinity estimations remain accurate in well-

sampled regions for these periods.

6 Data availability310

This product is based on the CORA 5.2 dataset (Szekely et al. (2019)), available at https://doi.org/10.17882/46219. The dataset

described in this paper is freely available at https://doi.org/10.48670/mds-00383.

7 Code availability

The Python and Fortran 90 codes used to perform this analysis are openly available under the MIT licence at https://doi.org/

10.5281/zenodo.20824880.315
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