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ABSTRACT: The most important source of information constraining the Navy’s operational global ocean forecasting sys-
tem is the sea surface height anomaly (SSHA) as measured by satellite altimetry. These surface observations inform a one-
dimensional (1D) variational analysis to create synthetic profiles of temperature and salinity, which approximate the
subsurface ocean structure associated with the observed SSHA that is assimilated in a three-dimensional variational analy-
sis. The 1D analysis requires vertical error covariances that relate the differences in values between temperature and salin-
ity at different depths. These vertical covariances are computed empirically from historical in situ observation profiles of
temperature and salinity. The approach ensures that the assimilated profiles have realistic structure without drifting. A
shortcoming of this approach is the availability of in situ observations extending at least 1000 m deep. Observations are
sparser at high latitudes, often do not include salinity, and reach relatively shallow depths. We wish to use model data to
address these limitations. Here, we show that using a global 30-yr model run to compute vertical covariances solves sam-
pling issues while continuing to maintain accuracy. While the covariances derived from the model generally compare well
with the observed ones, in some areas of the ocean, the numerical ocean model has different vertical covariances. A new
method for determining where synthetics are most valuable is presented. The implication of having model-derived cova-
riances is the ability to extend covariance information at high latitude where in situ observations are sparse or have sam-
pling anomalies. Results also suggest that salinity, if observed, would provide substantial improvement to the system.

SIGNIFICANCE STATEMENT: The purpose of this study is to understand present high northern latitude ocean nu-
merical forecasting capabilities and shortcomings related to the use of sea surface height measurements derived from
satellite, which are used to correct ocean forecast models that diverge from reality due to chaos. This is important be-
cause changing conditions are amplified at high latitudes and require modifications to present forecasting systems.
Ocean forecasting is challenging in these regions due to few in situ observations and unique oceanographic conditions.
Our paper describes new methods in data-poor regions and more accurate model uncertainty estimates for maximizing
forecast capabilities.
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1. Introduction

The most important source of observational information
used to constrain mesoscale variability in operational, data as-
similative, ocean forecasting systems is the sea surface height
anomaly (SSHA) as measured by satellite altimetry. SSHA
data are typically assimilated using empirically derived cova-
riances (Miyazawa et al. 2009) and ensemble optimal inter-
polation methods (Oke et al. 2008) that modify the interior
physical variables (temperature, salinity, velocities) so that
their temperature and salinity profile anomalies give rise to a
steric SSHA that matches the observed SSHA. The method
used by the U.S. Navy differs in the sense that the opera-
tional implementation of SSHA data assimilation employs a
one-dimensional (1D) variational approach to create “synthetic”
ocean profiles of temperature and salinity (Helber et al. 2013)

that are then assimilated in a three-dimensional variational
data assimilation (3DVAR) system (Metzger et al. 2014).
The term synthetic is used to describe a vertical ocean profile
constructed from only surface observations as described in
section 2 and the appendix. These synthetic profiles approxi-
mate the subsurface ocean structure associated with the ob-
served SSHA, sea surface temperature, and input mixed layer
depth. The advantage of this approach for assimilated SSHA
data are the constraints to the climatological mean and vertical
structure. The synthetics are created as anomalies from clima-
tology and thus maintain realistic structure that will not drift.
While this system for assimilation of SSHA data into ocean
models works well for most of the ocean (Thoppil et al. 2021),
it may not be optimal for the Arctic and subarctic seas because
the climatological information is less reliable due to poor data
sampling and rapidly changing conditions. To understand how
these limitations impact the success of the assimilation scheme,
this paper describes research for improving high-latitude SSHA
data assimilation in ocean forecasting of the Arctic and subarctic
seas, northward of 408N. The end goal of this research is to
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create accurate, data assimilative ocean forecasts for the Arctic
and subarctic seas.

At the core of the Navy’s SSHA data assimilation ap-
proach is empirical vertical covariance information derived
from historical in situ observational temperature and salinity
profiles from the Navy’s Master Oceanographic Observation
Dataset (MOODS) (Bauer 1985; Teague et al. 1987). The
covariances are essential in the 1D variational methods for
creating the synthetics. The observed in situ profiles, com-
posed of conductivity–temperature–depth (CTD), expend-
able bathythermographs (XBTs), and mooring glider profiles,
and other data from profiling observation systems provide rel-
atively high-vertical-resolution profiles at a coarse nonuniform,

horizontal and temporal sampling coverage. Figure 1 shows
the number of profiles, in 1/28 bins, used in the Navy’s Im-
proved Synthetic Ocean Profile system, version 1 (ISOP1)
(Helber et al. 2013). Many of the observations occur where re-
search vessels have sailed, but many of the observations occur
randomly as sampled by the Argo autonomous vertical-profiling
float program. There are many more profiles near the coasts in
the Northern Hemisphere. Also, the sampling is nonuniform,
and in the vertical, the number of observations decreases with
depth. The result is a dataset that resolves the mesoscale verti-
cal structure over most of the ocean that we use to create verti-
cal correlation estimates in monthly climatological averages.
However, at high latitude, these observations have a pattern
that decreases in number toward the north pole, making it hard
to resolve the mesoscale vertical structure in the Arctic and sub-
arctic seas. Furthermore, sea surface height data assimilation
at high latitude is severely limited by the available satellite
SSHA observations which are unavailable northward of ap-
proximately 758N. In addition, the Navy operational system
currently turns off synthetic profiles derived from SSHA if
the vertical ocean thermal stratification is small (Douglass et
al. 2026, unpublished manuscript) (Fig. 2). This was imple-
mented because of the perception that these profiles were unre-
liable under this condition. In Fig. 2, the white areas have ice
coverage for 31 December 2017, and thus, areas where syn-
thetics are created are ice free. A key goal of this research is
to extend SSHA data assimilation into the areas that are pres-
ently neglected, as shown in Fig. 2a.

The current Navy approach relies on historical observa-
tions, but given the latest advancement in ocean modeling,
one can envision that the mesoscale vertical error covariances
could be derived from multidecadal high-resolution global
ocean models (Chassignet et al. 2020) if the models have been
shown to be representative of the observed variability. In this

FIG. 1. The number of in situ observations in 1/28 squares in the
ocean. The data numbers shown are from the database used to cre-
ate ISOP1.

FIG. 2. The locations of synthetic profiles (cyan dots) and the ice coverage (white ocean areas) on 31 Dec 2017.
(left) The synthetic profiles are restricted because of low stratification, where the difference in temperature between
1000 and the surface is less than 38C. (right) The synthetic profiles are not restricted and are produced further
northward.
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paper, we explore the option of replacing the in situ observa-
tions, in the calculation of the ISOP vertical error covariances,
with global ocean modeling high-resolution 1/128 data created
using the Hybrid Coordinate Ocean Model (HYCOM) (Bleck
2002; Chassignet et al. 2003) over the 1958–2022 time period
(Chassignet et al. 2020). The advantage of this approach is
that the model has uniform coverage of the global ocean in
space and time, including at high latitude where in situ ob-
servations are sparse. Thus, at high latitude, we will have sig-
nificantly more model output than in situ observations. A
potential drawback, however, is that the model results may
not accurately represent all the variability that occurs in the
ocean, due to its limited horizontal resolution, approximate
parameterizations, missing physics, inaccurate bathymetry,
and forcing, etc.

In section 2, we describe the methods used for creating
ISOP1 synthetic ocean profiles from inputs of SSHA, sea sur-
face temperature, and mixed layer depth. The methods for
computing vertical covariances and the correlation length scales,
extracting model data for five sampling fidelity test cases,
and validating the results relative to observational profiles are
also discussed in section 2. Section 3 describes the validation,
relative to independent in situ observations, of the new model-
formulated synthetics compared to traditional observation-
based methods. Also, in section 3, we describe the observing
system simulation experiment (OSSE) for the Arctic and sub-
arctic seas also described by Douglass et al. (2026, unpublished
manuscript) (see also Fine et al. 2023) that utilizes the new
model-based synthetics. We discuss the practical application of
this system at high latitudes and in regions of the ocean where
the HYCOM model data may provide the greatest advantages
over insufficient in situ observations. Finally, we explore verac-
ity of the synthetics relative to the temperature and salinity
properties over the water column and suggest a new method
for determining when synthetics are most accurate and find that
the lack of salinity input is particularly detrimental. Section 4
contains a summary and conclusions for this research.

2. Methods

a. Synthetic profile methods

The system for constructing synthetic profiles from surface
observations uses real-time inputs of sea surface temperature
(SST), T̃1, and height anomaly, dh̃, and an estimate of the sur-
face mixed layer depth (MLD). The cost function, to create
one synthetic profile at a location, is given by

J 5 dx(clim)TB21dx(clim) 1 dd(clim)TB(d)21
dd(clim)

1 dx(eof)
T
V21dx(eof) 1 dd(eof)

T
V(d)21

dd(eof)

1 dT̃
(obs)
1 R(SST)21

dT̃
(obs)
1 1 [Ldx(clim) 2 dh̃

(clim)]
3 R(SSHA)21[Ldx(clim) 2 dh̃

(clim)]: (1)

The first two terms on the right-hand side of Eq. (1) contain
the deviation of the solution from climatology, dx(clim), and the
deviation of the vertical gradient of the solution from that of

climatology, dd(clim). The background error covariance and the
background vertical gradient error covariance are B21 and
B(d)21, respectively. The next two terms are the deviation of
the reduced empirical orthogonal function (EOF) mode, solu-
tion from climatology, dx(eof), and the deviation of the reduced
EOF mode, vertical gradient of the solution from that of cli-
matology, dd(eof). The diagonal matrix of variances and the
vertical gradient diagonal matrix of variances are V21 and
V(d)21, respectively. The last two terms on the right-hand side
of Eq. (1) contain the deviation of observed SST from the so-
lution, dT̃

(obs)
1 , the deviation of observed SSHA from the cli-

matology, dh̃
(clim)

, and the deviation of climatological SSHA
from the solution, Ldx(clim), where L is a linear operator that
computes steric height. The diagonal matrix of SST error vari-
ance and the diagonal matrix of SSHA error variance are R(SST)

and R(SSHA), respectively. Equation (1) and these variables are
described in more detail in the appendix.

A key component of this one-dimensional variation analysis is
the vertical covariance model derived from empirical in situ ob-
servations, which resolve the mesoscale vertical structure over
most of the ocean. The vertical covariances enable the minimiza-
tion of Eq. (1) to project the surface information downward into
the ocean to create a synthetic profile that is statistically consis-
tent with the mesoscale vertical structure. In some regions of the
ocean, such as the Arctic and subarctic seas, in situ observations
are not plentiful enough to provide adequate vertical covarian-
ces. Thus, in this research, we investigate the feasibility of using
global model data to create vertical covariance data.

The vertical covariances are split into correlations and var-
iances such that

B 5 UCU, (2)

where the monthly climatological standard deviation is U and
monthly climatological correlation is C.

A key component of making synthetics is the structure of
the vertical covariances B and B(d). Each of those has both
variances and correlations. An example of correlations from
a high-latitude location (708N, 38E), for the month of June, is
shown in Fig. 3, and the climatological standard deviation is
shown in Fig. 4. Figures 3 and 4 are for the summer month of
June when, at high latitude, in situ observations are more
plentiful. The data used to construct these covariances are from
the original ISOP1 data shown in Fig. 1. At this location, the cor-
relations were computed from 294 in situ profiles observations
within a 28 search radius. The data for the correlation are
weighted by the distance from the analysis location.

The autocorrelations in Figs. 3c and 3b have diagonal ele-
ments that are nearly one, but not exactly one, because the
correlations are constructed from six EOF modes, for reduc-
tion in data storage. The cross correlations for salinity S with
potential temperature T (Fig. 3d) and T with S (Fig. 3a) are
transposes of each other. The depth of the climatological
mixed layer for June can be seen most clearly in the salinity
autocorrelation (Fig. 3b), where the mixed layer is negatively
correlated with the deep ocean, in the Lofoten Basin at 708N,
38E (Raj et al. 2020). The vertical gradient correlations (see
the appendix; Fig. A1) have substantially different structures
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that represent persistent gradients and inflection points, on
average, found in the historical profiles.

As shown in Eq. (2), the covariance is the correlation multi-
plied by the diagonal variance, U, which contains both the T
and S variances along the diagonal (see the appendix). The
square root of the variance (standard deviation), for T and
S, at the location 708N, 38E, in the Lofoten Basin of the
Norwegian Sea, is shown in Fig. 4. One characteristic of this

location in the ocean is that the largest standard deviation
occurs at the surface, as compared to the midlatitude ocean
where the largest variance occurs in the thermocline (Helber
et al. 2023).

The covariances are constructed from MOODS data for
each month at every 1/28 location in the ocean. To help visual-
ize the spatial variability of the correlations, we integrate the
correlation at depth level k with all the other depths, thereby

FIG. 3. The vertical correlations for T and S at 708N, 38E for June. (b),(c) The autocorrelations for T and S are along
the diagonal. (a),(d) The off-diagonal cross correlations for S with T and T with S. Since the correlations go from 0 to
1000 m, the x and y axes cover the same depths. The block structure indicates there are 47 depth levels in the upper
1000 m, where the block indicates depth bins that get larger as depth increases. At this location, the correlations were
computed from 294 in situ profile observations.

FIG. 4. The standard deviation profile for T and S for June at 708N, 38E, corresponding with the correlations shown in Fig. 3.
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providing a single number to represent the nature of the cor-
relation at each grid point. For each of the correlation compo-
nents in Eq. (2), we compute

Ck 5

∑
nz

i51
Cik|zi 2 zk|

∑
nz

i51
|zi 2 zk|

, (3)

where Cik is the correlation between depth level i and k,
where i Þ k, and nz is the total number of depth levels. Thus,
Ck is the depth-weighted average correlation relative to depth
level k. To obtain a characteristic correlation over the full wa-
ter column down to 1000 m, we compute a depth average cor-
relation such that

hCi 5 ∑
nz

k51
Ck: (4)

If every depth level were perfectly correlated with each other
depth, then the correlation〈C〉5 1.

To show the spatial variability of the average T versus S
cross correlation, we plot the vertically averaged correlation

[Eq. (4)] at each grid point for the months of February, May,
August, and November (Fig. 5). Notice that there is modest
seasonality in the vertically averaged correlation, computed
from the ISOP1 dataset. During the rest of the year, there is
not enough data (,15 observations at each depth) in the Arctic
to compute vertical correlations. The blue areas indicate that
much of the T versus S cross correlations with depth are nega-
tive, such as in the Gulf of Alaska. In the next section, we will
describe additional sets of data sources and sampling strategies
that allow us to demonstrate the effectiveness of model based
covariances and the role of shifting climate.

b. Data sampling strategies

For ISOP1, the fidelity of the MOODS observations was
determined from the available data collected at random loca-
tions around the global ocean up until the calendar year 2008.
Using HYCOM model data, however, we are not restricted to
the location of the in situ observations. The model output for
the full grid domain covers years from 1964 through 2022. To
evaluate the impact of spatial sampling, we extract the model
data in three different levels of fidelity. The “obs-obs” fidelity
is to extract the model data at the ISOP1 observation

FIG. 5. Depth average cross correlation for T and S at each grid point, computed from the ISOP1 dataset, for the
months of (a) February, (b) May, (c) August, and (d) November. White areas have no cross correlation computed
due to lack of data.
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locations and at the observation depths. Since the model has
full water column coverage over the global ocean, we also ex-
tract full water depth model data at the observation locations
(called “obs-full”). The horizontal distribution of these data is
the same as that for ISOP1 in Fig. 1. Then, to take advantage
of the higher fidelity of the model data, we extract model data
at 1/28 resolution, globally every 10 days for 36 samples a year
(called “05deg”). The result of this selection was too much
data for our analysis programs. For this reason, we randomly
in time subsampled these data keeping 10% of the total num-
ber of profiles. This approach results in a dataset with roughly
200 profiles per 1/28 bin. Thus, this 10% randomly subsampled
dataset has a uniform distribution of profiles globally (Fig. 6).
Near the coast, however, there are more profiles in the in
situ–observed dataset, as can be seen in the yellow areas of
difference between the “05deg” minus the ISOP1 “obs” sam-
pling in Fig. 6b. The sampling strategy for the model-based

covariances HYCOM-obs-obs and HYCOM-obs-full used
data for the period from 1964 through 2008 to match the
ISOP1 in situ observation period. The case HYCOM-05deg
data period was from 1964 to 2016. To evaluate longer-term
shifts in the ocean’s covariance state, we include a test case
HYCOM-last-decade, which used data from 2013 through
2022. Because of the shorter time length, we increased the
percentage to 20% of the initial 10-day sampling rate. There
is a new version of ISOP2 that has newer observations with
the distribution shown in Fig. 7. Overall, there is an in-
crease in the number of profiles, with a modest increase in
the Arctic. The list of data fidelity and sampling strategy is
shown in Table 1.

To see the effect of the sampling strategy on the correla-
tions, we plot the average cross correlation [Eq. (4)] for the
ISOP1, ISOP2, HYCOM-obs-obs, and HYCOM-05deg test
cases in Fig. 8. The correlations for May are shown representing

FIG. 6. The number of in situ observations in 1/28 squares in the ocean. (a) The data numbers are from the
HYCOM data for 10% of the 0.58 bin selection (see text and Table 1). (b) The numbers are for the difference in the
number of profiles for HYCOM-05deg minus ISOP1.

FIG. 7. The number of in situ observations in 1/28 squares in the ocean. (a) The data numbers are from the database
used to create the ISOP system version 2. (b) The numbers are for the difference in the number of profiles for ISOP2
minus ISOP1.
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a transition month between the spring and summer when
ocean sampling tends to be greater than winter months at
high latitude. Winter months have less data coverage in the
Arctic. We see that the ISOP1 sampling strategy has the few-
est valid correlation values in the Arctic Ocean. To make
valid T/S cross correlations, observations must have good
values over the entire depth range to 1000 m. In the Arctic,
HYCOM is more reliable in this way. The original ISOP1
data were limited in the Arctic (Fig. 8a). The ISOP2 sampling
strategy has good coverage in the Arctic, and the HYCOM-
05deg case has the greatest coverage. In the central Arctic,
HYCOM-05deg shows a positive T/S cross correlation,
whereas the ISOP2 data have a negative cross correlation.

This also occurs in Baffin Bay, where the HYCOM-obs-obs
and the HYCOM-05deg both have negative cross correlations,
whereas ISOP1 has positive. In these regions, the HYCOM-
05deg derived solution has the opposite sign compared to
the observed data, apparently due to the higher sampling
strategy.

3. Synthetic profile validation

a. Test cases

The goal of this analysis is to evaluate synthetics created us-
ing numerical ocean model forecast data and vertical error

TABLE 1. List of covariance dataset features.

Label Source Date range Depths Fidelity location

ISOP1 OBS ,1920–2008 OBS OBS (ISOP 1)
ISOP2 OBS ,1920–2019 OBS OBS (ISOP 2.1)
HYCOM-obs-obs HYCOM 1964–2008 OBS OBS (ISOP 1)
HYCOM-obs-full HYCOM 1964–2008 MODEL OBS (ISOP 1)
HYCOM-05deg HYCOM 1964–2016 MODEL 10% of 0.58 selection
HYCOM-last-decade HYCOM 2013–22 MODEL 20% of 0.58 selection

FIG. 8. The temperature vs salinity cross correlation for (a) ISOP1, (b) ISOP2, (c) HYCOM-obs-obs, and (d) HYCOM-
05deg at each 1/28 grid point for the Arctic Ocean and the subpolar seas for May. White areas have no cross correlation
computed due to lack of data.

H E L B ER E T A L . 533MAY 2026

Brought to you by FLORIDA STATE UNIVERSITY | Unauthenticated | Downloaded 05/01/26 03:43 PM UTC



covariances (see Table 1) for sea surface height (SSH) data
assimilation in a cycling system. To evaluate the quality of
synthetic profiles themselves, outside of the data assimilation
system, we use a method for creating synthetics to match ac-
tual observed in situ profiles. To do this, we create synthetic
profiles using inputs from MOODS observed in situ profiles
that are not included in creation of the covariances. The
MOODS profiles we use, for the years 2019, 2020, and 2021,
are independent from the data used to create the covariances.
The inputs for SST, MLD, and SSHA used to create the syn-
thetics come from the MOODS T and S profiles for each case

listed in Table 1. SST is taken from the shallowest T in the
profile, and the MLD and SSHA are computed from the ob-
served profile. All profiles selected for this purpose have both
T and S, have a value at least 12 m from the surface, and ex-
tend to at least 1000 m. Thus, for each observed profile, we
have a matching synthetic for each case. These synthetics
represent the best possible representation of the profiles that
the system can create, since the inputs come directly from the
profiles themselves. The annual-mean steric height (see the
appendix) comes from the Navy’s Generalized Digital Envi-
ronmental Model (GDEM), version 4 (GDEM4), ocean

TABLE 2. Synthetic vs MOODS validation cases including the source of steric height (STHT), monthly and annual average, and the
background vertical covariances.

Case name SST source STHT monthly STHT annual STHT SSHA Vertical covariance

T(obs)
1 h(clim) h(annual4) h̃ dh̃ B5 UCU

ISOP1 OBS SST ISOP1 data GDEM4 annual
STHT

OBS T/S
profile

h̃ 2 h(annual4) ISOP1 data

ISOP2 OBS SST ISOP2 data GDEM4 annual
STHT

OBS T/S
profile

h̃ 2 h(annual4) ISOP2 data

HYCOM-OBS-
OBS

OBS SST HYCOM-OBS-
OBS data

GDEM4 annual
STHT

OBS T/S
profile

h̃ 2 h(annual4) HYCOM-OBS-
OBS data

HYCOM-OBS-
FULL

OBS SST HYCOM-OBS-
FULL data

GDEM4 annual
STHT

OBS T/S
profile

h̃ 2 h(annual4) HYCOM-OBS-
FULL data

HYCOM 05deg OBS SST HYCOM
05deg data

GDEM4 annual
STHT

OBS T/S
profile

h̃ 2 h(annual4) HYCOM
05deg data

HYCOM 05deg
L-DEC

OBS SST HYCOM 05deg
last decade data

GDEM4 annual
STHT

OBS T/S
profile

h̃ 2 h(annual4) HYCOM 05deg
last decade data

FIG. 9. The synthetic-mean RMSE for s0 relative to the MOODS in situ profile observations, for years 2019, 2020, and 2021, in 18 lati-
tude and longitude bins. (a) The number of observations in each bin. The synthetic test cases are (b) ISOP1, (c) ISOP2, (d) HYCOM-
obs-obs, (e) HYCOM-obs-full, and (f) HYCOM-05deg, as listed in Table 2.
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climatology, (Carnes et al. 2010). The synthetic validation
cases are listed in Table 2.

The only difference between each of the test cases is the
vertical error covariance data used to make the synthetics and
the internal reference monthly steric height [STHT monthly;
h(clim)] as described above and in the appendix. Part of the cal-
culation of the monthly vertical error covariance is the monthly
mean and variance of the data used to create the correlations.
As explained in the appendix, there is also a term in Eq. (A17)
that involves the monthly mean steric height, h(clim), which is
computed from the same data used to make the covariances.
The annual-mean steric height, however, is computed from the
GDEM, version 4, ocean climatology of T and S. Thus, there is a
difference in the origin of the climatological mean versus the an-
nual-mean steric height for all cases except for the ISOP1 test case.
In the case of ISOP1, the annual andmonthly climatological-mean
steric height is computed from the same data. In all other cases,
these two quantities are slightly different. This difference is minor
since the monthly climatological-mean anomaly is separate from
the annual-mean anomaly. The system equates the consistent
anomalies, not the total steric height. The synthetic steric
height anomaly is equated with the satellite SSH anomaly. This
inconsistency is likely negligible because HYCOM is initialized
from the same GDEM version as is used for the mean steric
height. Though small, the difference between a HYCOMversus
in situ–derived steric height could give the HYCOM test cases
slightly larger errors.

To summarize the errors, we compute s0 (surface refer-
enced potential density) root-mean-square error (RMSE)

over depth for each profile, binned in 18 boxes northward of
408N (Fig. 9). The number of observations, for the years 2019,
2020, and 2021, in each box is shown in Fig. 9a. In the test
cases where the covariances are derived from in situ observa-
tions, ISOP1 and ISOP2 test cases (Figs. 9b,c), there are more
low RMSE values less than 0.1 kg m23(light blue boxes) in
the Gulf of Alaska and Bering Sea. This indicates ISOP1 and
ISOP2 have smaller RMSE values compared to the HYCOM
data cases, in these areas. The RMSE values are comparable
in the Atlantic Ocean, Irminger Basin, and the Greenland
Sea, in all test cases. Unfortunately, there are few indepen-
dent validation profiles in the Arctic Ocean and the Baffin
Bay. Thus, these two regions cannot be evaluated for veracity.

Looking at the synthetic profile bias (convention is syn-
thetic–observation) in s0 relative to the MOODS data in
Fig. 10, we see that the ISOP2 synthetics have a slightly larger
dense bias in the Gulf of Alaska, compared to the other test
cases, including the HYCOM model cases. In other areas,
ISOP2 is comparable to the other cases with a slightly smaller
dense bias in the Greenland Sea. The bias for the HYCOM-
05deg-lastdec appears to have the smallest overall bias, which
is consistent because the last decade of data is closer in time
to the validation dataset. Near the coast, in areas near a warm
current, such as the Gulf Stream and the Alaskan Current,
there tends to be a cold bias potentially due to anomalously
warm water during this time period.

To see the difference over depth, we plot the T and S
RMSE and bias error as a function of depth in Fig. 11. There
are nearly 35 000 profiles down to 1000 m, decreasing in

FIG. 10. The synthetic-mean BIAS for s0 relative to the MOODS in situ profile observations, for years 2019, 2020, and 2021, in 18
latitude and longitude bins. (a) The number of observations in each bin, which are identical to those in Fig. 9a. The synthetic test cases are
(b) ISOP1, (c) ISOP2, (d) HYCOM-obs-obs, (e) HYCOM-obs-full, and (f) HYCOM-05deg-lastdec, as listed in Table 2.
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number at deep levels. We find over the Arctic Ocean and
subarctic sea north of 608N that the ISOP2 synthetics have the
smallest T RMSE with ISOP1 being a close second. At deeper
levels (below roughly 1000 m), the GDEM climatology has
nearly the same T RMSE as the ISOP2 synthetics. The
HYCOM cases have larger T RMSE over most of the water
column. The HYCOM-obs-obs case has depth sampling like
the ISOP1 case and has the largest RMSE. Notice that the
GDEM case has a large negative T bias and T RMSE near
the surface, whereas all others have small T errors near the
surface. This is because the synthetics all have the profile SST
as an input value, thus giving zero error at the surface. The
GDEM case, however, does not have this advantage at the
surface. In general, all vertical error covariance cases provide
a viable database for creating synthetics.

SYNTHETIC VALIDATION IN REGIONS OF INTEREST

There are regions of interest evaluated in the companion
paper (Douglass et al. 2026, unpublished manuscript) that use

synthetics within the data assimilation system. Here, we eval-
uate synthetics relative to the MOODS data in three of those
regions, one in the Labrador Sea (Fig. 12), the Bering Sea,
and southwest (SW) of the Bering Sea (Figs. 13 and 14). We
first evaluate the synthetic test cases, listed in Table 2, rela-
tive to the MOODS data in the five analysis boxes shown in
Figs. 12d and 13d. In the Labrador Sea (Fig. 12), we find sur-
prisingly that the GDEM climatology has the smallest
RMSE and bias for depths 200 m and below; the green line in
Figs. 12a, 12c, 12e, and 12f is closer to zero below 200 m, com-
pared to the other lines in Fig. 12. The HYCOM-05deg case
has a largest T RMSE near 1000–1500 m. At all other depths,
the HYCOM-obs-obs case has the largest error. Even given
the limited depth sampling of the HYCOM-obs-obs case, the
RMSE and bias errors are still reasonable, compared to the
other cases (solid magenta lines in Fig. 12). For salinity, the in
situ cases ISOP1 and ISOP2 have a positive S bias for most of
the water column below 250 m, whereas the HYCOM cases
tend to have a negative S bias. For the case where the last

FIG. 11. The synthetic RMSE for (b) temperature and (c) salinity and bias for (d) temperature and (e) salinity vs depth relative to the
MOODS in situ observations, for years 2019, 2020, and 2021, for 3608 of longitude and northward of 608N. (a) The number of observations
vs depth, and the synthetic test cases are ISOP1, ISOP2, HYCOM-obs-obs, HYCOM-obs-full, and HYCOM-05deg, listed in the legend.
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decade of HYCOM data was used to create the vertical cova-
riances, there is a larger warm bias (Fig. 12e) and fresh bias
(Fig. 12f) in the Labrador Sea. In this region, the Labrador
Sea box, there are numerous in situ observations for validation
and to construct the vertical covariances; thus, the observation-
derived synthetics outperform the model base synthetics. For
the next two regions in the Bering Sea and just SW of the Be-
ring Sea, we find that the model-based synthetics are as skillful
as the observation-based cases.

In the Bering Sea, box 1 (Fig. 13), the synthetic errors are
nearly the same for all vertical error covariance test cases.
The largest differences occur in T RMSE above 250 m
where the HYCOM cases have larger T RMSE and bias
above 200 m, where the HYCOM case has a positive T bias
and the ISOP1 and ISOP2 cases have a negative T
bias (Fig. 13e). In the Bering Sea, there are far fewer obser-
vations for validation and constructing covariance; thus, the
model-based synthetics are comparable. HYCOM-05deg-
ldec, the case for the last decade of data, is comparable to

other HYCOM cases but has the largest salinity bias below
200 m.

SW of the Bering Sea, box 2 (Fig. 14), the synthetic errors
are even closer in value compared to box 1 for all vertical er-
ror covariance test cases. The largest outlier seems to be the
GDEM cases that have larger T RMSE above 200 m and the
GDEM T bias case for not having input SST near the surface.
Again, HYCOM-05deg-ldec, the case for the last decade of
data, is comparable to other HYCOM cases but has the larg-
est salinity bias below 200 m.

b. Synthetics in OSSE modeling system

The main goal of this research is to create accurate, data as-
similative ocean forecasts for the Arctic and subarctic seas,
northward of 408N. In a companion paper (Douglass et al.
2026, unpublished manuscript), an OSSE framework is uti-
lized for examining the performance of an observational data
assimilative ocean forecasting system. The OSSE experiments
were designed to test the data assimilative system relative to a

FIG. 12. The synthetic RMSE for (b) temperature and (c) salinity and bias for (e) temperature and (f) salinity vs depth relative to the
MOODS in situ observations, for years 2019, 2020, and 2021, for (d) the Labrador Sea (red box). (a) The number of observations vs depth,
and the synthetic test cases are ISOP1, ISOP2, HYCOM-obs-obs, HYCOM-obs-full, HYCOM-05deg, and HYCOM-05deg_ldec, listed in
the legend.
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simulated ocean called the nature run. In the OSSEs, the na-
ture run is a global ocean/sea ice model that uses the Parallel
Ocean Program, version 2 (POP2), model with the Los Alamos
Sea Ice Model, version 5 (CICEv5) (Hunke et al. 2015), coupled
together in the U.S. Department of Energy (DOE)’s Energy
Exascale Earth System Model “HiLAT” framework (E3SMv0-
HiLAT) (Hecht et al. 2019). The model’s horizontal grid is con-
figured to have nominal resolution close to 8 km at the equator
reducing to 2 km at the poles. The initial conditions for POP
were taken from the Navy’s 1/258Global Ocean Forecasting Sys-
tem, version 3.5 (GOFS3.5) (Metzger et al. 2020), system, and
the atmospheric forcing used is the Japanese 55-year Reanalysis-
driving ocean (JRA-55-do) (Tsujino et al. 2018). Further details
about the nature Run can be found in Fine et al. (2023).

Using the OSSE framework, experimental test cases using
HYCOM were created. This implementation of HYCOM was
also coupled with CICEv5. The OSSE member had a resolu-
tion of 1/128 at the equator and is roughly 4 km at the poles.
The region used here is known as the Arctic Cap, including

all latitudes north of 408N. Each OSSE was run for 1 year,
starting on 1 January 2017. The initial and boundary condi-
tions are from the Navy’s operational system for the ocean
state (Chassignet et al. 2009; Metzger et al. 2014), and the at-
mospheric forcing is from the Navy Global Environmental
Model (NAVGEM) (Hogan et al. 2014). The OSSE modeling
configuration is different from the nonassimilative simulations
used to create the vertical covariances (Chassignet et al. 2020).
This could introduce some bias errors into the synthetics from
drift of the free-running HYCOM simulation used to create
the vertical covariances.

HYCOM-BASED SYNTHETICS IN OSSE
MODELING SYSTEM

To evaluate the model-based synthetic performance within
a cycling data assimilation system, we performed two OSSEs us-
ing the framework described in the introduction of section 3b.
The first OSSE case (OSSE-ISOP1) uses ISOP1 synthetics and
represents the present operational capability as described in

FIG. 13. The synthetic RMSE for (b) temperature and (c) salinity and bias for (e) temperature and (f) salinity vs depth relative to the
MOODS in situ observations, for years 2019, 2020, and 2021, for (d) the Bering Sea in the box labeled “1.” (a) The number of observa-
tions vs depth, and the synthetic test cases are ISOP1, ISOP2, HYCOM-obs-obs, HYCOM-obs-full, HYCOM-05deg, and HYCOM-
05deg_ldec, listed in the legend.
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Douglass et al. (2026, unpublished manuscript). The second
OSSE case (OSSE-HYCOM-05deg) in this manuscript uses
the synthetics derived from HYCOM-05deg vertical error co-
variances (see Table 1). The data sampling selection includes
all available SSH data locations and does not exclude synthetic
profiles if the vertical ocean stratification is small, where the
difference in temperature between 1000 and the surface is less
than 38C (see Fig. 2). This new OSSE member was run for
1 year, starting on 1 January 2017, and the results included
here are for 1 day, 31 December of 2017.

To evaluate the performance of this OSSE experimental test
case, we evaluate it relative to the POP2 nature run in the three
boxes of interest used above, in the Labrador Sea, the Bering
Sea, and SW of the Bering Sea (Figs. 15–17). We compute the
spatial average over the box domains for the nature run, climatol-
ogy, and the OSSE-ISOP1 and OSSE-HYCOM-05deg experi-
ments. In OSSE-ISOP1, the profiles are close to GDEM and the
OSSE is not able to emulate the nature run since SSH data assim-
ilation of synthetics will bring the solution closer toward the

synthetic climatology, ISOP1 in this case. This is seen in all three
figures (Figs. 15–17), where the red lines and the black lines are
closer together, compared to the others. In the OSSE-HYCOM-
05deg case, the profiles are closer to the nature run (blue and
green lines tend to be closer together in Figs. 15–17) because the
synthetics represent the time evolution of the global nonassimila-
tive HYCOM model as it evolves away from the GDEM initial
conditions (Chassignet et al. 2020) as it is the case for the POP na-
ture run. In the Labrador Sea, OSSE-HYCOM-05deg is closer to
OSSE-ISOP1 and GDEM than to the nature run (Fig. 15). In
boxes 1 and 2 in and near the Bering Sea, OSSE-HYCOM-05deg
is closer to the nature run as both HYCOM and the nature run
are not able to represent the temperature inversion present in this
region (Figs. 16 and 17). In this case, the GDEM climatology is
far from the POP2 nature run SW of the Bering Sea.

c. Analysis of synthetic errors on T versus S diagrams

To evaluate the effectiveness of limiting the use of synthetics
at high latitude (northward of 508N) based on stratification

FIG. 14. The synthetic RMSE for (b) temperature and (c) salinity and bias for (e) temperature and (f) salinity vs depth relative to the
MOODS in situ observations, for years 2019, 2020, and 2021, (d) SW of the Bering Sea in the box labeled “2.” (a) The number of observa-
tions vs depth, and the synthetic test cases are ISOP1, ISOP2, HYCOM-obs-obs, HYCOM-obs-full, HYCOM-05deg, and HYCOM-
05deg-ldec, listed in the legend.
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(see the introduction and Fig. 2), we compute histograms,
weighted by density RMS error on T versus S diagrams. In
Fig. 18, there are three types of two-dimensional (2D) histo-
grams. The result provides an estimate of the rate of error in
each bin. Because the stratification test is computed from the
synthetics as the temperature difference between the surface
and 1000 m, we create bins that cover the difference in T and
S from the surface to 1000 m (see Fig. 18). The histogram in
Fig. 18a shows the number of profiles with the corresponding
T and S difference between 0- and 1000-m depth. Figure 18b
weights each one by the RMS error with depth of the profile
s0. In Figs. 18c–e, we have the ratio of panels a and b for the
ISOP1, ISOP2, and HYCOM last decade test cases.

We can see that there are areas where the difference in
temperature from the surface to 1000-m depth has relatively
good synthetics for low T stratification. The cutoff in the pre-
sent system is 38C. In this case, the region in these plots on

the y axis from238 to 38C would be eliminated (green lines in
Fig. 18c). Clearly, this threshold is too strict and often wrong,
as low T stratification is not a good indicator of synthetics
quality. Instead, salinity stratification may be a better indica-
tor, which we explore next.

Because the ocean at 1000 m is relatively unchanging com-
pared to the upper ocean, we can ignore the 1000-m synthetic
values for evaluating the veracity of the synthetics. If we con-
sider the two-dimensional histograms using just the surface
values with 50 evenly spaced bins of temperature from 21.88
to 20.08C and 50 evenly spaced bins of salinity from 30.25 to
35.9 psu, the result is in Fig. 19. Thus, the primary variable for
evaluating the skill of synthetics is the surface values, which
are controlled primarily by the input SST and climatological
S, since surface salinity is not an input. The synthetic values of
T and S at 1000 m do not change enough for them to be a ma-
jor factor. In Fig. 20, we show the same calculation in each of

FIG. 15. The spatial average, in the Labrador Sea in box (see Fig. 12d), vs depth of (a) temperature and (b) salinity
for OSSE member OSSE-HYCOM-05deg (green line) utilizing the HYCOM-05deg vertical error covariance and
OSSE-ISOP1 (red line) to create synthetics. The blue line is the Nature run and the black line is GDEM climatology.
The results here are for 1 day, 31 Dec 2017.
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the regions of interest for the Labrador (see Fig. 12) and Bering
(see Fig. 13) Seas. For the Bering Sea, there are not many pro-
files, but the synthetics have relatively good performance rela-
tive to other regions.

d. Determine T/S areas of synthetics quality

To determine when synthetics are skillful, the observation
error for the synthetics can be determined by only the surface
values of the synthetics. The rule seems to be dependent on
the region of the ocean. The T versus S areas where synthetics
are more skillful is different in the North Atlantic compared
to the North Pacific. In fact, it seems that the skill of the syn-
thetics depends mostly on salinity. If we simply select a salin-
ity value of 35 psu for the Atlantic Ocean and 32.4 psu for the
Pacific Ocean, we see that many of the synthetics are skillful
near these values (see Fig. 19). This is a curious finding given
the fact that surface salinity is not an input parameter for
making synthetics (see section 2 and the appendix). Future

systems should have the error level associated with the syn-
thetic be dependent on surface salinity.

Another potential criterion to determine synthetic error
levels is the deviation from the climatological T value at the
location of the synthetic. Since there is no input S for creating
synthetics, the surface S for the salinity is very close to the cli-
matological value. The T value, however, varies according to
the input SST values. Evaluating this relative to the climato-
logical value reveals an interesting relationship (Fig. 21). The
synthetics have a higher rate of error for input SST values
that are far from the climatological value. This suggests that
synthetics are more accurate when the SST is close to the cli-
matology value. Thus, the vertical covariances are most repre-
sentative of the observed ocean.

4. Conclusions

This paper describes research aimed at creating accurate,
data assimilative ocean forecasts for the Arctic and subarctic

FIG. 16. The spatial average, in the Bering Sea in box 1 (see Fig. 13d), vs depth of (a) temperature and (b) salinity
for OSSE member OSSE-HYCOM-05deg (green line) utilizing the HYCOM-05deg vertical error covariance and
OSSE-ISOP1 (red line) to create synthetics. The blue line is the nature run, and the black line is climatology.
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seas.We focus on the usage of SSHAdata in the creation of syn-
thetic ocean profiles. Synthetic profiles represent the subsurface
ocean structure associated with the observed SSHA, SST, and
input MLD. These profiles are then assimilated into the ocean
model. Historically, the use of synthetics has been restricted at
high latitude due to degraded accuracy. To address this issue,
the present analysis utilizes model data as a substitute for in
situ–observed profiles in creating vertical error covariances of
temperature and salinity for making synthetics. The present
analysis explores the effectiveness of this approach and suggests
an improved synthetic error estimation.

Using the model data, we focus on six different versions of
the covariances, two that come from in situ observations and
four derived from HYCOM ocean model simulations. The ad-
vantage of using model data is the uniform coverage of the
global ocean in space and time, including at high latitude
where in situ observations are sparse. The results of this anal-
ysis suggest that model data are a suitable replacement for

where and when in situ observations are not present. All cases
present a viable option for application in an operational ocean
data assimilation system. In general, the observation-based
vertical covariances result in synthetics with smaller RMSE
and bias, except near the surface, compared to the model-
based covariances. In regions of the ocean where there are
few in situ observations, such as the Bering Sea, the model-
based covariances had similar RMSE and bias, when creating
synthetics, compared to the observation-based covariances.
For the case where the last decade of HYCOM data was used
to create the vertical covariances, the overall result was to re-
duce the bias error. Looking in the small subregions, however,
there is a larger warm bias and fresh bias in the Labrador Sea
and in the Bering Sea, and the last decade of data increased
the salinity bias below 750 m.

As described in section 2c, the model-derived covariance
test cases have a slight disadvantage compared to the in situ–
derived covariance cases. The disadvantage is due to the

FIG. 17. The spatial average, SW of the Bering Sea in box 2 (see Fig. 14d), vs depth of (a) temperature and (b) salin-
ity for OSSE member OSSE-HYCOM-05deg (green line) utilizing the HYCOM-05deg vertical error covariance and
OSSE-ISOP1 (red line) to create synthetics. The blue line is the nature run, and the black line is climatology.
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derivation of the climatological-mean steric height values.
In the in situ observation test case, ISOP1, the in situ–
derived monthly climatological- and annual-mean steric
height data are identical to those used to derived vertical er-
ror covariances. In all other cases, the same in situ–derived
annual-mean steric height data are used. The monthly
climatological-mean steric height data, however, come from
the model data itself. This inconsistency is minor since the
monthly climatological-mean anomaly is separate from the

annual-mean anomaly. The system equates the anomalies,
not the total steric height. In addition, the HYCOM model
itself is initialized from the same data as that for the annual-
mean steric height.

A motivating factor for using model data as a source of
ocean covariances is the time and space sampling, which is su-
perior to that of available in situ observations. Because of
the limited observations, particularly at high latitude, present
Navy ocean data assimilation systems restrict the use of syn-
thetic profiles at high latitudes (Douglass et al. 2026, unpub-
lished manuscript). A goal of this research is to extend
synthetic usage to higher latitude using model-derived vertical
error covariances. The present analysis shows that model-
derived synthetics perform accurately in the Bering and Lab-
rador Seas. In the central Arctic, however, there is a negative
cross correlation between T and S in the ISOP2 dataset,
whereas the HYCOM-obs-obs and the HYCOM_05deg cases
have a positive cross correlation. Since HYCOM has opposite
correlations, the solution may not work correctly in the cen-
tral Arctic. For the evaluation relative to independent obser-
vations, there were no independent data (after the period for
creating covariances) that satisfied the criteria requiring data
to extend down to 1000 m in the central Arctic Ocean, and
thus, we were unable to evaluate the system there. In addi-
tion, Baffin Bay is another region where the HYCOM data
have an opposite T/S cross correlation to that of the ISOP1
dataset.

Since the inputs for making synthetics include SST, SSH
and MLD, salinity is only controlled by the error covariances
and not through inputs. For this reason, the salinity errors
were relatively equal among the test cases. In the Labrador

FIG. 18. Histograms of the (a) number of profiles, (b) number of profiles weighted by the density RMSE over depth of the synthetics,
and the ratio of (a) and (b) for the (c) ISOP1, (d) ISOP2, and (e) HYCOM last decade test cases. Panels represent the rate of error for
the synthetics compared to in situ observations northward of 508N. The histogram is sorted in bins of the difference from the surface to
1000 m for T and S. For T, there are 50 evenly spaced bins from258 to 158C, and for S, there are 50 evenly spaced bins from25 to 1.1 psu.
The solid contour lines are surface reference potential density su, and the dashed contour lines are potential spiciness referenced to the sur-
face (McDougall and Krzysik 2015).

FIG. 19. Histograms of the ratio of the number of profiles to the
number of profiles weighted by the density RMSE over the depth
of the synthetics for the ISOP1 test case. The bins are sorted by the
surface T and S values of the synthetic profiles with 50 evenly
spaced bins of temperature ranging from 21.88 to 20.08C and
50 evenly spaced bins of salinity ranging from 30.25 to 35.9 psu.
The contour lines are as in Fig. 18. The straight vertical black lines
are at 32.4 and 35.0 psu.
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Sea, the salinity bias is opposite for the in situ–derived versus
the HYCOM-model-derived test cases.

In corroboration with the findings in the companion paper
(Douglass et al. 2026, unpublished manuscript), the accuracy
of the climatological-mean structure used in the construction of
the synthetics is crucial to the results, as shown in the OSSE ex-
periment. Thus, inaccurate climatological-mean state in the syn-
thetic database will inject those inaccuracies in the model
prediction.

We find that the accuracy of the synthetics is strongly
related to the surface salinity of the synthetics, particularly
when the ocean deviates from climatology. Since there is no
salinity input for creating synthetics, the surface salinity of the
synthetics is nearly identical to climatology. Thus, maps of
good synthetics skill can be determined from maps of clima-
tology surface salinity. This finding suggests that observations
of salinity, if incorporated into the system, could substantially
improve the accuracy of synthetics.

For future applications, the model-derived solution could
be used everywhere except potentially the central Arctic and
Baffin Bay. Due to few available in situ observations for vali-
dation, however, we are unable to validate the system in those

locations. This method would be particularly useful in regions
with few data such as the central Arctic Ocean, Sea of Okhotsk,
or Baffin Bay, provided the model solution is correct. The bias
reduction found for the case HYCOM-last-decade suggests that
creating a new climatology from more recent data would im-
prove the quality of the synthetics. Improving the annual mean
by removing the mesoscale variability in the analysis process
(Wijffels et al. 2024) would likely help the RMSE for the
synthetics.
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APPENDIX

The 1D Synthetic Model Formulation

The system for constructing synthetic profiles from surface
observations of sea surface temperature, T̃1, and height
anomaly, dh̃, has a dynamic layer constrained by empirically
derived vertical covariances (Helber et al. 2013). The cost
function, to create one synthetic profile at a location, is
given by

FIG. 20. Histograms of the ratio of the number of profiles to the number of profiles weighted by the density RMSE over the depth of
the synthetics for the ISOP1 test case. The bins are as in Fig. 19. (a) The Labrador Sea box, (b) the Bering Sea box 1, and (c) the SW of
Bering Sea box 2. The contour lines are as in Fig. 18.

FIG. 21. Histograms of the rate of error computed as ratio of the
number of profiles to the number of profiles weighted by the den-
sity RMSE over the depth of the synthetics for the ISOP1 test case.
The histogram is sorted in bins of the difference of the synthetic
from GDEM climatology. For T, there are 50 evenly spaced bins
ranging from 08 to 58C, and for S, there are 50 evenly spaced bins
ranging from 0 to 0.014 psu. The contour lines are as in Fig. 18.
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J 5 [dx(clim)]TB21[dx(clim)] 1 [dd(clim)]T[B(d)]21[dd(clim)]
1 [dx(eof)]TV21[dx(eof)] 1 [dd(eof)]T[V(d)]21[dd(eof)]

1 [dT̃ (obs)
1 ][R(SST)]21[dT̃ (obs)

1 ] 1 [Ldx(clim) 2 dh̃
(clim)]

3 (R(SSHA))21[Ldx(clim) 2 dh̃
(clim)]: (A1)

The first term involves the anomaly of the synthetic solution
from the climatological profile, for the month, at the profile’s
location given by

dx(clim) 5 x 2 x(clim), (A2)

where

x 5 Tkmld
Tkmld11 · · · Tnz Skmld

Skmld11 · · · Snz
[ ]

,

(A3)

and T and S are the synthetic temperatures and salinity, respec-
tively, at depths kmld, kmld 1 1, and kmld 1 2, etc., down to the
last depth grid nz, where kmld is the index of the analysis grid be-
low the input mixed layer depth (MLD). Now, x(clim) has the
same form but with climatological values:

x(clim) 5 T(clim)
kmld

T(clim)
kmld11 · · · T(clim)

nz S(clim)
kmld

[

S(clim)
kmld11 · · ·S(clim)

nz ]: (A4)

The second term involves the anomaly of the synthetic solu-
tion vertical gradient from the climatological profile vertical
gradient, for the month, at the profile’s location given by

dd(clim) 5 d 2 d(clim), (A5)

where the gradients are computed as the difference between
two depth levels:

d 5
DTkmld

DTkmld11 · · · DTnz21 · · ·
DSkmld

DSkmld11 · · · DSnz21

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦, (A6)

where DTk 5 Tk11 2 Tk and DSk 5 Sk11 2 Sk. The terms in-
cluding d(clim) have the same form but with climatological values:

d(clim) 5
[DT(clim)

kmld
DT(clim)

kmld11 · · · DT(clim)
nz21 · · ·

DS(clim)
1kmld

DS(clim)
kmld11 · · · DS(clim)

nz21 ]
, (A7)

where DT(clim)
k 5 T(clim)

k11 2 T(clim)
k and DS(clim)

k 5 S(clim)
k11 2 S(clim)

k .
The background vertical error covariance, for this location and
month, is

B 5 UCU, (A8)

where the climatological standard deviation is U and climato-
logically derived correlation is C. We compute the analogous
background error covariance for the vertical gradient of the
synthetic values given by

B(d) 5 U(d)C(d)U(d), (A9)

where the climatological standard deviation is U(d) and clima-
tologically derived correlation is C(d), computed from vertical
gradients in T and S as in Eq. (A7). The Navy’s Master
Oceanographic Observation Dataset (MOODS) (Bauer 1985;
Teague et al. 1987) is the in situ profile database used to cre-
ate B and B(d). We separate the correlations into four compo-
nents such that

C 5
C(T2T) C(T2S)

C(T2S) C(S2S)

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ andC(d) 5

C(d)(T2T) C(d)(T2S)

C(d)(S2T) C(d)(S2S)

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦,

(A10)

where C(T2T), C(S2S), C(d)(T2T), and C(d)(S2S) are the auto-
correlations for T and S and C(T2S), C(S2T), C(d)(T2S), and
C(d)(S2T) are the cross correlations for T and S and the trans-
poses for each. Figure 3 shows the vertical correlation C, and
Fig. A1 shows the vertical gradient correlations C(d). The data
in Figs. 3 and A1 are valid at a location in the Lofoten Basin
within the Norwegian Sea.

The terms on the second line of Eq. (A1) constrain the
synthetic profile to the reduced EOF mode representation
of the climatological vertical profile. Those terms are nor-
malized by the climatological variances by V and V(d). For
computational efficiency and to reduce data storage, the full
correlations, C, for the global ocean at 1/28 resolution rep-
resented by a six-mode Jordan decomposition are given by
(e.g., Strang 2006)

B 5 UCLCTU, (A11)

where L is a diagonal matrix with elements, li, equal to the
singular values of C. The columns of the orthogonal matrix,
C, are the combined T and S eigenvectors, gi, of C. From the
EOF decomposition, we construct amplitudes given by

a 5 CTU21[x 2 x(clim)], (A12)

and for the vertical gradient,

a(d) 5 C(d)TU(d)21[d 2 d(clim)]: (A13)

Using six modes of eigenvectors and eigenvalues, the first
term on the second line of Eq. (A1) has

dx(eof) 5 UC(6)a(6): (A14)

Similarly, for the vertical gradient constraint, we have

dd(eof) 5 U(d)C(d:6)a(d:6): (A15)

The first term on the third line of Eq. (A1) is the SST term,
which has

dT̃1
(obs) 5 T̃1 2 T̃

(SST)
, (A16)

where T1 is the first-level synthetic temperature in Eq. (A1)

and T̃
(SST)

is the input observed sea surface temperature
(SST) value. The R(SST) in Eq. (A1) is the error estimate for SST,
which include representation errors, not just instrument error.
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From Eq. (A3), we see that the solution is solved from
the depth level just below the MLD. Thus, there is a proce-
dure for translating the SST in Eq. (A16), down to the
depth level kmld (Helber et al. 2013). The last term in
Eq. (A1) is the constraint of the synthetic profiles to the
observed sea surface height anomaly dh̃. This input value
differs from the variable in Eq. (A1), dh̃

(clim)
, such that

dh̃
(clim)

5 dh̃ 1 h(annual) 2 h(clim), (A17)

where h(annual) is the steric height referenced to 1000 m, as
computed from historical in situ profile observations. The last
variable, h(clim), is the climatological monthly steric height ref-
erenced to 1000 m, as computed from historical in situ profile

observations. Thus, dh̃
(clim)

is the deviation of the observed

FIG. A1. The vertical gradient [see Eq. (A6)] correlations for DT and DS at 708N, 38E. The autocorrelations for DT
and DS are along the diagonal in (b) and (c). The off-diagonal correlations for DS with DT and DT with DS are in
(a) and (d). Since the correlations go from 0 to 1000 m, the ? and ? axes cover the same depths. The block structure in-
dicates there are 47 depth levels in the upper 1000 m, where the block indicates depth bins that get larger with depth.
The vertical gradient correlation C components (a) C(d)(T2S), (b) C(d)(S2S), (c) C(d)(T2T), and (d) C(d)(S2T) for the lo-
cation 708N, 08 in the high North Atlantic.

FIG. A2. The vertical gradient standard deviation profile for T and S for June at 708N, 38E, corresponding with the
correlations shown in Fig. A1.
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sea surface height from the climatological steric height. Because
the input observed sea surface height anomaly operationally will
come from satellite altimetry observations, this anomaly is rela-
tive to a long-term altimetry mean. Thus, our approach assumes
that the actual full sea surface height is approximately

h̃ ffi dh̃ 1 h(annual): (A18)

The notation, Ldx(clim), in the last term of Eq. (A1) repre-
sents an application of the linearized operator L, which com-
putes the anomaly of the synthetic steric height referenced
to 1000 m relative to climatology for the month. Thus,
Ldx(clim) 2 dh̃

(clim)
is the difference of the synthetic minus the

observed anomaly from climatology. The cost function form
of this term [last term in Eq. (1)] includes R(SSHA), which is
the estimated error variance for dh̃.

Note, the solution obtained by minimizing the cost func-
tion [Eq. (A1)] are synthetic values of T and S that repre-
sent an estimate for the time and location of the observed
surface values. Thus, the steric height of the resulting syn-
thetic will match dh̃ 1 h(annual) from Eq. (A17) most closely.
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