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ABSTRACT

This study explored the observation strategy and effectiveness of synoptic-scale adaptive observations for improving
sea fog prediction in coastal regions around the Bohai Sea based on a poorly predicted fog event with cold-front synoptic
pattern (CFSP). An ensemble Kalman filter data assimilation system for the Weather Research and Forecasting model was
adopted with ensemble sensitivity analysis (ESA). By comparing observation impacts (estimated from a 40-member
ensemble with ESA) among different meteorological observation variables and pressure levels, the temperature at 850 hPa
and surface layer (850 hPa-and-surface temperature) was selected as the target observation type. Additionally, the area with
large observation impacts for this observation type was predicted in the transition region of the surface low—high system.
This area developed southward with the low and moved eastward with the low-high system, which could be explained by
the main features of CFSP. Moreover, both experiments assimilating synthetic and real observations showed that
assimilating 850 hPa-and-surface temperature observations generally yielded better fog coverage forecasts in areas with
greater observation impacts than areas with smaller impacts. However, the effectiveness of adaptive observations was
reduced when real observations rather than synthetic observations were assimilated, which is possibly due to factors such as
observation and model errors. The main conclusions above were verified by another typical fog event with CFSP
characteristics. Results of this study highlight the importance of improved initial conditions in the transition region of the
low—high system for improving fog prediction and provide scientific guidance for implementing an observation network for
fog forecasting over the Bohai Sea.
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Article Highlights:

o The effectiveness of target observation for fog forecasts were investigated.

e Temperature profile in target areas yielded better fog forecasts than other areas.

Snow Dragon scientific research ship collided with an iceberg
in the Amundsen Sea on 19 January 2019 because of dense

1. Introduction

Fog is a weather phenomenon that causes a reduction in
the horizontal atmospheric visibility to below 1 km due to
an abundance of tiny water droplets or ice crystals suspended
in the boundary layer (Glickman, 2000). Sea fog is a type of
fog that occurs at sea or in coastal regions (Li et al., 2012).
Sea fog exerts a notable adverse impact on transportation
(i.e., air, marine, and road traffic). For example, the Chinese
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sea fog. In regions with a high frequency of fog occurrence
and heavy sea traffic, such as the coastal regions around the
Bohai Sea (including Beijing, Tianjin, Hebei, and Shandong;
Fig. 1), sea fog has become a high-impact weather phe-
nomenon. Accurate numerical predictions of sea fog are there-
fore of increasing interest.

However, current accuracy of sea fog forecasting is still
severely impaired by inaccurate model initial conditions
(ICs), although assimilating existing conventional observa-
tions as well as satellite data or derived information has signif-
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Fig. 1. (a—d) Observed fog coverage, defined as the area of points with a surface visibility < 1 km, from surface visibility
observations (dots) obtained from the meteorological network of the China Meteorological Administration at 1200 UTC and
1800 UTC 20 February, and 0000 UTC and 0300 UTC 21 February 2007, respectively. Red and purple dots denote points
with observed visibility for the range of < 1 km and > 1 km, respectively. (e) Observed fog coverage (shading) derived from
Multifunctional Transport Satellite (MTSAT) data at 0300 UTC 21 February 2007. Abbreviations: BJ, Beijing; TJ, Tianjin;
HeB, Hebei Province; SD, Shandong Province; LN, Liaoning Province; BH, Bohai Sea; YS, Yellow Sea.

icantly improved ICs for sea fog forecasting (Wang et al.,
2014; Hu etal., 2017a, b, 2019; Yang et al., 2021). This
implies thatimproving ICs by assimilating appropriate supple-
mentary observations can potentially have benefits for accu-
rate sea fog prediction. Because supplementary observations
are costly, especially over the sea, observation strategies are
urgently needed to determine the necessary types of observa-
tions and where to deploy them.

Adaptive observation is one such strategy, which aims
to maximize the reduction in the forecast uncertainty of a
numerical prediction model by obtaining supplemental obser-
vations in areas where further observations could likely
improve forecasting (Palmer et al., 1998; Langland, 2005).
Over the past few decades, adaptive observations have been
widely used in the atmospheric sciences and have generated
notable benefits in terms of improved numerical weather pre-
dictions, such as forecasts of precipitation, snow, storms,
and tropical cyclones (TCs) (Morss et al., 2001; Xie et al.,
2013; Huang and Meng, 2014). These studies indicate that
adaptive observation is a potential method to improve sea
fog forecasting. However, systematic research on adaptive
observation in sea fog forecasting has not yet been con-
ducted.

A key issue in adaptive observation is determining adap-
tive locations for targeting. Sensitivity analysis, which is
aimed at evaluating how observation changes in ICs affect
forecasts, could provide the basis to determine adaptive loca-
tions (Majumdar et al., 2011; Mu et al., 2015; Majumdar,
2016). Adaptive observation methods based on sensitivity
analysis can be divided into adjoint- and ensemble-based tech-
niques (Bishop and Toth, 1999; Buizza and Montani, 1999;

Langland et al., 1999; Ancell and Hakim, 2007). Compared
to adjoint-based techniques, which use the adjoint of a lin-
earized forecast model, ensemble-based techniques, which
use sample statistics, are much easier to implement (Torn
and Hakim, 2008). Examples of ensemble-based sensitivity
analysis methods include the ensemble transform method,
which transforms the perturbations in the analysis ensemble
at the target time to produce an estimate of the forecast error
variance at the verification time (Bishop and Toth, 1999;
Zhang et al., 2016), and the ensemble sensitivity analysis
(ESA) method, which aims to calculate the linear regression
of analysis errors at the target time onto a given forecast metric
at the verification time (Ancell and Hakim, 2007; Torn and
Hakim, 2008). Compared to the ensemble transform
method, the ESA method shows benefits from considering
the impact of observations on the analysis/forecast results
when identifying adaptive locations (Ancell and Hakim,
2007).

With the use of the ESA method, Bei etal. (2012)
explored the impact of adaptive observation on ozone predic-
tion in Houston, Texas, USA, and the surrounding area with
meteorological-photochemical coupled models. Subse-
quently, Xie et al. (2013) explored the observation strategy
and observation targeting for the prediction of Typhoon
Morakot (2009) with the Weather Research and Forecasting
(WRF) model. Both studies showed that assimilating observa-
tions at identified adaptive locations generally provided a bet-
ter forecast performance than assimilating observations atnon-
adaptive locations. Their results also indicated that the effec-
tiveness of adaptive observation using the ESA method was
limited. Given that the improvement of typhoon prediction



796 STUDY ON TARGET OBSERVATION OF SEA FOG FORECASTS

due to the linear improvement of moist convection (the gov-
erning dynamic) in ICs is sudden (Zhang and Sippel, 2009),
and the ESA method is based on a linear theory that connects
forecast changes to changes in ICs (Torn and Hakim, 2008),
Xie et al. (2013) pointed out that the limited effectiveness of
adaptive observation is possible due to the nonlinearity in
the governing dynamics of the considered systems.

Mu (2013) highlighted that it is necessary to study adap-
tive observation from the perspective of synoptic-scale circu-
lation, as it can help us make early decisions on whether to
implement adaptive observations. Huang et al. (2011) and
Wang (1983) reported that sea fog is closely associated with
specific synoptic-scale circulations, and a common synoptic-
scale circulation favorable for fog formation and maintenance
over the Bohai Sea is the cold-front synoptic pattern (CFSP;
see section 3.1). A dense fog event (hereafter referred to as
the 2007 fog case; see section 3.1) with features typical of
the CFSP occurred in the coastal region of the Bohai Sea on
21 February 2007. Based on this fog case, Hu et al. (2019)
(hereafter referred to as Hu2019) investigated the sensitivity
of fog forecasts to synoptic-scale initial errors by using com-
posite analyses based on ensemble forecasts. Their results
indicated that there were significant synoptic-scale initial dif-
ferences between groups of good-performing and bad-per-
forming ensemble members. Moreover, the evolution of
these initial differences, which was consistent with the evolu-
tion of the main features of the CFSP, consequently caused
the failure of fog forecasting for bad-performing members
by adversely influencing temperature advection (the govern-
ing dynamic factor). It was therefore speculated that there
may be synoptic-scale adaptive locations for sea fog forecast-
ing. Based on the same case, results in Hu et al. (2014) (here-
after referred to as Hu2014) showed that improvement of
fog forecasts due to the linear improvement of initial tempera-
ture advection (the governing dynamic factor) was gradual,
which is significantly different from the strong nonlinear
behavior documented by Zhang and Sippel (2009) in their
study of a TC. This suggests that adaptive observations
based on the ESA method may provide greater potential bene-
fits for fog forecasting than for previously studied TC predic-
tion (Xie et al., 2013). Additionally, results by Ancell and
Hakim (2007) indicated that ensemble sensitivity fields
emphasize synoptic-scale features. Therefore, this study
focused on exploring the observation strategy and effective-
ness of synoptic-scale adaptive locations for sea fog forecast-
ing with the CFSP, and the ESA method, as applied in Xie
et al. (2013), was adopted.

Three interesting questions were addressed in this
study: (1) How should adaptive locations for fog forecasts
be identified using the ESA method? In other words, what is
the suitable target observation type and forecast metric for
sea fog adaptive observations using this method? In previous
adaptive observation studies, the observation type (such as
dropsondes for TC prediction and soundings for ozone predic-
tion) was preset, and they focused on determining adaptive
locations for the preset observation type. Actually, the target
observation type is the basis for identifying adaptive loca-
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tions, soitis necessary to objectively select the target observa-
tion type before identifying adaptive locations. (2) Where
do the adaptive locations occur, and how reasonable are the
underlying physical conditions? (3) How effective are synop-
tic-scale adaptive observations for fog forecasts? From the
perspective of predictability, these questions correspond to
the most sensitive variables and regions in ICs, and how the
key initial errors develop.

To answer these three questions, the 2007 fog event,
which exhibited typical CFSP features, was selected as a
case study. As this study is a preliminary attempt to explore
the impact of adaptive observations on sea fog forecasts, it
is important to first explore the true observation impact of
the ESA method on fog forecasts. Similar to Xie et al.
(2013), to avoid errors caused by observations and an imper-
fect model and investigate the true observation impact given
by the algorithm, numerous observation system simulation
experiments (OSSEs) were conducted by assimilating syn-
thetic observations of the target observation type without
adding observation errors and using the same forecast
model with optimized model configurations. Furthermore,
as the issue of most concern in practical targeting applica-
tions, the real effectiveness of adaptive observations under
actual conditions was examined by conducting sensitivity
experiments (hereafter referred to as REALs) by assimilating
real observations of the target observation type at locations
the same as used in OSSEs. Both OSSEs and REALs were
performed in conjunction with the WRF model, which has
been widely used for sea fog forecasting in both studies and
operational applications (Gao etal., 2007; Wang etal.,
2014). Previous researchers (Hamill and Snyder, 2002; Bei
etal., 2012) have suggested that it is better to employ
advanced data assimilation (DA) schemes to obtain consis-
tently positive results for adaptive observations. Hence, the
ensemble Kalman filter (EnKF) DA scheme within the
WRF model, which was also used by Xie et al. (2013), was
adopted in this study to investigate the effectiveness of adap-
tive observations. Moreover, to verify the conclusions
obtained in the 2007 fog case, another typical sea fog event
with CFSP characteristics was also studied. Note that in this
study, we only focused on the surface fog coverage, which
is defined as the area consisting of points with a surface liquid
water content (LWC) higher than 0.016 g kg! (Gultepe
et al., 2007). Given that the sea fog formation and mainte-
nance suffered more forecast uncertainties than its dissipation
for the 2007 fog case (Hu et al., 2014), which was possibly
due to the more complex processes involved in fog formation
and maintenance, this study focused on forecasts of fog for-
mation and maintenance.

The rest of this paper is organized as follows: The ESA
method is described in section 2. The main part for the case
study is provided in section 3, including an overview of the
case, design and configuration of the experiments, validation
method for fog forecasting, and experimental results. Verifica-
tion based on another sea fog case with CFSP characteristics
is presented in section 4. In section 5, the impact of observa-
tion and model errors is discussed. Finally, a summary is
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given in section 6.

2. ESA for adaptive observation purposes

In this study, the ESA method identifies the adaptive loca-
tion that will maximize the decrease in the model uncertainty
with the norm of change in the ensemble forecast-error vari-
ance of user-defined model state variables. The mathematical
details of the ESA method have been reported in Bei et al.
(2012) and Xie et al. (2013). Briefly, change in the forecast
error variance can be expressed as

P, -P,=P,H'(HP,H"+R)'HP, , (1)

where Py, and P, are the background and analysis error covari-
ance matrices, respectively; H is a linear operator matrix
that relates the model state variables to the observational vari-
ables; HT is the transpose of H; and R is the observational
error (the instrument and representation errors) covariance
matrix.

In numerical weather prediction, as the true state is
unknown, Py, can be estimated using an ensemble covariance

. . _ 1 N
matrix around the ensemble mean, i.e., X, = N E _ Xb.i>
i=

where xy, is the model background state vector before DA.
Hence, P, can be expressed as

] N
P, = o1 ; (Xb,i = %) (X, — %) = Xp(Xp)",  (2)

where i and N are the ensemble member and total ensemble
size, respectively. X}, is a matrix of background ensemble per-
turbations, where each column is (x,;—%,). Substituting
Eq. (2) into Eq. (1) yields the following:

P, - P,=X,,(HX,) '[HX,(HX,) " +R] 'HX,(Xp)" . (3)

Then, to obtain the ensemble forecast-error variance, fore-
casts obtained from ICs with and without the assimilation of
additional observations are compared. If these two forecasts
are denoted by the superscripts fla and f|b, respectively, the
change in the forecast error variance is the trace of
Pr, — Pr,. When the analysis errors are small, the reduction
in the forecast error variance can be estimated as (Bishop
et al., 2001; Majumdar et al., 2001)

Py — Py ~ M(P, —P)M'"

~ MX,(HX;,) T[HX, (HX,)T + R]‘1 HX,(MX)T,
4

where M is the linear model forecast operator, and M7 is its
transpose. Similar to considering the ensemble forecast
from the ensemble background, we can obtain
Xip = M(X,,). Then, if HX, can be replaced by Y, which rep-
resents the observations located at the model grid points,
Eq. (4) can be rewritten as
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-1
P — Py ~ Xep Y[ YYT +R| Y(Xe)" 3)

where Xy, is the user-defined forecast metric, Y is selected
as a vector of observations located at model grid points of
the background state, and R denotes the observation error
variance of the selected observed variables, with values con-
sistent with those at rawinsonde locations provided by the
WREF variational DA system (Parrish and Derber, 1992).

Based on Eq. (5), Psp —Pra can be approximated for
each candidate observation location (model grid point). We
defined the impact factor as the trace of P, —Pr, at the
respective time (Stuart et al., 2007). Locations with the maxi-
mum impact factor values were expected to produce the great-
est reduction in uncertainty for the defined forecast metric
and were therefore selected for additional adaptive observa-
tions.

Given that this study focuses on the simulation of fog
coverage, the concept of fog points, which are points with
the LWC exceeding 0.016 g kg1, is used for defining the fore-
cast metric. Accordingly, the forecast metric used in this
study is defined as the area-averaged fog point ratio
(FPR)—namely, the ratio of fog points to the total
grid/observed points, in the verification region (see section
3.4.1). Results of tests with using different forecast metrics
to identify adaptive locations showed that the identified sensi-
tive area with FPR as the forecast metric is more physically
reasonable than other forecast metrics used in previous stud-
ies, such as the total energy norm (Zhang et al., 2016).

Two observation vectors are used in this study: the
selected specific variable at a specific pressure level at each
model grid point to identify the target observation type, and
the identified target observation type at each model grid
point to identify the adaptive locations. For the first observa-
tion vector, given that initial data on the temperature, humid-
ity, and horizontal wind are all important for fog formation
and maintenance (Zhou and Ferrier, 2008; Zhou, 2011), and
considering the observed variables and vertical levels in the
real observation types (i.e., rawinsondes, wind profilers, and
automatic weather stations), we selected four meteorological
observational variables (temperature, dewpoint temperature,
and zonal and meridional winds) and twelve typical pressure
levels (surface, 1000, 925, 850, 700, 500, 400, 300, 200,
150, and 100 hPa). Then, the expected (predicted) observation
impact (impact factor) of different selected variables at differ-
ent pressure levels on the FPR were calculated individually
using Eq. (5) for comparison to define the target observation
type. The vertical distribution of the impact factor could be
obtained by calculating the horizontally averaged impact fac-
tor over all grid points, and the horizontal distribution of the
impact factor could be obtained by calculating the impact fac-
tor at each specific pressure level at each grid point. The target
observation type was defined as a composite of the
observed variables and pressure levels that exhibit dominant
observation impacts. For the second type of observation vec-
tor, the horizontal distribution of the impact factor could be
obtained by calculating the sum of the impact factor at all
pressure levels of the target observation type. Adaptive loca-
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tions were defined as isolated regions with greater observation
impacts that developed both in magnitude and extent until
the verification time.

3. Study of the 2007 fog case

3.1. Case overview

A detailed case overview (dots in Figs. 1a—d and shading
in Fig. le) of the 2007 fog case is provided in Hu2014. At
1200 UTC (2000 LST) 20 February 2007, fog (red dots)
was observed only at the southern tip of Liaoning Province.
Twelve hours later (0000 UTC 21 February), fog was
observed in the majority of the coastal regions around the
Bohai Sea. At 0300 UTC 21 February, although fog at some
tips of the coastal regions dissipated due to local sunrise, the
main part of the sea fog coverage area was maintained, and
this fog event reached a mature stage. Due to the intrusion
of cold air from the northeast at 2000 UTC 21 February
2007, fog began to dissipate (figures not shown). This fog
event lasted more than 24 h and severely impacted local trans-
portation but was poorly predicted by operational and
research weather prediction systems. Given that this study
investigated forecasts of fog formation and maintenance, we
focused on the period between 1200 UTC 20 February 2007
(actual fog formation) and 0300 UTC 21 February 2007
(actual fog maintenance).

As documented in Hu2019, the main features of this syn-
optic pattern were a dominant high-level ridge behind the
trough associated with the cold front and a surface high
over the sea along the southeast direction after cold-front pas-
sage. Specifically, the upper-level circulation moved east-
ward following a trough-ridge—trough form, and the region
of interest was dominated by the ridge. Closer to the sur-
face, passage of the cold front over the region of interest
pushed the surface high to the southeast over the sea
(schematic in Fig. 2). Under this synoptic pattern, synoptic
conditions conducive to fog formation tend to
occur—namely, a cold local surface after cold-front pas-
sage, abundant warm moist backflow from the surface high,
and stable high-level conditions generated by the dominant
ridge.

3.2. Design and configuration of the experiments

A flowchart of the experimental design for this case is
depicted in Fig. 3.

First, a 40-member ensemble (hereafter referred to as
EN40_FNL; see section 3.2.1) was obtained with the initial
ensemble generated by perturbing the NCEP FNL data with
a horizontal resolution of 1° x 1° at the original initial time.
Based on EN40_FNL, two members with a relatively poor
performance and the best performance in approximating the
observed fog coverage evolution were selected and renamed
the NoDA (no assimilation, control) and TRUE runs, respec-
tively.

Then, to determine the target observation type and corre-
sponding adaptive locations with the ESA method, a new
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Fig. 2. Schematic [cited from Fig. 2 of Hu et al. (2019)] of the
CFSP: synoptic chart at (a) 500 hPa and (b) the surface at 1800
UTC 20 February 2007 (before the actual fog formation). The
brown solid and dashed lines in (a) represent the trough and
ridge lines, respectively. The thick blue lines in (b) represent
the location of the cold front. The blue vectors in (b) represent
the 10-m horizontal wind. Abbreviations: IM, Inner Mongolia;
NEC, Northeast China; SJ, Sea of Japan. This figure is based
on United States National Centers for Environmental
Prediction (NCEP) Final Analysis (FNL) data.

ensemble forecast (hereafter referred to as EN40_POOR)
was generated by perturbing the ICs of the NoDA run with
the same initialization method as used for EN40_FNL.

Next, as mentioned in the Introduction, to assess the
true observation impact given by the ESA method and the
actual observation impact for fog forecasts, OSSEs and
REALs were conducted by assimilating individual synthetic
and real observations, respectively, at the target time followed
by a period of WRF simulation. The first guess for all assimi-
lation experiments was obtained from the forecast field of
NoDA at the target time. The synthetic observations for
OSSEs were obtained based on the TRUE run (see section
3.2.2).

3.2.1. Generation of EN40_FNL and EN40_POOR

The Advanced Research version of the WRF model, ver-
sion 3.3.1 (Skamarock et al., 2008), was used in this study
for fog forecasts. The model configuration and physical
parameterization schemes, the same as those adopted in
Hu2014 and Hu2019, have been tuned to obtain optimized
configurations for sea fog forecasts of this case. Three
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domains (Fig. 4) with horizontal grid spacings of 27 km
(D1), 9 km (D2), and 3 km (D3) were applied with two-way
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Fig. 3. Flowchart of the experimental design for the 2007 fog case.
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Fig. 4. Nested configuration of the model domains. Black boxes denote the model
domains (D1, D2, and D3). The outer large gray box denotes the region used to locate
different single synthetic/real observations for examining the effectiveness of
adaptive observation (D_locate, same box in Fig. 9b). The inner small gray box
denotes the selected verification region. Black crosses within D_locate denote the
locations of synthetic/real observations for DA in the OSSEs/REALs. The navy blue
dot in the inner gray box denotes the location of Beijing
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nesting. There were 40 full sigma levels, with the vertical res-
olution below 1 km increased (the heights were approximately
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27, 94, 184, 299, 444, 630, and 859 m), and the model top
at 50 hPa. The WRF single-moment 6-class microphysics
scheme (Hong and Lim, 2006), Rapid Radiative Transfer
Model longwave radiation scheme (Mlaweret al., 1997), Dud-
hia shortwave radiation scheme (Dudhia, 1989), and quasi-
normal scale elimination PBL and surface layer schemes
(Sukoriansky et al., 2005) were used for all three domains.
The Kain—Fritsch cumulus scheme (Kain, 2004) was used
only for D1 and D2. Compared to the conventional 30-s
United States Geological Survey land-use data (Hitt, 1994),
the WRF simulations used more realistic vegetation informa-
tion for D3, which was based on 500-m resolution land-use
data for the year 2000 (Zhang et al., 2007). To be consistent
with our previous work on this fog case, i.e., Hu2014 and
Hu2019, sea surface temperature (SST) information used in
this study was from FNL data rather than from data with
finer resolution, such as the North-East Asian Regional-
Global Ocean Observing System (NEAR-GOOS) daily SST
data. Actually, there were no obvious differences in the fog
forecast results obtained between sensitivity experiments
based on the FNL SST data and NEAR-GOOS daily SST
data for this case.

The ensemble initialization method for EN40_FNL was
the same as adopted in previous studies (Hu et al., 2014;
Huang and Meng, 2014), in which the ICs of the ensemble
forecasts were generated by randomly perturbing the FNL
data at 0000 UTC 20 February 2007 (0800 LST, the original
initial time). The perturbations were obtained by randomly
sampling the background error covariance from the WRF-
3DVar fixed-covariance model (Skamarock et al., 2008).
The standard deviations of the initial ensemble were
roughly 1.2 K for air temperature, 3 m s~! for wind, and 0.3
g kg~! for the water vapor mixing ratio. The whole ensemble
was then integrated for 27 h. Except for the ICs, all 40 mem-
bers used the same model configuration, physical parameteri-
zation schemes, and boundary conditions obtained from 6-h
FNL data.

EN40_POOR was also integrated for 27 h, with the
first 12-h integration of the ensemble forecast used to
develop an approximately realistic flow-dependent back-
ground error covariance structure (Zhang, 2005; Yue and
Meng, 2017) for calculating observation impacts and conduct-
ing assimilation.

3.2.2. OSSE and REAL configurations

Observations used for assimilation in this study were syn-
thetic and real observations of the target observation
type—namely, temperature at 850 hPa and the surface layer
(hereinafter referred to as 850hPa-and-surface temperature;
see section 3.4.2). Because field experiments of adaptive
observation for sea fog forecasts have not yet been con-
ducted, the real 850hPa-and-surface temperature data used
in this study are actually the real observed temperature infor-
mation at 850 hPa and the surface extracted from real
radiosonde observations. This treatment can be considered
reasonable because these alternative real observations have
included important factors for actual conditions (i.e., observa-
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tion errors), and the real locations of these observations
could represent different adaptive/nonadaptive locations for
assessing the effectiveness of adaptive observations. Given
that radiosonde observations at different locations have
been separately used to obtain single real 850hPa-and-surface
temperature observations rather than being assimilated as a
whole, to be fair, other existing observations, such as conven-
tional surface and sounding observations and satellite data,
have not been assimilated in this study.

For the OSSEs, synthetic 850hPa-and-surface tempera-
ture observations were generated by extracting temperature
information from the TRUE run at 1200 UTC 20 February
2007 (the target time) without adding observation errors.
Note that because this study focused on synoptic-scale adap-
tive observations, the TRUE run in the coarsest domain
(D1) was used for generating synthetic observations, and
only the model field in D1 was updated through DA with
the increments (posterior minus prior) in assimilating observa-
tions in D1 projected to D2 and D3. Thus, to compare the
observational impacts of the observations at different loca-
tions on fog forecasts, 42 synthetic 850hPa-and-surface tem-
perature observations with locations according to real
radiosonde data (black crosses in Fig. 4) within the region
of D_locate (outer gray box in Fig. 4, see section 3.4.4)
were derived from the TRUE runin D1. Then, a set of analyses
was generated by individually assimilating each of the 42 syn-
thetic 850hPa-and-surface temperature observations at the
assimilation time (same as the target time in this study) with
the WRF-EnKF model. Accordingly, 42 separate determinis-
tic forecasts were initialized with the corresponding EnKF
mean analyses and integrated for 15 h. Note that to ensure
the EnKF and ESA methods use consistent ensemble statis-
tics, following the treatment used in Xie et al. (2013), we
did not apply localization for the WRF-EnKF model in this
study. In addition, this study only focuses on the performance
of deterministic forecasts based on the EnKF mean for each
assimilation—forecast experiment. The ensemble forecast per-
formance for each assimilation—forecast experiment was not
investigated in this study due to the limitations in computing
resources. The NoDA run is also the deterministic forecast
with ICs retrieved from the ensemble mean of EN40_POOR
in the following sections.

For the REALSs, the experimental design is the same as
that of the OSSEs except that the observations assimilated
were real observations instead of synthetic observations.

3.3. Validation method for fog forecasting

Because this study focused on surface fog coverage,
which is defined based on the point-to-point LWC, the fog
forecast performance was evaluated through the simulated
fog coverage, which was correspondingly defined as the
area consisting of points with a simulated LWC at the first
model vertical level (hereinafter referred to as levl) in D3
higher than 0.016 g kg~!. Note that although low clouds are
frequent during coastal sea fog, only grounded clouds (fog)
were the focus of this study. Hence, the simulated LWC at
lev1, instead of at multiple vertical levels, was used for defin-
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ing the simulated fog coverage. To quantitatively evaluate
the fog forecast performance, the threat score (TS), false
alarm ratio (FAR), and missing ratio (MR) were used as mea-
sures of prediction accuracy. As documented in Hu2019, con-
sidering fog observations/forecasts as binary events (1 =
true, 0 = false), the predictive skill scores can be calculated
as follows:

A
TS=—~-¢ 6
ST At A—A ©)
Ar—A
FAR = =L =¢ (7)
Ag
and
AO_AC
MR = 8
=, ®)

where Ay, A,, and A, denote the fog forecasts, fog observa-
tions, and correct (hit) fog forecasts, respectively. Larger TS
values (smaller FAR and MR values) indicate a better forecast
performance.

To validate the ensemble forecasts (EN40_FNL and
EN40_POOR), similar to the validation method documented
in Hu2019, the forecast performance of each member was
objectively evaluated through comprehensive consideration
of the predictive skill scores (TS, FAR, and MR) calculated
against station data from a temporal perspective and against
satellite data from a spatial perspective. The ensemble mem-
bers with a better forecast performance were those that exhib-
ited larger TS values and smaller FAR and MR values.
From a temporal perspective, the simulated LWC values at
levl at each observation station (dots in Figs. la—d) were
compared tothe corresponding observed surface-observed vis-
ibility every 3 h from 1200 UTC 20 February 2007 to 0300
UTC 21 February 2007—namely, the stage of actual fog for-
mation and maintenance. Here, LWC = 0.016 g kg~! corre-
sponded to visibility < 1 km. From a spatial perspective, the
simulated LWC values at lev] at each point in D3 (Fig. le)
were compared to the corresponding observed fog points
derived from MTSAT data, with the same detection method
as that used in Wang et al. (2014), at 0300 UTC 21 February
2007 (actual fog mature stage).

In the case of the assimilation—forecast experiments
(OSSEs and REALs), given that the time of 0300 UTC 21
February 2007 was specified as the verification time of adap-
tive observation (see section 3.4.1), the results of the OSSEs
and REALs were evaluated only at this time from a spatial
perspective. Thus, the TRUE run and satellite data were
used as the references for the OSSEs and REALS, respec-
tively, and the predictive skill scores were calculated from a
spatial perspective. In other words, to calculate the predictive
skill scores for the OSSEs, the satellite data were replaced
by the simulated LWC at levl at 0300 UTC 21 February
2007 obtained from the TRUE run. Moreover, to emphasize
the benefits of assimilating observations for the fog forecast
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performance, the improvements (“Ly,”) in the predictive
skill scores were defined as follows:

Lproy TS = TS(OSSEs/REALs) — TS(NoDA) ,  (9)

Inprov FAR = FAR(NoDA) — FAR(OSSEs/REALs) , (10)

and

Inmproy MR = MR(NoDA) - MR(OSSEs/REALs) . (11)

3.4. Results

3.4.1. TRUE, NoDA, and EN40_POOR runs

Based on the temporally and spatially averaged predic-
tive skill scores and evolution of the simulated fog coverage
for each ensemble member in EN40_FNL, member_10 and
member_38 exhibited the best performance and a very poor
performance, respectively, among the 40 ensemble mem-
bers. The predictive skill scores for these two members and
the mean of the 40 members are shown in Figs. Sa—c. Com-
pared to the observations (dots in Figs. 1a—d and shading in
Fig. le), both runs captured the main fog formation process
in Shandong Province. However, in the main part of the
Bohai Sea and its coastal region (the area is shown in the
blue rectangular box in Figs. 5g and k, and the inner gray
box in Fig. 4), member_10 (shading in Figs. 5d—g) simulated
the fog process with a close resemblance to the observa-
tions, while member_38 (shading in Figs. Sh—k) missed the
fog coverage entirely in the focal regions. Thus,
member_10 and member_38 were selected as good and bad
members and correspondingly regarded as the TRUE run
and NoDA runs, respectively. The region indicated by the
blue rectangular box in Figs. 5g and k, which suffers vulnera-
bility of heavy transportation to sea fog and high fog forecast
uncertainties, was specified as the verification region for
this case.

Figure 6 shows the spread of simulated fog coverage pro-
duced from ENS40_POOR. Similar to the forecast from the
ensemble mean, most members failed to capture the main
fog formation process in the verification region, with lower
TS and higher FAR and MR values than that of the TRUE
run. Additionally, the ensemble forecast exhibited a large dis-
crepancy of the simulated fog coverage in the verification
region, especially at 0300 UTC 21 February 2007 (the end
of simulation). This implies the rationality of the ensemble
forecast, which has reasonable initial ensemble spread (fig-
ures not shown). Hu2014 indicated that this large forecast dis-
crepancy is closely related to the significant differences in
ICs between the TRUE run and NoDA run. Thus, the high ini-
tial uncertainties provided the motivation to investigate adap-
tive observations as a means to improve sea fog forecasting
in this case.

Given that there were high uncertainties in the fog cover-
age forecast at 0300 UTC 21 February 2007, and based on
our previous study in which we found that the results from
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forecast metrics to be examined.

evaluating the sea fog forecast performance from the temporal
aspect (the stage of actual fog formation and maintenance)
and from the spatial aspect (at 0300 UTC 21 February, the
actual fog mature stage) were similar, the time of 0300 UTC
21 February 2007 was specified as the verification time for
adaptive observation for this case.

3.4.2. Defined observation type for targeting

First, to outline the general characteristics of observation
impacts of different variables at different pressure levels,
the vertical distributions of the expected observation
impacts of the four selected observed variables (Fig. 7)
were compared. Generally, for each of the four selected vari-
ables, the expected observation impact below 700 hPa was
larger than that at the other pressure levels. Additionally,
the expected observation impact of the temperature was
much larger than that of the other variables at the correspond-
ing pressure levels, especially with a peak at 850 hPa. These

results agree with the results of Hu2014 indicating that the ini-
tial errors of the low-level temperature impose a larger
adverse influence on fog forecasts than those of humidity
and horizontal winds. Therefore, temperatures below 700
hPa were preliminarily selected as the target observation
type in this case.

Furthermore, given that both the concentration (rela-
tively localized and compact) and growth (magnitude and
extent) of regions with large expected observation impacts
are significant when identifying the target observation type
and the corresponding adaptive locations, we analyzed the
evolution of the spatial distribution of the expected observa-
tion impact of the temperature at the different pressure lev-
els, especially temperatures below 700 hPa (Fig. 8). The
region of a large expected observation impact of the tempera-
ture below 850 hPa (Figs. 8b—e) is consistently concentrated
with respect to the pattern and location, and develops both
in magnitude and extent; in contrast, the region of a large
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expected observation impact at 700 hPa (Fig. 8a) at 0600
UTC 20 February is inconsistent with the corresponding pat-
tern and location at 850 hPa and below and gradually
decreases. Therefore, temperature at 700 hPa was excluded
from the selection of the target observation type. Moreover,
given that the expected observation impact in most areas
within D1 at 925 hPa and 1000 hPa cannot be calculated
due to the local topography (the blank area within DI in
Figs. 8c and d), to ensure a more reasonable calculation of
the impact factor, 850 hPa and the surface were selected to
represent the situation of the temperature at a low level in
this study. Actually, this selection is reasonable because tem-
perature information at 850 hPa and the surface can represent
the impact of the low-level vertical thermal structure (from
the combination of the 850-hPa- and surface-layer tempera-
tures) and underlying surface (from the surface layer) on
fog forecasts.

Therefore, the temperature at 850 hPa and the surface
layer was defined as the 850hPa-and-surface temperature

and was selected as the target observation type in this study.
Note that although this study only focused on the potential
observation impact of those four meteorological variables, fur-
ther work is needed to explore the observation impact of
SST and satellite-derived products including relative humid-
ity because these parameters also play a potentially significant
role in sea fog forecasts (Bari etal., 2015; Yang etal.,
2021).

34.3.

Figure 9 shows the expected impact factor for the individ-
ual 850hPa-and-surface temperature observations at 0600,
1200, and 1800 UTC 20 February 2007, with respect to the
forecast of the FPR at the verification time. At 0600 UTC,
850hPa-and-surface temperature observations with relatively
large observation impacts on the FPR metric (defined adap-
tive locations) were concentrated in the transition region
between the surface low-high system. Six hours later
(1200 UTC; target time), the area with a relatively large obser-

Diagnosed observation impacts
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Fig. 7. Vertical distributions of the domain-averaged impact factor (units: 10-2) of (a) temperature (7), (b) dewpoint
temperature (7y4), and horizontal (c) zonal (U) and (d) meridional (V) wind in D1 at 0600 UTC (green), 1200 UTC
(blue), and 1800 UTC (red) 20 February 2007, respectively. The impact factor was calculated with the FPR at the
verification time in the verification region as the forecast metric and different variables (7, Ty, U and V) at different

pressure levels as observations.

vation impact extended southward, which is consistent with
the southerly extension of the surface low, and moved east-
ward, which agrees with the generally southerly movement
of surface low-high systems. At 1800 UTC, the magnitude
of the expected observation impacts continued to increase,
and the area with relatively large observation impacts
extended southward to the coastal region of the Bohai Sea.
In general, the evolution of the area with a relatively large
expected impact factor agreed well with the main features
of the CFSP, as documented in section 3.1. This suggests
that the identified adaptive locations were physically reason-
able. Because 1200 UTC 20 February yields a clear local max-
imum of the impact factors and real observations are available
atthis time to verify the effectiveness of adaptive observations
for fog forecasts, 1200 UTC 20 February was selected as
the target time in this case.

3.4.4. Actual improvement
observations

resulting from adaptive

Given that the ESA method is based on a linear assump-

tion that links the response of a given forecast metric to
changes in ICs, it is necessary to verify the effectiveness of
adaptive observations by statistically quantifying the relation-
ship between the predicted observation impact and the
actual changes in the forecast errors obtained from model inte-
gration through the assimilation of additional observations
at different synthetic/real observation locations. In this
study, the predicted and actual reductions in the root-mean-
square error (RMSE) of the forecast metric were used as indi-
cators to verify the effectiveness of adaptive observations,
as used by Bei et al. (2012) and Xie et al. (2013). The pre-
dicted (expected) RMSE reduction in the forecast metric—
namely, the FPR in the verification region at the verification
time—was obtained by calculating the square root of the
impact factor. To perform the comparison, the actual reduc-
tion in the RMSE was calculated from a comparison of the
forecasts initialized from mean EnKF analysis of each
OSSE/REAL and from NoDA.

To ensure the fairness of comparing the expected and
actual observation impacts on the fog forecasts at the different
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locations and save computing resources, we fixed the
region, as shown by the large box in Fig. 9b (hereinafter
referred to as D_locate; namely, the outer gray box in Fig. 4),
which contains both a subregion with relatively large
expected observation impacts and a subregion with relatively
small expected observation impacts at the target time. Addi-
tionally, the numbers of observation locations (the black
crosses in Fig. 4) in those two subregions are similar.

3.4.4.1. OSSEs

The scatterplot and distribution of the expected and
actual reductions in the RMSE of the FPR at the verification
time for OSSEs are shown in Fig. 10a and Figs. 10c and d,
respectively. In general, assimilating synthetic 850hPa-and-
surface temperature in areas with larger predicted impact fac-
tors (larger expected reduction in the RMSE of the FPR), on
average, resulted in a better sea fog forecast performance
(larger actual reduction in the uncertainty in the FPR fore-
cast) than assimilating temperature in areas with smaller pre-
dicted impact factors. Quantitatively, the correlation
between the expected and actual reductions in the RMSE of
the FPR could reach 0.643 and was significant at the 90%
level of the r-test. This correlation value is much higher than
that of the adaptive observations for TC prediction [0.38 for
the RMSE of rainfall and 0.42 for the RMSE of the sea
level pressure in Xie et al. (2013) without observation errors
and under the perfect-model assumption] when the same
ESA method was used. This suggests that the ESA method
performs better for fog forecasts under this synoptic-scale pat-
tern than for TC prediction, which verifies the hypothesis in
the Introduction. For this better result for fog forecasts, one
possible reason is that the strength of nonlinearity for the gov-
erning dynamics for TC prediction is much stronger than
that of fog forecasts. Another possible reason is that the fore-
cast metric used in this study is related to a larger-scale feature
compared to the smaller features that were used in previous
work on TC prediction.

Notably, it is interesting that the region of a large actual
reduction in the RSME of the FPR (Fig. 10d) is concentrated
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in the transition region of the surface low-high system,
which could be considered as the true adaptive locations
based on the ESA method for fog forecasts in this case. This
further indicates that a small position difference is most
likely to create large RMSEs in the high-gradient region, so
it is best to conduct observations there.

However, it should also be noted that the relative order
of the actual reduction in the RMSE of the FPR at different
observation locations does not agree well with the relative
order of the corresponding expected values. For example,
010 exhibits the largest expected reduction in the RMSE of
the FPR, while the observation location with the largest
actual value is O20. This indicates that the true effectiveness
of adaptive observations for fog forecasts given by the ESA
method is limited. One possible reason is that, as mentioned
by Bei etal. (2012), the actual error reduction through
EnKF assimilation of synthetic 850hPa-and-surface tempera-
ture also depends on the magnitude of the differences
between the observations and the model field (before assimila-
tion), while the expected impact factor may not. Another pos-
sible reason is that the background error covariances for the
EnKF method may be imperfect due to the limited ensemble
size. Both are out of the scope of this study.

Additionally, in the experiments with the assimilation
of observations at some locations with similar expected reduc-
tions in the RMSE, the corresponding actual reductions signif-
icantly differed. For example, when assimilating the 850hPa-
and-surface temperature at the single locations of O18 and
042, the expected reductions in the RMSE of the FPR are
similar, all approximately 0.045, while the actual reduction
in the RMSE of the FPR for assimilating the observation at
the location of O18 is much larger than that at the location
of 042, which agrees with the results of the simulated fog
coverage (Figs. 11a6 and a5) and the corresponding improve-
ment in the predictive skill scores (Figs. 12al—c1). This possi-
bly occurs because compared to the location of 042, the loca-
tion of O18 is much closer to the diagnosed adaptive locations
(namely, the transition region of the surface low-high sys-
tem) and is located upstream of the defined adaptive loca-
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Fig. 9. Sea level pressure (contour lines) for the TRUE run, and the impact factor (shaded; units: 10-2) of the FPR at the
verification time in the verification region to 850hPa-and-surface temperature observations in D1 at (a) 0600 UTC, (b) 1200
UTC, and (c) 1800 UTC 20 February 2007, respectively. The large rectangular box in (b) denotes the region of D_locate, the
same as the outer gray box in Fig. 4. The navy blue dot in each subplot denotes the location of Beijing.
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impact factor exceeds 0.505 (units: 102) in Fig. 9b.

tions. This result indicates that if observations cannot be
deployed at adaptive locations for practical reasons, deploy-
ing observations upstream as close as possible to adaptive
locations can be considered a suboptimal option.

34.4.2. REALs

Results of the REALs are shown in Figs. 10b and e,
Figs. 11b2-b6, and Figs. 12a2—-c2. As we expected, the
main results of the REALs are similar to those of the
OSSEs: assimilating real observations in areas with larger pre-
dicted impact factors generally resulted in a better sea fog
forecast performance than assimilating observations in areas
with smaller predicted impact factors; the region with a
large actual reduction in the RMSE of the FPR was generally
located in the transition zone of the surface high—low sys-
tem.

However, the correlation between the expected and
actual reductions in the RMSE of the FPR for the REALSs
(Fig. 10b; value of 0.534) is much lower than that for the
OSSE:s (Fig. 10a; value of 0.643). Further analyses indicated
that an important reason for the worse results of the REALSs
is the unexpectedly worse fog performance at some observa-
tion locations (such as R20; Fig. 11b4, Figs. 12a2—c2) in the

region with both large expected and actual (OSSE) impact fac-
tors relative to other locations around the region with large
expected impact factors (such as R18; Fig. 11b6, Figs.
12a2—c2). Considering the differences in experimental
design between the OSSEs and REALS, this unexpectedly
worse fog performance may result from certain actual
adverse factors, such as observation and model errors (dis-
cussed in section 5). Thus, when assessing the actual benefits
of adaptive observations for sea fog forecasts, the potential
adverse impacts of actual factors cannot be ignored.

Overall, the results of both the OSSEs and REALs sug-
gest that although the effectiveness of adaptive observations
for fog forecasting is limited, the deployment of 850hPa-
and-surface temperature in the transition region of the surface
low-high system tends to yield greater benefits for improving
forecasting of this fog event with the CFSP.

4. Verification based on another fog case
with the CFSP

To verify the conclusions obtained based on the 2007
fog case, we selected another sea fog event, which occurred
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Fig. 11. As in Figs. 5d-k but for simulated fog coverage in the verification region (blue box in Figs. 5g and k) for the TRUE
run (al), NoDA (c1), OSSEs and REALs at locations 10, 15, 20, 42, and 18 (a2-a6 for OSSEs; b2-b6 for REALSs),
TRUE_modelerr run (c4), and additional OSSE experiments considering observation/model errors at locations 20 and 18
(c2—c3 for observation errors; c5—c6 for model errors), respectively, at the verification time.

from 3 to 4 March 2016 (hereinafter referred to as the 2016 The experimental design of this fog case is the same as
fog case), also exhibiting CFSP characteristics [a detailed  that of the 2007 fog case, as described in section 3.2, except
case overview is presented in Shi etal. (2018)]. At 0300 for two points: first, to verify the effectiveness of adaptive
UTC 4 March 2016 (the mature stage of this fog event), fog  observations, only REALs were conducted in this case
was observed in most of the Bohai and Yellow seas (Fig. 13a). instead of both OSSEs and REALs in the 2007 fog case;
In this case, the deterministic run based on the FNL (DET_  and second, REALs were performed by assimilating nine sin-
FNL) data could not capture this fog event well (Fig. 13b). gle 850hPa-and-surface temperature observations (the selec-
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Fig. 12. Improvement of predictive skill scores (TS, FAR, and MR) between OSSEs and NoDA (purple bars in
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errors, blue bars in al—c1; O20m, O18m for model errors, green bars in al—c1), and between REALs and NoDA

(a2—c2), respectively.

tion principle is documented in section 4.2) to save computing
resources. ENS40_FNL was performed with the original ini-
tial time at 1200 UTC 2 March 2016 and was integrated for
48 h.

The times of 1200 UTC 3 March 2016 and 0300 UTC 4
March 2016 (the actual mature stage) were selected as the tar-
get time and verification time, respectively; the region
marked by the blue box in Fig. 13 was defined as the verifica-
tion region, with the same selection reason as those in the
2007 fog case.

4.1. Predicted observation impact

Generally, the predicted observation impacts in this
case agree well with those in the 2007 fog case: the tempera-
ture at 850 hPa and the surface layer could be selected as
the target observation type (Fig. 14). Additionally, the
region with large expected observation impacts is located in
the transition region of the surface low-high system, and
the corresponding evolution is consistent with the main fea-
tures of the CFSP (Figs. 15a—c).

4.2. Effectiveness of adaptive observations

Regarding the observations assimilated in the REALS,
to ensure an as fair as possible verification in the case of lim-
ited observations used for verification, the observation loca-
tion selection principle is as follows: first, establish the first
location at the point with the largest predicted observation
impact. Second, we regard the region with large predicted
observation impacts at the target time as an ellipse and plot
two perpendicular lines (the purple dashed lines in Fig. 15d),
with both lines passing through the first location and one
line approximately along the direction of the major axis of
the ellipse. Finally, nine observations (including the first
observation; marked with green circles in Fig. 15d) closest
to these two lines are selected to conduct the REALSs.

The results of the REALSs (Fig. 16) generally agree with
those of the 2007 fog case: both illustrated that adaptive obser-
vations at the identified adaptive locations provides some
skill in actual targeting application for fog forecasting.

Overall, as both the 2007 and 2016 fog cases are typical
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examples with CFSP features, the results of the 2016 fog
case lend more credibility to the conclusions based on the
2007 fog case.

5. Impact of observation and model errors

Previous studies have indicated that observation errors
constitute a potentially important source of the reduction in
the effectiveness of adaptive observations (Morss and
Emanuel, 2002; Xie et al., 2013). Additionally, it has been
shown that fog forecasts are highly sensitive to model physi-
cal parameterization schemes, such as PBL schemes and short-
wave/longwave radiation schemes (Tudor, 2010; Romén-
Cascon et al., 2012), which suggests that model errors exert
a potentially adverse impact on the effectiveness of adaptive
observations for fog forecasts. Thus, it could be determined
that the results of the OSSEs (section 3.4.4.1) represent the
upper limit of the effectiveness of adaptive observations for
fog forecasting because they are conducted under the
perfect-model assumption and involve the assimilation of syn-
thetic observations without adding observation errors.

To explore the individual potential adverse impacts of
observation and model errors on the effectiveness of adaptive
observation for fog forecasts, two additional groups of sensi-
tivity experiments (Exp_oberr and Exp_modelerr) were con-
ducted on the basis of the OSSEs. Because this study does

not focus on quantitatively comparing the influences of obser-
vation errors and model errors on fog forecasts, only five
observation locations analyzed above—namely, locations
10, 15, 20, 42, and 18—were selected to conduct the sensitiv-
ity experiments. Locations 10, 15, and 20 represent locations
with large expected impact factors; locations 18 and 42 repre-
sent locations upstream and close to areas with large
expected impact factors and areas with small expected
impact factors, respectively. In Exp_oberr, random errors pro-
portional to the observation errors assigned by the WRF varia-
tional DA system (the same as used for the calculation of
the expected impact factors in section 2) were added to the
synthetic observations, which are directly obtained from the
TRUE run. In the case of Exp_modelerr, synthetic observa-
tions were extracted from a new good run (hereafter
referred to as the TRUE_modelerr run) without adding obser-
vation errors. The TRUE_modelerr run was generated with
the same ICs as those of the TRUE run, but the physical
parameterization schemes (PBL schemes and shortwave/long-
wave radiation schemes) were different from those of the
TRUE run. Note that the results of Exp_oberr and Exp_model-
err were evaluated with the TRUE run and the TRUE_model-
err run as the reference, respectively.

The results of Exp_oberr and Exp_modelerr are shown
in Fig. 17, Figs. 11c2 and ¢3, and Figs. 12¢5 and c6. Both
the observation and model errors caused a reduction in the
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Fig. 14. (a—e) As in Figs. 8a2—2 but for the impact factors of temperature at 1200 UTC 3 March 2016 (target time). (f) As in

Fig. 7a but for temperature at the target time.

fog forecast performance. Additionally, the adverse actual
impact of the observation (model) errors on the fog forecasts
at the locations with different expected impact factors differed
significantly: the adverse actual impact is largest at locations
20 and 10 (both with large expected impact factors),
medium at location 18 (upstream of the area with large
expected impact factors), and smallest at location 42 (with
small expected impact factors). The possible reason is that
the regions with the largest impact factors are also the
regions with the fastest error growth (Xie etal., 2013).
These results verified the speculation above that both observa-
tion and model errors could actually cause a reduction in the
effectiveness of adaptive observations for sea fog forecasts,
and emphasized the importance of improving the quality of
observations and forecast models to improve the effectiveness
of adaptive observations for fog forecasts.

6. Summary

In this study, we investigated the observation strategy
and effectiveness of synoptic-scale adaptive observations
for improving sea fog predictions by using the ESA method

and WRF-EnKF model. A poorly predicted dense fog event,
which occurred over the coastal region around the Bohai
Sea on 21 February 2007 with a CFSP, was selected as a
case in this study. By using the ESA method with the FPR,
defined as the ratio of fog points (points with an LWC exceed-
ing 0.016 g kg™!) to the total points in the verification
region, as a forecast metric, the impact factor (observation
impact) was calculated to select the target observation type
and to identify the corresponding adaptive locations. Then,
the true observation impact given by the ESA method and
the real effect of adaptive observation on fog forecasts were
investigated by assimilating synthetic and real observations
of target observation type, respectively. The results are con-
cluded as follows:

(1) The 850 hPa-and-surface temperature was chosen
as the target observation type.

(2) The transition region of the surface low—high systems
were the identified adaptive locations. This region could be
reasonably explained by the main features of the CFSP.

(3) Assimilating synthetic observations of target observa-
tion type at identified adaptive locations, on average,
resulted in a larger actual reduction in fog forecast uncertain-
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ties than assimilating observations in other regions. Addition-
ally, although the true effectiveness of adaptive observations
given by the ESA method for fog forecasting was limited, it
was still higher than that for TCs, which is possibly related
to the relative strength of the nonlinearity in the governing
dynamics between fog and TCs and different scales of fore-
cast metrics adopted for fog and TC predictions.

(4) The real effectiveness of adaptive observations was
reduced when real observations rather than synthetic observa-
tions were assimilated, which is possibly due to certain impor-
tant actual factors, such as observation and model errors.
This further indicates that reducing potentially important
actual errors, such as observation and model errors, could
be important for increasing the effectiveness of adaptive
observations for fog forecasts in actual applications.

The main conclusions obtained from the 2007 fog case
were verified by the 2016 fog case, which also exhibits the
CFSP features. This further increases our confidence in
actual targeting applications for adaptive observations of

sea fog forecasts with a CFSP.

To the best of our knowledge, this is the first attempt at
exploring the observation strategy and quantitatively assess-
ing the effectiveness of adaptive observations for sea fog fore-
casting. This study extends the scope of atmospheric adaptive
observations to fog systems. The advances obtained in this
study could enhance our understanding of the predictability
of fog with a CFSP and provide scientific guidance needed
for implementing an observation network for fog forecasting
in the coastal region around the Bohai Sea. Additionally, in
this study, we investigated the effectiveness given by the
ESA method for assimilating synoptic-scale adaptive observa-
tions for fog forecasting. Compared with previous studies
using the same method, this method is more applicable to sys-
tems under a nearly linear error growth in the specified physi-
cal variables and forecast metrics related to larger-scale fea-
tures. However, this study revealed two issues that require fur-
ther investigation. First, as a potentially important observed
variable, the role of the SST should be accounted for in
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