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Great efforts have been made in climate modeling in the
past decades. While a coupled model can simulate the
interaction of the atmosphere, ocean, ice, and land and
assess the fundamental feature of climate evolution, modeling
on weather phenomena has been progressively advanced.
The model resolution is higher and higher and the model
physics are more and more accurate. Now, seamless weatherclimate models are emerging. One expects more extensive
applications of weather-climate models in environment monitoring and forecasting. Assessing instantaneous variability
and providing accurate initial conditions for model forecasts
require scientifically incorporating instrumental data into
numerical model systems. This process is data assimilation.
Data assimilation uses model dynamics and physics to
extract observational information from measured data which
are usually scattered in time and space. The modern data
assimilation pursues balanced and coherent state analysis and
estimation and has grown as an important branch field in
earth sciences. Not only does a good data assimilation product provide initial conditions for weather-climate predictions,
but it serves also as a basis for one to further understand
the mechanisms of weather-climate development, through
reconstructing the continuous time series of weather and
climate variables with three-dimensional structures. Furthermore, derived from information estimation theory, data
assimilation develops out an important topic—how to use
observational information to optimize model parameters,
called “parameter estimation.” Parameter estimation helps
modelers more accurately understand the sensitivity of model
parameters and more objectively determine the values of
parameters. We can predict that data assimilation will become
a more important field in the near future due to the

demanding of the society on the high quality of environment
monitoring and forecasting.
In this special issue, we collect 13 papers that cover
observing system assessment and impact (3), weather-climate
analysis and prediction (5), analysis and model mechanism
studies (2), recent advances in data assimilation methods
(1), and parameter estimation (1), as well as ocean safety
study (1). This collection includes most of the major topics
in modern data assimilation. We expect that, through this
special issue, more scientists recognize the importance of data
assimilation in weather-climate modeling and predictions.
While a high quality weather-climate forecast makes more
societal significance, as the return, it helps advance the earth
science.
Observing system assessment and impact is an important
branch field in data assimilation. In the paper “Impact of
Argo Observation on the Regional Ocean Reanalysis of
China Coastal Waters and Adjacent Seas: A Twin-Experiment
Study,” the authors design a twin experiment to study the
Argo impact on regional ocean reanalysis, providing an
insight on importance of Argo for coastal areas. Nowadays,
satellite observations play more and more important roles
in numerical weather prediction. Assessing data quality is
crucial for the best use of them. The paper “An Assessment
of Data from the Advanced Technology Microwave Sounder
at the Met Office” addresses this concern for ATMS data
by comparing their departure from UK Met Office forecasts
to AMSU and MHS satellite. It provides a complimentary
validation of the data quality to the assessment at ECMWF
for improving prediction of severe weather events. Tropospheric Airborne Meteorological Data Reporting (TAMDAR) has been providing a continuous operational stream
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of real-time observations for regional weather forecasts. In
the paper “Using Adjoint-Based Forecast Sensitivity Method
to Evaluate TAMDAR Data Impacts on Regional Forecasts,”
an adjoint-based Forecast Sensitivity to Observation (FSO)
method is used to evaluate the impact of TAMDAR observations on regional 24-hour forecast error reduction over
the Continental United States domain. Compared to the
traditional observation-denial method, often referred to as
Observation System Experiments (OSEs), the FSO method
is advantageous due to its efficiency on the impact estimation
for a complete set of observations, or any subset of observations grouped by type of observing system, observed variable,
geographic region, vertical level, or other categories.
An important issue in data assimilation is how to deal
with the multiscale nature of ocean and atmospheric dynamics. In the paper “Diffusion Filters for Variational Data Assimilation of Sea Surface Temperature in an Intermediate Climate
Model,” a gradient diffusion filter technique is introduced to
reconstruct the multiscale variability of a scalar field from a
nonuniform observation network. The approach successfully
recovers large scale patterns over the entire domain and
accurately reconstructs small scale features over densely
observed regions. This methodology has been successfully
tested with a simplified coupled general circulation model
producing a positive impact upon the representation of the
oceanic and atmospheric flow.
Reanalysis data sets of the ocean and the atmosphere are
extremely valuable tools for the study of physical processes
and the variability of the system at different spatial and time
scales. In the paper entitled “Low-Frequency Variability of
the Yellow Sea Cold Water Mass Identified from the China
Coastal Waters and Adjacent Seas Reanalysis,” the interannual and decadal variability of the yellow sea temperature
is analyzed and related to the known coupled variability
modes (i.e., Artic Oscillation, El Niño/Southern Oscillation,
and Pacific Decadal Oscillation) in order to advance in the
understanding of the physical processes that drive the climatology of the Yellow Sea. The paper “Statistical Prediction
of the South China Sea Surface Height Anomaly” combines
an ocean data assimilation product and statistics to explore
the forecast of South China Sea surface height, providing
a method for local ocean variable forecast. The papers
“Research on Cold Core Eddy Change and Phytoplankton
Bloom Induced by Typhoons: Case Studies in the South
China Sea” and “Upper Ocean Thermal Responses to Sea
Spray Mediated Turbulent Fluxes during Typhoon Passage”
investigate the influences of tropical cyclones on eddyassociated phytoplankton bloom and sea spray associated
turbulent fluxes, providing us a new view angle to understand
the impact of typhoon on local ocean states. One societal
impact of severe weather is heavy precipitation causing flooding. The paper “Prediction of Moderate and Heavy Rainfall
in New Zealand Using Data Assimilation and Ensemble”
investigates the moderate and heavy rainfall events in New
Zealand. The authors’ experience with these severe weather
events in New Zealand could help us better predict heavy
rainfall events at complex terrain with observations and by
more sophisticated ensemble methods.
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The impact of parameter uncertainties on the results of
data assimilation can be studied using sensitivity analysis. In
the paper “Some Aspects of Sensitivity Analysis in Variational
Data Assimilation for Coupled Dynamical Systems,” a sensitivity analysis method, based on the theory of shadowing
pseudoorbits in dynamical systems, is applied under the
framework of four-dimensional variational data assimilation
(4D-Var) to a low-order coupled nonlinear dynamical system
composed of fast and slow versions of the Lorenz model.
Results demonstrated that this proposed sensitivity analysis
method is more efficient compared with the conventional
method. The paper “A Study of Coupling Parameter Estimation Implemented by 4D-Var and EnKF with a Simple
Coupled System” investigates the difference performance of
4D-Var and EnKF parameter estimation using cross-media
observations in coupled systems. Although the study was
carried out within a simple coupled system, it provides
guidance for coupling parameter estimation.
The paper “Initialized Decadal Predictions by LASG/IAP
Climate System Model FGOALS-s2: Evaluations of Strengths
and Weaknesses” provides a thorough statistical evaluation
of a decadal prediction system, which is meaningful for us
to understand some aspects of decadal prediction significances. In addition, in the paper “An Evaluation Method
of Underwater Ocean Environment Safety Situation Based
on D-S Evidence Theory,” authors present an evaluation
method for underwater environment safety situation based
on the Dempster-Shafer evidence theory. In terms of ocean
engineering, this study provides a new view angle for
oceanographer to understand the ocean safety.
Shaoqing Zhang
Guijun Han
Yuanfu Xie
Juan Jose Ruiz
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Decadal prediction experiments are conducted by using the coupled global climate model FGOALS-s2, following the CMIP 5
protocol. The paper documents the initialization procedures for the decadal prediction experiments and summarizes the predictive
skills of the experiments, which are assessed through indicators adopted by the IPCC AR5. The observational anomalies of surface
and subsurface ocean temperature and salinity are assimilated through a modified incremental analysis update (IAU) scheme. Three
sets of 10-year-long hindcast and forecast runs were started every five years in the period of 1960–2005, with the initial conditions
taken from the assimilation runs. The decadal prediction experiment by FGOALS-s2 shows significant high predictive skills in the
Indian Ocean, tropical western Pacific, and Atlantic, similar to the results of the CMIP5 multimodel ensemble. The predictive skills
in the Indian Ocean and tropical western Pacific are primarily attributed to the model response to the external radiative forcing
associated with the change of atmospheric compositions. In contrast, the high skills in the Atlantic are attributed, at least partly, to
the improvements in the prediction of the Atlantic multidecadal variability coming from the initialization.

1. Instruction
In recent years, near-term climate predictions for the next
10–30 years is increasingly concerned by the community
of climate modeling and policy makers for its potential
values in dealing with the economic and social problems
associated with the climate change (e.g., [1]). The pioneering
decadal prediction studies based on climate models were
published during 2007–2009 (e.g., [2–5]). Then extensive
cooperative researches involving decadal predictions, the
ENSEMBLES projects [6], and a coordinated decadal prediction experiment under the framework of the CMIP5 [7, 8]
were launched successively. Sixteen modeling centers had
submitted their decadal prediction experiment results to the
CMIP5, which were used in the fifth assessment report of the
Intergovernmental Panel on Climate Change (IPCC AR5 [9]).
As noted in Meehl et al. [7], decadal prediction is a combination of an initial value problem and a forced boundary
condition problem, because decadal prediction encompasses

the climate system changes due to internally generated variability as well as externally forced variability. The externally
forced variability is driven by external forcing factors, such as
changes of atmospheric compositions associated with human
activity or volcanic eruption, solar variations, and others,
which can be considered as specified external forcing in
climate models, as done by historical simulations or RCP
projections [8].
Predictive skills of internal variability coming from initializations are primary added value of the decadal prediction
experiments relative to the historical simulations and RCP
projections. As an initial condition problem, the prediction
of internal variability depends on the accurate estimation
of initial climate states, which is also the most challenging
problem of the decadal prediction. Different institutions have
their own distinctive initialization schemes, which are simply
introduced in Kirtman et al. [9] and Meehl et al. [1].
For the CMIP5, model initializations performed by most
institutions just assimilated oceanic surface and subsurface
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temperature and salinity. However, there were also some
explorations that involve observational atmosphere and
sea ice data in the assimilation processes (Table 11.1 in
Kirtman et al. [9]).
In terms of the approaches of dealing with the model drift
in the forecast, the initialization schemes can be classified into
two types, full-field initialization and anomaly initialization
[10]. For the full-field initialization, though model biases are
largely removed during initialization, the model drifts back
towards its preferred state inevitably during hindcast/forecast
due to inherent model biases. Therefore, forecast results
must be corrected through posterior bias adjustments [10–
14]. In the anomaly initialization, the model is constrained
by observational anomalies plus model mean state [15].
Therefore, the model is not far away from its preferred state
after the initialization and thus minimizes the drift during
hindcast/forecast. But, so far, it is not clear which approach
is better for the decadal prediction [10]. In the CMIP5, about
2/3 models use the full-field initialization, while the other 1/3
use the anomaly initialization [9].
The motivation of this study is to systematically assess
the predictive skills of the decadal predictions experiments
by using a coupled global climate model, FGOALS-s2, which
has been submitted to the CMIP5. To make horizontal
comparisons with other models’ results, we use the indicators
proposed by Doblas-Reyes et al. [16] to measure the prediction quality, which have been adopted as key indicators by the
IPCC AR5 [9].
The rest of the paper is organized as follows. The model
FGOALS-s2, experiment designs, observation data, and analysis methods are introduced in Section 2. The skills of the
decadal prediction experiments are assessed in Section 3.
Finally, Section 4 summarizes the major content.

2. Model, Experiment Design, Observational
Data, and Analysis Method
2.1. Model. FGOALS-s2 is a coupled global climate model
developed in the State Key Laboratory of Numerical Modeling for Atmospheric Sciences and Geophysical Fluid Dynamics (LASG) at the Institute of Atmospheric Physics (IAP),
Chinese Academy of Sciences (hereafter LASG/IAP/CAS).
It has four components, atmosphere, land, ocean, and sea
ice, which are coupled together by a coupler developed in
the National Center for Atmospheric Research (NCAR) [17].
The atmospheric component is Spectral Atmosphere Model
in IAP LASG version 2 (SAMIL2) [18], with the horizontal
resolution of about 2.81∘ (longitude) × 1.66∘ (latitude) and 26
levels in the vertical direction. The ocean component is LASG
IAP Climate System Ocean Model version 2 (LICOM2), with
a horizontal resolution of about 1∘ × 1∘ in extratropical zone
and 0.5∘ × 0.5∘ in tropics and 30 levels in the vertical direction
[19, 20]. The land and ice components are Community Land
Model version 3 (CLM3) [21] and Community Sea Ice Model
version 5 (CSIM5) [17], respectively. Detailed description of
the FGOALS-s2 and its general performances can be found
in Bao et al. [18].
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2.2. Experiment Designs
2.2.1. Decadal Prediction Experiments. The decadal prediction experiments include the following two steps.
(a) Initialization. The model was initialized through assimilating observational oceanic temperature and salinity over
upper 1000 m for the period of 1955–2005 (hereafter ASSIM
run). The observational oceanic data was derived from
EN3 v2a, which is gridded objective analysis data, with
horizontal resolution of 1∘ × 1∘ and 42 levels in the vertical
direction [22]. Only the anomalies relative to the climatology
during 1961–1990 were assimilated (anomaly initialization
approach noted in the introduction). The assimilation was
confined in the zone of 70∘ S–70∘ N, with 60–70∘ N and 60–
70∘ S being set as transitional zone.
The observational information was introduced into the
model integration through a method similar to an incremental analysis update (IAU) method. The IAU technology
was designed for data assimilation system for meteorology
[23] and then applied to the ocean assimilation [24] and
coupled model initialization [25]. Its major advantage over
the nudging approach is that it can keep analysis increment
constant in model’s prognostic equations and thus effectively
suppress short-wave noises in the assimilation processes [23].
Because the ocean objective analysis data, EN3 v2a, is
monthly mean data, the analysis interval in the assimilation
processes was specified as one month (𝜏 = 1 mon). In
one assimilation cycle from 𝑡 to 𝑡 + 𝜏, the model was
integrated freely firstly, which produced the first guess for the
assimilation. The analysis increments (Δ𝑋 ) were calculated
as

,
Δ𝑋 = 𝑋𝐹 − 𝑋𝑂

(1)


in which 𝑋𝐹 and 𝑋𝑂
represent monthly mean anomalous
ocean states (temperature and salinity) derived from the free
integration and the observation. Then the model was restated
from 𝑡 again and integrated to 𝑡 + 𝜏, with analysis increments
being introduced through the following way:

1
𝐷𝑋
= MTs + Δ𝑋 .
𝐷𝑡
𝜏

(2)

The left-hand-side term is the time tendency term. The
first term in the right hand side represents the forcing and
dissipation terms calculated by the model. The last term is
the correction term, which keeps constant in the integration
interval. The modified IAU scheme has been used in the
decadal prediction experiments by using FGOALS-gl [26].
(b) Hindcast/Forecast. The 10-year-long hindcasts/forecasts
were started every five years over the period of 1960–2005.
Initial conditions were obtained from the ASSIM runs. In
the hindcast and forecast stages (before and after 2005), the
model was driven by the time-varying radiative forcing consistent with the historical and representative concentration
pathways 4.5 (RCP4.5) simulations, respectively. The second
step was conducted in strict accordance with the standard
experiment design of the CMIP5 [8].
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To estimate the uncertainties of the prediction, we performed 3-member ASSIM runs with different initial conditions, which further offered initial conditions for three sets of
hindcasts/forecasts runs.
2.2.2. Historical and RCP4.5 Simulations. For the historical
simulation, the FGOALS-s2 was integrated from 1850 to
2005 under the various historical forcing agents, including
the concentrations of greenhouse gases and sulfate aerosols,
solar cycle variations, and major volcanic eruptions [27].
After 2005, the model was driven by projected radiative
forcing under the RCP4.5 scenario, which is referred to as the
RCP4.5 simulation. The historical and RCP4.5 simulations
are repeated three times with different initial conditions,
following the recommendation of the CMIP5 [8].

(RMSSS), which generally follow Doblas-Reyes et al. [16]. The
RMSSS is defined as
RMSSS = 1 −

RMSE (hindcast)
,
RMSE (climatology)

(4)

in which RMSE (climatology) represents no skill baseline.
The climatology is equivalent to the persistent zero anomalies.
Thus high positive values of RMSSS represent high skills,
while negative values represent no skills. The statistical
significance of the correlation is tested by one-sided Student’s
𝑡-test. The significance of the ratio in RMSE between the INIT
and NoINIT predictions is tested by a two-sided 𝐹 test. The
significance of the RMSSS is assessed by using a one-sided 𝐹
test.

2.3. Observational Data. The following two datasets are used
as observational references to assess the predictive skills of the
decadal prediction experiments: (1) HadCRUT3 combined
global land and ocean gridded (5∘ × 5∘ ) surface temperature
datasets for the period of 1850 to present [28] and (2)
Global Precipitation Climatology Centre monthly precipitation dataset (2.5∘ × 2.5∘ ) from 1901 to present (GPCC), which
is gridded from global station data [29].

3. Results

2.4. Analysis Method. As noted in Section 2.2, the approach
of anomaly initialization was used in the study, which can
inhibit model drift during hindcast/forecast effectively [10].
Thus bias correction was not conducted as done for full-field
initializations [10]. However, to prevent negative effects of
any possible slight model drifts during hindcast/forecast to
the predictive skill evaluations, we calculated anomalies as
follows [16]:

3.1. Spatial Distributions of Predictive Skills. Figure 1 shows
the global distributions of the RMSSS to quantify the skills
of the ensemble mean of the INIT runs in predicting nearsurface air temperature. For the prediction averaged over
hindcast years 2–5, the forecast system has positive skills over
much of the Atlantic and Indian Ocean and some areas in
the Eurasia continent at 15% level of significance, while the
system shows the low skills over the most of the Pacific,
expect for the tropical western Pacific. These regions with
significant high skills are generally consistent with the CMIP5
multimodel ensemble (MME) mean (Figure 11.4a in Kirtman
et al. [9]). The major disadvantage of the FGOALS-s2 relative
to the MME mean is that the former skills in the midlatitude
North Atlantic are lower than the latter.
Many previous studies have noted that the Indian Ocean
and western Pacific are primarily dominated by warming
trend associated with anthropogenic forcing, which can be
reasonably reproduced by historical simulations [30, 31]. To
estimate the added skills coming from the initialization, the
ratios of the RMSEs between the ensemble mean of the INIT
runs and that of the NoINIT runs are calculated. It is clear that
the RMSE of the INIT is less than that of the NoINIT over the
majority of the globe. However, it is only over some areas of
the Atlantic and Indian Ocean that the skill improvements
pass 15% significance level.
For the prediction averaged over the hindcast years 6–
9, the spatial distribution of the RMSSS generally resembles
that for the hindcast years 2–5. Obvious increase of the INIT
skills relative to the NoINIT is just seen over the midlatitude
North Atlantic and southern Indian Ocean. The ratio of
the RMSEs is also less than 1 over majority of the globe.
However, there is nearly no area passing the significance test.
The results indicate that the prediction information due to

𝑌𝑗𝑡 = 𝑌𝑗𝑡 −

𝑁
1
⋅ ( ∑ 𝑌𝑘𝑡 ) ,
𝑁
𝑘=1

(3)

where 𝑌𝑗𝑡 and 𝑌𝑗𝑡 are anomalous and raw fields, respectively,
for the hindcast/forecast 𝑗 at lead time 𝑡. 𝑁 denotes ensemble
size. The observational anomalies were also calculated by
using corresponding years. Then to filter out interannual
variability, the annual values were smoothed by a 4-year
running average. In the study, we analyzed the predictions
averaged over the hindcast/forecast years 2–5, 3–6, 4–7, 5–8,
and 6–9.
The main strategy of evaluating the skills of the decadal
prediction experiments is to compare it with corresponding
historical simulations. In terms of the experiment designs
(Section 2.2), their only difference is that the former is started
from initialized states every five years, while the latter is
successive integrations. Thus the predictions by the two
experiments are referred to as INIT and NoINIT predictions,
respectively. The comparisons between INIT and NoINIT
demonstrate the change of the decadal predictions due to the
initialization.
In this study, the skills are quantified by correlation, root
mean square error (RMSE), and root mean square skill score

We first assess the spatial distributions of the predictive skills
on near-surface air temperature and land precipitation. Then
we turn to the predictive skills of the global mean nearsurface air temperature and two dominant modes on the
interdecadal time scales, the Atlantic multidecadal variability,
and the Pacific interdecadal variability.
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Figure 1: Forecast qualities of near-surface air temperature. (a) RMSSS (multiplied by 100) of the ensemble mean of the INIT runs for
predictions averaged over the hindcast years 2–5. The white dots represent that the skill scores at these points are statistically significant at
the 15% level based on the one-sided 𝐹 test. (b) Ratio of RMSE between the ensemble mean of the INIT runs and that of the NoINIT runs for
predictions averaged over the hindcast years 2–5. ((c), (d)) The same as (a) and (b) but for the years 6–9.

the initialization becomes smaller with the increase of the
prediction time [1].
Compared with the near-surface air temperature, the
ensemble mean of the INIT runs shows very low skills in
the prediction of land precipitation for both the hindcast
years 2–5 and 6–9. The global distribution of the RMSSS
indicates that there are only sporadic regions with positive skills. These positive skills cannot pass 15% significance test (Figures 2(a) and 2(b)). Meanwhile, the ratio of
RMSEs between the INIT and INI runs indicates that the
skill improvement due to the initialization is very limited
(Figures 2(c) and 2(d)). The results are consistent with the
CMIP5 MME (Figure 11.5 in Kirtman et al. [9]).
3.2. Global Mean Near-Surface Temperature. Predictive skills
of the area-weighted global mean near-surface air temperature (GMST) are quantified by correlation and RMSE
(Figures 3(a) and 3(b)). The GMSTs simulated by all the
individual members and ensemble means of the INIT and
NoINIT runs for different hindcast range are highly correlated with the corresponding observational references at 5%
significance level. In terms of the correlations, the skills of
the INIT runs are somewhat lower than those of the NoINIT
runs, especially in the early prediction time. In contrast,
in terms of the RMSEs, former skills are higher than the
latter. However, it is clear that the skill differences between
the INIT and NoINIT become smaller with the increase
in the prediction time, in terms of both the correlations

and the RMSEs. It indicates that the prediction information
coming from the initialization gradually decreases with the
increase of the prediction time, and the evolution of the
GMST is dominated by the external forcing associated with
atmospheric composition increasingly.
The temporal evolutions of the GMST for the hindcast/forecast years 6–9 and corresponding observational
reference are shown (Figure 3(c)). During the latter half of
the 20th century, the GMST is dominated by a significant
warming trend. However, during early 21st century, a hiatus
of the GMST rise is observed (e.g., [32–35]; Figure 3(c)). Both
the ensemble mean of INIT runs averaged over hindcast years
6–9 and that of NoINIT runs failed to simulate the hiatus of
the GMST rise; however, the former warming trend is much
smaller than the latter and more close to the observation,
especially after 2000 (Figure 3(c)). This feature can be seen
more clearly in the hindcast years 1–4 (Figure 3(d)). The result
is robust among different models (e.g., [3, 9, 36]).
It is interesting to further investigate what cause the
correlation skills of the INIT runs to be lower than those of
the NoINIT runs in the early prediction time. Compared with
the hindcast years 6–9, the GMSTs over the hindcast years
1–4 are closer to the corresponding observation references,
except for the prediction started from 1985 (Figure 3(d)). The
GMST over 1986–1989 (hindcast years 1–4) is much higher
than the observation. In the observation, 1986 and 1987 are
dominated by a strong El Nino event, while 1988 and 1989
are dominated by a strong La Nina event (Figures 4(a)–4(d)).
For the four-year average, the GMST is nearly in a neutral
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Figure 2: As in Figure 1, but for the land precipitation.
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Figure 3: Hindcast qualities of the global mean near-surface air temperature (GMST). (a) Correlations between the model runs and the
observational references along the forecast time for 4-year averages. The red (blue) lines denote INIT (NoINIT) runs. The dashed (solid)
lines denote ensemble members (means). The dots represent that corresponding correlation coefficients reach the 5% significance level based
on one-sided Student’s 𝑡-test. (b) RMSE of the model runs along the forecast time for 4-year averages. Dots are used when RMSEs of the
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on the one-sided 𝐹 test. (c) Time series of the GMST indices predicted by the ensemble mean of the INIT (NoINIT) runs for predictions
averaged over the hindcast years 6–9 and corresponding observational reference (units: K). (d) As in (c) but for hindcast years 1–4.
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state (Figure 4(e)). The hindcast started from 1985 reproduces the El Nino during 1986-1987 (Figures 4(f) and 4(g)).
However, the simulated El Nino persists longer than that in
the observation and evolves to a neutral state rather than
a strong La Nina as in the observation (Figures 4(h) and
4(i)). Therefore, the predicted GMST averaged over the four

years is dominated by El Nino-like pattern (Figure 4(j)). For
the NoINIT runs, though the ENSO evolution is completely
different from that in the observation (Figures 4(k)–4(n)), the
simulated GMST averaged over the four years is in the neutral
state (Figure 4(o)). The results indicate that the decadal prediction is sometimes influenced by the interannual variability,
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(units: Sv). (b) As in (a) but simulated by the ensemble mean of the ASSIM runs.

especially in the early prediction time. The negative impacts
may be partly overcome through increasing the number of
the hindcasts; that is, hindcasts are performed once per year
instead of once every five years.
3.3. Atlantic Multidecadal Variability. The spatial distributions of the RMSSS for the near-surface temperature
(Figure 1(a)) indicate that the ensemble mean of the INIT
runs shows high skills in the Atlantic. In the subsection, we
assess the skills of the individual members of the INIT and
their ensemble mean in predicting the Atlantic multidecadal
variability (AMV). The AMV is depicted by an index defined
as area-averaged SST anomalies in the 0∘ –60∘ N, 80∘ –0∘ W
minus the area-averaged near global SST anomalies in the
60∘ S–60∘ N [37].
The predictive skills are measured by correlation along the
hindcast time for 4-year averages (Figure 5(a)). There is only
one INIT member that reproduces the AMV index highly

correlated with the observation reference at 5% significance
level over the hindcast years 5–8 and 6–9. The skills of the
ensemble mean are higher than any individual member over
the hindcast years 5–8 and 6–9. The AMV in the ensemble
mean is highly correlated with the observation reference at
most hindcast ranges. The highest correlation is reached in
the hindcast years 6–9. In contrast, the NoINIT runs do
not have any significant correlations with the observation
references.
The skills of the INIT runs are further quantified by RMSE
(Figure 5(b)). The skills of the ensemble mean of the INIT
runs are also higher than all the members. For the ensemble
mean, the smallest RMSE is reached in the forecast years
6–9. It is significantly smaller than the counterpart of the
ensemble mean of the NoINIT runs, indicating that the added
skill coming from the initialization is significantly in the
prediction of the AMV. The high skills of the ensemble mean
of the INIT runs are more clearly demonstrated by the high
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consistency of the predicted time series of the AMV index
for the hindcast years 6–9 and corresponding observation
reference (Figure 5(c)).
The enhanced predictive skills of the AMV because
of the initialization stand out in most decadal prediction
experiments as the major added value relative to the historical
and RCP simulations (e.g., [1, 3, 38–40] and many others).
However, the performances of the FGOALS-s2 are somewhat
different from previous studies. Kim et al. [41] showed that
correlation skills of the AMV of seven models from the
CMIP5 MME generally decrease with the prediction time far
away from the initial time. In contrast, the predictive skills of

the FGOALS-s2 change little in the various hindcast ranges,
and skills in the late prediction time (hindcast years 5–8 and
6–9) are even higher than the early time (Figures 5(a) and
5(b)).
Previous studies proposed that the AMV is closely associated with the low-frequency fluctuation of the Atlantic
Meridional Overturning Circulation (AMOC) [42, 43].
Hence we further investigate whether the predictive skills
of the AMV depend on the prediction of the AMOC variations. Figure 6 shows the climatological AMOC simulated
by the ensemble mean of the NoINIT runs. The strongest
overturning is about 19 Sv, which is located at about 25∘ –
35∘ N, between 800 and 1200 m. The maximum value is very
close to the observed value (18.5 Sv) at 26.5∘ N [44]. The major
discrepancy of the simulated AMOC is that the northward
mass flux does not reach high latitudes and the strongest
downwelling is located at about 35∘ N. It causes the northward
heat transport also not to be able to reach the high latitudes,
which has some impacts on the prediction of the AMV, as we
will see below.
The fluctuation of the AMOC influences the SST anomalies over the North Atlantic through modulating the northward oceanic heat transport [40, 42, 43]. Hence, we investigate the skills of the INIT runs in predicting the northward
oceanic heat transport in the North Atlantic through comparing with the results from the ASSIM runs, which assimilate
observational oceanic temperature and salinity and thus are
taken as observational references here. Since the northward
mass flux associated with the AMOC does not reach high
latitudes, the northward heat transport is averaged over the
0–40∘ N. The ensemble mean of the INIT runs shows high
skills in all the hindcast ranges. The highest skill is reached in
the hindcast years 6–9 (Figures 7(a) and 7(b)). The temporal
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evolution of the anomalous heat transport for the hindcast
years 6–9 predicted by the ensemble mean of the INIT runs
is very consistent with the corresponding results from the
ensemble mean of the ASSIM runs (Figure 7(c)). In contrast,
the skills of the heat transport simulated by the NoINIT
runs are significantly lower than the counterparts of the INIT
runs in the latter three hindcast ranges. For the former three
hindcast ranges, the correlation skills of the ensemble mean of
the NoINIT runs are close to the counterparts of the ensemble
mean of the INIT runs. However, it is clear that the three
NoINIT members show high spread and only one member
shows similar skills with the INIT runs. It indicates that the
skills of the ensemble mean of the NoINIT runs may be
overestimated due to small sample sizes.
To test relationships between the AMV and preceding
anomalous northward heat transport associated with the
AMOC variations in the decadal predictions, we calculate
the lag correlations between the AMV indices averaged over
the hindcast years 6–9 with the heat transports averaged
over the hindcast years 1–4, 3–7, and 6–9, respectively

(Figure 8). It is clear that the AMV is highly correlated with
the preceding northward heat transport anomalies from the
South Atlantic to about 45∘ N. The correlation coefficients
decrease drastically to the north of 45∘ N, which is consistent
with the location of the edge of the AMOC. In contrast,
their simultaneous correlations are much lower in the North
Atlantic (Figure 8). The results indicate that the predicted
AMV is mainly induced by the northward heat transport
anomalies associated with the preceding AMOC fluctuations.
Correspondingly, the high predictive skills of the AMV in
the hindcast years 6–9 mainly come from the accurate predictions of the preceding AMOC fluctuations and associated
heat transport anomalies.

3.4. Interdecadal Variability in the Pacific. The interdecadal
variability of the Pacific is dominated by the Pacific decadal
oscillation (PDO) [45] or interdecadal Pacific oscillation
(IPO) [46, 47], both of which are extracted through EOF analysis. Because the INIT runs are not successive integrations,
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EOF analysis applied to the artificially linked predicted fields
may yield false modes.
Wang et al. [48] defined a Mega-ENSO index to represent
interdecadal variability in the Pacific. The index can be
calculated easily and is highly correlated with the PDO or
IPO indices. Therefore, we use the index as a substitute to
assess the decadal predictive skills in the Pacific. Following
Wang et al. [48], 4-year, instead of 13-year, weighted running
averages are applied to the observed SST anomalies from
1960 to 2005, due to the short data length (in Wang et al.
[48], 3-year running average was conducted). But the results
are not sensitive to the choice of the window length. Then
EOF analysis is conducted by using the 4-year runningaveraged SST in the region 50∘ S–50∘ N. The spatial pattern
of the second EOF mode shows typical characteristics of the
IPO (Figure 9(a)). The principal component time series of the
second EOF mode is defined as the IPO index. Based on the
spatial pattern, Mega-ENSO index is defined as the difference
in the area-averaged SST anomalies between the western Kshape zone and the eastern triangle zone in Figure 9(a). It is
clear that the Mega-ENSO index is highly consistent with the
IPO index, with correlation reaching 0.97 (Figure 9(b)). The
same analysis processes are applied to the first NoINIT run.
The spatial pattern of the IPO simulated by the FGOALSs2 resembles that in the observation (Figure 9(c)). Thus the
FGOALS-s2 shares the same definition of the Mega-ENSO
index with the observation. The Mega-ENSO index in the
NoINIT run is also highly correlated with the corresponding
IPO index (Figure 9(d)).
The skills of INIT (NoINIT) runs in predicting the
Mega-ENSO index are measured by correlation and RMSE
(Figure 10). Unfortunately, in terms of both measures, none
of the simulations can reproduce the temporal evolution of
the Mega-ENSO significantly and the skills of the INIT runs
are even lower than the NoINIT runs. The low skills are
consistent with Figure 1(a), in which the ensemble mean of
the INIT runs shows negative skills in the most areas of the
Pacific. The results indicate that the initialization does not
enhance the predictive skills of the interdecadal variability in
the Pacific significantly, which is also indicated by the CMIP5
MME results [9].
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assimilated to avoid the model drift in the hindcast and
forecast runs. Started from the initial conditions derived
from the initialization run, three sets of the 10-year-long
hindcast/forecast runs are conducted with 5-year intervals
between start dates from 1960 to 2005, following the CMIP5
protocol.
(2) The overall predictive skills of the decadal prediction
in near-surface air temperature (TAS) and land precipitation
are measured by the global distribution of the RMSSS. For
the TAS, the model shows significant high skills in the Indian
Ocean, tropical western Pacific, and Atlantic. However, compared with the historical simulations, the decadal prediction
experiments do not show significant skill improvements,
except for the Atlantic. The results indicate that the skills
of the decadal prediction experiments in the Indian Ocean
and tropical western Pacific are primarily attributed to the
specified external radiative forcing, while the skills in the
Atlantic are attributed to the initialization. For the land
precipitation, the decadal prediction experiments do not
show significant skill improvements relative to the historical
simulations.
(3) On the interdecadal time scales, the dominant variability modes are IPO/PDO/Mega-ENSO in the Pacific and
AMV in the Atlantic, which are the major forecast objects
of the decadal prediction experiments. The prediction system
based on the FGOALS-s2 shows high predictive skills in the
AMV but low skills in the IPO/PDO/Mega-ENSO, which is
similar to the CMIP5 MME. An interesting point is that the
predictive skills of AMV of the FGOALS-s2 change little with
the increase of the prediction time and even reach highest
level in the hindcast years 6–9, rather than decrease as many
CMIP5 models [41]. Further investigations indicate that the
predictive skills of the AMV in the hindcast years 6–9 mainly
come from the accurate predictions of the northward heat
transport anomalies associated with the preceding AMOC
fluctuations.
(4) Historical and RCP simulations cannot capture the
global warming hiatus during the early 2000s. With the introduction of the initialization, the rise of the globally averaged
surface air temperature predicted by the decadal prediction
experiments of the FGOALS-s2 significantly weakens, which
is consistent with CMIP5 MME [9].

4. Summary
In the paper, the procedures of the decadal prediction
experiments by the coupled global climate model FGOALSs2, which participated in the CMIP5, are introduced. Then the
predictive skills of the experiments are assessed based on the
indicators adopted by the IPCC AR5 [9, 16]. The main content
is summarized as follows.
(1) The decadal prediction experiments involve two steps,
initialization and hindcast/forecast. The initialization was
performed by assimilating observational ocean temperature
and salinity over upper 1000 m through a modified incremental analysis update (IAU) scheme. Based on the scheme,
the analysis increment keeps constant in one assimilation
cycle (1 month) and thus effectively suppresses the increase
of the short-wave noises in the integration. Meanwhile, in
the initialization, only observational anomalous fields are
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Based on the simple ocean data assimilation (SODA) data, this study analyzes and forecasts the monthly sea surface height anomaly
(SSHA) averaged over South China Sea (SCS). The approach to perform the analysis is a time series decomposition method,
which decomposes monthly SSHAs in SCS to the following three parts: interannual, seasonal, and residual terms. Analysis results
demonstrate that the SODA SSHA time series are significantly correlated to the AVISO SSHA time series in SCS. To investigate
the predictability of SCS SSHA, an exponential smoothing approach and an autoregressive integrated moving average approach are
first used to fit the interannual and residual terms of SCS SSHA while keeping the seasonal part invariant. Then, an array of forecast
experiments with the start time spanning from June 1977 to June 2007 is performed based on the prediction model which integrates
the above two models and the time-independent seasonal term. Results indicate that the valid forecast time of SCS SSHA of the
statistical model is about 7 months, and the predictability of SCS SSHA in Spring and Autumn is stronger than that in Summer and
Winter. In addition, the prediction skill of SCS SSHA has remarkable decadal variability, with better phase forecast in 1997–2007.

1. Introduction
Study on the variation of the sea surface height anomaly
(SSHA) is an important issue in physical oceanography and
meteorological science. Changes in SSHA will influence the
frequency and impact of extreme sea level events which
engender lots of negative impact [1, 2]. Previous studies found
that the regional SSHA variability at the interannual time
scale dominated by ocean variability is much larger than the
global SSHA [3–5]. As the largest marginal sea in Western
Pacific, South China Sea (SCS) is a crucial link between
Pacific and Indian Ocean, and it has significant impacts on
human activities and the sustainable development of coastal
economy and society.
Analysis and forecast are two crucial aspects of SCS
SSHA. As far, most attentions have been paid to the analysis
of the SSHA in SCS, like the annual variability [6, 7],
interannual variability [8, 9], seasonal variability [10], the
rising rate [11, 12], the forcing of the variations [13–16], and the
variability associated with El Niño and Southern Oscillation

(ENSO) [8, 9, 16, 17]. For the forecast of SCS SSHA, the
forecast model of SCS SSHA, mainly, includes the dynamical
models and statistical methods. Now the 3D dynamical
prediction system of the SCS SSHA has been improved [18,
19]. For example, Wei et al. [18] use a fine-grid dynamical
model covering SCS to produce monthly and annual mean
SSHA of the SCS from 1992 to 2000, and the model-produced
data is in good agreement with altimeter measurements.
While the dynamical approaches have been studied widely
[1, 20, 21], little attentions have been paid to the statistical
forecast of SSHA in SCS, which is simple and feasible in
practice. The Pacific ENSO Applications Climate (PEAC)
Centre at the National Oceanographic and Atmospheric
Administration (NOAA) uses a statistical model to calculate
site-specific seasonal sea level outlooks, and the results
indicated that the statistical model is potentially useful in
predicting seasonal sea level variations in the U.S.-affiliated
Pacific Islands (USAPI) [22]. Imani et al. [23] used the HoltWinters exponential smoothing technique to analyze and
forecast Caspian Sea level anomalies from 15-year altimetry
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data from 1993 to 2008 and found that the modeling results
of a 3-year forecasting time span (2005–2008) agree well with
the observed time series. As far as we know, no literature on
the statistical prediction of SCS SSHA has been documented.
Also it is feasible to use the statistical models to implement
the forecast of the SCS SSHA compared with the complicated
dynamical models. In this study, based on the long-term
monthly time series of SCS SSHA derived from the Simple
Ocean Data Analysis (SODA), we first use a time series
decomposition method to analyze the variability of monthly
SCS SSHA. Then, a statistical model is constructed to fit the
monthly SCS SSHA and used to perform an array of forecast
experiments. Finally, the statistical prediction skill of SCS
SSHA is investigated.
The remainder of this study is organized as follows:
the data, the time series decomposition method, and the
statistical model construction are introduced in Section 2.
Section 3 presents the analysis results of SSHA in SCS while
the forecast results are shown in Section 4. Summary and
discussion are given in Section 5.

2. Methodology
2.1. Data
2.1.1. SODA. An ocean reanalysis product, namely, simple
ocean data assimilation (SODA), is used in this study,
which is based on the Parallel Ocean Program ocean model
with an average horizontal resolution of 0.5∘ × 0.5∘ and
with 40 vertical levels during January 1948 to December
2007 [24]. SODA data is downloaded from web site at
http://dsrs.atmos.umd.edu/DATA/soda 2.2.4/. For our study,
we first calculate the monthly mean values of SSH so as to
derive the monthly SSHA. Then, we average the monthly
SSHA over the South China Sea (5∘ N–25∘ N, 105∘ E–121∘ E) to
form the basic datasets used in this study.
2.1.2. AVISO. A merged gridded product of Maps of Sea
Level Anomaly produced by AVISO (Archivage Validation et
Interpretation des donnees des Satellites Oceanographiques)
based on TOPEN/Poseidon, Janson 1, ERS-1, and ERS-2
satellite data is used for evaluating the correctness of SODA
data. This product provides SSHAs from January 1993 to
December 2007, which consists of maps produced every day
on a 1/8∘ × 1/8∘ Cartesian grid. The monthly SSHA in AVISO
is first computed and then used to derive the monthly SCS
SSHA.

where 𝑥𝑡 represents the monthly value at time 𝑡. The computational processes of 𝑇𝑡 , 𝑆𝑡 , and 𝑅𝑡 are listed as follows.
(a) Interannual Component. A simple centralized moving
average technique with 12-month time scale is used to obtain
the interannual term as
𝑇𝑡 =

0.5𝑥𝑡−6 + 𝑥𝑡−5 + ⋅ ⋅ ⋅ + 𝑥𝑡+5 + 0.5𝑥𝑡+6
,
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(2)

𝑡 ∈ (7, 𝑁 − 6) ,
where 𝑁 represents the length of 𝑥𝑡 . Apparently, with the
smoothing-scale being set to 12 months, {𝑇𝑡 } filters the short
time scale (less than 12 months) information of {𝑥𝑡 } and keeps
the interannual variations. Thus, {𝑇𝑡 } describes the interannual variabilities of {𝑥𝑡 }. Note that the valid period of {𝑇𝑡 } is
from July 1948 to June 2007. The following decomposition and
analysis as well as the forecast experiments will be also based
on {𝑥𝑡 } during the same period.
(b) Seasonal Component. After the interannual term of {𝑥𝑡 }
has been computed with the above method, we first subtract
𝑇𝑡 from {𝑥𝑡 } to get the remaining term. In this study, the
seasonal term (𝑆𝑡 ) corresponds to the climatology of the
remaining term. Thus, although the length of 𝑆𝑡 is the same
as 𝑇𝑡 , the period of 𝑆𝑡 is 12 months.
(c) Residual Component. With the interannual term (𝑇𝑡 ) and
the seasonal term (𝑆𝑡 ) being determined, the residual term 𝑅𝑡
of 𝑥𝑡 is directly computed by
𝑅𝑡 = 𝑥𝑡 − 𝑇𝑡 − 𝑆𝑡 .

(3)

According to the time scales of 𝑇𝑡 and 𝑆𝑡 , it is easy to
derive that 𝑅𝑡 reflects the variability of 𝑥𝑡 whose time scale is
interseasonal or smaller. As the resolution of 𝑥𝑡 is monthly,
it is expected that 𝑅𝑡 is noise-dominant. In addition, the
summation of 𝑅𝑡 and 𝑇𝑡 represents the anomaly of 𝑥𝑡 . Due to
the static nature of 𝑆𝑡 , the forecasting of 𝑥𝑡 mainly depends on
the prediction of the anomaly of 𝑥𝑡 which consists of 𝑅𝑡 and
𝑇𝑡 . Because of the different time scales of 𝑅𝑡 and 𝑇𝑡 , different
statistical models are used to fit and forecast 𝑅𝑡 and 𝑇𝑡 .
2.2.2. Models for Fitting and Forecasting. To investigate the
statistical predictability of SSHA in SCS, the statistical forecast model is first constructed in this section.

2.2.1. Decomposition Method. In this section, we briefly
introduce the time series decomposition method, that is, the
centralized moving average scheme. This method partitions a
monthly time series into the following three components: the
interannual component 𝑇𝑡 , the seasonal component 𝑆𝑡 , and
the residual component 𝑅𝑡 as follows:

(a) The Model for Interannual Term. Due to the simplicity
and robustness [23, 25], Holt’s linear exponential smoothing
technique is widely used to handle nonseasonal time series by
introducing smoothing parameters [26], like the precipitation
prediction [27] and the maxima and minima air temperature
prediction [28]. In this study, we also use Holt’s linear
exponential smoothing technique to fit and forecast 𝑇𝑡 . The
fit formula of 𝑇𝑡 is

𝑥𝑡 = 𝑇𝑡 + 𝑆𝑡 + 𝑅𝑡 ,

̂𝑡+1 = 𝑎𝑡 + 𝑏𝑡 ,
𝑇

2.2. Statistical Methods for Modeling and Forecasting

(1)

(4)
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̂𝑡 + (1 − 𝛼) (𝑎𝑡−1 + 𝑏𝑡−1 ) ,
𝑎𝑡 = 𝛼𝑇
𝑏𝑡 = 𝛽 (𝑎𝑡 − 𝑎𝑡−1 ) + (1 − 𝛽) 𝑏𝑡−1 .

(5)

(6)

Here 𝑘 is the lead time in month.
(b) The Model for Residual Term. Due to the noise-dominant
nature of 𝑅𝑡 , we use an auto-regression integrated moving
average model (denoted as ARIMA(𝑝, 𝑑, 𝑞) [30, 31]) to
construct the fit model of 𝑅𝑡 . Here 𝑝 represents the order of
the autoregression model (i.e., AR(𝑝)); 𝑑 is the order of time
differential of 𝑅𝑡 ; 𝑞 indicates the order of the moving average
model. The model can be formulated as
̂𝑡−1 + 𝜑2 𝑊
̂𝑡−2 + ⋅ ⋅ ⋅ + 𝜑𝑝 𝑊
̂𝑡−𝑝 + 𝑒𝑡
̂𝑡 = 𝜑1 𝑊
𝑊
− 𝜃1 𝑒𝑡−1 − ⋅ ⋅ ⋅ − 𝜃𝑞 𝑒𝑡−𝑞 ,

10
5
0
−5

Here 𝛼 and 𝛽 denote the smoothing parameters. The initial
values of 𝑎0 and 𝑏0 are usually set to 0. Given preset values (i.e.,
̂𝑡 , 𝑡 = 8,
first guesses) of 𝛼 and 𝛽, the fitness of 𝑇𝑡 (denoted as 𝑇
̂𝑡−1 . Note
𝑁 − 6) can be calculated sequentially with known 𝑇
̂7 = 𝑇7 . Then a
that 7 is the starting index of 𝑇𝑡 (see (2)) and 𝑇
̂𝑡 is established. Taking 𝛼 and
cost function between 𝑇𝑡 and 𝑇
𝛽 as the control variables to be optimized, an optimization
algorithm, like the L-BFGS-B algorithm [29], is used to obtain
the optimum 𝛼 and 𝛽. In addition, to avoid the overflow of
𝛼 and 𝛽, the [0, 1] bound is applied to these two parameters
during the optimizing process.
For the forecast of 𝑇𝑡 , a linear function of the lead time is
constructed as follows:
𝑇𝑡+𝑘 = 𝑎𝑡 + 𝑏𝑡 𝑘.

SSHA (cm)

where

(7)

𝑊𝑡 = ∇𝑑 𝑅𝑡 ,
where 𝑊𝑡 represents the time series of 𝑑-order time differentiate of 𝑅𝑡 , 𝑡 is the time, 𝜑1 , 𝜑2 , . . . , 𝜑𝑝 are coefficients of the
autoregressive integrated model, 𝜃1 , 𝜃2 , . . . , 𝜃𝑞 are coefficients
of the moving average model, and 𝑒𝑡 is a white noise time
series [32].
For the fitness model, the determination process of the
parameters is described as follows. First, the values of 𝑝, 𝑑,
and 𝑞 are automatically determined by auto.arima libiary in R
software, according to statistic tests. The value of 𝑑 is selected
based on successive KPSS unit-root tests and then 𝑝 and 𝑞
are chosen based on the approach of Akaike’s Information
Criterion (AIC) [33]. Then there are a total of 𝑝+𝑞 parameters
to be determined. Taking 𝑑 = 1 as an example, according to
(7), given the previous fitted 𝜑1 , 𝜑2 , . . . , 𝜑𝑝 , 𝜃1 , 𝜃2 , . . . , 𝜃𝑞 can
be computed accordingly. Then a cost function is established
between 𝑅𝑡 and 𝑒𝑡 to determine the optimized parameters
with an optimization algorithm.
̂𝑡
Given that the fitness model has been determined, the 𝑅
is integrated by 𝑊𝑡 , and the same values of parameters are
consistently used to perform the forecast experiment.

1993
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Year
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SODA

Figure 1: Time series of monthly SCS SSHA (cm) derived from
AVISO (black) and SODA (red).

3. Modeling Construction
Affected by various factors, such as solar radiation, evaporation and precipitation, monsoon, and El Niño and Southern
Oscillation (ENSO), the SCS SSHA has significant characteristics on different time scales. In this section, we roughly
analyze the time variability of SCS SSHA with the time series
decomposition method (Section 2.2.1) based on the SODA
product.
3.1. Verification of SODA SSHA. Before applying the time
series decomposition to the SCS SSHA derived from the
SODA product, the correctness of this dataset should be first
verified. Figure 1 shows the time series of the monthly SCS
SSHA derived from SODA (red) and AVISO (black). It can
be seen that the most prominent signal is the seasonality in
both products. The correlation coefficient between two time
series reaches 0.89 with the significance level above 95%. The
root-mean-square error between two time series is 2.56 cm.
The SODA product can well capture the temporal variability
of SCS SSHA.
To detect the significant periods of these two datasets,
we perform the power spectrum analysis. Figure 2 presents
the power spectrum of SCS SSHA for AVISO (blue) and
SODA (black), where the dashed curves represent the 95%
confidence upper limits. Obviously, both time series have 1year and half-year significant periods.
Due to the limited length of AVISO SSHA data, we cannot
systematically verify the correctness of the whole time series
of SCS SSHA derived from SODA data. However, based on
the above analysis, it is reasonable to assume that the quality
of the time series of SCS SSHA from SODA data is reliable.
3.2. Results of Time Series Decomposition. Given that the
correctness of the SODA SSHA data has been validated by
AVISO data, we apply the time series composition to the
monthly SCS SSHA from SODA with a 60-year length.
Figure 3 shows the time series of three decomposed terms of
SSHA in SCS, where the interannual term, residual term, and
seasonal term are represented by black, red, and blue curves.
For the interannual term, it has significant interannual
variability. During most of El Niño years, SCS SSHA is
smaller than that during other years. Moreover, there are
some inflexions most of which correspond to El Niño or

4

Advances in Meteorology

Power spectrum

0.2

0.1

0
0

0.4
AVISO
AVISO 95%

0.8
Period (year)

1.2

1.6

SODA
SODA 95%

SSHA components
(cm)

Figure 2: The power spectrums of SCS SSHA for the AVISO (blue)
and SODA (black). The dashed curves represent the 95% confidence
upper limit.
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3.3. Model Construction. Before performing the forecast
experiments of SSHA, the forecast model of SCS SSHA should
be first established. Note that the SSHAs from now on indicate
the SSHA anomalies. Due to the invariant property of the
seasonal term, the forecast model is divided into two parts:
the Holt-Winters model for the interannual term and the
ARIMA model for the residual term. Given the time series
of SCS SSHA, the fitness models for the interannual term and
the residual term are first, respectively, constructed and then
used to forecast these two quantities. Finally the forecasted
interannual term and the residual term are added together to
form the forecasted anomaly of SCS SSHA. In this section,
we examine the qualities of fitness for the interannual and
residual terms.
Figures 4(a) and 4(b) show the fitted values (red curve)
and SODA values (blue curve) of the interannual and residual
terms of SSHA in SCS. Note that as the time series composition needs to remove the first and last 6 months’ SSHAs, the
actual fitting model uses the time series between July 1948
and June 2007. For the interannual term, the Holt-Winters
model can exactly track the trajectory of the SODA data
with little biases in the points of minimum and maximum.
For the residual term, the ARIMA model can well simulate
the phase of the SODA data, although the simulation of the
amplitude is not so good, which may be attributed to the
nearly white noise nature of the residual term. Figure 4(c)
plots the fitted and SODA values of total SSHA in SCS. The
fitted curve is strongly correlated with the SODA time series.
Figure 4(d) presents the time series of the biases (computed
as the difference between the fitted value and the observed
value) of the fitted interannual term (black curve), residual
term (blue dashed curve), and total SCS SSHA (red curve).
The bias of the fitted total SCS SSHA oscillates around 0 and
mainly consists of residual biases. The analysis indicates that
the added statistical model is effective and flexible, and then
we use the added model to do forecast experiments as follows.

4. Forecast Results
1979 1982 1985 1988 1991 1994 1997 2000 2003 2006
Year
Interannual
Residual
Seasonal
(b)

Figure 3: Time series (1948–1977 in (a); 1978–2007 in (b)) of three
components (unit: cm) of SSHA in SCS, including the interannual
term (black), the seasonal term (blue), and the residual term (red).

La Nina years, like 1997-1998 and 2005-2006 El Niños.
Thus, SSHA variations in SCS are strongly modulated by
ENSO. For the seasonal term, the minima (maxima) occur in
Summer (Winter) which may have some connection with the
SCS monsoon [10, 13]. For the residual term that oscillates
around 0, its amplitude is smaller than the seasonal term and
the interannual term.

The last 30 years’ analysis results are used to perform the
forecast experiment which is similar to the dynamical forecast
of physical processes (like ENSO [34, 35]). For each month
from December 1977 to December 2007, we first decompose
the time series (from January 1948 to the current month)
of SSHA in SCS into three parts and then use Holt-Winters
and ARIMA models to fit the interannual and residual terms,
respectively. Then, both models are integrated forward up
to 2 years to forecast the interannual and residual terms of
SSHA in SCS. Thus, 361 forecast experiments are conducted.
Note that as the time series composition needs to remove the
SSHAs during the first and last 6 months, the actual initial
forecast months for 361 forecast experiments correspond
to June 1977 and June 2007. The forecast SSHA anomaly
(interannual term plus residual term) is compared to the
SODA data with seasonal cycle removed. Figure 5 gives a
sketch map of the forecast experiments.
Based on the forecast results, we investigate the predictability of SCS SSHA from the following three aspects.
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Figure 4: Time series of fitted (red curve) and SODA’s (blue curve) interannual term (a) and residual term (b) of SSHA in South China Sea
as well as the total SSHA (c). (d) presents the time series of the biases (computed as the difference between the fitted value and the observed
value) of the fitted interannual term (black curve), residual term (blue dashed curve), and total SCS SSHA (red curve).
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Figure 5: The schematic diagram of the forecast experiments.

4.1. Forecast Skill. We first totally examine the prediction
skill of SSHA in SCS with the anomaly correlation coefficient
(ACC) and the root-mean-square error (RMSE) relative to
the SODA data. The ACC and RMSE are defined as follows:
ACC𝑠 =


𝑜

𝑜
∑361
𝑖=1 (𝑥𝑖,𝑠 − 𝑥𝑠 ) (𝑥𝑖,𝑠 − 𝑥𝑠 )

√ ∑361
𝑖=1


(𝑥𝑖,𝑠

−

2
𝑥𝑠 ) √ ∑361
𝑖=1

𝑜
(𝑥𝑖,𝑠

−

𝑥𝑠𝑜 )

2

,
(8)

2

RMSE𝑠 = √


𝑜
1 361 𝑥𝑖,𝑠 − 𝑥𝑖,𝑠
),
∑(
361 𝑖=1
𝜎𝑐

where 𝑠 and 𝑖 index the lead time and the forecast experiment;
𝑥 and 𝑥𝑜 represent the forecasted and SODA anomaly of SCS
SSHA while 𝑥 and 𝑥𝑜 denote the averages of 𝑥 and 𝑥𝑜 over all

forecast experiments; 𝜎𝑐 indicates the climatological standard
deviation of anomaly of SCS SSHA.
Figures 6(a) and 6(b) show the variation of RMSE
(Figure 6(a)) and ACC (Figure 6(b)) of forecasted SSHA
anomaly in SCS with respect to lead time (in months) and
start month. The solid curves in Figures 6(a) and 6(b) indicate
the 1.0-contour and 0.6-contour, respectively. According to
the results of RMSE, we find that the RMSEs forecasted from
Spring (like April and May) and Autumn (like October and
November) are smaller than the other seasons. The minima
of the RMSE happen in May and November, and the maxima
occur in June. If an ad hoc 0.6 value of ACC is used to define
the valid lead time, the valid forecast time of SCS SSHA
anomaly is 9 (7) months in Spring (other seasons).
To further investigate the contributions of the interannual
term and residual term to the total quantity, we separately
analyze the predictabilities of the interannual term and the
residual term. Figures 6(c), 6(d), 6(e), and 6(f) present the
same results as Figures 6(a) and 6(b) but for the interannual
term and the residual term, respectively. We can see that the
valid forecast time of the interannual term is 12 (9) months
in Summer (other seasons). In contrast, the prediction skill
of the residual term is much worse than the total quantity,
especially for the ACC and the RMSEs forecasted from Spring
and Autumn. This may be caused by the white noise in the
forecast model (i.e., the ARIMA model) of the residual term,
which increases the uncertainty of the forecasted residual
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Figure 6: Variations of RMSE (a, c, and e) and ACC (b, d, and f) of forecasted SCS SSHA anomaly (a, b), forecasted interannual term (c,
d), and forecasted residual term (e, f) with respect to lead time (in month) and start month. The solid curve in (a, c, and e) [b, d, f] is
(1.0-contour) [0.6-contour]. Note that RMSEs in (a, c, and e) have been normalized by the climatological standard deviations of SCS SSHA
anomaly, interannual term, and residual term, respectively.
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term. Therefore, the forecast skill of the anomaly of SCS SSHA
is mainly contributed by the counterpart of the interannual
term and more or less reduced by the bad prediction skill of
the residual term.
To figure out the possible reason causing the prediction
skill of the interannual term, we calculate the number of
extreme (including maximum and minimum) values of the
interannual term (decomposed from the SODA SCS SSHA
time series between July 1977 and June 2007) that happens
in each month (Figure 7). Due to the linear property of
the forecast model (i.e., the Holter-Winter model) of the
interannual term, the linear trend between the maximum
and the minimum can enhance the prediction skill of the
interannual term. Thus, if a forecast is started from a month
where the extreme value happens, the prediction skill is likely
to be improved. From Figure 7, we can see that most extreme
values happen in July which is consistent with the results in
Figure 6(d) with an exception of the case of June.
4.2. Seasonal Forecast Skill. According to the analysis in
last section, the valid forecast time of SCS SSHA is about
7 months. We now assess the seasonal forecasts in this
section. Figure 8 plots the SODA data (blue) and 6-month
(red in Figure 8(a)) or 9-month (red in Figure 8(b)) lead SCS
SSHA anomalies. We can see that, in the seasonal forecast,
the statistical model can capture the main variability of
SSHA anomaly in SCS, especially for the 6-month lead. The
correlation coefficient between the SODA data and the 6month (9-month) lead SCS SSHA anomaly is 0.77 (0.45) with
95% significance level.
4.3. Decadal Variability of the Forecast Skill. To investigate
the decadal variability of the prediction skill of SCS SSHA,
we divide 361 forecast experiments into three arrays, corresponding to three decades. Figure 9 shows the variations of
ACC and RMSE of the predicted SCS SSHA anomaly with
respect to the lead time (month) for three decades (green
for 1977.6–1987.5; blue for 1987.6–1997.5; red for 1997.6–2007.5)
and total thirty years (black). Note that the RMSE here is
not normalized by the climatological standard deviation.

SSHA (cm)

Figure 7: The number of extreme (including maximum and
minimum) values of the interannual term (decomposed from the
SODA SCS SSHA time series between July 1977 and June 2007)
happens in each month.

(a)
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Year
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Figure 8: Time series of SODA data (blue curve) and forecasted (red
curve) SCS SSHA anomaly with 6 (a) and 9 (b) lead months.

The SSHA in SCS can be forecasted in 6-month lead for all
three decades. As the previous studies indicated, the SCS
is modulated by PDO, and the SSH variability in SCS is
coherent with PDO [16]. We also find that the ACCs for
the last decade and the total thirty years with the 7 lead
months are higher than those for other two decades, when
the two decades (1977–1997) are in warm Pacific Decadal
Oscillation (PDO) phase [36]. In addition, when we construct
the forecast model, the SODA SSHA time series is not long
enough. Thus, the forecast model may not catch both the
cold and the warm phases, and the forecast in cold phase
decades is better than in warm. Conversely, the RMSEs for
the last decade are the worst, which may be related to the
quality of SODA. From the results of the total years, the valid
forecast time of SCS SSHA is about 7 months. Obviously, the
prediction skill of SCS SSHA anomaly has apparent decadal
variability.

5. Summary and Discussion
In this study, we first simply contrast the time series of
monthly SSHAs calculated from SODA and AVISO datasets
in SCS to verify the correctness of the SODA SCS SSHA
which is used to construct the forecast model of SCS SSHA.
Results show that SODA well correlates with AVISO data.
Afterwards, we use the long-term time series from 1948 to
2007 of SODA SCS SSHA to establish the statistical forecast
model. A time series decomposition method is used to
decompose the monthly time series of SCS SSHA into the
following three parts: interannual term, seasonal term, and
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Figure 9: Variations of RMSE (black curve) and ACC (blue curve) of the forecasted SSHA anomaly in SCS with respect to the forecast lead
time (in months). The dotted line indicates the 0.6-ACC.

residual term. Then we, respectively, use the Holt-Winters
and ARIMA models to fit the interannual and residual terms
of SSHA in SCS, aiming to construct the forecast models
of these two parts. Results of fitting demonstrate that the
Holt-Winters model can exactly track the trajectory of SODA
counterpart while the ARIMA can well simulate the phase
of the residual term. Finally, we perform an array of forecast
experiments based on the above two models. Results show
that the valid forecast time of SCS SSHA is about 7 months.
The predictability of SCS SSHA in Spring and Autumn is
stronger than that in Summer and Winter, and the forecast
skill of the anomaly of SCS SSHA is mainly contributed by
the counterpart of the interannual term and more or less
reduced by the bad prediction skill of the residual term. In
addition, the prediction skill of SCS SSHA has remarkable
decadal variability.
In the future studies, we will focus on the following three
aspects. First, the statistical method used in this study can
be applied to each grid to investigate the spatial distribution
of the predictability of SSHA in SCS. Second, the results
produced by this statistical model should be compared to
other statistical models or dynamical models. Third, the
physical mechanism causing the decadal variability of the
prediction skill of SCS SSHA should be further investigated.
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Because of complex ocean environment, underwater vehicles are facing many challenges in navigation safety and precise navigation.
Aiming at the requirements of underwater navigation safety, this paper presents an evaluation method of underwater ocean
environment safety situation based on Dempster-Shafer (D-S) evidence theory. Firstly, the vital ocean environment factors which
affect the underwater navigation safety are taken into account, and a novel basic probability assignment (BPA) construction method
of ocean environment factors is proposed according to their characteristics. Then, a new transformation method of BPA to decisionmaking probability is put forward to deal with the uncertainty degree. Furthermore, the super-standard weight is applied to
preprocess the BPA, and D-S combination rule is used to acquire the evaluation result by fusing the preprocessed BPA. Ocean
environment safety situation index is obtained by quantizing the evaluation grades. Finally, experimental results show that the
method proposed has the superior practicability and reliability in actual applications.

1. Introduction
Ocean is the main resource for human survival in the future.
With the increasing demand for ocean development and
military applications, the underwater vehicle is a powerful
tool for human to explore and utilize ocean, which has
become the field to which the world technological power (the
United States, Britain, Japan, etc.) gives priority to develop
[1]. In order to obtain more ocean interests, a large number of
autonomous underwater vehicles (AUVs) and remotely operated vehicles (ROVs) are widely applied in ocean surveys,
scientific experiments, and resource explorations. Whatever
the purposes of underwater vehicles are, the navigation safety
is the fundamental premise to make them complete various
tasks effectively. The navigation safety is affected by many
ocean environment factors, and it is closely related to the
basic characteristics and distribution of ocean environment
factors. Ocean environment factors are often the “doubleedged sword”; they not only can bring some advantages,
but also can bring the challenges to underwater navigation
safety. If ocean environment factors are well used, they can
improve the operational effectiveness of underwater vehicles.
Otherwise, they will threaten the navigation safety. Over

the long-term explorations (including ocean surveys, ocean
researches, the establishments of various ocean observation
instruments, etc.), humans have a certain level of knowledge
and ability to control ocean. But so far, they have not solved
effectively and completely the problem of navigation safety of
underwater vehicles in complex ocean environment. Even if
underwater navigation technology has been quite advanced,
navigation safety accidents of underwater vehicles happened
frequently in recent years. The problem of underwater vehicles’ navigation safety has become the topic of common
concern.
Evaluating ocean environment (particularly underwater
environment) safety situation is very important for underwater navigation safety, which can provide objective, accurate,
and quantitative evaluation result and supply the basis for
underwater vehicles to take advantage of ocean environment effectively. Although domestic and foreign scholars
have acquired many achievements in underwater vehicles
environment modeling theory [2–7], they almost paid no
attention to ocean environment safety situation. This paper
puts forward a method to evaluate ocean environment safety
situation and tries to seek a scientific, rational, objective, and
feasible solution for improving underwater navigation safety.

2
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Underwater navigation decision-making is a kind of
intelligent behavior, which should be based on the whole
situation description of ocean environment factors, rather
than their accurate distribution results. In addition, ocean
environment has strong randomness and uncertainty, which
make it difficult to evaluate the safety situation. Therefore,
evaluation method should be able to solve above problems
effectively. D-S evidence theory [8, 9] has advantages and
reliability in dealing with fuzzy and uncertain problems,
which make it widely applied in many areas such as information fusion [10], fault diagnosis [11], and risk evaluation
[12, 13]. D-S evidence theory has profound theory foundation.
It can surprisingly deal with uncertainty information and
take full advantage of the multisource information to obtain
better fusion results. Moreover, it has been proved that DS evidence theory could achieve fast convergence without
a priori probability and conditional probability [14]. So DS evidence theory is used to evaluate the underwater ocean
environment safety situation in this paper.
There are a lot of ocean environment factors which affect
the underwater navigation safety. If all ocean environment
factors are taken into account in the evaluation, which not
only adds the complexity of evaluation model, but also may
weaken the roles of main ocean environment factors, so it
is required to follow the principles such as representative,
independence, and feasibility. Based on these principles, this
paper mainly discusses the influence of ocean current, tide
current, and pycnocline on the underwater navigation safety.
In this paper, an efficient evaluation method of underwater ocean environment safety situation based on D-S evidence
theory is presented to make underwater vehicles navigate
safely. The next content is composed of three sections. In
Section 2, the implementation process of evaluation method
is introduced. In Section 3, experiments illustrate the effectiveness of the proposed method. Finally, the conclusion of
this paper is described in Section 4.

2. Materials and Methods
The establishment of evaluation model based on D-S evidence theory includes constructing the BPA, dealing with
the uncertainty degree, fusing the BPA, and obtaining the
safety situation index. In this section, they will be illustrated
in detail.
2.1. D-S Evidence Theory. D-S evidence theory is based on a
nonempty set Θ, called the frame of discernment (FOD). The
elements in FOD Θ are mutually exclusive and exhaustive. A
BPA is a mapping 𝑚 : 2Θ → [0, 1], satisfying
∑ 𝑚 (𝐴) = 1,
𝐴⊆Θ

(1)

𝑚 (0) = 0.
If 𝑚(𝐴) > 0, 𝐴 is called a focal element.
The lower bound for a set 𝐴, represented as Bel(𝐴), is
defined as follows:
Bel (𝐴) = ∑ 𝑚 (𝐵) .
𝐵⊆𝐴

(2)

Uncertain interval

0

Pl(A)

Bel(A)

Support interval

1

Unsupport interval

Plausibility interval

Figure 1: The relation between Bel(𝐴) and Pl(𝐴).

The upper bound for a set 𝐴, represented as Pl(𝐴), is
defined as follows:
Pl (𝐴) = ∑ 𝑚 (𝐵) .
𝐴∩𝐵=𝜙
̸

(3)

The relation between Bel(𝐴) and Pl(𝐴) can be seen from
Figure 1.
D-S evidence theory provides a very useful combination
rule, denoted by (𝑚1 ⊕ 𝑚2 ) (also called the orthogonal sum of
𝑚1 and 𝑚2 ), which is defined as follows:
𝑚 (𝐴) =

1
∑ 𝑚 (𝐵) 𝑚2 (𝐶) ,
1 − 𝑘 𝐵∩𝐶=𝐴 1

(4)

where
𝑘 = ∑ 𝑚1 (𝐵) 𝑚2 (𝐶) .
𝐵∩𝐶=𝜙

(5)

𝑘 reflects the conflict between 𝑚1 and 𝑚2 . Its role is to
avoid nonzero probability being assigned to empty set during
combination. D-S combination rule is both commutative and
associative.
2.2. Constructing the BPA. The effective application of D-S
evidence theory depends on rational construction of the BPA.
However, how to construct the BPA is still an open issue.
Currently, there are some researches in this field [15–23]. But
the existing methods are not suitable for ocean environment
factors. Therefore, this paper proposes a construction method
of the BPA according to ocean environment factors’ features.
First of all, the set of evaluation grades is denoted by
Θ = {𝑒1 , 𝑒2 , . . . , 𝑒𝑁}, and 𝑁 is the number of grades.
Here we set 𝑁 = 5, {𝑒1 , 𝑒2 , 𝑒3 , 𝑒4 , 𝑒5 }, representing {“Very
Safe (VS)”, “More Safe (MS)”, “General Safe (GS)”, “More
Dangerous (MD)”, “Very Dangerous (VD)”}, respectively,
and corresponding risk intervals are represented in Table 1.
Afterwards, the BPA 𝑚𝑖,𝑛 of 𝑖th factor 𝑓𝑖 on 𝑛th evaluation
grade 𝑒𝑛 is calculated separately according to the following
two cases.
Case 1. If the value 𝑥𝑖 of ocean environment factor 𝑓𝑖 belongs
to intervals VS, MS, GS, and MD, then 𝑚𝑖,𝑛 is defined as
𝑚𝑖,𝑛 =

𝜆
 
.

𝜆 + 𝑥𝑖  − (𝑎𝑛 + 𝑏𝑛 ) /2

(6)
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Table 1: The risk intervals.

Factors
Ocean current (m/s)
Tide current (m/s)
Pycnocline (kg/m4 )

VS
[0.0, 1.0]
[0.0, 0.6]
[0.0, 0.2]

MS
(1.0, 2.0]
(0.6, 1.0]
(0.2, 0.4]

Case 2. If the value 𝑥𝑖 of ocean environment factor 𝑓𝑖 belongs
to interval VD, then 𝑚𝑖,𝑛 is defined as
𝑚𝑖,𝑛 = 1,

(7)

where 𝑎𝑛 and 𝑏𝑛 represent the boundaries of each interval, and
𝜆 = 𝑏𝑛 − 𝑎𝑛 is the adjustment parameter, which is used to
ensure 𝑚𝑖,𝑛 ∈ [0, 1].
Due to the influence of uncertainty factors, there may be
some uncertainty degree when calculating the BPA, which
makes 𝑚𝑖,𝑛 not necessarily equal to one. The following
equation is used to represent the uncertainty degree:
𝑚 (Θ) = 1 − 𝑚𝑖,𝑛 .

(8)

2.3. Dealing with the Uncertainty Degree. In order to obtain
better evaluation result, 𝑚(Θ) need to be assigned to each
evaluation grade, which requires transformation of decisionmaking probability. At present, there are a lot of transformation methods of decision-making probability [24–34], and
these methods have certain advantages as well as some drawbacks. Based on the existing methods, for the sake of improving the shortcomings of Daniel’s proportion transformation
methods, this paper proposes a transformation method of
decision-making probability based on the certainty degree.
In accordance with the characteristics of BPA, the sum of
each single proposition’s BPA is regarded as the certainty
degree of system, and the decision-making probability of each
proposition is acquired by linear combination, which is the
transformation method of decision-making probability based
on proportional belief and proportional plausibility.

GS
(2.0, 3.0]
(1.0, 1.5]
(0.4, 0.6]

MD
(3.0, 4.0]
(1.5, 2.0]
(0.6, 0.8]

VD
(4.0, +∞)
(2.0, +∞)
(0.8, +∞)

2.3.2. Transformation Based on the Certainty Degree. In order
to better take advantage of proportional transformation
methods and overcome their deficiencies, this paper linearly
combines these two approaches, which makes the attitude
of transformation neither optimistic nor conservative, and
draws reasonable decision-making probability.
Since single proposition’s BPA reflects the precise level
of system about the proposition, single proposition’s BPA
is lager, which indicates that the certainty degree of system about the proposition will be higher, and vice versa.
Therefore, depending on the similar nature between the
part and the whole, the sum of each single proposition’s
BPA can be regarded as the certainty degree of system
and used as the weight to combine the proportional belief
transformation method and proportional plausibility transformation method. When the certainty degree of system
about the proposition is larger, the attitude of transformation
should be relatively optimistic. On the contrary, it should be
conservative.
Based on the foregoing, the transformation formula of
new method is defined as follows:
𝑃new (𝐴) = 𝛽 ⋅

𝑚 (𝐴)
𝑚 (𝑋)
𝑚 (𝐵)
∑
𝐴⊆𝑋∈2Θ 𝐵∈𝑋
∑

+ (1 − 𝛽) ⋅

Pl (𝐴)
𝑚 (𝑋) ,
∑
Pl (𝐵)
𝐴⊆𝑋∈2Θ 𝐵∈𝑋

where
𝛽=

𝑚 (𝑋) .

∑
𝑋∈2Θ ,|𝑋|=1

2.3.1. Daniel’s Proportional Transformations
𝑚 (𝐴)
𝑚 (𝑋) .
∑
𝑚 (𝐵)
𝐴⊆𝑋∈2Θ 𝐵∈𝑋
∑

(9)

This method uses belief ratio between single proposition
and multiple propositions to obtain the decision-making
probability. The attitude of transformation is more optimistic,
which is easy to increase the risk of decision-making.
(2) Proportional Plausibility Transformation. Consider
Pl (𝐴)
𝑚 (𝑋) .
∑
Pl (𝐵)
𝐴⊆𝑋∈2Θ 𝐵∈𝑋

(12)

Since 𝐴 is single proposition, so formula (11) can be
written as follows:

(1) Proportional Belief Transformation. Consider
PropBelP (𝐴) =

(11)

∑

𝑃new (𝐴)
= 𝑚 (𝐴) +

∑
𝐴⊆𝑋∈2Θ ,|𝑋|>1

[𝛽 ⋅

𝑚 (𝐴)
∑𝐵∈𝑋 𝑚 (𝐵)

+ (1 − 𝛽) ⋅

Pl (𝐴)
] 𝑚 (𝑋) .
∑𝐵∈𝑋 Pl (𝐵)
(13)

(10)

The effectiveness of new method can be illustrated by the
following example.

This method uses plausibility ratio between single proposition and multiple propositions to obtain decision-making
probability. The attitude of transformation is more conservative, which is not conducive to make decision.

Example 1. Suppose FOD Θ = {𝜃1 , 𝜃2 , 𝜃3 , 𝜃4 }; then, the BPA
is given in Table 2.
The results of new method compared to the other usual
methods are shown in Table 3.

PropPlP (𝐴) =

∑

4
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Table 2: The BPA.

Propositions
𝑚

𝜃1
0.8

𝜃2
0

𝜃3
0

𝜃4
0

Table 4: Evaluation grades and quantitative intervals.
𝜃1 ∪ 𝜃2 ∪ 𝜃3 ∪ 𝜃4
0.2

Table 3: The comparisons of different methods.
Methods
BetP
PFT
CuzzP
PrPl
PrBel
PrNPl
PraPl
PropBelP
PropPlP
This paper

𝜃1
0.850
0.625
0.850
0.925
1.000
0.625
0.925
1.000
0.925
0.985

𝜃2
0.050
0.125
0.050
0.025
0.000
0.125
0.025
0.000
0.025
0.005

𝜃3
0.050
0.125
0.050
0.025
0.000
0.125
0.025
0.000
0.025
0.005

𝜃4
0.050
0.125
0.050
0.025
0.000
0.125
0.025
0.000
0.025
0.005

In the methods of PFT and PrNPl, 𝑃(𝜃1 ) = 0.625 <
𝑚(𝜃1 ) = 0.8, which is obviously unreasonable. Because the
BPA of 𝜃1 ∪𝜃2 ∪𝜃3 ∪𝜃4 should not be assigned to 𝜃1 completely,
the results of PrBel and PropBelP are also unreasonable. In
new method, 𝑃(𝜃1 ) = 0.985 is far larger than 𝑃(𝜃2 ) =
𝑃(𝜃3 ) = 𝑃(𝜃4 ) = 0.005, which shows that new method is more
reasonable and helpful to make decision than other methods.
2.4. Fusing the BPA. The navigation safety of underwater
vehicles is affected by various ocean environment factors. If
one factor makes underwater vehicles dangerous and others
make underwater vehicles very safe, underwater vehicles
should be in dangerous condition. Therefore, the BPA of each
factor needs to be preprocessed before fusing to increase the
weight of factor that makes underwater vehicles dangerous,
which is consistent with the concept of super-standard
weight. So the super-standard weight is used to deal with
the BPA of each factor, and then a weighted average BPA
is computed by the weight. Finally, D-S combination rule is
used to obtain evaluation result through the former weighted
average BPA.
The literature [35] gave a method to determine the superstandard weight according to the membership degree:
𝑁

𝜔𝑖 = ∑ 𝑗𝑟𝑖𝑗 ,

(14)

𝑗=1

where 𝑁 is the number of evaluation grades and 𝑟𝑖𝑗 is the
membership degree of 𝑖th factor on 𝑗th evaluation grade.
Definition 2. Here the BPA 𝑚𝑖,𝑛 of 𝑖th factor on 𝑛th evaluation
grade 𝑒𝑛 is used to replace 𝑟𝑖𝑗 :
𝑁

𝜔𝑖 = ∑ 𝑛𝑚𝑖,𝑛 .
𝑛=1

(15)

Evaluation grade
VS
MS
GS
MD
VD

Evaluation interval (𝑥)
0 ≤ 𝑥 < 20
20 ≤ 𝑥 < 40
40 ≤ 𝑥 < 60
60 ≤ 𝑥 < 80
80 ≤ 𝑥 ≤ 100

Average value
10
30
50
70
90

Definition 3. The weight 𝜔𝑖 of each factor can be obtained by
normalizing the 𝜔𝑖 :
𝜔𝑖 =

𝜔𝑖

∑𝑘𝑖=1 𝜔𝑖

,

(16)

where 𝑘 is the number of factors.
Definition 4. The weighted average BPA 𝑚 is acquired by
using the weighted average method to deal with the BPA of
each factor.
The weight of each factor and their BPAs can be written
as in matrices 𝐴 and 𝐵:
𝐴 = [𝜔1 𝜔2 ⋅ ⋅ ⋅ 𝜔𝑘 ]
𝑚1 (𝑒1 ) 𝑚1 (𝑒2 ) ⋅ ⋅ ⋅ 𝑚1 (𝑒𝑁)
]
[
[𝑚2 (𝑒1 ) 𝑚2 (𝑒2 ) ⋅ ⋅ ⋅ 𝑚2 (𝑒𝑁)]
].
𝐵=[
[ ⋅⋅⋅
⋅⋅⋅
⋅⋅⋅
⋅⋅⋅ ]
]
[

(17)

[𝑚𝑘 (𝑒1 ) 𝑚𝑘 (𝑒2 ) ⋅ ⋅ ⋅ 𝑚𝑘 (𝑒𝑁)]
So 𝑚 can be defined as
𝑚=𝐴⋅𝐵
= [𝜔1 𝜔2 ⋅ ⋅ ⋅ 𝜔𝑘 ]
𝑚1 (𝑒1 ) 𝑚1 (𝑒2 ) ⋅ ⋅ ⋅ 𝑚1 (𝑒𝑁)
]
[
[𝑚2 (𝑒1 ) 𝑚2 (𝑒2 ) ⋅ ⋅ ⋅ 𝑚2 (𝑒𝑁)]
]
⋅[
[ ⋅⋅⋅
⋅⋅⋅
⋅⋅⋅
⋅⋅⋅ ]
]
[

(18)

[𝑚𝑘 (𝑒1 ) 𝑚𝑘 (𝑒2 ) ⋅ ⋅ ⋅ 𝑚𝑘 (𝑒𝑁)]
= [𝑚1 𝑚2 ⋅ ⋅ ⋅ 𝑚𝑁] .
At last, the evaluation result 𝐶 = [𝑟1 𝑟2 𝑟3 𝑟4 𝑟5 ] can be
acquired by using 𝑘 − 1 times D-S combination rule to fuse
𝑚.
2.5. Obtaining the Safety Situation Index. Safety situation
should be a comprehensive description about each evaluation
grade. Therefore, in order to make evaluation result of ocean
environment safety situation more intuitive, the evaluation
result needs to be disposed to obtain a rational and clear
safety situation index. Here evaluation grades are quantized
with different quantitative intervals, set {VS, MS, GS, MD,
VD} = {0–19, 20–39, 40–59, 60–79, 80–100}, and take their
average values: {10, 30, 50, 70, 90}. Evaluation grades and
corresponding quantitative intervals are as shown in Table 4.
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Figure 2: Safety situation (February).
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Figure 3: Safety situation (April).

The quantitative average values can be seen as a vector: 𝐷 =
𝑇
[10 30 50 70 90] .
Definition 5. Safety situation index is obtained by the product
between the evaluation result and the average values. If the
index is higher, the evaluation grade is more dangerous.
Namely, safety situation index SSI can be defined as:
SSI = 𝐶 ⋅ 𝐷
𝑇

= [𝑟1 𝑟2 𝑟3 𝑟4 𝑟5 ] ⋅ [10 30 50 70 90] .

(19)

Obviously, SSI ∈ [0, 100].

3. Results and Discussion
In this section, simulations have been carried out aiming at
validating the performance of evaluation method. According
to the existing data of National Marine Data and Information
Service, the analyzed data of ocean current, the forecasting
data of tide current, and the statistical data of pycnocline are
chosen, resolution is 0.125∘ , depth is 30 m and 50 m, month
is February, April, June, August, October, and December,
longitude ranges from 110∘ E to 130∘ E, and latitude ranges

from 18∘ N to 30∘ N. Since the existing data are all too small to
fully describe the safety situation, in order to better illustrate
the effectiveness of the proposed method, the existing data
are magnified. The results can be seen in Figures 2–7. The different colors represent the different safety situation indexes,
and horizontal axis represents longitude, while vertical axis
represents latitude in each figure.
From results in Figures 2–7, it is obvious that the influence
of ocean environment on underwater navigation safety has
regional characteristics and seasonal characteristics. Safety
situation indexes of various depths are different at the same
position in the same month. Safety situation index is larger
in some regions, and it is smaller in other regions. With
the change of seasons, safety situation index also varies. The
reason is that the values of ocean environment factors are
various in different seasons. That is to say, ocean environment
factors have seasonal characteristics. From the BPAs of ocean
environment factors, it is easy to find that tide current plays
a leading role in evaluating safety situation. With the change
of months, the impact is also different. As can be seen from
Figures 2 and 3, most areas are very dangerous, because the
values of tide current in these areas are lager in February
and April. However, tide current has a little impact on safety
situation in June, August, October, and December. In Figures
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Figure 4: Safety situation (June).
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Figure 5: Safety situation (August).
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Figure 6: Safety situation (October).

4, 5, and 6, there are few “very dangerous” regions and “more
dangerous” regions. In particular, they is almost none in
Figure 7.

4. Conclusions
Ocean environment has a significant impact on underwater
navigation safety. No matter how an underwater vehicle

is carrying out the task or sailing, the influence of ocean
environment on navigation safety needs to be closely grasped.
Due to distinguished performance of D-S evidence theory
on handling uncertainty information, it is quite befitting for
evaluating underwater ocean environment safety situation.
This theory is used to deal with ocean environment information to acquire evaluation result of underwater ocean environment safety situation in this paper. The simulation results
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Figure 7: Safety situation (December).

validate that the method proposed is of great theoretical value
and practical significance.
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Coupling parameter estimation (CPE) that uses observations to estimate the parameters in a coupled model through error
covariance between variables residing in different media may increase the consistency of estimated parameters in an air-sea coupled
system. However, it is very challenging to accurately evaluate the error covariance between such variables due to the different
characteristic time scales at which flows vary in different media. With a simple Lorenz-atmosphere and slab ocean coupled system
that characterizes the interaction of two-timescale media in a coupled “climate” system, this study explores feasibility of the CPE
with four-dimensional variational analysis and ensemble Kalman filter within a perfect observing system simulation experiment
framework. It is found that both algorithms can improve the representation of air-sea coupling processes through CPE compared to
state estimation only. These simple model studies provide some insights when parameter estimation is implemented with a coupled
general circulation model for improving climate estimation and prediction initialization.

1. Introduction
Due to its potential to reduce initial shocks between different
media in a coupled climate system, coupled data assimilation
(CDA) that uses coupled model dynamics to extract observational information in one or more media is emerging as an
important topic in the climate community ([1–6] the related
discussion at the Sixth World Meteorological Organization
Data Assimilation Symposium (http://das6.cscamm.umd
.edu/)). Based on Bayes’ rule, two main data assimilation algorithms, four-dimensional variational analysis (4D-Var) [7–9],
and ensemble Kalman filter (EnKF) [10] have been used to
develop CDA systems [3, 4]. Many efforts have been made to
compare the performances of 4D-Var and EnKF either under
CDA or not [11–16]. It has been found that 4D-Var and EnKF

have a comparable performance when the former uses an
appropriate minimization time window (MTW) and the
latter adopts a suitable variance inflation scheme [17]. While
4D-Var requires a shorter spin-up time in the weather timescale (like days), EnKF can produce a better forecast skill at a
long lead time [18–20] in the season timescale (like months).
To reduce model errors and improve coupled model
predictability, coupled model parameter estimation (also
referred to as parameter optimization in the literature)
has been introduced into CDA [21–27]. However, coupling
parameter estimation (CPE) that uses observations in one
medium to estimate the model parameters in other media has
not yet been studied in 4D-Var and EnKF. In a climate system
that has multiple characteristic time scales, model parameters
have remarkable impacts on all model variables. Thus, it
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is expected that CPE may further enhance the consistency
of estimated parameters and model states in a coupled
system. Although data assimilation in a multiple space
and time scale system has been explored [2, 28], the CPE
in such a system has not been fully investigated. Both 4D-Var
and EnKF can be used to implement CPE. It is well known
that although they originated from the same information estimation theory (Bayes’ rule), different numerical implementations make different performances of 4D-Var and EnKF data
assimilation [17]. On one hand, by minimizing a cost function
that measures the distance between observations and model
states within a specific MTW, 4D-Var CPE seeks a posterior
maximum likelihood solution of model parameters in different media in terms of the best fitting of modeling trajectory
to observations. On the other hand, EnKF CPE uses flowdependent coupling error covariance (i.e., error covariance
between a model variable in the observational medium and
a parameter in another medium) to project observational
information onto the parameter being estimated, thereby
implementing CPE in a sequential manner.
Since evaluating the error covariance of variables residing
in different media with a finite ensemble is difficult [6] and
a specific MTW is difficult to capture multiple time scales
in minimization, CPE is therefore challenging in both EnKF
and 4D-Var. A fundamental issue is can 4D-Var or EnKF CPE
improve representation of the model air-sea coupling process? Based on a conceptual coupled model [25] which couples a chaotic atmosphere [29] with a slab ocean, we set up an
observing system simulation experiment (OSSE) [30] which
takes a Nature Run as the truth of model states to answer
this question. Within this framework, in both 4D-Var CPE
and EnKF CPE, “observations” drawn from a “truth” model
that uses the default parameter values are assimilated into the
assimilation model which uses erroneously set parameter
values for optimizing the coupling parameters.
The paper is organized as follows. Section 2 describes the
methodology, starting from introducing the simple coupled
model, followed by the OSSE setup as well as implementation
of the 4D-Var CPE and EnKF CPE. This section also presents
the scale analysis of perturbed terms in the model equations
and the sensitivity study of model parameters. Sections 3 and
4 examine the results of 4D-Var CPE and EnKF CPE, respectively. Different performances of EnKF CPE and 4D-Var
CPE are investigated in Section 5. Summary and discussions
are given in Section 6.

2. Methodology
2.1. The Simple Coupled Model. To study coupling parameter
estimation (CPE) implemented by 4D-Var and EnKF so as to
answer the question (i.e., can 4D-Var or EnKF CPE improve
representation of the model air-sea coupling process?) posed
in Section 1, we employ a simple “climate” model [25] which
consists of a chaotic atmosphere model [29] coupled to a
slab ocean model to simulate the interaction of the fast
atmosphere and slow ocean:
𝑥1̇ = −𝜎𝑥1 + 𝜎𝑥2 ,
𝑥2̇ = −𝑥1 𝑥3 + (1 + 𝑐1 𝑤) 𝜅𝑥1 − 𝑥2 ,

𝑥̇3 = 𝑥1 𝑥2 − 𝑏𝑥3 ,
𝑂𝑚 𝑤̇= 𝑐2 𝑥2 − 𝑂𝑑 𝑤 + 𝑆𝑚 + 𝑆𝑠 cos (

2𝜋𝑡
),
𝑆𝑝𝑑
(1)

where an overdot denotes time tendency; 𝑥1 , 𝑥2 , and 𝑥3
(hereafter denoted by 𝑥1,2,3 if they are presented together) are
the high-frequency variables of the atmosphere and 𝑤 represents the slab ocean. (𝑂𝑚 , 𝑂𝑑 ) define the oceanic time scale,
where 𝑂𝑚 is the ratio of heat capacity between the slab ocean
and the chaotic atmosphere while 𝑂𝑑 is the damping coefficient of the temperature 𝑤 (∘ C) of the slab ocean. 𝑂𝑚 is a
dimensionless parameter. The unit of 𝑂𝑑 is 1/Δ𝑡, where Δ𝑡
represents the dimensionless time step. The “atmosphere” and
the “ocean” interact with each other through the coupling
−1
coefficients 𝑐1 and 𝑐2 . Here, the unit of 𝑐1 is (∘ C) while 𝑐2 is a
dimensionless parameter. The external solar forcing is represented by 𝑆𝑚 + 𝑆𝑠 cos(2𝜋𝑡/𝑆𝑝𝑑 ), where 𝑆𝑚 represents the
annual mean temperature (∘ C) of the slab ocean and 𝑆𝑠 (in ∘ C)
and 𝑆𝑝𝑑 (in Δ𝑡) represent the amplitude and period of the
model seasonal cycle.
While the detailed description of the model construction
can be found in [25], here, we only comment on the setting of
model parameter values. The “atmospheric” parameters 𝜎, 𝜅,
and 𝑏 take their standard values of 9.95, 29, and 8/3. For maintaining the chaotic nature of the “atmosphere” and the stabil−1
ity of the system, the values of 𝑐1 and 𝑐2 are chosen as 0.1 (∘ C)
and 1. 𝑂𝑚 and 𝑂𝑑 are set to 10 and 1, which defines the oceanic
time scale as 10 times of the atmospheric time scale. The
parameters 𝑆𝑚 and 𝑆𝑠 are set as 10∘ C and 1∘ C, respectively. The
𝑆𝑝𝑑 is chosen as 10 Time Units (TU, 1 TU = 100 time steps =
100Δ𝑡) so that the period of the forcing is comparable with
the oceanic time scale, defining the time scale of the model
seasonal cycle. Given the value of 𝑆𝑝𝑑 , the model calendar
year is defined as 10 TUs. If we assume that one year has 360
model days, Δ𝑡 is equivalent to 0.36 model days.
Using a leap-frog time stepping scheme with a RobertAsselin time filter [31, 32] and starting from the initial conditions (𝑥1 , 𝑥2 , 𝑥3 , 𝑤) = (0, 1, 0, 0) (note that since the leapfrog time stepping scheme is applied, initial conditions at
both time 0 and time 1 are set to (0, 1, 0, 0).), the model is first
freely run for 104 TUs by setting the parameters (𝜎, 𝜅, 𝑏, 𝑐1 ,
𝑐2 , 𝑂𝑚 , 𝑂𝑑 , 𝑆𝑚 , 𝑆𝑠 , 𝑆𝑝𝑑 , and 𝛾), where 𝛾 is the time filtering
coefficient, to be the default values as prescribed in Table 1.
2.2. OSSE Setup. OSSE that takes a Nature Run as the “truth”
is an effective way to preliminarily study the validity of data
assimilation algorithm and/or assess the observing system
impact [30]. In this study, we setup an OSSE to study the
EnKF CPE and the 4D-Var CPE. For simplicity, we assume
that the model error only comes from the errors of the parameters to be estimated (see Table 1). The coupled model with
the default parameter values produces the true solution for
the parameter estimation problem. The “observations” are the
samples of the “truth” model states after the spin-up of
104 TUs. A random Gaussian noise is superimposed on the
“truth” values every 5 time steps for 𝑥1,2,3 and every 20
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Table 1: Default values and values used in OSSE of the model
parameters.

Table 2: The instantaneous state and parameter estimations in four
data assimilation experiments.

Parameter
𝜎
𝜅
𝑏
𝑐1
𝑐2
𝑂𝑚
𝑂𝑑
𝑆𝑚
𝑆𝑠
𝑆𝑝𝑑
𝛾

Experiment
EXP-1
EXP-2
EXP-3
EXP-4

Default value
9.95
29
8/3
0.1
1
10
1
10
1
10
0.25

Value used in OSSE
9.95
29
8/3
0.11
1.1
10
1
10
1
10
0.25

Unit
—
—
—
(∘ C)−1
—
—
1/Δ𝑡
∘
C
∘
C
Δ𝑡
—

time steps for 𝑤, respectively, to produce the corresponding
observations. Note that, to simulate the real world sampling
frequency, the atmospheric observations are taken more
frequently (4 times) than the oceanic observations. The
standard deviations of observational errors are 2 for 𝑥1,2,3 and
0.2 for 𝑤, respectively.
The parameters to be estimated are 𝑐1 and 𝑐2 that are the
coupling parameters between the ocean and the atmosphere.
Through examining the estimation of 𝑐1 and 𝑐2 , we can
directly study the impact of coupling parameter estimation
on the representation of coupling processes. First guess of the
parameters 𝑐1 and 𝑐2 is 0.11 (the “truth” is 0.1) and 1.1 (the
“truth” is 1.0), respectively. From the initial condition (𝑥1 , 𝑥2 ,
𝑥3 , 𝑤) = (0, 1, 0, 0), the assimilation model with the first guess
of 𝑐1 and 𝑐2 is spun up for 104 TUs to produce the assimilation
initial conditions of 𝑥1,2,3 and 𝑤 (denote as Π). Continuous
integrations from these initial values of the assimilation
model serve as a control run without any observational
constraint. Therefore, this is a free model run, that is, without
data assimilation.
To study the 4D-Var CPE and EnKF CPE, we design four
experiments for each algorithm: (1) EXP-1: the atmospheric
and oceanic observations are used to estimate the states of the
atmosphere and the ocean while keeping 𝑐1 and 𝑐2 constant;
(2) EXP-2: the atmospheric and oceanic observations are used
to estimate the states of the atmosphere and the ocean as
well as 𝑐2 while keeping 𝑐1 constant; (3) EXP-3: the atmospheric and oceanic observations are used to estimate the
states of the atmosphere and the ocean as well as 𝑐1 while
keeping 𝑐2 constant; (4) EXP-4: the atmospheric and oceanic
observations are used to estimate the states of the atmosphere
and the ocean, 𝑐1 and 𝑐2 . Table 2 gives the details of assimilation schemes of these four experiments. The data assimilation period is set to be 100 TUs. Parameter estimation is
activated after 10 TUs of state estimation which reaches quasiequilibrium so that the state-parameter covariance used for
parameter estimation is signal-dominated [25]. In addition,
the leap-frog time stepping requires two time-level adjustments [33] (i.e., observations at time 𝑡 are used to adjust the
model states at time 𝑡 and time 𝑡 − 1). And also, to investigate
the sensitivity of the 4D-Var CPE and the EnKF CPE with

Observations
𝑜
𝑥1,2,3
, 𝑤𝑜
𝑜
𝑥1,2,3 , 𝑤𝑜
𝑜
𝑥1,2,3
, 𝑤𝑜
𝑜
𝑥1,2,3
, 𝑤𝑜

Adjusted variables and parameters
x1,2,3 , 𝑤
x1,2,3 , 𝑤, 𝑐2
x1,2,3 , 𝑤, 𝑐1
x1,2,3 , 𝑤, 𝑐1 , 𝑐2

respect to the observational interval, four pairs of (atmosphere and ocean) observational intervals: (0.05, 0.2), (0.1,
0.4), (0.2, 0.8), and (0.5, 2.0) TUs are examined. Finally, the
results of the last 50 TUs are used for CPE evaluation. Note
that, given the low-order model and the scalar nature of
parameters, the absolute error of the estimated parameter or
the air-sea coupling processes which refer to the truth is the
main criterion of the CPE evaluation.
We see from time series of 𝑥2 (Figure 1(a)) and 𝑤
(Figure 1(b)) in the truth, model control, and “observations”
that the erroneous parameters can lead the model states of the
free run to depart far away from the truth and observations.
According to the governing equation (Equation (1)) of the
simple coupled model, the Lorenz-atmosphere is forced by
the term 𝑐1 𝑤 from the slab ocean while the slab ocean couples
with the atmosphere via the term 𝑐2 𝑥2 . Thus, we examine the
𝑐1 𝑤 and 𝑐2 𝑥2 errors to study the representation of the air-sea
coupling processes in this study.
2.3. Scale Analysis of the Perturbed Terms in the Model
Equations. Within the OSSE framework, here, we make a
scale analysis of the size of the perturbed terms in the model
equations. Since the model error is assumed to arise from the
uncertainties of 𝑐2 and 𝑐1 , in the ocean, the impact of an
erroneous parameter 𝑐2 and an erroneous atmosphere 𝑥2 is
contained in the term 𝑐2 𝑥2 . The error is 𝛿(𝑐2 𝑥2 ) = 𝑥2 𝛿(𝑐2 ) +
𝑐2 𝛿(𝑥2 ). The characteristic scales of 𝛿(𝑐2 ) and 𝛿(𝑥2 ) are 0.1
and 10, respectively. Thus, given the default value (i.e., 1.0)
of 𝑐2 and the characteristic scale (i.e., 10) of 𝑥2 , the scale
[i.e., the term 𝑥2 𝛿(𝑐2 ) which is about 1.0] of correction of the
oceanic parameter 𝑐2 would be one order smaller than the
scale [i.e., the term 𝑐2 𝛿(𝑥2 ) which is about 10] of correction
of the atmospheric state 𝑥2 .
Similarly, in the atmosphere, the impact of an erroneous
parameter 𝑐1 and an erroneous ocean 𝑤 is contained in the
term 𝑐1 𝑤. The error is 𝛿(𝑐1 𝑤) = 𝑤𝛿(𝑐1 ) + 𝑐1 𝛿(𝑤). The
characteristic scales of 𝛿(𝑐1 ) and 𝛿(𝑤) are 0.01 and 1.0, respectively. Thus, given the default value (i.e., 0.1) of 𝑐1 and the
characteristic scale (i.e., 10) of 𝑤, the scale [i.e., the term
𝑤𝛿(𝑐1 ) which is about 0.1] of correction of the atmospheric
parameter 𝑐1 would be the same as the scale [i.e., the term
𝑐1 𝛿(𝑤) which is about 0.1] of correction of the oceanic state
𝑤.
To summarize, the error of the oceanic state is one order
smaller than the error of the atmospheric state. Thus, estimating the oceanic parameter 𝑐2 will be more difficult than
estimating the atmospheric parameter 𝑐1 .
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Figure 1: Time series of (a) 𝑥2 for the first 10 TUs and (b) 𝑤 for
100 TUs of the assimilation period derived from the truth (red),
model control run (blue), and observations (black solid circle),
respectively.

2.4. Model Sensitivities with respect to Parameters. We perform a sensitivity study for seven empirical parameters (𝜎, 𝜅,
𝑏, 𝑂𝑚 , 𝑂𝑑 , 𝑐1 , and 𝑐2 ) using the same strategy as [26]. Each
examined parameter is perturbed through adding a Gaussian
noise to its default value (a percentage of the default value as
the standard deviation of the noise) while other parameters
remain unperturbed. With an ensemble size of 20, the model
is freely run for 20 TUs. It is found that, as long as the perturbed parameter values can maintain the stochastic nature
of the “atmosphere,” the examined ensemble spread does
not have much dependence on the perturbation amplitude
(i.e., the standard deviation of the above Gaussian noise) but
the spin-up time is a little longer for a small perturbation.
For a 5% perturbation (i.e., the standard deviation of the
Gaussian noise is 5% of the default value), Figure 2 shows the
time series of the ensemble spreads of 𝑥2 (Figure 2(a)) and
𝑤 (Figure 2(b)), where the black, blue, red, green, yellow,
dashed-black, and pink curves, respectively, represent the
results of 𝑏, 𝑐1 , 𝑐2 , 𝜅, 𝑂𝑑 , 𝑂𝑚 , and 𝜎. Here, the ensemble spreads
of 𝑥2 and 𝑤 have been normalized by their own climatological
standard deviations (14.5 for 𝑥2 and 1.5 for 𝑤). We can see
that different variables have different response times (defined
as the spin-up period of ensemble spread) with regard to
various parameters. For the four atmospheric parameters,
the response times of 𝑥2 and 𝑤 are about 3 TUs and 6 TUs,

Figure 2: Time series of sensitivities of (a) 𝑥2 and (b) 𝑤 with
respect to 𝜎 (pink), 𝜅 (green), 𝑏 (black), 𝑂𝑚 (dashed-black), 𝑂𝑑
(yellow), 𝑐1 (blue), and 𝑐2 (red). Note that here the sensitivities of
𝑥2 and 𝑤 are computed as the ensemble spreads normalized by their
climatological standard deviations (i.e., 14.5 and 1.5). Parameters 𝜎,
𝜅, 𝑏, 𝑂𝑚 , and 𝑐2 are dimensionless while the units of 𝑂𝑑 and 𝑐1 are
1/Δ𝑡 and (∘ C)−1 , where Δ𝑡 is the dimensionless time step.

respectively. For the three oceanic parameters, the response
times of 𝑥2 and 𝑤 are about 5 TUs and 10 TUs, respectively.
Therefore, if 4D-Var is used to perform CPE of the oceanic
parameters, the typical lengths of MTWs for 𝑥2 and 𝑤 could,
respectively, be 5 TUs and 10 TUs. For example, for 𝑥2 , an
MTW less than 5 TUs is regarded as a short window while
an MTW greater than 5 TUs is regarded as a long window.
From Figure 2, we can see that, among four atmospheric
parameters (𝜎, 𝜅, 𝑏 and 𝑐1 ), both 𝑥2 and 𝑤 have the largest
sensitivities with respect to 𝜅 (green) and 𝑐1 (blue) during the
spin-up period. Similarly, for the three oceanic parameters
(𝑂𝑑 , 𝑂𝑚 , and 𝑐2 ), 𝑥2 and 𝑤 are most sensitive to the coupling
parameter 𝑐2 (red). Combining the question presented in
Section 1, two coupling parameters 𝑐1 and 𝑐2 are chosen as the
parameters to be estimated in the following CPE experiments.
2.5. Implementation of 4D-Var CPE. Consistent with Table 2,
the formulas of the cost functions for four experiments are
𝐽EXP-1 (X)
1
𝑇
= [X (𝑡0 ) − X𝑏 ] B−1 [X (𝑡0 ) − X𝑏 ]
2 𝑁
1
𝑇
+ ∑ {H [X (𝑡𝑖 )] − Y𝑜 (𝑡𝑖 )} R−1 {H [X (𝑡𝑖 )] − Y𝑜 (𝑡𝑖 )} ,
2 𝑖=1
(2)

Advances in Meteorology

5

𝐽EXP-2 (X, 𝑐2 )
=

1
𝑇
[X (𝑡0 ) − X𝑏 ] B−1 [X (𝑡0 ) − X𝑏 ]
2
+

2
1
(𝑐2 − 𝑐2𝑏 )
2𝑉𝑐2

+

1 𝑁
𝑇
∑ {H [X (𝑡𝑖 )] − Y𝑜 (𝑡𝑖 )}
2 𝑖=1

(3)

⋅ R−1 {H [X (𝑡𝑖 )] − Y𝑜 (𝑡𝑖 )} ,
𝐽EXP-3 (X, 𝑐1 )
=

1
𝑇
[X (𝑡0 ) − X𝑏 ] B−1 [X (𝑡0 ) − X𝑏 ]
2
+

2
1
(𝑐1 − 𝑐1𝑏 )
2𝑉𝑐1

+

1 𝑁
𝑇
∑ {H [X (𝑡𝑖 )] − Y𝑜 (𝑡𝑖 )}
2 𝑖=1

(4)

⋅ R−1 {H [X (𝑡𝑖 )] − Y𝑜 (𝑡𝑖 )} ,
𝐽EXP-4 (X, 𝑐1 , 𝑐2 )
=

2
2
1
1
(𝑐1 − 𝑐1𝑏 ) +
(𝑐2 − 𝑐2𝑏 )
2𝑉𝑐1
2𝑉𝑐2

1
𝑇
+ [X (𝑡0 ) − X𝑏 ] B−1 [X (𝑡0 ) − X𝑏 ]
2
+

(5)

1 𝑁
𝑇
∑ {H [X (𝑡𝑖 )] − Y𝑜 (𝑡𝑖 )}
2 𝑖=1
⋅ R−1 {H [X (𝑡𝑖 )] − Y𝑜 (𝑡𝑖 )} ,
(𝑥10 , 𝑥20 , 𝑥30 , 𝑤0 , 𝑥11 , 𝑥21 , 𝑥31 , 𝑤1 )𝑇

where X =
represents the
initial 𝑥1,2,3 and 𝑤 at two time levels whose background
values are denoted as X𝑏 . The superscript “𝑇” denotes
the transpose. The background error covariance matrix is
simply set as the observational error covariance matrix R =
diag{4.0, 4.0, 4.0, 0.04, 4.0, 4.0, 4.0, 0.04}. 𝑡0 is the initial time
within an MTW. 𝑁 represents the number of observations
within the MTW. H is the linearized observation operator which is diag{1, 1, 1, 1, 0, 0, 0, 0} in this study. Y𝑜 =
𝑜
(𝑥1𝑜 , 𝑥2𝑜 , 𝑥3𝑜 , 𝑤𝑜 )𝑇 is the observation vector in which 𝑥1,2,3
and
𝑜
𝑤 , respectively, represent the observations of 𝑥1,2,3 and 𝑤.
𝑐1𝑏 and 𝑐2𝑏 indicate the background values of 𝑐1 and 𝑐2 , respectively. The background error variances of 𝑐1 and 𝑐2 , that is,
𝑉𝑐1 and 𝑉𝑐2 , are set to 0.00552 and 0.0552 .
The gradient of the cost function with respect to the
parameter can be obtained using the adjoint method [34].
Due to the nonlinearity of the Lorenz-63 model, many local
minima of the cost function exist in the space of parameter
values when the MTW is relatively long, which may cause
the standard quasi-Newton method (e.g., L-BGFS) [35] fail to
find the optimal solution. In this study, we employ a limited

memory bundle method (LMBM) [16, 36, 37] to implement
the minimization of 4D-Var. Different from other methods
[17, 38] for solving the multiple minima issue, LMBM is a
hybrid of the variable metric bundle methods [39] and the
limited memory variable metric methods [40]. This method
is a solver of large-scale nonsmooth global optimization
which neither needs to solve the time-consuming directionfinding issue in the standard bundle method nor needs to
increase the number of stored subgradients when the dimension of the problem grows. The necessary input for LMBM
algorithm includes the number of control variables, the maximum bundle dimension, the upper limit for maximum number of stored corrections, the maximum number of stored
corrections, the first guess of control variables, the cost function value, the tolerance for the first or second termination
criterion, and the maximum number of iterations [41]. Trial
and error tests suggest that the last two inputs should be set
to 10−5 and 200.
In addition to the observational interval, the sensitivity
of the 4D-Var CPE with respect to the length of MTW is
also studied. We examined five MTWs: 0.5, 1.0, 2.0, 5.0, and
10 TUs. For all four data assimilation experiments, 4D-Var
optimizes the initial fields when observations are available;
that is, the analysis interval is the same as the observational
interval. The absolute error of the optimized initial field
relative to the truth is used to assess the quality of the 4D-Var
CPE.
2.6. Implementation of EnKF CPE. In this study, a derivative
of deterministic EnKF which does not need to perturb observations, the ensemble adjustment Kalman filter (EAKF) [11],
is employed to implement the EnKF CPE.
For an EnKF algorithm, the analysis solution includes
the following two parts. One is the updated ensemble mean
formulated as
𝑎

𝑏

𝑏

X = X + K [Y𝑜 − HX ] ,
𝑎

(6)

𝑏

where X and X are the analysis and background of ensemble
mean (X) of state vector X and K is the Kalman-gain matrix
sampled by a finite ensemble. The other is the analysis solution of ensemble perturbations, which depends on the version
of EnKF.
When observation errors are assumed to be uncorrelated,
EAKF can sequentially assimilate observations with the
following two steps. First, the observational increment in one
medium is computed as follows:
Δ𝑦𝑖 = (√

+

𝑟2
𝑟2

+

𝑝 2
(𝜎𝑦 )

2
(𝜎𝑦𝑝 )

𝑟2

+

𝑝 2
(𝜎𝑦 )

𝑝

− 1) (𝑦𝑖 − 𝑦𝑝 )
(7)

(𝑦 − 𝑦𝑝 ) ,

where 𝑦𝑝 represents the prior ensemble mean (i.e., the model
estimate) of observation 𝑦; 𝑟 and 𝜎𝑦𝑝 denote the standard
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deviation of observational errors and the prior standard
𝑝
deviation of 𝑦. The 𝑖th prior ensemble of 𝑦, 𝑦𝑖 , is usually
obtained through applying a linear interpolation to the prior
ensemble of state variable. In this study, 𝑦 represents one of
(𝑥1𝑜 , 𝑥2𝑜 , 𝑥3𝑜 , 𝑤𝑜 ).
Second step projects the observational increment onto
related model variables and parameters. Realizations of this
step for four EnKF CPE experiments are different. Similar to
(2)–(5), here, we also give the linear regression formulas for
four experiments as follows:
EXP-1: Δ𝑥𝑖 =

EXP-2: Δ𝑥𝑖 =

cov (𝑥, 𝑦)
𝑝 2

(𝜎𝑦 )

cov (𝑥, 𝑦)
𝑝 2
(𝜎𝑦 )

Δ𝑦𝑖 ,

Δ𝑦𝑖 ,

(8)
Δ𝑐2,𝑖 =

cov (𝑐2 , 𝑦)
𝑝 2

(𝜎𝑦 )

Δ𝑦𝑖 ,
(9)

EXP-3: Δ𝑥𝑖 =

cov (𝑥, 𝑦)
𝑝 2
(𝜎𝑦 )

Δ𝑦𝑖 ,

Δ𝑐1,𝑖 =

cov (𝑐1 , 𝑦)
𝑝 2
(𝜎𝑦 )

Δ𝑦𝑖 ,
(10)

EXP-4: Δ𝑥𝑖 =

Δ𝑐2,𝑖 =

cov (𝑥, 𝑦)
𝑝 2
(𝜎𝑦 )

Δ𝑦𝑖 ,

cov (𝑐2 , 𝑦)
𝑝 2

(𝜎𝑦 )

Δ𝑐1,𝑖 =

cov (𝑐1 , 𝑦)
𝑝 2

(𝜎𝑦 )

Δ𝑦𝑖 ,

Δ𝑦𝑖 ,
(11)

where Δ𝑥𝑖 is the contribution of 𝑦 to the model variable
𝑥 for the 𝑖th ensemble member. In this study, 𝑥 represents
one of (𝑥10 , 𝑥20 , 𝑥30 , 𝑤0 , 𝑥11 , 𝑥21 , 𝑥31 , 𝑤1 ) with superscripts “0” and
“1” indicating time 𝑡 − 1 and time 𝑡. cov(𝑥, 𝑦) denotes the
error covariance between the prior ensemble of 𝑥 and the
model-estimated ensemble of 𝑦. It is worth mentioning that
all experiments adopt the same observational increments and
(8)–(11) are the main analysis equations of four experiments.
Coupling parameter estimation in EnKF is a process
similar to multivariate adjustment in state estimation for a
nonobservable variable. Without dynamical support, the
model parameter ensemble is easier to suffer the filter divergence than the model state. Thus, variance inflation is necessary for parameter estimations. The parameter variance
inflation scheme adopted in this study is the same as that in
the previous studies [23, 24, 26, 27, 42]; that is, when the current spread of the parameter ensemble is less than one-tenth
of the initial spread, it will be inflated to this amount. For
the state inflation scheme, although many sophisticated adaptively multiplicative inflation schemes are available [43–46],
due to the low dimension of the simple coupled model and
the perfect OSSE configuration here, we apply the staticmultiplicative inflation scheme [47] that inflates the perturbations of model states with a constant factor. Since the
coupled system has two characteristic time scales, two independent inflation factors are, respectively, applied to the
chaotic atmospheric variables 𝑥1,2,3 and the slab oceanic
variable 𝑤. Through repeating the EnKF CPE experiment in

the 2-dimensional space ([1, 1.2]×[1, 1.2]) of the two inflation
factors with the interval of 0.01, the inflation factors that
minimize the time-averaged (last 50 TUs) absolute errors of
ensemble means of model states are chosen as the best pair to
perform the state inflation.
The ensemble initial conditions of model states are
generated through adding a Gaussian noise to the initial field
Π. The initial ensembles of 𝑐2 and 𝑐1 are generated by adding a
Gaussian noise with standard deviations of 0.055 and 0.0055
to the biased values 1.1 and 0.11. All four data assimilation
experiments in the EnKF CPE start from the same ensemble
initial conditions. The observations used in the EnKF CPE are
the same as those used in the 4D-Var CPE. The absolute error
of ensemble mean relative to the truth is used to evaluate the
quality of the EnKF CPE. To investigate the dependence of
the EnKF CPE on ensemble size, four ensemble sizes (10, 20,
50, and 100) are examined.

3. Results of 4D-Var CPE
In this section, we first evaluate the quality of the 4DVar-estimated coupling parameters and then investigate the
impact of the estimated-parameters on the representation of
coupling processes.
3.1. Coupling Parameters. Figure 3 shows the dependence of
time mean normalized absolute errors of 𝑐2 (Figures 3(a) and
3(b)) and 𝑐1 (Figures 3(c) and 3(d)) on the observational interval and the length of MTW for EXP-2 (Figure 3(a)), EXP-3
(Figure 3(c)), and EXP-4 (Figures 3(b) and 3(d)). Note that
the absolute errors of 𝑐2 and 𝑐1 here are normalized by their
initial errors (0.1 and 0.01). Note that we use observational
interval instead of atmospheric observational interval in the
following text. In EXP-4, 4D-Var can well estimate 𝑐1 for all
observational intervals and MTWs. For short MTWs (like 50
and 100 time steps), 4D-Var cannot effectively estimate 𝑐2 with
too small (like 5 and 10 time steps) or too large (like 50 time
steps) observational intervals. According to the analysis in
Section 2.3, it is more difficult to estimate 𝑐2 than 𝑐1 . For
short MTWs, no sufficient signals of 𝑐2 are implied in the cost
function of 4D-Var, which may increase the possibility of the
failure of parameter estimation. In EXP-2 that only estimates
𝑐2 , we can see that 4D-Var fails in most cases except the
situations with short MTWs (like 50 and 100 time steps) and a
moderate observational interval (like 20 time steps). Since the
model error is mainly caused by the error of 𝑐1 , 4D-Var cannot
accurately estimate 𝑐2 without estimation of 𝑐1 . In contrast,
4D-Var can effectively estimate 𝑐1 in most cases in EXP-3.
Once 𝑐1 is estimated, the signal-to-noise ratio of 𝑐2 in the cost
function is correspondingly enhanced, which accordingly
improves the quality of the estimated 𝑐2 (see Figures 3(a) and
3(b)). Additionally, although contribution of 𝑐2 to the model
error is much less than 𝑐1 , introducing the estimation of 𝑐2 to
EXP-3 still can more or less further improve the accuracy of
the estimated 𝑐1 (see Figures 3(c) and 3(d)).
From Figures 3(b) and 3(d), we can also see that the
analysis accuracies of two parameters (especially for 𝑐2 )
strongly depend on both MTW and observational intervals
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Figure 3: Time-averaged normalized absolute errors of (a) 𝑐2 in EXP-2, (b) 𝑐2 in EXP-4, (c) 𝑐1 in EXP-3, and (d) 𝑐1 in EXP-4 of the 4D-Var
CPE. The absolute errors of 𝑐2 and 𝑐1 are normalized by their initial errors, that is, 0.1 and 0.01, respectively. The 𝑥-axis is the atmospheric
observational interval while the 𝑦-axis denotes the minimization time window (MTW) in 4D-Var. The black solid circles stand for the scatter
points used to create the contours. The dashed curve represents the 1.0 contour. Panels (a) and (b) use the upper shade scale while panels
(c) and (d) use the lower shade scale. Note that 1 Time Unit = 100 time steps. EXP-1 only performs state estimation. EXP-2 instantaneously
conducts state estimation and parameter estimation of 𝑐2 . EXP-3 instantaneously conducts state estimation and parameter estimation of 𝑐1 .
EXP-4 instantaneously conducts state estimation and parameter estimations of 𝑐1 and 𝑐2 .

when MTW is less than 500 time steps. This means that, to
obtain good analysis solutions of both 𝑐1 and 𝑐2 , an appropriate MTW (about 500 time steps here) should be used.
Note that, due to the limited number of experiments performed in this study, for example, no experiment with MTW
between 200 and 500 time steps is conducted; here, the
appropriate MTW is an approximation.
3.2. Coupling Processes. Figure 4 displays the time-averaged
normalized absolute errors of the sea-to-air coupling

process (represented by 𝑐1 𝑤) for EXP-1 (Figure 4(a)), EXP-2
(Figure 4(b)), EXP-3 (Figure 4(c)), and EXP4 (Figure 4(d)).
Here, the absolute error is normalized by the climatological
standard deviation (0.15) of 𝑐1 𝑤. Compared to EXP-1,
estimating 𝑐2 obtains nearly the same analysis of 𝑐1 𝑤 (see
Figure 4(b)). However, once 𝑐1 is estimated, the sea-toair coupling process is significantly improved (compare
Figure 4(a) with Figure 4(c)). The given parameter 𝑐1 has
been suitably corrected (see Figure 3(c)) in EXP-3, further
estimating that 𝑐2 can also partly improve the sea-to-air
coupling process (compare Figure 4(c) with Figure 4(d)).
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Figure 4: Time-averaged normalized absolute errors of 𝑐1 𝑤 in (a) EXP-1, (b) EXP-2, (c) EXP-3, and (d) EXP-4 of the 4D-Var CPE. The absolute
error of 𝑐1 𝑤 is normalized by its climatological standard deviation (0.15). All panels use the same shade scale.

Figure 5 shows the same results as Figure 4 but for the airto-sea coupling process (represented by 𝑐2 𝑥2 ). Based on EXP1, estimating 𝑐2 cannot significantly improve the quality of
𝑐2 𝑥2 (compare Figure 5(b) with Figure 5(a)). However, when
𝑐1 is further estimated, the quality of the air-to-sea coupling
processes is greatly enhanced, especially for long MTWs. In
addition, comparison between Figure 5(c) and Figure 5(d)
justifies that given 𝑐1 has been corrected and the quality of the
air-to-sea coupling processes can also be somehow enhanced
by estimating 𝑐2 . Thus, unlike the sea-to-air coupling process
(𝑐1 𝑤) which is governed by the 𝑐1 accuracy, the air-to-sea
coupling process (𝑐2 𝑥2 ) is affected by both 𝑐1 and 𝑐2 greatly.
To look into the detailed performance of 4D-Var CPE,
we choose an appropriate MTW (i.e., 500 time steps) and
a moderate observational interval (i.e., 10 time steps) to
examine the time series of the absolute errors of the air-to-sea
(Figure 6(b)) and the sea-to-air (Figure 6(a)) coupling processes for EXP-1 (red) and EXP-4 (blue). Relative to the state

estimation, coupling parameter estimation of 𝑐1 and 𝑐2
can markedly enhance the accuracy of coupling processes.
According to Section 2.4, model states are more sensitive to
𝑐1 than 𝑐2 . Scale analysis (Section 2.3) also justifies that estimating 𝑐2 is more difficult than estimating 𝑐1 . Thus, the model
error in this study is mainly attributed to the bias of 𝑐1 , causing
that the improvement of the air-to-sea coupling process is less
than that of the sea-to-air coupling process.
Analyses above show that, compared to traditional state
estimation, 4D-Var CPE can improve the representation of
air-sea coupling processes through coupling parameter estimation.

4. Results of EnKF CPE
In this section, same as in the 4D-Var case, we first assess
the quality of EnKF-estimated coupling parameters and then
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Figure 5: Same as Figure 4 but for 𝑐2 𝑥2 . The absolute error of 𝑐2 𝑥2 is normalized by its climatological standard deviation (14.5).

investigate the impact of the estimated-parameters on the
representation of coupling processes.
4.1. Coupling Parameters. Figure 7 gives the same results
as Figure 3 but for EnKF CPE. Here, the 𝑦-axis represents
ensemble size. Different from 4D-Var (Figure 3(a)), EnKF can
effectively estimate 𝑐2 in EXP-2 (Figure 7(a)). Based on EXP2, EXP-4 can further reduce the error of estimated 𝑐2 through
adjusting 𝑐1 . Both EXP-3 and EXP-4 can do a good job for the
estimation of 𝑐1 . Thus, it is not so necessary that EnKF should
firstly estimate 𝑐1 rather than 𝑐2 . This may be attributed to the
high signal-to-noise ratios of 𝑐2 implied in the error covariance between observations and 𝑐2 .
4.2. Coupling Processes. Figure 8 plots the same results as
Figure 4 but for EnKF CPE. From Figures 8(a) and 8(b), we

can see that estimation of 𝑐2 cannot significantly improve
the representation of the sea-to-air coupling process. This is
because the term 𝑐1 𝑤 is directly controlled by 𝑐1 and 𝑤 rather
than 𝑐2 . If we compare Figure 8(c) to Figure 8(a), we can see
that estimating 𝑐1 can substantially enhance the accuracy of
𝑐1 𝑤. When 𝑐2 is further estimated based on EXP-3, the error
of 𝑐1 𝑤 is also further reduced.
Figure 9 shows the same results as Figure 8 but for the airto-sea coupling process. Relative to EXP-1, both EXP-2 and
EXP-3 can reduce the error of 𝑐2 𝑥2 while simultaneously estimating 𝑐1 and 𝑐2 produces the best results. Additionally, due
to the low-order model in this study, the dependence of the
quality of estimated air-to-sea coupling process on observational interval is stronger than that on ensemble size.
To look into the detailed performance of EnKF CPE, we
set observational interval as 10 time steps and ensemble size
as 20 to examine the time series of absolute errors of the
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use observations in this study (although it could do so in
practice). From this point, it seems unfair to compare the
performances of two algorithms. However, additional experiments for 4D-Var which only uses each observation for one
time obtain worse results. Thus, we still can roughly compare
the performances of EnKF CPE and 4D-Var CPE in this
section.
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5.1. Coupling Parameters. Comparison between Figure 3(a)
and Figure 7(a) demonstrates that EnKF-estimated 𝑐2 is more
accurate than that estimated by 4D-Var. Without estimating 𝑐1 , the signal implied in the error covariance between
observation and 𝑐2 is stronger than that implied in the cost
function of 4D-Var. Since the model error is mainly attributed
to the bias of 𝑐1 , the signal in the cost function of 4D-Var is
dominated by 𝑐1 rather than 𝑐2 . Under this circumstance, it is
hard for 4D-Var to correctly estimate 𝑐2 . In EXP-3, results of
EnKF CPE are still better than those for 4D-Var CPE which
reduces the initial error of 𝑐1 by 74% on average. In EXP-4,
to facilitate the comparison, we use the same shade scale for
Figure 3(b) and Figure 7(b) and Figure 3(d) and Figure 7(d).
For both parameters, the performance of EnKF CPE with a
moderate ensemble size (like 50) is comparable to that of 4DVar CPE with an appropriate MTW (like 500 time steps).
To summarize, EnKF is better than 4D-Var when a
single parameter is estimated. The ensemble-evaluated error
covariance is more effective than the cost function of 4D-Var.

(b)

Figure 6: Time series (20–90 TUs) of the absolute errors of (a) 𝑐1 𝑤
and (b) 𝑐2 𝑥2 in the 4D-Var CPE with the observational interval and
the minimization time window being 10 and 500 time steps. Here,
the red and blue curves represent the results in EXP-1 and EXP-4,
respectively.

air-to-sea (Figure 10(b)) and the sea-to-air (Figure 10(a))
coupling processes for EXP-1 (red) and EXP-4 (blue). Compared to the air-to-sea coupling process, the improvement of
the sea-to-air coupling process from EXP-1 to EXP-4 is more
significant (i.e., the error of 𝑐1 𝑤 is reduced by 92%, from 0.53
to 0.04).
Analyses above show that EnKF CPE can also enhance
the representation of the air-sea coupling processes through
coupling parameter estimation relative to traditional state
estimation.

5. Different Performances of EnKF CPE and
4D-Var CPE
Although both 4D-Var and EnKF are derived from Bayes’
rule, their implementations are different. In practice, 4DVar attempts to obtain an optimal initial condition using
the observational information within a specific MTW for
each analysis step. The length of MTW is usually longer
than the analysis interval, leading the observations being
used more than once. In contrast, EnKF does not repeatedly

5.2. Coupling Processes. We first attempt to compare the
results of EXP-1 for 4D-Var CPE and EnKF CPE. For the
sea-to-air coupling process represented by 𝑐1 𝑤, the quality of
the estimated 𝑐1 𝑤 is determined by the quality of 𝑤 since 𝑐1
is not estimated. From Figures 4(a) and 8(a), it seems that 𝑐1 𝑤
produced by 4D-Var CPE is much better than that generated
by EnKF CPE. Thus, we may speculate that the 4D-Varestimated 𝑤 is also better than EnKF-estimated 𝑤. However,
results (not shown) demonstrate that the EnKF-produced 𝑤
is much better than that produced by 4D-Var.
To understand why a good EnKF-produced 𝑤 leads a
bad 𝑐1 𝑤, we examine an experiment for details with the
observational interval, ensemble size, and MTW being 5 time
steps, 50 time steps, and 500 time steps. Figure 11 plots the
time series of 𝑤 (Figure 11(a)) and 𝑐1 𝑤 (Figure 11(b)) for 4DVar CPE (black), truth (red), and EnKF CPE (blue) in EXP-1.
Obviously, the EnKF-produced 𝑤 is better than 4D-Varproduced 𝑤. We start from the following formulation of the
absolute error of 𝑐1 𝑤 to answer the question at the beginning
of this paragraph:
 est est tru tru 
𝑐1 𝑤 − 𝑐1 𝑤  ,



(12)

where the superscripts “est” and “tru” indicate the estimation
and truth of 𝑐1 and 𝑤. As we stated in Section 2.2, the truth
value of 𝑐1 is 0.1 while the initial biased value of 𝑐1 in 4D-Var
CPE is 0.11 and ensemble means of 𝑐1 for all ensemble sizes
in EnKF CPE also approximate 0.11. Therefore, the computational process of (12) can be described as first scaling the truth
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Figure 7: Same as Figure 3 but for the EnKF CPE. Note that panels (a) and (b) use the upper shade scale while panels (c) and (d) use the
lower shade scale.

value of 𝑤 by 0.1 and the values of estimated 𝑤 values by 0.11,
then computing the absolute value of the difference. From
Figure 11, it happens that the first step converts the worse
4D-Var-produced 𝑤 to the appearing better 𝑐1 𝑤. Therefore,
it is difficult to determine which algorithm produces better
coupling processes without parameter estimation.
To fairly compare the performances of two algorithms, we
focus on the results in EXP-4. From Figures 4(d) and 8(d), we
find that the representation of the sea-to-air coupling process
produced by 4D-Var CPE with a MTW over 500 time steps
is comparable to EnKF CPE. However, the EnKF CPE with
ensemble size less than 50 improves the assimilation quality of
4D-Var CPE with a MTW shorter than 500 time steps by 59%
(from 0.157 to 0.065) on average. Here, we choose an extreme
case (i.e., the observational interval, ensemble size, and MTW
being 50 time steps, 10 time steps, and 50 time steps) to

compare the performance of two algorithms. Figure 12 shows
time series of absolute errors of 𝑐1 𝑤 for 4D-Var CPE (blue)
and EnKF CPE (red) in EXP-4. The EnKF CPE is better than
the 4D-Var CPE. According to Figures 3(d) and 7(d), in the
above parameter setting, the EnKF-estimated 𝑐1 is much better than the 4D-Var-estimated 𝑐1 , since the MTW is too short
to exactly retrieve 𝑐1 for 4D-Var. In addition, we found that
the 4D-Var-produced 𝑤 is comparable to that produced by
EnKF (not shown). Thus, the superiority of EnKF CPE over
4D-Var CPE is mainly attributed to the estimation of 𝑐1 .
For the air-to-sea coupling process, comparison between
Figure 5(d) and Figure 9(d) reveals that 4D-Var CPE outperforms EnKF CPE when MTW exceeds a critical value (here is
about 500 time steps) while EnKF CPE has advantages over
4D-Var CPE with a short MTW for a small observational
interval. Here, we take two extreme cases to compare the
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Figure 8: Same as Figure 4 but for the EnKF CPE.

performances of 4D-Var CPE and EnKF CPE. First, we check
the results of two methods for the observational interval,
ensemble size, and MTW being 50 time steps, 100 time
steps, and 1000 time steps. Figure 13(a) plots time series of
absolute errors of 𝑐2 𝑥2 for 4D-Var CPE (blue) and EnKF CPE
(red) in EXP-4. After the spin-up period (about 40 TUs), the
air-to-sea coupling process represented by 4D-Var CPE is
better than that produced by EnKF CPE. Although the
observational interval is very large and both 4D-Var CPE and
EnKF CPE can effectively estimate 𝑐2 (see Figures 3(b) and
7(b)), 4D-Var CPE can produce better 𝑥2 than EnKF CPE (not
shown). Second, we check the results (Figure 13(b)) of two
methods for the observational interval, ensemble size, and
MTW being 5 time steps, 10 time steps, and 50 time steps.
According to Figures 3(b) and 7(b), it is difficult for 4D-Var
CPE to estimate 𝑐2 with a short MTW while EnKF CPE can
well estimate 𝑐2 with an ensemble size of 10. For 𝑥2 , 4D-Var

CPE can produce similar results as EnKF CPE (not shown).
Therefore, the EnKF CPE-produced 𝑐2 𝑥2 is better than that
produced by 4D-Var CPE.

6. Summary and Discussions
A simple coupled model that characterizes the interaction of
media with two different time scales is used to study the feasibility of the 4D-Var and EnKF coupling parameter estimation
(CPE). Within a perfect OSSE framework which assumes
that model errors only arise from the erroneously-set coupling parameters, the results demonstrate that, compared to
traditional state estimation, both 4D-Var CPE and EnKF CPE
algorithms can greatly improve the representation of air-sea
coupling processes. An appropriate MTW exists in the 4DVar CPE. Thus, if 4D-Var is used to implement CPE, the cost
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Figure 9: Same as Figure 5 but for the EnKF CPE.

function should include observations from both the atmosphere and ocean, and an appropriate MTW should also be
chosen. A roughly comparison between two assimilation
methods demonstrates that EnKF CPE outperforms 4D-Var
CPE with a MTW shorter than 5 TUs (i.e., 180 model days)
for the sea-to-air coupling process. For the air-to-sea coupling
process, 4D-Var CPE with a MTW longer than 5 TUs is better
than EnKF CPE. The EnKF CPE is better than the 4D-Var
CPE with a MTW shorter than 5 TUs for short observational
intervals.
Many challenges remain before CPE can be applied to a
coupled general circulation model (CGCM). First, the perfect
OSSE that uses the same model to setup the Truth (also called
the Nature Run) and the assimilation experiments can be
overoptimistic in the results. Thus, the perfect OSSE should

be first extended to a biased OSSE and then put forward to the
real world. Second, some of the above conclusions depend on
the sensitivities of the coupling parameters and model errors.
Thus, the conclusions should be further validated under
more complicated model errors in CGCMs. Third, the staticmultiplicative inflation scheme in the EnKF CPE should be
updated to an adaptive inflation scheme [44]. Last, the impact
of the observing system on the CPE should be examined with
a GCM or a CGCM through varying the temporal and spatial
densities of different observation variables or types.
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Sequential, adaptive, and gradient diffusion filters are implemented into spatial multiscale three-dimensional variational data
assimilation (3DVAR) as alternative schemes to model background error covariance matrix for the commonly used correction
scale method, recursive filter method, and sequential 3DVAR. The gradient diffusion filter (GDF) is verified by a two-dimensional
sea surface temperature (SST) assimilation experiment. Compared to the existing DF, the new GDF scheme shows a superior
performance in the assimilation experiment due to its success in extracting the spatial multiscale information. The GDF can retrieve
successfully the longwave information over the whole analysis domain and the shortwave information over data-dense regions.
After that, a perfect twin data assimilation experiment framework is designed to study the effect of the GDF on the state estimation
based on an intermediate coupled model. In this framework, the assimilation model is subject to “biased” initial fields from the
“truth” model. While the GDF reduces the model bias in general, it can enhance the accuracy of the state estimation in the region
that the observations are removed, especially in the South Ocean. In addition, the higher forecast skill can be obtained through the
better initial state fields produced by the GDF.

1. Introduction
In general, standard three-dimensional variational data
assimilation (3DVAR) can be formulated as the minimization
of the following cost function [1, 2]:
𝐽 (𝑥) =

1
𝑇
(𝑥 − 𝑥𝑏 ) 𝐵−1 (𝑥 − 𝑥𝑏 )
2
1
𝑇
+ (𝐻𝑥 − 𝑦) 𝑅−1 (𝐻𝑥 − 𝑦) = 𝐽𝑏 + 𝐽𝑜 ,
2

It is a challenge to determine 𝐵 in any data assimilation
including 3DVar. The spatial structure and the magnitude
of the correction for the state variables being estimated are
determined completely by 𝐵.
Two common approaches are used to prescribe 𝐵. The
first approach is the correlation scale method (CSM) [3], in
which 𝐵 is represented by the Gaussian function:

(1)

where 𝑥 is the analysis vector, 𝑥𝑏 is the background vector, 𝑦
is the observation vector, 𝐻 is an interpolation operator from
model space to observation space, 𝑅 is the observational error
covariance matrix, (⋅)𝑇 indicates transpose, and (⋅)−1 indicates
inversion. 𝐵 is the background error covariance matrix.

𝐵 = 𝐴 (𝑥, 𝑦) exp (−

𝑟𝑦2
𝑟𝑥2
−
),
𝐿2𝑥 𝐿2𝑦

(2)

where 𝐴 is an estimate of the magnitude of the background
error, 𝑟𝑥 and 𝑟𝑦 are the distances between two grid points,
and 𝐿 𝑥 and 𝐿 𝑦 are the characteristic length scales reflecting
the extent of spatial correction of the background error in the
𝑥 and 𝑦 directions, respectively. A more general anisotropic
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shape with an ellipsoid about the spatial covariance can
also be found [4]. It is noted that 𝐵 is explicitly generated
statistically using the correlation scales [3, 5–7]. However,
limitations of the CSM are (1) positive value for each element
in 𝐵 (which is not always true), (2) nonexistence of 𝐵−1 unless
using sufficiently small correction scales, and (3) requirement
of large computer memory to store 𝐵 since every element
in 𝐵 is calculated explicitly. To avoid the inversion of 𝐵 and
to speed up the convergence of descent algorithms such as
the steepest descent and conjugate-gradient methods, a new
vector 𝑤 is introduced by Lorenc [8] and Derber and Rosati
[3], defined as
𝑤 = 𝐵−1 (𝑥 − 𝑥𝑏 ) .

(3)

Then the cost function 𝐽 can now be rewritten as
1
1
𝐽 (𝑤) = 𝑤𝑇 𝐵𝑇 𝑤 + (𝐻𝐵𝑤 − 𝑑)𝑇 𝑅−1 (𝐻𝐵𝑤 − 𝑑) ,
2
2

(4)

where 𝑑 = 𝑦 − 𝐻𝑥𝑏 is the “innovation” vector, and for
simplification, hereafter, we will call it observation.
Considering 𝐵𝑇 = 𝐵, (4) is equal to
1
1
𝐽 (𝑤) = 𝑤𝑇 𝐵𝑤 + (𝐻𝐵𝑤 − 𝑑)𝑇 𝑅−1 (𝐻𝐵𝑤 − 𝑑) .
2
2

(5)

The effect of 𝐵𝑤 in (5) can be modeled by applying an
equivalent spatial filter on 𝑤.
The second approach to prescribe 𝐵 is the recursive filter
method (RFM) [9],
𝑌𝑖 = 𝛼𝑌𝑖−1 + (1 − 𝛼) 𝑋𝑖

for 𝑖 = 1, . . . , 𝑛,

𝑍𝑖 = 𝛼𝑍𝑖+1 + (1 − 𝛼) 𝑌𝑖

for 𝑖 = 𝑛, . . . , 1,

(6)

where 𝑋𝑖 is the initial value at grid point 𝑖, 𝑌𝑖 is the value after
filtering for 𝑖 = 1 to 𝑛, 𝑍 is the initial value after one pass of
the filter in each direction, and 𝛼 is the filter coefficient, which
determines the extent of spreading of observational information over the analysis domain. Multipass filter can be built up
by repeated application of (6). Multidimensional filter can be
constructed by applying this one-dimensional filter in each
direction. It can be shown [10] that such multidimensional
filter, when applied with several passes, can accurately model
isotropic Gaussian error correlations. The implementation
using recursive filter to model 𝐵 has been widely used due
to its relatively computational inexpensiveness [10–13].
An outstanding issue of either CSM or RFM is its
inefficiency in capturing the spatial multiscale information
by observations. A difficulty in practice is how to properly
choose the characteristic length scales 𝐿 𝑥 and 𝐿 𝑦 in the
CSM or the filter coefficient 𝛼 in the RFM. Observational
studies show that (𝐿 𝑥 , 𝐿 𝑦 ) change with location, depth,
and time [14–16]. If they are too large, the analysis is too
smooth and shortwave information is lost. If they are too
small, the analysis lacks coherent structure in data sparse
regions because the longwave information cannot be properly
corrected. Thus, in the past it has been thought that the
characteristic length scales (𝐿 𝑥 , 𝐿 𝑦 ) in the CSM or the filter
coefficient 𝛼 in the RFM is responsible for the unsatisfactory
analysis in the 3DVAR.

To avoid empirically or statistically setting the characteristic length scales and to correctly minimize the longwave
and shortwave errors in turn, a sequential 3DVAR (S3DVar)
method was developed [17] to assimilate sea surface temperature (SST) in a global ocean model [18]. The S3DVar method
is simply composed of a series of 3DVars, each of which uses
recursive filters with different filter coefficients. These 3DVars
sweep through all resolvable scales by observational networks
from longwaves to shortwaves. In addition, a multigrid
data assimilation scheme was also introduced to extract the
resolvable information from longwave to shortwave in an
observational system [19]. Recently, a sequential variational
approach based on the multigrid data assimilation method
was proposed to accurately retrieve the multiscale information from available observation systems [20].
Since the matrix 𝐵 is treated as the Gaussian type in
the CSM and modeled as the diffusion process (or Gaussian
filtering process) in the RFM, the spread of the information
from the analysis point to the entire region is interpreted
as the diffusion phenomenon [21]. The diffusion filter (DF)
was developed on the base of the Gaussian diffusion process
and therefore can be used directly to model 𝐵. Several
spatial multiscale variational analysis schemes, based on the
modification to the standard DF scheme, are proposed in this
study. As a pilot study, one of the spatial multiscale variational
analysis schemes, the gradient DF (GDF), is used to assimilate
SST observations into an intermediate coupled model within
a perfect “twin” experiment framework.
The paper is organized as follows. The methodology of
the standard DF scheme is described in Section 2. Several
spatial multiscale DF schemes are presented in Section 3.
In Sections 4 and 5, simple observing/assimilation system
simulation experiments and global SST simulation with
an intermediate coupled atmosphere-ocean-land model are
conducted to evaluate one of the new DF schemes, that is, the
gradient DF (GDF), on the model estimation and forecast.
The conclusions are summarized in Section 6.

2. Diffusion Filter
The DF is in fact a Gaussian filter. Given the following initial
value problem for one-dimensional diffusion equation
𝜕𝑢
𝜕2 𝑢
= 𝑎 2,
𝜕𝑡
𝜕𝑥
(7)

𝑢 = 𝑤 (𝑥) ,
𝑡 = 0,

where 𝑎 > 0 is the diffusion coefficient, assumed to be
constant. Its solution can be formulated by the convolution
of 𝑤(𝑥) with a Gaussian kernel 𝐺(𝑥, 𝑡):
𝑢 (𝑥, 𝑡) = 𝑤 (𝑥) ∗ 𝐺 (𝑥, 𝑡) ,

(8)
2

2

where (∗) indicates convolution, 𝐺(𝑥, 𝑡) = (1/√2𝜋𝜎)𝑒−𝑥 /2𝜎 ,
𝜎 = √2𝑎𝑡. That is, 𝑢(𝑥, 𝑡) is equivalent to applying a Gaussian
filter on initial value 𝑤(𝑥). The second moment of the filter
kernel is 𝜎2 = 2𝑎𝑡, which characterizes the intrinsic spatial
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scale. And 𝜎2 is only determined by diffusion coefficient 𝑎
when “time” duration 𝑡 is set to be constant, which implies
that the larger the value of 𝑎 is, the lower the frequency
information of 𝑤(𝑥) would be acquired by 𝑢(𝑥, 𝑡).
Generally, in a two-dimensional finite domain, the diffusion model can be written by
𝜕2 𝑢
𝜕2 𝑢
𝜕𝑢
=𝑎 2 +𝑏 2
𝜕𝑡
𝜕𝑥
𝜕𝑦
𝑢 = 𝑤 (𝑥, 𝑦)
𝜕𝑢
=0
𝜕𝑛

(9)

1
𝐽 (𝑤) = 𝑤𝑇 𝑢𝑆 (𝑤)
2
𝑇
1
(𝐻𝑢𝑆 (𝑤) − 𝑑) 𝑅−1 (𝐻𝑢𝑆 (𝑤) − 𝑑) .
2

(10)

Now the analysis is converted to the problem of optimizing
the initial value of the diffusion equation (9). To do so,
we need the gradient of the cost function, which can be
derived by using adjoint methods, just as four-dimensional
variational (4DVAR) data assimilation usually does.
For convenience of illustration, a continuous adjoint
system is considered and 𝐽𝑏 is omitted. It is also assumed
that the observations are located at analysis points and 𝐻 is
the identity matrix. Then the adjoint of the tangential linear
model of (9) takes the following form:
𝜕2 𝑅
𝜕2 𝑅
𝜕𝑅
−𝑎 2 −𝑏 2 =𝑓
−
𝜕𝑡
𝜕𝑥
𝜕𝑦
𝑅 (𝑥, 𝑦, 𝑆) = 0,
𝜕𝑅
=0
𝜕𝑛

(3) Calculate 𝑓 according to (12).

(5) Use descent algorithms to adjust 𝑤.
(6) Loop from step (2) until the convergence criterion is
met.

(𝑥, 𝑦) ∈ Γ,

where Ω = [0, 𝐷]×[0, 𝐻], Ω = Ω\Γ is the interior domain of
Ω, Γ is the boundary of Ω, 𝑛 is the outer normal direction of Γ,
and 𝑎 and 𝑏 are the diffusion coefficients in 𝑥 and 𝑦 directions,
respectively.
If 𝑢𝑆 (𝑤) denotes 𝑢(𝑤)|𝑡=𝑆 , the cost function (5) then
becomes

+

(2) Integrate the diffusion model (9) from “time” 𝑡 = 0 to
𝑆 to obtain 𝑢𝑆 (𝑤).
(4) Integrate the adjoint model (11) from “time” 𝑡 = 𝑆 to
0 to obtain 𝑅0 (𝑤); then the gradient 𝑔(𝑤) of the cost
function 𝐽 is −𝑅0 (𝑤).

(𝑥, 𝑦) ∈ Ω, 𝑡 ∈ (0, 𝑆] ,

(𝑥, 𝑦) ∈ Ω, 𝑡 = 0,

(1) Choose an appropriate diffusion coefficient 𝑎; give the
initial guess of 𝑤 (𝑤 = 0, for instance).

(𝑥, 𝑧) ∈ Ω, 0 < 𝑡 ≤ 𝑆,
(𝑥, 𝑧) ∈ Ω,

(11)

(𝑥, 𝑦) ∈ Γ,

where
𝑆
{𝑑res (𝑤) = 𝑑 − 𝑢 (𝑤)
𝑓={
0
{

𝑡 = 𝑆,
𝑡 < 𝑆.

(12)

Note that 𝑑res (𝑤) is the observation residue, which characterizes the remaining observational signals after the abstracted
information at current solution 𝑤, 𝑢𝑆 (𝑤), has been removed
form observations 𝑑, and 𝑑res (𝑤) is set to be zero at the grid
points with no observations.
The gradient of 𝐽 with respect to 𝑤 is 𝑔(𝑤) = −𝑅0 (𝑤),
where 𝑅0 (𝑤) is the initial value of the adjoint variables. Once
the adjoint model is available, the analysis can be performed
in the following steps.

Use of DF for determining the matrix 𝐵 is called the DF
method (DFM), which has the same computation loads as
the RFM if the ADI difference scheme (or the other operator
splitting scheme; see Appendix) is applied to calculate the
diffusion equation (9). The diffusion filter scheme has the
same problem as the recursive filter scheme in extracting
observational information. As the extent of spatial dispersion
is only determined by diffusion coefficient 𝑎 when “time”
duration 𝑡 is set to be constant, if 𝑎 is large, the shortwave
information will be lost. Conversely, if 𝑎 is small, the longwave information will not be properly captured. Obviously,
the diffusion coefficient 𝑎 plays the same role as the filter
coefficient 𝛼 does in the recursive filter scheme.

3. Spatial Multiscale Diffusion Filters
To retrieve longwave information over the whole domain
and shortwave information over data-dense regions, three
spatial multiscale variational analysis schemes, based on the
diffusion filter, are proposed.
3.1. Sequential Diffusion Filter (SDF). The sequential diffusion filter (SDF) scheme is similar to the S3DVar method
derived by Xie et al. [17]. The SDF scheme uses a sequence of
3DVars to obtain the final estimation to retrieve information
from all wavelengths from long- to shortwaves in turn.
The matrix 𝐵 is modeled by applying the diffusion filter
sequentially in 𝑥 and 𝑦 direction, respectively. SDF begins
its sequence with a big value of the diffusion coefficient
𝑎; then an initial estimation is obtained through analyzing
the observed data. After that, a S3DVar is solved using the
diffusion filter with a smaller 𝑎 than before. For the S3DVars,
observations to be assimilated are produced by subtracting
the previously analyzed values from the observations assimilated by the previous 3DVar until the diffusion coefficient 𝑎
is small enough. The final estimation is the summation of all
the previous 3Dvar analyses based on the diffusion filter.
From the above description, it is noted that the SDF
scheme is a simple extension of the DF, in which information
is retrieved step by step from long- to shortwaves. During the
process of the SDF, 𝐵 is changed gradually with the different
diffusion coefficient 𝑎 and thus becomes flow dependent
and anisotropic following the multiscale information of the
observation.
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𝑁
= 0,
𝑅𝑖,𝑗

3.2. Adaptive Diffusion Filter (ADF). Due to the introduction
of the heat diffusion equation, the gradient of the cost function with respect to the state variables can be obtained using
the adjoint method with 4DVar. In general, the diffusion
coefficients 𝑎(𝑥, 𝑦) and 𝑏(𝑥, 𝑦) are not constants but are space
dependent. Therefore, it is possible to optimize not only the
state variables but also the diffusion coefficients using 4DVar.
State variables and diffusion coefficients are used together as
control variables, so values of 𝑎(𝑥, 𝑦) and 𝑏(𝑥, 𝑦) will change
adaptively according to the distribution of observations.
Set 𝐼ℎ1 , 𝐼ℎ2 , 𝐼𝜏 as

𝑖 ∈ [0, 𝐼] ; 𝑗 ∈ [0, 𝐽] ,
𝑛
Δ 𝑥 𝑅0,𝑗
= 0,
𝑛
Δ𝑥 𝑅𝐼,𝑗
= 0,
𝑛
Δ 𝑦 𝑅𝑖,0
= 0,
𝑛
Δ𝑦 𝑅𝑖,𝐽
= 0,

𝑛 ∈ [0, 𝑁 − 1] ,
𝑛+1/2
Δ 𝑥 𝑅0,𝑗
= 0,

𝐷
𝐼ℎ1 = {𝑥𝑖 = 𝑖ℎ1 | 𝑖 = 0, 1, . . . , 𝐼, ℎ1 = } ,
𝐼
𝐼ℎ2 = {𝑦𝑖 = 𝑗ℎ2 | 𝑗 = 0, 1, . . . , 𝐽, ℎ2 =
𝐼𝜏 = {𝑡𝑛 = 𝑛𝜏 | 𝑛 = 0, 1, . . . , 𝑁, 𝜏 =

𝑛+1/2
Δ𝑥 𝑅𝐼,𝑗
= 0,

𝐻
},
𝐽

𝑛+1/2
Δ 𝑦 𝑅𝑖,0
= 0,

(13)

𝑛+1/2
Δ𝑦 𝑅𝑖,𝐽
= 0,

𝑆
},
𝑁

𝑛 ∈ [0, 𝑁 − 1] ,

Ωℎ = 𝐼ℎ1 × 𝐼ℎ2 .

(15)
where
𝑓

The cost function is transferred to the following form:

𝑀 {
𝐼−1 𝐽−1
}
{
(𝑚) [
(𝑚) 𝑁
{
{2 ∑ {𝑝(𝑚) 𝑞𝑖,𝑗
𝑢𝑖,𝑗 ) − 𝑑(𝑚) ]}
∑ ∑ (𝑞𝑖,𝑗
= { 𝑚=1
{
[ 𝑖=1 𝑗=1
]}
{
{
0
{

𝐽 (𝑤, 𝑎, 𝑏)
1 𝐼−1 𝐽−1 2
= ∑ ∑ 𝑤𝑖,𝑗
2 𝑖=1 𝑗=1

(14)

𝐼−1 𝐽−1
{
1 𝑀 {
(𝑚) 𝑁
+ ∑ {𝑝(𝑚) [ ∑ ∑ (𝑞𝑖,𝑗
𝑢𝑖,𝑗 ) − 𝑑(𝑚) ]
2 𝑚=1 {
𝑖=1 𝑗=1
[
]
{

2

}
}
},
}
}

(𝑚)
𝑞𝑖,𝑗

is the
where 𝑀 is the number of observations and
interpolation coefficient of the grid point (𝑖, 𝑗) with respect to
the 𝑚th observation. 𝑝(𝑚) is the 𝑚th element of the diagonal
matrix 𝑅−1 . For calculating the gradients of the cost function
𝐽 with respect to 𝑤, 𝑎, 𝑏 in (12), the discrete adjoint models
of (A.1)–(A.11) should be deduced firstly according to the
Lagrange multiplier method,

𝑛−1/2
𝑛
− 𝑅𝑖,𝑗
𝑅𝑖,𝑗

𝜏/2

𝑛
𝑛−1/2
+ 𝑅𝑖,𝑗
)) = 𝑓,
+ Δ 𝑦 (𝑏𝑖,𝑗 Δ𝑦 (𝑅𝑖,𝑗

𝑛 ∈ [1, 𝑁] ; 𝑖 ∈ [1, 𝐼 − 1] ; 𝑗 ∈ [1, 𝐽 − 1] ,
𝑛+1/2
𝑛
𝑅𝑖,𝑗
− 𝑅𝑖,𝑗

𝜏/2

𝑛+1/2
𝑛
+ 𝑅𝑖,𝑗
)) = 0,
+ Δ 𝑥 (𝑎𝑖,𝑗 Δ𝑥 (𝑅𝑖,𝑗

𝑛 ∈ [0, 𝑁 − 1] ; 𝑖 ∈ [1, 𝐼 − 1] ; 𝑗 ∈ [1, 𝐽 − 1] ,

𝑛 = 𝑁, (16)
𝑛 < 𝑁.

The gradients of the cost function 𝐽 with respect to 𝑤, 𝑎, 𝑏 can
be expressed as follows:
0
𝑅𝑖,𝑗
𝜕𝐽
1
0
= 𝑤𝑖,𝑗 −
),
− Δ 𝑦 (𝑏𝑖,𝑗 Δ𝑦 𝑅𝑖,𝑗
𝜕𝑤𝑖,𝑗
𝜏
2

𝜕𝐽
1 𝑁−1
𝑛+1/2
𝑛
𝑛+1/2
= ∑ [Δ𝑥 𝑢𝑖,𝑗
⋅ Δ𝑥 (𝑅𝑖,𝑗
+ 𝑅𝑖,𝑗
)] ,
𝜕𝑎𝑖,𝑗 2 𝑛=1

(17)

𝜕𝐽
1 𝑁−1
𝑛
𝑛
𝑛+1
𝑛+1/2
= ∑ (Δ𝑦 𝑢𝑖,𝑗
Δ𝑦 𝑅𝑖,𝑗
+ Δ𝑦 𝑢𝑖,𝑗
Δ𝑦 𝑅𝑖,𝑗
).
𝜕𝑏𝑖,𝑗 2 𝑛=1
The process for the state estimation with the 4DVar is outlined
as follows. (a) Begin with the initial 𝑤, 𝑎, 𝑏. (b) Integrate
the model equations (A.1)–(A.11) forward into a fixed time
window and calculate the value of the cost function 𝐽(𝑤, 𝑎, 𝑏)
using (14). (c) Integrate the adjoint model (15) backward
in time and calculate the values of the gradient of the
cost function with respect to the control variables ∇𝐽 using
(17). (d) With the values of the cost function 𝐽(𝑤, 𝑎, 𝑏) and
the gradient ∇𝐽, use the Broyden-Fletcher-Goldfarb-Shanno
(BFGS) quasi-Newton minimization algorithm to obtain the
new values of the control variables, namely, the two diffusion
coefficients 𝑎, 𝑏 and the state variables 𝑤. (e) With the updated
control variables from process (d), repeat processes (b), (c),
and (d) until the convergence criterion for the minimization
is satisfied.
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3.3. Gradient Diffusion Filter (GDF). The algorithm is a
variant of the spatial multiscale recursive filter [22]. For small
diffusion coefficients 𝑎, 𝑏, the gradient contains not only all
the observational signals from longer to shorter wavelengths,
but also a lot of erroneous signals in data sparse regions,
which causes lack of coherent longwave structure in space.
If this gradient is simply introduced into the minimization
algorithm without careful considerations, the analysis departs
far from reality. Thus, a prerequisite for the minimization
algorithm used in 3DVAR is needed to extract the longwave
information from the gradient and at the same time to
preserve the valuable shortwave signals.
However, the longwave information implied in the gradient cannot be made best use of to construct a reasonable
descent direction in general minimization algorithms. Take
the steepest descent algorithm as an example, in which the
descent direction is simply chosen as −𝑔(𝑤). Suppose the
initial guess of 𝑤 (i.e., 𝑤0 ) is equal to zero. Then at the 𝑖th iteration, the new solution 𝑤𝑖 = 𝑤𝑖−1 +𝑙𝑖−1 ∗(−𝑔(𝑤𝑖−1 )) is obtained
by using a line search algorithm to find an appropriate step
size 𝑙𝑖−1 . According to what have been indicated, the gradient
𝑔(𝑤0 ) actually represents certain scales of observations 𝑑, and
these scales will be extracted by the line search at the first
iteration and incorporated into a new solution 𝑤1 . However,
if the diffusion coefficients 𝑎, 𝑏 are small, the gradient 𝑔(𝑤0 )
will lack coherent structure in data sparse regions though it
actually carries all observational signals. And since the new
solution 𝑤1 is simply obtained along the descent direction,
−𝑔(𝑤0 ), the same problem will also exist in 𝑤1 , which
indicates that the longwave information of observations 𝑑
is not effectively extracted from the gradient 𝑔(𝑤0 ) at the
first iteration. Similarly, at the second iteration, the longwave
information of the observation residue after the first iteration
will not be extracted from the gradient 𝑔(𝑤1 ) and incorporated into the new solution 𝑤2 , and so on. As a consequence,
in data sparse regions, the final analysis will also lose the
longwave structure of observations. The same problem also
exists for other minimization algorithms such as BFGS and
the conjugate gradient method, for the same reason.
The GDF scheme is designed to effectively retrieve the
longwave information over the whole domain and shortwave
information over data-dense regions. Since the gradient
carries all observational information, the main idea of this
new scheme is to apply the diffusion filter on the gradient to
extract the implied longwave signal. While the diffusion coefficient decreases continuously with iteration, the multiscale
information, from long to short wavelengths, can be extracted
successively. The algorithm is designed as follows:
(1) Give an initial guess of 𝑤 (i.e., 𝑤0 ) which equals zero.
Then select diffusion coefficients 𝑎, 𝑏 as small ones
and give a large enough value to an extra diffusion
coefficient denoted as 𝛽.
(2) Use the diffusion filter with coefficient 𝑎, 𝑏 to calculate
𝐵𝑤 in (5).
(3) Calculate the difference between observations 𝑑 and
𝐻𝐵𝑤, namely, the observation residue.
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(4) Calculate the gradient 𝑔 of the cost function 𝐽 with
respect to 𝑤 using the DF through the adjoint model.
(5) Apply the diffusion filter with coefficient 𝛽 on −𝑔
to calculate the descent direction 𝐸(−𝑔), where 𝐸
represents a positive definite operator.
(6) Select 𝐸(−𝑔) as the descent direction, and use line
search algorithm to find the step size, 𝑙; then 𝑤 is
adjusted to 𝑤 = 𝑤 + 𝑙 ∗ 𝐸(−𝑔).
(7) The value of 𝛽 diminishes.
(8) Loop from step (2) until the convergence criterion is
met.
If the background term 𝐽𝑏 is involved in the cost function
𝐽, the same procedure is performed except that 𝑔 calculated
in step (4) is the gradient of cost function 𝐽, which includes
both 𝐽𝑏 and 𝐽𝑜 .

4. Observing/Assimilation System
Simulation Experiments
Observing/assimilation system simulation experiments are
performed to evaluate the spatial multiscale variational analysis. The “truth” field in these experiments is represented by
an analytic temperature field defined over the area of 100∘ E–
110∘ E and 30∘ N–40∘ N. The “truth” field of the temperature
is plotted in Figure 1(b), whose high nonlinearity can be
seen from Figure 1(a). The grid resolution is set to 1/8∘ ×
1/8∘ , and the total numbers of the grid are 80 × 80. The
observational dataset is generated using the analytic solution.
Observational error is simulated by adding a sample of white
noise with a standard deviation of 0.2 to the “truth.” Three
experiments are conducted in which different configurations
of numbers of observations are employed.
4.1. Experiment 1. In this experiment, the number of observations is set to 2000 at first, and the observations are randomly
and uniformly distributed in the whole domain, which can
be seen from the black dots in Figure 1(b). In the experiment
with DF, several values of the diffusion coefficient are used
to verify the impacts on the analyzed field. In the experiment
with GDF, the processes (1)–(8) described in Section 3.3 are
conducted. The diffusion coefficients 𝑎, 𝑏 are set to a small
value, of 0.1, which suggests almost all the observational
signals, from long to short wavelengths, can be retrieved.
However, a large enough value, 1.0, is given to the extra
diffusion coefficient 𝛽 of the gradient at the first step. For the
subsequent steps, 𝛽 is reduced by 0.1 from the previous step.
At the last step, 𝛽 becomes 0.1, which is small enough for the
case. The limited memory BFGS quasi-Newton minimization
algorithm [23] is used during the minimizing procedure.
The major scales of the truth field are reconstructed by
2000 observations almost fully using the GDF (Figure 2(a)),
but not well reconstructed using the DF with different diffusion coefficients (𝑎, 𝑏): 1.0 (Figure 2(b)), 0.5 (Figure 2(c)), and
0.1 (Figure 2(d)). The small scale features begin to dominate
the analyzed fields when the diffusion coefficients are reduced
gradually, while the large scale signals are contaminated
dramatically by an abundance of small scale features.
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Figure 1: The true temperature field to be analyzed (unit: ∘ C): (a) latitudinal variation along 100∘ E and (b) ichnography image. Black dots in
the panel (b) show the distribution of 2000 random observations.

As He et al. [18] indicated, artificial signals can be
produced during the data assimilation if the chosen diffusion
coefficient cannot represent the actual scale. In contrast,
the GDF can handle spatial multiscale analysis pretty well
compared to the simple DF with a fixed diffusion coefficient.
In addition, the GDF is easy to avoid in empirical selection of
the diffusion coefficient.
Figure 3 shows the performance of GDF and DF when
the number of observations decreases from 2000 to 500. The
GDF (Figure 3(a)) can retrieve large scale information from
observations and leave the unresolved scale as errors on top of
the resolvable scales. These errors are smaller than those generated by DF with a fixed diffusion coefficient (Figure 3(b))
in the condition of the sparseness of the observations and the
lack of information.
4.2. Experiment 2. The second experiment is conducted with
removal of observations in the area of 103∘ E∼107∘ E and 35∘ N∼
40∘ N (Figure 4) to further evaluate the GDF capability in
retrieving the multiscale information from observations. The
analyzed field of the GDF (Figure 5(a)) performs much better
in the data void region than that of the DF with (𝑎, 𝑏) = 0.8
(Figure 5(b)) and 0.5 (Figure 5(c)). The GDF can reconstruct
the temperature field (Figure 5(a)) reasonably well despite
the absence of the observations in the region as shown in
Figure 4. The spatial pattern of the whole temperature field
can be captured roughly according to the large scale information derived from all the observations in the whole analyzed
region. However, the DF fails to reconstruct the temperature
field and produces false features especially in the data void
region. For example, a strong cold tongue is produced for
(𝑎, 𝑏) = 0.8 (Figure 5(b)), and large scale temperature field is
distorted with displacement of the thermal front in the data
void region for (𝑎, 𝑏) = 0.5 (Figure 5(c)). Little information of

the observations can be extracted from data rich area to the
data void region using DF.
Such capabilities make the GDF invaluable to get well
represented values for the data void (or insufficiently covered) areas such as a typhoon-affected area during typhoon
passage or the Southern Hemisphere Oceans (compared to
other ocean basins). The GDF can reconstruct the analyzed
field roughly according to the longwave information of the
observations beyond the data void area such as typhoonaffected region or the Southern Ocean. On the other hand,
both the standard DF and the traditional RF may lead to false
results in the data void region, as shown in Figures 5(b)-5(c);
an improper analysis is also likely to be produced, which will
affect the analysis/forecast accuracy seriously.
In addition, several classical geostatistical tools, such as
inverse distance to a power, triangulation with linear interpolation, and Kriging method are used to interpolate such
observations (no white noise is imposed on the observations).
Compared to the other two geostatistical tools, the Kriging
method is able to accurately fill in the hidden information
(Figures 6(a) and 6(b) versus 6(c)). However, compared with
the variational method, the geostatistical tools have a limited
application and cannot handle corrections between different
analysis variables or physical balances and other constraints
[20].

5. Global SST Assimilation Using GDF
In this section, we apply the GDF to assimilate the SST
into an intermediate climate model to improve the climate
representation and forecast.
5.1. Brief Description of an Intermediate Atmosphere-OceanLand Coupled Model. An intermediate atmosphere-oceanland coupled model [24] is employed as the first step to

Advances in Meteorology

7

40

40

39

39

6.4

38

38

5.6

37

37

36

36

35

35

34

34

33

33

32

32

1.6

31

31

0.8

30
100 101 102 103 104 105 106 107 108 109 110

0

4.8
4

30
100

101

102

103

104

105

106

107

108

109

110

3.2
2.4

(a)

(b)

40

40

39

39

6.4

38

38

5.6

37

37

36

36

35

35

34

34

33

33

32

32

1.6

31

31

0.8

30
100

4.8
4
3.2
2.4

30
101

102

103

104

105

106

107

108

109

110

(c)

0
100

101

102

103

104

105

106

107

108

109

110

(d)

Figure 2: The analyzed temperature fields (unit: ∘ C) using (a) GDF, (b) DF with 𝑎, 𝑏 = 1.0, (c) DF with 𝑎, 𝑏 = 0.5, and (d) DF with 𝑎, 𝑏 = 0.1.

examine the GDF. Despite limitations in the representations
of some basic physical processes such as the absence of
ENSO dynamical mechanism, the model is of sufficient
mathematical complexity for the purposes of this study. The
intermediate coupled model has some successful applications
in coupled data assimilation fields recently. For example, Wu
et al. [25] investigated the impact of the geographic dependence of observing system on parameter estimation, and
Zhang et al. [26] studied parameter optimization when the
assimilation model contains biased physics within a biased
assimilation experiment framework. The configuration of the
model is presented here. The atmosphere is represented by

a global barotropic spectral model based on the potential
vorticity conservation:
{𝜆 (𝑇𝑜 − 𝜇𝜓)
𝜕𝑞
+ 𝐽 (𝜓, 𝑞) = {
𝜕𝑡
𝜆 (𝑇𝑙 − 𝜇𝜓)
{

ocean ⋅ surface
land ⋅ surface,

(18)

where 𝑞 = 𝛽𝑦 + ∇2 𝜓, 𝛽 = 𝑑𝑓/𝑑𝑦, 𝑓 is the Coriolis
parameter, 𝑦 is the meridional distance from the equator
(northward positive), and 𝜓 is the geostrophic atmosphere
stream function. 𝜇 is a scale factor which converts stream
function to temperature. 𝜆 is the flux coefficient from the
ocean (land) to the atmosphere. 𝑇𝑜 and 𝑇𝑙 denote SST
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Figure 3: The analyzed temperature fields (unit: ∘ C) with 500 observations: analyzed fields using (a) GDF and (b) DF with 𝑎, 𝑏 = 1.0.

and land surface temperature (LST), respectively. Wu et al.
[27] used the nonlinear atmospheric model to develop a
compensatory approach of the fixed localization in EnKF
analysis to improve short-term weather forecasts.
The ocean is composed of a 1.5-layer baroclinic ocean
with a slab mixed layer [28] as

38
37
36

𝜙
𝜕
𝜕
(− 2 ) + 𝛽 𝜙 = 𝛾∇2 𝜓 − 𝐾𝑞 ∇2 𝜙,
𝜕𝑡
𝜕𝑥
𝐿0

35

𝜕𝑇
𝜕𝑇
𝜕
𝑇 + 𝑢 𝑜 + V 𝑜 − 𝐾ℎ 𝜙
𝜕𝑡 𝑜
𝜕𝑥
𝜕𝑦

(19)

34
33

2

= −𝐾𝑇 𝑇𝑜 + 𝐴 𝑇 ∇ 𝑇𝑜 + 𝑠 (𝜏, 𝑡) + 𝐶𝑜 (𝑇𝑜 − 𝜇𝜓) ,
𝐿20

32


2

where 𝜙 is the oceanic stream function and
= 𝑔 ℎ0 /𝑓

is the oceanic deformation radius, with 𝑔 and ℎ0 being
the reduced gravity and mean thermocline depth. 𝛾 denotes
momentum coupling coefficient between the atmosphere and
ocean. 𝐾𝑞 is the horizontal diffusive coefficient of 𝜙. 𝐾𝑇
and 𝐴 𝑇 are the damping coefficient and horizontal diffusive
coefficient of 𝑇𝑜 ; 𝐾ℎ = 𝐾𝑇 × 𝜅 × 𝑓/𝑔 [29], where 𝜅 is the
ratio of upwelling to damping. 𝐶𝑜 is the flux coefficient from
the atmosphere to the ocean. 𝑠(𝜏, 𝑡) is the solar forcing which
introduces the seasonal cycle.
The evolution of land surface temperature (LST) is given
by
𝑚

39

𝜕
𝑇 = −𝐾𝐿 𝑇𝑙 + 𝐴 𝐿 ∇2 𝑇𝑙 + 𝑠 (𝜏, 𝑡) + 𝐶𝑙 (𝑇𝑙 − 𝜇𝜓) ,
𝜕𝑡 𝑙

(20)

where 𝑚 represents the ratio of heat capacity between the
land and the ocean mixed layer, 𝐾𝐿 and 𝐴 𝐿 are damping and
diffusive coefficients of 𝑇𝑙 , respectively, and 𝐶𝑙 denotes the
flux coefficient from the atmosphere to the land.

31

101 102 103 104 105 106 107 108 109

Figure 4: The distribution of 2000 random observations, but
removal of the observations located in the range of 103∘ N∼107∘ N and
35∘ E∼40∘ E.

All the three model components adopt 64 × 54 Gaussian
grid and are forwarded by a leap frog time stepping with a half
hour integration step size. There are 2287 and 1169 grid points
over the ocean and land, respectively. An Asselin-Robert time
filter [30, 31] is introduced to damp spurious computational
modes in the leap frog time integration. Default values of all
parameters are listed in Table 1 in Wu et al. [24].
Starting from initial conditions 𝑍0 = (𝜓0 , 𝜙0 , 𝑇𝑜0 , 𝑇𝑙0 ),
where 𝜓0 , 𝜙0 , 𝑇𝑜0 , and 𝑇𝑙0 are zonal mean values of corresponding climatological fields, the coupled model is run for 60 years
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Figure 5: The analyzed temperature fields (unit: ∘ C) using (a) GDF, (b) DF with 𝑎, 𝑏 = 0.8, (c) DF with 𝑎, 𝑏 = 0.5.

to generate the model states 𝑍1 = (𝜓1 , 𝜙1 , 𝑇𝑜1 , 𝑇𝑙1 ). The last 10
years’ model states (𝑍1) are used as the “truth” fields. Figure 7
shows the annual mean of 𝜓 (Figure 7(a)), 𝜙 (Figure 7(b)),
𝑇𝑜 and 𝑇𝑙 (Figure 7(c)), where the associated wave trains in
the 𝜓 field are observed. For 𝜙, one can see the distinct
pattern of the western boundary currents, gyre systems and
the Antarctic Circumpolar Current (ACC). For 𝑇𝑜 and 𝑇𝑙 ,
reasonable temperature gradients are also produced. Note
that the low temperature in tropical lands can be attributed
to the linear damping of 𝐾𝑇 in the solar forcing. The above
model configuration is called the “truth” model, which has
reasonable but rough representation for the basic climate
characteristics of the atmosphere, land, and ocean.

5.2. Model “Bias” Arising from the Initial States. However,
starting also from the same initial conditions 𝑍0, the Gaussian random numbers are added to 𝜓0 and 𝜙0 , with standard
deviations of 107 m2 s−1 (for 𝜓0 ) and 105 m2 s−1 (for 𝜙0 ),
respectively. The coupled model is also run for 60 years
to generate the model states 𝑍2 = (𝜓2 , 𝜙2 , 𝑇𝑜2 , 𝑇𝑙2 ). The
last 10 years’ model states are used for analysis. This model
configuration is called the biased model.
The model “biases” induced by perturbed initial fields are
examined. Figure 8 shows time series of the spatial averaged
root mean square errors (RMSEs) of 𝜓, 𝜙, 𝑇𝑜 , and 𝑇𝑙 for the
assimilation model, which are calculated according to the
difference in the assimilation model and the “truth” model.
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Figure 6: Analyzed temperature results (unit: ∘ C) from classical geostatistical tools such as (a) inverse distance to a power, (b) triangulation
with linear interpolation, and (c) Kriging method.

The obvious difference about all the four components can
be seen from Figure 8. The RMSE of 𝜓 reaches about 1.6 ×
107 m2 s−1 with a high frequent oscillation (see Figure 8(a)).
In contrast, the RMSE of 𝜙 performs smoothly and rapidly
decreases within the first year and gradually reaches a low and
stable value about 104 m2 s−1 (see Figure 8(b)). The RMSEs of
𝑇𝑜 (Figure 8(c)) and 𝑇𝑙 (Figure 8(d)) increase rapidly in the
first year, which are generated by the initially perturbed 𝜓0
and 𝜙0 through the coupling. High frequency oscillation is
noted in the time series of the RMSE of 𝑇𝑙 , which indicates
that the land surface temperature 𝑇𝑙 is dominated by the
atmospheric motion (𝜓). However, time series of the RMSE
of 𝑇𝑜 is much smoother than that of 𝑇𝑙 , indicating that 𝑇𝑜 is
modulated by the oceanic motion (𝜙).

The spatial distribution of RMSE of 𝑇𝑜 for the biased
model (Figure 9) shows a notable bias in the ACC region of
the Southern Ocean with a maximum value over 15 K near the
southern tip of Africa. Besides, obvious biases also exist in the
west boundaries of the ocean in the subtropical regions.
5.3. Twin Experiment Design. In this section, with the
intermediate model and DF/GDF data assimilation scheme
described above, a perfect twin experiment framework is
designed with the assumption that the errors of initial model
states are the only source of assimilation model biases.
Starting from the model states, 𝑍1, described in Section 5.1,
the “truth” model is run for 1 year to generate the time
series of the “truth” states. Only synthetic observations of 𝑇𝑜
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Figure 7: Annual mean of (a) atmospheric stream function (unit: m2 s−1 ), (b) oceanic stream function (unit: m2 s−1 ), and (c) sea surface
temperature and land surface temperature (unit: K).
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Figure 8: Time series of RMSEs of (a) atmospheric stream function, (b) oceanic stream function, (c) sea surface temperature, and (d) land
surface temperature for the assimilation model.
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Figure 9: The spatial distribution of RMSE of sea surface temperature for the biased model.

are produced through sampling the “truth” states at specific
observational frequencies. A Gaussian white noise is added
for simulating observational errors. The standard deviations
of observational errors are 0.5∘ C for 𝑇𝑜 . The sampling period
is 24 hours. The “observation” locations of 𝑇𝑜 are global
randomly distributed with the same density of the ocean
model grid points.
The biased model uses the biased initial fields depicted
in Section 5.2. Starting from the biased model states, 𝑍2,
the experiment E GDF consists on assimilating observations
into model states using the GDF scheme. In comparison,
the experiment E DF is carried out, where the standard DF
scheme is used with the diffusion coefficients 𝑎, 𝑏 = 0.5. In
addition, a control run without any observational constraint,
called CTRL, serves as a reference for the evaluation of
assimilation experiments.
5.4. Impact of the GDF on the Estimate of the States. The
performance of GDF is investigated. Figures 10(a)–10(d)
show time series of RMSEs of 𝜓, 𝜙, 𝑇𝑜 , and 𝑇𝑙 for the CTRL
(solid line) and the GDF (dash line). Compared to the CTRL
(solid line in Figure 10(c)), 𝑇𝑜 of the GDF has significant
improvement (dash line in Figure 10(c)), in which the RMSE
decreases to approximately 0.5 K. Figure 11 presents the spatial distributions of RMSEs of 𝑇𝑜 using GDF. The RMSE of
𝑇𝑜 over ocean is obviously reduced compared with that of
the CTRL (see Figure 9), especially in the Southern Ocean,
the subtropical and the subpolar regions. In particular, the
reduction of RMSE is much significant in the ACC region,
in which the RMSE decreases from above 15 K to below 3 K.
Unlike the RMSEs of 𝑇𝑜 , there is no direct observations constraint for 𝜓, 𝜙, and 𝑇𝑙 ; therefore, their RMSEs
decrease gradually owing to the effect of the coupling. The
RMSEs of 𝜓 for the GDF are reduced significantly from
about 1.6 × 107 m2 s−1 to about 1.1 × 107 m2 s−1 with a high
frequent oscillation (see Figure 10(a)). The 𝜙 in GDF is also
improved significantly comparing to CTRL (solid versus dash
lines in Figure 10(b)), whose RMSE decreases gradually and
smoothly, but it does not reach a stable value within the
experimental period, indicating that the low frequency signal
needs a much longer time to reach equilibrium compared
to the high frequency signal. For 𝑇𝑙 , the GDF reduces the
error by approximately 60%. Note that 𝑇𝑜 has no direct effect
on 𝑇𝑙 , which can be realized according to the framework

of the coupling model (see (18)–(20)). Instead, 𝑇𝑜 affects
𝑇𝑙 indirectly via 𝜓. The improved 𝑇𝑜 by the observational
constraint increases the quality of 𝜓 over land through the
dynamical constraint. Then, the improved 𝜓 ameliorates 𝑇𝑙
through the process of the external forcing.
5.5. Removal of Observational Data in the Southern Ocean. In
the real ocean, the observations are scarce in the southern
polar region. Therefore, another set of data assimilation
experiment is carried out, which is the same as the experiment in Section 5.3, but in which the observations, south of
50∘ S and 50∘ E∼300∘ E, are removed completely.
Figures 12(a)–12(d) show the time series of RMSEs of 𝜓,
𝜙, 𝑇𝑜 , and 𝑇𝑙 with the GDF (black line) and the standard
DF with 𝑎, 𝑏 = 0.5 (red line). The RMSE of 𝑇𝑜 for the DF
increases persistently during the experimental period, while
the RMSE for the GDF begins to descend after 0.2 years and
converges after 0.6 years (Figure 12(c)). When the diffusion
coefficients are set to different values in the DF experiment
(e.g., 𝑎, 𝑏 = 0.2, 0.8, 1.0), similar results as the ones presented
in Figure 12 are obtained. Results indicate that DF cannot
correct the model bias in the data void region. However,
the GDF is able to mitigate the model bias to some degree
through extracting the spatial multiscale information from
the available observations to the data void region. Figure 13
presents the spatial distributions of RMSEs of 𝑇𝑜 for the GDF
and the standard DF with 𝑎, 𝑏 = 0.5. Compared to the DF,
the GDF produces a significant improvement within the data
void region in the Southern Ocean (compare Figures 13(a)
and 13(b)).
The RMSE of 𝜓 in the GDF is not always smaller than the
DF owing to the strong nonlinear nature of the high frequent
atmosphere (red line versus black line in Figure 12(a)). In
contrast, the evolution of 𝑇𝑙 in the model (see (20)) is
rather simple (i.e., linear); the RMSE in the GDF is almost
always smaller than that for the DF (red line versus black
line in Figure 12(d)). For the low frequent component 𝜙
(see Figure 12(b)), the RMSEs of both the GDF and the DF
decrease gradually, indicating that the effect of the data void
region on the low frequent signal is small in the given time
scale.
5.6. Impact of the GDF on the Forecast. From a more practical
point of view, the role of the GDF should be judged from
the model forecast. In this section, two forecast experiments
without any observational constraint are integrated for 1 year,
respectively, starting from the final analyzed states of the
above two assimilation experiments (the GDF and the DF).
Figures 14(a)–14(d) show the forecasted time series of
RMSEs of 𝜓, 𝜙, 𝑇𝑜 , and 𝑇𝑙 for the GDF (black line) and the
DF with 𝑎, 𝑏 = 0.5 (red line). The GDF performs much
better than the DF in 1 year’s forecast lead time of all the state
variables such as the high frequent component 𝜓 and the low
frequent component 𝜙 (black versus red curves in Figures
14(a) and 14(b)). It is interesting that the forecasted RMSE
of 𝜙 still decreases inertially owing to the longer adjustment
time of the low frequent signal, but whose trend becomes
mildly with the increase of the forecasted lead time. For
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Figure 10: Time series of RMSEs of (a) atmospheric stream function, (b) oceanic stream function, (c) sea surface temperature, and (d) land
surface temperature for CTRL (solid curve) and GDF (dashed curve).
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Figure 11: The spatial distribution of RMSE of sea surface temperature using GDF.

𝑇𝑜 , because of the absence of the observational constraint,
the forecasted RMSE has an obvious positive trend (see
Figure 14(c)), indicating that the forecasted state is gradually
drifting away from the truth. Anyway, the GDF retains its
superiority relative to the DF during the entire forecasted lead
time. The forecasted RMSEs of 𝑇𝑙 have similar patterns to
those of 𝑇𝑜 (see Figure 14(d)).

6. Conclusions and Discussions
In this study, the diffusion filter (DF) is introduced as a
concrete implementation of the 3DVAR scheme. Similar to
the recursive filter (RF), the outstanding issue of DF is its

inefficiency in capturing the spatial multiscale information
resolved by observations. Therefore, several spatial multiscale
variational analysis schemes based on the DF are proposed to
retrieve the spatial multiscale information from longwaves to
shortwaves. As one of the spatial multiscale variational analysis schemes, the gradient diffusion filter (GDF) scheme is
proposed and verified through a set of observing/assimilation
system simulation experiments, where the “truth” field of the
sea surface temperature is represented by a high nonlinear
analytic function in a given sea region, and the observations
are sampled randomly and uniformly in the whole domain.
Results of the assimilation experiments indicate that the
GDF has noticeable advantages over the standard RF and DF
schemes, especially in the data void region. The GDF can
retrieve the longwave information over the whole domain
and the shortwave information over data-dense regions.
After that, a perfect twin experiment framework is
designed to study the effect of the GDF on the state estimation
based on an intermediate atmosphere-ocean-land coupled
model. In this framework, the assimilation model is subject
to “biased” initial fields from the “truth” model. The RMSE
of the sea surface temperature can be reduced significantly
through the observational constraint via the GDF. At the
same time, the RMSEs of the other model components, such
as the land surface temperature and the atmospheric and
oceanic stream functions can also be mitigated by the dynamical constraint and the external constraint through the oceanatmosphere-land coupled process. For simulating the real
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Figure 12: Time series of RMSEs of (a) atmospheric stream function, (b) oceanic stream function, (c) sea surface temperature, and (d) land
surface temperature for GDF (black curve) and DF with 𝑎, 𝑏 = 0.5 (red curve).
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Figure 13: The spatial distributions of RMSEs of SST using (a) GDF and (b) DF with 𝑎, 𝑏 = 0.5.

observational networks in the world ocean roughly, the
observations locating in the Southern Ocean are removed
to investigate the role of the GDF in retrieving the multiscale information from observations. While the standard DF
hardly removes the model bias in the data void region, the
GDF may mitigate the model bias to some degree through
extracting the multiscale information from the observations
beyond the data void region. In addition, the higher forecast
skill can also be obtained through the better initial state fields
produced by the GDF.
It should be noted that the background term 𝐽𝑏 is omitted
in the above assimilation experiments. When high-density,
accurate, resolvable information is available in observational datasets, it is much essential to extract the multiscale
information from the observations with deterministic data
assimilation approaches, as this study does. High-quality

background fields can be obtained firstly when deterministic data assimilation approaches are carried out. Next, the
statistical data assimilation approaches, such as traditional
3DVar and 4Dvar, can be used to treat observations as
random variables, in which 𝐽𝑏 will be included to extract
the information that cannot be resolved by the observation
networks.
In spite of the promising results produced by the GDF
in the intermediate climate model, much work is needed
to explore the impact of the multiscale variational analysis
schemes on the state estimation and forecast in real applications using general circulation models (GCMs). In addition,
other spatial multiscale variational analysis schemes based on
the DF, such as the adaptive diffusion filter (ADF) scheme,
should also be studied to further improve the convergence
speed and accuracy.
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Figure 14: Forecasted time series of RMSEs of (a) atmospheric stream function, (b) oceanic stream function, (c) sea surface temperature, and
(d) land surface temperature for GDF (black curve) and DF with 𝑎, 𝑏 = 0.5 (red curve).

Appendix

𝑛+1/2
= 0,
Δ 𝑥 𝑢0,𝑗

(A.8)

Equivalence between the RF and DF Methods

𝑛+1/2
Δ𝑥 𝑢𝐼,𝑗
= 0,

(A.9)

Using ADI scheme, (9) can be discretized as follows:

𝑛+1/2
= 0,
Δ 𝑦 𝑢𝑖,0

(A.10)

𝑛+1/2
= 0 𝑛 ∈ [0, 𝑁 − 1] ,
Δ𝑦 𝑢𝑖,𝐽

(A.11)

𝑛+1/2
𝑛
𝑢𝑖,𝑗
− 𝑢𝑖,𝑗

𝜏/2
−

−

𝑛+1/2
)
Δ 𝑥 (𝑎𝑖,𝑗 Δ𝑥 𝑢𝑖,𝑗

𝑛
)
Δ 𝑦 (𝑏𝑖,𝑗 Δ𝑦 𝑢𝑖,𝑗

= 0,

(A.1)

𝑛 ∈ [0, 𝑁 − 1] ; 𝑖 ∈ [1, 𝐼 − 1] ; 𝑗 ∈ [1, 𝐽 − 1] ,
𝑛+1/2
𝑛+1
− 𝑢𝑖,𝑗
𝑢𝑖,𝑗

𝜏/2

𝑛+1/2
)
− Δ 𝑥 (𝑎𝑖,𝑗 Δ𝑥 𝑢𝑖,𝑗

𝑛+1
) = 0,
− Δ 𝑦 (𝑏𝑖,𝑗 Δ𝑦 𝑢𝑖,𝑗

(A.2)

𝐴𝑢 = 𝛾,

𝑛 ∈ [0, 𝑁 − 1] ; 𝑖 ∈ [1, 𝐼 − 1] ; 𝑗 ∈ [1, 𝐽 − 1] ,
0
𝑢𝑖,𝑗
= 𝑤𝑖,𝑗

𝑖 ∈ [0, 𝐼] ; 𝑗 ∈ [0, 𝐽] ,

where Δ 𝑥 , Δ 𝑦 , Δ𝑥 , Δ𝑦 are forward and backward difference
operator in 𝑥 and 𝑦 direction, respectively. 𝜏 is the time step,
𝑖, 𝑗 and 𝐼, 𝐽 are grid index and grid numbers in 𝑥 and 𝑦
direction, respectively, and 𝑛 and 𝑁 are the time index and
the total time step numbers. The common tridiagonal matrix
algorithm (TDMA) can be used to solve both (A.1) and (A.2).
For example, the tridiagonal equation (A.2) in the 𝑗th row can
be written as follows:
(A.12)

where
(A.3)

𝑛
Δ 𝑥 𝑢0,𝑗
= 0,

(A.4)

𝑛
= 0,
Δ𝑥 𝑢𝐼,𝑗

(A.5)

𝑛
Δ 𝑦 𝑢𝑖,0
= 0,

(A.6)

𝑛
Δ𝑦 𝑢𝑖,𝐽
= 0 𝑛 ∈ [0, 𝑁] ,

(A.7)
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which leads to
𝐿𝜑 = 𝛾,
(A.15)

𝐿𝑇 𝑢 = 𝜑,
where
𝑞𝑖
1
𝜑 +
𝛾 ,
𝑝𝑖+1 𝑖 𝑝𝑖+1 𝑖+1

𝑖 = 𝐼 − 2, 𝐼 − 1, . . . , 1.

(A.18)
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𝑞𝐼−2 𝑝𝐼−1 ] [ 0 . . .

𝑖 = 1, 2, . . . , 𝐼 − 2,

Equation (A.18) has the same form as (6) in the RFM.

It is easily testified that 𝐴 is a positive definite and symmetrical matrix. Therefore, the Cholesky decomposition of 𝐴 can
be processed as follows:

1
𝛾,
𝑝1 1

𝑖 ∈ [1, 𝐼 − 2] ,

𝑢𝑖 = 𝛼𝑢𝑖+1 + (1 − 𝛼) 𝜑𝑖 ,

(A.13)

𝜑1 =

𝑞𝑖 = 𝑞,

𝜑𝑖+1 = 𝛼𝜑𝑖 + (1 − 𝛼) 𝛾𝑖+1 ,

𝑖 ∈ [1, 𝐼 − 2] ,
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𝑛
𝑛
𝛾𝑖 = 𝑢𝑖,𝑗
+ Δ 𝑦 (𝑏𝑖,𝑗 Δ𝑦 𝑢𝑖,𝑗
),
2

𝜑𝑖+1 = −

𝑖 ∈ [1, 𝐼 − 2] ,

Set 𝛼 = −𝑞/𝑝, then (18) and (19) can be formulated as

1 − 𝑙𝑖−1 − 𝑙𝑖 , 𝑖 ∈ [2, 𝐼 − 2]
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Specially, if 𝑎𝑖,𝑗 is a constant, which is equivalent to an
isotropic filter, we know that
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(A.16)
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This study evaluates the impact of Tropospheric Airborne Meteorological Data Reporting (TAMDAR) observations on regional
24-hour forecast error reduction over the Continental United States (CONUS) domain using adjoint-based forecast sensitivity to
observation (FSO) method as the diagnostic tool. The relative impact of TAMDAR observations on reducing the forecast error was
assessed by conducting the WRFDA FSO experiments for two two-week-long periods, one in January and one in June 2010. These
experiments assimilated operational TAMDAR data and other conventional observations, as well as GPS refractivity (GPSREF).
FSO results show that rawinsonde soundings (SOUND) and TAMDAR exhibit the largest observation impact on 24 h WRF forecast,
followed by GeoAMV, aviation routine weather reports (METAR), GPSREF, and synoptic observations (SYNOP). At 0000 and 1200
UTC, TAMDAR has an equivalent impact to SOUND in reducing the 24-hour forecast error. However, at 1800 UTC, TAMDAR
has a distinct advantage over SOUND, which has the sparse observation report at these times. In addition, TAMDAR humidity
observations at lower levels of the atmosphere (700 and 850 hPa) have a significant impact on 24 h forecast error reductions.
TAMDAR and SOUND observations present a qualitatively similar observation impact between FSO and Observation System
Experiments (OSEs).

1. Introduction
Tropospheric Airborne Meteorological Data Reporting
(TAMDAR), developed by AirDat (AirDat was acquired by
Panasonic Avionics Corporation in 2013), has been providing
a continuous operational stream of real-time observations
from regional commercial airlines since December 2004.
These observations include temperature, winds, water vapor,
pressure, icing, and turbulence. Aircraft equipped with
TAMDAR typically fly regional routes and cruise at altitudes
generally below 25000 ft [1], providing coverage over North
America, including Alaska and Mexico, as well as Hawaii,
Caribbean, and Europe. TAMDAR was designed to fill in the
spatial data voids of traditional Aircraft Meteorological Data
Relay (AMDAR) flights, which tend to fly higher altitude
routes into major airport hubs with only a small number

of planes collecting water vapor, as well as the spatial and
temporal data voids of radiosondes, which are launched
every 12 h from limited locations.
The current TAMDAR-equipped fleets make more than
1800 daily flights, providing roughly 3600 radiosonde-like
profiles during the ascent and descent phase of flight at
various regional and major airports across North America
and Europe. The time-based horizontal resolution in cruise
is 3 min, and the pressure-based vertical resolution during
ascent and descent is 10 hPa. The data are transmitted via
satellite to a ground-based operation center for quality control and are available for assimilation within 15 s of sampling
[1]. These observations are rapidly becoming a major source
of critical data utilized by various assimilation systems for
the improvement of mesoscale numerical weather prediction
(NWP) and the overall safety of aviation for the future [2].

2
The TAMDAR data have been producing promising
impacts on NWP forecasts over the Continental United States
(CONUS) for several years and for many different data assimilation systems (e.g., [3–6]), as well as hurricane track prediction [7]. Using the four-dimensional nudging data assimilation method, Liu et al. [4] verified that TAMDAR had a
positive impact for mesoscale NWP. Moninger et al. [6] found
positive impacts of TAMDAR on 3 h Rapid Update Cycle
(RUC) forecasts of temperature, relative humidity, and winds.
The Weather Research and Forecasting (WRF) community variational data assimilation (WRFDA) system [8–
10] developed at National Center for Atmospheric Research
(NCAR) has been enhanced to assimilate TAMDAR observations and investigate TAMDAR data impact on the forecast
for hurricane Ike [7]. Their study was followed by further
research of observation error tuning [5] to improve the performance of TAMDAR observations in the WRFDA system.
Although positive impacts of TAMDAR data on hurricane
Ike and regional forecasts were reported, those two previous
studies neither compared TAMDAR with other observation
types, nor isolated the impact of each observed variable from
TAMDAR.
In addition to the traditional observation-denial method,
often referred to as Observation System Experiments (OSEs),
used in the studies mentioned above, the adjoint-based forecast sensitivity to observation (FSO) method is an efficient
approach to assess relative observation impact on a measured
aspect of the forecast error. Unlike OSEs, which measure
effects of a single observation on all forecast metrics, FSO
quantifies the response of a single forecast metric to all
perturbations of the observing systems [11]. It can directly
assess the impact of any or all observations used by a
forecasting system during data assimilation on a selected
measure of short-range forecast error, as opposed to adding
or withholding observations during assimilation.
The observation impacts from the FSO method can
be easily aggregated by various metrics (e.g., observation
variable type, data location) providing a powerful tool with
potential applications within data assimilation and observing
systems. The FSO method has been used in global data
assimilation systems to evaluate the observation impact with
respect to a scalar function representing the short-range
forecast error [11–19]. Two methods of observation impact
estimation (i.e., OSEs and FSO) were evaluated and compared
by Gelaro and Zhu [19] and by Cardinali [11]. The authors
reported qualitatively similar observation impacts on shortrange forecasts using both methods.
In this study, the observation impact of TAMDAR on
regional forecasts is evaluated using the adjoint-based FSO
method in a limited-area model for two periods in 2010. This
evaluation employs the WRF model [20], its adjoint model
(WRFPLUS; [21]), and its three-dimensional variational data
assimilation (3D-Var) system [10], centered on the CONUS.
The adjoint-based FSO tool used in this study was developed
by Auligné et al. [22] under the framework of WRFDA. The
observation impact from FSO is compared to that from OSEs
for TAMDAR and SOUND observations.
The updated WRFDA system with TAMDAR data assimilation capability has been in operation, providing routine
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analyses and forecasts since 2010. In addition to comparing
the overall impact of TAMDAR data with that of other
observation types in the operational system, this study also
evaluates the impact of TAMDAR on operational short-range
forecasts by quantifying the contribution of observed wind
(𝑢, V), temperature (𝑇), and moisture (𝑞) using the adjointbased FSO method.
TAMDAR impact can be directly compared to other
observations such as SOUND at specific vertical levels or
for observed variables. Use of the WRFDA FSO system
allows the measurement of TAMDAR observation impact
when the entire dataset is present in the data assimilation
system. This provides the rank of TAMDAR observational
impacts on reducing short-range forecast error with respect
to the set of all assimilated observations. It also allows for
the identification of problems and refinement of potential
features of TAMDAR observations, which are crucial for
directing further investigation.
The remainder of this paper is structured as follows.
In Section 2, the methods of the forecast sensitivity to
observation and the WRFDA FSO system will be described.
Section 3 presents the experiment design. Detailed results
and comparisons between FSO and OSEs are illustrated
in Section 4, and summary and discussions are given in
Section 5.

2. WRFDA FSO
The adjoint-based FSO system used in this study is WRFDA
FSO, which was developed at NCAR in 2008 [22, 23], and has
been verified and employed to examine observation impact
in the East Asian region during tropical cyclone seasons [24].
Readers are referred to Jung et al. [24] for a detailed description of the concept of forecast sensitivity to observations and
application in the WRFDA system. WRFDA FSO includes the
WRF model, its adjoint (WRFPLUS), and WRFDA and its
adjoint.
WRFPLUS includes a linearization and its adjoint of
the dry dynamics of the WRF model, a simplified vertical
diffusion scheme, and a large-scale condensation scheme.
There are no other moist processes represented in WRFPLUS.
WRFDA FSO is capable of calculating the impact of all
available conventional and satellite radiance data on the
analysis and short-range forecast. It combines higher order
approximations of forecast error measurement and their
characteristics in the context of the adjoint-based observation
impact calculation discussed by Errico [16], Gelaro et al. [17],
Tremolet [25], and Descu and Todling [26].
According to the theory of adjoint-based FSO discussed
in previous studies, the calculation of observation impact is
a three-step process that involves WRFDA FSO. It seeks the
gradient of the forecast error cost function with respect to the
vector of observations.
(i) Forecast Sensitivity to Analysis. The calculation of forecast
sensitivity to analysis is obtained using two forecast trajectories (i.e., 24 h) by the WRF model, which is initialized with
the analysis and background, respectively. The background is
typically a prior model forecast (e.g., 6-hour forecast), and
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Figure 1: The model geographical configuration with the coverage of TAMDAR (a) and SOUND (b) observations (black dots) at 0000 UTC
2 January 2010.

the analysis is produced by optimally assimilating observations with the background into the WRFDA 3D-Var system.
Therefore, the forecast trajectory of the background is starting
6 hours before the trajectory of the analysis. At the forecast
time, with a selected reference atmospheric state (REFER)
as the truth, the forecast error will be calculated for the
forecast of analysis and background. A forecast error cost
function will be defined based on the difference between
those two forecast errors. Along the forecast back trajectory,
the WRFPLUS adjoint model is able to calculate the forecast
sensitivity to analysis with the forecast error cost function. In
WRFDA FSO, the REFER could be the global analysis from
other data assimilation systems or the internal analysis of
WRFDA. Detailed methods of forecast sensitivity to analysis
are described by ((A.1)–(A.7)) in the Appendix.
(ii) Forecast Sensitivity to Observation. The second step is to
extend the forecast sensitivity to analysis from the grid point
provided by the previous step into the observation space
using the adjoint of WRFDA 3D-Var. It involves the adjoint of
the observation operator, observation error covariance, and
the inverse of the Hessian matrix of the cost function that
can be obtained by using the iterative Lanczos method in
the minimization procedure [27]. The formula is provided by
((A.8)-(A.9)) in the Appendix.
(iii) Observation Impact. The observation impact is therefore
obtained through calculating the inner product of the forecast
error sensitivity to observation and the innovation vector,
which is described by (A.9) in the Appendix. This step
is implemented within WRFDA and allows users to easily
perform various observational impact studies. It should be
noted that greater innovation corresponds to greater observation impact. The negative values of observation impact
correspond to the forecast error reduction due to improved
initial conditions by assimilating observations meaning that
the observation has a positive impact on the forecast.

3. Experiment Design
The purpose of this study is to compare the impact
of TAMDAR data with other observation types in the

operational WRFDA system and to evaluate the contribution
of TAMDAR wind, temperature, and moisture observations
on operational short-range forecasts. Therefore, FSO experiments are conducted over a two-week period for January of
2010 and a two-week period for June of 2010. The WRF model
domain for this study has a single 134 × 84 grid that covers the
US and surrounding oceanic regions (Figure 1) with 60 km
horizontal resolution and 35 vertical levels defined in sigma
coordinates with a model top of 50 hPa. Compared to the
operational CONUS domain run by AirDat, this domain
has a much lower resolution and smaller coverage, but it is
sufficient to cover the entire North American TAMDAR distribution (Figure 1(a)). This specific configuration is designed
for reducing the expensive computational cost of adjoint
runs.
WRFDA 3D-Var is used to obtain the analysis by assimilating rawinsonde (SOUND), PILOT, PROFILER, surface
data from SYNOP, METAR, SHIP, BUOY, aircraft data from
AIREP and TAMDAR, satellite retrieved wind (GeoAMV)
and GPS precipitable water (GPSPW), and GPS refractivity
(GPSREF). It should be mentioned that the TAMDAR data
were provided directly from the AirDat original observing
network, instead of TAMDAR data used at National Centers for Environmental Prediction (NCEP), which received
approximately 3% of all available operational TAMDAR
observations. The other assimilated datasets come from the
Global Telecommunication System (GTS). Figure 1 gives an
example of assimilated TAMDAR and SOUND horizontal
distribution over the model domain. It should be noted
that the restricted Aircraft Communications Addressing and
Reporting System (ACARS) data are not used here since they
were not available to AirDat in real time.
The quality control (QC) of conventional data including
TAMDAR observations in WRFDA is first done in observation preprocessing procedure (obs proc). Details can be
found in the WRFDA user guide (http://www2.mmm.ucar
.edu/wrf/users/wrfda/Docs/user guide V3.4.1/users guide
chap6.htm). The second QC is taken inside WRFDA
before minimization, in which WRFDA does the same QC
procedure for TAMDAR data, as well as other conventional
data. Observations will be rejected when their innovations are
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larger than 5 times of the standard error of the observation.
In this study, no bias correction or thinning procedures
are used for TAMDAR data since these functions are not
developed in WRFDA, although, compared to SOUND
measurement, TAMDAR has the bias of 1.57% for RH,
−0.04 K for temperature, and 0.004 m/s for wind [5].
The observation error for temperature from TAMDAR
used in this study is 1.0 K, which is the same for most
observation types in this study, except for SHIP and BUOY
with 2.0 K. The wind observation error is 3.6 m s−1 for TAMDAR and AIREP, 2.7 m s−1 for SOUND, BUOY, SYNOP, and
METAR, 2.8 m s−1 for PROFILER and PILOT, and 4.5 m s−1
for GeoAMV. For TAMDAR relative humidity, we assume the
error to be 10%, which is used for other observation types as
well in this study. The observation errors are kept uniform for
both January and June experiments. The background error
covariance (BE) is generated with National Meteorological
Center (NMC) method [28] prior to each study period using
monthly statistics of differences between WRF 24 and 12 h
daily forecasts over the configuration shown in Figure 1. The
same BE is used for both experiments in January and June.
WRFDA 3D-Var is performed each day at 0000, 0600,
1200, and 1800 UTC with a 6 h assimilation time window
from −3 h to +3 h. The background of every cycle is obtained
from the WRF 6 h forecast initialized from NCEP global final
analysis (FNL), instead of the previous WRF analyses. In
order to calculate the forecast sensitivity, two 24 h WRF forecast trajectories are performed for all analysis times, which
are initialized with background and analysis, respectively. It
is noted here that the 24 h forecast trajectory of background
is starting 6 h before analysis trajectory. The forecasts utilize
the Kain-Fritsch cumulus parameterization [29], Goddard
cloud microphysics scheme, and the Yonsei University (YSU)
planetary boundary layer parameterization [30]. The 24 h
WRFPLUS adjoint simulations are run along with the WRF
trajectory, but only with physical processes of a simple vertical
diffusion scheme and a large-scale condensation scheme. All
WRFDA 3D-Var and the WRF forecast and WRFPLUS runs
use the same model domain configuration and resolution.
For the observation impact calculation, the dry energy
norm ((A.3b) in the Appendix) is used to define the forecast
error, and the forecast error is calculated for the entire domain
(Figure 1). To define the forecast error, the reference analysis
that assimilated all observation types described previously
with WRFDA 3D-Var is considered the true state in this
study. The augmented form of the third-order Taylor series
approximation of forecast error discussed by Gelaro et al. [17]
is selected for the most accuracy as shown in the Appendix
(A.10).

4. Observation Impact Results
4.1. Two-Week Time Average. The observation impact of the
conventional dataset on the 24 h forecast error has been
investigated at the four synoptic times (i.e., 0000, 0600,
1200, and 1800 UTC) for two selected periods in January
and June, which allows for examining the seasonal variations in the observational impact on the WRF short-range
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Figure 2: Time-average total observation impact (J kg−1 ) of the
types of variables in June (grey) and January (black) 2010. Negative
values correspond to a decrease in the energy norm of forecast error.
“REF” stands for the GPS refractivity (GPSREF).

forecast during the summer and winter period over the
CONUS domain. The two-week time-averaged total observation impacts aggregated with the observation variables
(i.e., wind, 𝑇, 𝑞, 𝑃𝑠 , and REF) over all of the four synoptic
times are organized in Figure 2. Negative values correspond
to a decrease of forecast error due to assimilating a specific
observation variable.
Overall, the forecast error reduction is negative for all
variables in two selected periods, implying that the forecast
error starting from analysis is smaller than that starting from
background. This result also implies that the assimilation
of observations in the WRFDA system reduces the forecast
error. The observation impact in the two seasons is significantly different for wind observation being larger in June
and smaller in January. For January, the largest forecast error
decrease is due to temperature observations, followed by
wind observations for this specific region and 24 h forecast
length, whereas the largest forecast error reduction for June
is due to wind observations followed by temperature observations. The possible reason is that the observation number
of GeoAMV from GTS in June 2010 is much more than
January for unclear reasons. The next important observation
variable to reduce the forecast error is the moisture (𝑞), the
refractivity (REF) of GPS, and the surface pressure (𝑃𝑠 ). The
comparison shows that in general all observation variables
except for REF reduce the forecast error by a larger amount
in June than in January. The forecast error is highly affected
by the synoptic situation, for example, in summer; there are
more convective cases than winter. Convective forecasting
is usually more challenging in NWP, while the observation
amount of GPSREF in the experiment period of January is
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Figure 3: Time-average total observation impact (J kg−1 ) (a) and the corresponding assimilated observation number (b) of the types of
observing systems in June (grey) and January (black) 2010.

more than that in June, which could be the possible reason
that GPSREF has larger impact in January than in June.
The time-averaged total observation impact for the various observing systems and the corresponding assimilated
observation amount for June and January are grouped in
Figure 3. For both June and January, on average all of the
observing systems provide the most consistent improvement
for 24 h forecast from season to season, although TAMDAR,
SOUND, and GeoAMV drop their impact from summer
to winter period. The common seasonal variation exists
with smaller observation impact in the winter period and
larger in the summer period for each variable (Figure 2) and
observing system (Figure 3), which is consistent with the
results of Zapotocny et al. [31]. Therefore, Figure 3 suggests
that the WRFDA properly assimilated these observations
and improved the initial conditions of the forecast. Overall,
for two selected periods, the largest forecast error reduction
is due to TAMDAR and SOUND, followed by GeoAMV,
METAR, GPSREF, PROFILER, SYNOP, and PILOT. The total
forecast error reductions from AIREP, GPSPW, BUOY, and
SHIP are smaller because of their sparse coverage with limit
data amount as shown in Figure 3(b). The primary reason
for the small impact from AIREP is that the ACARS is a
restricted dataset and not available for operational assimilation by nongovernmental agencies. Figure 3(b) shows that
the assimilated AIREP observation numbers are obviously
less than others. We expect that this would be a dominant
observing system if ACARS data were included in this study
(e.g., [32]).

From the cross-reference of Figures 3(a) and 3(b), the
assimilated observation numbers of TAMDAR are much
more than SOUND. This is the main reason that TAMDAR
data are leading the observation impact in this system when
considering that they have the same observed variables
(wind, temperature, and humidity) and similar observation
errors as SOUND. GeoAMV also has a large observation
number; however, the impact is not as obvious as TAMDAR
and SOUND because it is only located at certain levels
and with only wind observations and larger observation
error (Section 3). The observation number of GeoAMV from
GTS in June 2010 is much more than January for unclear
reasons, which certifies that the larger observation impact of
GeoAMV in summer versus winter period is closely related
to the number of datasets.
The surface observation types SYNOP, METAR, BUOY,
and SHIP have similar trends in the summer and winter
period. However, the observation impact is slightly different
with an increase from summer to winter period, even with
equivalent observation numbers and the same observation
error. This difference appears to be a result of the WRF 24hour forecast error for the surface, which is larger in January
than in June. With the surface pressure instrument, METAR,
observation impact is significantly different in winter versus
summer period; however, this does not change the total 𝑃𝑠
observation impact between the winter period and summer
period in Figure 2. The reason is the 𝑃𝑠 in Figure 2 including
the surface pressure observation from SOUND and SYNOP
in the WRFDA FSO procedure.
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Figure 4: Time-average per-observation impact (J kg−1 ) for June
2010, which is time-averaged total observation impact divided by the
observation number.

In order to evaluate the normalized observation impact,
the observation impact per observation numbers for all
assimilated observation systems in June is calculated
(Figure 4), which is the averaged observation impact (shown
in Figure 3(a)) divided by the observation number (shown
in Figure 3(b)). January has a similar per-observation
impact, and the redundant figure is not shown here. Figure 4
indicates that SYNOP surface observations have the greatest
normalized observation impact, although they have a
relatively small contribution to the total observation impact
as shown in Figure 3(a). It means every single SYNOP
observation contains important information to reduce
model surface forecast error which is usually larger and
more difficult than the upper air for model forecast. The
rank of other normalized observation impacts is in order
of SOUND, TAMDAR, GeoAMV, METAR, and GPSREF
from high to low. The TAMDAR observation, which has the
greatest total impact, has a smaller normalized observation
impact than SOUND. The reason is likely because TAMDAR
uses a larger wind observation error (3.6 m s−1 ) than that of
SOUND (2.7 m s−1 ). Additional comparisons between these
two observing systems will be addressed in the following
sections with greater detail.
4.2. Observation Impact across Four Synoptic Times. In the
previous section, it was shown that the assimilation of large
sets of observational data reduces the 24 h WRF regional
forecast error. However, the observation impact of individual
observations varies widely, and the adjoint-based calculation
allows us to quantify this impact for every observation at
a particular analysis time. The time-averaged observation
impact and dataset count for all assimilated observations

across four synoptic times are shown in Figure 5 for summer period only. Since the seasonal impact difference is
understood from previous discussion of Figures 2 and 3, the
redundant winter figure is omitted.
It is noted that the observation impact corresponds to
the observation number when comparing Figures 5(a) and
5(b), and the observation impact of TAMDAR, SOUND, and
GEOAMV varies with four synoptic times. For TAMDAR,
its observation impact at 0000 UTC is the largest, 0600 UTC
is the smallest, and 1200 and 1800 UTC are the closest. The
observation impact of TAMDAR at 1200 UTC is slightly
less than 1800 UTC, although the data amount at 1200 UTC
is much less than 1800 UTC. The observation number at
1800 UTC is the greatest, followed by 0000, 1200, and
0600 UTC, which is expected based on the commercial airline flight times. The observation impact in Figure 5(a) indicates a smaller TAMDAR observation impact at 1800 UTC
compared to 0000 UTC, even though the observation number (Figure 5(b)) at 1800 UTC is more than 0000 UTC. This
mismatch may be because observations are more numerous
but do not necessarily result in an automatically a larger
impact if observation error correlations and the thinning are
not properly used.
The largest observation impact of SOUND is at 1200 UTC,
followed by 0000, 1800, and 0600 UTC, which is consistent
with its observation number in Figure 5(b). GeoAMV observation impact was the third largest one in the system; however, it has less obvious time variation than that of TAMDAR
and SOUND. GeoAMV has the same issue as TAMDAR
at 1800 UTC; largest observation numbers do not bring the
largest observation impact. This performance suggests that
WRFDA may need more attention and effort to handle data
density for assimilation. The other possible reason for the performance of GeoAMV could be that larger observation error
was introduced to GeoAMV wind observation as described
in Section 3. METAR and GPSREF have a comparable impact
following GeoAMV at all analysis times. With smaller observation numbers, METAR, GPSREF, and PROFILER have
relative large observation impacts. Based on (A.10) in the
Appendix, the observation impact is depending on two elements: the departure of observation and background (𝑑) and
model forecast error. It means that the model forecast error is
larger on the locations of METAR, GPSREF, and PROFILER,
and these data contain important information to reduce
the forecast error to a great extent. The surface observation
instrument, SYNOP, produces an equally important impact
for 0000, 0600, 1200, and 1800 UTC in this study, due to the
equal data report amount along with those times.
The comparison between TAMDAR and SOUND shows
that at 0000 UTC the observation impact from SOUND
is similar to TAMDAR, and at 1200 UTC, SOUND produces more impact than TAMDAR. At 0600 and 1800 UTC,
however, since SOUND has only a few records, TAMDAR
has a much greater observation impact than SOUND. The
amount of TAMDAR observations is significantly larger than
SOUND at all assimilation times. Particularly at 1800 UTC
when SOUND reports are sparse, TAMDAR observation has
the thickest coverage due to the high peak of commercial
flights landing and takeoff at local airport. The averaged total
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Figure 5: Time-average total observation impact on 24 h forecast (J kg ) (a) and the corresponding assimilate observation number (b) of
the types of observing systems for 0000 (blue), 0600 (red), 1200 (green), and 1800 (orange) UTC in June 2010.

observation impact illustrates that TAMDAR has a distinct
advantage at 1800 UTC in reducing the 24 h forecast error
due to the dense observation record. Therefore, the larger
total observation impact of TAMDAR than that of SOUND
(Figure 3) mostly likely originates from the contribution of
1800 UTC observations.
4.3. Observation Impact Vertical Distribution. Since TAMDAR and SOUND have similar observation impacts discussed in Sections 4.1 and 4.2, and TAMDAR is a rawinsondelike observation with the same observational variables,
the comparison is made between TAMDAR and SOUND
to investigate why the observation impact of TAMDAR
is greater than SOUND at some analysis times. Figure 6
presents the vertical distribution of the time-averaged wind
observation impact and observation number for TAMDAR
and SOUND for the summer period at 0000 UTC. The
observation impact is categorized for eight vertical levels:
1000, 850, 700, 500, 300, 200, 100, and the model top
(50) hPa. From the vertical distribution, both TAMDAR
and SOUND present the positive impact at all vertical
pressure levels for wind. It can be seen from Figure 6(a) that
TAMDAR wind observation impact resides primarily below
300 hPa corresponding to its cruise altitude below 25000 ft.
At 500 hPa, TAMDAR shows a larger observation impact
than SOUND corresponding with larger observation number
in Figure 6(b). However, at 1000, 850, 700, and 300 hPa,
TAMDAR presents smaller observation impact than SOUND
although TAMDAR has more observation at these levels. It

is likely a function of the model-assigned larger observation
error for TAMDAR wind observations than that of SOUND.
Gao et al. [5] presented revised lower TAMDAR-specific error
values, which, prior to TAMDAR, were set to the same values
as AIREP.
The observation impact vertical distribution for temperature (𝑇) and water vapor mixing ratio (𝑞) are displayed for
June in Figure 7, as well as the corresponding observation
number. The q in Figure 7(c) is converted from the observed
relative humidity (RH) in WRFDA. Since the adjoint model
does not account for the majority of moist processes, the
error of humidity impact is assumed to be ignored for the
preliminary investigation in this study. Therefore, it must
be declared that the humidity impact mentioned here only
counts the contribution to dry energy norm. However, it
is fair to make approximate comparisons of the humidity
impact between TAMDAR and SOUND in the same system.
As with wind, both T and q show the positive impact to
forecast at all vertical levels. In Figures 7(a) and 7(c), at 850
and 700 hPa, TAMDAR shows a larger T and q observation
impact than other levels corresponding to the more observations in Figures 7(b) and 7(d); however, SOUND presents
smaller observation impact at these two levels corresponding
with fewer observations than TAMDAR. Therefore, the dense
TAMDAR observations compensate sparse SOUND reports
in the critical vertical region (lower levels) where no other
moisture data is available. This analysis suggests that the
humidity observation of TAMDAR has a positive impact on
the WRF regional 24 h forecast, especially at lower levels (700
and 850 hPa) where convective weather originates.
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Figure 6: Time-average observation impact (J kg−1 ) of TAMDAR and SOUND wind (a) on pressure levels (hPa) from 1000 hPa above the
surface up to 50 hPa at 0000 UTC in June 2010; (b) is the observation number at corresponding vertical levels.

4.4. OSEs. In previous sections, the linear estimations of
observation impact are described. This section compares
the impact of observations on 24 h forecast evaluated using
typical OSEs with that evaluated using the adjoint-based
FSO method. The REFER that assimilates all observation
types (Section 3) is used as a control experiment that is
referred to as OSE-ALL. Two OSEs are then conducted by
performing new analysis-forecast cycles for a given period
(i.e., from 1 to 15 June 2010). In the new analysis procedure,
the TAMDAR and SOUND to be evaluated are removed from
the observation set in data denial experiments. The corresponding OSEs are referred to as OSE-TAMDAR and OSESOUND, respectively. Through a series of OSEs, the impact
of TAMDAR and SOUND is evaluated. The configurations
of the analysis and forecast system are the same as those
described in Section 3 for FSO.
The observation impact of TAMDAR from OSEs is
defined as the difference of 24 h forecast error of OSE-ALL
and OSE-TAMDAR. The calculation of forecast error for
OSE-ALL and OSE-TAMDAR uses the formulation in the
Appendix (A.6) with the same REFER as the true state as the
FSO described in Section 3. OSE-SOUND followed the same
procedure as OSE-TAMDAR to get the observation impact of
SOUND. Figure 8(a) presents the time-averaged observation
impact for both OSE-TAMDAR and OSE-SOUND in June at
0000, 0600, 1200, and 1800 UTC.
The TAMDAR and SOUND observation impact
obtained from FSO are compared in Figure 8(b). The largest

observation impact of TAMDAR is at 1800 UTC, which is
even larger than the error of removing SOUND observation
and is consistent with the results of FSO (Figure 8(b)).
Likewise, the observation impact of SOUND data is larger
at 1200 UTC than TAMDAR data. At 0000 UTC, the OSEs
show that TAMDAR results in slightly larger observation
impact than SOUND, whereas FSO presents equal impact
between TAMDAR and SOUND. 0600 UTC is only showing
the impact of TAMDAR for both OSEs and FSO. The
comparable pattern demonstrates that FSO and OSEs show
similar importance at each synoptic time. The WRFDA FSO
diagnostic tool is capable of highlighting the major forecast
degradation due to the observations withheld compared with
OSEs. However, using cross comparisons of the magnitude
of observation impact between OSEs and FSO, the difference
shows larger observation impact of OSEs than that of FSO.
This means the linear estimate forecast error reduction from
FSO method slightly underestimates that from the nonlinear
method in the OSEs. This underestimation may be due to
the (1) neglected moist physics in adjoint integration, (2)
the validity of the tangent linear assumption, and/or (3)
the validity of the tangent linear assumption of the forecast
error reduction. OSEs measure the effects of either SOUND
or TAMDAR on all forecast metrics; FSO quantified the
response of a single metric to all observations including
TAMDAR and SOUND. Overall, the comparable results still
demonstrate that the FSO and OSEs show similar qualitative
improvements due to TAMDAR and SOUND observations.
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Figure 7: Time-average observation impact (J kg−1 ) of (a) temperature (T) and (c) specific humidity (q) from TAMDAR and SOUND on
pressure level (hPa) from 1000 hPa above the surface up to 50 hPa at 0000 UTC in June 2010; (b) and (d) are the observation number of T and
q, respectively, at the corresponding vertical level.

5. Summary and Discussions
This paper presents an application of the WRFDA FSO
system for estimating the impact of observations on regional
forecasts and investigates influence of TAMDAR data on
short-range (24 h) forecast error reduction. A significant
advantage of the FSO method is that observation impact can

be efficiently estimated for a complete set of observations,
or any subset of observations grouped by type of observing
system, observed variable, geographic region, vertical level,
or other categories. The assessment of the value of TAMDAR
and SOUND observations impact through the OSEs is also
performed, which demonstrates that the FSO experiments
and OSEs provide similar qualitative diagnostic results. The
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FSO method also requires fewer computational resources
than OSEs and can monitor the observation impact in an
operational framework.
FSO results suggest that on average all the observing
systems play a positive role in reducing the 24 h forecast
error. The wind and temperature in the observation system make key contributions to reduce the 24 h forecast
error, although the largest observation impact for June is
wind, whereas it is, for January, temperature. The largest
observation impact is produced by SOUND and TAMDAR
and followed by GeoAMV, METAR, GPSREF, and SYNOP.
However, most instruments have the seasonal variation with
the larger impact in summer period than winter period.
The wind, temperature, and relative humidity observations of
TAMDAR have significant contributions in the operational
WRFDA system, particularly at 1800 UTC.
FSO observation impact was compared to the observation
impact deduced from OSEs that were performed as data
denial experiments for TAMDAR and SOUND. Consistent
with FSO impact results, the total observation impact of
TAMDAR from OSEs is larger than SOUND at 0600 and
1800 UTC, and impact at 0000 UTC is similar to SOUND,
and impact at 1200 UTC is less than SOUND. Whilst OSEs
are more indicated for evaluating the longer term forecast
impact of data, FSO is still a good choice to investigate the
short-range forecast error reduction due to the observations.
FSO is able to evaluate the impact of observations when
the entire observation dataset is present in the assimilation
system with one experiment, while OSEs have to perform
more than one experiment to evaluate the contribution from
different datasets [11].

The advantages of TAMDAR data in the operational
WRFDA system are reinforced through this study using the
FSO approach and include the following.
(i) The total observation impact of TAMDAR is obvious
at 0000, 1200, and 1800 UTC cycle consistently. TAMDAR at 1800 and 0600 UTC is able to complement
SOUND observations to reduce forecast error.
(ii) TAMDAR relative humidity and temperature observation are a very important supplement to SOUND
data at lower levels, especially at 850 and 700 hPa.
Additionally, a few issues have been noticed with the
adjoint-based observation impact estimate. First, the calculation of the sensitivity used in the WRF adjoint is limited
by simple physical schemes. Secondly, the definition of the
forecast error norm does not include moisture. A greater
impact from moisture observation might be expected when
more moist physics schemes are included in the WRF adjoint
model and a total moist energy norm is used.
In this study, no bias correction or thinning procedures
are used for TAMDAR data since these functions are not
developed in WRFDA. As discussed in Section 2, the observation innovation and observation number directly affect
the forecast error reduction. The bias correction is clearly
related to the innovation, and the thinning procedure decides
how many data will be assimilated. Therefore, additional
work is needed to address the bias correction and thinning
procedure to improve the accuracy of observation impact
of TAMDAR in FSO system. Inclusion of moisture in total
energy and investigation of the influence of TAMDAR data
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thinning and bias correction strategy on short-term forecast
error reduction should be part of future development. The
new observation error for TAMDAR has been estimated and
added in WRFDA [5]. It would be also interesting to study
the forecast sensitivity to TAMDAR observation errors with
FSO.

Appendix
Basic Concept of Observation Impact
The nonlinear forecast model can be expressed as
x𝑓 = 𝑀 (x0 ) ,

𝛿x𝑓 = M𝛿x0 ,

(A.2)

where M is the tangent-linear propagator of 𝑀 along the
forecast trajectory initiated from x0 . To study the observation
impact on forecasts, the forecast error, which is measured
𝑓
with respect to the true atmospheric state x𝑡 at time 𝑡 = 𝑓, is
defined as
𝑓

𝑒 = ⟨x𝑓 − x𝑡 , C (x𝑓 − x𝑡 )⟩ ,

(A.3a)

where ⟨⋅, ⋅⟩ denotes the Euclidean inner product of two
vectors and C is a diagonal matrix that has the weighting
coefficients of the forecast error components. Usually, the dry
total energy norm is used for C [33–35] as
𝑒 = ∑ [𝑢2 + V2 + (
𝑖,𝑗,𝑘

2

𝑔
𝑁𝜃

) 𝜃2 + (

1 2 2
) 𝑝 ].
𝜌𝑐𝑠

(A.3b)

Using (A.2), the sensitivity (gradient) of 𝑒 to initial conditions
is expressed as
𝜕𝑒
𝑓
= 2M𝑇 C (x𝑓 − x𝑡 ) .
𝜕x0

(A.4)

𝑓

Given two forecasts x𝑏 and x𝑎𝑓 with the background (x𝑏0 )
initial condition and analysis (x𝑎0 ), respectively, the forecast
error is
𝑓

𝑓

𝑓

𝑓

𝑒𝑎 = ⟨x𝑎𝑓 − x𝑡 , C (x𝑎𝑓 − x𝑡 )⟩ .

(A.5)

To measure the observation impact on forecast error reduction, a scalar function is defined as the difference between 𝑒𝑎
and 𝑒𝑏 :
𝐽𝑒 =

1
(𝑒 − 𝑒 ) .
2 𝑎 𝑏

(A.7)

where s is a properly defined vector that is expressed in terms
of the forecast sensitivity to initial conditions [17, 36]. For
example, s = (1/2)((𝜕𝑒𝑎 /𝜕x𝑎0 ) + (𝜕𝑒𝑏 /𝜕x𝑏0 )) is introduced
by Langland and Baker [12] in their observation impact
methodology.
In a data assimilation system, the analysis increments
x𝑎0 − x𝑏0 are represented by a best linear unbiased estimation
equation
x𝑎0 − x𝑏0 = Kd,

(A.8)

where K = AH𝑇R−1 is the Kalman gain matrix, A represents
the matrix of analysis error covariance and corresponds (at
convergence) to the inverse of the Hessian matrix of the
cost function [37, 38], H𝑇 is the adjoint of the observation
operator, R−1 is the reverse of observation error covariance;
d is the innovation vector d = y − 𝐻(x𝑏0 ), y represents
observations, and 𝐻 is the nonlinear observation operator.
Using (A.8) and the adjoint relationship, the forecast error
reduction estimation (A.7) can be expressed as
𝛿𝑒 = ⟨Kd, s⟩ = ⟨d, K𝑇 s⟩ ,

(A.9)

where K𝑇 s is the forecast sensitivity to observations. The
quantity 𝛿𝑒, as defined in (A.9), provides the information that
is required to assess observation impact using only observation space quantities. In the case d = 0 or K𝑇 s = 0, there is no
observation impact. Typically, 𝑒𝑎 is smaller than 𝑒𝑏 , so that the
negative observation impact value in (A.9) is corresponding
to the reduction of the forecast error due to improved initial
conditions. Using (A.9), the total observation impact can
be partitioned into contributions made by any individual
observation or grouping of observations assimilated over
the entire domain. Combining (A.4) with (A.9), the linear
approximation of (A.6) can be introduced as
𝑓
𝑓
𝑓
𝛿𝑒 = ⟨d, K𝑇 [M𝑇,𝑏 C (x𝑏 − x𝑡 ) + M𝑇𝑎 C (x𝑎𝑓 − x𝑡 )]⟩ . (A.10)
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𝑓

𝑒𝑏 = ⟨x𝑏 − x𝑡 , C (x𝑏 − x𝑡 )⟩ ,
𝑓

𝛿𝑒 = ⟨x𝑎0 − x𝑏0 , s⟩ ,

(A.1)

where 𝑀 is the nonlinear propagator of the model for the
time period 0 ≤ 𝑡 ≤ 𝑓 and x𝑓 is the forecast model state
vector at time 𝑡 = 𝑓 with initial condition vector x0 . Given a
perturbation 𝛿x0 at the initial time, the linear evolution 𝛿x𝑓
at time 𝑡 = 𝑓 is

𝑓

The linear approximation of forecast error reduction 𝐽𝑒
caused by analysis increment x𝑎0 − x𝑏0 can be expressed as

(A.6)
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The effects of 8 typhoons which passed by coldcore eddy (CCE) areas in the South China Sea (SCS) from 1997 to 2009 were observed
and evaluated. The changes in the preexisting CCE acted upon by typhoons were described by eddy kinetic energy (EKE) and eddy
available gravitational potential energy (EAGPE). The mechanical energy of CCE was estimated from a two-layer reduced gravity
model. Comparing with the scenario that typhoon passes by the region without CCEs, the preexisting CCE area plays an important
role in the increase of chlorophyll-a (chl-a) concentration in the CCEs impacted by the typhoons. The preexisting chl-a in CCE is
about 25%∼45% (8%∼25%) of postexisting chl-a in CCE for higher (slower) transit speed typhoons. If the EAGPE of CCE increases
greatly after typhoon passing by with slow transit speed, so does the chl-a in the CCE area. The EKE (EAGPE) changes of the
preexisting CCE are in the order of O(1014 ∼1015 J). EKE and EAGPE of CCE are dominantly enhanced by typhoon with slow
transit speed (<3 m/s) and the posttyphoon EAGPE is always larger than posttyphoon EKE for 8 cases. The maximum EAGPE
change of the preexisting CCE reaches 5.11 × 1015 J, which was induced by typhoon Hagibis.

1. Introduction
Ocean responses to typhoons have been investigated during
the past several decades through theoretical [1], observational
[2–4], and numerical methods [5–7]. Typhoons trigger phytoplankton blooms of high chl-a concentration in the ocean.
This phenomenon has been previously reported [8–10]. With
the development of satellites, more tropical storm-induced
phytoplankton blooms in the open oceans [11, 12] and in
the marginal seas [13], especially in the SCS [14–16], have
been studied. The mechanism of phytoplankton blooms is
generally supposed to be that typhoon-induced upwelling
and vertical mixing bring cold and nutrient or chlorophyllrich water up to the euphotic layer and thus stimulate the biological bloom [10, 11, 14]. Recently, many investigations focus
on that phytoplankton blooms are enhanced in a cold core

eddy (CCE) when a typhoon passes by [15, 17]. The preexisting CCE plays a critical role in the development of typhooninduced phytoplankton blooms, and it significantly strengthens the upper ocean dynamics and nutrient responses, which
are mainly dependent on two factors [13, 18]. One is that the
cyclonic eddy lifts up the isotherms prior to the arrival of the
typhoons, thus leading to lower water temperature and more
nutrients than in the case of no eddy at the same depth. The
other factor is that typhoons have slow transit speed. Entrainment and upwelling induced by typhoons and upwelling
induced by preexisting CCE can inject nutrient water to the
euphotic layer and significantly promote biological bloom
[19–21].
There has been also considerable research on the sea surface temperature (SST) cooling associated with preexisting
mesoscale eddy in response to the passing by of typhoon. For

2
example, Zheng et al. [17] investigated that intensive cooling
response to typhoon Hai-tang at sea surface is under preexisting cyclonic eddy condition with uplifted thermocline
induced by cyclonic flow. By two numerical experiments,
Zheng et al. [22] revealed that an accurate representation of
the upper dynamic conditions is required to accurately estimate the sea surface cooling by a typhoon. Prasad and Hogan
[23] investigated that the variation of regions of extreme
cooling depended on the simulated location of the warm core
eddy (WCE) by hurricane Ivan. These studies all suggest that
preexisting mesoscale eddies play an important role in SST
cooling in response to typhoon. The cooling SST with low sea
surface height indicates that more cooling water is uplifted
by mixing and upwelling induced by cyclonic eddy. When
the cooling water brings nutrient water to the upper layer,
phytoplankton blooms will occur.
For the preexisting CCE, the SST cooling, sea surface
height anomaly (SSHA) changes, and marine phytoplankton
blooms impacted by typhoon were investigated (e.g., [13, 17,
22]). However, these rare basic physical parameters, such as
SST and SSHA in the sea surface, available by satellite data,
can only roughly present some characteristics of CCE. Nowadays, based on SSHA and geostrophic velocities or standard
Reynolds averaging procedure [24], the sea surface kinetic
energy can be easily estimated. In absence of in situ data,
most of the relative studies about eddy kinetic energy (EKE)
of CCE focused on sea surface kinetic energy [25, 26], which
ignore the volume effect of CCE. Meantime, seldom work
reported the variations of eddy available gravitational potential energy (EAGPE). Xu et al. [27] postulated a new method
to estimate the EKE and EAGPE by a two-layer model including the contribution of an eddy’s volume. When typhoons
act on CCEs, studying the energy change of preexisting
CCEs with volume effect has important implication with
the energy transfer between the atmospheric force and the
ocean response. Estimating the change of EKE and EAGPE
associated with the preexisting CCEs can investigate quantitatively the energy translation from a typhoon to a mesoscale
cold eddy and further tell which parameter of a typhoon
plays a key role in the change of preexisting CCE’s energy.
What is the relationship between EAGPE of CCEs and change
of chl-a? What plays a key role in the change of chl-a in the
CCE area? The answers to these questions can offer observational information for the further study of the interaction
between typhoons and CCEs in the physical and biophysical
models.
The South China Sea (SCS) is one of the largest marginal
seas in the Western Pacific (see Figure 1), and commonly its
seasonal thermocline is shallow (∼10 m) in spring and deep
(∼80 m) in winter. Meanwhile, the SCS is also a region with
frequent typhoons [28] and abundant activity of mesoscale
eddies observed all year around [29]. Besides, oligotrophy
is a significant characteristic in upper water column of the
northern SCS (>20∘ N). In winter, due to the fact that the
nutrient is relatively rich (the average surface phosphate concentration is 34.6 nmol/L [30]), the average chl-a concentration of the northern SCS from August 1997 to December 2009
can reach 0.47 mg/m3 , while the average chl-a concentration
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Figure 1: Topographical map of the South China Sea.

of the southern SCS is about 0.17 mg/m3 (see Figure 2).
In summer, the average chl-a in the SCS is about 0.1192 mg/m3
because the nutrient is relative oligotrophy (the average surface phosphate concentration in summer is 17.6 nmol/L [30]).
In spring, the average chl-a in the SCS is about 0.1163 mg/m3 ;
therein, the average chl-a in the northern SCS is higher (about
0.22 mg/m3 ). In autumn, the average chl-a in the SCS is about
0.1492 mg/m3 . Both in summer and in autumn, there is a
water jet induced by monsoons [31] near the eastern Vietnam
coast, where the average chl-a is very high (0.44∼0.47 mg/m3 )
in autumn and it is relatively weak (0.22∼0.44 mg/m3 ) in
summer. In this paper, we proposed a method to more
effectively estimate physical parameters, especially EKE and
EAGPE of CCE to reveal the response of the preexisting eddy
acted upon by typhoons by using satellite data and a two-layer
reduced gravity model. These two parameters are important
physical parameters that have a close relation to chl-a change.
To avoid regional differences, eight typhoons passed by the
preexisting CCE area in the SCS were used to investigate
the chl-a change in the CCE area. In addition, when the
wind stress of typhoons produced an effect on CCE, the
changes in the EKE and EAGPE of CCE before and after the
typhoons were calculated to illustrate the energy translation
of CCE both on and below the sea surface.

2. Data and Methods
2.1. Selection of Cases. The chl-a data were obtained from
the Sea-viewing Wide Field-of-view Sensor (SeaWiFS). The
level-3 chl-a concentration values taken from the website
of National Aeronautics and Space Administration (NASA,
http://oceancolor.gsfc.nasa.gov/) were used. These data with
9 km spatial resolution and 8-day composite were derived
from an algorithm called the ocean chlorophyll 4 algorithm
(OC4) [32]. Typhoon information, including center location,
central pressure, and maximum sustained winds recorded
once every six hours, was obtained from the Joint Typhoon
Warning Center (JTWC). The average typhoon transit speed
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Figure 2: Seasonal average chl-a concentration from August 1997 to December 2009 in the South China Sea.

and average wind speed when the typhoon center was located
within 100 km of the CCE were estimated. The altimeter data
were merged from multisensors including TOPEX and ERS.
Data were produced by AVSIO (Archiving, Validation, and
Interpretation of Satellite Oceanographic data) with average
spatial resolution of 0.3∘ and time resolution of 7 days. The
daily SST data are from the Remote Sensing Systems TMI (the
Tropical Rain Measuring Mission’s microwave imager).
To investigate the biological response in the eddy area
under the influence of a typhoon, the eligible cases were
selected by following these steps. First, the typhoon track
records were used to search for the typhoons entering into

the SCS. Next the SSHA data were used to check whether
the typhoons on the SCS passed by the mesoscale eddy area.
Finally, chl-a concentration was calculated in the eddy area
where typhoon passed by.
Because 1997 was the first year that the SeaWiFS data were
available, this year was chosen as a starting point in our study.
The chl-a enhanced by typhoon is mostly attributed to not
only the upwelling that brings nutrient water from deep sea
to upper layer, but also new phytoplankton growing in the
euphotic zone [11]. Thus, the phytoplankton growth to peak
concentration needs a delay of several days (∼5 days) under
the influence of a hurricane [13, 33]. In fact, the exact number

4
of days for chl-a to rise to its peak is still unknown, but it is
not the crux of problem. Based on the above considerations,
8-day, 9 km, and level-3 composite SeaWiFS data were used
to satisfy the basic study requirements. Moreover, before
and after each typhoon, the SeaWiFS data without a large
quantity of cloud cover were used [33], since typhoons are
always accompanied by large and intensive cloud, making
upper ocean chl-a invisible to the SeaWiFS sensor. In several
selected cases, the disturbances of cloud were not able to be
precluded. However, compared with the chl-a distribution
after typhoon in mesoscale size around the CCE area farthest
from the coast, the horizontal gradient of chl-a concentration
before typhoon is much smaller. Hence, the data from chla partially covered by cloud can still be used to present
chl-a distribution before typhoon. But for chl-a data after
typhoon, the chl-a growth rate varies in different regions and
its horizontal gradient is large. If the calculated chl-a excluded
some other areas covered by cloud, it is a significant error.
Therefore, those cases of cloud-free chl-a data in the CCE
area were chosen so that the CCE circumscription could be
accurately determined.
To identify and track the mesoscale eddy, 3 criteria were
followed: (1) there were closed SSHA contours on the SSHA
images, and the outermost closed contour of SSHA is the
boundary of identified mesoscale eddy; (2) the water depth
of the eddy center was deeper than 1000 m [34]; (3) the
difference of SSHA values between center maximum and
outermost contour, 𝑀, was more than 6 cm. The accuracy of
altimeter data was low near the coast, whereas when the eddy
area was located in open ocean, interference with chl-a pixel
values from coastal or ocean bottom areas can be avoided.
Thus, the second criterion is important. Because the measurement error of the SSHA was around 2 cm, the third criterion
was applied.
A mesoscale eddy usually spans several hundred kilometers. A tropical storm with slow transit speed only spends
about one day passing through an eddy. According to this,
using daily SSHA data to determine the area covered by the
eddy is needed, as the weekly SSHA data were not available
to distinguish the day that a tropical storm passed through
an eddy. The SSHA data of a particular day were obtained by
the linear time-interpolation using the two consecutive days
of available SSHA data, which were, respectively, before and
after this day. The validation of linear time-interpolation was
tested by comparing the SSHA data obtained by linear timeinterpolation with AVISO daily SSHA product.
To investigate chl-a variation caused by typhoon, average
chl-a concentration in two continuous 8-day periods were
calculated (except Utor and Hagibis). The first 8-day data
were defined as the “pretyphoon” period which represents the
chl-a distribution before typhoon; the second 8-day data were
defined as the “posttyphoon” period which represents the chla distribution after typhoon. When the two sets of 8-day data
were used, the date of the typhoon passing by the eddy area
was chosen to occur at the end of the first 8-day period or
at the beginning of the second 8-day period. Because chl-a
bloom needs several days after the typhoon passed, the bloom
is always present in the second 8-day period. Then the SSHA
grid was spatially linearly interpolated into 9 × 9 km, which
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Figure 3: The two-layer reduced gravity model.

has the same resolution as the grid of 8-day chl-a data. The
chl-a pixel values accumulated when the chl-a pixels were
located on the grid points covered by the CCE influenced by
typhoon. The average chl-a concentration was derived from
the sum of chl-a pixel values divided by the total number of
available chl-a pixels on the CCE.
2.2. CCE’s Kinetic Energy and Available Gravitational Potential
Energy’s Calculation Methods. The EKE and EAGPE of CCE
were calculated by following simplification and assumption.
Because we do not have information about eddy’s vertical
structure and it was reasonable to treat the SSH variability
as the vertical displacement signature of the first baroclinic
mode [35], a two-layer model (Figure 3) was used to simulate
the baroclinic structure of eddies. To specify the depth of
interface and the density difference between two layers, a
common approach that sets the main pycnocline (thermocline) as the interface of a two-layer model was used. Thus
the internal displacement can be linked to the free surface
elevation anomaly observed from satellite data to incorporate
the vertical structure of eddies. By forming such a firstmode-baroclinic eddy and defining the reference state as
the state when there is no surface elevation caused by eddy,
both EKE and EAGPE for each eddy can be derived. Here
EAGPE means the difference in gravitational potential energy
between the reference state and the state where there was an
eddy. The two dates of weekly SSHA used to calculate energy
were the days before and after the typhoon passed by the eddy
area.
In a simple reduced gravity model (Figure 3), the relationship between sea surface height anomaly 𝜂 and displacement
of thermocline 𝑑 is
𝑔𝜂
𝑑= ,
(1)
𝑔
where 𝑔 is gravitational acceleration and 𝑔 is reduced
gravitational acceleration. 𝑔 is treated as a constant, that is,
0.03 m/s2 . In the calculation, it is assumed that water density
does not change with pressure and the density difference Δ𝜌
exists between upper and lower layer. Δ𝜌 is obtained from
Δ𝜌 = 𝜌(𝑔 /𝑔). Hence upper layer density is 𝜌 − Δ𝜌 and lower
layer density is 𝜌 (a nominal value of 1020 kg/m3 used), and
ℎ is the upper layer thickness in reduced gravity model.
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Table 1: Typhoon information and the spatial average chl-a concentration before and after typhoon overlaid on CCE.
Typhoon’s name
Leo
Lingling
Nanmadol
Kai-tak
Chanchu
Durian
Utor
Hagibis

Transit speed
(m/s)

Average wind
speed (m/s)

Minimum sea
level pressure (mb)

Prestorm
chl-a (mg/m3 )

Poststorm
chl-a (mg/m3 )

2.8864
3.6846
6.4741
2.1016
2.7270
3.7176
4.8184
1.9072

49.901
55.487
40.127
29.581
59.676
44.156
41.156
31.438

—
927
967
963
927
954
954
982

0.1089
0.1218
0.1483
0.1661
0.0847
0.1141
0.1141
0.1145

0.7174
0.4750
0.4323
0.8212
0.3335
0.2664
0.2454
1.4338

The current velocities are deduced from weekly SSHA
data by using the geostrophic approximation. Meridional and
zonal geostrophic velocities are 𝑢𝑔 and V𝑔 , respectively:
𝑔 𝜕𝜂
𝑢𝑔 = − ( ) ,
𝑓 𝜕𝑦

(2)

𝑔 𝜕𝜂
V𝑔 = ( ) ,
𝑓 𝜕𝑥

(3)

where 𝑓 is the Coriolis parameter. The central difference
method was used to calculate horizontal gradient of SSHA,
and the number of the grids surrounded by closed outermost
contour is 𝑛 in the eddy area. Average kinetic energy per unit
mass is given by
𝑛

⟨EKE⟩𝑚 = ∑

2
2
[(𝑢𝑔,𝑖
+ V𝑔,𝑖
) /2]

𝑛

1

.

(4)

If the area of each grid is 𝐴 𝑖 , the kinetic energy of a CCE,
including the contribution from the layer thickness and the
eddy volume, can be expressed as
𝑛

EKE = ∑ [
1
[

2
2
(𝑢𝑔,𝑖
+ V𝑔,𝑖
)

2

] (𝜌 − Δ𝜌) 𝐴 𝑖 (ℎ𝑖 − 𝑑) ,

(5)

]

where the only parameter that is not known is ℎ𝑖 . The
monthly mean ocean temperature of World Ocean Atlas 2005
(WOA05) provided by National Oceanographic Data Center
(NODC) was used to estimate the upper layer thickness.
Horizontal resolution of the data is one degree, and temperature values are indicated on 24 layers from 0 to 1500 meters.
This dataset is suitable to describe the sea water stratification
before the influence of typhoon because the annual and
seasonal cycles dominate the variability of the SCS, and
the monthly mean climatology is useful to eliminate the
effects of upper-layer deepening caused by the typhoon in the
calculations of eddy energy. Wind stress energy input to the
surface ageostrophic current will be much more significant
than that under the circumstance without typhoon so that
the upper layer depth will change significantly from pre- to
posttyphoons [36], but such an effect is not part of mesoscale
eddy-typhoon interaction. Besides, in situ measurements in

Table 2: EKE and EAGPE of CCE before and after typhoons.
Typhoon’s
name

Prestorm
EKE (J)

Poststorm
EKE (J)

Prestorm
EAGPE (J)

Poststorm
EAGPE (J)

Leo
Lingling
Nanmadol
Kai-tak
Durian
Utor
Hagibis

1.70𝐸 + 14
1.42𝐸 + 15
1.45𝐸 + 14
2.78𝐸 + 14
7.02𝐸 + 14
6.85𝐸 + 14
1.18𝐸 + 15

3.70𝐸 + 14
2.42𝐸 + 15
1.93𝐸 + 14
1.39𝐸 + 15
6.85𝐸 + 14
1.30𝐸 + 15
4.06𝐸 + 15

1.13𝐸 + 15
2.34𝐸 + 15
2.89𝐸 + 15
6.50𝐸 + 14
1.11𝐸 + 15
1.51𝐸 + 15
6.49𝐸 + 14

3.43𝐸 + 15
5.65𝐸 + 15
4.53𝐸 + 15
2.46𝐸 + 15
1.51𝐸 + 15
5.17𝐸 + 15
5.76𝐸 + 15

the South China Sea show that 16∘ C isotherm-depth is appropriate for the upper layer thickness [37]. Thus the depth of
16∘ C isotherm was adopted as the upper-layer thickness ℎ𝑖 in
present study.
For simplicity, the original position of the sea surface in
which there is no perturbation is selected as the reference
level. As the definition from Huang [38] and the Appendix
A in Xu et al. [27] indicated, the EAGPE of each eddy is
calculated as
EAGPE =

∑𝑛1 𝑔2 𝜌𝜂𝑖2 𝐴 𝑖
.
𝑔

(6)

3. Observation and Results
Table 1 shows the mean wind speed, moving (or transit)
speed, and central pressure of eight typhoons selected in the
SCS. It also represents the eight typhoons passing through the
corresponding preexisting CCE and remote sensing results
of chl-a before and after the typhoon overlaid the CCE area.
Table 2 gives the EKE and EAGPE changes of CCEs influenced by 8 typhoons. For Chanchu, the corresponding CCE
below did not satisfy the 3rd criteria of eddy detection, so the
EKE and EAGPE of that CCE were not included in Table 2.
Here 2 typhoons, Leo and Hagibis, were addressed to show
the chl-a response to typhoon in the CCE area and the change
of CCE’s EKE and EAGPE.
3.1. Typical Case: Typhoon Leo. Leo was the first typhoon
assaulting the China mainland in 1999. After generating in the
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Figure 4: The chl-a concentration change under the influence of typhoon Leo in the CCE area. Colorbar is the natural logarithm value of
chl-a concentration. (a), (b), (c), and (d) are the 8-day mean chlorophyll concentration derived from SeaWiFS in the SCS. (a) 15 April–22
April, 1999. (b) The prestorm chl-a distribution from 23 April to 30 April, 1999. (c) The poststorm chl-a distribution from 1 May to 8 May,
1999. The black solid line is the track of Leo. (d) 9 May–16 May, 1999. The contour indicates the CCE influenced by Leo. In (a), (b), (c), and
(d), the CCE is the same one as on 30 April when CCE passed by Leo.

central part of the SCS on April 25, it moved northwestward
as a tropical depression. By April 27, Leo began to shift
northward and then completed a full circle with average
maximum sustained winds of 17 m/s around east of the Vietnam coast. During April 29, Leo moved to the northeast and
intensified rapidly. By April 30, its maximum sustained winds
were strengthened from 42 m/s to 56 m/s. Its center passed
through an ocean preexisting CCE (Figure 4(c)) with average

moving speed 2.9 m/s in the same day (April 30). The CCE
had two centers. Its outmost contour value was −8 cm, and the
minimum value was −17.5 cm in the western center. Although
Leo had affected the cold core eddy before April 30, as tropical
cyclones’ wind radius (class 7 wind speed 15 m/s) spanned
150 km, the most important impact was exerted when Leo
closed in on the eddy area. Thus, the typhoon average moving
speed and average wind speed when the typhoon closed in
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Figure 5: Frequency distribution of available chl-a pixel values in the CCE area derived from prestorm and poststorm images. (a) The prestorm
chl-a distribution. (b) The poststorm chl-a distribution.

on the eddy area were calculated. Leo left the eddy area on
May 1 and began to weaken and finally disappeared over the
mainland.
Leo is a precise example to explain how to determine the
prestorm and poststorm average chl-a concentration values
in the eddy area. Three 8-day, 9 km, and level 3 SeaWiFS chla data were used according to the period when Leo persisted.
Leo occurred between April 25 and May 3. The chl-a data are
shown in Figures 4(b) and 4(c), and time scales are shown
separately from April 23 to April 30 and from May 1 to May 8.
In fact, Leo began to influence the marked eddy area before
April 30; however, due to the fact that high chl-a which is a
response to a typhoon usually delayed several days (e.g., 3-4
days, Walker et al. [13]), phytoplankton bloom did not exist
in prestorm conditions from April 23 to April 30 (Figures
4(a) and 4(b)), and the obvious increase of chl-a is present
in Figure 4(c) in CCE region. The first 8-day data (from April
23 to April 30) was set as “prestorm,” and the second 8-day
data (from May 1 to May 8) as “post-storm.”
The general characteristic of chl-a spatial distribution is
that chl-a concentration is higher in coastal waters and is
lower in offshore waters (Figures 4(a) and 4(b)) [39]. The CCE
was located in the northern continental slope of SCS where
the chl-a was higher than the central ocean region. Before
the effects of typhoon Leo, the average chl-a calculated in
the eddy area from April 15∼22 and from April 23∼30 was,
respectively, 0.1111 mg/m3 and 0.1113 mg/m3 (Figures 4(a) and
4(b)). The difference is only 0.0002 mg/m3 . Although it is
hard to determine whether the variation 0.0002 mg/m3 was
caused by Leo, the variation can be neglected when compared
with the increase of chl-a in CCE after typhoon (Figure 4(c)).
Figure 4(c) shows that the typhoon track has passed the CCE
area, and the chl-a obviously increased in the CCE area
(Figure 4(c)). It is noted that higher chl-a values were mainly
present on the western center of CCE area, which is closer
to the typhoon center (Figure 4(c)), rather than on the right
side of the storm track. The poststorm average chl-a was up
to 0.7174 mg/m3 , more than 6 times greater than that before
typhoon. An area of more than 14,400 km2 had chl-a higher
than 1 mg/m3 . The region surrounded by −14 cm contour
around the western center covered roughly 12,000 km2 , where
average chl-a concentration was as high as 1.7371 mg/m3 . But

before Leo, it was about 0.1069 mg/m3 in the same region.
The high chl-a did not last for long, as it rapidly decreased
to 0.1605 mg/m3 from May 9 to May 16 (Figure 4(d)) which
was very close to the level before typhoon Leo.
Figure 5 is the frequency distribution of pretyphoon and
posttyphoon chl-a in the CCE area. Before Leo, 76% chla concentration values mainly concentrated within a small
range from 0.08 to 0.12 mg/m3 ; after Leo, these values became
dispersive. About 19% of pixel values fell within the range
of 0.08 to 0.12 mg/m3 ; 28% of pixel values were more than
1 mg/m3 . It indicates that chl-a concentration values are relatively uniform before typhoon; after typhoon passage, chl-a
values obviously increased in various amplitudes in different
regions in the CCE area.
Figure 6 shows the area of associated CCE before and
after typhoon Leo. The CCE was generated in local position
and intensified by cyclonic wind stress of the typhoon.
On the SSHA images in Figure 4(b), eddies presented a
series of closed contours. The horizontal distance and height
difference between the amplitude and the outermost contour
of eddy separately implies eddy’s area and intensity of cyclonic
circulation. The intensification of CCE diagnosed from SSHA
data is represented by expansion of the CCE’s area and the
deepening of SSHA. On April 28 before Leo, the CCE’s
outermost contour value was shown to be −7 cm and minimum amplitude at center was −15 cm (Figure 6(a)). The CCE
covered approximately 66,700 km2 . By May 5 after Leo
passed, the outermost contour of CCE became −11 cm;
minimum amplitude at center deepened to −25 cm; its area
expanded to 75,500 km2 (Figure 6(b)). It is easy to see that
CCE was intensified by Leo from the change of the SSHA.
However, the description above is not clear enough and
ignores the volume effects of CCE. Thus, the intensification
was further described by EKE and EAGPE. The SSHA data
on April 28 were used to calculate prestorm energy. EKE
and EAGPE, respectively, were 1.70 × 1014 J and 1.13 × 1015 J.
The poststorm energy was calculated based on the SSHA at
the region of CCE on May 5, which is 4 days after typhoon.
(Hereafter, the same method is used to calculate EKE and
EAGPE for other typhoons.) Poststorm EKE and EAGPE
grew significantly, and they were 1.8 and 4.6 times, respectively, larger than those on April 28 (see Table 2). In this case,
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Figure 6: The SSHA images show the CCE which was passed by typhoon Leo. (a) SSHA on 28 April, 1999. (b) SSHA on 5 May, 1999. The
black solid line is the track of Leo.

the CCE enhanced by Leo can be quantitatively calculated;
the CCE extracted much more EAGPE energy than EKE.
3.2. Typical Case: Typhoon Hagibis. Typhoon Hagibis showed
a special track (Figure 7(b)). Hagibis was generated over
the east Pacific Ocean on November 18, 2007, near 8.6∘ N,
128∘ E. After crossing the Philippines as a tropical depression,
Hagibis entered into SCS and upgraded to a tropical storm
soon after. The tropical storm meandered northwest across
the northern part of SCS and continued to intensify. On
November 21, the storm strengthened into typhoon status and
then gradually approached a CCE region to the southeast of
the coast of Vietnam. Hagibis did not keep moving northwest
but wobbled off the coast of Vietnam on November 22 and
gradually weakened in the eastward track. By November
23, the storm turned back eastward in the SCS towards the
Philippines once again. It weakened to a depression and
disappeared in the east of the Philippines on November 27.
Hagibis’s center entered a CCE area on November 22, with a
radius of 320 km and class 7 wind speed of 15 m/s. It stopped
its eastward movement over the CCE area. The typhoon
center left the CCE area on November 25 (Figure 7(b)). The
SSHA data on November 24, when Hagibis began to turn
back, were used to fix the CCE location. The outermost edge
of this CCE was surrounded by 0 m contour; its minimum
SSHA is −20 cm, and the eddy covered approximately
143,200 km2 .
From November 17∼24, the CCE area was covered by
cloud so extensively that seldom chl-a information was able to
be obtained from this area. The previous data from November
9∼16 were chosen to represent the prestorm stage. The average
chl-a concentration of prestorm was shown as 0.1145 mg/m3

(Figure 7(a)), which is consistent with the general range 0.1∼
0.2 mg/m3 . Compared with Sun et al.’s result [40] which is
0.14 mg/m3 diagnosing by the MODIS data (the area Sun
et al. [40] used to calculate average chl-a concentration is
larger than ours), the value of prestorm concentration is
rational. From November 25 to December 2, the chl-a in the
CCE area increased greatly, and the average chl-a was up to
1.4338 mg/m3 . The area of chl-a whose values were higher
than 1 mg/m3 was larger than 64,370 km2 . The high chl-a was
mainly located on the eddy center (Figure 7(b)). The chl-a
value was still very high until the next 8-day period from
December 3∼10. The average chl-a concentration became
0.9464 mg/m3 and the area of that concentration more than
1 mg/m3 exceeded 34,500 km2 .
The CCE changes on the SSHA image were shown in
Figures 7(c) and 7(d). The prestorm SSHA data on December
21 showed a CCE whose outermost contour value was 0 m and
the minimum SSHA value was −14 cm and an area covered
by cyclonic circulation (Figure 7(c)). On December 28 after
Hagibis, the two cyclonic circulations merged into a new
larger CCE (Figure 7(d)). Its minimum SSHA value deepened
from −14 to −29 cm, while the area that CCE covered was
two times as large as the area before typhoon. It is noted that,
first, the speed of typhoon Hagibis was slowest, and second
Hagibis’ special track (Figure 7(d)) made the typhoon center
stay over the region of CCE for a much longer time than
typhoon Leo. These two factors make Hagibis overlay over the
CCE for the longest forcing time, greatly enhancing CCE. The
poststorm EKE was 3.4 times larger than the prestorm EKE,
while the poststorm EAGPE was about 8.8 times larger than
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Figure 7: (a)-(b) The change of chl-a concentration under the influence of typhoon Hagibis in the CCE area. Colorbar is the natural logarithm
value of chl-a concentration. The closed contour indicates the CCE area on 24 November. (a) Prestorm chl-a distribution from 9 November
to 16 November, 2007. (b) The poststorm chl-a distribution from 25 November to 2 December, 2007. (c)-(d) The change of CCE under the
influence of typhoon Hagibis. (c) The SSHA image shows the CCE on 21 November before typhoon Hagibis. (d) The SSHA image shows the
CCE on 28 November after typhoon Hagibis. The thick black solid line in figures (b) and (d) is the track of Hagibis.

the prestorm one. The large baroclinic EKE and EAGPE of
poststorm CCE extracted from Hagibis indicate that typhoon
Hagibis intensified the energy of the associated CCEs and
made the two prestorm CCEs unstable and finally combined
them into one CCE. Compared with typhoon Leo, EKE
and EAGPE of the associated CCE were greatly enhanced

by Hagibis, especially the EAGPE of CCE was dominantly
enhanced.
3.3. Other Typhoons. Similar methods were used to calculate
the change of chl-a and CCEs’ energy under the influence
of other six typhoons. According to the JTWC, Nanmadol,
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Table 3: The prestorm and poststorm dates corresponding to
Figure 11 for SST differences.
Typhoon’s
Prestorm
Pass by CCE time
Poststorm
name
day/month/year day/month/year day/month/year
Leo
Lingling
Nanmadol
Kai-tak
Chanchu
Durian
Utor
Hagibis

24/04/99
04/11/01
29/11/04
26/10/05
06/05/06
23/11/06
05/12/06
18/11/07

30/04/99
10/11/01
03/12/04
30/10/05
16/05/06
03/12/06
12/12/06
24/11/07

01/05/99
11/11/01
06/12/04
01/11/05
17/05/06
04/12/06
18/12/06
26/11/07

Kai-tak, Chanchu, Durian, Utor, and Lingling were selected
typhoons before they overlaid eddies. The associated CCEs
which were overlaid by typhoons mentioned above and
prestorm chl-a are shown in Figure 8 while Figure 9 shows
chl-a concentration after typhoon exerted its influence on
sea and corresponding typhoon tracks. Nanmadol is the
only case in which the typhoon center did not pass through
the CCE. Durian and Utor passed through the same CCE
successively. The detailed typhoon information during the
period that they overlaid corresponding CCEs is shown in
Table 1 while Table 3 shows the prestorm and poststorm dates
corresponding to each typhoon. Table 3 also shows the time
when typhoons passed through their corresponding CCEs.
According to Table 1, four typhoons kept a slow transit
speed of less than 3 m/s. Especially for Hagibis and Kai-tak,
the transit speeds were less than 2.2 m/s. Six typhoons had
a strong maximum mean wind speed of more than 40 m/s
when they passed through the CCE areas. Nanmadol had the
fastest transit speed of 6.4741 m/s and it was the only one
whose center did not directly pass through the corresponding
CCE. Chanchu was the strongest typhoon with maximum
wind speed of 59.676 m/s when it was over the CCE.
Before typhoons overlaid the CCEs, the chl-a in the CCE
region corresponding to Chanchu (see Figure 8) had the
lowest value, which matches the average value in spring. In
this season, the center basin of the SCS is oligotrophic. On
the contrary, the chl-a in the CCE region corresponding to
Kai-tak (see Figure 8) had a higher prestorm value, since
the CCE was located to the eastern Vietnam coast where
the high prestorm chl-a was induced by monsoons. The chla in the CCE region corresponding to Nanmadol was also
higher, since the chl-a concentration in the northern SCS
is higher in winter. It is noted that the chl-a was obviously
high to the north of the CCE region, where upwelling effects
were induced by the northeasterly monsoons around the
Philippine Island. For Lingling, Durian, and Utor, the corresponding CCEs were in the center basin of the SCS like the
scenario of Chanchu, but the chl-a in those CCEs were higher
than those of Chanchu. It is because the chl-a concentration
in winter is higher than that in spring.
Table 1 shows that, in general, the chl-a average in
preexisting CCE was between 0.08 and 0.20 mg/m3 before
typhoons’ influence. After typhoons, the chl-a average was

different (see Figure 9), changing from 0.2454 to 1.4338 mg/
m3 (see Table 1). It is emphasized that typhoon Durian first
passed through the region of a CCE during December 3∼10,
2006, and then Utor passed through the same CCE region
from December 11∼18, 2006. Due to typhoons continuously
passing through the same region of CCE, the prestorm EKE
and EAGPE of the CCE before typhoon Utor were strong.
However, the chl-a increases induced by Durian and Utor
were in different regions of CCE, which did not interfere with
each other. These results were also shown both in SeaWiFS
and MODIS chl-a data. To eliminate the interference of
Durian on the data of prestorm chl-a of Utor, the chl-a data
from 25 November to 2 December as the prestorm chl-a of
Utor was used, same as Durian’s, instead of the data from
December 3∼10.
Because cyclonic circulation before the influence of
typhoon Chanchu on May 10, 2006, did not meet the criteria
of eddy detection, the prestorm EKE and EAGPE of CCE were
not able to be calculated. Table 2 shows that the order of CCE’s
EKE and EAGPE was 1014∼1015 J. By comparing the prestorm
and poststorm CCE energy, almost all eddies were enhanced
by the influence of typhoons (Table 2). The exception of a
reduced EKE was the scenario of typhoon Durian, when
EKE was calculated from November 29 to December 6. The
CCE had two cores separately located in the north and
south of the CCE area. Durian passed through the CCE on
December 3. By December 6, the northern core disappeared.
The southern core of CCE was closer to the typhoon track
as it was intensified. The new eddy with lower spin velocity
had decreased EKE, while its EAGPE still increased. In other
cases, the poststorm EAGPE was always more enhanced than
the poststorm EKE. The minimum energy increases occurred
in Nanmadol, whose center did not directly pass through the
CCE and whose transit speed was rapidest. The maximum
EAGPE increases occurred in Hagibis, which had slower
transit speed with the longest effect on CCE.
3.4. Analysis of EKE, EAGPE, and chl-a in CCE. The scenarios
of typhoon over CCE are so few that the effects of transit
speed of typhoons are only examined here. In the CCE,
a typhoon with slower transit speed induces greater chla change. Figure 10 shows that the lower transit speeds of
Hagibis, Kai-tak, and Leo are corresponding to the higher
ratios of poststorm chl-a/prestorm chl-a with value of 12.5,
4.9, and 6.6, poststorm EKE/prestorm EKE with value of
3.4, 5.0, and 2.2, and poststorm EAGPE/prestorm EAGPE
with value of 8.9, 3.8, and 3.1. It is obvious that the ratio
of poststorm EAGPE/prestorm EAGPE and the ratio of
poststorm chl-a/prestorm chl-a decrease monotonously. It is
clear the chl-a, EKE, and EAGPE in CCE regions are able to be
enhanced by the typhoon with slow transit speed. Especially
when the typhoon Hagibis interacted on CCE for a long
time, the EAGPE and chl-a were greatly enhanced. However,
though Lingling is a strong typhoon, the ratio of poststorm
EKE/prestorm EKE is not as large as those of typhoon with
slow transit speeds. Nanmadol, Utor, Durian, and Lingling
with higher transit speeds are corresponding to the lower
ratios of poststorm chl-a/prestorm chl-a with value of 2.9, 2.2,
2.3, and 3.9, poststorm EKE/prestorm EKE with value of 1.3,
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Figure 8: The chl-a concentration in preexisting CCEs before typhoons. Colorbar is the natural logarithm value of chl-a concentration.
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Figure 9: The chl-a blooms under the influence of typhoons in the CCE area. Colorbar is the natural logarithm value of chl-a concentration.
The thick black solid lines in figures are typhoon tracks. The closed contours are the CCEs influenced by typhoons. (a) Typhoon Nanmadol in
December 2004. chl-a concentration is from 2 December to 9 December. (b) Typhoon Kai-tak in November 2005, and chl-a concentration is
from 1 November to 8 November. (c) Typhoon Chanchu in May 2006, and chl-a concentration is from 17 May to 24 May. (d) Typhoon Durian
in December 2006, and chl-a concentration is from 3 December to 10 December. (e) Typhoon Utor in 2006, and chl-a concentration is from
11 December to 18 December. (f) Typhoon Lingling in 2001, and chl-a concentration is from November 9 to November 16.
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Figure 10: The ratio of poststorm (a) chl-a, (b) EKE, and (c) EAGPE to prestorm chl-a, EKE, and EAGPE, respectively, versus typhoon transit
speed in logarithm coordinate.

1.9, 1.3, and 1.7, and poststorm EAGPE/prestorm EAGPE with
value of 1.6, 3.4, 1.6, and 2.4.
Comparing EAGPE with EKE, EAGPE is much higher
than EKE regardless of both prestorm or poststorm (see
Table 2). EAGPE is considered as a dominant physical
parameter to describe the changes of CCEs’ response to
typhoons. Why the poststorm EAGPE is enhanced is able to
be attributed to many reasons. First, the wind stress curl of
typhoon has the same polarity as the vorticity of cold eddies.
Second, the wind stress vector turns clockwise as typhoon
passes by on the right side of its track in the Northern Hemisphere. Hence the divergence of horizontal circulation will be
enhanced, which may induce a significant horizontal pressure
gradient towards the center of cold eddy. It implies that the
amplitude of the SSHA in the core of cold eddy will increase,
meaning the EAGPE is increased significantly. Meantime, the
upper-layer deepening is able to be induced by intensified
turbulent mixing under the circumstance of typhoon [36]
but note that this effect is not involved in the calculation of
EAGPE.
In fact, SST is a key physical factor to indicate the chla increase. The more the EAGPE changes, the higher the
isotherms/isopycnals rise in the core of cyclonic eddy, which
produces an easier condition for SST cooling. Thus, strengthened EAGPE may have lower SST in the center of the CCE
and larger chl-a concentration. Figure 11 shows the SST
change under the influence of typhoon in the CCE area.
The maximum SST cooling, which can reach 3∼9∘ C, always
occurred 1∼2 days after typhoons passed by the CCE. In
the other regions along the typhoon tracks, the SST cooling
was usually less than 3∘ C. Except Kai-tak, chl-a bloom
corresponded well with the SST cooling position for the other

seven typhoons. Especially in the cases of Durian and Utor,
the largest SST cooling mainly occurred on the right side of
the typhoon track in the CCE area and in different regions of
the same CCE area, which is consistent with the chl-a bloom
in the positions separately caused by Durian and Utor. For
Kai-tak, the distribution of the cooling SST in the CCE does
not superpose the area of larger chl-a concentration, and thus
a reasonable explanation cannot be found for this result (see
Figure 11(d)).
Figures 11(b), 11(d), 11(e), and 11(h) show that variations of
SST were able to reach 6∼9∘ C. The SST in the center of CCE
was cooled down to ∼7.9∘ C by typhoon Hagibis. The EAGPE
was greatly enhanced and the poststorm EAGPE had larger
value of 5.76 × 1015 J, and the difference in EAGPE (poststorm
EAGPE − prestorm EAGPE) was 5.11 × 1015 J. The SSTs in
the center of the CCE were also cooled down to ∼8∘ C by
typhoons Lingling and Kaitak, and the enhanced EAGPE of
CCE had a larger value of 2.46 × 1015 J and 5.65 × 1015 J, and
the corresponding difference in EAGPE of CCE was 1.81 ×
1015 J and 3.31 × 1015 J, respectively. Though typhoon Utor had
a small SST cooling at the center of the CCE, the Durian and
Utor typhoons continuously forced on the same CCE; thus,
both Durian and Utor cooled down SST to roughly ∼7∘ C and
enhanced the EAGPE from 1.11 × 1015 to 5.17 × 1015 J, which
generated the EAGPE difference of 4.06 × 1015 J in the CCE.
Leo cooled down the center SST of the CCE to 4∼5∘ C, and
the ratio of poststorm EAGPE/prestorm EAGPE was 3. The
difference in EAGPE of the CCE was 2.3 × 1015 J. Nanmadol’s
track did not pass through the center of the CCE, and the
SST of the CCE was cooled down to only 3∘ C. The difference
in EAGPE of the CCE was 1.64 × 1015 J. Hence, qualitatively,
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Figure 11: Continued.
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Figure 11: The SST cooling under the influence of typhoons in the CCE area. The thick black solid lines in figures are typhoon tracks. The
closed contours are the CCEs influenced by typhoons. The colorbar is the temperature difference before storm and after storm; the exact
prestorm and poststorm day are from Table 3. (a) Typhoon Leo, (b) Lingling, (c) Nanmadol, (d) Kai-tak, (e) Chanchu, (f) Durian, (g) Utor,
and (h) Hagibis. The date of the CCEs is on the day that typhoon passed the CCE.

the more changes in SST at the center of the CCE caused by
typhoons, the larger changes in EAGPE of the CCE. However,
SST is controlled by many factors, such as turbulent mixing,
surface radiative forcing, and evaporation. The relationship
between SST changes and EAGPE variations cannot be so
easily addressed and this is why their relationship cannot be
described by a simple formula in this analysis.

4. Discussion
It is noted that the chl-a average in CCE areas is averaged
from all the chl-a pixel values in the CCE. Thus, the poststorm
peak pixel values are always much larger than the average
ones. For example, in Leo’s case, average concentration was
0.7174 mg/m3 , while there were about 8% pixel with values
higher than 2 mg/m3 .
The increase of chl-a is related to ocean conditions such
as where preexisting CCE located, over the continent slope
or deep sea regions, which may influence the horizontal
and vertical distribution of chl-a in preexisting CCE regions.
Moreover, local nutrients, water temperature, and ocean
currents also impact the condition of phytoplankton bloom.
Storm factors such as maximum wind speed and transit speed
of storms are also influential. Leo and Chanchu occurred
in spring, and the corresponding preexisting CCEs were
over the regional continent slope of the northern SCS and
in the center of the SCS, respectively. The prestorm chl-a
concentration was lower in the center of the SCS than that

over continent slope. Though the transit speed of Chanchu
was lower than Leo’s, the poststorm chl-a for Leo was higher
than that for Chanchu. It is proposed that the sea water
over continent slope of the northern SCS has more nutrient
than that in the center of the SCS. Here, at the end of April,
the monsoon with southeastern direction cannot induce the
upwelling and did not influence the chl-a concentration of
preexisting CCE for Leo. The preexisting CCE for Chanchu is
in the center of SCS and far from the coast. The monsoon also
did not influence the chl-a in the CCE; therefore the chl-a in
the CCE was dominantly influenced by both the preexisting
CCE and Chanchu’s effect.
The other typhoons occurred in autumn and winter; the
prestorm chl-a in preexisting CCEs was higher than those
of Leo and Chanchu due to different seasons. Therein, the
prestorm chl-a of preexisting CCE for Kai-tak was somewhat
higher than others, which may be explained by upwelling
induced by monsoon (see Figures 2 and 8(b)). For Nanmadol,
based on Figures 2 and 8(a), it is found that the highest chl-a
concentration induced by monsoon was out of the region in a
preexisting CCE, and the preexisting CCE for Nanmadol was
in the deep sea region (>3000 m); therefore, monsoon effect
can be ignored. However, in December, the southwestward
wind may bring a small quality of chl-a from the Luzon Strait
to the preexisting CCE; thus, the prestorm chl-a of the preexisting CCE for Nanmadol was also somewhat higher than
others. In posttyphoon chl-a distribution, the chl-a pixel values had a larger gradient in the CCE area, which indicates that
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the chl-a response was not uniform. There are three types of
posttyphoon chl-a distributions in CCE areas.
(1) The enhanced chl-a is around the maximum negative
SSHA. For the cases of Leo, Lingling, and Hagibis,
the higher chl-a values concentrated in the closed
contours around the maximum negative SSHA, and
there was not an obvious right-biased feature.
(2) The enhanced chl-a concentration in CCE presents a
right-biased feature such as in the cases of Chanchu,
Durian, and Utor, where the chl-a increase occurs
mainly on the right of each typhoon’s tracks in the
CCEs.
(3) The enhanced chl-a concentration is not in the center
of the CCE. For the cases of Kai-tak and Nanmadol,
the distribution of higher chl-a had deviated from
closed contours in the center. For Nanmadol, its track
was relatively far from the CCE where the pattern of
chl-a bloom was outside of the CCE. That is, higher
chl-a had deviated from the CCE center and was on
the right side of the track. It is noted that the region of
chl-a bloom with highest concentration was near the
Philippines coast, where rich nutrients from the land
are washed down by rain. Based on Figures 2, 8(a),
9(a), and 11(c), it is clear that Nanmadol induced the
lower SST in the CCE region; thus, the posttyphoon
chl-a in the CCE was mainly induced by typhoon,
though a small part of phytoplankton may be from the
Luzon Strait to the CCE by horizontal advection. It is
also found that between the CCE and the Philippines
coast there was significantly lower chl-a, which suggests that there was no upwelling in the coast located
in the eastern CCE. For slow transit typhoon Kai-tak,
which overlaid a large CCE covering poor and rich
nutrients regions of sea, the concentration of chl-a
was highest in the region toward the coast rather
than in the center of the CCE. It is noted that the
chl-a concentration was not continuous and lower
between the Vietnam coast and the CCE, which
indicates that monsoon effects can be ignored. Based
on Figures 2, 8(b), 9(b), and 11(d), the lowest SST
may be induced by typhoon entrainment and mixing
while the enhanced CCE interacted with the topography. Thereby, the distribution of lowest SST may be
influenced by topography and was not in the center of
CCE, so did the distribution of chl-a.
When typhoon overlays the region where no CCE persists, the potential upwelling velocity caused by typhoon wind
stress is expressed by using the Ekman pumping velocity
(EPV) formula [41],
EPV = curl (

𝜏⃗
),
𝜌𝑓

(7)

where 𝜌 is the density of sea water, 𝑓 is the Coriolis parameter,
and 𝜏⃗is the wind stress. The EPV is a decisive factor for
cooling down the sea surface temperature and transforming
the nutrient water from deep layer to euphotic layer. However,

Sun et al. [40] argued that the forcing time of typhoons must
exceed geostrophic adjustment time if upwelling velocity
reaches EPV in (7); otherwise, the upwelling will be less. So
when the forcing time reaches geostrophic adjustment time,
the upwelling velocity reaches its maximum.
When a typhoon acts on the region with CCE, upwelling
velocity should include two parts:
EPV2 = EPV + EPV1 ,

(8)

where EPV1 is upwelling velocity attributed to preexisting
cyclonic eddy and EPV is upwelling velocity attributed to
typhoon without preexisting CCE.
When a typhoon acts on the region with CCE, the vertical
mixing induced by turbulence dominates cooling (75%–
90%) in the mixed layer [2], and upwelling only enhances
entrainment under slowing transit typhoons and further lifts
up the isotherms of CCE [18]. Both vertical mixing and
upwelling all cool down the SST, indicating transformation
of the nutrients from deeper to shallower.
Since upwelling can lift up the isotherms of CCE, which
changes the depth of thermocline, EPV2 should be a key
parameter to transform the nutrient saltiness from the deeper
layer (deeper than mixed layer) to the depth where phytoplankton blooms. Thus the amount of transporting nutrient
saltiness can be estimated by this EPV2 . Hence, in (8), supposing EPV1 is a constant, EPV is still a dominant factor to
enhance the chl-a in a CCE region when the typhoon overlays
the CCE. In the observation, the largest EPV was for Hagibis,
which corresponds to the largest chl-a increase: 1.4338 mg/m3
in a CCE located in the poor nutrient region. The chl-a
increases induced by other typhoons were much lower than
the value corresponding to Hagibis, because their forcing
time was less than geostrophic adjustment time.
In eight typhoon cases, those typhoons with very slow
moving velocity, such as typhoon Leo, Kai-tak, and Hagibis,
above their corresponding CCEs had much higher poststorm
chl-a concentration than that when typhoons had no CCEs
in their way (see Figures 4, 7, 9, and 10). Thus, for the slow
moving typhoon, the preexisting CCE plays an important
role in enhancing the chl-a concentration. Also, the prestorm
chl-a concentration in a CCE influenced by monsoon can be
ignored for typhoon Leo, Kai-tak, and Hagibis. For typhoons
with transit speeds greater than 3 m/s like Nanmadol and
Utor, the ratio of poststorm chl-a/prestorm chl-a was less than
3.9. It reveals that the chl-a contribution from preexisting
CCE cannot be ignored. In short, preexisting CCE conditions
are important for nutrient transport from deep to upper
layers.
The CCEs studied here were generated locally, and in the
observation, they did not entangle the coastal phytoplankton
in their center. All in all, for the poststorm chl-a concentration, though many factors may affect an ocean response to
storm, the preexisting CCE and typhoon transit speed are still
the main dynamic factors to influence chl-a concentration.
This result is in agreement with the previous study [18].
For chl-a concentration, the data we employed are from
NASA (level-3); the arithmetic and solution are accredited.
The preexisting CCEs are at least 100 km far from the Vietnam
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and Philippine coasts and more than 300 km far from rivers.
Therefore, the influence to our observation results by the
suspended sediments and CDOM (colored or chromophoric
dissolved organic matter) can also be ignored.
It is needed to point out that, except for kinetic energy and
gravitational potential energy, typhoons input more energy
into the surface waves (1.62 TW) [42], which may enhance
vertical mixing. The amount of energy increasement of CCEs
just partly demonstrates the energy that typhoons input into
the ocean, which reflects the upper ocean responding to
typhoons in one way. In addition to the influence of typhoons,
other factors may induce the change of CCEs, such as topography and background current. According to the purposes of
this study, we only concentrated on the influence of typhoons.
The inertial waves induced by typhoon also can enhance
the vertical mixing, which can cover the depth from mixed
layer to thermocline; however, most energy of inertial waves
is out of the CCE center [1, 7, 43]. In the study, the effect on
CCEs by inertial waves is ignored.
From the observations, the CCEs are always intensified
after typhoons, and CCEs’ centers tend to move toward
typhoon tracks. When typhoon influences the overlaid CCE,
the preexisting CCE is transferred or merges with the cyclonic
eddy that triggered by the impending typhoon. To avoid this
complex process, we calculated the EKE and EAGPE from
the satellite data 4 days after a typhoon passed by a CCE.
At the same time, because phytoplankton blooms are 3∼5
days after typhoons pass, it is more reasonable to examine the
CCEs’ area by SSHA data 4 days after typhoon, to describe the
relation between chl-a and energy of the CCE.
The estimated value of EKE and EAGPE for CCE are
based on SSHA and WOA05. Unfortunately, some idealized
assumptions in definition of eddy boundaries and eddy
vertical structure and the practical difficulty of observing the
CCEs’ change during the typhoon occurrences both limit the
accuracy of eddy energy estimations. However, in order to
not only qualitatively discuss the changes of CCEs’ shapes
influenced by the typhoons but also explore the energy flow
between the atmospheric forcing and the oceanic response,
a method was used to calculate the baroclinic energy of
preexisting CCE response to typhoons and derive significant
results. Errors exist and are hard to estimate, but we believe
our results are not strongly affected by them. Moreover, the
results are in agreement with the numerical results of Zheng
el al. [17] and satellite data-based evaluation of Sun et al. [44]
(please note that Sun et al.’s study focused on the typhoons in
the Western North Pacific Ocean).

5. Conclusions
In this study, with the absence of in situ data, we proposed
an effective method to estimate CCE areas with the influence
of typhoons, examining the EKE and EAGPE changes and
their ecological factors. We investigated chl-a change in CCE
areas and described the CCEs’ change by EKE and EAGPE
using a reduced gravity model before and after eight typhoon
cases in SCS. The changes of preexisting baroclinic eddies
induced by typhoons are presented by the changes of EKE
and EAGPE, and the increments of EKE are generally less
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than these of EAGPE. The maximum ratio of poststorm EKE/
prestorm EKE reaches 5.0 times, while the maximum ratio
of poststorm EAGPE/prestorm EAGPE reaches about 8.9
times; thereby, typhoons significantly change the EAGPE of
preexisting CCEs, though most of CCEs’ EKE and EAGPE
increase simultaneously by the influence of typhoons.
In eight typhoon cases, for typhoon with transit speeds
greater than 3 m/s (Nanmadol, Utor), the preexisting CCE
plays an important role in enhancing the chl-a, and it
is not ignored comparing to poststorm CCE. The chl-a
concentration in preexisting CCE is 25% to 45% of those of
poststorm CCE, while for typhoon with transit speeds less
than 3 m/s, the chl-a concentration in preexisting CCE is
about 8% to 25% of those of poststorm CCE. In the CCE
area, when the ratio of posttyphoon EAGPE to pretyphoon
EAGPE is large, the corresponding ratio of posttyphoon chl-a
to pretyphoon chl-a is large too. In addition, we quantitatively
calculate the EAGPE (EKE) enhanced from 1.8 × 1015 (0.2 ×
1015 ) to 5.1×1015 (2.9×1015 ) J by typhoon with transit speeds
less than 3 m/s and from 0.4 × 1015 (−0.17 × 1015 ) to 3.7 ×
1015 (1 × 1015 ) J by Typhoon with transit speeds greater than
3 m/s. The enhanced EAGPE (EKE) of CCEs offers evidence
for further study on enhanced mixing and deep sea currents
by poststorm CCE.
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This study uses the China Coastal Waters and Adjacent Seas Reanalysis (CORA) data to investigate the interannual and decadal
variability of the Yellow Sea cold water mass (YSCWM) and its relationship to climate indices including the Arctic Oscillation (AO),
El Niño/Southern Oscillation (ENSO), and Pacific Decadal Oscillation (PDO). On the interannual timescale, the strong correlation
between winter PDO and the YSCWM may indicate the dominant effect of winter PDO on the YSCWM through the modulation
of local heat flux and wind stress. It is also found that the local wind stress and heat flux in summer have little impact on the
interannual variability of the YSCWM. On the decadal time scale, the YSCWM is associated with winter AO and winter PDO.
Winter AO mainly controls local heat flux, modulating the decadal variability of the YSCWM. In contrast, winter PDO is strongly
connected with winter heat flux and wind stress to modulate the decadal variability of the YSCWM. In summer, for three climate
factors, ENSO is the dominant factor controlling the decadal variability of the YSCWM.

1. Introduction
The Yellow Sea is a semienclosed marginal sea of the Pacific
Ocean, bordered by the Chinese mainland to the west, the
Korean Peninsula to the east, and the Bohai Bay to the
north. Several rivers drain into the Yellow Sea and provide
a lot of nutrients. The Yellow Sea covers an area of roughly
400,000 km2 and it is mostly shallower than 80 m (Figure 1).
The central trough extends from southeast to north with an
average depth of 44 m [1].
The seasonal variation is evident in the circulation and
hydrographical characteristics of the Yellow Sea. In winter,
strong vertical mixing due to strong winds and surface
heat fluxes produce a uniform and cold vertical temperature
profile. In summer, the solar radiation increases and rapidly
warms the upper layer of the Yellow Sea. Therefore, the
seasonal thermocline rapidly forms and locates at 10–30 m

depth. Due to the combined topographic, dynamic, and
thermodynamic effects, there is a remnant of cold water
(<10∘ C) under the seasonal thermocline in the central trough
of the Yellow Sea which is referred as Yellow Sea Cold
Water Mass (YSCWM) and is present throughout the whole
summer season occupying almost 30% of the Yellow Sea area,
thus becoming one of the most important characteristics of
the Yellow Sea. The YSCWM has an important effect on the
hydrographic features and the phytoplankton biomass and
production in the Yellow Sea [2–5].
He et al. [6] first studied the formation and properties
of the YSCWM and identified that the water mass locally
formed during the previous winter by the sea surface cooling
and strong vertical mixing. Su [7] found that the bottom
cold water in northern Yellow Sea is influenced by coastal
water and then moves southward in winter, mixing with highsalinity water from the open ocean. The bottom cold water in
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Figure 1: Bottom topography of the Yellow Sea (m).

northern Yellow Sea remains at the bottom in summer, and it
is influenced by the Yellow Sea Coastal Water [8]. Since 1990,
numerical models are used to investigate the mechanism
of the YSCWM formation and its associated circulation
[9–13]. Su and Huang [9], using qualitative analysis and
numerical simulations, obtained that the vertical circulation
is characterized by a double cell structure. Miu et al. [10,
11] used a model to explain the formation of the YSCWM
and basic characteristics of density circulation based on the
fluid dynamics and the thermodynamics. Recently, several
studies were conducted to investigate the characteristics of
the YSCWM using temperature and salinity observation.
Jiang et al. [14] studied its thermohaline characteristics based
on the temperature and salinity data observed by the State
Oceanic Administration People’s Republic of China from
1976 to 1999. Hu and Wang [15] used empirical orthogonal
function to investigate the interannual variability with temperature data collected in August from 1975 to 2003. Although
previous studies investigated the interannual variability of
the YSCWM through some frequently measured temperature
sections, due to the lack of a long and regional observational
record they could not describe the interannual and decadal
variability at a regional scale. However, ocean reanalysis data
has a better space-time coverage, which allows us to investigate the whole features of the YSCWM and its response to
climate variability. Because the YSCWM is the most conservative among water masses in the Yellow Sea, it may contain
clearer climate signals than any other water masses in the Yellow Sea. These long-term signals are important to understand
the climatological evolution of the Yellow Sea [16].
Therefore, this study aims to characterize the lowfrequency variability of the YSCWM and it possible relationship with three climate indices: the Arctic Oscillation
(AO), El Niño/Southern Oscillation (ENSO), and the Pacific
Decadal Oscillation (PDO) using the China Coastal Waters

and Adjacent Seas Reanalysis (CORA) data. CORA assimilated the in situ observed temperature and salinity profiles
collected by the National Marine Data and Information
Service People’s Republic of China, World Ocean Data 2005
(WOD05), Global Temperature and Salinity Profile Project
(GTSPP), and Array for Real-Time Geostrophic Oceanography (Argo) floats. It is worthy to emphasize that the dataset
from the National Marine Data and Information Service
People’s Republic of China integrates almost all the available
historical observed temperature-salinity profiles in the Yellow
Sea, which contributes to the high quality of CORA in the
Yellow Sea. CORA has been validated using independent
observations in previous studies. The results showed that
CORA can better simulate temperature-salinity structure,
mesoscale, and large-scale circulation in the western north
Pacific including the Yellow Sea [17]. For further details about
CORA and the assimilated observations the reader is referred
to [17].
The rest of the paper is organized as follows. In Section 2,
we describe the data used in this study. In Section 3, we
explore the seasonal evolution and formation of the YSCWM.
In Section 4, we investigate the interannual and decadal variability of the YSCWM and discuss the relationship between
the YSCWM and the three climate indices (AO, ENSO,
and PDO) considered in this study. Section 5 gives a brief
summary and discussion.

2. Data and Methods
The CORA covers a period of 51 years from January 1958 to
December 2008. The domain ranges from 99∘ E to 150∘ E and
from 10∘ S to 52∘ N, including the Bohai Sea, the Yellow Sea,
the East China Sea, the South China Sea, and adjacent seas.
The datasets consist of monthly mean fields with horizontal
resolution of 0.25∘ and 35 vertical depth levels.
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Figure 2: Monthly mean climatology of bottom water temperature (∘ C) in the Yellow Sea. The triangles indicate the location where the cross
sections are performed.

To examine what climate factors are associated with
the YSCWM variability, three climate indices are selected:
AO index [18], Multivariable ENSO index (MEI) [19, 20],
and PDO index [21, 22]. AO is the dominant pattern of
nonseasonal sea level pressure variability north of 20∘ N. It is
characterized by sea level pressure anomalies with opposite
signs in the Arctic and 37–45∘ N [18]. MEI is an average of
the main ENSO features contained in six observed variables
over the tropical Pacific. A positive (negative) value of the
MEI indicates the warm (cold) ENSO phase [19, 20]. The
PDO index is defined as the leading principal component of
monthly sea surface temperature variability north of 20∘ N in
the North Pacific, and it is a long-lived El Niño-like pattern
of the Pacific climate variability [21, 22].
The monthly mean wind stress and net heat flux are
computed averaging the daily values obtained from the
NCEP-NCAR reanalysis with the resolution of 2.5∘ [23]. The
period of 51 years ranging from January 1958 to December
2008 is used to investigate the mechanisms of the YSCWM
variability associated with AO, ENSO, and PDO. To examine
the interannual and decadal variability of the YSCWM,
all-time series used in this study are separated into two
components including interannual and decadal variability.
The decadal component is obtained by applying a 7-year
Gaussian filter to the original time series. The interannual

component is obtained by subtracting the decadal component
from the original time series. To extract the dominant mode
of heat flux and wind stress in the Yellow Sea’s region, an
empirical orthogonal (EOF) analysis is performed upon the
interannual and decadal time series.

3. Seasonal Evolution and
Formation of the YSCWM
The YSCWM can be clearly distinguished in the bottom of
the Yellow Sea. The Yellow Sea bottom water is the most stable
level of the YSCWM [6]. YSCWM is traditionally defined as
the cold water lower than 10∘ C in the bottom of the Yellow
Sea in summer [6]. Thus, climatological monthly averaged
temperature of the Yellow Sea bottom water during 1958–
2008 is used to examine the formation and evolution of the
YSCWM (Figure 2).
In winter (December–February), the temperature is gradually reduced in the Yellow Sea. The cold water area (with
temperatures below 10∘ C) is gradually increased. In January,
there is a tongue of warmer water (with temperatures warmer
than 10∘ C) whose tip moves from (35∘ N, 122.5∘ E) to (34∘ N,
123∘ E) from January to February and further moves southeastward in spring (Figure 2). The temperature in the central
trough is higher than that of the surrounding water in winter.
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Figure 3: Vertical cross sections of monthly mean temperature (∘ C) along 36.17∘ N and 38.667∘ N for the locations indicated in Figure 2.

In spring (March–May), the Yellow Sea water is warming
further, and its frontal structure is changing. In March, the
temperature structure is similar to that in February. The warm
water tough still exists and then gradually disappears in April.
However, in May, there are three cold water patches with
temperatures below 7∘ C form around 36∘ 25 N, 122.5∘ E, 35∘
50 N, 123.5∘ E, and 36∘ 25 N, 125∘ E (Figure 2). This suggests
that the YSCWM has started to form in the Yellow Sea.
In summer (June–August), the cold center gradually
enhances. In June, the cold center located at 36∘ 25 N, 122.5∘ E
starts to move eastward, while the other two cold water
centers merge into one during June, suggesting that the main
body of the YSCWM begins to form over southern Yellow
Sea. The cold water mass in the bottom of the central trough
has a shape that resembles a saddle. In July, the cold water that
has a temperature lower than 10∘ C covers a third of the Yellow
Sea’s total area. Compared with that in the late spring, the
isotherm of 10∘ C expands southward from 36∘ N to 35.25∘ N
(Figure 2). This indicates that the YSCWM has reached it
maximum extension.
In autumn (September–November), the temperature of
the coastal water drops, especially in northern Yellow Sea.
Although the YSCWM is still visible until November, the
lowest temperature at its center is around 12∘ C, and its area
has also reduced. In December, the YSCWM has completely
disappeared.

We have analyzed the formation and evolution of the
YSCWM through the horizontal distribution of temperature
at the Yellow Sea bottom. Next, we choose two vertical
temperature sections of the YSCWM across southern and
northern Yellow Sea, respectively. The location of the two
sections is indicated with triangles in Figure 2. We will further
explore the formation and the evolution mechanism of the
YSCWM by analyzing the vertical structure of temperature
in different seasons.
Over northern Yellow Sea, the cross section is performed
at 38.66∘ N through the center of the YSCWM. As shown in
Figure 3, in winter, the water column is completely uniform.
In April, the enhanced solar radiation, the weaker convection,
and mixing destroy the vertical uniform distribution of
temperature, and a thermocline is formed due to water
stratification. But this thermocline is weak with a maximum
gradient of ∼0.2∘ C/m at approximately 10 m depth. In May,
the thermocline develops rapidly, and its intensity is greater
than 0.3∘ C/m at approximately 15 m depth. At the same time,
an area with temperatures under 8∘ C forms underneath 20 m
with minimum temperatures under 7∘ C near 38.667∘ N, 123∘ E.
This cold center is also visible in Figure 2. The YSCWM has
started to form at the bottom in May.
In early summer, the stratification at depths between 10
and 20 m became evident, and the thermocline becomes stable. The temperature profile presents a three-layer structure:
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Figure 4: Interannual time series of (a) winter AO, MEI, and PDO indices, and A-YSCWM and T-YSCWM in August (b) summer AO, ENSO,
PDO, and the A-YSCWM and T-YSCWM in August. Time series of the A-YSCWM and T-YSCWM are standardized. The A-YSCWM and
T-YSCWM represent the area and averaged temperature of the YSCWM, respectively. The “+” represents the El Niño events, and the “∗”
represents the La Niña events.

the upper mixed layer contains warm water; the thermocline
has sharp temperature gradient (0.2–0.5∘ C/m); and the lower
layer contains cold water which is nearly uniform. In midsummer, the sea surface temperature rises rapidly, and the
strength of thermocline reaches its maximum, which is as
high as 1.0∘ C/m. At the same time, the bottom water still has
temperatures below 10∘ C. In autumn, the temperature of the
cold center rises from 8∘ C to 11∘ C (Figure 2). This indicates
that the YSCWM is gradually decaying. In November, the
thermocline disappears completely, and the YSCWM is also
gone.
We choose the section at 36.167∘ N to examine evolution of
the YSCWM in southern Yellow Sea (Figure 3). The evolution
process of the thermocline in the southern Yellow Sea is
similar to the northern Yellow Sea, but due to the different
geographical position, topography, and tidal mixing intensity,
their vertical structures are different. In spring, as the temperature increases near the coast, the thermocline weakens
on both coasts of the southern Yellow Sea, and the area of the
cold water increases. In May, with the increasing temperature
and enhancing thermocline, three-layer structure occurs. The
westward moving of the east cold center makes cold water
only exists in the central trough. In June–August, the temperature of the bottom water in the central trough is less than
10∘ C. In October, the thermocline only exists at the central
deeper water area than 30 m. The intensity of thermocline
also reduces significantly. By December, the thermocline
completely disappears, and the YSCWM is also gone.
There are two cold centers below the thermocline located
at 122.5∘ E and 124.5∘ E in the southern Yellow Sea in April,
which are different at the northern Yellow Sea (Figure 3).
This difference is due to the influence of the Yellow Sea
warm current. In winter, a warm tongue from west of the
Jeju Island stretches northward along the central trough
(Figure 2), which causes the temperature over the central part
to be higher than that over the two coasts of the Yellow Sea.
For example, in the cross section performed at 36.167∘ N, the
temperature in the central part of the southern Yellow Sea is
7∘ C in February. However, the temperature on both coasts is
4∼6∘ C. In April, the temperature over the central region is
greater than 8∘ C, but the temperature on both coasts is 6∼7∘ C

(Figure 3). The bottom temperature in the southern Yellow
Sea has two cold centers on both flanks of central trough from
January to April (Figure 3).

4. Interannual and Decadal Variability
of the YSCWM
The YSCWM is a large water mass covering a third of the
bottom layer at its largest extension. It has relatively stable
properties with low temperature and high salinity. However,
due to the influence of external forcings such as wind stress
and heat fluxes, the thermohaline structure within the water
mass may change. The YSCWM is traditionally defined as the
cold water lower than 10∘ C in the bottom of the Yellow Sea
in summer [6]. To investigate the interannual and decadal
variability of the YSCWM, we define the YSCWM as the
bottom water colder than 10∘ C. To examine the effects of
the different seasonal climate forcings on the interannual
and decadal variability of the YSCWM, winter (summer)
climate indices averaged from December to February (July to
September) are used.
4.1. Interannual Variability
4.1.1. Relationship to the Climate Forcings in Winter. On the
interannual time scale, both winter AO and ENSO indices are
negatively (positively) correlated with the area and averaged
temperature of the YSCWM (hereafter referred to as AYSCWM and T-YSCWM, resp.). Although the correlation
coefficients are low, it is clearly shown that El Niño events
(e.g., 1960, 1983, 1992, and 1997) correspond to smaller AYSCWM and higher T-YSCWM, while La Niña (1963, 1974,
1985) events correspond to larger A-YSCWM and lower TYSCWM (Figure 4(a) and Table 1). The correlation between
the winter PDO index and A-YSCWM (T-YSCWM) is positive (negative) and statistically significant at the confidence
level of 95%. The correlation between the winter PDO index
and the YSCWM is the strongest among all of the three climatic indices, which may indicate that the effect of winter
PDO on the YSCWM is the dominant climate forcings (Figure 4(a) and Table 1).
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Figure 5: EOF1, EOF2, and EOF3 of interannual component for winter heat flux ((a), (c), and (e)) and winter wind stress ((b), (d), and (f)).
Positive values indicate that heat is transferred from the ocean to the atmosphere.

To explore how the local thermal and wind forcing
affect the interannual variability of the YSCWM, the interannual components of winter heat flux and wind stress are
decomposed using EOFs (Figure 5). EOF1 of winter heat flux
shows a positive loading over the total Yellow Sea, which
explains 68.6% of the total variance (Figure 5(a)). The EOF2
of winter heat flux represents an east-west dipole structure,
with positive loading in the east and negative loading in
the west (Figure 5(c)). The EOF3 has a south-north dipole
structure with positive loading in the northern Yellow Sea
and negative loading in the southern Yellow Sea (Figure 5(e)).
EOF1 of winter wind stress is characterized by negative
values over almost the whole Yellow Sea, which account for
58.2% of the total variance (Figure 5(b)). The EOF2 of winter
wind stress reveals a south-north dipole pattern with positive
values in the northern Yellow Sea and negative values in
the southern Yellow Sea (Figure 5(d)). The EOF3 exhibits
a meridional alternate pattern with positive loading in the

Chinese coast and negative loading in the Korean coast (Figure 5(f)).
The EOF1 of winter heat flux is negatively (positive)
correlated with the A-YSCWM (T-YSCWM) (Figure 6(a) and
Table 2). This suggests that strong winter heat loss from ocean
to atmosphere in the Yellow Sea can induce large A-YSCWM
and low T-YSCWM. EOF1 and EOF3 of winter wind stress
evidently affect the features of the YSCWM (Figure 6(c) and
Table 3). It is shown that both EOF1 and EOF3 of winter wind
stress are negatively (positively) correlated with A-YSCWM
(T-YSCWM). This indicates that enhanced winter winds
over the Yellow Sea tend to make A-YSCWM (T-YSCWM)
increase (decrease) (Figure 5(a)).
Figures 7(a) and 7(c) show the interannual time series
of winter AO, MEI, and PDO indices, as well as the EOF1,
EOF2, and EOF3 of heat flux and wind stress. Only the winter
AO index is positively correlated with the EOF3 of winter
heat flux (Table 4). The variations of local winter heat flux
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Table 1: Correlation coefficients between the AO, MEI, PDO,
and the YSCWM area and temperature in August, including the
interannual and decadal components in both summer and winter.
Values in bold are statistically significant at the 95% confidence level.
Area

and wind stress are less related to the winter MEI and PDO
(Table 4). In other words, the winter MEI and PDO have
less influence on the YSCWM through the modulation of the
winter heat flux and wind stress.

Average temperature

Interannual variability
Winter AO
Winter MEI

−0.23
−0.27

0.25
0.10

Winter PDO
Summer AO
Summer MEI

0.31
−0.27
−0.08

−0.32
0.30
0.14

Summer PDO

−0.15

0.12

Decadal variability
Winter AO
Winter MEI

−0.49
−0.41

−0.05
0.32

Winter PDO
Summer AO
Summer MEI

−0.43
−0.29
−0.61

0.31
−0.16
0.38

Summer PDO

−0.26

0.04

4.1.2. Relationship to the Climate Forcings in Summer. A
positive correlation exists between the summer AO index
and T-YSCWM, with a correlation coefficient of 0.30 that
is statistically significant at the confidence level of 95%.
The correlations between MEI, PDO and A-YSCWM, TYSCWM are low and not statistically significant (Figure 4(b)
and Table 1). This suggests that ENSO and PDO may not be
the main factors controlling the interannual variability of the
YSCWM in summer.
The interannual variability of summer heat flux and wind
stress is analyzed using EOFs. Figures 6(b) and 6(d) show
the interannual time series of summer AO, MEI, and PDO
indices, as well as the EOF1, EOF2, and EOF3 of heat flux and
wind stress. The local heat flux and wind stress in summer
have little impact on the variability of the YSCWM (Tables
2 and 3). Actually, none of the three climate indices are
correlated with the local heat flux and wind stress (Figures
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Figure 7: Interannual time series of (a) winter AO, MEI, PDO, EOF1, EOF2, and EOF3 of winter heat flux; (b) summer AO, MEI, PDO, EOF1,
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7(b), 7(d) and Table 5). This means that summer AO, ENSO,
and PDO do not affect the YSCWM through modulating the
local heat flux and wind stress.
4.2. Decadal Variability
4.2.1. Relationship with the Climate Forcings in Winter. The
decadal variability of the A-YSCWM has a high correlation
with the winter AO index. The negative correlation between
the winter AO and the area of the YSCWM on the decadal
time scale is about −0.49 (Figure 8(a) and Table 1). When
the winter AO index is in its negative phase during 1958–
1988, A-YSCWM usually has positive anomaly. After 1988,
the AO index is continuously positive, and A-YSCWM shows
a persistent negative anomaly. When the AO index is in its
positive phase, the heat flux loading associated with EOF1 is
negative, indicating a net heat flux from the atmosphere and
into the ocean. A-YSCWM also reduces accordingly (Figures
9, 11(a) and Table 4).
The PDO index is correlated with A-YSCWM and TYSCWM, with the correlation coefficient of −0.43 and 0.31,
respectively (Figure 8(a) and Table 1), and maintains positive

or negative values prevailing for 20–30 year periods [21, 22].
The decadal cycle of the YSCWM also shows a similar feature
(Figure 8(a)). In winter, the PDO index has strong links
with the Aleutian low. Negative phase of the PDO represents
warm anomalies in the extratropical North Pacific [20]. The
spatial pattern of the PDO is strongly associated with the
EOF1 of heat flux (Figure 10(a)). When the PDO is in its
positive phase, the heat flux from atmosphere to ocean is
increased in the Yellow Sea, which reduces the A-YSCWM
(Figures 9, 11(a) and Table 4). The reverse is true during the
negative PDO phase. The PDO also has a connection with
EOF2 and EOF3 of the wind stress (Figure 10(c)). Positive
phase of the PDO induces positive wind stress anomaly in the
Yellow Sea (Figures 9, 10(c) and Table 4). Due to the shallow
depth of the Yellow Sea, a stronger wind stress can strengthen
mixing, which produces a smaller A-YSCWM (Figure 11(c)
and Table 3).
The correlations between MEI and A-YSCWM and TYSCWM are −0.41 and 0.32, respectively (Figure 8(a) and
Table 1). From 1976 to 2006, the MEI represents the warm
ENSO phase. The corresponding T-YSCWM (A-YSCWM)
is a positive (negative) anomaly. However, the correlations
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Table 3: Correlation coefficients between EOF1, EOF2, and EOF3
of wind stress and A-YSCWM, T-YSCWM in August, including the
interannual and decadal components in both summer and winter.
Bold texts indicate that the correlations are statistically significant at
the 95% confidence level.
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Figure 8: Decadal time series of (a) winter AO, MEI, and PDO
index, and the A-YSCWM and T-YSCWM in August (b) summer
AO, MEI, and PDO index, and the A-YSCWM and T-YSCWM
in August. Time series of the A-YSCWM and T-YSCWM are
standardized. The A-YSCWM and T-YSCWM represent the area
and averaged temperature of the YSCWM, respectively.

Table 2: Correlation coefficients between EOF1, EOF2, and EOF3
of heat flux and A-YSCWM, T-YSCWM in August, including the
interannual and decadal components in both summer and winter.
Bold texts indicate that the correlations are statistically significant at
the 95% confidence level.
A-YSCWM
Interannual variability
EOF1 of winter heat flux
−0.32
EOF2 of winter heat flux
−0.16
EOF3 of winter heat flux
0.04
EOF1 of summer heat flux
−0.13
EOF2 of summer heat flux
0.04
EOF3 of summer heat flux
0.17
Decadal variability
EOF1 of winter heat flux
0.74
EOF2 of winter heat flux
0.02
EOF3 of winter heat flux
0.02
EOF1 of summer heat flux
0.59
EOF2 of summer heat flux
−0.56
EOF3 of summer heat flux
0.22

T-YSCWM
0.37
0.14
−0.08
0.07
0.03
0.01
−0.08
−0.33
−0.39
−0.64
−0.11
−0.12

between MEI and local wind stress and heat flux are low
(Figures 10(a), 10(c) and Table 4). The results indicate that
the winter ENSO event is strongly linked to the decadal
variability of the YSCWM, but not through changes in wind
stress and heat fluxes.

A-YSCWM
Interannual variability
EOF1 of winter wind stress
−0.33
EOF2 of winter wind stress
0.08
EOF3 of winter wind stress
−0.31
EOF1 of summer wind stress
−0.07
EOF2 of summer wind stress
0.15
EOF3 of summer wind stress
−0.08
Decadal variability
EOF1 of winter wind stress
−0.13
EOF2 of winter wind stress
−0.56
EOF3 of winter wind stress
0.31
EOF1 of summer wind stress
0.19
EOF2 of summer wind stress
−0.19
EOF3 of summer wind stress
−0.39

T-YSCWM
0.33
−0.09
0.27
0.11
−0.07
0.12
−0.23
0.75
0.08
0.56
0.14
0.48

4.2.2. Relationship to Climate Forcings in Summer. On the
decadal time scale, the A-YSCWM is negatively correlated
with the summer AO index, with a correlation coefficient
of −0.30 (Figure 8(b) and Table 1). The A-YSCWM and the
summer MEI are negatively correlated with a coefficient
of −0.60 (Figure 8(b) and Table 1). The correlation between
T-YSCWM and summer MEI is positive with the correlation coefficient of 0.38 (Figure 8(b) and Table 1). On a
decadal time scale, the summer MEI during 1966–1978 is
in its negative phase while the anomaly in A-YSCWM (TYSCWM) is positive (negative). After 1978, the summer
MEI is in its positive phase (Figure 8(b)). Correspondingly,
the A-YSCWM (T-YSCWM) anomaly is negative (positive).
However, when PDO turns to a weak signal in summer, the
correlation between the PDO and the YSCWM becomes not
significant (Figure 8(b) and Table 1).
The summer AO and MEI may affect both EOF2 and
EOF3 of the summer heat flux and EOF1 of summer wind
stress, modulating the decadal variability of the YSCWM
(Figures 10(b), 10(d) and Table 5). However, because of the
low correlation between the EOF2 of the summer heat flux
and the decadal variability of the YSCWM, AO and MEI
may not affect the decadal variability of the YSCWM through
changes in the EOF2 of the summer heat flux (Table 3). The
summer AO and ENSO indices are negatively correlated with
EOF3 of summer heat flux and EOF1 of summer wind stress
(Table 5). When the summer AO and ENSO are in their
positive phases, the heat flux from the atmosphere into the
ocean is enhanced (Figures 9, 10 and Table 5). Therefore,
the A-YSCWM decreases, and the T-YSCWM increases
(Figure 11 and Table 3).

5. Summary
We use the CORA reanalysis data to investigate the lowfrequency variability of the YSCWM. First, we examine the
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Figure 9: EOF1, EOF2, and EOF3 of decadal components for winter heat flux ((a), (e), and (i)) and summer heat flux ((b), (f), and (g)), winter
wind stress ((c), (g), and (k)), and summer wind stress ((d), (h), and (l)). Positive values indicate that heat is transferred from the ocean to
the atmosphere.
Table 4: Correlation coefficients between EOF1, EOF2, and EOF3 of winter heat flux, wind stress, and winter AO, ENSO, and PDO, including
the interannual and decadal components. Bold texts indicate that the correlations are statistically significant at the 95% confidence level.

Interannual variability

Decadal variability

Winter AO

Winter MEI

Winter PDO

EOF1 of winter heat flux

0.26

0.02

−0.11

EOF2 of winter heat flux
EOF3 of winter heat flux

−0.08
0.47

0.10
0

−0.11
−0.03

EOF1 of winter wind stress
EOF2 of winter wind stress
EOF3 of winter wind stress

0.09
0.10
0.04

0.09
−0.05
0.17

−0.01
−0.04
−0.11

EOF1 of winter heat flux
EOF2 of winter heat flux

−0.59
−0.09

−0.12
−0.06

−0.47
0.13

EOF3 of winter heat flux
EOF1 of winter wind stress

0.57
0.17

0.08
−0.04

−0.31
−0.10

EOF2 of winter wind stress
EOF3 of winter wind stress

−0.21
−0.14

0.25
−0.12

0.33
−0.77

formation and evolution of the YSCWM on the seasonal
scale. The YSCWM forms in spring and reaches its maximum
extension in summer. Since the early fall, the area occupied by
the YSCWM starts to decrease. In December, the YSCWM
disappears. The evolution process of the YSCWM derived
from CORA is consistent with the evolution showed by the
observations as described in previous studies [24].

Next, we examine the interannual and decadal variability
of the YSCWM and its association with the climate forcing
including AO, ENSO, and PDO. The climate forcing plays an
important role in modulating the YSCWM variability. For
the interannual variability of the YSCWM, the correlation
between the winter PDO and the YSCWM is the strongest
among the three climate indices, which indicates that the
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Figure 10: Decadal time series of (a) winter AO, MEI, PDO, EOF1, EOF2, and EOF3 of winter heat flux; (b) summer AO, MEI, PDO, EOF1,
EOF2, and EOF3 of heat flux; (c) winter AO, MEI, PDO, and EOF1, EOF2, and EOF3 of winter wind stress; (d) summer AO, MEI, PDO, and
EOF1, and EOF2 and EOF3 of summer wind stress. EOF1, EOF2, and EOF3 of heat flux and wind stress are standardized.
Table 5: Correlation coefficients between EOF1, EOF2, and EOF3 of summer heat flux, wind stress, and winter AO, ENSO, and PDO, including
the interannual and decadal components. Bold texts indicate that the correlations are statistically significant at the 95% confidence level.

Interannual variability

Decadal variability

EOF1 of summer heat flux
EOF2 of summer heat flux
EOF3 of summer heat flux
EOF1 of summer wind stress
EOF2 of summer wind stress
EOF3 of summer wind stress
EOF1 of summer heat flux
EOF2 of summer heat flux
EOF3 of summer heat flux
EOF1 of summer wind stress
EOF2 of summer wind stress
EOF3 of summer wind stress

effect of the winter PDO on the YSCWM is dominant. In
this study, we do not investigate how PDO modulate the
Yellow Sea circulation to influence the YSCWM. Previous
studies suggested that the signal of PDO can be transferred
into the Yellow Sea through Kuroshio and therefore affect the

Summer AO
−0.07
0.04
−0.01
0.01
−0.04
−0.01
0.08
0.41
−0.40
−0.57
0.15
−0.02

Summer MEI
0.01
0.09
0.17
0.01
0.11
0.11
−0.13
0.47
−0.61
−0.36
−0.07
0.31

Summer PDO
0.01
0.13
0.12
−0.05
0.12
0.15
0.14
0.26
−0.79
−0.48
−0.03
0.04

circulation of the Yellow Sea [16, 25]. It was also suggested
that Yellow Sea warm current can influence the variability of
the YSCMW [26]. It is necessary to further investigate in a
future study how PDO influences the Yellow Sea circulation
and modulates the YSCWM. It is also found that the local

Advances in Meteorology

13

2

2

0

0

−2

−2
1970

1960

1980

1990

2000

A-YSCWM
T-YSCWM

PC1
PC2
PC3

1970

1960

1980

(b)

2

2

0

0

−2

−2
1970

1980

1990

2000

A-YSCWM
T-YSCWM

PC1
PC2
PC3

2000

A-YSCWM
T-YSCWM

PC1
PC2
PC3

(a)

1960

1990

1970

1960

1980

2000

A-YSCWM
T-YSCWM

PC1
PC2
PC3

(c)

1990

(d)

Figure 11: Decadal time series of (a) EOF1, EOF2, and EOF3 of winter heat flux, and the A-YSCWM and T-YSCWM in August (b) EOF1,
EOF2, and EOF3 of summer heat flux, and the A-YSCWM and T-YSCWM in August (c) EOF1, EOF2, and EOF3 of winter wind stress, and the
A-YSCWM and T-YSCWM in August (d) EOF1, EOF2, and EOF3 of summer wind stress, and the A-YSCWM and T-YSCWM in August. All
of the time series are standardized. The A-YSCWM and T-YSCWM represent the area and averaged temperature of the YSCWM, respectively.

wind stress and heat flux in summer have little influence on
the variability of the YSCWM. In summer, no correlation is
found between the climate indices and the local heat flux and
wind stress. This suggests that the AO, ENSO, and PDO may
not affect the interannual variability of the YSCWM through
modulating the local heat flux and wind stress in summer.
For the decadal variability of the YSCWM, the negative
correlations between the winter AO, PDO, and the area of the
YSCWM are significant. The winter AO mainly controls the
first mode of heat flux to modulate the decadal variability of
the YSCWM. When the winter AO is in its positive phase,
the heat flux from atmosphere to ocean in the northwestern
Yellow Sea is abnormally high. The average temperature of
the YSCWM also increases accordingly. The winter PDO is
strongly connected to the first mode of winter heat flux. When
the winter PDO is in its positive phase, the increase of heat
flux from atmosphere to ocean in the Yellow Sea can reduce
the area of the YSCWM. At the same time, the winter PDO
has positive correlation with the sea surface pressure. Along
with the PDO enhanced, the enhancement of sea surface
pressure is in conformity with wind speed. The positive PDO
can induce positive wind stress anomaly in the Yellow Sea
through the modulation of the EOF2 and EOF3. Due to the

shallow depth of the Yellow Sea, the strong wind stress and the
enhanced sea surface pressure can strengthen mixing, reducing the area of the YSCWM. The correlation between winter
MEI and the YSCWM is significant, suggesting a link with
decadal variability of the YSCWM. However, this relationship
cannot be explained by changes in the wind stress and heat
fluxes. In summer, ENSO has the strongest influence on the
YSCWM variability. ENSO may exert influence on the third
mode of summer heat flux and the first mode of summer wind
stress to modulate the decadal variability of the YSCWM.
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Variational data assimilation (VDA) remains one of the key issues arising in many fields of geosciences including the numerical
weather prediction. While the theory of VDA is well established, there are a number of issues with practical implementation
that require additional consideration and study. However, the exploration of VDA requires considerable computational resources.
For simple enough low-order models, the computational cost is minor and therefore models of this class are used as simple test
instruments to emulate more complex systems. In this paper, the sensitivity with respect to variations in the parameters of one of
the main components of VDA, the nonlinear forecasting model, is considered. For chaotic atmospheric dynamics, conventional
methods of sensitivity analysis provide uninformative results since the envelopes of sensitivity functions grow with time and
sensitivity functions themselves demonstrate the oscillating behaviour. The use of sensitivity analysis method, developed on the
basis of the theory of shadowing pseudoorbits in dynamical systems, allows us to calculate sensitivity functions correctly. Sensitivity
estimates for a simple coupled dynamical system are calculated and presented in the paper. To estimate the influence of model
parameter uncertainties on the forecast, the relative error in the energy norm is applied.

1. Introduction
The earth system consists of several interactive dynamical
subsystems and each of them covers a broad temporal and
spatial spectrum of motions and physical processes. The
components of the earth system have many differences in
their physical properties, structure, and behavior but are
linked together by fluxes of momentum and mass as well as
sensible and latent heat. All of these subsystems interact with
each other in different ways and can be strongly or weakly
coupled. Prediction of future state of the earth system and its
components is one of the most important problems of modern science. The most significant progress has been achieved
in the forecasting of the atmosphere via numerical models,
which describe the dynamical and physical processes in the
earth’s gaseous envelope. It is clear that further improvement
of forecasts can be pursued via the development of coupled
modeling systems that primarily combine the atmosphere

and the ocean and describe the interactions between these
two systems. Since numerical weather prediction systems
calculate a future state of the atmosphere and ocean by
integrating a set of partial differential equations that describe
the fluid dynamics and thermodynamics, initial conditions
that accurately represent the state of the atmosphere and
ocean at a certain initial time must be formulated. Numerical
weather prediction systems use data assimilation procedures
to estimate initial conditions for forecasting models from
observations. Data assimilation remains one of the key issues
not only in the numerical weather prediction (NWP) but also
in other geophysical sciences.
One of the most advanced and effective data assimilation
techniques is four-dimensional variational data assimilation
(4D-Var). In particular, the weather forecasts produced by the
ACCESS (Australian Community Climate and Earth System
Simulator) at the Bureau of Meteorology use 4D-Var in the
incremental formulation developed at the Met Office [1, 2].
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A comprehensive historical review and current status of 4DVar are presented, for example, in [3–7]. In our view point,
some papers and books, such as [8–17], have contributed
significantly to the development of mathematical foundation,
theory, and practice of 4D-Var.
In general, the main objective of 4D-Var is to define,
as perfectly as possible, the state of a dynamical system by
combining, in statistically optimal manner, the observations
of state variables of a real physical system together with
certain prior information. In NWP this prior information is
usually referred to as the background. Mathematically, 4DVar procedures are formulated as an optimization problem,
in which the initial condition plays the role of control vector
and model equations are considered as constraints. While
the theory of variational data assimilation is well established,
there are a number of issues with practical implementation
that require additional consideration and study. The performance of 4D-Var schemes depends on their key information
components, such as the available observations, estimates
of the observation, and background error covariances that
are quantified by the corresponding matrices, as well as
the background state. All of those information components
strongly impact the accuracy of calculated initial conditions,
thus influencing the forecast quality. Thus, it is important
to estimate the sensitivity of a certain forecast aspect with
respect to variations in the observational data, background
information, and error statistics. This problem is usually
formulated within the framework of the adjoint-based sensitivity analysis (e.g., [18–29]).
However, an adjoint model used to calculate sensitivity
functions is derived from a linearized forward propagation
model and contains numerous input parameters. Consequently, linearization of strongly nonlinear NWP models and
also uncertainties in their numerous parameters generate
errors in the initial conditions obtained by data assimilation
systems. The influence of linearization and parameter uncertainties on the results of data assimilation can be studied, ideally for each particular NWP model, using sensitivity analysis
[30, 31]. Even more problems arise when considering coupled
4D-Var data assimilation schemes since the atmosphere and
ocean have very different physical properties and time-space
spectrum of motions generating initialization shock. Several
coupling strategies are being developed for use in NWP
systems; however, all of them introduce issues that require
additional detailed consideration. For example, the influence
of coupling strength on the initial conditions obtained by 4DVAR procedures is one such issue that is important to study
and analyze.
Good practice in the development of NWP models and
data assimilation systems requires evaluating the confidence
in the model. In this context, it is important to estimate the
influence of parameter variations on system dynamics and to
find those parameters that have the largest impact on system
behaviour. Sensitivity analysis, which is an essential element
of model building and quality assurance, addresses this very
important issue.
The exploration of coupled 4D-Var systems, parameter
estimation, and sensitivity analysis require considerable computational resources. For simple enough low-order coupled
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models, the computational cost is minor and, for that reason,
models of this class are widely used as simple test instruments
to emulate more complex systems. In this paper, we describe
a coupled nonlinear dynamical system, which is composed
of fast (the “atmosphere”) and slow (the “ocean”) versions of
the well-known Lorenz [32] model. This low-order coupled
system allows us to mimic the atmosphere-ocean system
and therefore serves as a key element of a theoretical and
computational framework for the study of various aspects
of coupled 4D-Var procedures [33, 34]. Under certain conditions the Lorenz model exhibits a chaotic behaviour and
using conventional methods of sensitivity analysis can be
questionable in terms of interpretation of the obtained results
[35–37]. The “shadowing” method [36, 37] for estimating
the system sensitivity to variations in its parameters allows
us to calculate the average along the trajectory sensitivities
and therefore to make a clear conclusion with respect to the
system sensitivity to its parameters. This method is based on
the pseudoorbit shadowing in dynamical systems [38, 39].
Calculated sensitivity coefficients obtained via conventional
methods and the “shadowing” approach are presented in the
paper.
We also succinctly consider commonly used techniques
for sensitivity analysis and parameter estimations of dynamical systems and study the influence of coupling strength
parameter on the dynamical behaviour of the coupled system
using Lyapunov characteristic exponent analysis. It was found
that the coupling strength parameter strongly affects the
system dynamics both quantitatively and qualitatively. This
fact should be taken into consideration when choosing the
coupling strategy in data assimilation systems.

2. Low-Order Coupled Dynamical System
In this section we consider a low-order coupled nonlinear
dynamical system obtained by coupling of two versions of
the original Lorenz model (L63) [32] with distinct time scales,
which differ by a factor 𝜀 (e.g., [33, 34]):
𝑥̇= 𝜎 (𝑦 − 𝑥) − 𝑐 (𝑎𝑋 + 𝑘) ,
𝑦̇= 𝑟𝑥 − 𝑦 − 𝑥𝑧 + 𝑐 (𝑎𝑌 + 𝑘) ,

(1a)

𝑧̇= 𝑥𝑦 − 𝑏𝑧 + 𝑐𝑧 𝑍,
𝑋̇= 𝜀𝜎 (𝑌 − 𝑋) − 𝑐 (𝑥 + 𝑘) ,
𝑌̇= 𝜀 (𝑟𝑋 − 𝑌 − 𝑎𝑋𝑍) + 𝑐 (𝑦 + 𝑘) ,

(1b)

𝑍̇= 𝜀 (𝑎𝑋𝑌 − 𝑏𝑍) − 𝑐𝑧 𝑧,
where lower case letters represent the fast subsystem and
capital letters the slow subsystem, 𝜎, 𝑟, and 𝑏 are the
parameters of L63 model, 𝑐 is a coupling strength parameter
for the 𝑥 and 𝑦 variables, 𝑐𝑧 is a coupling strength parameter
for 𝑧, 𝑘 is an “uncentering” parameter, and 𝑎 is a parameter
representing the amplitude scale factor. The value 𝑎 = 1
indicates that two systems have the same amplitude scale.
Thus, the state vector of the coupled model (1a) and (1b) is
x = (𝑥, 𝑦, 𝑧, 𝑋, 𝑌, 𝑍)𝑇 and the model parameter vector is
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𝛼 = (𝜎, 𝑟, 𝑏, 𝑎, 𝑐, 𝑐𝑧 , 𝑘, 𝜀)𝑇 . Without loss of generality, we can
assume that 𝑎 = 1, 𝑘 = 0, and 𝑐 = 𝑐𝑧 , then 𝛼 = (𝜎, 𝑟, 𝑏, 𝑐, 𝜀)𝑇
and the system (1a) and (1b) can be rewritten in the operator
form:
(2)

where the nonlinear uncoupled operator L and linear
coupled operator Q are represented by the following matrices:
−𝜎
[
[𝑟
[
[
[0
L=[
[
[
[
[
[
[

𝜎

0

]
]
]
]
𝑥 −𝑏
]
],
−𝜀𝜎 𝜀𝜎 0 ]
]
]
0
𝜀𝑟 −𝜀 −𝜀𝑋]
]
0 𝜀𝑋 −𝜀𝑏 ]

−1 −𝑥

[
[
[
[
[
Q=[
[−𝑐
[
[
[0
[
[0

0
0 0
𝑐 0
0 −𝑐

𝑟0 = 28,

8
𝑏0 = ,
3

0.2

0.4

0.8

1.2

Coupling strength parameter

𝜆1
𝜆2

(3)

]
0 𝑐 0]
]
]
0 0 𝑐]
].
]
]
]
0 ]
]
]

𝜀0 = 0.1,

0.4

0.0

The unperturbed parameter values are taken as
𝜎0 = 10,

0.6

0.0

0

−𝑐 0 0

Lyapunov exponents

𝑑x
= (L + Q) x,
𝑑𝑡

0.8

𝑐0 ∈ [0.1; 1.2] .
(4)

Chosen values of 𝜎, 𝑟, and 𝑏 correspond to chaotic behaviour
of the L63 model. For 𝜎 = 10 and 𝑏 = 8/3 the critical value of
parameter 𝑟 is 24.74, which means that any value of 𝑟 larger
than 24.74 induces chaotic behaviour [32]. The parameter 𝜀 =
0.1 indicates that the slow system is 10 times slower than the
fast system.
The coupling strength parameter 𝑐 plays a very important
role in qualitative changes in the system dynamics since this
parameter controls the interactions between fast and slow
subsystems. Qualitative changes in the dynamical properties
of a system can be detected by determining and analyzing the system’s spectrum of Lyapunov exponents, which
characterize the average rate of exponential divergence (or
convergence) of nearby trajectories in the phase space. In
the analysis of coupled dynamical systems we are dealing
with conditional Lyapunov exponents that are normally used
to characterize the synchronization with coupled systems.
System (2) has six distinct exponents. If the parameter 𝑐
tends to zero, then system (2) has two positive, two zero, and
two negative Lyapunov exponents. The influence of coupling
strength parameter 𝑐 on the two largest conditional Lyapunov
exponents is illustrated in Figure 1. The numerical experiments demonstrated that those, initially positive, exponents
decrease monotonically with an increase in the parameter
c. At about 𝑐 ≈ 0.8 they approach the 𝑥-axis and at about

Figure 1: Two largest conditional Lyapunov exponents as functions
of coupling strength parameter.

𝑐 ≈ 0.95 negative values. Thus, for 𝑐 > 0.95, the dynamics
of both fast and slow subsystems become phase-synchronous
[40]. For 𝑐 > 1.0, a limit circle dynamical regime is observed
since all six exponents become negative.
Apart from Lyapunov exponents, autocorrelation functions (ACFs) enable one to distinguish between regular and
chaotic processes and to detect transition from order to chaos.
In particular, for chaotic motions, ACF decreases in time, in
many cases exponentially, while for regular motions, ACF is
unchanged or oscillating. In general, however, the behaviour
of ACFs of chaotic oscillations is frequently very complicated
and depends on many factors (e.g., [41, 42]). Autocorrelation
functions can also be used to define the so-called typical time
memory (typical timescale) of a process [43]. If it is positive,
ACF is considered to have some degree of persistence: a
tendency for a system to remain in the same state from one
moment in time to the next. The ACF for a given discrete
dynamic variable {𝑥𝑖 }𝑁−1
𝑖=0 is defined as
𝐶 (𝑠) = ⟨𝑥𝑖 𝑥𝑖+𝑠 ⟩ − ⟨𝑥𝑖 ⟩ ⟨𝑥𝑖+𝑠 ⟩ ,

(5)

where the angular brackets denote ensemble averaging.
Assuming time series originates from a stationary and
ergodic process, ensemble averaging can be replaced by time
averaging over a single normal realization:
𝐶 (𝑠) = ⟨𝑢𝑚 𝑢𝑚+𝑠 ⟩ − ⟨𝑢⟩2 .

(6)

Signal analysis commonly uses the normalized ACF, defined
as 𝑅(𝑠) = 𝐶(𝑠)/𝐶(0). ACF plots for realizations of dynamic
variables 𝑥 and 𝑋, and 𝑧 and 𝑍 calculated for different values
of the coupling strength parameter 𝑐 are presented in Figures
2 and 3, respectively. For relatively small parameter 𝑐 (𝑐 <
0.4), the ACFs for both 𝑥 and 𝑋 variables decrease fairly
rapidly to zero, consistently with the chaotic behaviour of the
coupled system. However, as expected, the rate of decay of
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the ACF of the slow variable 𝑋 is less than that of the fast
variable 𝑥. The ACF envelopes for variables 𝑧 and 𝑍 also
decay almost exponentially from the maximum to zero. For
coupling strength parameter on the interval 0.4 < 𝑐 < 0.6 the
ACF of the fast variable 𝑥 becomes smooth and converges to
zero. At the same time, the envelopes of the ACFs of variables
𝑋, 𝑧, and 𝑍 demonstrate a fairly rapid fall, indicating the
chaotic behaviour. As the parameter 𝑐 increases, the ACFs
become periodic and their envelopes decay slowly with time,
indicating transition to regularity. For 𝑐 > 0.8 calculated
ACFs show periodic signal components.

usually assumed that the observation errors 𝜀0𝑖 are unbiased,
serially uncorrelated, and normally distributed with known
covariance matrices R𝑖 ∈ R𝑚×𝑚 .
Suppose that at the initial time the prior (background)
model state x0𝑏 is known and represents the “best” estimate
of the “true” state x0𝑡 before any observations are taken. This
background state is provided by a previous forecast. It is
assumed that x0𝑏 has unbiased and normally distributed errors
𝜀𝑏 with known covariance matrix B0 ∈ R𝑛×𝑛 :

3. The Basics of Four-Dimensional Variational
Data Assimilation

Given the observations y𝑖𝑜 at time 𝑡𝑖 , the corresponding
observation error covariance matrices R𝑖 (𝑖 = 0, . . . , 𝑁), the
background initial state x0𝑏 , and the error covariance matrix
B0 , the 4D-Var data assimilation seeks to minimize, with
respect to x0 , a certain cost function 𝐽(x) expressing the
“distance” between observations and corresponding model
state using the model equations as constraints:

Atmospheric models used for operational NWP are mainly
deterministic and derived from a set of multidimensional
nonlinear differential equations in partial derivatives, which
are the equations of fluid dynamics and thermodynamics that
describe atmospheric processes and atmosphere-underlying
surface interactions. A generic atmospheric model can
be represented by the following continuous autonomous
dynamical system:
𝑑x (𝑡)
= 𝑓 (x (𝑡) , 𝛼 (𝑡)) ,
𝑑𝑡

x0𝑏 = x0𝑡 + 𝜀𝑏 .

x0𝑎 = arg min 𝐽 (x)

x𝑖+1 = M𝑖,𝑖+1 (x𝑖 ) + 𝜀𝑚
𝑖 ,

(8)

where x𝑖 ∈ R𝑛 is the 𝑛-dimensional state vector representing
the complete set of the model variables that determine the
internal state of the atmospheric model at time 𝑡𝑖 , M𝑖,𝑖+1 is the
nonlinear operator that indirectly contains model parameters
and propagates the state vector from time 𝑡𝑖 to time 𝑡𝑖+1 for 𝑖 =
0, . . . , 𝑁 − 1, and 𝜀𝑚
𝑖 is the model errors. It is usually assumed
that model (8) is “perfect” (𝜀𝑚
𝑖 = 0), that is the forecast has
no errors if the initial condition is perfect. In this case, given
the model operator and the initial condition x0 , (8) uniquely
specifies the orbit of the dynamical system. Let y𝑖0 ∈ R𝑚 be the
𝑚-dimensional vector of observations measured at a discrete
time 𝑡𝑖 , 𝑖 = 0, . . . , 𝑁 that are linked to the system state via the
following equation:
y𝑖0 = H𝑖 (x𝑖 ) + 𝜀0𝑖 ,

(9)

where H𝑖 : R𝑛 → R𝑚 is the nonlinear observation
operator that maps the state vector to observation space. It is

(11)

subject to x satisfying the set of the “ideal” (𝜀𝑚
𝑖 = 0) model
equations with initial state x0 :

𝑡 ∈ [0, 𝜏] = T, x (0) = x0 . (7)

Here x(𝑡) is the state vector belonging to a Hilbert space X,
𝛼 ∈ P is a parameter vector, where P is a Hilbert space
(the space of the model parameters), 𝑓 is a nonlinear vectorvalued function, such that 𝑓 : X × P × T → X, and x0
is a given vector function. This infinite-dimensional model
has to be truncated by some means to finite-dimensional
approximate model, for which a solution can be sought
numerically. Applying either a projection onto a finite set of
basic functions or a discretization in time and space, one
can derive the discrete atmospheric model which can be
represented as 𝑠 discrete nonlinear dynamical system given
by the equation

(10)

x𝑖+1 = M0,𝑖+1 (x0 ) ,

𝑖 = 1, . . . , 𝑁.

(12)

The 4D-Var cost function is usually written as (e.g., [17, 18]):
𝐽 (x0 ) =

𝑇
1
𝑏
(x0 − x0𝑏 ) B−1
0 (x0 − x0 )
2
𝑇
1𝑁
+ ∑ (H𝑖 (x𝑖 ) − y𝑖0 ) R𝑖−1 (H𝑖 (x𝑖 ) − y𝑖0 ) .
2 𝑖=0

(13)

The optimization problem (11) is nonlinear with strong
constraints and an iterative minimization algorithm (e.g.,
gradient-based technique) is required to obtain the solution.
The gradient of the cost function (13) is as follows:
𝑁

𝑏
𝑇
𝑇 −1
0
∇x0 𝐽 (x0 ) = B−1
0 (x0 − x0 ) + ∑M0,𝑖 H𝑖 R𝑖 (H𝑖 (x𝑖 ) − y𝑖 ) ,
𝑖=0

(14)
where M𝑇0,𝑖 is the adjoint of the linearized model operator
M0,𝑖 = M0,𝑖 (x𝑖 ) and H𝑇𝑖 is the adjoint of the linearized
observation operator H𝑖 = H𝑖 (x𝑖 ). If the model is not
“perfect” then we need to take into account the model errors
𝜀𝑚 , which are sometimes taken as Gaussian noise:
𝜀𝑚 ∈ N (0, Q) ,

(15)

where Q is a model error covariance matrix. Thus, we obtain
the weakly constrained 4D-Var data assimilation and the
following term
1𝑁
𝑇
𝐽𝑚 = ∑ (x𝑖 − M𝑖−1,𝑖 (x𝑖−1 )) Q−1
𝑖 (x𝑖 − M𝑖−1,𝑖 (x𝑖−1 )) (16)
2 𝑖=1
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Figure 2: Autocorrelation functions for dynamic variables 𝑥 and 𝑋 for different parameter 𝑐.
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Figure 3: Autocorrelation functions for dynamic variables 𝑧 and 𝑍 for different parameter 𝑐.
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should be added to the right-hand side of the cost function
(13) [6, 19].
It is important to make the following comments. While
NWP has significantly improved over the last several decades,
weather forecasts are still intrinsically uncertain. This is
because mathematical models used in NWP have several
sources of uncertainty and therefore a number of sources
of errors. The first one is an intrinsic uncertainty due to
chaotic nature of the system. The second one is a structural
uncertainty, which is how the model itself represents the
physical processes incorporated into it. It is important to
underline that our knowledge of the earth system is always
imperfect and, therefore, we can only theoretically design the
“ideal” model. However, improving model physics demonstrated that even theoretically well-posed models failed to
accurately simulate and predict the dynamics of real atmospheric processes. This is because numerical models have a
parametric uncertainty (how accurate model parameters are)
initial and boundary uncertainty (are initial and boundary
conditions known precisely) and, in addition, numerical
errors. All of those uncertainties (errors) impair the weather
forecast accuracy and limit the time horizon of accurate
NWP. Current time horizon of synoptic-scale NWP is several
days.
The climate study has significantly longer time horizon:
several decades. The sensitivity analysis of the climate system
is associated with stability of characteristics of climatic model
attractors with respect to perturbations in model parameters.
A priori estimation of the behaviour of state vector, when
the perturbations in the climate model parameters tend to
zero, is generally an unresolved problem since it is not known
whether or not the invariant measure of climate modeling
system is continuous with respect to the small perturbations in the differential matrix operator of the numerical
model. Indeed, at certain model parameter values, different
bifurcation can occur in the system phase space. Therefore,
dynamics on the attractor generated by the model may change
considerably even for small parameter perturbations.

4. Sensitivity Analysis: Essentials of
Conventional Approaches
One of the commonly used measures for estimating the
influence of model parameter variations on the state variables
is the sensitivity coefficient, which is the derivative of a certain
component of a model state vector 𝑥𝑖 with respect to some
model parameter 𝛼𝑗 [30, 31, 44]:
𝑆𝑖𝑗 ≡


𝑥𝑖 (𝛼𝑗0 + 𝛿𝛼𝑗 ) − 𝑥𝑖 (𝛼𝑗0 )
𝜕𝑥𝑖 
],
= lim [

𝜕𝛼𝑗 𝛼 =𝛼0 𝛿𝛼 → 0
𝛿𝛼𝑗
𝑗
𝑗
[
]

(17)

where 𝛿𝛼𝑗 is the infinitesimal perturbation of parameter 𝛼𝑗
around some fixed point 𝛼𝑗0 . Differentiating (8) with respect
to 𝛼, we obtain the set of nonhomogeneous ODEs, the socalled sensitivity equations, which can be written as
𝑑S𝑗
𝑑𝑡

= M ⋅ S𝑗 + D𝑗

𝑗 = 1, . . . , 𝑚,

(18)

where S𝑗 = (𝜕x/𝜕𝛼𝑗 ) = (𝑆1,𝑗 , 𝑆2,𝑗 , . . . , 𝑆𝑛,𝑗 )𝑇 is the sensitivity
vector with respect to parameter 𝛼𝑗 , D𝑗 = (𝜕𝑓1 /𝜕𝛼𝑗 , 𝜕𝑓2 /𝜕𝛼𝑗 ,
. . . , 𝜕𝑓𝑛 /𝜕𝛼𝑗 )𝑇 , and M is a Jacobian matrix. Thus, to analyze
the sensitivity of system (7) with respect to parameter 𝛼𝑗 one
can solve the following set of differential equations with given
initial conditions:
𝑑x
= 𝑓 (x, 𝛼) ,
𝑑𝑡
𝑑S𝑗
𝑑𝑡

x (0) = x0 ,

= M ⋅ S𝑗 + D𝑗 ,

(19)
S𝑗 (0) = S𝑗0 .

Sensitivity equations describe the evolution of sensitivity
coefficients along a given trajectory and therefore allow
tracing the sensitivity dynamics in time. The procedure
for computing sensitivity coefficients includes the following
steps.
(1) Obtain initial conditions on the system attractor at
time 𝑡 = 𝑡0 by integrating the nonlinear model
equations (7) for a long enough time range [𝑡0 , 𝜏],
starting from random initial conditions.
(2) Solve the nonlinear model equations (7) to calculate a
trajectory x(𝑡), 𝑡 ∈ [𝑡0 , 𝜏].
(3) Calculate a model Jacobian matrix and a parametric
Jacobian matrix.
(4) Solve the sensitivity equations (18) with given initial
conditions to obtain the desired sensitivity coefficients.
Sensitivity analysis allows us also to explore the sensitivity
of a generic objective function (performance measure), which
characterizes the dynamical system (7):
𝜏

J (x, 𝛼) = ∫ Φ (𝑡; x, 𝛼) 𝑑𝑡,
0

(20)

where Φ is a nonlinear function of the state variables x and
model parameters 𝛼. The gradient of the functional J with
respect to the parameters 𝛼 around the unperturbed state
vector x0

𝑑J
𝑑J 𝑇 
∇𝛼 J (x0 , 𝛼0 ) = (
,...,
) 
(21)
𝑑𝛼1
𝑑𝛼𝑚 x0 ,𝛼0
quantifies the influence of parameters on the model output
results. In particular, the effect of the 𝑗th parameter can be
estimated as follows:

𝑑J 

𝑑𝛼𝑗 𝛼0
𝑗
≈

0
J (x0 + 𝛿x0 ; 𝛼10 , . . . , 𝛼𝑗0 + 𝛿𝛼𝑗 , . . . , 𝛼𝑚
) − J (x0 , 𝛼0 )

𝛿𝛼𝑗

,

(22)
where 𝛿𝛼𝑖 is the variation in parameter 𝛼𝑖0 . Note that
𝑛
𝑛
𝜕J 𝜕𝑥𝑖 𝜕J
𝜕J 𝜕J
𝑑J
=∑
+
= ∑𝑆𝑖𝑗
+
.
𝑑𝛼𝑗 𝑖=1 𝜕𝑥𝑖 𝜕𝛼𝑗 𝜕𝛼𝑗 𝑖=1 𝜕𝑥𝑖 𝜕𝛼𝑗

(23)
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This approach is acceptable for low-order models. However,
the accuracy of sensitivity estimates strongly depends on
choice of the perturbation 𝛿𝛼𝑖 . By introducing the Gâteaux
differential, the sensitivity analysis problem can be considered in the differential formulation eliminating the need to
set the value of 𝛿𝛼𝑖 [30, 31]. The Gâteaux differential for the
objective function (20) has the following form:
𝜏

𝛿J (x0 , 𝛼0 ; 𝛿x, 𝛿𝛼) = ∫ (
0

𝜕Φ 
𝜕Φ 
⋅ 𝛿x +
⋅ 𝛿𝛼) 𝑑𝑡.


𝜕x x0 ,𝛼0
𝜕𝛼 x0 ,𝛼0
(24)

Here 𝛿x is the state vector variation due to the variation
in the parameter vector in the direction 𝛿𝛼. Linearizing the
nonlinear model (7) around an unperturbed trajectory x0 (𝑡),
we obtain the following system of variational equations, the
so-called tangent linear model, for calculating 𝛿x:
𝜕𝑓 
𝜕𝑓 
𝜕𝛿x
⋅ 𝛿x +
⋅ 𝛿𝛼,
=


𝜕𝑡
𝜕x x0 ,𝛼0
𝜕𝛼 x0 ,𝛼0
𝑡 ∈ [0, 𝜏] ,

(25)

𝛿x (0) = 𝛿x0 .

Then using (24) we can calculate the variation 𝛿J. Since
𝛿J(x0 , 𝛼0 ; 𝛿x, 𝛿𝛼) = ⟨∇𝛼 J, 𝛿𝛼⟩, where ⟨⋅, ⋅⟩ is a scalar
product, the model sensitivity with respect to parameter
variations can be estimated by calculating the components of
the gradient ∇𝛼 J. However, this method is computationally
ineffective if the number of model parameters 𝑚 is large. The
use of adjoint equations allows obtaining the required sensitivity estimates within a single computational experiment
(e.g., [6, 30, 31]) since the gradient ∇𝛼 J can be calculated by
the following equation:
𝑇
𝜕𝑓 
𝜕Φ 
− ( 
) ⋅ x∗ ] 𝑑𝑡, (26)
∇𝛼 J (x0 , 𝛼0 ) = ∫ [

𝜕𝛼 x0 ,𝛼0
𝜕𝛼 x0 ,𝛼0
0
𝜏

where the vector function x∗ is the solution of adjoint model
−

𝑇
𝜕𝑓 
𝜕x∗
𝜕Φ 
) x∗ = −
,
− ( 

𝜕𝑡
𝜕x x0 ,𝛼0
𝜕x x0 ,𝛼0

𝑡 ∈ [0, 𝜏] ,

(27)

∗

x (𝜏) = 0.

This equation is numerically integrated in the inverse time
direction. Thus, the algorithm for computing sensitivity
functions is as follows.
(1) Obtain initial conditions on the system attractor at
time 𝑡0 by integrating the nonlinear model equations
(7) for a long enough time range [𝑡0 , 𝜏], starting from
random initial conditions.
(2) Solve the nonlinear model equations (7) to calculate a
trajectory x(𝑡), 𝑡 ∈ [𝑡0 , 𝜏].
(3) Calculate the right-hand side of (27) and then integrate numerically this equation in the inverse time
direction with the initial conditions x∗ (𝜏) = 0.
(4) Calculate the gradient (26).

5. Testing the Variational Data Assimilation
We will consider the dynamics of system (2) on its attractor. In
order to obtain the model attractor, the numerical integration
of (2) is started at 𝑡𝐷 = −20 with the initial conditions
𝑇

x (𝑡𝐷) = (0.01, 0.01, 0.01, 0.02, 0.02, 0.02)

(28)

and finished at 𝑡0 = 0 to guarantee that the calculated model
state vector x0 = x(0) is on the model attractor. The forecast,
obtained by NWP models, is substantially determined by initial conditions, which calculated via 4D-Var. The accuracy of
initial conditions strongly depends on numerous parameters
of 4D-Var systems. Some of these parameters are uncertain.
To estimate the influence of parameter variations on the
forecast obtained by model (2), the “true” and “forecast”
trajectories were calculated. The “true” trajectory x𝑡 (𝑡𝑖 ) and
the “true” state x𝑡 (𝑡𝑓 ) at the verification time 𝑡𝑓 are obtained
by integrating the model equations over the time interval
[𝑡0 , 𝑡𝑓 ] with unperturbed parameter vector 𝛼0 and initial
conditions x0 . Then, the forecast trajectory x𝑓 (𝑡𝑘 ) and the
forecast state x𝑓 (𝑡𝑓 ) at 𝑡𝑓 are obtained by integration of the
“forecast” model (2) with initial conditions x0 and a certain
perturbed model parameter. Thus, the “forecast” model has
the same set of equations as the “true” model; however, some
model parameter is slightly changed (i.e., this parameter is
known with uncertainty). In order to measure forecast errors
the relative error in energy norm is used:
1/2

𝑇

𝑒 (x𝑓 ) = [
[

(x𝑓 − x𝑡 ) (x𝑓 − x𝑡 )
(x𝑡 )𝑇 x𝑡

]

.

(29)

]

As an example, variations in parameters 𝑟 and 𝑐 are
considered and forecast is made for two time periods 𝑡𝑓 :
2.5 and 5.0 of nondimensional time units. The forecast error
(29) is estimated at time 𝑡𝑓 . Table 1 shows the results of
forecast verifications. It is obvious that the less the forecast
error measure 𝑒(x𝑓 ), the higher the forecast skill. Qualitatively, calculated results are consistent with real numerical
weather forecasts obtained with complex state-of-the-art
NWP models: longer 𝑡𝑓 leads to lower forecast accuracy and
smaller parameter variations (difference between the “true”
parameter value and the value used in the “real” model)
lead to better forecast accuracy. It can also be observed that
parameter 𝑟 influences the forecast accuracy almost twice as
much as parameter 𝑐.
Synthetic data assimilation requires the “true” state x𝑡 (𝑡𝑖 ),
the background (first guess) state x𝑏 (𝑡𝑖 ), and observations
y0 (𝑡𝑖 ) inside the assimilation window [𝑡0 , 𝑡𝑁] as well as error
covariance matrices of the prior guess B0 and observations
R𝑖 . The length of data assimilation window should be defined
as well. The “true” and background trajectories on the data
assimilation interval [𝑡0 , 𝑡𝑁] represent some portions of x𝑡 (𝑡𝑖 )
and x𝑏 (𝑡𝑖 ), respectively. Observations should be provided
every 5–10 time steps inside the assimilation window and
can be generated by adding the Gaussian random noise (with
zero mean and variance 𝜎02 = 0.2) to the “true” state. Since
observation grid and model grid are the same, observation
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Table 1: Relative errors in energy norm (subscript at parameters denotes the nondimensional time unit).
Parameter variations in percent of unperturbed value
𝑟2.5
𝑐2.5
𝑟5.0
𝑐5.0

1%

−1%

5%

−5%

10%

−10%

0.1273
0.0584
0.1663
0.0705

0.1266
0.0583
0.1689
0.0704

0.2871
0.1312
0.3617
0.1583

0.2796
0.1300
0.3202
0.1569

0.4081
0.1866
0.5004
0.2250

0.3890
0.1833
0.5742
0.2210

operator H is simply an identity mapping. To take into
consideration the background covariances, for simplicity, the
assumption B0 = 𝜎𝑏2 I can be used, where 𝜎𝑏2 = 0.2 is the
variance of background error and I is the identity matrix.
Under assumption that the observation quality is the same
for all variables, the observation covariance matrix can be
defined as R𝑖 = R = 𝜎02 I.
Testing the TL model and its adjoint is required to
ensure the convergence of the minimization algorithm in data
assimilation procedures. If 𝜁𝛿x is a small perturbation of the
model state, then
M (x + 𝜁𝛿x) − M (x) ≈ M (x) 𝜁𝛿x.

(30)

To verify the applicability of the TL model on the time interval
[𝑡0 , 𝑡𝑁], the relative error
𝑒𝑅 =

M (x + 𝜁𝛿x) − M (x)
M (x) 𝜁𝛿x

(31)

should be calculated. The TL model is valid if 𝑒𝑅 → 0
when 𝜁 → 0. The results of numerical experiments showed
that the TL model passed this test with 𝑒𝑅 tending towards
zero (Table 2). The TL adjoint correctness can be tested by
verification of the inner product identity
⟨M𝛿x, M𝛿x⟩ = ⟨𝛿x, M𝑇 M𝛿x⟩ .

(32)

It was found that this equality is essentially correct: the
difference was observed only in the 7th digit, which is
consistent with a round-off error. The second test to verify the
adjoint model is the so-called gradient test [45], which aims
to compare a finite difference representation of the gradient
of 4D-Var cost function (13) with the gradient obtained via
adjoint model ∇𝐽(x0 ). A linear Taylor approximation of the
cost function can be written as
𝐽 (x0 + 𝜁𝛿x) ≈ 𝐽 (x0 ) + 𝜁 (𝛿x)𝑇 ∇𝐽 (x0 ) .

(33)

Let us introduce the following function:
Ψ (𝜁) =

𝐽 (x0 + 𝜁𝛿x) − 𝐽 (x0 )
𝜁 (𝛿x)𝑇 ∇𝐽 (x0 )

.

(34)

If the gradient is estimated correctly then the function
Ψ(𝜁) → 1 as 𝜁 → 0. The perturbation vector 𝛿x is taken
to be [45]
∇𝐽 (x0 )
𝛿x = 
,
∇𝐽 (x0 )

(35)

Table 2: Results of verification of tangent linear model for 𝑐 = 0.8
and 𝛿x = 10−2 × x0 .
𝜁
1
10−1
10−2
10−3
10−4
10−5
10−6
10−7

𝑒𝑅
0.9182066027544249
0.9997279965782743
0.9999925468155463
0.9999991929611531
0.9999999534965012
0.9999999911217883
0.9999999914427087
0.9999997435447022

Table 3: Results of verification of 4D-Var cost function gradient for
𝑐 = 0.8 and 𝛿x = 10−2 × x0 .
𝜁
10−4
10−5
10−6
10−7
10−8
10−9
10−10

Ψ (𝜁)
0.8727731981461396
0.9975483775420343
0.9998765512756632
0.9999884562844123
0.9999979865432855
0.9999998912431426
0.9999999244103234



log10 (Ψ (𝜁) − 1)
−0.8954213897009056
−2.6105464089686840
−3.9085133935113787
−4.9376543818657845
−5.6960577024708600
−6.9635433500893210
−7.1215375125562080

where ‖ ⋅ ‖ is the 𝐿 2 norm. Table 3 manifests the success of the
gradient test.

6. Sensitivity of the System with
respect to Parameters
According to the sensitivity theory [44], general solutions
of sensitivity equations for oscillatory nonlinear dynamical
systems grow unbounded as time tends to infinity; therefore,
sensitivity functions calculated by conventional approaches
have a high degree of uncertainty. The reason is that nonlinear
dynamical systems that exhibit chaotic behavior are very
sensitive to its initial conditions. Thus, the solutions to the linearized Cauchy problem (7) grow exponentially as ‖𝛿x(𝑡)‖ ≈
‖𝛿x(0)‖𝑒𝜆𝑡 , where 𝜆 > 0 is the leading Lyapunov exponent.
As a result, calculated sensitivity coefficients contain a fairly
large error [35–37]. To illustrate this point, let us explore
the sensitivity of model output to changes in the coupling
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strength parameter. Let us introduce the following sensitivity
coefficients:
𝑆1𝑐 =

𝜕𝑥
,
𝜕𝑐

𝑆2𝑐 =

𝜕𝑋
𝑆4𝑐 =
,
𝜕𝑐

𝜕𝑦
,
𝜕𝑐

𝜕𝑌
𝑆5𝑐 =
,
𝜕𝑐

𝑆3𝑐 =

𝜕𝑧
,
𝜕𝑐

𝜕𝑍
𝑆6𝑐 =
.
𝜕𝑐

(36)

𝑆1𝑟 =

The corresponding sensitivity equations can be written as
̇ = 𝜎 (𝑆2𝑐 − 𝑆1𝑐 ) − 𝑐𝑆4𝑐 − 𝑋,
𝑆1𝑐
̇ = 𝑟𝑆1𝑐 − 𝑆2𝑐 − 𝑥𝑆3𝑐 − 𝑧𝑆1𝑐 + 𝑐𝑆5𝑐 + 𝑌,
𝑆2𝑐
̇ = 𝑥𝑆2𝑐 + 𝑦𝑆1𝑐 − 𝑏𝑆3𝑐 + 𝑐𝑆6𝑐 + 𝑍,
𝑆3𝑐
̇ = 𝜀𝜎 (𝑆5𝑐 − 𝑆4𝑐 ) − 𝑐𝑆1𝑐 − 𝑥,
𝑆4𝑐

(37)

lim [

J (𝛼 + 𝛿𝛼) − J (𝛼)
] 𝑑𝑡
𝛿𝛼

𝜕𝑌
𝑆5𝑟 =
,
𝜕𝑟

𝑆3𝑟 =

𝜕𝑧
,
𝜕𝑟

𝜕𝑍
𝑆6𝑟 =
.
𝜕𝑟

(40)

̇ = 𝜎 (𝑆2𝑟 − 𝑆1𝑟 ) − 𝑐𝑆4𝑟 ,
𝑆1𝑟

̇ = 𝜀𝜎 (𝑆5𝑟 − 𝑆4𝑟 ) − 𝑐𝑆1𝑟 ,
𝑆4𝑟

(38)

This is because the integral
𝑇 → ∞ 0 𝛿𝛼 → 0

𝜕𝑦
,
𝜕𝑟

̇ = (𝑥𝑆2𝑟 + 𝑦𝑆1𝑟 ) − 𝑏𝑆3𝑟 + 𝑐𝑆6𝑟 ,
𝑆3𝑟

Sensitivity coefficients can be introduced for any particular
model parameter. Since the parameter vector 𝛼 consists of five
components (𝜎, 𝑟, 𝑏, 𝑐, and 𝜀), five sets of sensitivity equations
can be derived from the model equations (2). The dynamics
of sensitivity coefficients (36) can be traced by solving the
sensitivity equations (37) along with the nonlinear model (2).
Sensitivity coefficients (36), calculated on the time interval [0, 20], are shown in Figure 4. Envelopes of these coefficients grow over time while sensitivity coefficients themselves
exhibit oscillating behavior. Figure 5 provides more detailed
information on the evolution of sensitivity coefficients (36)
calculated on the time interval [0, 5]. It is known that sensitivity coefficient is a measure of the change in state variable due
to the variation of the estimated parameter. Unfortunately,
obtained sensitivity coefficients are inherently uninformative
and misleading. We cannot make a clear conclusion from
them about system sensitivity to variations in the parameter
𝑐. In this regard, the average values of sensitivity functions
∇𝛼 ⟨J(𝛼)⟩ over a certain period of time can be considered as
one of the most important measures of sensitivity, where J
is a generic objective function (20). However, the gradient
∇𝛼 ⟨J(𝛼)⟩ cannot be correctly estimated within the framework of conventional methods of sensitivity analysis since for
chaotic systems it is observed that [35, 36]

𝑇

𝜕𝑋
𝑆4𝑟 =
,
𝜕𝑟

𝑆2𝑟 =

̇ = 𝑥 + 𝑟𝑆1𝑟 − 𝑆2𝑟 − (𝑥𝑆3𝑟 + 𝑧𝑆1𝑟 ) + 𝑐𝑆5𝑟 ,
𝑆2𝑟

̇ = 𝜀 (𝑋𝑆5𝑐 + 𝑌𝑆4𝑐 − 𝑏𝑆6𝑐 ) − 𝑐𝑆3𝑐 − 𝑧.
𝑆6𝑐

I = lim ∫

𝜕𝑥
,
𝜕𝑟

The associated system of sensitivity equations can be written
as

̇ = 𝜀 (𝑟𝑆4𝑐 − 𝑆5𝑐 − 𝑋𝑆6𝑐 − 𝑍𝑆4𝑐 ) + 𝑐𝑆2𝑐 + 𝑦,
𝑆5𝑐

⟨∇𝛼 J (𝛼)⟩ .
∇𝛼 ⟨J (𝛼)⟩ ≠

components of state vector x(𝑟0 ) obtained with 𝑟 = 𝑟0 = 28
and x(𝑟0 + 𝛿𝑟) obtained with 𝑟 = 𝑟0 + 𝛿𝑟, where 𝛿𝑟 = 0.01𝑟0 =
0.28. Even a small perturbation in the parameter 𝑟 generates
a tangible difference between corresponding state variables.
Let us define the following sensitivity coefficients:

(39)

does not possess uniform convergence and two limits (𝑇 →
∞ K 𝛿𝛼 → 0) would not commute.
Similar results were obtained when we considered the
influence of variations in the parameter 𝑟 on the system
dynamics. This parameter plays an important role in the
formation of system’s dynamical structure and transition to
chaotic behavior [32]. Figure 6 shows the differences between

(41)

̇ = 𝜀 [𝑋 + 𝑟𝑆4𝑟 − 𝑆5𝑟 − (𝑋𝑆6𝑟 + 𝑍𝑆4𝑟 )] + 𝑐𝑆2𝑟 ,
𝑆5𝑟
̇ = 𝜀 [(𝑋𝑆5𝑟 + 𝑌𝑆4𝑟 ) − 𝑏𝑆6𝑟 ] − 𝑐𝑆3𝑟 .
𝑆6𝑟
Envelopes of calculated sensitivity coefficients (40) grow
over time and sensitivity coefficients demonstrate the oscillating behavior (Figures 7 and 8). Obtained sensitivity
coefficients are also uninformative and inconclusive. The
“shadowing” approach for estimating the system sensitivity
to variations in its parameters [36, 37] allows us to calculate
the average sensitivities ⟨∇𝛼 𝐽(𝛼)⟩ and therefore to make a
clear conclusion with respect to the system sensitivity to its
parameters. A detailed description of two variants of the
“shadowing” approach is provided in an appendix, and some
results of numerical experiments are presented below.
The main problem arising in the “shadowing” method
is to calculate the pseudotrajectory. We consider two sets
of numerical experiments: weak coupling (𝑐 = 0.01) and
strong coupling (𝑐 = 0.8) between fast and slow systems.
Fast and slow variables that correspond to the original and
pseudoorbits are shown in Figures 9 and 10 when the coupling
strength parameter 𝑐 = 0.01. The Least Square Shadowing
variant of the “shadowing” approach was used to calculate
pseudotrajectories. The differences between state variables
corresponding to the original and pseudotrajectories of
the fast and slow systems are plotted in Figure 11. These
figures show that the calculated pseudoorbits are close to
corresponding true trajectories over a specified time interval,
demonstrating the shadowability. The strong coupling does
not introduce significant qualitative and quantitative changes
in the behavior of pseudotrajectories with respect to the
true orbits. The original and pseudo fast and slow variables
for 𝑐 = 0.8 are shown in Figures 12 and 13, and the
differences between these state variables are presented in
Figure 14. Sensitivity estimates with respect to the parameter 𝑟
calculated over the time interval [0, 20] for different values of
coupling strength parameter are shown in Table 4. The most
sensitive variables are 𝑧 and 𝑍. The sensitivity of variables 𝑥,
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Figure 4: Time dynamics of sensitivity functions with respect to parameter 𝑐 on the time interval [0, 20] for 𝑐0 = 0.9.

𝑦, 𝑋, and 𝑌 with respect to 𝑟 is significantly less than variables
𝑧 and 𝑍.

7. Concluding Remarks
We considered a coupled nonlinear dynamical system, which
is composed of fast (the “atmosphere”) and slow (the “ocean”)
versions of the well-known Lorenz model. This low-order
mathematical tool allows us to mimic the atmosphere-ocean
system and therefore serves as a key part of a theoretical and
computational framework for the study of various aspects

of coupled 4D-Var procedures. Numerical models used to
predict the weather are highly nonlinear but tangent linear
approximations and their adjoints are used in VDA algorithms. Linear approximation of strongly nonlinear NWP
models and also uncertainties in their numerous parameters
generate errors in the initial conditions obtained via data
assimilation systems. The influence of parameter uncertainties on the results of data assimilation can be studied using
sensitivity analysis.
We discussed conventional methods of sensitivity analysis and their inefficiency with respect to calculating sensitivity
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Figure 5: Time dynamics of sensitivity functions with respect to parameter 𝑐 on the time interval [0, 5] for 𝑐0 = 0.9.

Table 4: Sensitivity estimates of fast and slow variables with respect to parameter 𝑟.
𝑐
1.0
0.8
0.4
0.15
10−4

𝜕𝑍/𝜕𝑟
1.10
0.69
0.95
0.91
1.04

𝜕𝑌/𝜕𝑟
0.05
0.08
0.03
−0.08
−0.02

𝜕𝑋/𝜕𝑟
0.01
0.03
−0.01
−0.09
−0.03

𝜕𝑧/𝜕𝑟
1.08
1.02
1.03
1.01
1.02

𝜕𝑦/𝜕𝑟
0.04
0.07
0.09
−0.01
−0.01

𝜕𝑥/𝜕𝑟
0.03
0.07
0.09
−0.01
−0.01
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understand the sensitivity analysis of atmospheric models of
various levels of complexity.
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Appendix
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The novel sensitivity analysis method for chaotic dynamical
systems developed in [36, 37] is based on the theory of
pseudoorbit shadowing in dynamical systems [38, 39], which
is one of the most rapidly developing components of the
global theory of dynamical systems and classical theory of
structural stability [52]. Naturally, pseudo- (or approximate-)
trajectories arise due to the presence of round-off errors,
method errors, and other errors in computer simulation of
dynamical systems. Consequently, we will not get an exact
trajectory of a system, but we can come very close to an
exact solution and the resulting approximate solution will be
a pseudotrajectory. The shadowing property (or pseudoorbit
tracing property) means that, near an approximate trajectory,
there exists the exact trajectory of the system considered, such
that it lies uniformly close to a pseudotrajectory. The shadowing theory is well developed for the hyperbolic dynamics,
which is characterized by the presence of expanding and
contracting directions for derivatives. The study of shadowing
problem was originated by Anosov [46] and Bowen [47].
Let (𝑀, dist) be a compact metric space and let 𝑓 : 𝑀 →
𝑀 be a homeomorphism (a discrete dynamical system on 𝑀).
A set of points 𝑋 = {𝑥𝑘 : 𝑘 ∈ Z} is a 𝑑-pseudotrajectory
(𝑑 > 0) of 𝑓 if
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Figure 6: Difference between x(𝑟0 ) and x(𝑟0 + 0.01𝑟0 ) for fast and
slow subsystems.

coefficients for chaotic dynamics. To calculate sensitivity
coefficients with acceptable accuracy, the sensitivity analysis method [36, 37], developed on the basis of theory of
shadowing of pseudoorbits in dynamical systems [38, 39],
was applied. Previously, this method was used to analyze the
sensitivity of the periodic van der Pol oscillator, the original
Lorenz system, and simplified aeroelastic model that exhibit
both periodic and chaotic regimes.
Calculated sensitivity coefficients obtained via conventional methods and the “shadowing” approach are presented
and discussed. It was shown that envelopes of sensitivity
coefficients obtained by conventional methods grow over
time and the coefficients themselves exhibit the oscillating
behaviour. Using the “shadowing” method allows us to
calculate the average sensitivity functions (coefficients) that
can be easily interpreted.
In conclusion, two comments should be highlighted.
(1) The shadowing property of dynamical systems is a
fundamental feature of hyperbolic systems that was first
discovered by Anosov [46] and Bowen [47]. However, most
physical systems are nonhyperbolic. Despite the fact that
much of shadowing theory has been developed for hyperbolic
systems, there is evidence that nonhyperbolic attractors also
have the shadowing property (e.g., [48–51]). In theory this
property should be verified for each particular dynamical
system, but this is more easily said than done.
(2) The applicability of the shadowing method for sensitivity analysis of modern atmospheric and climate models
is a rather complicated problem since these models are
quite complex and they contain numerous input parameters.
Thus, further research and computational experiments are
required. However, we are confident that, by using the basic
ideas of the shadowing method, it is possible to better

dist (𝑥𝑘+1 , 𝑓 (𝑥𝑘 )) < 𝑑,

𝑘 ∈ Z.

(A.1)

Here the notation dist(⋅, ⋅) denotes the distance in the phase
space between two geometric objects within the brackets.
We say that 𝑓 has the shadowing property if given 𝜀 > 0
there is 𝑑 > 0 such that for any 𝑑-pseudotrajectory 𝑋 = {𝑥𝑘 :
𝑘 ∈ Z} there exists a corresponding trajectory 𝑌 = {𝑦𝑘 : 𝑘 ∈
Z}, which 𝜀-traces 𝑋; that is
dist (𝑥𝑘 , 𝑦𝑘 ) < 𝜀,

𝑘 ∈ Z.

(A.2)

The shadowing lemma for discrete dynamical systems
[53] states that, for each 𝜀 > 0, there exists 𝑑 > 0 such that
each 𝑑-pseudotrajectory can be 𝜀-shadowed.
The definition of pseudotrajectory and shadowing lemma
for flows (continuous dynamical systems) [38] are more
complicated than for discrete dynamical systems. Let Φ𝑡 :
R × 𝑀 → 𝑀 be a flow of a vector field 𝑋 on 𝑀. A function
𝑔 : R → 𝑀 is a 𝑑-pseudotrajectory of the dynamical system
Φ𝑡 if the inequalities
dist (Φ𝑡 (𝑡, 𝑔 (𝜏)) , 𝑔 (𝜏 + 𝑡)) < 𝑑

(A.3)

hold for any 𝑡 ∈ [−1, 1] and 𝜏 ∈ R. The “continuous”
shadowing lemma ensures that, for the vector field 𝑋 generating the flow Φ𝑡 , the shadowing property holds in a small
neighborhood of a compact hyperbolic set for dynamical
system Φ𝑡 .
It is very important to note that the shadowing problem
for continuous dynamical systems requires reparameterization of shadowing trajectories. This is the case because for
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Figure 7: Time dynamics of sensitivity functions with respect to parameter 𝑟 on the interval [0, 25] for 𝑐0 = 0.9.

continuous dynamical systems close points of pseudotrajectory and true trajectory do not correspond to the same
moments of time. A monotonically increasing homeomorphism ℎ : R → R such that ℎ(0) = 0 is called a
reparameterization and denoted by Rep. For 𝜀 > 0, Rep(𝜀)
is defined as follows [38]:

 ℎ (𝑡 ) − ℎ (𝑡 )


1
2
− 1 ≤ 𝜀}
Rep (𝜀) = {ℎ ∈ Rep : 
𝑡1 − 𝑡2


for any different 𝑡1 , 𝑡1 ∈ R.

(A.4)

For simplicity, we will consider a generic autonomous
dynamical system with one parameter 𝛼:
𝑑𝑥
= 𝑓 (𝑥, 𝛼) ,
𝑑𝑡

𝑥 ∈ R𝑛 .

(A.5)

The new sensitivity analysis method [36, 37] is based on the
“continuous” shadowing lemma and the following two basic
assumptions.
(a) Model state variables are considered over long time
interval 𝑡 ∈ [0, 𝑇], where 𝑇 → ∞, and an averaged
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Figure 8: Time dynamics of sensitivity functions with respect to parameter 𝑟 on the time interval [0, 5] for 𝑐0 = 0.9.

performance measure ⟨𝐽(𝛼)⟩ is of the most interest for
us:
1 𝑇
∫ 𝐽 (𝑥 (𝑡, 𝛼) , 𝛼) 𝑑𝑡.
𝑇→∞𝑇 0

⟨𝐽 (𝛼)⟩ = lim

(A.6)

(b) The dynamical system under consideration is ergodic.
With these assumptions, we can use the arbitrarily chosen
trajectory of the system to trace the state variables along
the orbit and calculate the performance measure 𝐽(𝛼). For
example, the arbitrary trajectory 𝑥(𝑡) can be chosen as a

solution of the model equation, such that it is located nearby
a certain reference trajectory 𝑥𝑟 (𝑡). Taking into account the
shadowing lemma, the closest orbit 𝑥(𝑡) to 𝑥𝑟 (𝑡) satisfies the
following constrained minimization problem [37]:

min
𝑥,𝜏

2
1 𝑇 
𝑑𝜏
2
− 1) ] 𝑑𝑡,
∫ [𝑥 (𝜏 (𝑡)) − 𝑥𝑟 (𝑡) + 𝜂2 (
𝑇 0
𝑑𝑡

such that

𝑑𝑥
= 𝑓 (𝑥, 𝛼) ,
𝑑𝑡

(A.7)
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where 𝜂 is the parameter that provides the same order of
magnitude of the two terms in the integrand and 𝜏(𝑡) is
a time transformation. The second term in the integrand
describes reparameterization. Problem (A.7) is called the
nonlinear Least Square Shadowing (LSS) problem, and its
solution, denoted by 𝑥𝑠(𝑇) (𝑡, 𝛼) and 𝜏𝑠(𝑇) (𝑡, 𝛼), is a solution of
the model equation and time transformation that provides

the trajectory 𝑥𝑠(𝑇) (𝑡, 𝛼) to be close to 𝑥𝑟 (𝑡). The performance
measure (A.6) averaged over the time interval 𝑡 ∈ [0, 𝑇] can
be then approximated as
⟨𝐽 (𝛼)⟩ ≈ ⟨𝐽𝑠(𝑇) (𝛼)⟩ =

𝜏(𝑇)
1
𝐽 (𝑥𝑠(𝑇) (𝑡, 𝛼) , 𝛼) ,
∫
𝜏 (𝑇) − 𝜏 (0) 𝜏(0)
(A.8)
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since 𝑥𝑠(𝑇) (𝑡, 𝛼) satisfies the model equation at a different 𝛼.
The desired sensitivity estimate ∇𝛼 ⟨𝐽𝑠(𝑇) (𝛼)⟩ can be computed
by solving the following linearized LLS problem [37]:
min
𝑆,𝜇

1 𝑇
∫ [‖𝑆‖2 + 𝜂2 𝜇2 ] 𝑑𝑡,
𝑇 0

∇𝛼 ⟨𝐽𝑠(𝑇) (𝛼)⟩ ≈
(A.9)

𝜕𝑓
𝑑𝑆 𝜕𝑓
=
𝑆+
+ 𝜇𝑓 (𝑥𝑟 , 𝛼) .
𝑑𝑡 𝜕𝑥
𝜕𝛼

such that

The solutions of this problem 𝑆(𝑡) and 𝜇(𝑡) relate to the
solutions of the nonlinear LSS problem (A.7) as follows:
𝑆 (𝑡) =

𝑑
(𝑥(𝑇) (𝜏𝑠(𝑇) (𝑡, 𝛼) , 𝛼)) ,
𝑑𝛼 𝑠

(A.10)

(𝑇)
𝑑 𝑑𝜏𝑠 (𝑡, 𝛼)
𝜇 (𝑡) =
.
𝑑𝛼
𝑑𝑡

The time-dependent parameter 𝜇 is called a time-dilation
variable and corresponds to the time transformation from the

[
[
𝜂2
[
[
[
𝐼
[
[
[
𝜂2
[
[
[
𝐼
[
[
[
[
[
[
[
[
[
[
[𝐴 𝐵 𝐶
[ 1 1 1
[
[
𝐴 2 𝐵2 𝐶2
[
[
[
d
[

𝐶1𝑇 𝐴𝑇2
𝐵2𝑇
𝐶2𝑇
d 𝐴𝑇𝑚−1
𝜂

2

d
𝐴 𝑚−1 𝐵𝑚−1

[

𝑇
𝐵𝑚−1
𝑇
𝐶𝑚−1

𝐼

𝐶𝑚−1

where
𝜕𝑓
𝐼
, 𝛼) ,
−
(𝑥
Δ𝑡 𝜕𝑥 𝑖−1/2
𝐶𝑖 =
𝑑𝑖 =

𝐵𝑖 =

𝑥𝑖+1/2 − 𝑥𝑖−1/2
,
Δ𝑡

𝜕𝑓
𝐼
, 𝛼) ,
−
(𝑥
Δ𝑡 𝜕𝑥 𝑖+1/2

𝜕𝑓
1 𝜕𝑓
, 𝛼) +
, 𝛼)] .
[ (𝑥
(𝑥
2 𝜕𝛼 𝑖−1/2
𝜕𝛼 𝑖+1/2

(A.11)

Several numerical algorithms can be used to solve the
linearized LSS problem (A.9). One such method is based
on variational calculus, which is used to derive optimality
conditions representing a system of linear differential equations that are then discretized and solved numerically to
calculate variables 𝑆 and 𝜇 [37]. Let Δ𝑡 = 𝑇/𝑚 be a uniform
discretization time step, then denoting 𝑥𝑖+1/2 = 𝑥𝑟 ((𝑖 +
1/2)Δ𝑡), 𝑥𝑖−1/2 = 𝑥𝑟 ((𝑖 − 1/2)Δ𝑡), 𝑖 = 0, . . . , 𝑚 − 1, and using
the trapezoidal rule to approximate the time derivative of 𝑆
and 𝜇, we can obtain the following discrete Karush-KuhnTucker (KKT) system [37, 54]:

𝐵1𝑇

d

𝜕𝐽
1 𝑇 𝜕𝐽
+ 𝜇 (𝐽 − 𝐽)) 𝑑𝑡,
∫ ( 𝑆+
𝑇 0 𝜕𝑥
𝜕𝛼
1 𝑇
where 𝐽 = ∫ 𝐽 𝑑𝑡.
𝑇 0

𝐴𝑇1

𝐼

𝐴𝑖 = −

shadowing lemma. Using 𝑆 and 𝜇, we can estimate the desired
sensitivity (the derivative of the linearized performance
measure (A.8) with respect to the parameter 𝛼):

𝑆1/2
0
] [
]
[
] [ 𝜇1 ] [ 0 ]
][
] [
]
][
] [
]
] [ 𝑆1+1/2 ] [ 0 ]
][
] [
]
][ 𝜇 ] [
]
][ 2 ] [ 0 ]
][
] [
]
] [𝑆
] [
]
] [ 2+1/2 ] [ 0 ]
][
] [
]
][ . ] [ . ]
] [ .. ] [ .. ]
][
] [
]
][
]=[
]
][ 𝜇
] [ 0 ],
] [ 𝑚−1 ] [
]
][
] [
]
][
] [
]
] [𝑆
] [ 0 ]
] [ 𝑚−1/2 ] [
]
] [ 𝑎 ] [ −𝑑 ]
][ 1 ] [
1 ]
][
] [
]
] [ 𝑎 ] [ −𝑑 ]
2 ]
][ 2 ] [
][
] [
]
] [ .. ] [ .. ]
][ . ] [ . ]
] [
]
[
] 𝑎𝑚−1
−𝑑
] [ 𝑚−1 ]
[

(A.12)

then used to determine the sensitivity estimate (A.11). The LSS
algorithm is summarized as follows.
(1) Define a temporal grid 𝑡𝑖 = 𝑖Δ𝑡, 𝑖 = 0, . . . , 𝑚, and then
discretize the model equation (A.5) on this grid.
(2) Calculate a solution of (A.5) 𝑥𝑟 on the time interval
[0, 𝑇].
(3) Compute the vectors 𝐴 𝑖 , 𝐵𝑖 , 𝐶𝑖 , and 𝑑𝑖 .

(A.13)

The KKT system can be solved using, for example, iterative
methods. Gauss elimination approach for solving the KKT
system was considered in [37]. The convergence of the LSS
method was proved in [55]. Calculated variables 𝑆 and 𝜇 are

(4) Solve the KKT system to obtain variables 𝑆𝑖 and 𝜇𝑖 .
(5) Compute the gradient components (sensitivity functions) (A.11).
Another method that also uses the concept of pseudoorbit
shadowing in dynamical systems for sensitivity analysis of
chaotic oscillations was developed in [36]. This method
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Figure 11: Difference between variables that correspond to the original trajectory and pseudoorbit for 𝑐0 = 0.01.

is based on inverting the so-called “shadowing operator”
that requires calculating the Lyapunov characteristic (covariant) vectors. However, the computational cost needed for
the Lyapunov eigenvector decomposition is high when the
dynamical system has many positive Lyapunov exponents. To
illustrate this approach, suppose that the sensitivity analysis
of system (A.5) aims to estimate the following sensitivity
coefficient: 𝑆𝛼 = 𝜕𝑥/𝜕𝛼. Let us introduce the following
transform: 𝑥 (𝑥) = 𝑥 + 𝛿𝑥(𝑥), where 𝑥 and 𝑥 are true
trajectory and pseudoorbit, respectively. The orbit 𝑥 is
generated due to the variation in parameter 𝛼. It can be shown
[36] that 𝛿𝑓(𝑥) = 𝐴𝛿𝑥(𝑥), where
𝜕𝑓
𝑑
(A.14)
) + ( )]
𝜕𝑥
𝑑𝑡
is a “shadow” operator. Thus, to find a pseudotrajectory, we
need to solve the equation 𝛿𝑥 = 𝐴−1 𝛿𝑓; that is, we must
numerically invert the operator 𝐴 for a given 𝛿𝑓. To solve
this problem, functions 𝛿𝑥 and 𝛿𝑓 are decomposed into their
constituent Lyapunov covariant vectors 𝜐1 (𝑥), . . . , 𝜐𝑛 (𝑥):
𝐴 = [− (

𝑛

𝛿𝑥 (𝑥) = ∑𝜓𝑖 (𝑥) 𝜐𝑖 (𝑥) ,

(A.15a)

𝑖=1
𝑛

𝛿𝑓 (𝑥) = ∑𝜑𝑖 (𝑥) 𝜐𝑖 (𝑥) .

(A.15b)

𝑖=1

Note that each 𝜐𝑖 (𝑥) satisfies the following equation:
𝑑𝜐𝑖 (𝑥 (𝑡)) 𝜕𝑓
=
𝜐 (𝑥 (𝑡)) − 𝜆 𝑖 𝜐𝑖 (𝑥 (𝑡)) ,
𝑑𝑡
𝜕𝑥 𝑖

(A.16)

where 𝜆 1 , . . . , 𝜆 𝑛 are the Lyapunov exponents. From (A.14)
one can obtain
𝐴 (𝜓𝑖 𝜐𝑖 ) = [−𝜓𝑖 (𝑥)

𝜕𝑓 𝑑𝜓𝑖 (𝑥)
𝑑𝜐 (𝑥)
+
] 𝜐𝑖 (𝑥) + 𝜓𝑖 (𝑥) 𝑖
.
𝜕𝑥
𝑑𝑡
𝑑𝑡
(A.17)

Substitution of (A.16) into the last term of (A.17) gives
𝐴 (𝜓𝑖 𝜐𝑖 ) = [

𝑑𝜓𝑖 (𝑥)
− 𝜆 𝑖 𝜓𝑖 (𝑥)] 𝜐𝑖 (𝑥) .
𝑑𝑡

(A.18)

From (A.15a) and (A.15b) and (A.18) and the relation 𝛿𝑓(𝑥) =
𝐴𝛿𝑥(𝑥), we get
𝑛
𝑛
𝑑𝜓
𝛿𝑓 (𝑥) = ∑𝐴 (𝜓𝑖 𝜐𝑖 ) = ∑( 𝑖 − 𝜆 𝑖 𝜓𝑖 )𝜐𝑖 .
⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟
𝑖=1
𝑖=1 𝑑𝑡

(A.19)

𝜑𝑖

Equation (A.19) gives the following relationship between
𝜓𝑖 (𝑥) and 𝜑𝑖 (𝑥) along the orbit:
𝑑𝜓𝑖 (𝑥)
= 𝜑𝑖 (𝑥) + 𝜆 𝑖 𝜓𝑖 (𝑥) .
𝑑𝑡

(A.20)

Thus, we can calculate 𝜓𝑖 (𝑥) using (A.20) by first decomposing 𝛿𝑓 as a sum (A.15b), and then the desired 𝛿𝑥 can
be obtained from (A.15a). However, if dynamical system has
a zero Lyapunov exponent, 𝜆0𝑖 = 0, then the algorithm
described above fails to compute 𝛿𝑥 [36]. The problem can
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Figure 12: Original trajectory (in red) and pseudoorbit (in blue) for the fast 𝑧 and slow 𝑍 variables for 𝑐0 = 0.8.
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Figure 13: Original trajectory (in red) and pseudoorbit (in blue) for fast 𝑥 and slow 𝑋 variables for 𝑐0 = 0.8.

be resolved by introducing a time-dilation variable 𝜇 that
satisfies the following equation:
𝜇 + ⟨𝜑𝑖0 ⟩ = 0,

(A.21)

In the presence of the variable 𝜇, the expression for
calculating 𝛿𝑥 takes the following form: 𝛿𝑥 = 𝐴−1 (𝛿𝑓 + 𝜇𝑓).
The supplement 𝜇𝑓 affects (A.20) only for 𝜆0𝑖 = 0:

where
1 0
[𝜓𝑖 (𝑥 (𝑇)) − 𝜓𝑖0 (𝑥 (0))] .
𝑇→∞𝑇

⟨𝜑𝑖0 ⟩ = lim

(A.22)

𝑑𝜓𝑖0 (𝑥)
= 𝜑𝑖0 (𝑥) + 𝜇.
𝑑𝑡

(A.23)
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Figure 14: Difference between variables that correspond to the original trajectory and pseudoorbit for 𝑐0 = 0.8.

In general, the procedure for solving a sensitivity analysis
problem represents the following set of steps.
(1) Obtain initial conditions of the system attractor by
integrating the model equations (A.5) from 𝑡𝐷 = −20
to 𝑡0 = 0, starting from random initial conditions.

[2]

(2) Solve (A.5) to obtain a trajectory 𝑥(𝑡), 𝑡 ∈ [0, 20], on
the attractor.

[3]

(3) Compute the Lyapunov exponents 𝜆 𝑖 and the Lyapunov covariant vectors 𝜐𝑖 (𝑥(𝑡)), 𝑖 = 1, . . . , 𝑛.

[4]

(4) Define 𝛿𝑓 = (𝜕𝑓/𝜕𝛼)𝛿𝛼 and execute the Lyapunov
spectrum decomposition of 𝛿𝑓 along the trajectory
𝑥(𝑡) to obtain 𝜑𝑖 (𝑥), 𝑖 = 1, . . . , 𝑛.

[5]

(5) Calculate the time-dilation variable 𝜇 using (A.21).

[6]

(6) Compute 𝛿𝑥 along the trajectory 𝑥(𝑡).
(7) Estimate the sensitivity 𝑆𝛼 = 𝜕𝑥/𝜕𝛼 by averaging over
the time interval 𝑡 ∈ [0, 20].

[7]
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optimal ’a l’analyse varationelle,” Rapport Scientifique LAMP
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An appraisal of the Advanced Technology Microwave Sounder (ATMS) for use in numerical weather prediction (NWP) is
presented, including an assessment of the data quality, the impact on Met Office global forecasts in preoperational trials, and a
summary of performance over a period of 17 months operational use. After remapping, the noise performance (NEΔT) of the
tropospheric temperature sounding channels is evaluated to be approximately 0.1 K, comparing favourably with AMSU-A. However,
the noise is not random, differences between observations and simulations based on short-range forecast fields show a spurious
striping effect, due to 1/f noise in the receiver. The amplitude of this signal is several tenths of a Kelvin, potentially a concern for NWP
applications. In preoperational tests, adding ATMS data to a full Met Office system already exploiting data from four microwave
sounders improves southern hemisphere mean sea level pressure forecasts in the 2- to 5-day range by 1-2%. In operational use, where
data from five other microwave sounders is assimilated, forecast impact is typically between −0.05 and −0.1 J/kg (3.4% of total mean
impact per day over the period 1 April to 31 July 2013). This suggests benefits beyond redundancy, associated with reducing already
small analysis errors.

1. Introduction
The Polar Operational Environmental Satellite (POES) series
of satellites has provided key data for Numerical Weather
Prediction (NWP) and climate studies since 1978. Over the
next decade, continuity of these important observations will
be provided by instruments of the US Joint Polar Satellite
System (JPSS) [1]. The first satellite in the series was launched
on 28 October 2011 and is now known as the Suomi National
Polar-orbiting Partnership (Suomi-NPP).
Microwave temperature sounding data for NWP and
climate applications was originally provided by the Microwave Sounding Unit (MSU) carried onboard satellites
launched during the period 1978–1994 and more recently by
the Advanced Microwave Sounding Unit (AMSU) carried
onboard satellites launched between 1998 and 2012 [2]. One
further AMSU-A instrument will be launched as part of
EUMETSAT’s Metop series (Metop-C, currently scheduled
for 2018), with humidity sounding data provided by the
Microwave Humidity Sounder (MHS). JPSS uses a new
microwave sounding instrument, the Advanced Technology

Microwave Sounder (ATMS) [3], a cross-track scanning
microwave radiometer similar to AMSU-A and MHS combined.
Before operational assimilation of new data by NWP centres it is standard practice to assess data quality with respect
to NWP model fields and other similar instruments and
to evaluate the data through data assimilation experiments.
Recent studies have shown the value of using NWP fields
to assess data quality from microwave sounding instruments
([4, 5]) and a detailed assessment of ATMS relative to the
ECMWF NWP model has been produced by [6]. This paper
presents a similar analysis with respect to the Met Office
NWP model. Also reported here are an in depth investigation
of the spurious striping signal seen in the innovation maps,
the preoperational trial results, and a summary of the operational performance of ATMS in the Met Office system from
April 2013 to November 2014.
Section 2 of this report introduces the ATMS instrument
and key aspects of the Met Office data assimilation scheme.
Section 3 describes findings from a comparison of ATMS data
with similar AMSU/MHS data and with NWP model fields
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and also presents the findings of a study into the characteristics of the striping signal. Section 4 summarises the results
of two assimilation experiments in which ATMS data are
added to a full Met Office assimilation and forecasting system.
Section 5 provides further evidence of the efficacy of ATMS
in the Met Office system when it is assimilated operationally
over a period of 17 months. Section 6 presents a summary and
conclusions.

2. Data and Assimilation System
2.1. Instrument Characteristics. ATMS is a cross-track scanning microwave radiometer similar to the AMSU/MHS
instruments flown on the National Oceanic and Atmospheric
Administration’s NOAA-15 to -19 satellites and European
Meteorological Satellite Agency’s (EUMETSAT) Metop-A
and -B satellites. ATMS has 22 channels: 5 sensitive to the
surface in clear conditions, or to water vapour, rain, and cloud
when conditions are not clear (at 23, 31, 50, 51, and 89 GHz,
channels 1, 2, 3, 4, and 16, resp.), 11 temperature sounding
channels around the 50–60 GHz oxygen band (channels 5–
15), and 6 moisture sounding channels around the 183 GHz
water vapour band (channels 17–22) [3].
Channels 3–15 all share the same feedhorn, local oscillator, and receiver front end, unlike AMSU-A, which has a
separate LO/mixer for each of channels 3–8 with a shared
LO/mixer for channels 9–14.
ATMS has 96 footprints per scan line, each separated
by 1.11∘ . The footprint size varies with channel, the 23 and
31 GHz channels have a 5.2∘ -beam width, the temperature
sounding channels (50–60 GHz) have a 2.2∘ -beam width, and
the moisture sounding channels (∼183 GHz) have a 1.1∘ -beam
width. The lower frequency channels (below 100 GHz) are,
therefore, highly oversampled.
The oversampling of the 50–60 GHz temperature sounding channels is accompanied by shorter integration times per
footprint and results in high radiometric noise values, relative
to equivalent AMSU channels. In current operational data
assimilation systems, errors in the short range forecast fields,
expressed as observation equivalent brightness temperatures,
are typically in the range 0.05–0.10 K for mid-tropospheric
temperature sounding channels. This places very demanding
requirements on the performance of microwave sounding
instruments, in terms of radiometric performance [7] and
systematic biases in the data. Preprocessing of the ATMS data
is, therefore, required to reduce the noise to acceptable levels
for use in NWP.
2.2. The Met Office Data Assimilation Scheme
2.2.1. Preprocessing. The near-real-time global data stream for
ATMS is generated by NOAA’s Interface Data Processing Segment (IDPS), and the data are distributed to European users
by EUMETSAT. The data used in this work are the antenna
temperatures, which are derived from the Temperature Data
Record (TDR) product.
Using the ATOVS and AVHRR Preprocessing Package
(AAPP), the ATMS data are remapped and spatially averaged
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to improve the noise performance and replicate the AMSU
footprint size [8]. The data assessed here have been manipulated to a beam width of 3.3∘ (4.8∘ for 23 and 31 GHz, channels
1 and 2) using Fourier techniques. They are resampled to give
one field of view in three (i.e., 32 fields of view) across the scan
and are also resampled at a rate of 1 in 3 in the along-track
direction. All the data used in this study have been remapped
in this manner.
Although satellite radiances are assimilated directly at the
Met Office, a one-dimensional variational analysis (1D-Var)
is performed first to act as a quality control filter and to
allow the derivation of additional parameters which are used
subsequently [9]. The 1D-Var performs a variational retrieval
of atmospheric state (T, q) and surface variables (Tskin) at the
location of the observation with background (prior) information from the previous T + 6 hour forecast interpolated to the
location of the observation. Background errors used in 1DVar are represented by an error covariance matrix consistent
with the full 4D-Var B-matrix and observation errors are
more aggressive, with values typically ∼75% of those used in
4D-Var.
Quality control is applied using the following:
(1) a gross error check on the brightness temperatures;
(2) a convergence check in 1D-Var;
(3) a check on the background profile;
(4) O minus B check on channels used for assimilation;
(5) RTTOV error checking on the profile during minimisation;
(6) O minus R check on channels used for assimilation;
(7) cloud and rain flagging;
(8) rejection of surface sensitive channels over land.
2.2.2. Assimilation System. The Met Office variational data
assimilation system is based on incremental 4D-Var [10, 11].
The nonlinear forecast model currently has a 25 km resolution in midlatitudes; for the data assimilation experiments
described here a reduced resolution of 40 km was used. The
model has 70 levels from the surface to 80 km.
The operational analysis makes use of data from a range
of conventional observations, including surface, sonde, and
aircraft observations as well as data from satellite instruments
including five ATOVS instruments (from NOAA-15, NOAA18, NOAA-19, Metop-A, and Metop-B), advanced infrared
sounder data from the Atmospheric Infrared Sounder (AIRS)
and the Infrared Atmospheric Sounding Interferometer
(IASI), global positioning system (GPS) radio occultation
(GPSRO) data, ground based GPS, atmospheric motion
vectors, geostationary radiances, and scatterometer data. The
data assimilation experiments make use of a slightly earlier
operational system and do not include ATOVS data from
Metop-B.
NWP model fields are mapped to brightness temperatures using radiative transfer modelling; these are routinely
compared with the radiance measurements. Generally, differences will be nonzero and will comprise large-scale, slowlyvarying, systematic biases, small scale day-to-day features
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resulting from local errors in the forecast model fields,
and a random component from the instrument noise. In
NWP assimilation systems it is crucial that the stationary or
quasi-stationary biases (which may originate from forecast
model, the radiative transfer model, or the measurement)
are eliminated prior to assimilation, leaving only the errors
in the model fields to be corrected. This process is termed
bias correction and can be performed within the assimilation
process itself (variational bias correction [12]) or can be a
static correction which is updated when required.
The Met Office currently uses a static bias correction
scheme based on [13] which corrects for cross-track and air
mass related biases as well as instrument calibration errors,
represented by global offsets.
As mentioned in the introduction, a detailed assessment
of ATMS data has been carried out independently relative
to the ECMWF assimilation system [6]. There are some
key differences between the Met Office system and that at
ECMWF.
(1) The Met Office uses AAPP to remap the data to lower
resolution during the preprocessing stage.
(2) Vertical resolution: the work carried out in this paper
used a forecast model on 70 vertical levels, while the
work of Bormann et al. [6] used a model with 91 levels.
(3) RTTOV version 9 was used in the Met Office work
and version 10 in the ECMWF work.
(4) Static bias correction is currently used at the Met
Office and variational bias correction is used at
ECMWF.

3. Data Quality
3.1. Comparison with the NWP Model. During the data
assimilation process, model equivalents of the observed
brightness temperatures are computed using a fast radiative
transfer (RT) model (RTTOV version 9, [14]). Model fields
from short range forecasts are interpolated in space and
time to the location of the observations using forecast fields
at T + 3, +6, and +9 hours launched from a previous
analysis. Simulated or background brightness temperatures
are then generated using the RT model. Differences between
observations and simulations, also known as innovations or
first guess departures, can then be used to diagnose errors in
the observations.
For the ATMS temperature sounding channels (50–
60 GHz, channels 5–15), the innovations are generally a few
tenths of a Kelvin. For the humidity sounding channels
(∼183 GHz, channels 18–22) the innovations are usually
larger, at 1-2 K (1𝜎). Window channel innovations are larger
still at several Kelvin.
Figure 1 shows uncorrected and corrected innovation
plots (O-B and C-B) for the key ATMS tropospheric temperature sounding channels 7–10 on 7 November 2013 at
QU00. Large amplitude latitudinal and cross-track biases are
clearly visible in the fields before bias correction (left hand
column) and largely absent in those after bias correction
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(right hand column) indicating that the bias correction
scheme is effective. The residual biases in the corrected data
are less than 0.1 K over much of the globe. Also clearly visible
in the corrected fields, however, is an unphysical horizontal
striping pattern, which is large enough (up to 0.2 K) to
potentially degrade the influence of ATMS data on analyses
and forecasts. The regular pattern of white lines (missing
data) is a consequence of the fact that the spatial filtering is
performed on blocks of duration 320 s, and the edge scans
are discarded. A latitudinal dependence of the cross-track
biases due to the nonzero emissivity of the reflector is not
corrected for in the current bias correction scheme; plans to
address this in the future may improve the bias correction
further.
3.2. Striping. An investigation of the striping was carried out
to quantify the variability associated with the signal.
The calibrated antenna temperatures were obtained from
the TDRs using the AAPP for a case study over the UK on
13 August 2012 01:43 to 01:54. Coverage is shown in Figure 2.
The data were received by direct broadcast.
The atmospheric signal was removed from the case study
data by taking the difference between the raw measured
brightness temperatures and those obtained through spatial
filtering to remove the fine structure. To generate the spatially
filtered scene, a fast Fourier transform method described in
[8] was used to remap all channels to the beam width of channels 1 and 2. A beam width of 5.2∘ corresponds to a distance
of ∼80 km on the ground; over this distance there should be
little or no striping signal as the largest correlations occur on
a timescale of less than one scan (∼17 km; see Figure 6), while
the calibration process will remove any striping that occurs
on longer timescales than 7 scans (∼120 km). A difference
between latitudinal and longitudinal scene variations is not
expected over an 80 km distance. The three fields of view
(FOV) at the edge of each scan are discarded as these may
be contaminated by edge effects, leaving 90 FOVs across each
scan. For channels 7–15, which are not sensitive to the surface,
the resulting signal is dominated by instrument noise.
The along-scan and along-track variabilities were compared by looking at the difference scene over a 90 × 90 FOV
region. The along-scan variability was obtained by averaging
the 90 along-track spots and vice versa. These quantities are
shown in Figure 3 for channels 7–11 and Figure 4 for channels
12–15. They show that for channels 7–13 the along-track
variabilities (left hand plots) are a factor 2-3 larger than the
cross-track variabilities (right hand plots). Some interchannel
correlations are apparent, for example, the positive spike at
scan 36 in channels 7–9 and the negative spike at line 81 for
all channels.
Interchannel correlations were also investigated. Figure 5
shows the correlation coefficient between pairs of brightness
temperature difference fields for channels 7–15.
There are significant correlations between the temperature sounding channels, which is consistent with a study
using the Desroziers diagnostic [15] and also with [16]. It
may be possible to extend this analysis to other channels by
choosing a suitable clear-sky sea region.
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Figure 1: ATMS channels 7–10, difference between observations, and model background in the Met Office system at 0Z on 7 November 2013.
LHS: uncorrected and RHS: corrected.
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were aware of a 1/f or flicker noise [17] caused by a low noise
amplifier present within the ATMS instrument configuration.
The effect of the striping is allowed for within the
assimilation by inflating the observation error for the affected
ATMS channels.
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Figure 2: ATMS channel 16, 20120813 01:43 to 01:54.

To examine the correlations between the striping signal
and calibration counts the earth scan was divided into groups
of 4 pixels and each group was averaged to create a time series;
the cold space counts and warm counts were also averaged.
Each group was then selected in turn and the correlation
coefficient between it and (i) all groups in the earth scan,
(ii) space counts, (iii) warm counts, and (iv) all groups in
the next earth scan were computed. The results for the four
central groups for channel 7 are shown in Figure 6. This plot
(and those for other channels not shown) suggests that for the
lower atmospheric sounding channels there are correlations
between neighbouring earth views and the calibration views,
but the correlations are only significant over a time period
smaller than one scan. The moisture and window channels do
not show clear correlations, perhaps because these channels
are inherently noisier.
This striping study found that
(1) both calibrated antenna temperatures and earth
counts showed the striping signal;
(2) there is evidence for interchannel correlations in the
signal;
(3) the striping is not calibration noise and cannot be
eliminated by changing the calibration view averaging
scheme;
(4) striping introduces spatial and spectral correlations
which could be significant for NWP;
(5) the characteristic timescale of the striping signal is
less than one scan period.
The impact of striping on the overall noise is discussed in
Section 3.3.
These results are based on a limited sample of data
and robustness could be increased by further studies with
a larger dataset. The results are borne out, however, by
the subsequent discovery that the instrument manufacturers

3.3. NEΔT Monitoring for ATMS. The noise equivalent delta temperature (NEΔT) is an important quantity for any
radiometer and is commonly monitored using the calibration
counts for the black body and the cold space view readings
(e.g., [18]).
The ATMS Sensor Data Records (SDRs) contain an internal estimate of NEΔT: one warm NEΔT and one cold NEΔT
per scan line. This is defined as the standard deviation of
the four cold/warm calibration view readings divided by the
gain (to convert from counts to K). However, this estimate of
NEΔT does not account for any noise sources that have a time
scale longer than four times the integration time. As shown
in the previous section, long-period fluctuations significantly
affect the performance of the instrument; therefore, in this
section a modified method is described that is suitable for
routine monitoring of the NEΔT.
For each scan line, 𝑖, we compute the difference between
the four warm view counts for that line and a reference count
consisting of the mean of the warm view counts from the lines
𝑖 − 3, 𝑖 − 2, 𝑖 − 1, 𝑖 + 1, 𝑖 + 2, and 𝑖 + 3 (note that line 𝑖 is omitted).
Then the NEΔT is the standard deviation of these differences,
divided by the channel gain. This method ensures that both
random noise and longer period fluctuations (1/f noise) are
properly accounted for, in a similar way to the operational
calibration procedure.
We can also compute an effective NEΔT for a 3 × 3
averaged brightness temperature field; in this case we use
lines 𝑖 − 4, 𝑖 − 3, 𝑖 − 2, 𝑖 + 2, 𝑖 + 3, and 𝑖 + 4 to
derive the reference count, to avoid unwanted correlations
between the lines under test and the lines used as reference.
After subtracting the reference counts for each line, 3 × 3
averaging of the resulting differences is performed before
computing the final standard deviation. The 3 × 3 NEΔT is
a useful diagnostic because the spatially filtered brightness
temperature field used in the NWP analysis is expected
to have similar noise properties to a 3 × 3 averaged field;
both have beamwidths comparable to AMSU-A (except for
channels 1-2, for which the AAPP manipulation produces a
smaller beamwidth than the 3 × 3 average and hence a larger
NEΔT).
The warm-view NEΔTs are shown in Figure 7, together
with the warm-view NEΔT from the global SDR files. The
effective 3 × 3 NEΔT for the key lower atmospheric temperature sounding channels (50–60 GHz, channels 6–10) is
in the range 110–160 mK. This compares favourably with the
NEΔTs for AMSU-A on Metop-A and NOAA-19, which are
the range 130–180 mK. The total noise, computed using the
method described in this section, is larger than the SDR
noise, due to the effect of striping: typically 20% larger for
the temperature sounding channels 3–10, but as much as 50%
larger for channel 16.
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Figure 3: Along-track (a) and cross-track (b) variabilities due to instrument noise for channels 7–11.
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Figure 4: Along-track (a) and cross-track (b) variabilities for channels 12–15.

We can also see that the ratio between the single-sample
NEΔT and 3 × 3 NEΔT varies between approximately 3 (the
value that would be expected if the noise is random) and 2
(for the channels that are most affected by 1/f noise). In other
words, the presence of striping degrades the ability to reduce
noise through spatial averaging.
3.4. Comparison with AMSU/MHS. To assess the data quality from ATMS, it is worthwhile to compare first-guess

departures with those from equivalent sensors, in this case
from AMSU/MHS, both before and after bias correction.
Comparison of uncorrected data provides information on
the raw data quality, whilst for the corrected data it shows
the relative magnitude of residual biases in the data to be
assimilated.
Comparison of ATMS and AMSU uncorrected and
corrected innovations is shown in Figure 8 for data from
January-February 2012. Figure 8(a) shows the mean and
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standard deviation of the uncorrected brightness temperature difference for the temperature sounding channels and
Figure 8(b) the same for the corrected values. Before bias
correction the ATMS values for the sounding channels are
lower than or of the same order as the AMSU values, but
after bias correction the standard deviations for ATMS are
consistently slightly higher than for AMSU, despite the good
radiometric performance. The reason is probably that in the
Met Office system AMSU observations are remapped to the
HIRS grid by AAPP, which results in a spreading of the
AMSU footprint and a reduction of the NEΔT by a factor
of 0.68. The ATMS observations are not remapped in this
way.
For the humidity sounding channels (Figures 8(c) and
8(d)) the mean and standard deviations of the brightness
temperature differences are broadly similar for ATMS and
AMSU. The effect of instrument noise is masked by the
larger signal from errors in the background humidity field
at these frequencies (standard deviation of the first guess
departures for MHS/AMSU-B channels is a factor of 10 larger
than those of temperature sounding channels from AMSUA).

4. Assimilation Experiments
The impact of the ATMS data on global analyses and
forecasts was tested by adding the ATMS data to a full
Met Office observing system. Results from a summer season
are presented here for the period 28 June–28 August 2012.
The low resolution version of the operational configuration

described in Section 2.2.2 was used for experiments and the
corresponding controls.
The ATMS observation errors, expressed in the observation error covariance matrices, R [19], were derived from
those for NOAA-19 AMSU channels. For channels with
frequencies below 183 GHz, the NOAA-19 values were scaled
by the ratio of NEΔT for equivalent channels on the two
instruments, using the ATMS prelaunch specification. For
channel 4 (51 GHz), which has no counterpart on AMSU,
the error was estimated by interpolating between the values for channels 3 and 5. To account for the impact of
striping R values were then inflated to a minimum of
0.35 K. An error of 4 K was used for the 183 GHz channels.
The errors for all channels are assumed to be uncorrelated. In practice, it is known that the striping noise introduces interchannel correlations (Section 3.2), but these are
ignored.
ATMS temperature and moisture sounding channels (6–
15 and 18–22) were used in the trial. Channels 8–15 were used
over all surfaces, 18–22 over sea only, 6 over sea and sea ice,
and 7 over all surfaces except high land.
Quality control tests screen out observations in the presence of deep cloud and precipitation [20–22] following the
treatment of AMSU data, the data being sufficiently similar
after remapping. The tests applied are an O-B threshold test,
a liquid water test from the AAPP [22] to screen out ATMS
channel 18 and 6, a cirrus cost test to screen out channels
18–20 [21], and the Bennartz rain test [20] which screens out
channels 7–9, 21, and 22.
Observations are thinned prior to assimilation to reduce
data volume and avoid spatial correlations. The operational
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Figure 8: Mean and standard deviation of uncorrected (O-B) and corrected (C-B) innovations for ATMS and AMSU 50–60 GHz temperature
sounding channels ((a) and (b)) and 183 GHz humidity sounding channels ((c) and (d)) January to February 2012.

treatment of AMSU was followed, with observations thinned
to one per 154 km in the tropics and 1 per 125 km in the
extratropics and a temporal thinning time of 3 hours. Bias
correction was calculated using two weeks of data from June
2012. An additional assimilation experiment was also carried
out with reduced thinning distance of 80 km and a time
window of 1 hour.
4.1. Impact on Forecast Skill. Figure 9 shows the percentage
change in forecast RMS errors. The impact of assimilating ATMS is positive overall for both experiments, with

the biggest impact seen in the Southern Hemisphere. The
reduced thinning experiment performs slightly better for
nearly all parameters.
4.2. Impact on Background Fits for AMSU. Figure 10 shows
the impact of assimilating ATMS on the background fits
to NOAA-18 AMSU temperature sounding channels normalised to the standard deviation of the control during
the period 28 June–28 August 2012. Results are shown for
operational thinning (red line) and reduced thinning (blue
line) for the southern hemisphere, tropics, and northern
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Figure 9: Changes in root mean square (RMS) errors in mean sea level pressure (PMSL), 500 hPa geopotential height (H500) winds at 850 hPa
(W850) and 250 hPa (W250) for the northern hemisphere (NH), tropics (TR), and southern hemisphere (SH) at forecast ranges from T + 24
hours to T + 120 hours for experiments in which ATMS data is added with spatial thinning set to 125/154 km and 80 km. Verification is relative
to observations during the period 28 June–28 August 2012. Changes are relative to a control experiment which is similar in configuration to
the Met Office operational configuration as at January 2013.

hemisphere. Adding ATMS with operational thinning generally improves the background fit for AMSU. Results are
more variable for reduced thinning. NOAA-19 and MetopA AMSU temperature sounding channels showed similar
results (not shown).
4.3. Impact on Background Fits for IASI and AIRS. Figure 11
shows the impact of ATMS on the fits to IASI and AIRS channels; the blue line is the reduced thinning trial and the red
line is the operational thinning. Numbers are normalised to
the standard deviation of the control (black line). Introducing
ATMS data in general improves the fit of IASI to background,
with the reduced thinning (blue line) performing marginally
better than the operational thinning (red line). The exception
to this is for the window and ozone channels with wave
numbers ∼820–1140 where reduced thinning shows a marked
positive impact and operational thinning shows a marked
degradation. The reason for this behaviour is not immediately
apparent and warrants some further investigation.
For AIRS, operational thinning performs better for the
channels which peak in the stratosphere (wave numbers up
to about 650 cm−1 ) and reduced thinning performs better for
wave numbers 2385 cm−1 and higher (water vapour and short
wave channels). In between, the picture is mixed with reduced
thinning generally giving more positive impact.

5. Operational Performance of ATMS
ATMS has been used operationally at the Met Office since
April 2013. Its performance is stable and it contributes to
the performance of the model, complimenting the other

instruments. Forecast Sensitivity to Observations analysis
[23] is carried out routinely at the Met Office. A time series
of the impact from ATMS within the full system as calculated
by this technique is shown in Figure 12 for November 2014.
The sensitivity to ATMS of the system is about 1/5 of that
seen from all the AMSU-A instruments combined, as shown
in Figure 13 for January 2014.
Impact on the forecast examined on a channel by channel
basis shows that as expected the temperature sounding
channels (53–55 GHz, channels 6–9) give the greatest impact
followed by the moisture sounding channels around the
183 GHz water vapour line (channels 18–22). Figure 14 shows
this for January 2014 in the operational Met Office system.
A corresponding plot for ATOVS is shown in Figure 15;
a similar pattern is seen for these instruments with the
tropospheric sounding channels exerting the most influence
and the 183 GHz water vapour channels giving a smaller but
still significant impact. For each channel, the impact from
ATOVS is of the order of 4 times that of ATMS. The volume
of ATOVS data (with 5 instruments currently assimilated
at the Met Office) is partly responsible for the difference
in impact between two nominally identical channels; also
contributing will be the additional noise from the striping
signal in the ATMS data (compared to the very good noise
in the remapped ATOVS data; see Section 3.3) and the less
finely tuned quality control for the newer instrument.
The reliability of the ATMS data can be seen in the twoyear time series monitoring plot in Figure 16. In Figure 16(a)
the mean of the corrected innovations (blue line) shows
seasonal variability but (apart from a blip in May 2014)
stays close to zero; the RMS of the corrected innovations
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Figure 10: Standard deviation of corrected brightness temperature difference for NOAA-18 AMSU temperature sounding channels,
normalised with respect to the control experiment (black). Southern Hemisphere (a), tropics (b), and Northern Hemisphere (c). Red line
is operational thinning; blue line shows reduced thinning (28 June–28 August 2012).

(red line) is less variable. Figure 16(b) shows the observation
count over the same period. Data dropouts are more frequent
than for AMSU-A on all but the NOAA-15 platform; this is
partly due to S-NPP data transfer issues between NOAA and
EUMETSAT. Typically 6000 ATMS obs are assimilated every
cycle.

6. Summary and Conclusions
An initial assessment of ATMS data has been carried out
using four methods: (1) inspection of observations and of

differences between model and observation, (2) comparisons
with AMSU and MHS data, (3) preoperational assimilation
experiments, and (4) monitoring of operational performance
in the Met Office NWP system.
Despite the radiometric performance advantage over
AMSU the standard deviations of bias corrected differences
from the model for most of the temperature sounding channels (6–15) are slightly worse than for AMSU-A equivalents.
This can be explained by differences in the treatment of the
observations within the Met Office processing system (AMSU
being mapped to the HIRS grid).
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A striping effect from the noise introduced by the low
noise amplifier in the ATMS instrument is noticeable in the
corrected innovations, and an inflated observation error was
used to compensate for possible interchannel correlations.
For the humidity sounding channels examined (183 ± 1,
±3, ±7 GHz, channels 18, 20, and 22) the performance of
ATMS is very close to that of AMSU-B/MHS. For the surface
viewing channels (1–3, 5, 16, and 17) the ATMS data shows
slightly larger bias and standard deviation (not shown).
Two assimilation experiments were conducted in which
ATMS was added to a full Met Office system for a summer
season. For the experiments using a thinning distance of
154 km in the tropics and 125 km in the extratropics, a small
positive impact on RMS errors for a number of parameters was seen. For the experiment using reduced thinning
(80 km), impact was more strongly positive, although closer
inspection of the fit to background of other instrument types

when ATMS was added to the system showed a more mixed
response which requires further study.
Assimilation of ATMS data, with the processing configuration as described in the forecast impact experiments
without reduced thinning, was made operational in the Met
Office global model on 30 April 2013. Routine monitoring of
the data has shown that ATMS data have had a significant
impact on forecast quality over the period to November 2014,
despite the fact that 5 other microwave sounders (ATOVS
instruments on NOAA-15, NOAA-18, NOAA-19, Metop-A,
and Metop-B) are already assimilated.
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This numerical weather prediction study investigates the effects of data assimilation and ensemble prediction on the forecast
accuracy of moderate and heavy rainfall over New Zealand. In order to ascertain the optimal implementation of state-of-the-art
3Dvar and 4Dvar data assimilation techniques, 12 different experiments have been conducted for the period from 13 September to
18 October 2010 using the New Zealand limited area model. Verification has shown that an ensemble based on these experiments
outperforms all of the individual members using a variety of metrics. In addition, the rainfall occurrence probability derived
from the ensemble is a good predictor of heavy rainfall. Mountains significantly affect the performance of this ensemble which
provides better forecasts of heavy rainfall over the South Island than over the North Island. Analysis suggests that underestimation
of orographic lifting due to the relatively low resolution of the model (∼12 km) is a factor leading to this variability in heavy rainfall
forecast skill. This study indicates that regional ensemble prediction with a suitably fine model resolution (≤5 km) would be a useful
tool for forecasting heavy rainfall over New Zealand.

1. Introduction
The initial conditions of a numerical weather prediction
(NWP) forecast are usually generated by data assimilation, a
procedure statistically combining observations and a model
forecast and utilising their respective error information to
create an optimum estimate of the true atmospheric state
compatible with the forecast model in use. Uncertainty and
errors are unavoidable in the initial conditions of an NWP
due to meteorological equipment errors, sampling errors, and
data assimilation errors, and so forth. Ensemble forecasts
have been used for some 20 years at major meteorological
prediction centres to explore the impact of these uncertainties
in the atmospheric initial conditions (and other boundary
conditions) on NWP. Several methodologies have been used
to establish the global ensemble systems (GES) including
those based on the leading singular vectors of the operator
[1, 2], bred vectors [3, 4], the Monte Carlo method [5], and
the Monte Carlo based ensemble Kalman filter [6].
The spatial resolution of currently operational GES is low
(e.g., ∼32 km for the current operational ECMWF ensemble
system). Many small scale processes in the atmosphere

and the underlying surface and small scale mountains that
significantly affect the evolution and development of severe
weather are not resolved by GES. Regional ensemble systems
(RES) were thus established. The resolution of RES differs.
Some have very high resolutions so that supercell storms and
convections can be resolved (e.g., [7–9]). The way to initialize
a RES also differs. Some RESs are initialized from a GES.
Some RESs randomly sample the climatological uncertainties
of the initial state [10]. Others derive random perturbations
from the background error statistics of an existing 3D/4Dvar
system (e.g., [11–13]). Some RESs use different model physics
and different global deterministic model outputs to generate
members (e.g., [14, 15]). Some use different regional model
outputs called multimodel ensemble [16]. For heavy rainfall
forecasts, RES has shown higher forecasting skills than GES
(e.g., [14, 17, 18]).
New Zealand lies in the midlatitude southwest Pacific,
surrounded by ocean. The two main islands are North Island
and South Island. North Island (Figure 1(a)) has a “spine”
of mountain ranges extending from the middle, with gentle
rolling farmland on both sides. The South Island is dominated
by mountain ranges running its entire length. The main
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Figure 1: Total rainfall amount (mm) and mean surface wind
vectors (m s−1 ) of 35 days from 13 Sept to 18 Oct 2010 for the
ensemble mean. The 630 sites with daily rainfall observations used
in this study are denoted with open dots. Thin solid lines denote the
model terrain contours of 500 m interval. Note the different scales
for the two rainfall labels.

mountain range with a southwest to northeast orientation
is known as the Southern Alps (Figure 1(b)). Under the
prevailing midlatitude westerly winds, the western region of
New Zealand is generally the windward side and the eastern
region is the lee side.
Rainfall amount is much higher over land areas than
over the nearby sea because of orographic lifting (Figure 1).
Overall, much more rainfall occurs in the western area of
the South Island than on other areas of the country, because

of orographic lifting of more consistent westerly airflows
and more uniform mountains. Heavy rainfall often leads
to severe flooding and landslides in New Zealand. Thus, a
reliable heavy rainfall prediction is of great importance but
still a big challenge, largely due to the open seas surrounding
the small island country with sparse ground-based/surface
observations and rawinsondes. To overcome the problem of
lack of meteorological observations for New Zealand, satellite
data have been widely used in a regional 3Dvar system
based on the New Zealand limited area model (NZLAM,
[19, 20]) for a 48-hour NWP in New Zealand. This has shown
improvements [21].
4Dvar has been implemented at some major meteorological centres (e.g., Met Office and ECMWF) to replace 3Dvar.
Their verification statistics show an overall higher forecasting
skill for 4Dvar (e.g., [22]). Recently an experimental regional
4Dvar for NZLAM has been set up from the UK Met Office
VAR codes. To compare the impact on the forecasts of the
3Dvar and 4Dvar data assimilation methods, to tune the
4Dvar for the best possible result, and to test the impact of
new observation types (e.g., surface marine observations) on
both analysis methods, 12 numerical experiments based on
NZLAM were conducted over the period of 35 days from
13 September to 18 October 2010 (Table 1). Each experiment
differs in either the analysis system, or system configuration,
or the surface and satellite data assimilated.
In this study, a temporary RES was created by combining
12 experiments originally intended to compare the impact
of the 3Dvar and 4Dvar techniques on the skill of NZLAM
forecasts. Although the principal behind this ensemble is similar to ensemble systems which use different model physics
or/and different regional/global deterministic model outputs
[14–16], members of this ensemble system employed the
state-of-the-art 3Dvar and 4Dvar techniques in assimilating
satellite data [22]. To our knowledge, this is the first attempt
at predicting heavy rainfall in New Zealand using a RES.
The objective of this study is to investigate the effect
of data assimilation and ensemble method on moderate
and heavy rainfall prediction over New Zealand. Of particular interest is how mountains affect the performance of
a RES in prediction of moderate and heavy rainfall and
therefore the suitable model resolution for a RES over New
Zealand. Following the introduction, the modelling system
and methodology are described in Section 2. Two heavy
rainfall cases forecasted by this RES are described in Section 3.
Statistical analysis regarding the performance of this RES is
presented in Section 4. The effect of mountains on this RES is
discussed in Section 5. Finally a short conclusion is given in
the last section.

2. Description of the Modelling
System and Methodology
All the simulations in this study were made by using the
NZLAM, a regional configuration of the Met Office’s Unified
Model (UM, [23]). The UM has a nonhydrostatic, fully
compressible formulation of the Navier-Stokes equations
using a terrain following, height-based vertical coordinate.
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Table 1: Description of the 12 ensemble members used in this study.

Member
names

Description

3Dvar

3D analysis of surface (including buoys; land synops; ship synops and scatterometer winds), aircraft and radiosondes,
AMSU-A, and AMSU-B from the NOAA-15 and NOAA-16 satellites. Half resolution of the model for the analysis grid
(0.22 degrees).

3Dcli

As 3Dvar but also analyse additional surface observations at climate stations in New Zealand.

3Dclim

As 3Dcli but also analyse surface marine observations.

3DclimB

As 3Dclim but uses satellite radiance bias corrections calculated from the 3dclim run.
As 3DclimB but with increased satellite-derived atmospheric motion vectors (AMV) usage through modified
thinning.

3DclimC
4Dvar11

As 3Dvar but for 4Dvar with analysis grid resolution the same as the model (0.11 degrees).

4D11a

As 4dvar11 but exclude scales <50 km during analysis.

4D11b

As 4dvar11 but exclude scales <100 km during analysis.

4Dcli

As 4D11a but also analyse additional surface observations at climate stations in New Zealand.

4Dclim

As 4Dcli but also analyse surface marine observations.

4DclimB

As 4Dclim but uses satellite radiance bias corrections calculated from the 4dclim run.

4DclimC

As 4DclimB but with increased AMV usage through modified thinning.

It employs a horizontally staggered Arakawa C-grid and a
vertically staggered Charney-Phillips grid; semi-Lagrangian
advection for all prognostic variables, except density, with
conservative and monotone treatment of tracers; predictorcorrector implementation of a two-time-level, semi-implicit
time integration scheme; and three-dimensional iterative
solution of a variable-coefficient elliptic equation for the
pressure increment at each time step (see [23, 24] for detailed
descriptions). The NZLAM has 324 by 324 horizontal grid
points with a horizontal grid spacing of 0.11∘ (about 12 km, [19,
20]) and 70 levels in the vertical, with the model top at about
39 km. The highest vertical resolution is near the ground such
that 20 levels span the lowest 2 km of the atmosphere. A global
run provided the same lateral boundary conditions for all the
ensemble simulations.
All the experiments were classified as two groups with
initializations based on 3Dvar (five members) and 4Dvar
(seven members), respectively (Table 1). The former uses an
incremental 3Dvar FGAT (first guess at appropriate time)
analysis scheme [25]. The latter is based on the former
with many aspects kept in common and is provided by the
introduction of a linear perturbation forecast model and
its adjoint [22]. In both schemes, a transform (including a
parameter transform, a vertical transform, and a horizontal
transform) is implemented to provide an implicit representation of the background error covariance and a practical and
easy method of preconditioning the analysis minimisation
problem. For the five 3Dvar-based members, the analysis
resolution used (0.22 degrees) is half the model resolution,
whilst, for the seven 4Dvar-based members, the resolution
is the same as the model resolution (Other experiments, not
presented here, have shown that using full or half resolution
analysis increments for 3Dvar makes very little difference to
the verification scores against observations for forecasts out
to T+48; however, using lower resolution analysis increments
for 4dvar significantly reduces forecast skill.) (Table 1).

The vertical transform uses zonal and seasonal average
statistics to produce two-dimensional empirical modes. The
horizontal transform can also be used as a filter, to remove
small scale modes from each horizontal field. Following the
ideas of Cullen [26] we used this to exclude scales smaller
than 50 km for 4D11a and smaller than 100 km for 4D11b,
4Dcli, 4Dclim, 4DclimB, and 4DclimC. Both 3D and 4Dvar
performed a 6 hourly data assimilation cycle throughout
the study period. After 0000 UT on 13 September 2010 (the
initial time for each experiment), the background used for
the analysis for each experiment differed to some extent. 48hour forecasts were made following the 0000, 0600, 1200, and
1800 UT analyses for each experiment each day and simulated
fields were saved hourly.
The ensemble mean was calculated with an equal weight
for each member. In addition to root mean square errors
(RMSE) and mean errors (ME), categorical forecasts at
the two thresholds were examined using the performance
diagram [27] and relative operating characteristic (ROC)
diagram. The performance diagram plots the hit rate (𝐻)
against the success ratio (1 − FAR, the false alarm ratio)
and allows the bias and critical success index (CSI) to be
read directly. The ROC diagram plots the hit rate against
the false alarm rate (𝐹) from which it is easier to deduce
base rate independent performance metrics such as the Peirce
skill score (PSS) or symmetric extreme dependence index
(SEDI). The latter measure is useful for rare events as it is
nondegenerate [28]. Definitions for these categorical metrics
are given in Table 2.
In the following calculation and analysis, all four forecasts
on each day for each member during the 35 days were used.
For each forecast, the forecast rainfall was chosen to match
the observations in time. The rainfall forecast at the four
grid points surrounding an observation site was linearly
interpolated onto that site using distance as the weighting
factor.
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Table 2: Categorical measures used in this study along with their definitions based on a binary truth table, where 𝑎 is the number of events
which were forecast correctly, 𝑐 the number of observed events not forecast, 𝑏 the number of nonevents incorrectly forecast, and 𝑑 the number
of nonevents correctly forecast.
Metric
Frequency bias
Hit rate
False alarm rate
False alarm ratio
Critical success index
Peirce skill score
Symmetric extremal dependence index

Formula
𝑎+𝑏
Bias =
𝑎+𝑐
𝑎
𝐻=
𝑎+𝑐
𝑏
𝐹=
𝑏+𝑑
𝑏
FAR =
𝑎+𝑏
𝑎
CSI =
𝑎+𝑏+𝑐
𝑎𝑑 − 𝑏𝑐
PSS =
(𝑏 + 𝑑)(𝑎 + 𝑐)
ln 𝐹 − ln 𝐻 + ln (1 − 𝐻) − ln (1 − 𝐹)
SEDI =
ln 𝐹 + ln 𝐻 + ln (1 − 𝐻) + ln (1 − 𝐹)

3. Two Heavy Rainfall Cases
Daily rainfall analysis with 0.05-degree resolution over New
Zealand land surface is available at the National Institute of
Water and Atmosphere Research (NIWA) derived using the
second order derivative trivariate thin plate smoothing spline
spatial interpolation model (http://www.maths.anu.edu.au/
research/projects/thin-plate-splines). These data may have
some errors and uncertainties in mountainous areas with
sparse observations, but they are the best high resolution
grid point rainfall data over New Zealand. These data are
compared with forecasted rainfall by the ensemble for two
heavy rainfall cases.
For Case 1, a subtropical cyclone with a tropical origin
moved southeastward and approached the nearby sea to
the northeast of the North Island in the early morning of
13 October 2010 (Figure 2(a)). A warm front (denoted by
“WARM F”) associated with the cyclone moved southwestward in the northeasterly winds of the cyclone. Ahead of
the warm front were southeasterly winds. The warm front
reached the southeast coastal region of the North Island on
the morning of 13 October. Orographic lifting of the strong
southeasterly winds (10–15 m s−1 surface winds at a coastal
station) ahead of the warm front enhanced vertical motion
in the frontal rainband. This led to very heavy rainfall in
a broad area of the southeast North Island (Figure 3(a)).
The rainfall analysis showed a rainband with four rainfall
maximum centers from northeast to southwest. At some
locations, the observed 24-hour rainfall at 0900 NZST on
the 14 October was about 190 mm. Figure 3(c) shows the
24-hour rainfall forecast by the ensemble mean using equal
weight. Most of the heavy rainfall areas were captured by the
ensemble mean. However, the ensemble missed two of the
four rainfall maximum centers: the southernmost one and
the one in the middle of the rainband. For the two rainfall
maximum centers captured by the ensemble, the maximum
was 25–50 mm lower than observations. The terrain data
in Figure 3(a) with a resolution of roughly 5 km, much
higher than the model terrain (Figure 3(c), roughly 12 km

Range
0 to ∞ (perfect: 1)
0 to 1 (perfect: 1)
0 to 1 (perfect: 0)
0 to 1 (perfect: 0)
0 to 1 (perfect: 1)
−1 to 1 (perfect: 1)
−1 to 1 (perfect: 1)

resolution), can describe smaller mountains. For example, a
small mountain is shown in Figure 3(a) associated with the
southernmost rainfall maximum center, but not shown by the
model terrain (Figure 3(c)). The mountain corresponding to
the rainfall maximum center in the middle of the rainband
(Figure 3(a)) is more pronounced and higher than that in the
model terrain (Figure 3(c)). For this heavy rainfall case, the
convective available potential energy (CAPE) was very small
(<100 J kg−1 ), implying a very weak contribution from convective rainfall and a correspondingly stronger orographic
component. It appears that the underestimation of the heavy
rainfall by the ensemble is partly due to the relatively low
resolution of the model, which underestimates the orographic
lifting. This will be further analysed in Sections 4.2 and 5.
The forecast occurrence of daily rainfall greater than
50 mm with probability higher than 0.6 (Figure 4(c)) captured most of the areas with observed daily rainfall greater
than 50 mm (Figure 4(a)). Most of the areas in the southeast
of the North Island had a daily rainfall greater than 100 mm
for this heavy rainfall case (Figure 4(b)). However, less than
half of these areas were forecast to get greater than 100 mm
with occurrence probability higher than 0.6 (Figure 4(d)) by
the ensemble. This is due to the underestimation of rainfall
by the model.
For Case 2, on 28 September 2010, an eastward moving
midlatitude cyclone was over the sea to the southwest of the
South Island (Figure 2(b)). The westerly winds associated
with the cyclone advected the cold front (denoted by “COLD
F”) eastward. Ahead of the cold front were northwesterly
winds. When the cold front reached the South Island, orographic lifting and island blocking of the strong northwesterly
and westerly winds around the front enhanced the vertical
motion in the associated rainband, leading to heavy rainfall
on the windward (western) areas of the South Island on that
day (Figure 3(b)). The ensemble mean generally forecast well
the heavy rainfall amount and distribution, except that it
missed the heavy rainfall at the southern end of the rainband
(Figure 3(d)). The ensemble based forecast occurrence of
daily rainfall greater than 50 mm with probability higher
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Figure 2: Surface analysis by MetService New Zealand at (a) 0000 NZST 13 October 2010 and (b) 1800 NZST 28 September. “WARM F”
in (a) points to the warm front and “COLD F” in (b) points to the cold front. New Zealand lies in the middle of each diagram. Curtesy to
MetService New Zealand.
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Figure 3: 24-hour rainfall amount (mm) valid at (a) 0900 NZST 14 October 2010 and (b) 0900 NZST 29 September from NIWA 0.05-degree
grid point rainfall analysis. Simulated 24-hour rainfall amount valid at (c) 0900 NZST 14 October 2010 and (d) 0900 NZST 29 September
from the ensemble mean (MM) forecasts with analysis at 0006 NZST. Thin solid lines denote terrain contours with a 250-meter interval.
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grid point rainfall analysis. Occurrence probability higher than 0.6 for the corresponding forecasted 24-hour rainfall greater than 50 mm (c)
and 100 mm (d) with analysis at 0600 NZST. Thin solid lines denote terrain contours with a 250-meter interval.

than 0.6, a large area on the windward side of the South
Island (Figure 5(c)), corresponded well to most of the areas
with observed daily rainfall greater than 50 mm (Figure 5(a)).
Observed daily rainfall greater than 100 mm occurred only
over a small area on the windward side (Figure 5(b), the small
shading area in the circle). The ensemble based forecast of
daily rainfall amount greater than 100 mm with probability
equal to 0.6 also showed a small area (Figure 5(d), the shading
area in the circle) close to that in Figure 5(b).
These analyses suggest that probability of greater than 0.6
of occurrence of rainfall greater than some threshold from
the ensemble is a good predictor for heavy rainfall in New
Zealand. Compared with Case 1, the ensemble performed
better for Case 2, especially for daily rainfall greater than
100 mm. In fact, using the 0.05-degree grid point rainfall
analysis, the RMSE of the ensemble mean for daily rainfall
greater than 50 mm was 78 mm and 111 mm for Case 2 and
for Case 1, respectively. The reason for the better performance

of the heavy rainfall forecast over the South Island by the
ensemble will be further analysed in Sections 4.2 and 5.

4. Statistical Analysis
In this section, the ensemble RMSE, ME, and categorical
skill scores for two rainfall categories are presented. The
first category includes events in which either simulated or
observed daily rainfall is equal to or higher than 50 mm (also
called heavy rainfall). Because there were only 35 days for
each experiment, a second threshold of 20 mm/day (modheavy rainfall) was chosen to ensure a sample size sufficient
for statistically robust results. Daily rainfall observations
(valid at 0900 NZST) at 630 sites over New Zealand during
the 35 days were used.
4.1. The Whole Country. The ability of the different ensemble
members (and ensemble means) to correctly predict rainfall
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Figure 5: Same as Figure 3 but for 24-hour rainfall valid at 0900 NZST 29 September. Some shading areas in the circle of (b) had 24-hour
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Table 3: Contingency table for the ensemble mean (MM) for daily rainfall thresholds of 20 mm and 50 mm for the whole country (NZ), the
North Island (NI), and the South Island (SI).
Forecast
Observed

Yes

No

Yes

NZ
Yes
No
Yes
No

20 mm
50 mm

2965
2219
446
510

No

Yes

NI
2063
81565
389
87467

events for the two different thresholds was investigated by
converting the forecasts and observations into binary events.
Contingency tables for the ensemble mean (MM) at these
two thresholds are shown in Table 3. Figure 6 shows the
categorical performance diagram for mod-heavy and heavy
rainfall over all of New Zealand. MM has the highest critical

1193
1127
237
223

No
SI

849
34295
110
36894

1772
1092
209
287

1214
47270
279
50573

success index and the lowest false alarm ratio as compared
with each member for both thresholds.
However, from Figure 6, it can be seen that the MM
frequency bias for heavy rainfall is worse than for almost all of
the individual members. That is, the improvement in FAR has
not been matched by an improvement in hit rate, resulting in
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Figure 6: Performance diagram comparing mod-heavy and heavy
rainfall for all of NZ. CSI is shown by the shaded contours and bias
by the grey dotted lines. The dotted uncertainty bars show the one
standard deviation error in hit rate and success ratio.

a greater tendency for MM to underpredict the occurrence
of heavy rainfall events. The ability to improve the CSI by
hedging, that is, by reducing the frequency of forecasted
events as outlined above, is one of the undesirable properties
of the CSI. The Peirce skill score (PSS) is a categorical metric
which does not have this property and is also base rate
independent (insensitive to the sample climatology).
Peirce skill scores are shown in the ROC diagrams in
Figures 7(a) and 7(c) which contain the mod-heavy and
heavy rainfall results, respectively, for all of New Zealand.
In contrast to CSI, PSS does not show the ensemble mean
MM as being significantly better than any of the individual
members. For the mod-heavy threshold, MM has the highest
score, but it is the same as 3DclimC within uncertainties.
For heavy rainfall, MM does not have the best PSS, but,
within uncertainties, it is not worse than any of the individual
members.
While it has many desirable properties, PSS is not always
appropriate as it tends to meaningless values for vanishingly
rare events (known as degeneracy). Ferro and Stephenson
[28] developed the symmetric extremal dependence index
(SEDI), in turn based on the extreme dependency score
proposed by Stephenson et al. Both of these metrics are
nondegenerate, but the SEDI has the advantage as it is base
rate independent and difficult to hedge. Figures 7(b) and 7(d)

contain the same data as Figures 7(a) and 7(c) except that
the shading represents the SEDI instead of the PSS. From
these diagrams it can be seen that, in contrast to the CSI
and PSS, the magnitude of the SEDI is similar for both modheavy and heavy rainfall. In addition, the SEDI implies that
for mod-heavy rainfall MM shows a larger improvement over
the individual ensemble members and for heavy rainfall it is
similar to the best performing members.
Figure 8 shows the RMSE over the whole country for all
ensemble members. For mod-heavy rainfall, the RMSE of the
ensemble mean (MM) was smaller than that of each member;
the largest was ∼26.0 mm for 4dvar11, about 1.8 mm higher
than MM. The difference in the RMSE between each member
and MM was statistically significant at the 95% level using the
𝑡-test.
For heavy rainfall, the RMSE of the MM (∼43 mm)
was smaller than that for all members except for 3Dcli
(∼43.0 mm). The largest RMSE was 46.5 mm for 4dvar11,
about 3.5 mm higher than the MM. Except for 3Dcli and
4DclimB, the difference in the RMSE between each member
(except for 3Dcli) and MM was statistically significant at 95%
level using a 𝑡-test.
These results indicate that the ensemble mean is better
than any of the individual ensemble members for forecasting
mod-heavy rainfall over New Zealand. For heavy rainfall,
the performance of the ensemble mean is better or similar
to the best performing members. The small difference in
the performance of the ensemble system between modheavy rainfall and heavy rainfall may be due to the smaller
observation number for the latter (Table 3).
For the two daily rainfall categories, the mean errors (ME,
forecast-observations) showed consistent negative values for
each member (Figure 8(b)), especially for heavy rainfall,
indicating that parts of the heavy rainfall forecast errors
come from the negative bias. In addition to model physics,
the relatively low model resolution (∼12 km) is most likely
another reason for the underestimation of rainfall. This will
be further analysed in the following section and Section 5.
A possible reason for this improvement seen in the
simple ensemble mean may be that it is simply due to the
smoothing effect of calculating the mean of the 12 members.
In other words, taking any member of the system and doing
spatial smoothing, the improvement achieved might be as
much as that from the ensemble mean. To investigate this
possibility a 9-point smoother was applied three times to the
rainfall forecast for each ensemble member and compared
with the unsmoothed (Figure 9) via their RMSE. For modheavy rainfall, the 9-point smoother decreased the RMSE
(Figure 9(a)) by 0.1–0.5 mm for each member. For MM, the
smoother increased the RMSE by ∼0.2 mm. The improvement of MM over each member was 0.5–1.6 mm for RMSE,
much larger than that of each member achieved by the 9point smoother. In contrast, for heavy rainfall the smoother
significantly increased the RMSE for each member and MM
by 0.8–2.0 mm. These facts indicate that the improvement
of the simple ensemble mean in mod-heavy rainfall and
heavy rainfall was mainly achieved from the simple ensemble
system, not by the smoothing effect.
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4.2. Different Regions. The results for the North and South
Island ensemble mean (MM) compared to the individual
members are consistent with those found for the full country.
That is the forecast skill of the MM, by various measures, and
is similar to or better than any individual member and the
frequency bias has been reduced compared to the majority of
members (not shown).
The RMSE and ME of the North and South Island
results for the subset of events that were forecast correctly

or observed are shown in Figure 10 for mod-heavy rainfall
and Figure 11 for heavy rainfall. For the North Island at both
rainfall thresholds, MM has the lowest RMSE and for the
South Island only 3Dcli has a lower RMSE than MM.
Here, a question needs to be answered is in which island
(the North Island versus the South Island) the performance
of the ensemble is better? The total number of rainfall
observation sites and heavy rainfall observations were different between the two islands. It is not appropriate to use
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Figure 10: As in Figure 8 but for mod-heavy rainfall over the North Island (a) and over the South Island (b).

the forecasting skill analysis with only two rainfall categories
to do the evaluation. Instead, RMSE and ME that can
quantitatively show the real magnitude of rainfall forecasted
errors are used.
For mod-heavy rainfall, the North Island had an RMSE
of 26.5 mm for MM (Figure 10), whilst it was only 21.9 mm
for South Island (Figure 10). For each member, the RMSE
of rainfall was larger than 26.9 mm over the North Island;
however, it was smaller than 23.5 mm for each member over
the South Island. For mod-heavy rainfall, the ME of MM was
2.2 mm over the South Island, a positive bias much smaller
than the negative bias (−8.2 mm) over the North Island. The
magnitude of ME was almost the same for each member and
the MM. For mod-heavy rainfall, ME accounted for more
than 20% of the RMSE over the North Island, but only about
10% of the RMSE over the South Island.
For heavy rainfall (Figure 11), the RMSE of the MM was
50.0 mm over the North Island, whilst it was only ∼36.9 mm
for the South Island. The RMSE for each member was more
than 50.5 mm over the North Island, whilst it was smaller
than 40.5 mm over the South Island. ME was 2.5 mm over
the South Island, a bias much smaller than that (−24 mm)
over the North Island. The ME of each member and the MM
accounted only about 10% of the RMSE over the South Island,
but about 40% of the RMSE over the North Island.
In terms of RMSE and ME, the ensemble system performed better over the South Island than over the North
Island for both mod-heavy and heavy rainfall. Over the North
Island, the pronounced negative bias of the simulated rainfall

is a major factor leading to the worse performance of the
ensemble. As described earlier, a major difference between
the North Island and the South Island is the shape, height,
and horizontal scale of mountains. These results indicate that
mountains can significantly affect the performance of the
ensemble system in moderate to heavy rainfall prediction and
will be further discussed in the following section.

5. Discussion
The shape (horizontal aspect ratio and mountain height) of
mountains affects the patterns and regimes of airflow past
mountains [29–32] and significantly affects rainfall amount
and rainfall distribution (e.g., [33–36]). As described earlier,
the South Island has a relatively uniform mountain range (the
Southern Alps), running some 600 km down the length of
South Island and covering more than half its width, which
the prevailing westerly airflow has to cross (Figure 1(b)). In
contrast, the North Island has multiple ranges of hills and
mountains giving it fewer clear-cut windward or lee side
regions (Figure 1(a)). The spatial scales of the mountains of
the North Island are smaller than those of the Southern Alps;
as a result, a better description of mountain dynamic forcing
(e.g., orographic lifting) exists for the latter in NZLAM (12 km
resolution) than for the former. In addition, circulations
associated with airflow past a larger mountain tend to have
larger spatial scale. This leads to better description of the air
flow patterns forced by the Southern Alps than those forced
by the mountains of the North Island, in NZLAM. Thus,
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Figure 11: As in Figure 8 but for heavy rainfall over the North Island (a) and over the South Island (b).

the Southern Alps having uniform shape and larger spatial
scales compared to the mountains of the North Island is most
likely the reason for the better performance of the ensemble
for the South Island.
In New Zealand, orographic lifting plays an important
role in heavy rainfall occurrence. As described earlier, large
negative biases of simulated moderate to heavy rainfall were
found over the North Island and accounted for 20–40% of the
errors. This suggests that, for the current resolution (∼12 km)
of NZLAM, the orographic lifting was underestimated for
the North Island. In fact, even for the South Island, relatively
large RMSE and ME were found for mod-heavy and heavy
rainfall as described earlier. Part of the rainfall prediction
errors was due to the rainfall prediction bias, especially for
heavy rainfall. Revell et al. [37] indicated that a resolution of
5 km or higher would be needed to adequately describe the
vertical motion forcing of the mountains. Therefore, a higher
model resolution (preferably ≤5 km) than 12 km is needed
for a New Zealand operational RES system for heavy rainfall
prediction.

6. Conclusion
In this study, 12 experiments using the state of the art
3Dvar and 4Dvar techniques were combined as a temporary
regional ensemble system. This is the first attempt at conducting ensemble prediction of rainfall directly from a regional
weather modelling system in New Zealand. The objective is

to investigate the effect of data assimilation and ensemble
method on moderate and heavy rainfall forecasts and the
effect of mountains on the performance of a RES in New
Zealand.
The RMSE, ME, and several categorical verification metrics for daily rainfall were analysed based on two thresholds,
20 mm (mod-heavy rainfall) and 50 mm (heavy rainfall). In
total 630 sites in New Zealand with daily rainfall observations
were used. These analyses showed that, at the same model
resolution, the simple ensemble performs better than any of
the 12 experiments for mod-heavy rainfall prediction. The
overall better performance of the ensemble was also found
for heavy rainfall. Two heavy rainfall cases showed that, in
most areas with heavy rainfall, the ensemble showed a high
probability of occurrence (≥0.6), due to the significant effect
of mountains on heavy rainfall occurrence in New Zealand.
This suggested that ensemble prediction of heavy rainfall
using ensemble mean and occurrence probability would be
a useful tool in New Zealand.
Under the prevailing westerly airflow for most time
of a year, much rainfall occurs on the west side of the
country, especially for the South Island with a steep west
mountain slope that has a southwest-northeast orientation.
Our analyses indicated that mountains can significantly affect
the performance of this ensemble system with smaller errors
(or RMSE) and bias (or ME) of forecasted mod-heavy rainfall
and heavy rainfall over the South Island than over the North
Island. This result is nothing new, but it indicates that a 12 km
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model resolution of the current temporary ensemble system
is not high enough to well predict heavy rainfall in New
Zealand. A ∼5 km or higher model resolution is required for
a better performance of an operational RES system in New
Zealand for heavy rainfall prediction.
This work implies that for regional ensemble prediction of
heavy rainfall in complicated mountainous areas, in addition
to the initial conditions, model resolution also needs to be
properly treated according to the mountain scales. For future
research, a similar RES with higher model resolution (∼
5 km or finer) will be conducted to search for the optimum
resolution over New Zealand. Beyond accounting for the
uncertainties in initial conditions using data assimilation, the
RES will also account for uncertainties in the lower boundary
conditions (including SST, soil moisture, and vegetation
cover) and the lateral boundary conditions.
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A regional ocean reanalysis system of China coastal waters and adjacent seas, called CORA (China ocean reanalysis), has been
recently developed at the National Marine Data and Information Service (NMDIS). In this study, based on CORA, the impact
of Argo profiles on the regional reanalysis is evaluated using a twin-experiment approach. It is found that, by assimilating
Argo observations, the reanalysis quality is much improved: the root mean square (RMS) error of temperature and salinity can
be further reduced by about 10% and the RMS error of current can be further reduced by 18%, compared to the case only
assimilating conventional in situ temperature and salinity observations. Consistent with the unique feature of Argo observations,
the temperature is improved in all levels and the largest improvement of salinity happens in the deep ocean. Argo profile data have
a significant impact on the regional ocean reanalysis through improvements of both hydrographic and dynamic fields.

1. Introduction
With the gradual increasing of global ocean Argo (Array
for Real-Time Geostrophic Oceanography) profile [1], a lot
of researches on Argo application have been carried out
by scientists and many useful results have been achieved.
Argo data especially have been widely used in operational
oceanography, such as ocean data assimilation, forecast, and
reanalysis [2–5].
Therefore, it is also necessary to evaluate the impact
of Argo on ocean data assimilation. Many research works
have addressed this issue. Studies related to this topic
can be roughly divided into two classes. The first class is
known as Observing System Experiments (OSEs). In these
experiments, an ocean analysis, in which all available data
are assimilated, serves as a reference. And permutations of
combinations of the available observation systems are used
in an analysis, in which one observational system is excluded
from the analysis, so providing an estimate of the impact of
the omitted observational system by comparing the analysis

with the reference. In this field lots of works have been
done to evaluate the Argo impact. For example, Vidard et al.
[6] assessed the relative importance of the tropical in situ
mooring arrays (TAO, TRITON, and PIRATA), XBTs, and
the developing Argo float network on global ocean analysis
and seasonal forecasts, showing a major role for the moorings
and in some ways a smaller contribution from Argo than
might have been expected. Balmaseda et al. [7] assessed the
impact of Argo on ECMWF operational ocean analyses and
evaluated the information content of Argo temperature and
salinity data, gauged in terms of influence on the ocean
state and the skill of seasonal forecasts. Oke and Schiller
[8] assessed the relative importance of Argo temperature
and salinity profiles, sea-surface temperature, and altimetric
sea-level anomalies for constraining upper-ocean 𝑇 and 𝑆
properties and mesoscale variability of sea-level anomalies
in an eddy resolving ocean reanalysis in the Australian
region. Yan et al. [9] assessed the impacts of XBT, TAO,
altimetry, and Argo observations on the tropical Pacific ocean
data assimilation. Huang et al. [10] investigated the impact
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of Argo salinity profiles on the NCEP Global Ocean Data
Assimilation System (GODAS) in the tropical Indian Ocean.
The second class is known as Observing System Simulation Experiments (OSSEs). The OSSE approach was first
adopted by the meteorological community not only to assess
the impact of observations but also to optimize the design
of observing systems and observing networks in order
to improve numerical weather predictions. Oceanographic
applications to Argo impact assessment and Argo profile
sampling strategy optimization have been reported by several
literatures. For example, Schiller et al. [11] performed OSSE
using OGCM output to assess sampling strategies for the
Argo array in the Indian Ocean. Griffa et al. [12] and Raicich
[13] quantitatively investigated the impact of assimilating
temperature and salinity profiles from Argo floats in the
Mediterranean Sea using the OSSE approach. Zhang et al.
[14] show the potential of Argo profiles to initialize the
Atlantic meridional overturning circulation (MOC) which
is an important source of multidecadal climate variability
and trends. Dunstone and Smith [15] investigated the impact
of assimilating different amounts of atmosphere and ocean
data, including Argo profile, on decadal climate prediction
skill through a set of idealized model experiments and found
that the upper 2000 m temperature and salinity observations
currently provided by the Argo array of floats are potentially
well suited to initializing decadal climate predictions.
However, most of the above literatures concentrate on the
impact of Argo profiles on data assimilation for global ocean
rather than for the marginal seas, such as the coastal waters
of China and adjacent seas.
A regional ocean reanalysis experiment which is focused
on the coastal waters of China and adjacent seas has already
been started a few years ago by National Marine Data and
Information Service (NMDIS). The present ocean reanalysis
system (China ocean reanalysis, CORA) for this area is
achieved, and a dataset package of sea surface height (SSH),
three-dimensional (3D) temperature, salinity, and currents in
this area (http://www.cmoc-china.cn/) is developed [5, 16].
In this paper, based on the CORA system, data assimilation identical twin-experiment approach used in OSSE
technique is employed to evaluate the impact of Argo data
on temperature, salinity, and current reanalysis results of
China coastal waters and adjacent seas. The data assimilation
identical twin-experiment approach is one of the useful
methods to evaluate the impact of the ocean observation
system [14, 17]. But here we do not touch Argo observing
systems optimal design which will be our future goal. Ocean
dynamic model, ocean data assimilation scheme used in
CORA, and twin-experiment configuration are described in
the following section. Section 3 mainly discusses the impact
of Argo on the ocean reanalysis of this area and conclusions
are given in Section 4.

2. Twin Experiment of Reanalysis
The OSSE technique consists of identical twin experiments
[13], in which data extracted from a reference model run is
assimilated into other runs of the same model with different
initial conditions. The convergence of the other runs towards
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the first one is measured to quantify the data assimilation
effectiveness in driving the model with “wrong” initial conditions towards the reference, and the comparison between
analyses with and without Argo profiles data assimilated can
provide an estimate of impact of Argo profiles. All runs are
driven by the same external forcing.
2.1. Ocean Dynamic Model. The NMDIS-developed parallel
version of Princeton Ocean Model with generalized coordinate system (POMgcs) [18, 19] serves as the ocean dynamical
model in CORA. The original version of POMgcs, known as
POM (Princeton Ocean Model), has been widely used [20,
21]. Following [22, 23], the wave breaking parameterization
of Mellor and Blumberg [24] is introduced into POMgcs
to deepen the mixed temperature surface layer. The tidal
generating potential and tidal open boundary condition of
eight major tidal constituents (𝑀2 , 𝑆2 , 𝑁2 , 𝐾2 , 𝐾1 , 𝑂1 , 𝑃1 , and
𝑄1 ) are added to this model to simulate tidal effect.
The study area extends from 10∘ S to 52∘ N in latitude and
from 99∘ E to 150∘ E in longitude. The model grid spacing
is varied from 1/2∘ to 1/8∘ and the area with the highest
horizontal resolution 1/8∘ extends from 19∘ N to 33∘ N in
latitude and from 117∘ E to 130∘ E in longitude. Due to the
huge range and the complicated bathymetry of the study area,
the hybrid coordinate of POMgcs is in use, in conformity
with the study of Mellor et al. [18]. The 𝜎-level vertical grid
is used in the area with local depth less than 200 m, that
is, the continental shelf, to form a terrain-following vertical
grid. While in the area with local depth greater than 200 m,
that is, slope area and deep sea area, in order to simulate
satisfactorily the upper mixed layer and thermocline, most
of the vertical levels at the upper and middle ocean are set
to 𝑧-level, and at the level depth greater than 0.9 proportion
of the local depth only a few vertical levels near seafloor
are set to terrain-following 𝜎-level to represent the seafloor
preferably to avoid the stair-step effect. Coarse vertical level
near seafloor can make the hydrostatic consistency criteria
satisfied. There are 33 vertical levels with a maximum depth
of 4500 m. The vertical 𝑧-level grid is listed in Table 1.
The twin experiment of reanalysis spanned four years
from January 2005 to December 2008. SODA (Simple Ocean
Data Assimilation) monthly-mean product of each year
serves as the open boundary condition for sea surface height
(SSH), temperature, salinity, and current. Wind field uses
Quick Scatterometer (QuikSCAT) wind field of daily Level
3 data with the horizontal resolution being 1/4∘ . And heat
flux field comes from the National Centers of Environment
Prediction (NCEP) reanalysis version 1 product.
2.2. Ocean Data Assimilation Scheme. The ocean data
assimilation scheme used in CORA is a sequential threedimensional variational (3D-Var) analysis scheme designed
to assimilate temperature and salinity using a multigrid
framework [5, 16]. This sequential 3D-Var analysis scheme
can extract long and short wavelength information in turn
quickly from observations system and provide objective and
accurate analysis. The basic idea of this data assimilation
scheme can be referred to in [25–30]. In this study, 9 level
grids are applied from 2 × 2 × 2 (only one big cell containing
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Table 1: The vertical 𝑧-level grid list.

Level
1
2
3
4
5
6
7

Depth (m)
2.5
10
20
30
50
75
100

Level
8
9
10
11
12
13
14

Depth (m)
125
150
200
250
300
350
400

Level
15
16
17
18
19
20
21

the whole study domain) to 257 × 257 × 33 (the horizontal
interval is about 0.2∘ × 0.24∘ , and the vertical resolution is the
same as that of the model). The smooth penalty parameter,
weighing how strong the smoothing term will be, is set to
0.005. Square of the simulated observational error, which
will be discussed in the next section, is used to specify the
diagonal element of observational error covariance matrix,
while the off-diagonal element is set to zero. Fifty iterations
are employed to every level grid’s optimization.
The basic idea proposed by Troccoli et al. [31] is employed
to make salinity adjustment during temperature assimilation.
In this scheme, the 𝑇-𝑆 relation is basically conserved during
the temperature data assimilation; and salinity measurements
are assimilated to adjust the 𝑇-𝑆 relation only if such measurements are available. Following Troccoli et al. [31], a latitudinal
filter has been applied to the salinity increments so that the
whole salinity increment is applied only within 30∘ of the
equator. Outside this region, the weight given to the salinity
adjustment diminishes linearly to zero at latitudes poleward
of north edge of model domain. This is done to avoid implementing the salinity correction scheme in areas where the
stratification is weak and 𝑆(𝑧) persistence is more appropriate.
The assimilation is performed every day and a seven-day
time window is used to incorporate as many observations as
possible.
2.3. True Fields and “Observation” Construction. With the
open boundary conditions and meteorological driving force
described above and with CORA reanalysis of January 1,
2005 serving as the initial field, 4-year integration is carried
out from January 2005 to December 2008 by using the
NMDIS-developed parallel version of POMgcs. Then the 4year simulation results serve as the true fields for comparing
the following twin-experiment reanalysis results to evaluate
the impact of Argo on this regional reanalysis.
Following the method in [14], “observations” needed in
reanalysis twin-experiment are constructed by interpolating
the above true fields to the temporal and spatial information
of real temperature or salinity observation networks, including Nansen bottle, conductivity-temperature-depth (CTD),
and various bathythermograph (BT) and Argo profiles. It
should be noted that CTD and Argo profiles may have both
temperature and salinity observations, while the others profiles may only have temperature observations. And compared
to CTD profiles, Argo profiles may be distributed relatively
homogeneously. A Gaussian white noise with the mean and

Depth (m)
450
500
600
700
800
900
1000

Level
22
23
24
25
26
27
28

Depth (m)
1100
1200
1300
1400
1500
1750
2000

Level
29
30
31
32
33

Depth (m)
2500
3000
3500
4000
4500

standard deviation being 0.0∘ C (0.0 psu) and 1.0∘ C (0.2 psu),
respectively, is added to temperature (salinity) “observation” as random error simulation. The imposed white noise
attempts to account for random measurement errors of the
observing system. For simplicity, “observations” which have
the temporal and spatial information of Nansen bottle, CTD,
and variety of BT are called “conventional observations,”
and those with Argo temporal and spatial information are
called “Argo observations.” Distributions of “observations”
used in reanalysis twin experiment from January 2005 to
December 2008 are shown in Figure 1. It is found that dense
“observations” in this study domain are mainly distributed
around Japan, including Japan Sea and Kuroshio to the
south of Japan. In other areas, except for some moored
profiles which have many data, “observations” are scarcely
distributed. In China coastal waters especially, including
Bohai Sea (BS), Yellow Sea (YS), East China Sea (ECS), and
South China Sea (SCS), most areas are measured only once
per year. “Argo observations” are homogeneously distributed
in the Pacific Ocean to the east of Ryukyu Island. Along with
current, several Argos drifted to the west of Ryukyu Island
and in 2008 several Argos drifted in the northern SCS.
2.4. Twin-Experiment Configuration. Three twin experiments are carried out to study the impact of Argo on
temperature, salinity, and current reanalysis results of the
China coastal waters and adjacent seas. They all use the setup
ocean model described in Section 2.1 and data assimilation
scheme described in Section 2.2 and are subject to the same
meteorological driving force and open boundary condition
as those used in construction of true field and all run for
the period from January 2005 to December 2008. However,
the initial condition is different from that of true field.
Observational climatology of temperature and salinity field
in August serves as the initial condition for the three twin
experiments and the initial sea surface height and current
field are obtained by one-year diagnostic spin-up using the
same model. No “observation” is assimilated in Experiment
1; that is, Experiment 1 is a free run, while Experiment 2
only assimilates “conventional observations” and Experiment
3 assimilates all the “observations” including “conventional
observations” and “Argo observations.” The impact of satellite
SST and SSHA on reanalysis is beyond the scope of this study,
so no experiment assimilates satellite observations.
By comparing the twin-experiment daily results with
the true fields, root mean square error (RMSE) for 4-year
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Figure 1: Distributions of “observations” used in reanalysis twin experiments from January 2005 to December 2008: (a), (c), and (e) are
temperature “observations”; (b), (d), and (f) are salinity “observations.” (a) and (b) are for all “observations”; (c) and (d) “conventional
observations”; (e) and (f) “Argo observations.” Color square represents the number of profiles.
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average over the whole domain RMSE whole, horizontal
distribution of RMSE RMSE H, and vertical distribution

of RMSE RMSE V can be calculated using the following
equations, and the impact of Argo on reanalysis of this study
domain can be evaluated:

2

𝐾𝑀 𝐽𝑀 𝐼𝑀
True
∑𝑁𝑀
𝑛=1 ∑𝑘=1 ∑𝑗=1 ∑𝑖=1 [(𝐹𝑖,𝑗,𝑘,𝑛 − 𝐹𝑖,𝑗,𝑘,𝑛 ) ⋅ Δ𝑥𝑖,𝑗,𝑘 ⋅ Δ𝑦𝑖,𝑗,𝑘 ⋅ Δ𝑧𝑖,𝑗,𝑘 ⋅ 𝑀𝑖,𝑗,𝑘 ]
Exp

RMSE whole (𝐹) = √

𝐾𝑀 𝐽𝑀 𝐼𝑀
∑𝑁𝑀
𝑛=1 ∑𝑘=1 ∑𝑗=1 ∑𝑖=1 (Δ𝑥𝑖,𝑗,𝑘 ⋅ Δ𝑦𝑖,𝑗,𝑘 ⋅ Δ𝑧𝑖,𝑗,𝑘 ⋅ 𝑀𝑖,𝑗,𝑘 )

RMSE H (𝐹)𝑖,𝑗 = √

𝐾𝑀
∑𝑁𝑀
𝑛=1 ∑𝑘=1 (Δ𝑥𝑖,𝑗,𝑘 ⋅ Δ𝑦𝑖,𝑗,𝑘 ⋅ Δ𝑧𝑖,𝑗,𝑘 ⋅ 𝑀𝑖,𝑗,𝑘 )

RMSE V (𝐹)𝑘 = √

2

𝐽𝑀 𝐼𝑀
∑𝑁𝑀
𝑛=1 ∑𝑗=1 ∑𝑖=1 (Δ𝑥𝑖,𝑗,𝑘 ⋅ Δ𝑦𝑖,𝑗,𝑘 ⋅ Δ𝑧𝑖,𝑗,𝑘 ⋅ 𝑀𝑖,𝑗,𝑘 )

where 𝐹 stands for temperature, salinity, U component, or V
component of current; superscript Exp represents the result
of different experiments and True the true field; 𝐼𝑀, 𝐽𝑀, 𝐾𝑀,
and 𝑁𝑀 are the numbers of grid points of zonal, meridional,
vertical directions and the number of reanalysis days, respectively; subscripts 𝑖, 𝑗, 𝑘, and 𝑛 are the grid indices of zonal,
meridional, vertical, and temporal directions, respectively;
Δ𝑥, Δ𝑦, and Δ𝑧 are the length of zonal, meridional, and
vertical directions for one grid cell, and 𝑀 is a mask value
with 1 representing wet grid and 0 representing dry grid.

3. Impact of Argo on Ocean Reanalysis
3.1. Impact of Argo on Temperature Reanalysis. Figures 2(a),
2(b), and 2(c) show the horizontal distribution of vertical
averaged temperature RMSEs of the three twin experiments,
respectively, using (2). Since no “observation” is assimilated in
Experiment 1 and the initial field (climatological temperature
in August) has big difference compared with the true field
(CORA temperature of January 2005), the mean RMSE of
temperature over whole domain is about 3.676∘ C using (1).
The largest RMSEs appear in China coastal water, Thailand
Bay, and Karimata Strait where few “observations” can support the analysis. Luzon Strait, area to the east of Taiwan,
Japan Sea, and Equator area also have large RMSEs. By
assimilating “conventional observations,” temperature RMSE
of Experiment 2 is obviously lower than that of Experiment
1 by about 40%. By further assimilating “Argo observations,”
the temperature RMSE of Experiment 3 is lower than that
of Experiment 2 by about 10%; that is, the temperature
RMS error of Experiment 3 is lowest among all three twin
experiments. Figure 2(d) shows the difference of temperature
RMSEs between Experiments 1 and 2, and Figure 2(e) shows
that between Experiments 1 and 3. Therefore Figures 2(d)
and 2(e) represent the improvement of Experiments 2 and
3 relative to 1, respectively. Figure 2(f) shows the difference
of temperature RMSEs between Experiments 2 and 3, which
represents the improvement of Experiment 3 relative to 2.

(2)

,

𝐽𝑀 𝐼𝑀
True
∑𝑁𝑀
𝑛=1 ∑𝑗=1 ∑𝑖=1 [(𝐹𝑖,𝑗,𝑘,𝑛 − 𝐹𝑖,𝑗,𝑘,𝑛 ) ⋅ Δ𝑥𝑖,𝑗,𝑘 ⋅ Δ𝑦𝑖,𝑗,𝑘 ⋅ Δ𝑧𝑖,𝑗,𝑘 ⋅ 𝑀𝑖,𝑗,𝑘 ]
Exp

(1)

2

𝐾𝑀
True
∑𝑁𝑀
𝑛=1 ∑𝑘=1 [(𝐹𝑖,𝑗,𝑘,𝑛 − 𝐹𝑖,𝑗,𝑘,𝑛 ) ⋅ Δ𝑥𝑖,𝑗,𝑘 ⋅ Δ𝑦𝑖,𝑗,𝑘 ⋅ Δ𝑧𝑖,𝑗,𝑘 ⋅ 𝑀𝑖,𝑗,𝑘 ]
Exp

,

,

(3)

Positive value means RMSE decreasing and reanalysis
improving, and, on the contrary, negative value means
reanalysis degenerating. It is found that the improved area
of Experiment 2 compared to 1 includes Japan Sea, Kuroshio
area, area to the east of Taiwan, north part of SCS, and
Equator area where many “conventional observations” can
support the analysis. In addition to the above improved area,
the improved area of Experiment 3 compared to 1 is further
enlarged, even to eastern boundary of this study domain
(Figures 2(e) and 2(f)). Figure 3(a) gives the vertical structure
of temperature RMS error of these three twin experiments
using (3). Figures 3(b) and 3(c) represent the improvement
of Experiments 2 and 3 relative to 1, respectively, and
Figure 3(d) represents the improvement of Experiment 3
relative to 2. The main improvement of Experiment 2 with
only “conventional observations” assimilated concentrates in
the upper level, and there is somewhat degeneration beneath
2500 m level. Considering that there is big difference between
“observations” and model background, data assimilation
within the upper ocean may destroy the stratification in the
ocean, and abnormal mixing may be generated in the ocean,
which may result in the above degeneration beneath 2500 m
level in Experiment 2 with only “conventional observations.”
However, the deep observations of Argo may compromise
this problem. Therefore, with “Argo observation” assimilated,
temperatures in all levels are improved (Figures 3(c) and 3(d))
although Argo only provides upper 2000 m observations.
3.2. Impact of Argo on Salinity Reanalysis. Since no “observations” are assimilated in Experiment 1 and the initial field
(climatological August salinity) has big difference with the
true field (CORA salinity of January 2005), the mean RMSE of
salinity over whole domain is about 0.485 psu. Similar to that
of temperature analysis, the largest RMSEs of salinity appear
in China coastal water, Thailand Bay, and Karimata Strait
where few “observations” can support the analysis. Luzon
Strait, area to the east of Taiwan, Japan Sea, and Equator
area also have large RMSEs (Figure 4(a)). By assimilating
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Figure 2: (a), (b), and (c) show the horizontal distribution of vertical averaged temperature RMSEs of three twin-experiments, respectively,
using (2); (d) shows the difference of temperature RMSEs between Experiments 2 and 1, that is, Experiment 1 minus Experiment 2, and (e)
is for Experiment 1 minus Experiment 3; (f) is for Experiment 2 minus Experiment 3. Unit: ∘ C. Experiment 1 is a free run where no data is
assimilated, while Experiment 2 only assimilates “conventional observations” and Experiment 3 assimilates all the “observations” including
“conventional observations” and “Argo observations.”
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Figure 3: (a) The vertical structure of temperature RMSE of Experiments 1 (solid line with solid circle), 2 (solid line with hollow up-triangle),
and 3 (solid line with hollow square) using (3); (b) the temperature RMSE of Experiment 1 minus that of Experiment 2; (c) is for Experiment
1 minus Experiment 3; (d) is for Experiment 2 minus Experiment 3. Unit: ∘ C.

“conventional observations,” salinity RMSE of Experiment 2
is obviously lower than that of Experiment 1 by about 25%. By
further assimilating “Argo observations,” the salinity RMSE of
Experiment 3 is lower than that of Experiment 2 by about 10%;
that is, the salinity RMSE of Experiment 3 is lowest among all
the three twin experiments. It is found that the improved area
of Experiment 2 compared to 1 includes Japan Sea, Kuroshio
to the south of Japan, and area to the east of Taiwan where
many “observations” can support the analysis (Figure 4(d)).
Besides the above improved area, the improved area of Experiment 3 compared to 1 is further enlarged (Figure 4(e)). It can
be seen from Figure 4(f), as a necessary kind of supplement
to “conventional observations,” salinity data assimilation of
“Argo observation” can significantly improve the salinity
analysis to the east of Luzon Strait and the western part of
Japan Sea. From the vertical structure of salinity RMS error
of these three twin experiments (Figure 5(a)) and for the
similar reason as that for temperature, the maximum RMSE
is at surface, but another obvious extreme exists between
500 m and 1000 m in Experiment 1. Different from that of

temperature, although salinities in all levels are improved not
only in Experiment 3 (Figure 5(c)) but also in Experiment
2 (Figure 5(b)), the maximum improvement concentrates in
the middle level between 500 m and 1000 m (Figure 5(d)).
Large RMSE in upper 300 m ocean mainly comes from
the continental shelf (Figure 4(a)), where almost no salinity
observation exists. Therefore, only a little improvement is
found in the upper 300 m ocean in both Experiments 2 and 3,
and Argo does not provide additional useful information to
improve the salinity reanalysis on continental shelf. However,
in the interior ocean, especially in the area with depth
deeper than 1000 m, Argo can provide additional useful
salinity observations, which can improve salinity reanalysis
significantly.
3.3. Impact of Argo on Current Reanalysis. Since this study
assimilates temperature and salinity “observations” rather
than velocity “observations,” true velocity field can be added
in the verification of reanalysis as an independent element (Figure 6). For both U component and V component,
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Figure 4: Similar to Figure 3 but for salinity. Unit: psu.

the RMSE of Experiment 1 is the biggest among these three
twin experiments and that of Experiment 3 is the smallest. For
U component, the RMSEs of these three twin experiments are
0.112 m/s, 0.089 m/s, and 0.069 m/s, respectively. By assimilating “conventional observations,” U component RMSE of

Experiment 2 is obviously lower than that of Experiment 1 by
about 20%. By further assimilating “Argo observations,” the
U component RMSE of Experiment 3 is lower than that of
Experiment 2 by about 18%. For V component, the RMSEs
of these three twin experiments are 0.094 m/s, 0.083 m/s,
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Figure 5: Similar to Figure 4 but for salinity. Unit: psu.

and 0.065 m/s, respectively. By assimilating “conventional
observations,” V component RMSE of Experiment 2 is obviously lower than that of Experiment 1 by about 12%. By
further assimilating “Argo observations,” the V component
RMSE of Experiment 3 is lower than that of Experiment
2 by about 19%. Zonal flow dominates the World Ocean;
however Kuroshio, the strong western boundary current,
exists in this study domain, so the maximum zonal velocity
and the maximum meridional velocity almost share the same
value. For U component, it is found that the improvement
area of Experiment 2 compared to 1 includes continental
shelf area, Kuroshio, and north equator current (Figure 6(d)).
Besides the above improved area, the improved area of
Experiment 3 compared to 1 further includes the northwest
Pacific Ocean (Figure 6(e)). The major improved area of
U component by further assimilating “Argo observations”
concentrates in west Pacific Ocean (Figure 6(f)). For V
component, the improved area of Experiment 2 compared to
1 focuses on the strong current area (Figure 6(j)), which is
different from that of U component. The major improved area
of V component by further assimilating “Argo observations”
concentrates in west Pacific Ocean (Figure 6(l)), which is

similar to that of U component. From Figures 7 and 8,
the main improvements locate above the 2000 m level and
beneath 2500 m level. In Experiment 2, between 2000 m and
2500 m, there is almost no improvement for V component
and somewhat degeneration for U component. However, in
Experiment 3 with “Argo observation” assimilated, U and
V components for all levels are improved, and relative to
Experiment 2 the main improvement concentrates in the
upper 1500 m levels. The horizontal scale of the study domain
is large and current velocity of most area in this study
domain is small; therefore, except shallow sea, such as coastal
water, geostrophic or quasigeostrophic approximation is a
reasonable way for estimating current field. And under this
approximation, distribution of velocity field to the first order
can be determined by density field on large scale. Since
the density is determined by temperature and salinity, the
obvious improvement on temperature and salinity may result
in the improvement on density and may sequentially result in
the improvement of velocity field.
It is worth noting that although Argo profiles are mainly
distributed in Pacific Ocean to the east of Ryukyu Island
in this study domain, Argo data assimilation obviously
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Figure 6: (a)–(f) are similar to Figure 3 but for U component and (g)–(l) are similar to Figure 3 but for V component. Unit: m/s.
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Figure 7: Similar to Figure 4 but for U component.

improved the Kuroshio transport of East China Sea to the
west of Ryukyu Island. Figure 9 gives the time series of the
differences of the Kuroshio transport at PN section of East
China Sea between these three twin experiments and the
truth. The PN line is an important section which is about from
(124.5∘ E, 30∘ N) to (128.23∘ E, 27.45∘ N), and oceanographic
data obtained along this section are the most significant in the
investigation of Kuroshio in East China Sea [32]. Diagnosed
from temperature and salinity observation at PN section,
the average of observed PN relative geostrophic volume
transport is about 25.8 Sv, with a mean seasonal maximum
of 27.0 Sv in summer and minimum of 23.9 Sv in autumn
[32]. In our true field, the averaged PN transport is about
26.5 Sv, and in 2007 the maximum is 29.7 Sv occurring in
summer and the minimum is 23.3 Sv occurring in autumn,
which is basically consistent with the observation. Due to
the bad initial condition which may significantly deteriorate
the Kuroshio analysis and simulation, the RMSE of Kuroshio
transport in Experiment 1 is 15.1 Sv, while that in Experiment
2 with conventional observations data assimilated reduced
to 4.4 Sv and that in Experiment 3 with all observations
data assimilated further reduced to 2.9 Sv. Compared with

Experiment 2, further assimilation of Argo profile may
improve the reanalysis accuracy of Kuroshio transport by
about 1.5 Sv and speed up the current simulation toward the
true field. The reason may be that since Argo data assimilation
can improve the current field of Pacific Ocean to the east
of Ryukyu Island which is the open boundary condition
of marginal sea current field, the improvement in Pacific
Ocean circulation may successively improve the marginal sea
current field including the western boundary current such
as Kuroshio due to the continuity of fluid. Argo profiles are
widely distributed in World Ocean, so the ocean circulation
field can be significantly improved by assimilating Argo.

4. Conclusion
In this paper, based on the CORA system, three twin
experiments are used to evaluate the impact of Argo data on
temperature, salinity, and current reanalysis results. The main
conclusions can be drawn as follows.
(1) As a necessary kind of supplement to conventional
temperature and salinity observations, Argo data
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Figure 8: Similar to Figure 4 but for V component.

assimilation can further improve the reanalysis accuracy of temperature and salinity which have been
improved by assimilating only conventional observations and further enlarge the improved area. With
Argo profiles assimilated, the RMSEs of temperature
and salinity reanalysis can be further reduced by
about 10% in our study domain. Consistent with the
unique feature of Argo observations, the temperature
is improved in all levels and the largest improvement
of salinity happens in the deep ocean.
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Figure 9: Time series of the differences of the Kuroshio transport at
PN section of East China Sea between the three twin experiments
and the truth obtained from the control run. Blue line is for
Experiment 1 minus the truth, red line is for Experiment 2 minus
the truth, and black line is for Experiment 3 minus the truth.

(2) Velocity field can be determined by density field in
large scale to the first order under geostrophic or
quasigeostrophic approximation; therefore, as long as
temperature and salinity can be improved by data
assimilation, density structure and the corresponding
velocity field can be improved. Argo profiles are
widely distributed in World Ocean, so the ocean
circulation field can be significantly improved by
assimilating Argo. With Argo profiles assimilated,
the RMS errors of current reanalysis can be further
reduced by about 18% in our study domain.
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A one-dimensional turbulent model is used to investigate the effect of sea spray mediated turbulent fluxes on upper ocean
temperature during the passage of typhoon Yagi over the Kuroshio Extension area in 2006. Both a macroscopical sea spray
momentum flux algorithm and a microphysical heat and moisture flux algorithm are included in this turbulent model. Numerical
results show that the model can well reproduce the upper ocean temperature, which is consistent with the data from the Kuroshio
Extension Observatory. Besides, the sea surface temperature is decreased by about 0.5∘ C during the typhoon passage, which also
agrees with the sea surface temperature dataset derived from Advanced Microwave Scanning Radiometer for the Earth Observing
and Reynolds. Diagnostic analysis indicates that sea spray acts as an additional source of the air-sea turbulent fluxes and plays a
key role in increasing the turbulent kinetic energy in the upper ocean, which enhances the temperature diffusion there. Therefore,
sea spray is also an important factor in determining the upper mixed layer depth during the typhoon passage.

1. Introduction
When the wind speed reaches a certain level, surface wave
breaking produces large numbers of sea spray droplets in the
air-sea interface. Wave breaking and sea spray significantly
affect the turbulent mixing [1, 2] and turbulent fluxes [3],
respectively, which play a key role in the upper ocean in the
high wind speed condition (>25 m/s) [4] (e.g., typhoon). So
the research method of sea spray has been concerned for
several decades. Riehl (1954) [5] was the first to point that
the sea spray evaporation provided a significant amount of
heat. After twenty years, the sea spray problem caught high
attention again [6–11]. Wu (1974) [10] observed sea spray’s
concentration in the wind-wave tank and computed the evaporation of sea spray. Bortkovskii (1973) [9] simply evaluated
the energy and evaporation of the sea spray droplet and
claimed that it is a primary source for enhancing the sea-air
interfacial transfer in the high wind speeds. In addition, Ling
and Kao (1976) [11] introduced sea spray evaporation into

the equation of heat transfer and found that sea spray is
also the important humidity source. In recent years, much
research has focused on the effect of sea spray by developing
theories [12–16]. Anthes (1982) [12] proposed that the evaporation of sea spray droplets would enhance the sensible heat
transfer. Zhang and Lou [13] and Lou and Zhang [14] analyzed
the physical processes of the individual sea spray droplet
to get the expressions of spray heat flux and water vapor
flux. Hasse (1992) [15] simply estimated the spray’s impact
by using three distinct arguments: the total surface area of
sea spray droplet, an energy constraint, and the evaporation
implied by the sea-salt aerosol. In recent years, much research
has focused on the sea spray by the developing theories.
Andreas [17–19] adapted Pruppacher and Klett’s [20] cloud
microphysical equations to study the thermal and moisture
evolution of sea spray droplets. Fairall et al. [21] predigested
Andreas’s [17, 19] time scale and first incorporated a reasonable spray-based parameterization scheme into a simple
model of the tropical cyclone boundary layer. So far, on
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the basis of the above studies, it is possible to calculate the sea
spray induced heat flux using the actual observed data. At the
same time, the sea spray heat algorithm presented by Fairall
et al. [21] is basically valid for the high wind condition, since
the sea spray generation function depends on wind speed
and the whitecap areal fraction. In this study, the sea spray
mediated heat flux is calculated following Fairall’s sea spray
algorithm in the typhoon passage. However, the feedback
mechanism between the sea spray and the atmosphere is
not considered in Fairall’s sea spray algorithm. Therefore, the
study will introduce the feedback mechanism into the airsea heat flux algorithm, which is feasible for us to calculate
reasonable sea-air heat fluxes under the typhoon conditions.
Both theoretical researches [22] and field observations
[23, 24] reveal that the drag coefficient leveled off or even
decreased in the high wind speed. Powell et al. [23] hypothesized that sea spray could significantly influence the transfer
of momentum for the wind speed above about 34 m/s. On
the basis of field observations [23], Makin [25] suggested that
a thin air boundary layer adjacent to the surface goes into a
regime of limited saturation by suspended sea spray droplets,
and the thin layer restrains the momentum transfer from the
wind to the ocean. In the meantime, Makin [25] revised the
wind speed logarithmic profile by the sea spray influence and
derived the sea surface dynamic roughness length including
the effect of sea spray at high winds. Based on the above
research results, it is expected to investigate the momentum
effect of sea spray during the typhoon passage through the
spray induced sea surface dynamic roughness length.
Although the effect of the spray induced heat flux on
air-sea interface under high winds was demonstrated by
numerical simulations over a decade [26–30], the momentum
effect of sea spray is hardly considered. In addition, little
attention has been paid to both heat and momentum conjunct
effects of sea spray on the upper ocean temperature in the
period of typhoon by the numerical simulations. The goal
of the present study is to investigate the impact of sea
spray mediated turbulent fluxes on the upper ocean over
the midlatitude oceans during a typhoon passage, using the
General Ocean Turbulent Model (GOTM) that contains comprehensive turbulent mixing parameterizations. The effects of
sea spray are presented from two kinds of physics processes.
On the heat aspect, the impact of sea spray is considered in the
form of modifying air-sea surface heat fluxes by microcosmic
way, based on the sea spray microcosmic physical model from
Fairall et al. [21]. On the momentum aspect, the effect of sea
spray is introduced by the sea surface aerodynamic roughness
length to investigate its impact on the air-sea momentum
flux. As a pilot study, we present a case study of typhoon
cyclone and explore the effects of sea spray in the numerical
simulations.
The remainder of this study is organized as follows:
model description and the spray turbulent flux algorithms
are presented in Section 2. The experimental design of the
numerical simulations is described in Section 3. Section 4
discusses numerical results and analyzes related mechanisms
according to the model results, followed by the conclusions
in Section 5.
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2. Model Description
2.1. The GOTM Model. To clearly address the issue raised
from the last section and avoid the complexity of a general circulation model, a one-dimensional ocean numerical
model, namely, General Ocean Turbulence Model (denoted
by GOTM) [31], which has a potential capability to simulate the vertical mixing processes near the upper ocean,
is employed in this study. General Ocean Turbulent Model
(GOTM) is a one-dimensional water column model (see
http://www.gotm.net/), which solves the transport equations
of heat, salt, and momentum. The governing equations of
GOTM are formulated as
𝜕𝜃
𝜕𝜃
𝜕
𝜕
1 𝜕𝐼
𝜕𝜃
−
(V ) −
(𝐾ℎ ) =
,
𝜕𝑡 𝜕𝑧
𝜕𝑧
𝜕𝑧
𝜕𝑧
𝜌0 𝐶𝑝 𝜕𝑧

(1)

𝜕𝑆
𝜕𝑆
𝜕𝑆
𝜕
𝜕
−
(V ) −
(𝐾𝑞 ) = 0,
𝜕𝑡 𝜕𝑧
𝜕𝑧
𝜕𝑧
𝜕𝑧

(2)

where 𝜃 and 𝑆 represent the mean potential temperature and
salinity, respectively. V and V denote the molecular diffusivities of heat and salt, respectively. 𝐶𝑝 is the heat capacity of
seawater. 𝜌0 is a constant reference density resulting from the
Boussinesq approximation. The source term of temperature
in the right-hand side of (1) is the vertical divergence of solar
radiation (𝐼). 𝐾𝑞 and 𝐾ℎ denote temperature and salinity
diffusion coefficient. In the current version of GOTM, we set
𝐾𝑞 equal to 𝐾ℎ for simplicity.
We will use the 𝑘-𝜀 second turbulence closure model to
simulate turbulence parameters [32]. Within the framework,
𝐾ℎ is equal to 𝑐𝜇 𝑘1/2 𝑙. The nondimensional quantity 𝑐𝜇 is the
function of nondimension stability parameter that describes
the influence of stratification on turbulent mixing. 𝑘 is the
turbulent kinetic energy and 𝑙 ∝ 𝑘3/2 𝜀−1 is the integral
length scale, computed here from the dissipation rate 𝜀. The
transport equation for the turbulent kinetic energy 𝑘 follows
immediately from the contraction of the Reynolds-stress
tensor. The equation of 𝑘 can be written as
𝜕𝑘
= 𝐷𝑘 + 𝑃 + 𝐺 − 𝜀,
𝜕𝑡

(3)

where 𝑃 and 𝐺 are the turbulent production of 𝑘 by shear production and buoyancy generation, respectively, and 𝜀 is the
dissipation term of turbulent kinetic energy. 𝐷𝑘 represents
vertical diffusion terms. In 𝑘-𝜀 model, the rate of dissipation
is balanced according to
𝜕𝜀
𝜀
= 𝐷𝜀 + (𝑐𝜀1 𝑃 + 𝑐𝜀3 𝐺 − 𝑐𝜀2 𝜀) ,
𝜕𝑡
𝑘

(4)

where 𝐷𝜀 represents the sum of the viscous and turbulent
transport terms. The model constants 𝑐𝜀1 , 𝑐𝜀2 , and 𝑐𝜀3 are 1.44,
1.92, and 1.44, respectively.
2.2. Air-Sea Flux Parameterizations
2.2.1. COARE Model. To provide the external forcing for
the GOTM, the surface fluxes in the air-sea interface are
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calculated from the mean model parameters using MoninObukhov Similarity Theory. The COARE version 2.6 bulk
model turbulent fluxes of momentum 𝜏, latent heat 𝐻𝐿 , and
sensible heat 𝐻𝑆 are
𝜏 = 𝜌𝑎 𝐶𝑑 𝑈𝑧2𝑙 ,

𝑧0 =

𝐻𝑆 = 𝜌𝑎 𝑐pa 𝐶ℎ 𝑈𝑧𝑙 (𝜃0 − 𝜃𝑧𝑙 ) ,

(5)

𝐻𝐿 = 𝜌𝑎 𝐿 V 𝐶𝑘 𝑈𝑧𝑙 (𝑞0 − 𝑞𝑧𝑙 ) ,
where 𝜌𝑎 is the air density; 𝑐pa is the specific heat of air at
constant pressure; 𝐿 V is the latent heat of vaporization of
water; 𝜃 is the potential temperature and 𝑞 is the specific
humidity. 𝑈 is the mean horizontal wind speed and the
subscript 𝑧𝑙 denotes the lowest model level, while 0 refers to
the water surface. 𝐶𝑑 , 𝐶ℎ , and 𝐶𝑘 are the drag coefficient, the
transfer coefficient for the sensible heat, and the latent heat,
respectively:
𝜅2
,
ln2 (𝑧𝑙 /𝑧0 )

(6a)

𝜅2
,
ln (𝑧𝑙 /𝑧0 ) ln (𝑧𝑙 /𝑧0𝑡 )

(6b)

𝐶𝑑𝑛 =
𝐶ℎ𝑛 =
𝐶𝑘𝑛 =

𝜅2
ln (𝑧𝑙 /𝑧0 ) ln (𝑧𝑙 /𝑧0𝑞 )

.

𝑧0𝑞 =

𝑅𝑡 V
,
𝑢∗
𝑅𝑞 V
𝑢∗

,

(8a)
(8b)

where 𝑅𝑡 and 𝑅𝑞 , as the functions of 𝑅𝑟 , are roughness
Reynolds number for temperature and moisture.
Based on the COARE model, the next section introduces
the parameterization of sea spray. The key feature of sea
spray parameterization is that the heat and momentum
effects of sea spray are recognized by the microcosmic and
macroscopical aspects, respectively. On the macroscopical
aspect, the sea surface aerodynamic roughness length with
the effect of sea spray is used to investigate the impact of the
sea spray on the drag coefficient and air-sea momentum flux.
On the microcosmic aspect, the effects of heat fluxes induced
by sea spray are introduced by the Fairall et al. [21] spray heat
algorithm (henceforth FA94). Hence, the model includes the
parameterizations for both the interfacial and the sea spray
fluxes.

𝛼𝑐 𝑢∗2
,
𝑔

(9)

where 𝛼𝑐 is Charnock constant and is set to 0.011 [33]. 𝑔
represents the acceleration due to gravity. Fairall et al. [33]
pointed that the Charnock relation has been proven to work
well for the low-moderate wind, and it is theoretically based
and accurately for the interfacial turbulent fluxes for wind
up to 10 m/s. When the wind speed reaches 11–13 m/s, the
contribution of sea spray to the heat fluxes becomes significant. In other words, the Charnock relation does not contain
sea spray droplets effect. Hence, the Charnock relation is still
accurate for the interfacial turbulent fluxes when extrapolated
to higher wind speeds.
For the high wind speed, the transfer coefficient for
momentum flux decreases with the increasing of the wind,
which is validated by the current field observations in the
marine boundary layer [23, 24]. Based on the field measures
[23], Makin [25] introduces the effect of sea spray into the
wind speed logarithmic profile and further gives the sea
surface dynamic roughness length 𝑧0 including the effect of
sea spray for high wind speed:

(6c)

Here 𝜅 is the von Karman constant, while 𝑧0 , 𝑧0𝑡 , and 𝑧0𝑞
are the roughness lengths for the velocity, temperature, and
humidity, respectively. From laboratory studies it has proven
convenient to characterize the surface and the flow regime by
the roughness Reynolds number:
𝑢 𝑧
𝑅𝑟 = ∗ 0 ,
(7)
V
where V is the kinematic viscosity of air,
𝑧0𝑡 =

2.2.2. Sea Spray Affected Sea Surface Dynamic Roughness. In
the original COARE version 2.6 bulk model, the Charnock
relation is used to calculate the sea surface dynamic roughness length,

𝑧0 =

𝑐𝑙1−1/𝜔 𝛼𝑐1/𝜔 𝑢∗2
,
𝑔

(10a)

𝑎cr
),
𝜅𝑢∗

(10b)

𝜔 = min (1,
𝑐𝑙 =

𝑔ℎ𝑙
,
𝑢∗2

(10c)

where 𝜔 represents the correction parameterization indicating the effect of sea spray on the logarithm wind speed. The
value of the terminal velocity 𝑎cr is estimated about 0.64 m/s
corresponding to a sea spray droplet radius of about 80 m
[25]. ℎ𝑙 is the height of the suspension layer in the regime
of limiting saturation, which is proportional to and larger
than the height of the breaking waves but smaller than the
significant wave height 𝐻 by assuming that most of the spray
at high wind speeds is produced by mechanical tearing by
the wind from steep short waves. Hence, the height of the
suspension layer in the regime of limiting saturation ℎ𝑙 is
about 1/10 of the significant wave height [25, 34]. In (10c), 𝑐𝑙
represents the nondimensionalized quantity of the height of
the suspension layer in the regime of limiting saturation:
𝑐𝑙 =

1 𝑔𝐻
.
10 𝑢∗2

(11)

It is found that the effects of sea spray are implied in the
parameters 𝜔 and 𝑐𝑙 according to (10a), (10b), (10c), and (11).
For the low-to-moderate wind conditions (<25 m/s), 𝑧0
depends on both the wave states and wind speeds [35–39].
Donelan [40, 41] argued that laboratory experiments could
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not represent field conditions for the same wave ages, so
observations of the laboratory experiments and the field
conditions should be discussed separately. To simulate the
real open ocean, 𝑧0 is derived from the real open ocean
condition and Donelan [40] can represent most results of the
foregoing researcher for the moderate wind speed:
𝑐𝑝 −1.03
𝑧0 𝑔
=
0.42
(
)
,
𝑢∗2
𝑢∗

(12)

where 𝑐𝑝 is peak wave phase velocity.
For the full wind speeds condition, the 𝑧0 including the
effect of sea spray is calculated by combining the 𝑧0 for
moderate wind (12) and for high wind ((10a), (10b), and
(10c)), using the 3/2 power law [42] and the relation between
significant wave period and peak wave period:
𝑧0 𝑔
= 0.0847(1−1/𝜔) 0.421/𝜔 𝛽∗(3/2−253/100𝜔) ,
𝑢∗2

(13)

where 𝛽∗ is the wave age. When the impact of the sea spray
droplets on the dynamics of the airflow at this regime is still
small, 𝜔 should be equal to 1, and fully wind conditional
roughness length (13) degrades the low wind conditional
roughness length (12). However, the impact of the sea spray
on the sea surface roughness is large enough (𝜔 < 1), which
leads to the decrease of the roughness length and the drag
coefficient.
2.2.3. Spray Heat Flux Algorithm. The parameterization
scheme for the sea spray heat fluxes used in this study
follows FA94. This parameterization builds on earlier work
on droplet microphysics and the associated timescales by
Andreas [17, 19]. Thus, the spray droplet mediated sensible
heat flux is proportional to the mass flux of all relevant spray
droplets and the air-sea temperature difference:
𝑄𝑠 = 𝑆V 𝑊 (𝑢) 𝛾 (𝑢10 ) 𝜌𝑤 𝑐𝑝𝑤 (𝑇𝑠 − 𝑇𝑎 ) .

(14)

Here 𝜌𝑤 and 𝑐𝑝𝑤 are the density and specific heat of liquid
water. 𝑊(𝑢) is the whitecap areal fraction that is used
to compute the sea spray droplet source number density
spectrum. FA94 used the following form with the strong wind
speed dependence:
𝑊 (𝑢) = 3.8 × 10−6 𝑢3.4

(15)

Here 𝑞𝑠 (𝑇𝑎 ) is the saturation mixing ratio and spray droplets
evaporate at their evaporating temperature 𝑇ev , which can be
regarded as a wet-bulb temperature modified for the effects
of salinity and curvature, and not at the air temperature. Thus
𝑄𝑙 would be expected to be proportional to 𝑞𝑠 (𝑇ev ) − 𝑞, rather
than 𝑞𝑠 (𝑇𝑎 ) − 𝑞 as given. The term
−1

0.622𝐿2𝑒
𝑞 (𝑇 )] ,
𝛽 (𝑇𝑎 ) = [1 +
𝑅𝑐pa 𝑇𝑎2 𝑠 𝑎

(18)

where 𝑅 is the gas constant of dry air. The 10 m wind speed
adjusted term
𝛾 (𝑢10 ) = 1 − 0.087 ln (

10
).
ℎ

(19)

Based on the Andreas [19] sea spray heat fluxes model, 𝑆𝑎 is
set to 0.125 s−1 (given by FA94). The evaporation zone scale
height ℎ is crudely defined as the height above the mean
surface below which 67% of the total droplet evaporation
takes place. ℎ is the evaporation zone scale height. Both
measurements [47–49] and modeling studies [11, 50] confirm
that the proper scaling height for the droplet evaporation
zone is the mean wave height. For simplicity, FA94 considered
mean wave height as the evaporation zone scale height.
FA94 argued that 𝑄𝑙 and 𝑄𝑠 represent upper limits and
that the actual spray-dependent fluxes will be reduced by a
factor due to the fact that mean profiles of 𝑞 and 𝑇 in the
droplet zone do not remain logarithmic but are modified by
the presence of the spray. Based on the numerical simulations
[16, 51], the limited constant is about 0.5 (given by FA94). The
equations for the spray sensible heat and latent heat flux are
𝑄𝑠 = 0.5𝑆V 𝑊𝛾 (𝑢10 ) 𝜌𝑤 𝑐𝑝𝑤 (𝑇𝑠 − 𝑇𝑎 ) ,
𝑄𝑙 = 0.5𝑆𝑎 ℎ𝑊𝛾 (𝑢10 ) 𝛽 (𝑇𝑎 ) 𝜌𝑎 𝐿 𝑒 [𝑞𝑠 (𝑇𝑎 ) − 𝑞] .

(20a)
(20b)

We note that 𝑄𝑙 and 𝑄𝑠 are the spray droplet mediated fluxes that would occur if the sea spray does not alter the normal logarithmic profile of mean 𝑞 and 𝑇 in the droplet evaporation zone.

where 𝑓𝑛 (𝑟) is the source spectrum per unit area of whitecap.
Evaluation of 𝑆V is straightforward from three different data
sources [44–46], whose value is equal to 5.0 × 10−6 m/s, which
is independent of meteorological conditions.
Using the above approach, the spray droplet mediated
latent heat flux is expressed as

2.2.4. Combined Turbulent Fluxes. The physical effects of
sea spray between the air-sea interfaces are introduced from
both the macroscopical and microcosmic ways. Concretely,
the momentum (heat) effect of spray is introduced by the
macroscopical (microcosmic) way.
Firstly, based on COARE 2.6 bulk model, the total airsea momentum 𝜏tot (including sea spray effect) is calculated
by the sea surface dynamical roughness length with the sea
spray effect at the full wind speeds (13); the interfacial airsea momentum 𝜏int (excluding sea spray effect) is computed
by the Charnock relation (9). Hence the sea spray induced
momentum flux is

𝑄𝑙 = 𝑆𝑎 ℎ𝑊𝛾 (𝑢10 ) 𝛽 (𝑇𝑎 ) 𝜌𝑎 𝐿 𝑒 [𝑞𝑠 (𝑇𝑎 ) − 𝑞] .

𝜏𝑠 = 𝜏tot − 𝜏int .

from Monahan and Muircheartaigh [43]. 𝑆V is all the relevant
whitecap normalized droplet volume flux:
𝑆V = ∫

∞

0

4𝜋 3
𝑟 𝑓𝑛 (𝑟) 𝑑𝑟,
3

(16)

(17)

(21)
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Secondly, the combined spray and interfacial fluxes constitute the boundary conditions. Andreas and DeCosmo [52]
give the total sensible (𝐻𝑆,𝑇 ) and latent (𝐻𝐿,𝑇 ) heat fluxes as
𝐻𝐿,𝑇 = 𝐻𝑙 + 𝛼𝑄𝑙 ,

(22a)

𝐻𝑆,𝑇 = 𝐻𝑠 + 𝛽𝑄𝑠 − (𝛼 − 𝛾) 𝑄𝑙 .

(22b)

Here, 𝐻𝑙 and 𝐻𝑠 are the interfacial latent and sensible
heat fluxes that are computed by the COARE version 2.6
algorithms and described in Section 2.2.1. In (23a), 𝛼𝑄𝑙 term
models the latent heat flux (or moisture flux) coming out
the top of the spray droplet evaporation layer that spray has
contributed. However, FA94 pointed out that because the
atmosphere must supply all the heat to evaporate the droplets,
these droplets are a sink for sensible heat. Hence, to conserve
energy, this 𝛼𝑄𝑙 term in (23a) must appear with the opposite
sign in the sensible heat equation (23b). The 𝛽𝑄𝑠 term in (23b)
models the sensible heat that spray droplets give up in cooling
from the ocean surface temperature 𝑇𝑠 to the temperature
they have on returning to the sea surface. Thus, the 𝛾𝑄𝑙 term
in (23b) adds more sensible heat to the layer because of the
increased air-sea temperature different that results from the
spray’s evaporative cooling of the layer.
Andreas [53] used the FA94 spray generation function to
compute the spray heat fluxes and evaluate that the values of
𝛼, 𝛽, and 𝛾 are 3.3, 5.7, and 2.8 based on the HEXOS heat
and moisture flux dataset. Hence coming by the above physics
processes, the net sea spray contribution to the total sensible
and latent heat fluxes can be estimated:
𝑄𝐿,sp = 𝛼𝑄𝑙 ,

(23a)

𝑄𝑆,sp = 𝛽𝑄𝑠 − 𝛼𝑄𝑙 + 𝛾𝑄𝑙 .

(23b)

Hereafter, 𝑄𝐿,sp and 𝑄𝑆,sp are called sea spray induced
sensible heat flux and latent heat flux, respectively.

3. Experimental Design
Two experiments are designed to investigate the influence of
sea spray in the upper ocean during the passage of typhoon
Yagi. According to the descriptions in Section 2, the air-sea
turbulent fluxes without the effect of sea spray are computed
in Test 1. On the basis of Test 1, Test 2 introduces the effect
of sea spray into the air-sea turbulent fluxes. Based on the
GOTM model and KEO observations, the 1D GOTM is
configured to the position of the KEO station with a 400 m
depth and 1200 vertical layers with intervals of 0.33 m. To
use the typhoon data, the simulation period is extended from
September 17 to 29, 2006. Note that the ocean was initialized
with the same temperature and salinity profiles from the KEO
station in two cases. The numerical output such as air-sea
momentum flux fields, heat fluxes fields, and sea temperature
will be presented for sequent comparative analysis.
The Kuroshio Extension Observatory (KEO) is used in
the GOTM model to simulate the typhoon Yagi, which is
located at 32.4∘ N, 144.6∘ E and was first deployed in mid-June
2004. The measurements of KEO include 3 m air temperature,
3 m relative humidity, 3 m wind speed and direction, solar and
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Figure 1: Daily averaged sea surface temperature (SST) (color fill,
in ∘ C) derived from the Reynolds SST dataset on September 23.
Green pentacle represents the location of the Kuroshio Extension
Observatory (KEO) mooring. Color dots indicate the center location
of Yagi on September 21–24 (every 6 h). Thin black curves indicate
the 27∘ C contour.

long-wave radiation, rain rate, sea temperature profile, and
sea salinity profile. The temporal resolution of all variables
is 10 min, except for the radiations being 2 minutes. The
observed layers of salinity and temperature are 1, 10, 15, 50, 75,
and 400 m and 1, 10, 15, 25, 50, 75, 100, 150, 200, 300, 400, 450,
and 500 m, respectively. The period of KEO variables used in
the simulation is from September 17 to 29, 2006.

4. Numerical Results
Figure 1 shows the track of typhoon Yagi on September 21–24
(color dots) and the distribution of sea surface temperature
on September 23 (shade) in the study area (15–40∘ N, 130–
150∘ E). As shown in Figure 1, the typhoon Yagi upgraded to a
supper typhoon on September 22. Subsequently, Yagi moved
towards northeast and passed KEO station on September 23,
where a broad area of low temperature can be seen distinctly
around the right of Yagi [54]. On September 24, Yagi left the
sea region, and the low temperature lasted until September 27
(not shown).
4.1. The Momentum Fluxes. The 10 m drag coefficient 𝐶𝑑
according to (6a), (6b), and (6c) is shown in Figure 2. When
the effect of sea spray is considered, a significant dependence
of 𝐶𝑑 on the wind speed and the wave age can be seen
from the black dot lines in Figure 2. 𝐶𝑑 (𝑧0 derived from
(13)) increases with the wind speed until the wind speed
reaches 33 m/s for different wave age. In the meantime, 𝐶𝑑
decreases with the increasing of the wave age when the wind
speed remains constant. However, when the effect of sea spray
is ignored, 𝐶𝑑 (𝑧0 derived from (9)) increases continually
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Figure 2: The change of drag coefficient with the 10 m wind speed
on the different wave ages (8, 10, 15, 20, 30, 40, 50, 80, and 100).
The black dot lines represent the drag coefficient affected by the
sea spray, which are calculated by (13). The drag coefficient without
the effect of sea spray is indicated by the green line and calculated
by the Charnock relation (9). The observations of Jarosz et al.
(2007) based on different resistance coefficients (0.1, 0.0505, 0.02,
and 0.001 cm/s) are plotted by the red dots. The blue dots represent
the drag coefficient observed by Powell et al. (2003).

with wind speed and remains invariable with the wave age
(green line). Further, the distribution of 𝐶𝑑 affected by the
sea spray is in agreement with the counterpart obtained
from the observations (Powell et al. [23] (blue markers) and
Jarosz et al. [24] (red markers)). Therefore, the sea spray
has positive impacts on 𝐶𝑑 . It is important to figure out the
physical process how sea spray affects 𝐶𝑑 , which is described
as follows: at very high wind speeds, a deep part of the marine
atmospheric surface layer is filled with spray droplets, which
forms the so-called suspension layer. In the suspension layer,
the heaviest particles remain closer to the surface, so the
spray droplets over the ocean form a very stable boundary
layer close to the surface. As wind speeds exceed 33 m/s,
the suspension layer in the regime of limiting saturation
is formed, and the sea spray droplets influence the airflow
dynamics, which can restrain the momentum transport from
the wind to the sea surface [25].
Figure 3 depicts time series of surface momentum flux
with and without sea spray at the fixed location of the KEO.
As shown in Figure 3, prior to the passage of Yagi (September
20–22), sea spray has almost no effect on the momentum flux.
When Yagi passed the KEO station, the momentum flux is
significantly enhanced by the sea spray. The maximum total
momentum fluxes (with the effect of sea spray) increase to

Figure 3: Time series of momentum flux at the KEO station where
the simulated typhoon passed by at 18:00 September 23. Blue line
and red line represent interfacial flux (without sea spray effect) and
total flux (with sea spray effect), respectively.

10.29 N/m2 and 11.38 N/m2 at the peak winds on either side
of the typhoon eye (Figure 3 red line). The increments of
4.79 N/m2 and 5.13 N/m2 are comparable with the interfacial
momentum flux (without the effect of sea spray). When Yagi
was far from the station gradually (September 24–29), the
effect of sea spray on the momentum flux quickly decays.
4.2. The Heat Fluxes. Figure 4 shows time series of the total
and interfacial heat flux, given by (22a)-(22b). As shown in
Figure 4, the total heat flux (red line in Figure 4) is generally
greater than the interfacial heat flux (blue line in Figure 4)
during the typhoon Yagi period. The eye of typhoon Yagi
passed the KEO station at 18:00 September 23 (Figure 1).
The wind speed was nearly symmetric with the eye, and
the maximum of the wind speed was 32.7 m/s and 34 m/s,
respectively (not shown). Hence, there are double peaks of the
heat flux symmetric with the typhoon eye (Figure 4). When
the typhoon Yagi passed the KEO station on September
23, the maximal interfacial latent heat flux is 533.8 W/m2
(blue line in Figure 4(b)), and the maximal total latent heat
flux is 738.2 W/m2 (red line in Figure 4(b)). The latent heat
flux is maximally increased by 204.4 W/m2 (spray mediated
latent heat flux 𝑄𝐿,sp ) at the peak winds on the right side
of the typhoon eyes. In the meantime, the total maximum
sensible flux is 298.2 W/m2 (red line in Figure 4(a)), which
is an increment of 106.5 W/m2 compared with the interfacial
maximum sensible heat flux (blue line in Figure 4(a)).
4.3. Sea Temperature. In this section, the daily SST simulated
by the GOTM during the passages of typhoon Yagi is
compared with the AMSR-E and Reynolds satellite data.
Figure 5 shows the variation of daily SST simulated by Test
1 (blue curves) and Test 2 (red curves) during the passage of
Yagi. For comparison, the AMSR-E (black pentacle line) and
Reynolds (black star line) SST are also plotted. Results of two
tests are consistent with the observed SST before the typhoon
Yagi passed the KEO station (on September 18-19). After Yagi
left the KEO station (i.e., September 23–26.), the significant
decreasing trend of the SST can be seen from variation of
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Figure 4: Time series of (a) sensible heat flux and (b) latent heat flux at the KEO station where the simulated typhoon passed by at 18:00
September 23. Blue line and red line represent interfacial heat flux and total heat flux, respectively.
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Figure 5: Variation of daily averaged SST during the passage of
typhoon Yagi. Red and blue curves represent results of test including
spray effect (Test 1) and excluding spray effect (Test 2), respectively.
Black pentacle line and black star line represent AMSR-E and
Reynolds SST, respectively.

daily averaged SST. On September 25, the SST of AMSR-E and
Reynolds reaches 26.4∘ C and 26.15∘ C, respectively. Compared
with SST simulated by Test 1 (26.88∘ C), the SST of Test 2
decreases to 26.39∘ C, which is closer to the observations
from the AMSR-E and Reynolds. The difference in the two
experiments indicates that the sufficient cooling of the SST
can be reproduced if the effect of sea spray is considered.
Figure 6 shows time series of the mixed layer depth
(MLD) for the two tests with and without the sea spray effect,
where the MLD is derived from the turbulent kinetic energy
threshold. When the sea spray fluxes algorithms are included
in GOTM, the maximal MLD is 52.49 m for the no spray
case (Test 1) and 68.87 m for the with spray case (Test 2) on
September 24. The MLD difference in two tests illuminates
that sea spray can deepen the MLD during the typhoon
passage in the GOTM simulation.
Figure 7 shows the influence of sea spray in the upper
100 m profiles of temperature at 12:00 September 21–26

−30
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−60
−70
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Sep. 22

Sep. 24

Sep. 26

Sep. 28

2006
No spray
Spray

Figure 6: Time series (daily) of the mixed layer depth from
simulations with (Test 2) and without (Test 1) sea spray effect at
the fixed station. The red (blue) line is the mixed layer depth with
(without) sea spray effect.

((a)–(f)). Results show that Test 2 can capture the trend of
temperature reduction in the upper ocean layer after Yagi left
the KEO station. The upper layer temperature profiles of Test
2 (red lines) are more similar to the KEO observations (gray
asterisks) than those of Test 1 (blue lines) during the Typhoon
passage. The simulated temperature profile of Test 2 especially
cooled significantly after the typhoon’s passage (September
24–26). The temperature simulated by Test 2 is cooler by 0.5∘ C
than that simulated by Test 1. Hence, the effect of sea spray can
yield additional cooling during the typhoon Yagi simulation.

5. Discussion
5.1. The Effect of Sea Spray on Momentum Fluxes. When the
sea spray droplets are ejected into the air, they are accelerated
by the air drag. At one time, the sea spray droplets extract the
momentum from the airflow. When sea spray droplets crash
back into the sea surface, they transfer their momentum to
the ocean. Momentum transfer is carried out from the air
to the ocean by the sea sprays. So the effect of sea spray on
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Figure 7: Upper 100 m temperature profiles simulated by Test 1 (no spray, blue curves) and Test 2 (spray, red curves) at ((a)–(f)) 12:00
September 21–26, 2006. Gray asterisks indicate the KEO observed temperature.

momentum exchange should be evaluated in the real typhoon
period. To clearly analyze the distribution characteristic of
the momentum fluxes, the trends of momentum fluxes as
a function of wind speed are shown in Figure 8. For the
wind speed less than 20 m/s, the spray mediated momentum
flux (red dot line in Figure 8(a)) is about two orders of
magnitude less than the interfacial momentum flux (blue
dot line in Figure 8(a)), which is in agreement with the
depiction in Andreas and Emanuel [55]. The growth rate
of spray momentum flux is far less than that of interfacial
momentum flux, whereas, for wind speeds over 20 m/s, the
growth rate of spray momentum flux with wind increasing
is much greater than the rate of interfacial momentum flux.
When wind speed reaches 31 m/s, both the spray momentum flux (red dot line in Figure 8(b)) and the interfacial
momentum flux (blue dot line in Figure 8(b)) are almost
equal. This conclusion can be corroborated by the result of
previous studies about spray momentum flux. For example,
Andreas and Emanuel [55] evaluated the spray momentum
flux using the spray generation functions of Andreas [19]. If
the spray momentum grows using prevailing growth rates,

the interfacial momentum and the spray momentum are
equal at about 𝑢∗ = 2 m/s (Figure 8 in Andreas and Emanuel
[55]); this 𝑢∗ corresponds to a surface-level wind speed of
about 32 m/s. Hence it indicated that result is considerably
reasonable in this study. It is worth noting that, for the wind
speed greater than 33 m/s, the growth of spray momentum
flux does not continuously increase as the interfacial momentum flux does. The growth rate of the total momentum flux
decreases due to the influence of the sea spray. Because of
wind speeds exceeding 33 m/s, regime of limiting saturation
suspension layer is formed by the spray in air-sea interface
surface layer, which can influence the airflow dynamics.
Hence, with the effect of sea spray, the growth rate of total
momentum flux reduces in the high wind condition.
5.2. The Effect of Sea Spray on Heat Fluxes. Based on the
results, the sea spray plays an important role in the air-sea
transfer of sensible heat and latent heat. To clearly analyze
the characteristic of the sea spray fluxes, the trends of sea
spray mediated sensible heat flux 𝑄𝑆,sp and latent heat flux
𝑄𝐿,sp as a function of wind speed are shown in Figure 9. From
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Figure 8: Magnitude of the momentum flux as a function of wind speed for the wind speeds from (a) 0 to 20 m/s; (b) 20 to 35 m/s. (Black
dot line, blue dot line, and red dot line represent total momentum flux, interfacial momentum flux, and sea spray momentum flux, resp.).

Figure 9, one can see that the effect of sea spray on the airsea heat fluxes is restricted by the sea surface wind speed
condition. When the wind speed is greater than 10 m/s, sea
spray begins to modulate the heat and moisture transfer in
the air-sea interface. For wind speed greater than 20 m/s,
sea spray significantly affects the air-sea sensible and latent
heat flux. In addition, sea spray enhances latent heat transfer
from the sea to the air for all the wind speed condition. For
the sensible heat flux, sea spray sometimes enhances sensible
transfer from the sea to the air and sometimes enhances
sensible transfer from the air to the sea, which indicates
there are complicated physical processes between the spray
droplet evaporation layer and the air-sea interface in the heat
exchange. In other words, the sign (positive or negative sign)
of the sea spray induced sensible heat flux 𝑄𝑆,sp is decided
by the sea spray giving up sensible heat term (𝛽𝑄𝑠 ), the
sea spray’s evaporation absorbing sensible heat term (−𝛼𝑄𝑙 ),
and adding more sensible heat term (𝛾𝑄𝑙 ) due to the sea
spray’s feedback mechanism, according to (23b). For example,
sea spray’s evaporation absorbing sensible heat term −𝛼𝑄𝑙
is increased to −204.4 W/m2 , which reduces the turbulent
enthalpy flux from the ocean to the air. The maximum of
𝛽𝑄𝑠 is 137.4 W/m2 (blue line in Figure 10(b)), and 𝛾𝑄𝑙 is
173.4 W/m2 (orange line in Figure 10(a)). Hence, combining
the above physics processes, the maximal spray mediated
sensible heat flux 𝑄𝑆,sp increases to 106.5 W/m2 (red line in
Figure 10(b)).

5.3. Diagnostic Analysis of Sea Temperature. Sea spray acts as
an additional source of the air-sea turbulent fluxes and can
improve the magnitudes of the turbulent kinetic energy 𝑘
and temperature diffusion coefficient 𝐾ℎ in the upper ocean,
which affect the upper layer sea temperature during the
typhoon passage. So 𝑘 equation (3) of the model is diagnosed
to investigate the effect of sea spray. Figures 11 and 12 show
the shear production term 𝑃 and the dissipation term 𝜀 of the
total tke in the upper ocean (<100 m), respectively. Terms of
the vertical diffusion term 𝐷𝑘 and buoyancy generation term
𝐺 are not shown because their magnitude are much smaller.
The shear production term 𝑃 (Figure 11) is balanced by the
dissipation term 𝜀 (Figure 12). The most significant increment
in Figure 11 is due to the high dissipation because strong
shear happens there induced by strong turbulent fluxes of sea
spray near the sea surface, when the typhoon Yagi passes the
KEO station (on September 23). On September 24–26, the
increasing trend of 𝑃 spreads downward to 100 m. In a word,
sea spray mediated turbulent fluxes primarily enhance the
shear production term 𝑃 of the total tke in the upper ocean
during the typhoon Yagi passage. Hence, when the effect of
sea spray is considered, the total tke is enhanced greatly in the
upper ocean (see Figure 13). On the sea surface, the total tke
increases from 0.0044 m2 /s2 without the sea spray effect (blue
line in Figure 13) to 0.0077 m2 /s2 with the sea spray effect (red
line in Figure 13). When the typhoon left the KEO station
for 2-3 days (i.e., September 24–26), the increasing trend of
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Figure 9: Sea spray induced heat fluxes. (a) Spray sensible flux 𝑄𝑆,sp . (b) Spray latent flux 𝑄𝐿,sp as a function of wind speed.
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Figure 10: Time series of spray heat flux at the KEO station. Black line and orange line represent the sea spray mediated latent 𝑄𝐿,sp and added
heat flux of spray increased air-sea temperature different 𝑟𝑄𝑙 in Figure 10(a), respectively. Red line and blue line indicate sea spray mediated
sensible heat 𝑄𝑆,sp flux and spray sensible heat 𝛽𝑄𝑠 in Figure 10(b), respectively.

the total tke spreads downward to 100 m. The enhanced
turbulent kinetic energy derived from the sea spray’s turbulent fluxes mixes the water column and makes it more
homogeneous.
𝐾ℎ from the surface to about 70 m depth has an increment
owing to the enhancement of the turbulent kinetic energy
by sea spray induced turbulent fluxes on September 23
(Figure 14(a)). 𝐾ℎ of Test 2 (red line in Figure 14(b)) is
increased by approximately three times at the sea surface
compared to that of Test 1 (blue line in Figure 14(b)). After
the typhoon Yagi left the KEO station (September 24–26),
the enhancing 𝐾ℎ spreads downwards (red line in Figures
14(c)–14(e)) cooling the temperature of the upper ocean and

increasing the depth of the ocean mixed layer. Combining
the turbulent kinetic energy 𝜀 and the temperature diffusion
coefficient 𝐾ℎ , the effect of sea spray significantly cools the
temperature of the upper ocean. This cooling is maintained
for 2-3 days, which is consistent with the observations in situ.

6. Conclusion
In the high wind speed condition (e.g., typhoon), breaking
waves in the air-sea interface can produce large amount of
sea spray droplets, which significantly affect the dynamic and
the thermodynamic processes between the ocean and the
atmosphere. To investigate the effects of sea spray on the sea
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Figure 13: The same as Figure 11, but for the total turbulent kinetic energy 𝑘.

surface boundary layer during typhoon passage, the General
Ocean Turbulent Model is used to simulate the characteristics
of the upper layer sea temperature and the turbulent mixing
on real typhoon Yagi in 2006. Different from early studies,
the effect of sea spray on the air-sea turbulent fluxes is
parameterized by the following two comprehensive ways.
On the momentum aspect, the macroscopical effect of sea
spray is introduced into the parameterization of sea surface
roughness for the full wind speed conditions. On the heat
and moisture aspect, the effect of sea spray is simulated by
the FA94 microcosmic sea spray flux algorithm. In addition,
the study introduces the feedback mechanism of sea spray
into the air-sea heat flux algorithm. The effect of sea spray is
completely introduced into the COARE model and GOTM.
Numerical results show that the air-sea turbulent fluxes are
significantly enhanced by introducing the impact of sea
spray in the GOTM during the typhoon Yagi passage. Sea
spray mediated turbulent fluxes nonlinearly increase with the
wind speed increasing. When wind speed exceeds 20 m/s,
sea spray begins to significantly affect the air-sea turbulent
fluxes, whereas, for wind speeds over 30 m/s, the sea spray
mediated momentum flux is comparable with the interfacial
momentum flux. Combining the complex feedback processes
of the sea spray, the maximal net contribution of the sea spray
to the total latent heat and sensible heat flux is 204.40 and
106.46 W/m2 , respectively.

In addition, the effect of sea spray on the upper ocean
is analyzed by the diagnostic equation of turbulent kinetic
energy and temperature diffusion coefficient. Diagnostic results show that the turbulent kinetic energy and the temperature diffusion coefficient have an increment due to considering the effect of sea spray from the surface to about
50 m depth. With the typhoon leaving the KEO station, this
increasing trend spreads downward to 100 m. The enhanced
turbulent kinetic energy derived from the sea spray’s turbulent fluxes intensively mixes the water column and cools the
temperature of the upper ocean for 2-3 days. Hence, with the
effect of sea spray included, the ocean upper temperature is
decreased by about 0.5∘ C, which is in agreement with the
observations of KEO, AMSR-E, and Reynolds during the
typhoon passage.
In conclusion, sea spray acts as an additional source of
the air-sea turbulent fluxes and can improve the magnitudes
of the turbulent kinetic energy and temperature diffusion
coefficient in the upper ocean. Therefore, we suspect that sea
spray is an indispensable factor in modulating the mixed layer
temperature during the typhoon passage. However, there are
still some discrepancies between the observation and the
simulation due to the limitation of GOTM, which ignores the
horizontal advection and other associated physical processes.
Further, three-dimensional general ocean model or air-sea
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Figure 14: Upper 100 m 𝐾ℎ daily profiles simulated by Test 1 (no spray, blue curves) and Test 2 (spray, red curves) on September 22–27
((a)–(f)), 2006.

coupled model should be used to understand the feedback
process between sea spray and air-sea interface.

Conflict of Interests
The authors declare that there is no conflict of interests
regarding the publication of this paper.

Acknowledgments
The authors would like to express their gratitude to two
reviewers for their helpful comments and suggestions, which
contributed to greatly improving the original paper. This
work was supported by the National Basic Research Program
of China (no. 2013CB430304), National High-Tech R&D
Program of China (no. 2013AA09A505), and National Natural Science Foundation of China (nos. 41206178, 41376015,
41376013, and 41306006).

References
[1] Z. Xuefeng, H. Guijun, W. Dongxiao, L. Wei, and H. Zhongjie,
“Effect of surface wave breaking on the surface boundary layer
of temperature in the Yellow Sea in summer,” Ocean Modelling,
vol. 38, no. 3-4, pp. 267–279, 2011.
[2] X. F. Zhang, G. J. Han, D. X. Wang, Z. Deng, and W. Li, “Summer
surface layer thermal response to surface gravity waves in the
Yellow Sea,” Ocean Dynamics, vol. 62, no. 7, pp. 983–1000, 2012.
[3] L. X. Zhang, G. J. Han, W. Li et al., “The effects of sea spray on
the air-sea turbulent fluxes during the typhoon passage,” Acta
Oceanologica Scinica, vol. 36, no. 11, pp. 46–56, 2014 (Chinese).
[4] L. X. Zhang, X. F. Zhang, G. J. Han et al., “Impact of sea spray on
upper ocean temperature during typhoon passage: simulation
with a 1-D turbulent model,” Chinese Journal of Oceanology and
Limnology, 2015.
[5] H. Riehl, Tropical Meteorology, McGraw-Hill, New York, NY,
USA, 1954.

14
[6] P. A. Mangarella, A. J. Chambers, R. L. Street, and E. Y. Hsu,
“Laboratory studies of evaporation and energy transfer through
a wavy air-water interface,” Journal of Physical Oceanography,
vol. 3, no. 1, pp. 93–101, 1973.
[7] R. J. Lai and E. J. Plate, “Evaporation form small wind waves,”
Tech. Rep. CER68-69JRL35, Department of Civil Engineering,
Colorado State University, 1969.
[8] C. C. Easterbrook, “A study of spray and its contributions to total
evaporation,” Tech. Rep. CAL RM-2865-P-L, Cornell Teah. Lab.,
Inc., Buffalo, NY, USA, 1970.
[9] R. S. Bortkovskii, “On the mechanism of interaction between
the ocean and the atmosphere during a strom,” Fluid MechanicsSoviet Research, vol. 2, no. 2, pp. 87–94, 1973.
[10] J. Wu, “Evaporation due to spray,” Journal of Geophysical
Research, vol. 79, no. 27, pp. 4107–4109, 1974.
[11] S. C. Ling and T. W. Kao, “Parameterization of the moisture and
heat transfer process over the ocean under whitecap sea states,”
Journal of Physical Oceanography, vol. 11, pp. 324–336, 1976.
[12] R. A. Anthes, Tropical Cyclones: Their Evolution, Structure
and Effects, vol. 41 of Meteorological Monographs, American
Meteorological Society, 1982.
[13] H. Zhang and S. L. Lou, “Effects of spray on the momentum,
heat and vapor transfers over the sea I. Equations and initial
values,” Journal of Ocean University of Qingdao, vol. 25, no. 2,
pp. 131–138, 1995.
[14] S. L. Lou and H. Zhang, “Effects of spray on the momentum,
heat and vapor transfers over the sea II. Numerical calculations
and comparison of results,” Journal of Ocean University of
Qingdao, vol. 25, no. 2, pp. 139–145, 1995 (Chinese).
[15] L. Hasse, “On the contribution of spray droplets to evaporation,”
Boundary-Layer Meteorology, vol. 61, no. 3, pp. 309–313, 1992.
[16] M. P. Rouault, P. G. Mestayer, and R. Schiestel, “A model of
evaporating spray droplet dispersion,” Journal of Geophysical
Research, vol. 96, no. 4, pp. 7181–7200, 1991.
[17] E. L. Andreas, “Thermal and size evolution of sea spray
droplets,” CRREL Report 89-11, U.S. Army Cold Regions
Research and Engineering Laboratory, Hanover, NH, USA,
1989.
[18] E. L. Andreas, “Time constants for the evolution of sea spray
droplets,” Tellus, Series B, vol. 42, no. 5, pp. 481–497, 1990.
[19] E. L. Andreas, “Sea spray and the turbulent air-sea heat fluxes,”
Journal of Geophysical Research, vol. 97, pp. 11429–11441, 1992.
[20] H. R. Pruppacher and J. D. Klett, Microphysics of Clouds and
Precipitation, D. Reidel, Norwell, Mass, USA, 1978.
[21] C. W. Fairall, J. D. Kepert, and G. J. Holland, “The effect of sea
spray on surface energy transports over the ocean,” The Global
Atmosphere-Ocean System, vol. 2, pp. 121–142, 1994.
[22] K. A. Emanuel, “Sensitivity of tropical cyclones to surface
exchange coefficients and revised steady-state model incorporating eye dynamics,” Journal of the Atmospheric Sciences, vol.
52, no. 22, pp. 3969–3976, 1995.
[23] M. D. Powell, P. J. Vickery, and T. A. Reinhold, “Reduced drag
coefficient for high wind speeds in tropical cyclones,” Nature,
vol. 422, no. 6929, pp. 279–283, 2003.
[24] E. Jarosz, D. A. Mitchell, D. W. Wang, and W. J. Teague,
“Bottom-up determination of air-sea momentum exchange
under a major tropical cyclone,” Science, vol. 315, no. 5819, pp.
1707–1709, 2007.
[25] V. K. Makin, “A note on the drag of the sea surface at hurricane
winds,” Boundary-Layer Meteorology, vol. 115, no. 1, pp. 169–176,
2005.

Advances in Meteorology
[26] J.-W. Bao, J. M. Wilczak, J.-K. Choi, and L. H. Kantha, “Numerical simulations of air-sea interaction under high wind conditions using a coupled model: a study of Hurricane development,” Monthly Weather Review, vol. 128, no. 7, pp. 2190–2210,
2000.
[27] J. F. Meirink and V. K. Makin, “The impact of sea spray
evaporation in a numerical weather prediction model,” Journal
of the Atmospheric Sciences, vol. 58, no. 23, pp. 3626–3638, 2001.
[28] J. S. Gall, W. M. Frank, and Y. Kwon, “Effects of sea spray
on tropical cyclones simulated under idealized conditions,”
Monthly Weather Review, vol. 136, no. 5, pp. 1686–1705, 2008.
[29] C. L. Uang, “Impact of sea spray and oceanic on the development of tropical cyclones,” in Proceedings of the 23rd Conference
on Hurricanes and Tropical Meteorology, pp. 30–31, American
Meteorological Society, Dallas, Tex, USA, 1999.
[30] Y. M. Wang, J. D. Kepert, and G. J. Holland, “The effect of sea
spray evaporation on tropical cyclone boundary layer structure
and intensity,” Monthly Weather Review, vol. 129, no. 10, pp.
2481–2500, 2001.
[31] H. Burchard, K. Bolding, W. Kühn, A. Meister, T. Neumann, and
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