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Introduction: Atmospheric ducts represent the most frequently observed

refractive phenomenon in maritime atmospheric environments. Prior research

has shown that the occurrence of elevated ducts exceeds 60% with high-

resolution radiosonde data, providing a solid foundation for developing

communication applications based on this propagation mechanism.

Methods: To support the design of elevated ducts communication systems, this

paper proposes a long-term elevated duct thickness prediction model, which

integrates a dual decomposition framework consisting of adaptive noise

complete ensemble empirical mode decomposition (CEEMDAN) and time-

varying filter empirical mode decomposition (TVF-EMD) with a temporal

convolutional network (TCN) method. The CEEMDAN-TVF-EMD-TCN elevated

duct thickness prediction model (CTETEDP) uses the 2016–2022 datasets at the

SAN JUAN station.

Results: The CTETEDP model realizes a high-precision time series prediction of

duct thickness, with a root mean square error (RMSE) of 16.3 m and a mean

absolute error (MAE) of 12.8 m. To further evaluate the adaptability of the

CTETEDP method in different regions, predictions were carried out based on

the observation data at the MAJURO and TRUK INTL stations, respectively. In the

spring, summer, and autumn of 2022, the RMSEs at MAJURO station were 14.3m,

8.8 m, and 12.4 m, respectively, while those at TRUK INTL station were 29.8 m,

12.3 m, and 17.2 m.

Discussion: These results indicate that the CTETEDPmodel has good adaptability

and practicality and can realize high-precision and long-term continuous

prediction of elevated duct thickness, which will provide support for future

elevated duct-based communication systems.
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1 Introduction

In the era of rapid information development, the continuous

evolution of wireless communication technologies has placed

higher demands on wide-area and high-efficiency information

transmission, posing new challenges for advancing 6G networks

(Wang et al., 2021; Fowdur and Doorgakant, 2023). Within the

tropospheric radio propagation environment, atmospheric ducts

are horizontal stratified structures formed by physical processes

such as temperature inversion or surface evaporation (Hu et al.,

2021; Cheng et al., 2013). The abrupt changes in atmospheric

refractive index within the duct layer cause electromagnetic waves

to undergo super-refraction or become trapped, enabling low-loss,

over-the-horizon propagation (Alappattu and Wang, 2016; Yang

and Wang, 2022). Based on their vertical structure and altitude of

occurrence, atmospheric ducts are generally classified into surface

ducts, evaporation ducts, and elevated ducts. Among them, elevated

ducts are affected by tropical trade winds blowing from mid-

latitudes toward the equator, forming a trade wind inversion

structure in the upper ocean boundary layer, which creates duct

conditions that can be used over a wide area. Previous studies have

given limited attention to the accurate prediction of elevated duct

characteristics, leading to an insufficient understanding and

unreliable estimation of key structural parameters such as duct

thickness, strength, and height. The strong spatiotemporal

variability of ducts introduces considerable uncertainty in their

practical application. Consequently, the influence of atmospheric

ducts on 4G and 5G mobile communication systems primarily

manifests as interference, often resulting in unexpected signal

enhancement, fading, and coverage irregularities. Therefore, the

accurate prediction of key elevated duct characteristics is essential

and is expected to provide valuable support for the development of

6G communication systems. Previous studies based on high-

resolution radiosonde data have shown that the occurrence

probability of elevated ducts exceeds 60%, with the probability

reaching over 90% at certain stations, thereby presenting significant

potential for supporting the aerial-terrestrial-sea integrated

communication architecture envisioned for 6G systems (Yang

et al., 2023; Cheng et al., 2024; Wang et al., 2025). Therefore, in-

depth investigation into key physical parameters such as the height

and thickness of elevated ducts is of significant theoretical and

practical value for enhancing the performance and reliability of

long-distance communications in complex maritime environments

(Zhang et al., 2020).

Currently, many research institutions and scholars have

conducted systematic studies on elevated ducts and explored their

propagation characteristics in the troposphere through various

experiments (Liu et al., 2024). Since the 1970s, researchers have

successively proposed a series of atmospheric duct numerical

prediction models, including the empirical Satellite Marine-layer/

Elevated Duct Height (SMDH) model (Jordan and Durkee, 2000),

and the semi-physical and semi-empirical model Naval Postgraduate

School (NPS), which has become the most widely adopted among

them (McBride, 2000). Furthermore, neural networks have been
Frontiers in Marine Science 02
widely applied to atmospheric duct modeling owing to their

powerful nonlinear representation and adaptive learning

capabilities. In 2018, Tepecik et al. integrated an artificial neural

network with a genetic algorithm to construct a novel hybrid model

for refractive index parameter inversion, and the results showed high

accuracy (Tepecik and Navruz, 2018). In 2022, Han et al. proposed an

inversion method for classifying offshore atmospheric duct

parameters by integrating Automatic Identification System (AIS)

data with an artificial intelligence approach, thereby enabling

accurate identification of duct types (Han et al., 2022). Meanwhile,

Zhang et al. proposed a prediction framework integrating a deep

neural network with an attention mechanism for real-time

atmospheric duct height prediction by abstracting the spatial and

temporal features from the historical data (Zhang et al., 2024).

Overall, atmospheric duct research based on radio detection

data—particularly the analysis of statistical characteristics in marine

environments—has become a key area in radio wave and

atmospheric propagation studies (Franklin et al., 2022; Zhao

et al., 2013). However, existing numerical models such as the

SMDH and NPS models have considerable prediction errors, with

root mean square errors (RMSEs) of 171.4m and 95.3m,

respect ive ly , l imit ing their appl icabi l i ty in pract ica l

communication support scenarios (Hao, 2022). Relatively few

studies based on neural networks have been conducted on

elevated ducts, with most research primarily focused on

identifying ducts using classification modeling. Therefore, there is

an urgent need in the field of elevated duct parametric modeling to

establish a long-term and stable modeling approach that can

support the design of communication systems under this

propagation mechanism.

This study conducts a statistical analysis using high-resolution

radiosonde data with a temporal resolution of 1 second, which

increases the likelihood of detecting weak elevated ducts. Based on

this high-precision dataset, we propose a CEEMDAN-TVF-EMD-

TCN hybrid model, which integrates a dual decomposition

framework consisting of adaptive noise complete ensemble

empirical mode decomposition (CEEMDAN) and time-varying

filter empirical mode decomposition (TVF-EMD) with a temporal

convolutional network (TCN) method. This model enables long-

term forecasting of time series data from the Stratosphere–

Troposphere Processes and their Role in Climate (SPARC)

dataset. The article applies the CEEMDAN-TVF-EMD-TCN

hybrid model to the prediction process of elevated duct thickness,

using the time series of elevated duct thickness as input parameters

to improve prediction accuracy. The remainder of this paper is

organized as follows. Section 2 presents the background and data of

duct modeling, including the characteristic parameters and

propagation properties of atmospheric ducts, as well as the

preprocessing and statistical analysis of the SPARC data from the

SAN JUAN station. Section 3 describes the construction and

theoretical basis of the proposed hybrid model. Section 0 provides

a detailed analysis of the prediction results, discussing duct

thickness forecasts across various spatial and temporal scales. A

summary is in Section 5.
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2 Background and datasets

2.1 Elevated duct diagnosis

In the troposphere, atmospheric duct phenomena can be

determined by the vertical gradient of the modified refractivity M,

which is a function of temperature, water vapor, and atmospheric

pressure. The modified refractivity (M) is given by Equation 1.

M =
77:6
T

� P +
4810e
T

� �
+ 0:157� h (1)

where T represents temperature (K), P represents atmospheric

pressure (hpa), h represents the height above sea level (m), and e

represents water vapor pressure (hpa).

In the study of elevated ducts, the key parameters include duct

thickness dh, duct strength DM, duct bottom height hei, duct layer

bottom height hb, duct layer top height ht , and duct layer thickness

d (Zhu and Atkinson, 2005). Figure 1 shows the vertical profile of

modified refractivity for the elevated duct, along with the key

structural parameters of the duct layer. The duct thickness is the

distance between the duct’s top height h_t and the duct’s bottom

height hei.

The thickness of elevated ducts plays a critical role in radio wave

propagation loss. Thinner ducts exhibit weaker confinement of

electromagnetic waves, leading to increased signal leakage and

higher propagation losses. In contrast, thicker ducts significantly

reduce radio wave attenuation and enhance transmission stability.

Due to the pronounced spatiotemporal variability of elevated duct

thickness driven by meteorological conditions, accurate prediction

of duct thickness is essential for enhancing the reliability and

deployment efficiency of maritime communication systems (Liu

et al., 2021). Figure 2 illustrates the effect of varying duct thickness
Frontiers in Marine Science 03
on propagation losses as a function of transmission distance at a

frequency of 2GHz. The duct bottom height is held constant at

71.4m, while the duct thickness varies between 38.6m and 88.6m.

The transmitting and receiving antennas are set at 105m and 150m,

respectively. Assuming a maximum acceptable propagation loss of

160dB, the results indicate that thinner ducts cause a rapid increase

in attenuation, thereby limiting the effective communication range.

In contrast, as the duct thickness increases—particularly when the

duct layer top height approaches or exceeds the height of the

receiving antenna—propagation losses decrease significantly,

thereby improving communication performance. Notably, the

communication range reaches its maximum at a duct thickness of

88.6m, corresponding to a duct top height of 160m.
2.2 Datasets

This paper selected high vertical resolution radiosonde data

(HVRRD) from US high-altitude stations to support the diagnosis

and modeling of elevated ducts, as shown in Figure 3. Three

geographically dispersed stations were chosen for subsequent

model analysis and validation: SAN JUAN (18.43°N, 66.00°W),

TRUK INTL (7.46°N, 151.85°E), and MAJURO (7.06°N, 171.23°E).

These stations were selected considering both geographical and

meteorological representativeness to ensure the spatial

generalization of the proposed model. Specifically, the SAN JUAN

station located in the Atlantic region was used to verify the model’s

feasibility, while the TRUK INTL and MAJURO stations in the

Pacific region were used for robustness verification. All three

stations provide long-term, high-resolution, and high-quality

radiosonde observations, which are conducive to verifying the

cross-regional applicability of elevated duct prediction

performance. The dataset was obtained from the Stratosphere-

Troposphere Processes and their Role in Climate (SPARC) Data

Centre (https://www.sparc-climate.org/data-centre/data-access/us-

radiosonde/, accessed October 2024). This dataset covers the

process through which the National Oceanic and Atmospheric

Administration (NOAA) gradually upgraded its high-altitude

stations from the Microcomputer-based Automatic Radio

Theodolite (MicroART) radiosonde tracking system to the

Radiosonde Replacement System, which employs Global

Positioning System tracking. Consequently, the SPARC dataset

transitioned from the MicroART format, with a temporal

resolution of 6 seconds, to the RRS format, which provides

enhanced sampling at a 1-second resolution (Huang et al., 2022).

This upgrade in temporal resolution greatly improves the vertical

continuity of the refractivity profile, enabling more accurate

identification of weak and thin elevated ducts that might be

missed at coarser resolutions. Compared with the 6-second

MicroART data, the 1-second RRS observations capture finer-

scale refractivity variations and reduce interpolation uncertainty

in estimating duct boundaries. Therefore, the higher temporal

resolution provides more reliable and physically consistent data

for duct characterization and subsequent modeling applications.
FIGURE 1

The modified refractivity profile for an elevated duct.
frontiersin.org

https://www.sparc-climate.org/data-centre/data-access/us-radiosonde/
https://www.sparc-climate.org/data-centre/data-access/us-radiosonde/
https://doi.org/10.3389/fmars.2025.1730671
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org


Yao et al. 10.3389/fmars.2025.1730671
2.3 Data processing

To ensure data reliability, missing values and anomalies caused

by radiosonde measurement errors were removed, including

missing observation times, abrupt changes in duct thickness

between adjacent moments, and inconsistencies between duct

thickness and duct top height trends. These missing or abnormal

values were corrected by filling in the observation data from the

same time on the previous day to maintain data accuracy and

temporal consistency.
Frontiers in Marine Science 04
During the statistical processing of elevated duct samples, a

two-dimensional linear interpolation method was applied to

estimate duct thickness based on the modified refractivity profile.

In cases where multiple elevated ducts were identified within a

single profile, only the one with the most significant duct thickness

was retained, along with its corresponding physical parameters such

as humidity and pressure. These preprocessing steps ensure that the

model input time series is constructed as continuous and physically

representative data, improving the integrity and validity of the

training samples.
E 3FIGUR

Geographic distribution of US upper-air stations and selected stations for elevated duct analysis.
FIGURE 2

Propagation losses with distances and duct thickness at 2 GHz.
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A detailed quality assessment of the SPARC dataset indicates

two primary types of outliers: (1) extreme duct thickness values

exceeding the physically reasonable limits (>1000m) and (2)

anomalous reductions in duct thickness correlated with

decreasing duct height, often resulting from radiosonde

measurement inaccuracies or abrupt atmospheric disturbances.

Based on this quality assessment, data preprocessing was

conducted to ensure data reliability. Figure 4 presents the

monthly data availability rate of radiosonde observations collected

at the SAN JUAN station (18.43°N, 66.00°W) from 2016 to 2022.

The availability was evaluated based on data anomalies caused by

instrument malfunctions or environmental interferences within

each month. To quantitatively assess the reliability of the duct

data, a metric termed Data Availability Probability (DAP) is

introduced, which is mathematically expressed as shown in

Equation 2:

DAP = 1 −
No

Ns

� �
� 100% (2)

where No represents the total number of samples within the

month, Ns indicates the number of abnormal samples identified

during that period.

The DAP value approaching 100% reflects a higher data quality

and reliability level. DAP is visualized through color mapping and

bubble area, with lighter shades and larger diameters indicating

higher DAP levels. As shown in Figure 4, except for June 2018,

when DAP dropped to 82%, the value remained above 90% in all

other months. The high and stable DAP value ensured the temporal
Frontiers in Marine Science 05
continuity of the duct parameters and provided reliable data

support for model training.

Next, we conducted a statistical analysis of the distribution

characteristics of elevated duct thickness at the SAN JUAN station

from 2016 to 2022. As shown in Figure 5, each colored box

represents the annual distribution of elevated duct thickness from

2016 to 2022, the duct thickness exhibited a broad distribution

range, generally spanning from 10 m to 560m. Most observations

were concentrated in the 0–200m interval, with the median

consistently falling within the 100–150m range. Although year-to-

year differences exist, the overall annual distributions remain

relatively stable without a clear interannual trend. Each year has

varying numbers of high-thickness outliers, reflecting the high-

frequency, large-amplitude fluctuation characteristics of elevated

ducts over time.
3 Methods and model

3.1 Modeling idea

The thickness of elevated ducts directly affects the propagation

path, transmission loss, and coverage of tropospheric radio waves.

Accurately predicting duct thickness is critical for design and

performance assessment of communication system. To enhance

the accuracy of long-term elevated duct thickness prediction, this

study proposes a prediction model that integrates CEEMDAN,

TVF-EMD, and TCN using observation data from the SAN
FIGURE 4

Data availability at SAN JUAN Station from 2016 to 2022.
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JUAN station. The model’s hyperparameters are optimized through

a grid search method.

The modeling framework proposed in this study comprises

three key stages: data preparation, model training, and performance

evaluation, as illustrated in Figure 6.

Step 1: Data preparation. The raw observational data are first

preprocessed to improve data quality and ensure usability. Then,

decomposition techniques are employed to extract Intrinsic Mode

Functions (IMFs). The resulting dataset is divided into training and

testing subsets for model fitting and validation.

Step 2: Modeling. A Temporal Convolutional Network (TCN)

model is developed using the training set, and its performance is

further enhanced through hyperparameter tuning. After
Frontiers in Marine Science 06
constructing the model, the testing set generates predictions and

obtains the corresponding forecast results.

Step 3: Model evaluation. The predicted values are compared

with the observed data, and appropriate evaluation metrics are

applied to assess the model’s performance, thereby verifying the

effectiveness and robustness of the proposed approach.
3.2 CEEMDAN-TVF-EMD algorithm

The elevated duct thickness time series observed at the SAN

JUAN station exhibits high-frequency and large amplitude

fluctuations. This pronounced non-stationarity may interfere with
FIGURE 6

Modeling flowchart based on the CEEMDAN–TVF-EMD–TCN.
FIGURE 5

Distribution statistics of elevated duct thickness observed at the SAN JUAN station from 2016 to 2022.
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the model’s capture of the underlying temporal structure, thereby

reducing prediction accuracy. To enhance the model’s predictive

performance, the original time series was subjected to two-stage

decomposition, as shown in Table 1, to minimize sequence

complexity and improve feature separability.
3.3 TCN network

The Temporal Convolutional Network (TCN) model is

designed based on the architecture of Convolutional Neural

Networks (CNNs) and is applied to time series prediction tasks

(Wei et al., 2022; Hewage et al., 2020). TCN effectively mitigates the

gradient vanishing problem that can lead to unstable training and

exhibits superior computational efficiency and extended memory

retention. Figure 7 illustrates the overall architecture of the TCN,

where (a) depicts the dilated causal convolution structure and (b)

shows the residual connections employed between layers.

A key characteristic of TCN is its use of dilated causal

convolution, which ensures that an input sequence of length N

yields an output sequence of the same length while preventing any

information leakage from future time steps (Lea et al., 2016). In this

study, the TCNmodule consists of two hidden convolutional layers.

The dilated convolution is defined in Equation 5:

F(s) = (x*df )(s) =ok−1
i=0 f (i) : x(s−d : i) (5)

where F(s) denotes the output of the s-th neuron in the TCN; K

represents the kernel size; and d is the dilation factor. When d = 3,

the dilated convolution reduces to a regular convolution.
Frontiers in Marine Science 07
3.4 Modeling

To enable accurate long-term prediction of duct thickness, it is

essential to construct stable training samples based on historical

observations and to extract temporal dependencies within the time

series to support subsequent predictive modeling. This study

employs time-series data from the SAN JUAN station in the

United States, spanning the period from 2016 to 2022, as the

sample dataset. To ensure time continuity in the predictions and

enhance the model’s reference value for future applications, data

from 2016 to 2020 are used as the training set, while data from 2021

to 2022 serve as the test set to validate the model’s prediction

accuracy (Shi et al., 2023; Javeed et al., 2018).

Figure 8 illustrates the combinatorial forecasting process of the

CEEMDAN-TVF-EMD-TCN model, and the corresponding

modeling steps are outlined in Algorithm 1, as follows:
Input: Original time series X

Output: Predicted series X̂

1: IMF1, IMF2,…, IMFn,  Rf g←CEEMDAN(X) ▹ preprocess

the input: normalize X

2: IMF1:1,…, IMF1,m
� �

←  TVF _ EMD(IMF1) ▹ sub-IMFs

of IMF1

3: IMF2:1,…, IMF2,k
� �

←  TVF _ EMD(IMF2) ▹ sub-IMFs

of IMF2

4: S IMF1:1,…, IMF1,m,  IMF2, 1,…, IMF2, k,  IMF3,…, IMFn,  Rf g
▹ final component list

5: M← len(S) ▹ number of components
TABLE 1 Decomposition algorithm.

No.
Decomposition

method
Function

1 CEEMDAN

CEEMDAN is a decomposition method derived from empirical mode decomposition (EMD), well-suited for processing
time series characterized by non-stationarity and high-frequency disturbances (Boudraa and Cexus, 2007). Due to the
significant multi-scale fluctuations in elevated duct thickness under complex meteorological conditions, traditional
methods often fail to effectively extract its intrinsic structures. CEEMDAN is introduced to perform preliminary
decomposition of the duct thickness time series, obtaining intrinsic mode functions (IMFs) arranged from high to low
frequency (e.g., IMF1, IMF2, IMF3, etc.), along with a residual component, thereby suppressing mode aliasing and
enhancing the model’s response to transient changes in duct thickness and local disturbances (Torres et al., 2011).

X(t) =o
n

i=1

IMFi(t) + r(t)(3)

where X(t) represents the original duct thickness series, IMFi(t) represents the i-th mode, and r(t) represents the final
residual component.

2 TVF-EMD

TVF-EMD is a time-frequency analysis method that captures variations in signal frequency over time (Li et al., 2017).
After CEEMDAN decomposition of the duct thickness time series, IMF1 and IMF2 exhibited pronounced high-frequency
fluctuations and complex structures, which led to poor predictive performance when modeled directly. To enhance the
time-frequency characterization of high-frequency components in the duct thickness time series and improve prediction
accuracy, TVF-EMD was employed to perform secondary decomposition of IMF1 and IMF2.

IMFi(t) =o
mi

j=1

IMFi,j(t),  i = 1, 2(4)

where IMFi(t) represents the j-th subcomponent of IMFi(t) extracted by TVF-EMD.
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Fron
6: r← 0:714 ▹Training/test ratio (5:2 split,

71.4% training, 28.6% testing)

6: fori← 1 to M ▹ loo p over components

7: (strain,  stest) ←  split(si,  r) ▹ 5:2 by default

8: qi  ←  init _ TCN(K, L,  d,h) ▹ initialize TCN (L:

Learning rate h: Number of Channels)

9 : Ŝ i ←  TCN : train _ predict(strain,  stest; qi) ▹ p r e d i c t

this component

10: end for

11: X̂ ←oM
i=1Ŝ i ▹ final predicted sequence

12: return X̂
Algorithm 1. Modeling steps: CEEMDAN–TVF–EMD–TCN.

According to the decomposition principle of CEEMDAN and

TVF-EMD, each IMF component represents a distinct frequency

contribution within the duct-thickness time series. The high-

frequency IMFs primarily capture short-term fluctuations caused

by transient meteorological disturbances, while the low-frequency

IMFs and the residual term describe the long-term evolution of

atmospheric structures. This multi-scale decomposition separates

transient variations from persistent trends, providing physically

interpretable components that facilitate subsequent model learning.

To enhance the predictive performance of the CEEMDAN-

TVF-EMD-TCN model, a grid search method is employed to

systematically optimize four key hyperparameters: kernel size,

learning rate, maximum epochs, and the number of channels

(Ataei and Osanloo, 2004). Specifically, the kernel size is searched

over the range [2, 3, 4, 5] with a step of 1; the learning rate is

explored within [0.002, 0.004,…, 0.02] in increments of 0.002; the

maximum epochs are tuned within the range [100, 110,…, 200]

with a step size of 10. The number of channels was selected from

three typical structures [8 16 8], [16 32 16], and [32 64 32] for the

search. The model uses daily elevated duct thickness observations

recorded at 00:00 UTC at the station from 2016 to 2022. A sliding-
tiers in Marine Science 08
window strategy is adopted, in which the previous 24 consecutive

observations serve as the input sequence and the model predicts the

thickness at the next day, forming a one-step-ahead forecasting

setup. Based on the experimental results, the optimal parameters

listed in Table 2 were ultimately selected to construct the prediction

model, and model training and test set predictions were completed

based on the SAN JUAN station dataset.

The CEEMDAN-TVF-EMD dual decomposition module

down-converts the original time series via modal separation,

effectively suppressing high-frequency noise and extracting

dominant trend components (Li et al., 2017). While this

preprocessing step increases computational complexity slightly, it

substantially improves signal quality and stability, thereby

enhancing the TCN model’s predictive performance. (Guo C.

et al., 2023; Wang et al., 2014).

For the prediction stage, this study quantifies the TCN’s

computational complexity using floating-point operations

(FLOPs). According to the standard definition, FLOPs measure

the total number of floating-point calculations in a forward pass

(Chen et al., 2023). The computational cost of a one-dimensional

convolution is calculated as follows:

FLOPs = 2� L� K � Cin � Cout (6)

where L denotes the sequence length, K is the kernel size, and

Cin and Cout represent the numbers of input and output channels.

In our setting (L = 24, K = 3, channels = [16 32 16]), each single-

input TCN requires 1:5� 105 FLOPs. For N IMFs obtained from

the CEEMDAN–TVF-EMD dual decomposition, the total

computational cost of the model is N � 1:5� 105 FLOPs. For

typical N values observed in the experiments (ranging from 14 to

20), the overall computation remains modest, and the resulting

accuracy improvement demonstrates that the proposed framework

achieves a reasonable balance between model complexity and

predictive performance (Guo R. et al., 2023; Bai et al., 2018).
FIGURE 7

Architecture of TCN. (a) Dilated causal convolution; (b) Residual block.
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4 Results and discussion

This study employs Mean Absolute Error (MAE) and Root-

Mean-Square Error (RMSE) to assess the CEEMDAN-TVF-EMD-

TCN model’s accuracy and robustness.

1. MAE: Measures the absolute deviation between the predicted

values ypi  and observed values yi, it is less sensitive to outliers.

MAE =
1
no

n
i=1 yi − ypi
�� �� (7)

2. RMSE: Measures the sample standard deviation between the

predicted values ypi and the observed values yi, reflecting the degree

of dispersion. A lower RMSE indicates better performance,

particularly in nonlinear fitting.

RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
no

n
i=1(y

p
i − yi)

2

r
(8)

In Equations 7 and 8, n denotes the number of samples.
4.1 Model validation

This section presents the training and validation of the

CEEMDAN-TVF-EMD-TCN model using observational data

from the SAN JUAN station during the period 2016–2022. The

data from 2016 to 2020 served as the training set, and data from
Frontiers in Marine Science 09
2021 to 2022 served as the test set. The definitions of the evaluation

metrics are provided in Equations 6 and 7. The CEEMDAN-TVF-

EMD-TCN model yields an MAE of 12.8m and an RMSE of 16.3m.

Figure 9 shows the comparison between observed and predicted

elevated duct thickness values at the SAN JUAN station for the

years 2021 and 2022. The blue bars indicate the absolute prediction

errors for each day. It shows that:
1. The predicted and observed values possess a high degree of

consistency in the overall trend, which indicates that the

model can capture the changing pattern of the duct

thickness well.

2. At peak points (e.g., July and August in 2021), the

predictions are generally lower than the observed values,

with the blue bars showing a significant increase in error.

This underestimation pattern during peak periods suggests

there is still room for improvement in the model to handle

the extreme case of rapid changes in duct thickness.

However, the overall error level is sti l l within

reasonable limits.

3. The model demonstrates strong predictive performance

from January to April and October to December,

characterized by low forecast errors. In contrast, forecast

errors increase from May to September, coinciding with

higher volatility levels. Nevertheless, even during periods of

heightened volatility, the model consistently captures the

overall trend, demonstrating enhanced adaptability and

robustness in handling complex temporal patterns.
To account for the significant influence of monsoons on

elevated ducts, April and October, months characterized by

distinctly different climatic features, are selected as representative

periods for comparative analysis. Figure 10 shows the observed and

predicted duct thickness values, along with the corresponding

absolute prediction errors for April and October 2022. The

following conclusions can be drawn from Figure 10:
FIGURE 8

The predictive architecture of the CEEMDAN-TVF-EMD-TCN model.
TABLE 2 Modeling parameters.

Parameter Parameter settings

Kernel size 3

Learning rate 0.006

Max Epochs 160

Number of Channels [16 32 16]
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1. During April, the duct thickness exhibits marked

fluctuations characterized by alternating peaks and

troughs, with maximum values exceeding 350m and

minimum values approaching 0m, indicating pronounced

non-stationarity. These abrupt short-term variations

substantially increase the modeling complexity, resulting

in noticeably elevated prediction errors during these

intervals and demonstrating a decline in forecasting

accuracy under intense perturbation conditions.

2. During October, the overall fluctuation in duct thickness

remained within the range of 100–250m, particularly from

mid- to late-month, when the variations became more

gradual, exhibiting either steady increases or slow

declines. At this stage, the model predictions closely

matched the observed values, and the prediction errors

were substantially reduced, suggesting that the model

performs better in terms of time-series fitting and

generalization under stable meteorological conditions.

3. The CEEMDAN-TVF-EMD-TCN model shows strong

adaptability under different seasonal conditions. In April,
tiers in Marine Science 10
the duct thickness fluctuates drastically, and the model

maintains good trend-tracking ability; in October, the

duct thickness changes steadily, and the prediction

accuracy is significantly improved. These results highlight

the model’s robustness and reliability under varying

atmospheric conditions.
Figure 11 presents the monthly distribution of prediction errors

at the SAN JUAN station throughout 2022. The figure aggregates

the absolute prediction errors by calendar month, illustrating the

temporal variation in forecasting accuracy on a monthly scale. From

Figure 11, we can deduce the following:
1. Most prediction errors fall within ±20m, demonstrating

that the CEEMDAN-TVF-EMD-TCN model maintains

low error levels throughout the year. Notably, in October

and November, the error distribution is most concentrated,

indicating superior fitting accuracy and stability even

during autumn, a season with highly variable

meteorological conditions.
FIGURE 9

Prediction results at the SAN JUAN station.
FIGURE 10

Prediction results for April and October 2022 at the SAN JUAN Station.
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2. In months such as April, May, and September, the error

distribution exhibits a slight skew toward negative values,

indicating a tendency of the model to underestimate duct

thickness. This bias may be attributed to abrupt

fluctuations in duct structure or complex meteorological

conditions that the model does not fully capture.
Building upon the monthly prediction performance presented

in Figures 11, 12 employs box plots further to depict the distribution

of prediction errors across different months. This analysis provides

deeper insight into the magnitude and dispersion of the model’s

errors, enabling a more comprehensive evaluation of its seasonal

stability and overall reliability.

The following observations can be drawn from Figure 12.
1. The absolute median values of prediction errors across

months from January to December are 5.48, 10.25, 12.45,
tiers in Marine Science 11
7.96, 9.38, 12.29, 11.16, 8.44, 7.67, 5.54, 7.64, and 12.22 m,

respectively. The monthly median errors range from 5.48m

to 12.45m, showing moderate variability. The highest

median error occurred in March (12.45m), while

relatively lower values were observed in January (5.48m)

and October (5.54m). The median errors in the remaining

months were relatively consistent.

2. The interquartile range (IQR) values for each month from

January through December are as follows: 12.17, 17.00, 11.91,

15.47, 13.25, 19.36, 11.67, 9.14, 13.39, 8.41, 8.46, and 12.41 m.

The monthly interquartile ranges (IQRs) fall from 8.41m to

19.36m. Among these, the IQR values are relatively higher in

June (19.36m) and February (17.00m), suggesting a greater

dispersion of errors during these months. In contrast, the lower

IQR values observed in October (8.41m), November (8.46m),

and August (9.14m) indicate a comparatively more

concentrated error distribution.
FIGURE 11

Monthly error statistics of duct thickness predictions at SAN JUAN station (2022).
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3. In October and November, the median prediction errors

are relatively lower—5.54 m and 7.64 m, respectively—with

the corresponding IQR being the weakest of the year

(8.41 m and 8.46 m). These results indicate that the

model exhibits more minor prediction deviations during

this period and produces a more concentrated error

distribution, reflecting superior overall forecasting

stability. In contrast, the median errors in March and

June exceed 12 m, and their IQRs remain consistently

high throughout the year, revealing that the prediction

errors during these months are larger and more volatile.

Consequently, the model’s stability and accuracy are

relatively weaker in March and June. The model

demonstrates a relatively stable performance from late

summer to autumn (August–November).
4.2 Comparison analysis

The above results demonstrate that the proposed CEEMDAN-

TVF-EMD-TCN hybrid model achieves high forecasting accuracy

at the SAN JUAN station. To further assess the generalization

capability of the proposed approach across different regions, cross-

station forecasting experiments were conducted at two additional

stations: MAJURO and TRUK INTL. The training and test sets of

the model for each station are divided in the same way as Section 3.

Figure 13 displays the prediction results for the MAJURO and

TRUK INTL stations. Subfigures (a) and (b) present the

comparisons between observed and predicted values at MAJURO

for 2021 and 2022, respectively, while subfigures (c) and (d) show

the corresponding comparisons for TRUK INTL in the same years.

Three conclusions can be drawn from Figure 13:
1. At the MAJURO station, the model performs well overall,

accurately capturing the variation in duct thickness. In
tiers in Marine Science 12
spring and winter, when thickness fluctuations are more

pronounced, the predictions closely follow the observed

values, reflecting the model’s sensitivity to abrupt changes.

During summer and autumn months, prediction errors are

minimal, demonstrating strong fitting capability under

relatively calm atmospheric conditions.

2. At the TRUK INTL station, the model effectively captures

the annual variation in duct thickness, with low prediction

errors and stable performance during the summer and

autumn. However, instances of lag and overestimation

are observed in spring and late-year periods, suggesting

that the model’s responsiveness to abrupt fluctuations in

duct thickness could be further improved.

3. The results indicate that the CEEMDAN-TVF-EMD-TCN

hybrid modeling approach proposed in this study performs

well across the MAJURO and TRUK INTL stations,

demonstrating good cross-station applicabil i ty.

Nonetheless, localized prediction biases remain during

periods of high fluctuation, suggesting that further

refinement of the modeling process could enhance its

robustness and generalization when handling extreme

disturbance patterns.
To further evaluate the accuracy of duct thickness predictions

across different seasons, this study uses the 2022 prediction results

as data samples and compares the RMSE values at the two stations

during spring, summer, and autumn, thereby assessing the seasonal

adaptability and stability of the proposed model. Here, a year is

divided into four seasons: March-May is spring, June-August is

summer, and autumn includes September, October, and November.

Figure 14 shows the RMSE values for each season at the

MAJURO and TRUK INTL stations. The following three

conclusions can be drawn from Figure 14:
1. At the TRUK INTL station, the RMSE increased markedly

in spring, reaching 29.8m—the highest value recorded
FIGURE 12

Error distribution of elevated duct thickness predictions at the SAN JUAN station in 2022.
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throughout the year. This seasonal spike in RMSE suggests

that the model’s predictive performance during spring was

adversely affected, potentia l ly due to complex

meteorological conditions or heightened variability in the

input data.

2. The model maintained stable performance at the MAJURO

station, with RMSE ranging from 8.8m to 14.3m. The

prediction errors remained relatively low, particularly
tiers in Marine Science 13
during summer and autumn, reflecting consistent model

reliability at this station.

3. Overall, the model performed consistently during summer

and autumn, with RMSE remaining relatively low. RMSE

was relatively high in spring, especially at the TRUK INTL

station, reaching 29.8 m, which may be attributed to

stronger atmospheric instability and frequent convective

activity in spring, leading to more irregular refractivity
FIGURE 13

Regional analysis results at the MAJURO and TRUK INTL Stations.
FIGURE 14

Seasonal analysis results in 2022 at the MAJURO and TRUK INTL stations.
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profiles and larger prediction uncertainties. In contrast, the

relatively stable stratification in summer reduces

refractivity fluctuations and results in lower model errors.

The RMSE differences between stations suggest that the

model’s ability to adapt to station-specific characteristics

sti l l requires further improvement for broader

geographical applicability.
5 Conclusions

A TCN long-term predicting model based on CEEMDAN-

TVF-EMD is proposed for a time series of elevated duct thickness

with nonlinear and non-stationary characteristics. Leveraging high-

resolution radiosonde observations, the model effectively captures

fine-scale variations in duct thickness and enhances its

responsiveness to short-term atmospheric perturbations. Based on

the TCNmodel, this method improves the modeling ability of long-

term dependencies in time-series data. The CEEMDAN-TVF-EMD

double decomposition algorithm was introduced to predict elevated

duct features, extending one-dimensional time series data to a

multi-dimensional feature space, significantly reducing data

complexity, and enhancing feature expression capabilities. This

study uses the elevated duct thickness data from the SAN JUAN

station as model input. Each component of the hybrid model

contributes distinctively to its predictive performance:

CEEMDAN reduces high-frequency noise and mitigates non-

stationarity; TVF-EMD refines decomposed signals and

strengthens their time–frequency representation; and TCN

captures long-term temporal dependencies and nonlinear

relationships among the reconstructed features. As a result, the

CEEMDAN-TVF-EMD-TCN model effectively analyzes the

nonlinear and non-stationary characteristics of elevated duct

thickness data and provides accurate long-term prediction values,

with cross-station experiments further confirming its strong

generalization capability. Significantly, the hybrid model relies

solely on the elevated duct thickness time series without auxiliary

meteorological or physical parameters, reflecting its high

forecasting efficiency and practical applicability. This study

develops a deep learning model based on two-stage

decomposition to improve the prediction accuracy of elevated

duct thickness. However, the current work remains primarily

data-driven and does not explicitly address the underlying

physical mechanisms governing elevated duct formation, and its

generalization capability has been validated at only a limited

number of stations. In addition, the validation experiment was

conducted in low-latitude maritime regions. Future work will

involve testing in mid- and high-latitude marine environments to

further validate the model’s accuracy. Future work will further

validate the model’s spatial generalization capabilities across

additional observation stations. At the same time, physical

mechanism–oriented modeling will be explored by incorporating

key meteorological and environmental parameters to enhance the
tiers in Marine Science 14
interpretability and physical relevance of the proposed

hybrid model.
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