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Abstract

Based on the COAWST (Coupled Ocean—Atmosphere-Wave-Sediment Transport) model,
this study developed an atmospheric refractivity forecasting model incorporating ensemble
bias correction by combining five bias correction algorithms with the Bayesian Model
Averaging (BMA) method. Hindcast tests conducted over the Yellow Sea and Bohai
Sea regions demonstrated that the ensemble bias correction enhanced both forecasting
accuracy and adaptability. On the one hand, the corrected forecasting outperformed the
original COAWST model in terms of mean error (ME), root mean square error (RMSE), and
correlation coefficient (CC), with the RMSE reduced by approximately 20% below 3000 m
altitude. On the other hand, the corrected forecasting reduced the uncertainty associated
with the performance of different algorithms. In particular, during typhoon events, the
corrected forecasting maintained stable bias characteristics across different height layers
through dynamic weight adjustment. Throughout the hindcast period, the ME of the
corrected forecasting was lower than that of any single bias correction algorithm. Moreover,
compared with other ensemble methods, the corrected forecasting developed in this study
achieved more flexible weight allocation through Bayesian optimization, resulting in lower
ME. In addition, the corrected forecasting maintained an improvement of approximately
28% in bias reduction even at a 72 h forecasting lead time, demonstrating their robustness
and reliability under complex weather conditions.

Keywords: atmospheric duct; Bayesian model averaging; deep learning; ensemble
forecasting; model bias correction; model evaluation
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1. Introduction

Atmospheric refractivity characterizes the degree of refraction that occurs when elec-
tromagnetic waves propagate through the atmosphere. Atmospheric refractivity affects
remote sensing image positioning, electromagnetic wave propagation, and the performance
of air-ground data links and communication systems [1,2]. For electromagnetic waves in
the frequency range of 100 MHz to 100 GHz, S. Babin et al. established and refined an
empirical model of atmospheric refractivity, expressing it as a function of meteorological pa-
rameters such as air temperature, air pressure, water vapor pressure, and altitude [3]. After
considering the effect of Earth’s curvature on ground-level electromagnetic wave propa-
gation, atmospheric refractivity can be converted to modified atmospheric refractivity [4].
The formula is

M=N+0.157 x H (1)
where
77.6 e
N = T(p+4810?) (2)

Here, M represents the modified atmospheric refractivity (M—units), N represents the
refractivity (N—units), H represents the altitude (m), T represents air temperature (K), P
represents air pressure (hPa), and e denotes water vapor pressure, which can be calculated
using the following equation:

e = o ?3)
e+ (1—¢e)g
where g denotes the specific humidity (g/kg), and ¢ is a constant equal to 0.622.

Accurate forecasting of the modified atmospheric refractivity profile is the data foun-
dation for identifying atmospheric duct phenomena [5]. An atmospheric duct refers to
a special stratification of the atmosphere that enables radio waves in the very high fre-
quency and microwave bands to achieve over-ranged propagation [6,7]. Generally, the
atmospheric duct phenomenon is considered to occur when the vertical gradient of the
modified atmospheric refractivity falls below a certain threshold value [5].

The presence of an atmospheric duct alters the range and path of electromagnetic wave
propagation, demonstrating strong application value in fields such as shortwave communi-
cation and radar detection, while also introducing interference to normal operations. For
example, an atmospheric duct can enable radar electromagnetic waves to propagate over
several times greater distances with very low transmission loss, but simultaneously create
a detection blind zone above the duct layer, where target activities cannot be perceived by
radar [8].

To accurately forecast the modified atmospheric refractivity or atmospheric duct phe-
nomena, two main approaches have traditionally been employed: numerical forecasting
and empirical methods. Numerical forecasting utilizes numerical weather prediction mod-
els to conduct routine weather forecasting and subsequently diagnose various atmospheric
phenomena based on the forecasting results. Empirical methods employ mathematical or
regression methods to establish statistical models that estimate future changes in historical
data. This purely data-driven approach is typically used for nowcasting within a 3 h
time window; its forecasting accuracy may decrease rapidly as the forecasting lead time
increases [9,10].

With the continuous development of Artificial Intelligence (Al) algorithms, many
researchers have attempted to combine numerical forecasting models with Al algorithms
using various approaches, aiming to improve the physical interpretability of Al algorithms
while further enhancing the accuracy of weather forecasting. For example, Berry et al.
proposed a nonparametric Bayesian method based on the Reproducing Kernel Hilbert Space
(RKHS) that can be integrated with any data assimilation system, including the Ensemble
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Kalman Filter (EnKF), to correct observational biases. Simulation results demonstrated
that this method reduced the mean relative root mean square error (RMSE) by more than
40% for several key variables, such as high, middle, and low cloud fractions, compared
with the standard EnKF [11]. Rasp et al. employed deep neural networks to learn sub-grid
physical processes in the Super Parameterized Community Atmosphere Model (SPCAM)
and successfully embedded it into a global climate model to replace traditional cloud and
radiation parameterization schemes. The results showed that the neural network version
of Community Atmosphere Model, NNCAM, achieved approximately 20 times faster
computational speed than the original model [12].

Among the various studies that combine numerical forecasting models with Al tech-
niques, Al-based bias correction has proven to be one of the most effective approaches for
rapidly improving numerical forecasting accuracy. For example, Han et al. proposed a
CU-net deep learning method to correct the gridded bias in wind speed forecasting from
the European Centre for Medium-Range Weather Forecast (ECMWF) Integrated Forecast-
ing System (IFS) model over North China, finding that compared with the conventional
Anomaly Numerical-correction with Observations (ANO) method, the CU-net improved
forecasting accuracy by 18.57% for the next 24 h and by 3.70% for the next 240 h [13]. Yao
et al. combined the Weather Research and Forecasting (WRF) model with a Bidirectional
Long Short-Term Memory (Bi-LSTM) network to correct biases in hourly precipitation
forecasting products over Anhui Province in eastern China. Their results showed that the
RMSE decreased from 1.91 mm/h to 1.08 mm /h after correction [14]. Wei et al. proposed
and applied an improved Trajectory Gated Recurrent Unit (TrajGRU) model for real-time
bias correction of significant wave height gridded forecasting from the ECMWF global
model. The corrected results reduced the mean absolute error (MAE) by 12.97%~46.24% in
spring and by 13.79%~38.95% in winter [15].

However, researchers found in practical applications that bias correction results ob-
tained from a single algorithm often exhibited substantial uncertainty. In other words,
no single algorithm was able to guarantee high correction accuracy under all circum-
stances [16,17].

To reduce the uncertainty associated with one single algorithm, ensemble averaging
is considered one of the most effective approaches. The ensemble method combines the
forecasting results of multiple models, fully leveraging the advantage of each model to
significantly improve forecasting accuracy [18]. While recent studies have demonstrated
that ensemble learning outperforms single deterministic models in forecasting temperature
and wind speed [19], current ensemble approaches for bias correction still face critical
limitations. Most existing ensemble methods rely on simple arithmetic averaging or
assign static, fixed weights to member models based on historical performance. This static
approach assumes that the contribution of each model remains constant throughout the
forecasting period. In reality, the performance of single algorithms varies significantly
under different weather regimes, especially during rapidly changing or extreme conditions.
These limitations highlight the need for a dynamic weighting strategy.

The Bayesian Model Averaging (BMA) algorithm is one of the classical multi-model
ensemble forecasting approaches. In the field of hydrometeorological forecasting, the
BMA method has been proven to deliver outstanding forecasting performance [20,21]. For
example, Duan et al. applied the BMA method to integrate the forecasting results from
nine different hydrological models. The results showed that compared with the best single
model, the BMA-based ensemble reduced the RMSE by 10.79% and the MAE by 4.60% [22].
Li et al. proposed an effective framework by combining the BMA method with three deep
learning models for short-term water level forecasting at five stations in Poyang Lake. The
results demonstrated that compared with single deep learning models, the BMA-based
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ensemble significantly improved forecasting accuracy in different forecasting lead times,
reducing the relative error (RE) by 8.89% for 1-day forecasting and by 41.24% for 3-day
forecasting ahead [23].

In the past, many researchers established various numerical forecasting models for
atmospheric refractivity and atmospheric duct. Our earlier work also established an
atmospheric duct forecasting model based on the Coupled Ocean—Atmosphere-Wave—
Sediment Transport (COAWST) system. The 72 h forecasting tests over the South China
Sea indicated that, compared with radiosonde observation data within the region, the
24 h forecast of modified atmospheric refractivity (calculated using Equations (1)—(3)) by
the duct forecasting model had a mean error (ME) of 7.10 M, which is lower than the
12.90 M error of the ERA5 (ECMWF Reanalysis v5) data. However, several critical issues
were identified. The RMSE of modified atmospheric refractivity forecasts was particularly
high (>10 M) below 1000 m altitude, precisely where atmospheric duct conditions most
frequently occurred. This indicated systematic deficiencies in representing atmospheric
boundary layer processes within the COAWST model [24]. Specifically, during extreme-
weather scenarios such as typhoons, although COAWST outperformed the single weather
WRF model by coupling oceanic and wave components, its core atmospheric physical
parameterizations still struggled to resolve the complex boundary layer structures required
for accurate refractivity profiling, leading to persistent bias in wind, humidity, and wave
interactions [25].

To address these deficiencies, there were generally three pathways: (1) improving the
model’s internal physical schemes to reduce primitive systematic errors; (2) employing ad-
vanced data assimilation to constrain initial conditions; or (3) implementing post-processing
based on model outputs. While the first two approaches required substantial computa-
tional resources and deep modifications to the model kernel, post-processing offered a
more direct and computationally efficient alternative for operational forecasting. Therefore,
this study adopted the third approach. By applying multiple bias-correction algorithms
and integrating them through a multi-model ensemble framework, the approach aimed
to not only correct systematic bias but also mitigate the uncertainty associated with any
single correction method.

Based on the identified limitations of the COAWST model, single correction method
and static ensemble methods, this study proposes a comprehensive forecasting framework.
A diverse set of bias-correction algorithms is introduced—including the Convolutional
Neural Network (CNN), Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU),
Backpropagation Neural Network (BP), and Model Output Statistics (MOS), as well as
the BMA-based ensemble method. By performing multi-model ensemble correction of
forecasting biases, a new atmospheric refractivity forecasting framework will be established
as follows. Using this system, a series of simulation tests will be designed to evaluate their
forecasting accuracy and to investigate the role of the multi-model ensemble method in
improving forecasting bias correction performance.

2. Model, Algorithms and Data
2.1. COAWST Model

The COAWST model, developed by Warner et al., is an ocean—atmosphere coupled
modeling system. It integrates several component models, including the WRE, the Regional
Ocean Modeling System (ROMS), and Simulating Waves Nearshore (SWAN). The Model
Coupling Toolkit (MCT) orchestrates the computations of each component model, and
facilitates variable transfer and exchange among the component models through parallel
coupling [26].
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2.2. Bias Correction Algorithms
2.2.1. Backpropagation Neural Network (BPNN)

The BPNN, proposed by Rumelhart and McClelland in 1986, has been widely ap-
plied in fields such as pattern recognition and forecasting [27-29]. This model employs
a bias backpropagation mechanism, using the gradient descent algorithm to iteratively
adjust the network weights in order to minimize output bias and optimize forecasting
performance [30].

2.2.2. Convolutional Neural Network (CNN)

The CNN is a type of feedforward neural network inspired by the visual cortex,
capable of automatically extracting features through convolutional kernels [31]. In this
study, the one-dimensional convolutional neural network (1-D CNN) was employed to
handle time series data. By adjusting the kernel size and stride, the 1-D CNN was able to
efficiently capture local features within the sequence while maintaining a balance between
modeling capability and computational efficiency [32].

2.2.3. Gated Recurrent Unit (GRU)

The GRU is a simplified variant of the recurrent neural network (RNN), similar to the
LSTM network, and is designed to capture long-term dependencies in time series data [33].
The GRU regulates information flow through update and reset gates, featuring a simpler
architecture, fewer parameters, and more efficient training compared with LSTM. It can
also effectively mitigate the vanishing gradient problem [34].

2.2.4. Long Short-Term Memory (LSTM)

The LSTM network, proposed by Hochreiter and Schmidhuber, is designed to alleviate
the long-term dependency and vanishing gradient problems inherent in traditional recur-
rent neural networks [35,36]. Its architecture consists of memory cells, input gates, output
gates, and forget gates, which together form a gating mechanism that enables selective
retention, updating, and output of critical information.

2.2.5. Model Output Statistics (MOS)

MOS is an objective forecasting technique based on statistical methods that aims to
establish a quantitative relationship between the numerical forecasting outputs and the
observations [37]. The core approach of MOS is polynomial fitting.

2.3. Bayesian Model Averaging Algorithm

BMA is a statistical method used to integrate the forecasting outputs of multiple
models, thereby producing more reliable and sophisticated forecasting [38].

The fundamental principle of BMA can be described as follows. Let y represent
the variable to be forecast, and let the model space f = [f1, f2, ..., fk] represent the set
of all bias-correction model forecasts, where K represents the number of models, and
D = [y1,Y2,...,y1| represents the observations of length T. According to the law of total
probability, the BMA Probability Density Function (PDF) of y can be expressed as

K
p(y|D) = Z p(fxID) px(ylfx, D) (4)

Here, under the given model k, pi(y|fx, D) represents the conditional PDF of the
forecasting variable y, and p(fi|D) represents the posterior probability of the k' model;
it reflects the degree of agreement between each ensemble member and the observations
during the training process. To ensure comparability among all ensemble members, the
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K
model weights were constrained as wy = p(fx|D) and Y wy = 1. The posterior probability
k=1

for any element f] in the model space, given dataset D,_can be expressed as

pUPDLS)
L p(pIf)

p(fjID) =

The marginal or integrated likelihood of each model, p(D|f;), can be expressed as

p(DIf) = [ E(Dle;, £))P(6)1)do, ©

where 6 is the parameter vector of model f; that needs to be estimated from the observed
data D. F(D|6}, f;) is the likelihood function representing the probability of observing data
D given parameters 6; and model f;, and P(6;|f;) is the prior distribution reflecting our
initial beliefs about the parameters before observing the data. The marginal likelihood inte-
grates over all possible parameter values, weighting each likelihood by its prior probability.
Accordingly, the posterior mean and variance of the BMA forecasting can be expressed

as [39]
Ely|D] = 2 p(fxID)-El[pk(y|fx, D) 2 Wi g, )
K 2k
Vary|D:Z yk—Zwy +Zwk0§, (8)
=1 - k=1

Here, 07 represents the variance between the model forecasting f; and the observa-
tions D. py, represents the expected value of the y under model f; given the observed data
D. BMA forecasting is the weighted average of the single model forecasting, as shown in
Equation (7), while the BMA variance serves as a quantitative measure of the forecasting
uncertainty. As illustrated in Equation (8), it consists of both the between-model variance
and the within-model variance, corresponding to the first and second terms on the right-
hand side, respectively. These two characteristics make the BMA method widely applicable
in meteorological and hydrological forecasting.

In this study, the conditional probability distribution pi(y|fx, D) was assumed to
follow a Gaussian distribution [40]. However, since the probability distribution of the
modified atmospheric refractivity typically exhibited non-Gaussian characteristics, it was
necessary to perform data preprocessing to enhance its approximation to a Gaussian form.
To estimate the weights and variances of the BMA method, the Markov Chain Monte Carlo
(MCMC) method was employed [41]. In the Bayesian framework, the observed data D
is used to update prior beliefs about the parameters 6; through Bayes’ theorem, yielding
posterior distributions. MCMC constructs a Markov chain whose stationary distribution
corresponds to the posterior distribution of the model parameters, from which a large
number of posterior samples were drawn to numerically estimate the marginal likelihood
p(D|f;) for each model. Subsequently, Bayes’ theorem was used to compute the poste-
rior model probability p(f;|D), thereby deriving the BMA model weights. This approach
effectively approximates complex posterior distributions in the absence of analytical solu-
tions, improving the stability and accuracy of weight estimation. Detailed theoretical and
methodological descriptions of MCMC can be found in the work of Gong et al. [42].

To prevent excessive dispersion in weight allocation, this study introduced a threshold-
based decision mechanism during the dynamic updating stage. When significant differ-
ences existed among model weights, if the correction result of a particular algorithm
deviated from the observations by less than 0.1, the system identified this algorithm as the
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optimal model for the current period and assigned it a weight of 1, while correspondingly
reducing the weights of other models. This adaptive strategy helped the system dynami-
cally recognize the dominant model under different weather conditions, thereby enhancing
the robustness and reliability of the ensemble forecasting.

In this study, the ensemble members consisted of forecasting corrected by five algo-
rithms: LSTM, CNN, GRU, BPNN, and MOS. Prior to performing the ensemble averaging,
both the forecasting and observations were transformed using the Box-Cox method [43]
to approximate a Gaussian distribution. Subsequently, Bayesian inference for the ensem-
ble members was conducted using the Markov Chain Monte Carlo (MCMC) method.
By sampling extensively from the posterior distributions of the model parameters, the
marginal likelihood of each ensemble member was estimated. Based on these estimates, the
posterior probabilities (i.e., BMA weights) were derived using Bayes’ theorem. The final
deterministic BMA forecast was then obtained by weighting the predictions of all ensemble
members according to these posterior probabilities. Furthermore, using the intra-model
and inter-model variances derived from MCMC sampling, a complete BMA predictive
distribution was constructed, from which the 90% confidence interval of the probabilistic
forecast was computed.

2.4. Framework for Lower Atmospheric Ducts’ Forecasting

The driving data for each sub-model were obtained as follows. The WRF sub-model
was driven by the Global Forecast System (GFS; data source: https:/ /www.ncei.noaa.gov/
products/, accessed on 12 December 2025), while its data assimilation module was driven
by the Global Data Assimilation System (GDAS; data source: https://www.ncei.noaa.
gov/data/ncep-global-data-assimilation/access/, accessed on 12 December 2025). The
ROMS sub-model was driven by the Global Ocean Forecasting System (GOFS, available
online at https://www.hycom.org/dataserver/, accessed on 12 December 2025) of the
Hybrid Coordinate Oceanic Circulation Model (HYCOM) model. The SWAN sub-model
was driven by the GFS_wave dataset.

Figure 1 shows the operational flowchart of the forecasting framework. First, atmo-
spheric forcing data and assimilation initial fields were downloaded from the data servers.
After undergoing quality control, interpolation, and format conversion, these datasets
were processed into a unified initial forcing field. Based on these processed forcing and
assimilation datasets, model preprocessing was then conducted. Specifically, GFS forc-
ing data were converted through the WPS (WRF Preprocessing System) to generate the
atmospheric initial and boundary conditions required by the WRF model, while GDAS
assimilation data were incorporated into the WREF initial and boundary files through the
three-dimensional variational assimilation module (WRF-3DVar). Meanwhile, the GOFS
and wave data were processed through the ROMS and SWAN preprocessing modules to
produce the initial and boundary conditions for the ocean and wave models, respectively.
Subsequently, the COAWST model read all atmospheric, oceanic, and wave boundary
conditions, together with static fields, and performed time integration to generate 72 h
forecasts. From the model outputs, key atmospheric variables—such as air pressure, humid-
ity, and air temperature—were extracted, and the modified atmospheric refractivity was
computed using Equations (1)—(3), forming the initial forecasts. The forecasts were then
corrected using five bias-correction algorithms—MOS, BPNN, LSTM, GRU, and CNN—to
obtain the bias-corrected refractivity forecasts. Finally, based on the BMA method, model
weights were estimated from all correction algorithms and the historical observations. The
corrected outputs from the five models were then combined through weighted averaging
to produce the final optimal ensemble forecasting of the modified atmospheric refractivity.
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Figure 1. Flowchart of the forecasting system workflow.

2.5. Data Description

In this study, radiosonde observation data from the Yellow Sea and Bohai Sea regions
were primarily used for model training and validation. These data were obtained from the
University of Wyoming radiosonde observation data website (http://weather.uwyo.edu/,
accessed on 12 December 2025), and the selected radiosonde stations include Dalian,
Qingdao, and Sheyang, whose geographic locations are marked by black dots in Figure 2.
The radiosonde observation data included key atmospheric variables such as air pressure,
altitude, air temperature, dew point temperature, relative humidity, and water vapor
mixing ratio, with an observation frequency of twice daily (00 h UTC and 12 h UTC).

During the validation process, the radiosonde observation data were used as the
benchmark reference, while the ERA5 reanalysis data (available at https:/ /www.ecmwf.int/
en/forecasts/dataset/ecmwf-reanalysis-v5, accessed on 12 December 2025) from ECMWF
was also employed as a reference. The ERA5 data combines global climate model with
ground-based and satellite observations, offering high spatiotemporal resolution. Its
horizontal resolution is 0.25° x 0.25°, with 37 vertical pressure levels ranging from 1000 hPa
to 1 hPa and a temporal resolution of 1 h.
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Figure 2. The topography and bathymetry over the study domain. The entire domain is used for the
simulation of the WRF component model, and the area enclosed by the red rectangular box indicates
the simulation domain of the ROMS and SWAN component models. The black dots represent the
locations of the radiosonde stations, and the blue line denotes the track of Typhoon Muifa in the
domain, with the blue dots representing the observation of the typhoon center.

3. Experimental Design
3.1. Model Configuration

The domain in this study included the Yellow Sea, Bohai Sea, and adjacent marine
areas, as shown in Figure 2. The configuration of the COAWST (developed by the U.S.
Geological Survey, Woods Hole, MA, USA)model’s parameterization schemes is listed as
follows: the WRF module (developed by the National Center for Atmospheric Research,
Boulder, CO, USA) employed grids of 310 x 240 with a horizontal resolution of 6 km and
39 vertical levels; the ROMS and SWAN modules used grids of 300 x 220 with the same
horizontal resolution as WRF, and ROMS includes 16 vertical layers in the vertical direction.
In the WRF model, the selected physical parameterization schemes included the WSM6
(WRF Single-Moment 6-Class) cloud microphysics scheme, MMS5 (the fifth-Generation
Penn State/NCAR Mesoscale Model) similarity scheme (surface layer), RRTM (Rapid
Radiative Transfer Model) longwave radiation, Dudhia shortwave radiation, Noah Land
Surface Model (Noah-LSM), and the GF (Grell-Freitas) cumulus convection parameteri-
zation scheme. In the ROMS configuration, vertical turbulent mixing was represented by
the Mellor-Yamada turbulence closure scheme, and the Flather boundary condition was
applied to enable the free propagation of wind-driven currents and tidal signals, allowing
the model to reproduce anisotropic ocean current characteristics.

3.2. Training Settings and Neural Network Architectures

The bias correction models in this study utilized only the time series of the COAWST-
simulated modified atmospheric refractivity and the corresponding historical observations
as input features, excluding temperature, humidity, air pressure or other factors. Although
atmospheric ducts were physically driven by these meteorological variables, this univariate
input strategy was adopted based on two key considerations. First, the primary objective
of this study was to investigate the performance differences among various correction
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algorithms and to evaluate the effectiveness of the ensemble framework itself. Incorporat-
ing multivariate inputs would have introduced additional complexity, making it difficult
to determine whether performance gains stemmed from the algorithm structure or from
the supplemental input information. Second, the performance of multivariate models
typically depended on specific variable combinations. When the correction target changed,
this strategy required re-screening input variables, thereby limiting its generalizability.
In contrast, the approach adopted here—relying solely on the target variable’s own bias
change—provided a generic, end-to-end solution that could be applied to other meteoro-
logical parameters without extensive re-optimization.

Input data were processed using a sliding-window strategy with a window length
of 12 h. The mean squared error (MSE) was used as the loss function, and model training
was optimized with the Adam algorithm [44]. To prevent overfitting, early stopping [45]
was applied with a patience of three epochs; training was terminated once the validation
loss failed to decrease for three consecutive epochs, and the model parameters were rolled
back to the state with the minimum validation loss. All inputs were standardized prior to
training (zero-mean and unit-variance).

To ensure the reproducibility of the proposed forecasting framework, the architectures
and hyperparameters of all neural network models—BPNN, CNN, GRU, and LSTM—
were explicitly defined. The BPNN model adopted a three-layer fully connected structure
(10-50-78-1 nodes) with ReLU activation in the hidden layers and a batch size of 60.
The CNN consisted of a single one-dimensional convolutional layer (2 input channels,
120 output channels, kernel size of 3, and padding of 1), followed by ReLU activation and
flattening, with a batch size of 30. Both the GRU and LSTM models used two stacked recur-
rent layers with a hidden size of 60 and a batch size of 30. All models were implemented
using the PyTorch version 3.12 framework.

3.3. Construction of Simulation Tests

The historical hindcast simulation for training covered the period from January 2016
to December 2021. The formal validation period was set 1-30 September 2022, totaling
30 days, during which continuous daily 72 h forecasting was performed. During the
validation period, Typhoon Muifa passed northward through the study domain from 12:00
on 15 September to 12:00 on 16 September.

To evaluate the accuracy of the ensemble-corrected forecasting method developed
in this study, several comparative tests were designed: the CTL test used the COAWST-
forecasted modified atmospheric refractivity and atmospheric duct without any bias correc-
tion. The corrected forecasting tests by single algorithms were named as T1_BP, T1_MOS,
T1_CNN, T1_GRU, and T1_LSTM, respectively. The T1_BMA test represented the ensemble
bias-correction results obtained using the BMA method proposed in this study. Addition-
ally, to further assess the performance of different ensemble approaches, two additional
comparative tests were conducted; the T2_AM test applied an arithmetic average to com-
bine the five bias-corrected forecasts. The T3_EM test employed a previously developed
variable-weight ensemble averaging method, where the ensemble forecasting value M
could be expressed as [46]

N
Mensat = Oa—1+ Y ig(Migr — Mig_1), )
i-1

Here, t M,,,5 4; denotes the ensemble forecasting for day d at time t; O;_; represents the
observations on the previous day d — 1; i is the forecasting member ID; and N is the total
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number of forecasting members, which in this case equals five; a; 4 represents the weight of
model M; on day d, which can be calculated using the RMSE of M; on day d — 1.

(10)

Here, E is defined as the reciprocal of the RMSE computed over the 24 h of a day.

4. Results

4.1. Bias Statistics of the 24 h Forecasting Result for the Modified Atmospheric Refractivity

Figure 3 presents the vertical profiles of the 24 h forecasting indices at the Dalian,
Qingdao, and Sheyang stations during September 2022, comparing three datasets: CTL,
T1_BMA, and ERAS reanalysis data. Specifically, Figure 3a—c show the ME profiles, with
Figure 3d-f showing the RMSE profiles and Figure 3g—i showing the Correlation Coefficient

(CCQC) vertical profiles.
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Figure 3. Vertical ME profiles of the modified atmospheric refractivity with height at (a) Dalian,
(b) Qingdao, and (c) Sheyang stations; vertical RMSE profiles of the modified atmospheric refractivity
with height at (d) Dalian, (e) Qingdao, and (f) Sheyang stations; and vertical CC profiles of the
modified atmospheric refractivity with height at (g) Dalian, (h) Qingdao, and (i) Sheyang stations.
The red, blue, and green lines represent the TI_BMA test, the CTL test and the ERA5 reanalysis

data, respectively.
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From the shape of the vertical profiles, within the 3000 m altitude range, the RMSE of
the model forecasting was relatively higher below 1000 m, and the overall bias gradually
decreased with height. Due to the cancelation between positive and negative deviations,
the ME exhibited relatively small variations across different altitudes. This indicated that
the COAWST model’s performance within the atmospheric boundary layer still required
improvement. Overall, the statistical indicators of the TI_BMA test at all three radiosonde
stations were almost consistently superior to those of the CTL test, indicating a further
enhancement in forecasting accuracy.

Specifically, the 24 h forecasting MEs of modified atmospheric refractivity in the
T1_BMA test were 0.37 M, —0.83 M, and 0.05 M at the Dalian, Qingdao, and Sheyang
stations, respectively. These MEs reduced by 42%, 28%, and 95% compared with those
of the CTL test. As for RMSEs, the values of the T1_BMA test were 793 M, 7.63 M,
and 7.21 M, respectively, corresponding to reductions of 10%, 18%, and 26% relative to
the CTL test. The average CCs with the radiosonde observation data were 0.93, 0.91,
and 0.94 for the three stations, which were 0.04, 0.05, and 0.05 higher than those of the
CTL test, respectively. According to the study of Haack et al., the COAMPS (Coupled
Ocean-Atmosphere Mesoscale Prediction System) and MetUM (Met Office’s Unified Model)
models produced mean RMSE values of 11.10 M and 14.40 M, respectively, for modified
atmospheric refractivity at an altitude of 112 m over Wallops Island, slightly higher than
the simulation biases obtained in this study [47].

The MEs of the ERA5 data at the three stations were —3.50 M, —5.10 M, and —5.30 M,
while its RMSE values were 8.12 M, 8.55 M, and 9.97 M, respectively, all of which were
higher than those from the T1_BMA test. In terms of the CC with the observation data, the
ERAS data showed slightly higher values than the T1_BMA test, with values of 0.94, 0.94,
and 0.92, respectively.

Figure 4 shows the Taylor diagrams of the 24 h forecasting of modified atmospheric re-
fractivity from the CTL and T1_BMA tests, as well as the ERA5 data, at the Dalian, Qingdao,
and Sheyang stations. The Taylor diagram includes both the CC and Standard Deviation
(SD) dimensions. The intersection of unit arc 1 with the x-axis represents the reference
point; the closer a series lies to this point, the better its overall statistical performance.

@ CL

@ ERAS
@ T1BMA
(a)Taylor Diagram for M at Dalian Station (b)Taylor Diagram for M at Qingdao Station (c)Taylor Diagram for M at Sheyang Station
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Figure 4. Taylor diagrams of the modified atmospheric refractivity for the CTL test, TI_BMA test,
and ERAS data, showing the comparison results with radiosonde observation data at (a) Dalian,

(b) Qingdao, and (c) Sheyang stations. The red, blue, and green dots represent the T1_BMA test, the
CTL test and the ERAS reanalysis data, respectively.

As shown in Figure 4a—c, after applying the BMA method for ensemble bias correction,
the forecasting results at all three stations exhibited varying degrees of improvement, with
the most pronounced enhancement observed at Sheyang Station. Compared with the CTL
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test, the CCs between the T1_BMA forecasting and the observation increased by 0.04, 0.05,
and 0.06, respectively. It is worth noting that the SDs of the T1_BMA forecasting decreased
relative to that of the CTL test, which was consistent with previous findings indicating
that bias correction tended to reduce the variability of the forecast series to some extent.
Although the SDs of the T1_BMA forecasting and ERA5 were generally lower than those of
the original forecasting, this did not necessarily indicate a degradation in performance.

4.2. Comparison of Accuracy Differences Between the Ensemble Forecasting and Single
Algorithm Members

To evaluate the effectiveness of the ensemble forecasting developed in this study, the
24 h forecasting biases of the T1_BMA test were compared with those of the five single
correction algorithms (T1_BP, TI_CNN, T1_GRU, T1_LSTM, and T1_MOS).

Figure 5 shows the two-dimensional time-height diagrams of forecasting biases at
different altitudes over the Dalian station. Specifically, Figure 5a shows the temporal distri-
bution of 24 h forecasting biases (T1_BMA — OBS) within the 3000 m altitude. For compari-
son, Figure 5b—f show the differences between each ensemble member and the T1_BMA
forecasting (T1_BP — T1_BMA, T1_CNN — T1_BMA, T1_GRU — T1_BMA, T1_LSTM —
T1_BMA, and T1_MOS — T1_BMA). By comparing the T1_BMA forecasting biases with
the deviations of each ensemble member, the relative performance among the ensemble
members can be examined horizontally.
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Figure 5. Two-dimensional temporal distributions at different altitudes for (a) 24 h forecasting biases
of T1_BMA test (TI_BMA — OBS); (b) differences between T1_BP and T1_BMA tests (T1_BP —
T1_BMA); (c) differences between T1_CNN and T1_BMA tests (TI_CNN — T1_BMA); (d) differences
between T1_GRU and T1_BMA tests (T1_GRU — T1_BMA); (e) differences between T1_LSTM and
T1_BMA tests (T1_LSTM — T1_BMA); (f) differences between T1_MOS and T1_BMA tests (T1_MOS
— T1_BMA) at the Dalian station.

As shown in Figure 5a, the forecasting biases in the T1_BMA test did not remain
constant across all times and altitudes. The largest negative biases occurred around 10
September at altitudes between 500 m and 1500 m, with values approximately —20 M.
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Around September 21, when widespread convective weather developed in the study area,
positive biases appeared at most altitudes. Interestingly, during the typhoon passage
(15-16 September), the forecasting biases in the T1_BMA test did not increase significantly,
indicating that the ensemble method enhanced the stability of forecasting accuracy during
periods of rapid weather system evolution.

Figure 5b—f show the differences between each ensemble member and the T1_BMA test.
When the color of the difference in a given period matches that in Figure 5a, it indicates that
the member’s bias was higher than that of T1_BMA; conversely, when the color is opposite,
it indicates a lower bias. During the simulation period, the spatial-temporal distributions
of differences between the neural-network-based members and T1_BMA (Figure 5b—e) are
largely consistent with the bias distribution in Figure 5a. This suggested that, in most cases,
the forecasting biases of T1_BMA were smaller than those of T1_BP, T1_CNN, T1_GRU, and
T1_LSTM. Around 15 September, a pronounced negative bias occurred between 1500 m
and 3000 m for these members, indicating that all neural-network-based bias-correction
algorithms performed poorly during that period.

As shown in Figure 5f, the polynomial-fitting-based MOS algorithm exhibited a larger
bias difference compared with the other ensemble members, providing the T1_BMA test
with greater flexibility in weight allocation to handle situations where multiple members
produced similar biases. In Figure 5f, during the typhoon passage on 15-16 September,
the T1_MOS test showed a positive bias between 2000 m and 3000 m and received a
higher weight in the ensemble averaging process, which resulted in the T1_BMA test
having smaller forecasting biases than the other four ensemble members during that period.
However, this did not mean that the T1_MOS test consistently achieved the lowest biases
at all altitudes. For example, on 10 September, the T1_MOS test exhibited a noticeable
negative bias below 1500 m, while the other members showed little deviation from the
ensemble averaging. Moreover, around 18-20 September, the forecasting biases of all
members, including T1_MOS test, were largely consistent with one another, showing
minimal differentiation, which led to a less effective ensemble averaging performance
during that period.

Similarly to Figures 5-7 show the bias distributions at the Qingdao and Sheyang
stations. Among all three stations, all single correction algorithms exhibited a certain
degree of systematic bias, whereas the BMA-based ensemble method produced a more
stable bias distribution. In particular, during extreme weather events such as the typhoon
passage, the BMA method showed stronger robustness, maintaining good consistency
across different height layers and effectively avoiding the height-dependent systematic
biases that may occur with single-algorithm corrections.

In terms of the differences among ensemble members, the four neural-network-based
algorithms exhibited generally consistent performance with minor variations. On average,
the TI_LSTM test produced the lowest overall bias and was the most consistent with
the final ensemble result (T1_BMA). Although the T1_MOS test had a relatively higher
ME, its distinctive characteristics effectively reduced the uncertainty of the ensemble
forecasting under extreme weather conditions. During the simulation period, the RMSE of
the T1_BMA ensemble bias-corrected forecasting decreased by 8%, 28%, and 96% compared
with the poorest single algorithm member (T1_MOS) at Dalian, Qingdao, and Sheyang
stations, respectively.
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Figure 6. Two-dimensional temporal distributions at different altitudes for (a) 24 h forecasting biases
of T1_BMA test (TI_BMA — OBS); (b) differences between T1_BP and T1_BMA tests (T1_BP —
T1_BMA); (c) differences between T1_CNN and T1_BMA tests (T1_CNN — T1_BMA); (d) differences
between T1_GRU and T1_BMA tests (T1_GRU — T1_BMA); (e) differences between T1_LSTM and
T1_BMA tests (T1_LSTM — T1_BMA); (f) differences between T1_MOS and T1_BMA tests (T1_MOS
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Figure 7. Two-dimensional temporal distributions at different altitudes for (a) 24 h forecasting biases
of T1_BMA test (TI_BMA — OBS); (b) differences between T1_BP and T1_BMA tests (T1_BP —
T1_BMA); (c) differences between T1_CNN and T1_BMA tests (T1_CNN — T1_BMA); (d) differences
between T1_GRU and T1_BMA tests (T1_GRU — T1_BMA); (e) differences between T1_LSTM and
T1_BMA tests (T1_LSTM — T1_BMA); (f) differences between T1_MOS and T1_BMA tests (T1_MOS
— T1_BMA) at the Sheyang station.
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4.3. Comparison of Accuracy Differences Among Different Ensemble Methods

To evaluate the performance differences between the BMA-based ensemble method
and other ensemble methods, this study also compared the results of the T1_BMA test
with those of T2_AM and T3_EM tests. Figure 8 shows the two-dimensional time-height
diagrams of differences between the T1_BMA test and the other two ensemble tests at
different altitudes at the Dalian, Qingdao, and Sheyang stations. Figure 8a—c show the
difference distributions between the T2_AM and T1_BMA tests (T2_AM — T1_BMA) within
the 3000 m altitude range, while Figure 8d—f show the difference distributions between the
T3_EM and T1_BMA tests (T3_EM — T1_BMA).
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Figure 8. Two-dimensional temporal distributions at different altitudes for the 24 h forecasting differ-
ences between T1_BMA test and the other two ensemb]e tests. (a) Dalian Station, (b) Qingdao Station,
and (c) Sheyang Station—differences between the T2_AM and T1_BMA tests; (d) Dalian Station,
(e) Qingdao Station, and (f) Sheyang Station—differences between the T3_EM and T1_BMA tests.

As shown in Figure 8a—c, the differences between the T2_AM and T1_BMA tests
at the Dalian and Qingdao stations are relatively small. The distributions of differ-
ences between T2_AM and T1_BMA tests were consistent with the color variations in
forecasting biases in Figures 5a, 6a and 7a (T1I_BMA — OBS). The spatial CCs between
Figure 8a—c and Figures 5a, 6a and 7a were 0.37, 0.36, and 0.28, respectively, all positive
values. This indicated that, for most of the period, the forecasting biases of the T2_AM
test were higher than those of T1_BMA test. For example, during the typhoon passage
(15-16 September), the T1_BMA test in Figures 5a and 6a showed a pronounced negative
bias, and Figure 8a,b displayed similar negative values for the same event, suggesting that
the bias in the T2_AM test was more pronounced than that in the T1_BMA test. At Sheyang
Station (Figure 8c), large positive deviations occurred mainly between 1000 m and 2500 m
around 19 September and between 2500 m and 3000 m around 8 September, corresponding
to the positive biases of T1_BMA in Figure 7a, further confirming that T1_BMA achieved
higher simulation accuracy. Overall, under extreme weather conditions, the forecasting
accuracy of the T2_AM test significantly decreased, whereas the BMA-based ensemble
method in the T1_BMA test achieved more reasonable weight allocation through Bayesian
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optimization, effectively improving forecasting performance and exhibiting stronger ro-
bustness and adaptability.

Figure 8d—f show the differences between the T3_EM and T1_BMA tests. Owing to
the dynamic weight adjustment, the overall bias of the T3_EM test was lower than that
of the T2_AM test, but it still did not reach the accuracy level of T1_BMA test. The CC
between Figure 8d—f and Figures 5a, 6a and 7a were 0.10, 0.20, and 0.18, respectively, all
positive values but smaller than those of Figure 8a—c. This indicated that, unlike T2_AM
test, the T3_EM test did not substantially amplify the T1_BMA forecasting biases. In terms
of temporal distribution, the difference distribution of T3_EM and T1_BMA tests did not
align with the bias distribution of T1_BMA.

To provide a clearer comparison among the three ensemble schemes, Table 1 summa-
rized the performance indices of T1_BMA, T2_AM, and T3_EM tests. Among the three
approaches, the T1_BMA test achieved the lowest RMSEs and MEs, and the highest CCs.
The statistical analysis showed that the RMSE of the T1_BMA test was reduced by approx-
imately 9%, 13%, and 17% compared with the T3_EM test, and by about 9%, 10%, and
14% compared with the T2_AM test at the three stations. These results further confirmed
the advantage of the BMA-based ensemble method over other methods under complex
weather conditions.

Table 1. ME, RMSE, and CC of the T1_BMA, T2_AM and T3_EM tests at the Dalian, Qingdao, and
Sheyang stations for the 24 h forecasting ahead.

] T1 BMA T2 AM T3_EM

tati

ation ME RMSE cc ME RMSE cc ME RMSE cc
Dalian ~ 028M 751 M 0.99 038M  827M 0.98 048M  829M 0.98

Qingdao —0.14M  7.15M 099  —084M 794M 0.98 082M  822M 0.99

Sheyang 0.03M  682M 0.99 025M  7.95M 099  —014M  821M 0.99

To further investigate the differences in the forecasting performance of the T1_BMA
test, this study examined the temporal variations in the weights assigned to the five
ensemble members. Since the forecasting result exhibited different behaviors across stations
and altitudes, the forecasting result at 1342 m altitude of Qingdao station, where the
discrepancies were most pronounced, was selected for analysis.

Figure 9 shows the temporal variations in the weights for the five ensemble members
at the 1342 m altitude of Qingdao Station. Among them, Figure 9a shows the weight
variations in each ensemble member in the T1_BMA test. The T2_AM test is not displayed
because all member weights are fixed at 20%. Figure 9b shows the weight variations in
each ensemble member in the T3_EM test. For ease of comparison, Figure 9c provides the
time series of forecasting biases for the T1_BMA, T2_AM, and T3_EM tests at this height.

As shown in Figure 9a, the model with the highest weight (close to 1.0) changed almost
daily or every few days. When the weight of one model surged above 0.8, the weights
of the other models simultaneously dropped sharply to nearly zero. Specifically, the BP,
LSTM, and GRU models frequently reached or approached a weight of 1.0. For example,
the BP and LSTM models dominated in early and late September, while the GRU model
exhibited outstanding performance in mid-September, indicating that these models held
transient advantages for certain types of forecasting tasks. In contrast, the MOS model, as a
traditional statistical method, achieved the highest weights at several time points (e.g., 6
September and 16 September), further confirming that simple statistical models were also
able to provide the highest reliability under extreme weather conditions. On the other hand,
the CNN model generally maintained relatively low weights, mostly between 0.0 and 0.2,
but also reached its peak on 24 September, suggesting its unique contribution in handling
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specific nonlinear or complex situations. Overall, these dynamic weight variations revealed
that different models exhibited distinct forecasting performance across weather types and
temporal stages. The BMA method captured these differences in real time, dynamically
adjusting posterior probabilities based on model performance and adaptively assigning
higher weights to the best-performing model each day, and thereby achieved an optimized
ensemble forecasting result.
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Figure 9. Temporal variations in the weights for the five ensemble members at the 1342 m of Qingdao
Station in the (a) TI_BMA test and (b) T3_EM test, and (c) the time series of forecasting biases for the
T1_BMA, T2_AM, and T3_EM tests.

As shown in Figure 9b, compared with the weight series in the TI_BMA test, the
weight distributions of the models in the T3_EM test were relatively uniform and smooth,
with most values fluctuating around 0.2. This smoothness stemmed from the fact that
the T3_EM test reflected only the average performance of the previous day, ignoring
fluctuations in model performance caused by temporal and meteorological variability, and
thus failing to capture sudden changes in model behavior in real time.

Figure 9c shows the temporal series of forecasting biases for the three ensemble
methods (T1_BMA, T2_AM, and T3_EM). The closer the curve was to the zero line (bias = 0),
the higher the forecasting accuracy. At most time points, the bias curve of the T1_BMA
test was the closest to the zero line, indicating a sustained forecasting advantage. This
advantage became particularly evident during extreme weather conditions (around 15
September), when the absolute biases of the TI_BMA test were significantly smaller than
those of the T2_AM test and T3_EM test. These results further confirm that the BMA
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method effectively identifies and reduces the influence of underperforming models under
extreme weather conditions, thereby demonstrating superior adaptability.

4.4. Bias Statistics of the 48 h and 72 h Forecasting for the Modified Atmospheric Refractivity

In addition to the 24 h ahead forecasting evaluation, Table 2 presents the 48 h ahead
and 72 h ahead forecasting indices of the T1_BMA test at the Dalian, Qingdao, and Sheyang
stations, along with the corresponding 48 h and 72 h ahead forecasting results from the
CTL test for comparison.

Table 2. ME, RMSE, and CC of the T1_CTL and T1_BMA tests at the Dalian, Qingdao, and Sheyang
stations for the 48 h and 72 h ahead forecasting.

. Forecasting CTL T1_BMA
Station .

Lead Time ME RMSE CC ME RMSE CC
Dali 48 h ahead 1.99 M 11.34 M 0.83 0.94 M 891 M 0.90
alian 72 h ahead 1.55 M 11.69 M 0.81 0.65 M 9.09 M 0.89
Qingdao 48 h ahead 020 M 11.48 M 0.82 —0.44M 842 M 0.89
& 72 h ahead 020 M 13.50 M 0.76 039 M 934 M 0.87
Shevan 48 h ahead 3.78 M 15.19 M 0.77 146 M 9.86 M 0.89
yang 72 h ahead 1.05M 16.03 M 0.71 026 M 10.73 M 0.87

As shown in Table 2, the forecasting biases for the 48 h and 72 h ahead lead times were
generally consistent with those of the 24 h ahead forecasting, showing no significant change
with the extension of forecasting lead time. Among them, the RMSE of the 72 h ahead
forecasting was the largest, but it was only 0.35~2.02 M higher than that of the 48 h ahead
forecasting, indicating that although the model forecasting biases increased slightly with
lead time, they remained at a relatively low level within the 72 h forecasting time range.

Overall, the forecasting accuracy of the TI_BMA test for the 48 h and 72 h ahead
forecasting did not show a noticeable decline with the extension of forecasting lead time.
At all three stations, the major statistical indices of the T1_BMA test outperformed those
of the CTL test. Compared with the 24 h forecasting result, the average RMSE of the
T1_BMA test improved by approximately 8%~36% for the 48 h ahead forecasting and by
14%~48% for the 72 h ahead forecasting, while the average CC decreased by around 0.03
and 0.05, respectively.

5. Discussion and Conclusions

Based on the COAWST model, this study developed an atmospheric refractivity fore-
casting framework that incorporated ensemble bias correction by combining five correction
algorithms—BP, CNN, GRU, LSTM, and MOS—with the BMA method. The bias-correction
training was conducted using historical simulations of COAWST and radiosonde observa-
tion data from 1 January 2016 to 31 December 2021, with the validation period spanning
1-30 September 2022. Several comparative tests were conducted over the Yellow Sea and
Bohai Sea regions, including the CTL test using the original COAWST forecasting, the
T1 test group employing different bias-correction algorithms (T1_BP, T1_CNN, T1_GRU,
T1_LSTM, T1_MOS, and the BMA-based ensemble method T1_BMA), the T2_AM test using
an arithmetic average to combine the five bias-corrected forecasting results, and the T3_EM
test using a simple variable-weight ensemble averaging method.

The results demonstrated that, compared with single bias-correction algorithms and
other ensemble average tests, the BMA-based ensemble method (T1_BMA) maintained
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higher forecasting accuracy and stability under various weather conditions, significantly

improving the forecasting performance of atmospheric refractivity.

However, while the proposed framework demonstrated promising results, several

critical issues regarding the BMA methodology and limitations in the experimental design

remain to be addressed. These are discussed below in two main aspects.

Although the BMA method effectively reduced inter-model uncertainty, the simulation

results revealed several intrinsic limitations within its dynamic weighting mechanism that

required further improvement:

1.

Lagged response of dynamic weights: The BMA weights were updated based on a
sliding window of historical performance. As a consequence, when weather regimes
shifted abruptly (e.g., during the rapid passage of a cold front or typhoon), the
weight distribution exhibited a lagged response and failed to adjust instantaneously
to the current atmospheric state. Future work could incorporate an adaptive sliding-
window strategy or a weather-regime recognition module. By dynamically adjusting
the window length in response to changes in atmospheric stability, the ensemble
framework could respond more rapidly to fast weather transitions.

Variance smoothing effect: As indicated by the reduced SD in our results (see Conclu-
sion 2), the BMA method, being a weighted-averaging approach, tended to smooth
the prediction variance. While this characteristic helped reduce the RMSE, it may have
underestimated extreme values or sharp gradients in the refractivity profile—features
that are crucial for identifying strong ducting events. A potential improvement would
be to extend the framework from deterministic forecasts to probabilistic predictions.
By employing frequency-matching post-processing techniques, future systems could
better preserve statistical variance and capture extreme ducting phenomena.
Dependency on ensemble bias characteristics: The BMA method relied on the as-
sumption that the true state lay within the spread of the ensemble members. In cases
where all models systematically overestimated or underestimated the observations
(e.g., due to structural deficiencies in the COAWST boundary-layer parameteriza-
tion), the weighted-averaging mechanism struggled to correct the bias effectively.
Therefore, enhancing the diversity of ensemble members was essential. Future re-
search would explore integrating heterogeneous models driven by different physical
parameterization schemes to expand the ensemble spread.

Uncertainties also arose from the current algorithm, result, and experimental design,

pointing to specific directions for future improvement:

1.

As for the bias correction algorithm aspect, regarding the selection of bias correction
algorithms, this study primarily employed classical deep learning models (e.g., CNN,
LSTM). To rigorously justify the computational cost associated with these complex
algorithms, we conducted additional comparative tests using traditional statistical
models, specifically ARIMA and Linear Regression (LR), as benchmarks (see Table 3).
The results indicated that the deep learning-based methods consistently outperformed
these simpler statistical models in terms of RMSE and CCs, confirming that their ability
to capture non-linear error patterns justified the increased complexity. However, even
the advanced deep learning models did not yield optimal performance across all
weather scenarios, as their accuracy largely depended on the specific feature-capturing
capabilities and training strategies. This inconsistency reinforced the necessity of
the dynamic ensemble weighting strategy (BMA) adopted in this study to mitigate
algorithmic uncertainty. Future work will focus on two aspects to further enhance
model performance: first, exploring state-of-the-art architectures such as Transformer
networks and attention mechanisms, which have shown superior potential in handling
long-term dependencies compared to RNNs, and second, optimizing the training
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strategy by incorporating advanced data preprocessing techniques. Previous studies
demonstrated that applying data clustering, Principal Component Analysis (PCA),
and other feature extraction methods can significantly improve model robustness, an

aspect not yet addressed in the present study but planned for future investigation.

Table 3. RMSE and CC of bias-correction methods including classical statistical baselines at the

Dalian, Qingdao, and Sheyang stations for the 24 h ahead forecasting.

Indices rorecasting g on  BP CNN GRU LSTM  MOS LR ARIMA
Lead Time

Dalian  9.02M  944M  901M  819M  925M 924M 881 M

RMSE  24hahead Qingdao 830M  890M  874M  774M  919M 925M  9.19M

Sheyang 855M 88M  851M  7.88M  957M  970M  9.67M
Dalian 091 0.89 0.91 0.93 0.89 0.89 0.89
cC 24hahead Qingdao  0.89 0.87 0.88 0.91 0.86 0.86 0.86
Sheyang  0.92 0.91 0.92 0.94 0.88 0.89 0.88

As for the result aspect, the validation data used in this study also had representa-
tiveness limitations. Because the ERA5 data with certain biases was not suitable as
the evaluation reference in this study, only radiosonde observation data from three
stations were selected for the verification of atmospheric duct characteristics, and
the choice of stations was somewhat random. Furthermore, the radiosonde observa-
tion data were available only twice daily and occasionally contained missing values,
highlighting the need for collecting denser and more continuous observations for
future validation and assessment. In addition, this study used only the modified
atmospheric refractivity series output from the COAWST model as input to the neural
networks, without incorporating fundamental meteorological variables such as air
temperature, air pressure, and humidity. This represented an underutilization of the
COAWST model’s available information. Atmospheric ducts are physically driven by
vertical gradients of temperature and humidity. By excluding these available meteoro-
logical variables and relying solely on univariate error history, the machine learning
models essentially performed advanced signal smoothing rather than learning the
physical error correlations, which limited the intelligence of the bias correction. Future
studies will consider developing a multidimensional feature framework that includes
complete meteorological fields (e.g., temperature profiles, pressure fields, humidity
fields, and wind fields) and integrating physical constraints into the neural network
construction process, with the goal of enhancing the model’s physical interpretability
while maintaining strong statistical performance.

As for the experimental design aspect, the training period (January 2016 to Decem-
ber 2021) and validation period (September 2022) were not consecutive. However,
this design was driven by specific scientific considerations. First, to rigorously test
the model’s generalization capability, this study intentionally selected a “future”
and “unseen” period distinct from the training set, rather than using random cross-
validation. This approach cuts off the temporal “memory” inherent in meteorological
data, thereby simulating a realistic operational forecasting scenario where the model
must perform without prior knowledge. Second, the selection of September 2022
as this period featured the rare passage of Typhoon Muifa, which passed the study
domain from south to north, providing a unique opportunity to evaluate error per-
formance under extreme atmospheric perturbations. Additionally, as a seasonal
transition period characterized by the retreat of the East Asian summer monsoon and
alternating cold /warm fronts, September represents a critical window for atmospheric
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duct formation. Third, although the duration was short, the experiment involved
daily rolling forecasts for the next 72 h, generating a substantial volume of hourly
evaluation points equivalent to three months of data. Nevertheless, the one-month
duration is not sufficient enough to comprehensively evaluate the model’s long-term
applicability across different seasonal patterns and inter-annual variations. Future
work will prioritize conducting longer-term and continuous forecasting tests to further
verify the robustness and optimize the performance of the proposed framework.

The main conclusions of this study are as follows:

1.  During the validation period in September 2022, comparison with radiosonde obser-
vation data at the Dalian, Qingdao, and Sheyang stations showed that the COAWST
model exhibited relatively high RMSEs of the modified atmospheric refractivity fore-
casting below 1000 m, with the overall bias decreased with increasing altitude. After
applying the BMA-based ensemble bias correction, the forecasting result of modified
atmospheric refractivity outperformed the original COAWST model forecasting in
terms of RMSE, ME, and CC. In addition, the RMSE of the BMA-corrected forecasting
was lower than that of the ERA5 data, although the CC was slightly lower.

2. After BMA-based ensemble bias correction, the CC between the forecasting result and
radiosonde observation data increased by 0.04, 0.05, and 0.06, respectively. However,
the SD of the corrected forecasting was lower than that of the original model, which
was consistent with previous studies, indicating that the BMA-based ensemble bias
correction reduced the variability of the forecasting series to some extent.

3. Regarding the differences among ensemble members, the four neural-network-based
algorithm members exhibited varying degrees of systematic bias during the typhoon
passage. On average, the T1_LSTM test showed the lowest overall biases. The
unique diversity of the T1_MOS test played a compensatory role within the ensemble,
effectively reducing the uncertainty of the BMA-based ensemble method.

4. Interms of the performance of different ensemble methods, the arithmetic average
(T2_AM) test and variable-weight ensemble averaging (T3_EM) method failed to
capture nonlinear bias characteristics under extreme conditions, resulting in lower
forecasting accuracy than the T1_BMA test. This finding further confirmed that the
BMA-based ensemble method, through Bayesian optimization, effectively achieved
adaptive weight allocation, allowing it to balance the contributions of single models
more accurately under complex weather conditions.

5. From the perspective of different forecasting result lead times, the T1_BMA test
effectively reduced both systematic and random biases and improved correlations
with radiosonde observation data in the 72-h forecasting. These results indicated that
the ensemble bias correction model developed in this study was able to maintain high
stability and adaptability in short-term forecasting applications.
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Abbreviations

The following abbreviations are used in this manuscript:

COAWST Coupled Ocean-Atmosphere-Wave-Sediment Transport

BMA Bayesian Model Averaging

ME Mean Error

RMSE Root Mean Square Error

CcC Correlation Coefficient

Al Artificial Intelligence

RKHS Reproducing Kernel Hilbert Space

EnKF Ensemble Kalman Filter

SPCAM Super Parameterized Community Atmosphere Model
NNCAM Neural Network version of Community Atmosphere Model
ECMWF European Centre for Medium-Range Weather Forecast
IFS Integrated Forecasting System

ANO Anomaly Numerical-correction with Observations
WREF Weather Research and Forecasting

Bi-LSTM Bidirectional Long Short-Term Memory

TrajGRU Trajectory Gated Recurrent Unit

RE Relative Error

MAE Mean Absolute Error

ERA5 ECMWEF Reanalysis v5

CNN Convolutional Neural Network

LST™M Long Short-Term Memory

GRU Gated Recurrent Unit

BP Backpropagation Neural Network

MOS Model Output Statistics

ROMS Regional Ocean Modeling System

SWAN Simulating Waves Nearshore

MCT Model Coupling Toolkit

1-D CNN One-dimensional convolutional neural network
MCMC Markov Chain Monte Carlo

WSMe6 WREF Single-Moment 6-Class

MM5 The fifth-Generation Penn State/NCAR Mesoscale Model
RRTM Rapid Radiative Transfer Model

Noah-LSM  Noah Land Surface Model

GF Grell-Freitas

GFS Global Forecast System

RTOFS Real Time Ocean Forecast System

PCA Principal component analysis

NCEP National Centers for Environmental Prediction
GDAS Global Data Assimilation System

GOFS Global Ocean Forecasting System

PDF Probability Density Function

WREF-3DVar Three-Dimensional Variational Assimilation Module
LR Linear Regression

MSE Mean Squared Error

WPS WREF Preprocessing System

M Modified Atmospheric Refractivity
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N Refractivity
T Air Temperature
P Air Pressure
e Water Vapor Pressure
q Specific Humidity
€ 0.622
H Altitude
y Forecasting Variable
f Bias-correction Model Space
K Number of Models
D Observation Dataset
pr(y|fx, D)  Conditional PDF of the Forecasting Variable
p(fx|D) Posterior Probability of the k* Model
p(D|f;) Marginal or Integrated Likelihood of Each Model
0 ; Parameter Vector of Model
(7]% Variance
Uk Expected Value
Mens 4t Ensemble Forecasting for Day d at Time ¢
O4-1 Observations on the Previous Day d — 1
i Forecasting Member ID
N Total Number of Forecasting Members
& 4 Weight of Model M; on Day d
E Reciprocal of the RMSE
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