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Abstract: The D-region ionosphere (60-100 km altitude) is critical for radio communication
and space weather research but cannot be easily measured because it is too low for satellites
and too high for balloons. The most effective technique is to remotely sense by measuring
Very-Low-Frequency (VLE, 3-30 kHz) waves emitted from man-made transmitters, a
technique that was traditionally utilized to estimate the average ionospheric condition
between the transmitter and receiver. Recently, various methods have been proposed to
remotely sense the D-region ionosphere in large areas using network observation of VLF
transmitter signals. The key component of these methods is the VLF propagation model,
and the Long-Wavelength Propagation Capability (LWPC) model is employed in most
cases due to its relatively fast computation speed. However, it is still too long and thus
insufficient for real-time remote sensing. To overcome this limitation, we have proposed
a neural network model to replace the LWPC model and to shorten the computation
time of VLF propagation. This model is specifically obtained using the transfer learning
method by retraining the last three layers of the well-established VGG16, GoogLeNet, and
ResNet architectures. We have tested different methods to organize the input data for
these neural network models and verified their performance using the validation dataset
and real measurements. Among the three models, GoogLeNet outperforms the other two,
and the root mean squared error (RMSE), with respect to LWPC results, is as low as 0.334.
Moreover, the proposed neural network model can dramatically reduce the computation
time. The computation time to calculate the signal distribution near the transmitter is 1184 s
if one uses the LWPC model but 0.87 s if the present neural network model is used. The
performance of this model is also excellent for ionospheric conditions that are not included
in the validation dataset. Therefore, this model is robust and can be used to remotely
sense, in real time, the D-region ionosphere in large areas, as well as various scientific and
engineering needs.

Keywords: VLF electromagnetic wave; regional longwave propagation; transfer learning;
convolutional neural network

1. Introduction

The D-region ionosphere, located at altitudes between 60 and 100 km, is a partially
ionized layer, with the electron density being typically between 1 and 1000 cm 3 under
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daytime conditions [1]. This region is constantly influenced by various eruptive events with
solar and galactic origins, particularly solar flares, solar eclipses, particle precipitation from
the radiation belts, and gamma-ray bursts [2-5]. The D-region ionosphere is critical for
wireless communication, navigation, and positioning [6-8]. Due to the low electron density
in this region, direct measurements are extremely challenging. High-power incoherent
scatter radars and riometers can detect the electron density of the D-region ionosphere,
but their spatial resolution is limited, and the distance is short [9]. Although sounding
rockets can provide direct measurements and accurate information about electron density,
they are restricted to the limited temporal and spatial coverage and the operational cost
is high [10]. One of most effective methods to remotely sense the D-region ionosphere is
via measurements of VLF waves emitted by man-made transmitters [11]. These waves
are well trapped within the Earth-ionosphere waveguide (EIWG) and can propagate for
long distances with low attenuation (~2-3 dB/Mm) [12]. The VLF signals measured at a
given location are mostly controlled by the electron density of the D-region ionosphere
along the propagation path, as well as ground conductivity. Therefore, VLF measurements
have been widely used to remotely sense the D-region ionosphere, with the aid of VLF
propagation models. Lehtinen and Inan have developed a full-wave model [13], which
has been used to estimate the attenuation of VLF transmitter signals while propagating
through the Earth’s atmosphere. The modeling results turn out to be highly consistent
with satellite measurements [14]. On the other hand, Marshall et al. [15] have developed a
Finite Difference Time Domain (FDTD) model to simulate the propagation of VLF pulses
emitted by lightning discharge [16]. The most widely used propagation model is the LWPC,
which is a mode solver developed by the Space and Naval Warfare Systems Center (now
the Naval Information Warfare Center Pacific) [17]. With LWPC, VLF measurements have
been utilized to estimate the average conditions of the D-region ionosphere along the
path between the transmitter and the receiver [18]. More recently, various methods have
been proposed to infer the D-region ionosphere in large areas using network observation
and VLF propagation models [19]. In these methods, the computation time of the VLF
propagation model needs to be sufficiently short in order to fulfill the need of D-region
remote sensing in real time. Although the computation time of LWPC is significantly
shorter compared to other propagation models, it is still too long for real-time remote
sensing of the D-region ionosphere.

With the advent of Graphics Processing Units (GPUs), the deep learning method has
exhibited remarkable capabilities in uncovering underlying patterns and automatically
extracting features with extremely high accuracy and rapid computation [20]. Given
their proficiency in handling nonlinear problems, deep learning-based methods have been
employed in VLF-related work, which typically requires substantial computation time on
Central Processing Units (CPUs). Xu et al. [21] utilized the YOLOV5 to automatically detect
the VLF tweek signals. Gross and Cohen [22] developed the Artificial Neural Network
(ANN) for remote sensing the D-region ionosphere. Liu et al. [23] employed the Elman
Neural Network (ENN) to inverse the electron density in the lower ionosphere. Wang
et al. [24] and Xiao et al. [25] harnessed the ability of Convolutional Neural Networks
(CNNs) to classify the VLE/LF lightning signals and radiation electric field waveforms,
respectively. They have all achieved outstanding results in their respective research.

However, the traditional deep learning framework functions as a black-box. Large sets
of labeled data are needed to train such a model [26], and these are frequently unavailable
in various research topics, including studies related to the D-region ionosphere and VLF
propagation. This limitation largely hampers the usage of deep learning methods in these
research topics. Nonetheless, transfer learning models can mitigate this issue, since they can
be trained with a limited number of samples, a process that, together with physics-informed



Remote Sens. 2025, 17, 871

30f15

neural networks, has been successfully utilized to predict nuclear reactor transients [27], as
well as material properties.

The goal of this study is to shorten the computation time of the LWPC model using
transfer learning models, thereby fulfilling the need to remote sense the D-region iono-
sphere in real time. Previous studies mostly treat the VLF data as-is when training the
prediction model, while, in this study, we use the spatial distribution of VLF amplitude
and treat it as an image in order to train the CNN model. In this regard, the models that are
well trained in the community of image processing have been employed via the transfer
learning method.

The ANN model developed by Gross was developed mostly under the assumption
that the ionospheric parameters (4’ and B) along the transmitter—receiver propagation path
is homogeneous. This assumption is oversimplified and largely different from the real
scenario. In contrast, in our method, each transmitter—receiver path has been divided into
200 segments, with the length of each segment being 40 km. Our assumption is more
realistic, while also more challenging for the training of deep learning models. Specifi-
cally, we employ three well-established, pre-trained models—VGG16, GoogLeNet, and
ResNet—by replacing and retraining the last three layers of these models, including the
fully connected layer, the SoftMax layer, and the output classification layer. Moreover, we
compare the performance of these models under different ionospheric conditions to assess
their robustness and applicability to large-area D-region ionosphere estimations.

2. Models and Data Set
2.1. LWPC

The LWPC model is a theoretical framework designed to estimate the amplitude and
phase of long-wave signals as they propagate within the Earth-ionosphere waveguide, with
particular emphasis on low-frequency (LF) and VLF electromagnetic waves. This model
can calculate the attenuation, reflection, and refraction at different boundaries, and the
ionospheric electron density, geomagnetic field, and terrain have been taken into account;
thus, the model is widely used in various research and engineering studies. Its ability to
simulate complex wave interactions in diverse environments makes it an invaluable tool for
optimizing communication networks, investigating natural electromagnetic phenomena,
and improving signal reliability under challenging conditions.

The primary inputs to the LWPC model are the electron density profile along the
VLF propagation path, the geomagnetic field, and the ground conductivity and dielectric
constants. Default lookup tables are set as default for the ground conductivity and dielectric
parameters, while the geomagnetic field is obtained from the World Magnetic Model
(WMM) [28]. The transmitting power and direction of different transmitters are well
defined in LWPC. The parameter that mostly controls the amplitude and phase of VLF
signals near the transmitter is the D-region electron density, which is parameterized using
the reflection height /' and the sharpness parameter B, as defined in the Wait and Spies
formula [29]:

Ne(z) = 1.43 x 10" exp(—0.15z) exp(B(z — hr)) (1)

where z is the height, I/’ is the reflection height, and B is the sharpness parameter.

2.2. Data Preparation

In this work, we mainly focus on the NWC transmitter, which is located at the north-
western corner of Australia and has a transmitting frequency of 19.8 kHz. The key pa-
rameters that govern the spatial distribution of transmitter signals in LWPC simulations
are ' and B in the nearby region. To calculate the signal distribution, we use NWC as
the central point. With the north direction corresponding to the azimuth angle of 0°, the
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Brerguson = 0.3849 — 0.08584 cos(

area surrounding NWC can be divided into 360 azimuthal directions. For each azimuth
angle, we calculate the signal attenuation along a propagation path of 8000 km from the
NWC, which is divided into 200 segments, with the length of each segment being 40 km,
when setting the input data. We can use 200 pairs of /// and f8 to describe the ionospheric
condition for one transmitter—receiver path, assuming the D-region electron density within
each segment is uniform. For the output data, the length of each segment is chosen to
be 20 km in order to provide higher-resolution spatial distribution of transmitter signals,
which gives 400 output data computed by LWPC. An example of this path is shown in
Figure 1.

LWPC y
| ... ﬁf
)

400 Amplitude

Figure 1. The h and p values used for the calculation of VLF amplitude along a single propagation
path, corresponding to the azimuth angle of 0° near NWC. The figures on the left refer to 4’ and § in
the area surrounding NWC, and the one on the right refers to the amplitude distribution.

Each path, denotated as path n, is characterized with 200 pairs of /' and B pa-

rameters: Xy, = [h'1,h’2,--.h'zoo,ﬁhﬁz,.--ﬁzoo],{ € R, corresponding to I/, =
[h’l,h’z,...h’zoo]z € Rand B, = [‘Bl,ﬁz,...ﬁzoo]z € R. The corresponding ampli-
tude vector A, = [A1, Ay, ... A400]Z € R can be derived from each path, given that

the output resolution is 20 km. The region, notated as region m, encompasses the
360 azimuthal directions and can be described by a two-dimensional matrix Xyegion_m =

[Xp
amplitude matrix is denoted as Yiegion_m = [A1, Az .. A360}TT1 eR.
The data used to train the deep learning model are obtained using the LWPC code.

Specifically, a total of 4000 spatial distributions have been utilized, namely 4000 images

ath_1, Xpath 2/ - - - Xpﬂth7360]; € R of waveguide parameters, while the associated output

that are similar to Figure 1. It takes approximately 400 h to calculate the training dataset.
The electron density of the D-region ionosphere near the NWC transmitter is calculated
using the Ferguson model. A total of 2000 ionospheric conditions have been calculated
using the Ferguson formula [30].

1 Ferguson = 7437 — 8.097 cos 6 — 1.213 COS(W) 2
27t (m — 0. 27t(m — 0.
n(mlizo% +0.1296 COS(M) —0.1658 cos x + 0.15 ®)

where x is the solar zenith angle, 8 is the geographical latitude, and m is the month number.

To enhance the model’s applicability, we have also considered a Gaussian distribution
for the D-region ionosphere near NWC. In this approach, 2000 random values between 65
and 75 km are generated for i’, and 2000 random values between 0.25 and 0.45 km~1 are
generated for B. These values are utilized as mean values (y) in a two-dimensional Gaussian
function. Subsequently, these matrices are then paired by selecting one matrix from the '
group and one from the  group, forming unique input pairs for a computational program.
This process yielded 2000 input combinations [31], and the two-dimensional Gaussian
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function is shown below. To simplify the calculation, we set the p to 0, c; equals 0, to 1,
and yq equals yp equals y mentioned before.

_ 1 1 (x—p1)*

fGauss (X, ) = @ro/1-00) eXP[ 2(1—p2)( o2

20(x— — — U 2
_ 2p( g;l)éy #2) + (v U;zzz) )]

(4)

where x, y are the random variables, y1, yp are the mean values, 0, 07 are the standard
deviations, and p is the correlation coefficient between x and y.

The Ferguson model, by integrating the physical properties of the ionosphere with
empirical observational data, provides a more precise characterization of the reflection
and propagation behaviors of VLF signals in the ionosphere. In contrast to traditional
uniform ionospheric models, the Ferguson model more effectively accounts for the spatial
inhomogeneity and temporal variability inherent in the ionosphere. Furthermore, the
use of a Gaussian distribution to model the ionospheric state is aimed at enhancing the
network’s predictive performance under stochastic ionospheric conditions. The Gaussian
distribution also exhibits inherent correlations and regularities within the ionosphere,
thereby facilitating the training process and improving the convergence of deep learning
networks.

2.3. Input and Output Image Data Set for Deep Learning

The ionospheric parameters (4’ and B) are directly used as the input of the neural
network model and don’t need to be renormalized. In this study, three methods were used
to process the input data to be used in the deep learning network. These methods were
designed for different spatial and dimensional representations. The first method specifically
used data from a single propagation path, namely a 1 x 400 one-dimensional matrix. The
number 400 corresponds to the 200 pairs of &’ and  used for each segment. This matrix
was then reshaped into a 20 x 20 two-dimensional matrix to fulfill the input requirements
of neural network (see Figure 2). The second method utilized data from the 360 azimuth
angles, namely a 360 x 400 two-dimensional matrix. This approach preserved the full set
of propagation paths along different azimuth angles. The third method mapped the data
from the 360 paths to their corresponding geographic latitude and longitude coordinates,
namely the i’ and B at different latitudes and longitudes near the transmitter. This map
was subsequently converted into an image, which was directly used as an input for the
neural network.
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Figure 2. Three methods to convert the ionospheric parameters near the transmitter into the input of
neural network models. Input data in method 1 is the 1 x 400 matrix from one propagation path,
which is reshaped into 20 x 20. The one in method 2 is the 360 x 400 matrix from 360 propagation
paths. The input in method 3 is the figure mapping the data from 360 propagation paths to the
corresponding geographic latitude and longitude coordinates.

By employing these methods, the neural network model can analyze the data from
different perspectives, allowing it to extract relevant features from spatial, structural, and
visual dimensions. This multifaceted approach enhanced the network’s ability to learn
complex patterns and improved its performance across diverse input formats [32].

3. Method
3.1. Convolutional Neural Network

The CNN typically consists of convolutional layers, pooling layers, and a fully con-
nected layer [33]. The primary goal of the convolutional layer is to extract features from
the input image using kernels or filters, allowing the network to learn spatial hierarchies
of patterns. Pooling layers can resolve the overfitting issue by down-sampling the data,
effectively compressing the feature maps while retaining important information [34]. Fi-
nally, the fully connected layer connects the nodes from the previous layers to the output
dataset, enabling the network to provide prediction results based on the features learned
throughout the architecture [35]. This structure facilitates effective image processing and
prediction tasks in various applications. The brief structure of CNN is shown in Figure 3.

Input Convolution Pooling  Fully connected Output

Figure 3. The brief structure of a convolutional neural network. The convolution layer is utilized to
capture the feature of the data input. The pooling layer is employed to reduce the complexity of the
feature. And the fully connected layer serves as the role to connect the output data to the network.

In this work, three of the most commonly used deep learning models have been
tested, including VGG16, GoogLeNet, and ResNet. VGG16 is a deep CNN that made
significant advancements in image classification tasks by focusing on simplicity and depth,
as proposed by Simonyan and Zisserman [36]. It is different from other models in that



Remote Sens. 2025, 17, 871

7 of 15

small 3 x 3 filters are uniformly applied across all convolutional layers, allowing for deeper
feature extraction while maintaining a manageable number of parameters. The small
convolutional filters enable the network to capture fine-grained spatial hierarchies and
patterns. Additionally, VGG16 employs max-pooling layers to progressively reduce the
spatial dimensions of the feature maps, thereby enhancing feature invariance. Despite its
relatively large number of parameters, VGG16 is easy to implement and has been highly
effective in transfer learning due to its straightforward and modular design [37].

GoogLeNet won the championship at ISVRC-2014 [38] and has brought vital innova-
tions to deep convolutional neural networks by introducing the Inception module. The
primary feature of this module is its ability to simultaneously perform convolutions of
varying sizes (1 x 1,3 x 3 and 5 x 5) and pooling operations. This architecture reduces
computational complexity compared to traditional deep networks by using 1 x 1 con-
volutions to increase the nonlinearity of the network and reduce the dimensionality of
feature maps before performing more computationally expensive operations [39]. Although
GoogLeNet consists of 22 layers, it is much more efficient in training parameters compared
to previous models, thanks to its modular design and careful use of pooling layers. This
efficiency allows GoogLeNet to achieve state-of-the-art performance while being less prone
to overfitting, marking a major step forward in the design of deep neural networks [40].

ResNet was proposed by He et al. [41] to address the degradation problem in deep
neural networks. The key innovation in ResNet is the introduction of residual connections,
which bypass one or more layers by using shortcut connections to allow the model to learn
residual functions with respect to the input, making it easier to optimize deeper networks.
The network’s architecture is built on stacking multiple residual blocks, each consisting
of two or three convolutional layers, followed by batch normalization and a Rectified
Linear Unit (ReLU). The primary advantage of ResNet is its ability to train extremely deep
networks without the vanishing gradient problem [42].

In this work, we have utilized the TensorFlow library in Python to save the pre-trained
model structures, as well as the training weights of VGG16, GoogLeNet, and ResNet.

3.2. Transfer Learning

Training a deep CNN model requires a large dataset to improve the model accuracy.
As in this study, we needed to perform significant amount of LWPC simulations, which
are extremely computationally expensive. However, the above-mentioned models were
well trained using the ImageNet dataset, which contains more than 14 million images [43].
Transfer learning, which is designed for scenarios when large datasets of labeled images
are not available, is thus utilized in this study. The core concept of transfer learning is to
leverage a previously well-trained model and adapt it to fulfill new goals using a smaller
training dataset [44]. One of the key advantages of transfer learning is feature reuse, since
the lower layers of deep neural networks typically learn general features (e.g., edges,
textures) that are common in different tasks [45]. A major innovation in transfer learning
is the ability to only fine-tune the latter layers of a pre-trained model, while keeping the
earlier layers frozen. This approach significantly reduces training time and mitigates the
risk of overfitting when working with smaller datasets [46].

In this work, we utilized the pre-trained weights for the initial layers of VGG16,
GoogLeNet, and ResNet, which were imported from the TensorFlow library in Python.
The latter layers of the networks were modified based on the LWPC dataset. For example,
using Method 2, the input data—organized as a four-dimensional tensor—was directly
fed into the frozen convolutional and pooling layers. The last three layers of the network,
including the fully connected layer, the linear activation layer, and the output layer, were
replaced to provide the output format required for the LWPC dataset. Specifically, the
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neural elements in the fully connected layer were adjusted to output the data relevant
to the LWPC task, instead of the original 1000-class classification used in the pre-trained
models. The flowchart of the transfer learning model are shown in Figure 4.

| Convolution ||  Pooling | : | Fully Connected | | SoftMax L 1000 Classed
Layer Layer Layer Classifier
Original Model
Weights Transfer
Parameter Convolution Pooling Fully Connected Activation Amplitude
— p— et | >
Input Layer Layer Layer Layer Output

Modified Model

Frozen Layers

Figure 4. The flowchart of the transfer learning model. The weight of former layers, such as
convolution layers, which are used to capture the feature are frozen. The last several layers are
retrained to modify the pre-trained model.

3.3. Training Set

The training parameters of the present model are set as follows: the samples are
randomly shuffled and divided into the training and validation set with a ratio of 8:2,
which is commonly used in model training, since this ratio balances the training and
validation of the model. The input batch is set to 32, which is large enough to provide stable
gradient estimates during backpropagation, leading to more reliable and smoother model
updates [46]. Moreover, this value is well within the memory constraints of modern GPUs,
allowing for efficient parallel computation. Adam is chosen as the optimizer due to its
ability to combine the strengths of two widely used optimization algorithms: AdaGrad and
RMSProp. This optimizer can adaptively adjust the learning rate of each parameter while
maintaining per-parameter learning rates based on the first moment (mean) and second
moment (variance) of the gradient [47].

The learning rate (denoted as ‘Ir” hereafter) is set as a function of epochs (5), in order
to improve model performance by adjusting how quickly the model learns over time [48].
The rationale behind this approach is that during the early stages of training, a relatively
high learning rate helps the model explore the parameter space more broadly, allowing
for faster convergence. As the model converges in later epochs, a smaller learning rate
enables finer adjustments, preventing the model from overshooting minima in the loss
function [49]. The epoch set is 100, which allows for sufficient training of the network. We
use the Root Mean Squared Error (RMSE) as the training loss function since it assigns more
weight to larger errors and penalizes significant deviations more than smaller ones, forcing
the model to focus on reducing relatively large errors [50]. The training parameters set in
shown in Table 1.

. { 0.001 ,epoch < 10 )
0.001 x exp(—0.1 x epoch),epoch > 10

where Ir is the learning rate and epoch is the training epochs.

RMSE — ,/%f (Y - Y,)? 6)
i=1

where 1 is the number of the training result, Y} is the true value, and Y}, is the predicted
outputs of the network model.
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Table 1. Training Parameters Set.
Ratio Batch Size Optimizer Epoch Lr
8:2 32 Adam 100 f (epoch)

Loss Valve

10’

o
°

The software platforms used in this study were PyCharm Community Edition 2023.3.2
(JetBrains, CZE) and Python 3.9.19 with TensorFlow 2.10 for the machine learning algo-
rithms and the neural network models. MATLAB R2021a is used for plotting figures.

The hardware in this study was an Intel® Core i7-14700KF CPU @ 3.40GHz, 64 GB
memory, and a NVIDIA GeForce RTX 4070 Ti graphics card, 12 GB video memory.

4. Results and Discussion
4.1. Training Processing and Results

During the training process of deep learning, the loss typically decreases as the model
gradually minimizes the discrepancy between its predictions and the target values. The
initial loss may be high, and, as the training progresses, the optimization algorithm updates
the model’s parameters, improves the predictions, and the loss decreases. This decrease is
largely nonlinear, with a rapid decrease followed by plateaus or fluctuations, particularly
when the model encounters more complex patterns in the data. Monitoring the loss on
both the training and validation (denoted as ‘val loss’ hereafter) sets is crucial. This helps
identify the overfitting issue, namely the training loss continues to decrease while the
validation loss starts to increase [51]. The loss curves obtained with the three methods and
three networks are presented in Figure 5.

=——=VGG16 loss
==='VGG16 val loss
==GoogLeNet loss
=+=:GoogLeNet val loss
ResNet loss
ResNet val loss
107 101 . . . .
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
epochs

Figure 5. The training loss and validation loss of (a) input method 1; (b) input method 2; and (c) input
method 3.

Figure 5a shows the loss for method 1 and different neural networks. For all three
networks, the loss is above 1, indicating that the single path provides fewer features than
the other methods, which hampers efficient fitting of the neural network. In contrast, as
shown in Figure 5b, the loss and validation loss for method 2 exhibit a stable downward
trend and converge after 40 epochs. The loss value for ResNet is the lowest among the
three networks, while its validation loss approaches 1, indicating better performance on
the training dataset compared to the validation dataset. This discrepancy implies potential
overfitting, where the model captures specific patterns and noise in the training data,
but not for new data, as evidenced by the higher validation loss. The performance of
GoogLeNet is balanced between the training and validation dataset. Figure 5c shows the
loss curves for the third input method. These curves sharply decrease during the first
18 epochs and remain at low values thereafter. This is attributed to input method 3 being
more similar to the original training data of ImageNet, facilitating smoother adaptation
of the neural network to the new dataset. However, the loss value after convergence is
slightly higher than that of method 2.
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RMSE is commonly used as a loss function in regression tasks due to its effectiveness
in quantifying the difference between predicted and actual values [52]. RMSE has the same
units as the target variable, and the model’s performance can be better estimated [53]. In
addition, RMSE is a smooth and differentiable function and a standard choice for evaluating
model performance in regression tasks, such as gradient descent, allowing for effective
computation of gradients [54]. Thus, we assess the model performance using RMSE. The
average amplitude value is 63.86, and the RMSE values for the three methods are 0.354,
0.334, and 0.289.

The RMSE between different combinations of input methods and networks is summa-
rized in Table 2. The RMSE for method 1 is, in general, larger than the other two methods,
while the RMSE for the other two methods is satisfactory.

Figure 6 shows an example of the LWPC results used for estimating the model perfor-
mance. Figure 6a,b show the I’ and f values at different latitudes and longitudes. Figure 6¢
shows the LWPC results obtained using the /' and B values shown in Figure 6a,b. The
average signal amplitude value is 63.86, and the amplitude near the transmitter exhibits
typical ring structures, which are caused by model interference [55]. We use the results
in Figure 6¢ to verify the model performance. Of note, it takes approximately 1184 s to
calculate the results shown in Figure 6c¢.

Table 2. RMSE of the Three Methods with Three Modified Networks.

VGG16 GoogLeNet ResNet
Method 1 3.28 2.69 1.62
Method 2 0.354 0.334 0.289
Method 3 0.516 0.457 0.488
75 20N - 0.5 20N - 100
y (b’WQ /% . (cy /@% Y
’ §¥ | R\ N
,7o€ . fﬁ;' v foa _ =S ;2%
S 205|mee S S 0.35€ 20s 50 2
N N 110 2
65 X 0.3 i s
40's 40's 5 30 <
0.25 20
o J 5 10
120E  140E 160E O 60365 100E  120E  140E 160E 2 60;0"5 100E  120E 140E 160E °

Longitude (deg)

Figure 6. The (a) /' and (b) 8 values used for the calculation of signal amplitude near NWC. (c) The
spatial distribution of signal amplitude near NWC, used for model verification.

Though ResNet has the lowest RMSE value (see Table 2), the large difference obtained
between training loss and validation loss (see Figure 5b) implies the applicability of this
network is limited. In this regard, we consider GoogLeNet as the best choice. The time
used for the neural network to calculate the spatial distribution of transmitter signals (for
example, Figure 7a,c,e) is only 0.87 s, while the computation time used by LWPC is 1184 s
(Figure 6¢). Moreover, considering the structural advantages, the unique inception module
in GoogLeNet, which employs parallel convolutional layers with varying filter sizes and
pooling operations within the same layer, enables the network to capture both fine and
large-scale patterns efficiently, similar to the spatial distribution of transmitter signals. The
multi-level feature extraction capacity allows the network to capture features at different
scales and recognize complex patterns in VLF propagation images.
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Figure 7. Upper row: the VLF amplitude obtained using (a) input method 1; (c) input method 2; and
(e) input method 3. Bottom row: (b,d,f) the difference between the upper row and the results shown
in Figure 6¢.

Figure 7 shows the signal amplitude estimated using the three networks utilized in
this work. The first row of Figure 7 shows the signal amplitude, while the second row
shows the percentage difference between the results predicted using the three networks and
the LWPC results shown in Figure 6¢c. The percentage error for method 1 is between 0.2%
and 0.3% for most regions near the transmitter. In contrast, the percentage error obtained
using methods 2 and 3 is much lower. Input method 2 outperforms method 3, since the
percentage error is below 0.1% in most regions.

4.2. Verification Using Real VLF Measurements

To further verify the applicability of the neural networks, we have utilized the 4’ and
B values obtained using real VLF measurements and an ionospheric inversion method [56].
Specifically, we use the real measurements of VLF signals in Suizhou, Wuhan, and Leshan,
China, collected by VLF receivers independently developed by the Wuhan University [57],
as shown in Figure 8a. The VLF signals from the NWC, JJI, and VTX transmitters are
used to infer the 4’ and f values of the D-region ionosphere. The i’ and § values obtained
from this method are notably independent and different from the Ferguson or Gaussian
ionospheres used for the training and validation datasets. Therefore, these values are used
to examine the applicability /robustness of the present model.

The B and I’ values, as inferred from real VLF measurements, are presented in Fig-
ure 8b,c. We have further estimated the signal amplitude near NWC using the LWPC code,
and the results are shown in Figure 8c. The results obtained using input method 2 and
GoogLeNet are shown in Figure 8d. The difference between the LWPC results (Figure 8c)
and the results obtained using neural networks (Figure 8d) is shown in Figure 8e. It is
clear that the results obtained using the neural network are reasonably close to those of
LWPC. The average percentage difference is 0.0564%, while the last difference is 0.13%. The
good agreement obtained between LWPC and the neural networks demonstrates that the
proposed model is sufficient for estimating the spatial distribution of transmitter signals
while being significantly faster than LWPC.
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Figure 8. (a) The great circle paths between NWC, JJI, and VTX transmitters and the receivers in
Suizhou, Wuhan, and Leshan, China. (b) f (c) i’ derived from the VLF measurements in Suizhou,
Wuhan, and Leshan. The signal amplitude near NWC calculated using (d) LWPC and (e) the
GoogLeNet model (input method 2). (f) The difference between LWPC results and the results
obtained using the GoogLeNet model.

5. Conclusions

The VLF technique represents one of the most reliable methods for remote sensing
the D-region ionosphere. VLF propagation models are essential in this process, but their
high computational expense highly limits their scientific and engineering usages. Previous
studies employed deep learning networks to replace traditional VLF propagation models.
However, most studies mainly focused on mapping the properties of the D-region iono-
sphere and the amplitude of VLF waves along single paths, and how to estimate the spatial
distribution of transmitter signals has not been investigated. In this study, we have adopted
deep learning techniques to train a neural network model, which can replace the LWPC
model using a much shorter computation time, while calculating the spatial distribution of
transmitter signals.

To train a deep learning model typically requires a large number of samples. To
address this challenge, we have employed transfer learning by reusing the pre-trained
VGG16, GoogLeNet, and ResNet models. By fine-tuning the last three layers of these well-
trained models, one can largely reduce the training time while maintaining the accuracy.
These models have undergone extensive refinement in different research areas, and their
weight structures have been improved via training on vast datasets. Therefore, these
models are highly adaptive and can be easily tuned for the present study.

When the form of the input data aligns with the original data, the transfer learning
model converges relatively fast. Therefore, we employ three methods to convert the
ionospheric parameters to match the input format of the neural network. These methods
ensure compatibility with the neural network architecture and facilitate better feature
extraction.

By examining the training loss and directly comparing the prediction results with
LWPC results, we have found the best data input method and neural network model.
Among different data input methods and neural networks, input method 2 with GoogLeNet
exhibits the best performance with notably lower values for both loss and validation loss.
The average predicted amplitude is 63.86 dB, with an RMSE of 0.334. Furthermore, the
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percentage difference between the LWPC results and the neural network results is less
than 0.1%. The model proposed in this study is thus sufficiently accurate for estimating
the spatial distribution of transmitter signals. More importantly, the computation time is
significantly shortened using the present neural network model. To calculate the same
spatial distribution, it takes approximately 1184 s if one uses the LWPC model, compared
to 0.87 s if one uses the present neural network model. Thus, the computation speed fulfills
the engineering need to estimate the spatial distribution of transmitter signals in real time.

We emphasize that traditional neural network models can estimate the VLF signals
along single paths, but they are inefficient in estimating the spatial distribution of VLF
signals near transmitters. To address this limitation, we have directly used maps of spatial
distribution of transmitter signals as the training dataset and developed a neural network
model. A key advantage of this model is its ability to significantly reduce the computation
time while maintaining accuracy, even under complex ionospheric conditions Therefore,
this model is better suited for atmospheric and space physics research, as well as various
engineering needs.
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