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Abstract

The sensitive area of targeted observations for short-term (7 d) prediction of vertical thermal structure (VTS) in
summer in the Yellow Sea was investigated. We applied the Conditional Nonlinear Optimal Perturbation (CNOP)
method and an adjoint-free algorithm with the Regional Ocean Modeling System (ROMS). We used vertical
integration of CNOP-type temperature errors to locate the sensitive areas, where reduction of initial errors is
expected to yield the greatest improvement in VTS prediction for the selected verification area. The identified
sensitive areas were northeast−southwest orientated northeast to the verification area, which were possibly
related to the southwestward background currents. Then, we performed a series of sensitivity experiments to
evaluate the effectiveness of the identified sensitive areas. Results show that initial errors in the identified sensitive
areas had the greatest negative effect on VTS prediction in the verification area compared to errors in other areas
(e.g.,  the verification area and areas to its  east  and northeast).  Moreover,  removal  of  initial  errors through
deploying simulated observations in the identified sensitive areas led to more refined prediction than correction
of initial conditions in the verification area itself. Our results suggest that implementation of targeted observation
in the CNOP-based sensitive areas is an effective method to improve short-term prediction of VTS in summer in
the Yellow Sea.
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1  Introduction
Continental shelf seas, at the interface between land and the

marine environment, are dynamic shallow seas closely connec-
ted to human activities (MacKinnon and Gregg, 2005). Vertical
thermal structure (VTS) is an important physical characteristic of
continental shelf seas (MacKinnon and Gregg, 2003) that plays a
vital role in the circulation pattern and biological systems of con-
tinental shelves and affects marine fishing, communication, sub-
marine expeditions, and oceanic exploration (Jin et al., 1993).
Thus, the accuracy of VTS prediction for continental shelf seas
has drawn the attention of researchers and coastal communities.
Moreover, the accuracy of short-term (7 d) VTS prediction, which
includes detailed information about VTS, has particularly im-
portant practical application value, for example, it affects the use
of acoustic instruments and deployment of fishing gear. There-
fore, demand for accurate prediction of short-term VTS in con-
tinental shelf seas has increased in recent years.

The Yellow Sea is a semi-enclosed marginal sea and can be

considered a typical shallow continental shelf sea (Fig. 1). Unlike
the VTS in deep seas, which tends to follow the pattern of a mixed
layer, thermocline, and deep layer, the VTS in shallow seas is dy-
namic and vulnerable to numerous forcing factors (Chu et al.,
1997). This complicates short-term prediction, which requires a
detailed description of VTS. Studies have indicated that the
short-term VTS in the Yellow Sea is influenced by dynamic and
thermodynamic processes at multiple temporal and spatial
scales, such as the Yellow Sea Cold Water Mass (YSCWM) in
summer, the solar diurnal radiation cycle, tides, and vertical mix-
ing (Qiu, 1982). Additionally, the structure of the continental
shelves in the Yellow Sea, such as the continental shelf over the
selected area (denoted as Box A in Fig. 1b), is complex. There-
fore, accurate prediction of VTS in the Yellow Sea is challenging.

It is known that the quality of numerical prediction is sensit-
ive to the quality of the initial conditions (ICs) used (Bei et al.,
2012; Hu et al., 2014; Majumdar, 2016; Mu, 2013; Mu et al., 2015,
2017); therefore, providing ICs with higher quality is potential to  
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improve the prediction of VTS. Assimilating available observa-
tions is a common approach to obtain higher quality ICs for nu-
merical prediction (Hu et al., 2017a, b). Despite the substantial
increase in available oceanic observations (e.g., satellite-derived
and in situ observations) over the last few decades, observations
remain sparse in certain focal areas. Furthermore, supplemental
observations (in addition to those from existing observational
networks) in the ocean are costly both during deployment and
maintenance phases. Hence, observation strategies to determine
where supplemental observations should be collected are ur-
gently needed. Targeted (or adaptive) observation is a strategy
with the goal of maximizing the reduction in forecast uncertainty
of a numerical prediction model by implementing supplemental
observations in areas where further observations are expected to
improve forecasting (Langland, 2005; Palmer et al., 1998). These
areas are commonly referred to as sensitive areas, because im-
provement of ICs in these areas through assimilation of supple-
mental observations is expected to provide a greater benefit to
forecasting compared to other areas (Li et al., 2014).

Targeted observation was first introduced in atmospheric
studies, and has provided great benefits in the form of improved
numerical weather and climate predictions, such as forecasts of
precipitation, snow storms and tropical cyclones (TCs), as well as
El Niño-Southern Oscillation (ENSO) prediction (Hu and Duan,
2016; Huang and Meng, 2014; Morss et al., 2001; Qin and Mu,
2011). Subsequently, this strategy was applied in oceanic re-
search, such as for Kuroshio-related forecasting, including the
beginning of the Kuroshio, Kuroshio large meander (KLM), up-
stream Kuroshio transport, and Kuroshio extension, as well as
forecasting of the ocean state in the region related to the South
China Sea Western Boundary Current and forecasting of the At-
lantic meridional overturning circulation (Baehr et al., 2008;

Kramer et al., 2012; Li et al., 2014; Mu et al., 2015; Wang et al.,
2013; Wen and Duan, 2019; Zhang et al., 2017). However, these
marine studies have mainly focused on specific marine phenom-
ena and have been conducted mainly in deep seas. To date, few
studies have applied targeted observation for the content of mar-
ine VTS prediction, especially in shallow continental shelf seas
such as the Yellow Sea.

A vital issue in targeted observation studies is the identifica-
tion of sensitive areas. Several strategies have been developed to
identify such areas. One strategy employs an ensemble tech-
nique such as the ensemble transform Kalman filter (Bishop et
al., 2001) or the ensemble Kalman filter (Hamill and Snyder,
2002). Another strategy is based on the adjoint technique, for ex-
ample, using singular vectors (Palmer et al., 1998), adjoint sensit-
ivities (Ancell and Mass, 2006), and the adjoint-derived sensitiv-
ity steering vector (Wu et al., 2007). In recent years, the condi-
tional nonlinear optimal perturbation (CNOP) method, first pro-
posed by Mu et al. (2003), has drawn increasing attention from
researchers. This method identifies the most rapidly developing
perturbations in a nonlinear system, thus can be used as a non-
linear approach to identify the sensitive areas in a nonlinear fore-
cast system. The CNOP method has been successfully applied to
identify the sensitive areas for improving the prediction of atmo-
spheric and oceanic phenomena, such as ENSO, TCs, and KLM
(Duan et al., 2004, 2018; Tan and Wang, 2010; Wang et al., 2013).
However, the application of the CNOP method generally relies on
the adjoint technique, which requires complex coding and a
large computational cost (Liang et al., 2019; Zhang et al., 2017).
To realize the advantages of the CNOP method while avoiding
the adjoint technique, Wang and Tan (2009) proposed an ad-
joint-free fast algorithm to determine the CNOP based on an em-
pirical orthogonal function (EOF), hereafter referred as the EOF-
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Fig. 1.   Model domain and topography (depth, m) of model grids (a), and topography (m) of the mid-western part of the Yellow Sea
(b). The black solid lines A and B in a indicate locations of the validation sections; the box with black solid line (Box A) in b indicates
the location of the selected verification area.
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CNOP algorithm (a detailed description of this algorithm is
provided in Section 2). By applying the EOF-CNOP algorithm,
promising results have been obtained for TC forecasting using an
operational regional forecast model in China (Wang and Tan,
2009). As noted above, short-term VTS is affected by physical
processes at multiple temporal and spatial scales. This complex-
ity means that a nonlinear method of identifying sensitive areas
has the potential to provide more reasonable results for targeted
observation. Thus, the EOF-CNOP algorithm was employed for
targeted observation of short-term VTS prediction in this study.
Then, two interesting questions should be raised: How can sens-
itive areas be identified for short-term VTS prediction using the
EOF-CNOP algorithm? How effective are the identified sensitive
areas for short-term VTS prediction?

To answer these questions, the EOF-CNOP algorithm was ap-
plied with the Regional Ocean Modeling System (ROMS) model,
which is widely applied for regional oceanic simulation and fore-
casting (Yang et al., 2011; Zhang et al., 2017). Additionally, be-
cause stratification of the VTS is stronger in summer than in oth-
er seasons in the Yellow Sea (Zhang et al., 2006), this study fo-
cused on the VTS of the Yellow Sea in summer. The outline of this
paper is as follows. Section 2 introduces the model setup and
briefly describes the EOF-CNOP algorithm. The detailed experi-
mental design and results of sensitivity experiments are presen-
ted in Section 3. Discussion and a summary are provided in Sec-
tion 4.

2  Model and methods

2.1  Model setup
This study employed the Rutgers version of the ROMS model

to simulate the thermocline distribution and circulation struc-
ture of the Yellow Sea. The ROMS model is a three-dimensional,
free-surface, vertical terrain-following nonlinear numerical mod-
el containing a series of horizontal diffusion and vertical mixing
parameterization schemes (Shchepetkin and McWilliams, 2005).
In this study, we selected the harmonic horizontal mixing
(Wajsowicz, 1993) and K-profile parameterization schemes
(Large et al., 1994) to calculate horizontal diffusion and vertical
mixing, respectively.

The model domain is from 23.7°N to 41.3°N and 117°E to
132.5°E (Fig. 1a), with a horizontal resolution of (1/24)°. It con-
tains 506 meridional grid points, 372 zonal grid points, and 32
vertical levels, which are refined in the upper ocean with the
stretching parameter θs=6. The minimum water depth in the
nearshore region and the maximum water depth were set to 10 m
and 6 000 m, respectively. Input data for bottom topography were
obtained from the smoothed topographic dataset ETOPO2
(https://ngdc.noaa.gov/mgg/global/etopo2). The initial temper-
ature and salinity fields and open boundary conditions were ob-
tained from multiyear averaged (1998–2018) HYCOM+NCODA
reanalysis data (https://www.hycom.org/dataserver). The sur-
face forcing factors, including wind stress, heat flux, and water
exchange, were derived from multiyear averaged (1998–2018)
ECMWF Re-Analysis-interim data (https://apps.ecmwf.int/data-
sets/).

ROMS was integrated for 25 model years from a cold start,
with both the initial velocity and free-surface elevation set to
zero. The model must reach a stable state before its results can be
analyzed. Based on the result of temporal evolution of kinetic en-
ergy (KE) over the whole domain, it could be found that the ini-
tial KE developed quickly and reached a quasi-equilibrium state
after a spin-up period of about 5 model years. Therefore, model

output of climatological simulation for the last 20 model years
were used for all analyses in this study.

2.2  CNOP approach and calculation
In general, the governing equations of ROMS can be ex-

pressed as:


∂X
∂t

+ F (X) = 

X|t= = X

, (1)

X

where F is a nonlinear partial differential operator and X repres-
ents the state vectors of nonlinear model state variables.  rep-
resents the initial state vector of X at time t=0.

The numerical solution of Eq. (1) at forecast time t can be ex-
pressed as follows:

Xt = Mt (X) , (2)

Xt X

X Xt

where  is the nonlinear evolution of the initial state vector  at
time t, which was set to 7 d in this study. M is a discrete nonlin-
ear propagation operator of F, which is used to propagate  to .

δxThus, the nonlinear evolution of the initial perturbation  at
forecast time t can be expressed as:

δxt = Mt (X + δx)−Mt (X) . (3)

|| · || δx∗

||δx||⩽β

According to the definition of CNOP by Mu et al. (2003), for a
chosen norm , the initial perturbation  is referred to as the
CNOP with a constraint condition of  only if

J(δx∗) = max
||δx||⩽β

(J(δx)) = max
||δx||⩽β

||Mt (X + δx)−Mt (X) ||, (4)

J(δx)
X β

δx

where  is the objective function used to estimate the nonlin-
ear evolution of  at the forecast time, and  is the constraint of
the initial perturbation . Thus, CNOP represents the initial per-
turbations with the maximum amplitude of nonlinear evolution
under the given constraint conditions over a certain time inter-
val.

x′

y′

x′ y′

The normal process of determining CNOP relies on the ad-
joint technique for calculating the gradient of the objective func-
tion. As noted in Section 1, to avoid the complex coding and large
computational cost when using the adjoint technique, we ap-
plied the EOF-CNOP algorithm in this study. The basic concept
of the EOF-CNOP algorithm is as follows: first, the initial perturb-
ation sets  are employed to generate the corresponding predic-
tion increment sets  through numerical integration. Then, EOF
decomposition is used to obtain the orthogonal basis of the ini-
tial perturbation sets. Then, a statistical relationship model can
be established between  and . Finally, the gradient of the ob-
jective function in the iteration of the optimization process can
be calculated to obtain the CNOP.

In practice, before calculating CNOP, the form of objective
function and initial constraint conditions should be set accord-
ing to the focused study object. Because this study focused on
VTS, the objective function was defined as the change of pre-
dicted vertically-integrated temperature in specified verification
area (denoted as A) caused by initial perturbations in the spe-
cified sensitive area. Note that the initial perturbations were only
added on the temperature field. The objective function can be ex-
pressed as follows:
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J =
∫∫∫

A

(
Tt

′
dxdydz

)
=

∫∫∫
A

[
(Tt(t + t

′
)− Tt(t))dxdydz

]
, (5)

T
′

t

t′
where  is the change of predicted vertically-integrated temper-
ature at time t caused by the initial temperature perturbation . t0

is the initial state of temperature. The initial constraint condi-
tions over the whole model domain D is expressed as (Li et al.,
2014):

||δt|| =
∫∫∫

D

(
t
′

tsd

)

dxdydz ⩽ β, (6)

tsd

β

where  represents the area-averaged standard deviation of
temperature over the area of domain D. This standard deviation
of temperature was calculated from the statistical mean of the
World Ocean Atlas 2018 (WOA18, https://www.nodc.noaa.gov/OC5/
woa18) in August, and set to 0.25 in this study. The constraint ra-
dius  was set to 2.5×103 to ensure the stability of model integra-
tion, and keep the vertically-integrated temperature changes
caused by initial perturbations in an appropriate range. After de-
termining the objective function and the initial constraint condi-
tions, we utilized the sequential quadratic programming (SQP)
algorithm (Powell, 1983) to calculate CNOP.

3  Results

3.1  Model validation
To validate model results in the study area, we first compared

the spatial distributions of the simulated sea surface temperat-
ure (SST) in different seasons with that from observations (Fig. 2).
The simulated monthly averaged SST in February, May, August,
and November were selected to represent the predicted situ-
ations in winter, spring, summer, and autumn, respectively. The
multi-year averaged SST from 1985 to 2001 from the satellite data
of the Moderate-resolution Imaging Spectroradiometer (MODIS)
were used as the observations.

In general, both the seasonal thermal variations of sea sur-
face in simulation and the spatial distribution of simulated SST in
each season were in good agreement with that from the MODIS
data. Specifically, due to the seasonal variations of solar radi-
ation and winds, SST was low in winter, high in summer, and SST
values in autumn and spring fell between those in winter and
summer in the Yellow Sea. These seasonal variations of SST were
well reproduced by both the simulation and MODIS data. Addi-
tionally, SST in the East China Sea continental shelf and the Yel-
low Sea in winter (also in other three seasons) were much lower
than those in the Kuroshio area on the East China Sea slope,
which is possibly related to the transportation of warm water
from low latitude to high latitude due to Kuroshio travelling
along the East China Sea slope from south to north. The simu-
lated spatial thermal differences of sea surface between the Kur-
oshio area and other areas corresponded well with that from the
MODIS data. Note that, due to the limitation of model horizontal
resolution and defects in the regional prediction model at open
boundaries, the detailed SST spatial structures resolved by the
MODIS data were not captured by simulation in some areas,
such as nearshore and open boundary regions. However, this
model still has some skills of simulating the temporal and spatial
thermal variations on sea surface, especially for analyses in the
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Fig. 2.   Monthly averaged SST in February, May, August, and November (from left to right) from the climatological simulation of
model (upper row, a–d), and the multi-year averaged SST in the corresponding months from the satellite data of MODIS (bottom row,
e–h).
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study area.
Furthermore, to validate the simulation of summertime VTS

in the Yellow Sea, we selected two typical vertical sections, a sec-
tion at 35°N (solid line A, Fig. 1a) and a section at 124°E (solid line
B, Fig. 1a). Along these two vertical sections, the simulated
monthly averaged temperature in August were compared with
that from observations obtained from the Atlas of Ocean Data in
the China seas (Chen et al., 1992).

The simulated thermal structure along these two vertical sec-
tions were generally consistent with those from the ocean atlas
(Fig. 3). Specifically, water in summer is well-mixed in the shal-
low Yellow Sea due to the strong solar radiation and weak hori-
zontal wind, and stratified near the central basin (Zhang et al.,
2006). The vertical distribution of isothermals corresponded well
for the observation and simulation. Additionally, below the ther-
mocline, the general shape of the YSCWM, one of the most im-
portant water masses in the summertime Yellow Sea, was well re-
produced by both the observation and the simulation. Note that,
further study is still required to improve the accuracy of simu-
lated VTS, especially below the upper mixed layer.

3.2  Identification of CNOP-based sensitive area
Identifying sensitive area is a vital issue for targeted observa-

tion. In this study, we attempted to identify sensitive area in tar-
geted observation for predicting short-term (7d) summertime
VTS in the specified verification area using EOF-CNOP algorithm
(noted in Section 2.2). The VTS in the region of Box A (Fig. 1b) is
influenced by thermodynamic and dynamic processes and com-
plex topography (noted in the introduction section), which leads
to large prediction uncertainties of VTS in this region (Xia et al.,
2006). Therefore, this region, which approximately covers an area
of 0.24°×0.25° (36.02°–36.26°N, 122.00°–122.25°E; Box A in Fig.
1b), was selected as the verification area in this study. Given that
this study was conducted based on climatological simulation
(noted in Section 2.1), we selected three different cases (listed in

Table 1) of climatological stable states to repeat procedure of
identifying sensitive areas with aiming to ensure universality of
the identified sensitive areas.

According to Wang and Tan (2009), to identify the sensitive
area, an initial ensemble consisting of a reference IC without per-
turbations and 27 ICs with random temperature perturbations
was generated for each case. The reference IC without perturba-
tions, which is from the stable climatological run (noted in Sec-
tion 2.1), was regarded as the true IC (denoted as ICtrue). The ini-
tial random perturbations of temperature were generated for the
whole domain and satisfied the normal distribution N (0, σ),
where σ is 0.25 based on the statistical results provided in
WOA18. Then, we calculated the CNOP for each case using this
initial ensemble of 28 ICs and their corresponding 7-d predic-
tions. After calculating the CNOP, the guidance should be
defined to identify sensitive areas. Previous studies have shown
that different guidances should be utilized for different physical
processes (Tan et al., 2010; Zhou and Zhang, 2014; Zhang et al.,
2016, 2017). Given that we only focused on identifying the two-di-
mensional (horizontal) sensitive areas and the practical issue of
VTS, similar to the guidance used by Zhang et al. (2017), the ver-
tically integration temperature scheme was employed as the
guidance for sensitive area identification in this study. In this
scheme, the sensitive area was defined as the region of horizont-
al grid points, where the CNOP-type errors have the vertically in-
tegrated temperature to full water depth higher than a certain
value τ. The value of τ was selected to make the size of the sensit-
ive area equal to that of the verification area, which contained 56
horizontal model grids in this study. Thus, the distribution of
CNOP-type errors can generally correspond to locations of the
identified sensitive area.

Figure 4 displays distributions of vertically integrated temper-
ature for the CNOP-type errors, which reflected locations of the
identified sensitive areas as noted above, for the three cases. Giv-
en that we focused on the relative importance of CNOP-type er-
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Fig. 3.   Vertical sections of monthly averaged temperature in August along 35°N (left column, a, c) and 124°E (right column, b, d), for
observation from ocean atlas data (upper row, a, b) and model simulation (bottom row, c, d).

Table 1.   Three different cases for identifying sensitive areas
Case 1 Case 2 Case 3

Initial time August of the 21st year August of the 23rd year August of the 25th year
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rors among the whole domain when identifying sensitive area in
this study, the CNOP errors were normalized based on their max-
imum value. Although the precise corresponding model grid pos-
itions of sensitive areas for these three cases differed, the distri-
butions of sensitive areas in these three cases were generally con-
sistent. Specifically, the identified sensitive areas were generally
northeast-southwest orientated, with most portion of the sensit-
ive areas located to the east of the verification area (Box A in
Fig. 1b) and small portion located in the verification area. Addi-
tionally, high values in the identified sensitive areas, which rep-
resents areas with relatively greater importance for VTS predic-
tion, were mainly concentrated to the east of the verification
area. The orientation of the identified sensitive areas agreed well
with that of the background currents (Fig. 4), which implies that
the CNOP-type errors were possibly related to the background
currents. Because the identified sensitive areas for these three
cases were similar, only results for Case 3 were used in the fol-
lowing analyses.

3.3  Validation of CNOP-based sensitive area
According to the definition of CNOP, we can infer that the ini-

tial perturbations in the CNOP-based identified sensitive area
will cause the largest errors for VTS prediction in the verification
area at the verification time compared to perturbations in other
areas. To verify this speculation, we conducted a set of sensitivity
experiments (listed in Table 2) as follows: first, we generated a set
of local random initial temperature perturbations. The method of
generation perturbation is similar to that described in Section 3.2
except that perturbations were generated over specified local
areas with the same grid size of the verification area instead over
the whole domain. Then, we added initial random perturbations
on four different areas to the ICtrue, respectively. These four areas
were the verification area, two areas related to the background
currents (an area to east of the verification area and an area to
northeast of the verification area), and the sensitive area (loca-
tions shown in Figs 5a1, b1, c1 and d1), respectively. Finally, cor-
responding to those four ICs, four simulations were conducted
and their prediction errors of temperature were compared. The
prediction errors were calculated based on simulation from the
ICtrue (denoted as True Run).

Figure 5 shows the horizontal distributions of temperature
prediction errors at water depth of 20 m at different prediction
times for experiments with adding initial random perturbations
on different areas. For experiment with initial random perturba-
tions added on the verification area itself (Exp_A_1), the errors
were highly significant in the verification area at the initial time,
but gradually decreased as prediction time increased. At the veri-
fication time, prediction errors in the verification area, although
exist, were much smaller compared to the original state. For ex-
periment with initial random perturbations added on the identi-
fied sensitive area (Exp_A_2), initial errors gradually propagated
into the verification area as prediction time increased. At the
verification time, the prediction errors generally propagated into
the verification area, and were larger than prediction errors
caused by initial random perturbations added on the verification
area itself. The initial random perturbations added on the other
two areas (Exp_A_3 and Exp_A_4) had limited impacts on predic-
tion errors in the verification area. In particular, initial random
perturbations added on the area northeast of the verification area
(Exp_A_4) had no notable impact on the prediction errors for the
verification area at the verification time. Similar results were ob-
tained at other water depths (figures not shown). Note that initial
perturbations both on the verification area and on the identified
sensitive areas propagated approximately southwestward, which
could also imply that the identified sensitive areas were possibly
related to southwestward background currents upstream the
verification area (mentioned in Section 3.2).

Further, to quantitatively investigate the effect of initial ran-
dom perturbations in the identified sensitive area on VTS predic-
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Fig. 4.   Locations (colored dots) of the identified sensitive areas and the climatological background currents (vectors) for cases of the
21st (a),  23rd (b) and 25th (c) climatology years,  respectively.  The sensitive areas are identified based on CNOP-type errors of
vertically-integrated temperature after being normalized with their maximum values.

Table 2.   Sensitivity experiments based on adding initial random
perturbations

Experiment
name

Initial
conditions

Location of adding
perturbations

True Run ICtrue no

Exp_A_1 ICtrue verification area

Exp_A_2 ICtrue sensitive area

Exp_A_3 ICtrue east of the verification area

Exp_A_4 ICtrue northeast of the verification area
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tion in the verification area, we compared the temporal evolu-

tions of area-averaged root mean square error (RMSE) of temper-

ature profiles over the verification area for those four experi-

ments. The RMSE is calculated as follows:

RMSE =

√√√√ 
N

N∑
i=

(
θi − θ̂i

)
, (7)

θi θ̂iwhere  and  are the predicted temperature profile at each

model grid in the verification area for experiments with and

without initial random perturbations, respectively. N is the total

number of model grids in the verification area.
The effects of initial random perturbations in different areas

on the prediction of VTS in the verification area differed (Fig. 6).
For experiment with adding initial perturbations on the verifica-
tion area (Exp_A_1), the RMSE at initial time was larger com-
pared to initial perturbations added on other areas, but de-
creased with increasing forecasting time. For experiment with
initial perturbations added on the sensitive area (Exp_A_2), the
RMSE at initial time was not zero because the sensitive area par-
tially overlapped with the verification area. With increasing fore-
casting time, RMSE of this experiment gradually exceeded that of
the experiment with adding initial perturbations on the verifica-
tion area (Exp_A_1), and became the largest at the seventh pre-
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Fig. 5.   Temperature prediction errors (shaded) at water depth of 20 m over the verification area for experiments with adding initial
random perturbations on four different areas at four different prediction times. Four different areas are the verification area (Exp_A_1,
a1–4), sensitive area (Exp_A_2, b1–4), area to east of the verification area (Exp_A_3, c1–4), and area to northeast of the verification area
(Exp_A_4, d1–4), respectively. Four different prediction times are the first, third, fifth and seventh prediction day, respectively.
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diction day among these four experiments. For experiments with
adding initial perturbations on the area to east of the verification
area (Exp_A_3) and the area to northeast of the verification area
(Exp_A_4), RMSEs for both of these two experiments were zero at
the initial time, and smaller than the experiment with adding ini-
tial perturbations on the sensitive area (Exp_A_2) at the seventh
prediction day. These results indicate that initial random per-
turbations of temperature added on the sensitive area rather than
other areas developed into the largest changes in the verification
area within the prediction period of 7 d, and thus had the greatest
negative impact on predictions of VTS in the verification area.
Therefore, identification method used in this study could be con-
sidered as effective for identifying sensitive areas for VTS predic-
tion.

3.4  Effectiveness of targeted observation
As noted in Section 3.3, initial errors added on the sensitive

areas defined by CNOP developed much larger in the verification
area than initial errors added on other areas. This implies that re-
moving initial errors from the CNOP-based sensitive areas has
potential to improve VTS prediction (Zhang et al., 2019). To in-
vestigate whether targeted observation in the identified sensitive
areas could effectively improve prediction of VTS in the verifica-
tion area, we performed another set of sensitivity experiments
(listed in Table 3). The detailed experimental design was as fol-
lows. First, output from True Run was regarded as simulated ob-
servations. Then, we generated initial random perturbations of
temperature over the entire model domain with method similar
to that described in Section 3.2, and added them to ICtrue to ob-
tain a new IC (denoted as ICpg). The model run started from ICpg

was denoted as Ctrl Run. In addition to Ctrl Run, runs with ICpg in
the verification area and the identified sensitive area being re-
placed by ICtrue were denoted as Exp_R_1 and Exp_R_2, respect-
ively. Note that, ICpg in the verification area being replaced by
ICtrue could be considered as removing initial errors (improving
ICs) from this area through deploying simulated observations of
temperature profile in this area. Thus, Exp_R_1 was same as the
Control Run except that initial errors (ICs) in the verification area
were removed (improved) due to simulated observations de-
ployed in the verification area. Exp_R_2 was same as Exp_R_1 ex-
cept that simulated observations were deployed in the identified
sensitive area. Based on these experiments, we can measure the

effects of simulated observations in different areas on perform-
ance of VTS prediction.

Figure 7a shows the temporal evolutions of area-averaged
temperature RMSE over the verification area for experiments
with removing initial errors from different areas through deploy-
ing simulated observations. We can see that at the end of 7-d pre-
diction period, the prediction errors over the verification area
was greatly reduced by experiment with deploying simulated ob-
servation in the identified sensitive area (Exp_R_2) than that of
experiment without deploying simulated observations (Ctrl Run)
and experiment with simulated observations being deployed in
the verification area itself (Exp_R_1). This indicates that targeted
observation in the identified sensitive area was effective for im-
proving 7-d prediction of VTS in the verification area.

Besides of the prediction errors evaluated above, it is import-
ant to directly evaluate the prediction improvement brought by
removing initial errors. To quantitatively assess the prediction
improvement induced by assimilating simulated observations in
different areas, we calculated the prediction benefits as docu-
mented in Zhang et al. (2019), which was expressed as:

P =
dT − dT

dT
× %, (8)

dT= |TCtrl Run−TTrue Run| dT=
∣∣TReplacing Run−TTrue Run

∣∣where  and 
are the absolute area-averaged temperature RMSE over the veri-
fication area in Ctrl Run and Replacing Run (Exp_R_1 and
Exp_R_2), respectively.

Figure 7b shows the prediction benefits of experiments with
removing initial errors from different areas. Removing initial er-
rors from the verification area and the identified sensitive area
both improved the prediction of VTS. Moreover, removing initial
errors from the identified sensitive area brought more benefits
for improved VTS prediction than that from the verification area
itself. This further proves the effectiveness of targeted observa-
tion in the identified sensitive area for improving 7-d VTS predic-
tion of VTS in the verification area.

It should be noted that when ICs in different areas were
simply replaced with that of ICtrue, the issue of imbalance in the
initial state should be considered. Similar to the experimental
design documented in Li et al. (2014), four experiments of 7-d
VTS prediction were conducted with different ICs (Table 4) un-
der the same boundary conditions and forcing (documented in
Section 2.1). We calculated biases of the predicted temperature
between experiments initialized by balanced/imbalanced clima-
tological ICs and the climatological mean IC. Results show that
the imbalance is controllable during 7 d prediction. Additionally,
errors of 7-d temperature prediction from experiments initial-
ized by balanced ICs dominate when compared to errors from
experiment initialized by the imbalanced IC (figures not shown).

4  Discussion and summary
In this study, we identified the sensitive area for targeted ob-

Table 3.   Sensitivity experiments based on removing initial ran-
dom errors

Experiment
name

Initial
conditions

Location of removing initial
random errors (replace ICpg with ICtrue)

True Run ICtrue no

Ctrl Run ICpg no

Exp_R_1 ICpg verification area

Exp_R_2 ICpg sensitive area
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Fig. 6.   Temporal evolution of root mean square errors of area-
averaged temperature profile over the verification area for exper-
iments with adding initial random perturbations on the verifica-
tion area (Exp_A_1, black line), sensitive area (Exp_A_2, red line),
area to east of the verification area (Exp_A_3, blue line), area to
northeast of the verification area (Exp_A_4, green line), respect-
ively.
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servation to improve short-term (7 d) VTS prediction in summer
in the Yellow Sea. The sensitive areas were identified based on
three different climatologically stable cases. To locate the sensit-
ive areas, the adjoint-free algorithm of CNOP was used with ver-
tically integrated temperature as the guidance. Moreover, the ef-
fectiveness of the CNOP-based sensitive area for summertime
VTS was investigated through two sets of sensitivity experiments
with adding and removing initial random errors of temperature
in different areas. Results show that the locations of CNOP-based
sensitive areas were generally northeast to the verification area
for VTS prediction in summer in the Yellow Sea, which were pos-
sibly associated with the southwestward background currents.
Initial errors added on the sensitive area have the largest negat-
ive effect on the predicted VTS in the verification area at verifica-
tion time compared to initial errors added on other areas includ-
ing the verification area itself. Initial errors removed from the
identified sensitive area through deploying simulated observa-
tions in that area showed more benefits of VTS prediction at the
verification time than initial errors that removed from the verific-
ation area itself. This indicated that targeted observation in the
CNOP-based identified sensitive area is effective for improving
short-term VTS prediction in summer in the Yellow Sea. It is
worth mentioning that results of the sensitivity experiments
shown in this paper do not change if we use Case 1 and Case 2.

In this study, we extended the scope of targeted observation
to summertime VTS prediction in the shallow Yellow Sea, and
quantitatively evaluated its effectiveness on VTS prediction.
However, some future works are still required to make the con-
clusions obtained in this study more convincing. First, the effect-
iveness investigated based on the climatological state should be

further verified based on hindcast and forecasting. Second, fur-
ther verification of effectiveness should be performed with the
Observing System Simulation Experiments (OSSEs) based on ap-
propriate data assimilation methods and with the Observing Sys-
tem Experiments (OSEs) using real data collected in field cam-
paigns.
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