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A two-way parabolic equation (2W-PE) method based on complex-valued neural networks (CVNNs) and a physics-in-
formed neural network (PINN) is proposed to predict the spatial feld in the environment of dielectric obstacles with high
efciency and accuracy. In the framework of the 2W-PE method, CVNNs are used to calculate the lumped transmission feld
and the lumped refection feld considering the infuence of the obstacle, thus avoiding the long calculation time caused by
the internal multilayered refection processes. Te incident directions and feld strength of the waves on the regional
boundaries vary greatly with the propagation environment, so coefcients of the boundary conditions are obtained by using
the PINN. Next, the training results are applied to the examples using the continuation method and compared with the
numerical results of the method of moments (MoM). Te proposed 2W-PE method has high computational accuracy and
efciency, which refects the applicability of machine learning in solving the computational efciency problem of radio wave
propagation. Terefore, this study provides a very efective and reliable method for solving the spatial feld in the
obstacle environment.

1. Introduction

In recent years, with the rapid development of informa-
tion technology, the demand for the detection of com-
munication signals and the reliability of their
transmission in both civilian and military areas is in-
creasing. Terefore, it is becoming more and more im-
portant to accurately predict the propagation
performance of radio waves. Scholars have provided many
methods for establishing efective and reliable radio wave
propagation models, mainly including the Fresnel integral
method [1], GO +UTD method [2], fnite diference (FD)
method [3], and method of moments (MoM) [4], but these
methods are unsuitable for calculating the spatial feld in
real-world, large-scale, complex environments because of
the large amount of calculations. Te parabolic equation
(PE) method, which is obtained by approximate simpli-
fcation of the wave equation, has become the most ef-
fective model for estimating the propagation

characteristics of tropospheric waves due to its high
computational efciency and accuracy, and it has become
the subject of extensive research [5, 6].

Ozgun frst proposed the traditional two-way parabolic
equation (2W-PE) [7–9], which combines the stepped ter-
rain model and impedance boundary conditions to calculate
the radio wave propagation problem on complex irregular
terrain. Since then, the traditional 2W-PE [10, 11] and its
solution method [12–14] have been continuously developed,
but traditional 2W-PE ignores the calculation of the spatial
feld inside the obstacle, which will cause a large error in the
case of a low-lossy obstacle. In response to the above-
mentioned problems, in our previous research [15–17], we
proposed a 2W-PE that considers multiple refections inside
the obstacle based on the principle of domain decomposi-
tion. Ten, we used the split-step Fourier transform (SSFT)
and FD methods to solve the 2W-PE with boundary con-
ditions to determine the feld values of the areas above and
inside the obstacle, respectively. Tis approach obtained
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more accurate simulation results than the traditional 2W-
PE.

However, in the process of solving the feld inside the
obstacle, we found that due to the multiple refections
inside the obstacle, it takes a long time to solve the 2W-PE
step by step using the FD method. Additionally, the
calculation burden inside the obstacle is greater for more
complex terrain. Because of the diference of incident
waves at the boundaries of obstacles at diferent heights
and distances, the determination of the coefcients of the
impedance boundary conditions is a difcult problem,
and the boundary conditions will also greatly afect the
spatial feld accuracy around the obstacle. Terefore, new
methods are needed to solve the abovementioned
problems.

In recent years, machine learning has been widely used
in face recognition, image processing, and other felds,
including the feld of radio wave propagation computing.
For example, artifcial neural networks based on the back-
propagation algorithm have been successfully applied to
calculate radio wave propagation loss in rural [18], sub-
urban [19], urban [20], and campus environments [21]
owing to their advantages in accuracy, complexity, and
prediction time. Currently, though, these neural networks
have limited generalization ability to complex environ-
ments with diferent topographies. Since the 2W-PE has
provided a calculation framework with stable perfor-
mance and strong generalization ability, we consider
using neural networks to calculate the infuence of the
internal feld of obstacles on the surrounding spatial feld
and determine boundary condition coefcients, which can
improve the calculation speed and accuracy of the entire
spatial feld.

Terefore, in this study, we propose an efcient and
accurate 2W-PE method based on complex-valued neural
networks (CVNNs) and a physics-informed neural network
(PINN), which is used to quickly and accurately solve the
spatial feld value. Te rest of this article is organized as
follows: in Section 2, the theoretical framework of the 2W-
PE method is described and the computational ideas are
analyzed. In Section 3, the structure and continuation
method of the neural network are introduced. In Section 4,
the training process and experimental results are discussed,
and in Section 5, the conclusions of this study are presented.

2. Framework of the Problem

Te use of the 2W-PE method to predict the spatial feld in a
scene with an obstacle is shown in Figure 1. Te time
specifcation exp (jωt) is adopted in this study, where ω is the
angular frequency. Field Ψ satisfes the two-dimensional
(2D) wave equation.
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where k is the wave number in free space, meaning it is also
the refractive index in the medium. In the case of diferent
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We suppose that the electromagnetic waves propagate
axially and the positive axis direction is +x. After factoring
and demodulating the wave equation, we obtain 2W-PE
corresponding to forward propagation and backward
propagation as follows:
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In the calculation, we choose the 2D current density
distribution [16] J(0, z) to represent the initial feld in
vertical polarization and the 2D magnetic current density
distribution M(0, z) to represent the initial feld in hori-
zontal polarization. To solve the 2W-PE in the area with the
rectangular obstacle to obtain the spatial feld, we introduce
the domain decomposition method in [15] to discuss the
feld and the propagation process inside the obstacle.

2.1. Te Algorithm Framework Based on the Domain De-
compositionMethod. In the case of a homogeneous medium
ground with a rectangular obstacle as shown in Figure 2, the
domain decomposition method specifcally refers to
decomposing the obstacle area for calculating the propa-
gation of radio waves into the areas above and inside the
obstacle, which are, respectively, denoted as Ω1 andΩ2. Te
fat terrain area in front of and behind the obstacle object can
be recorded and is denoted as Ω3. After decomposing the
computational area, we solve the 2W-PE separately in these
subdomains in combination with the boundary conditions.

It can be seen from [15] that, for the semi-infnite areas
Ω1 and Ω3, after domain decomposition, the upper
boundary is replaced by the absorption boundary in the
calculation, and the lower boundary is the medium ground,
which can be replaced by the impedance boundary.
Terefore, when solving the 2W-PE in Ω1 and Ω3 step by
step, Q in equation (3) is expanded according to the Feit–
Fleck model, and with the given impedance boundary
conditions, discrete mixed Fourier transform (DMFT) [15]
is used to solve the feld value in the region. Te lower
boundary of Ω2 is a homogeneous medium ground, and its
upper boundary is connected to the lower boundary of Ω1,
so its upper and lower boundaries are calculated using
impedance boundaries. As the areaΩ2 is a fnite area, the FD
method is used to calculate the feld value inside the obstacle
[15]. However, the calculation of the feld inside the obstacle
increases the computational burden and prolongs the
computational time, so we consider using neural networks to
optimize the algorithm.
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2.2. Te Algorithm Framework Based on Machine Learning.
According to the calculation idea of using the FD method to
solve the 2W-PE inside the obstacle [15], there should be
multiple refection and transmission processes between the
front and rear edges of the rectangular obstacle, as shown in
Figure 3, and the calculation process is performed until the
error between propagation processes converges, which
usually takes a long time. Te reason we analyze the
propagation process inside the obstacle is mainly to consider
the infuence of the internal feld value of the obstacle on the
feld value of the space surrounding the obstacle. To speed up
the calculation, we do not consider the internal feld value of
the obstacle in practical application but completely separate
the calculation in the outer area of the obstacle and that in
the inner area and replace the external infuence of the feld
values of the internal area by setting the appropriate
boundary conditions.

As shown in Figure 3, according to the derivation of
equation (3.30) in [15], we can obtain the relationship
between the feld Ψn and the feld at Ψn+1 after one-step
forward propagation. Propagation at each step is a
nonlinear calculation process. Tus, assuming that the
initial feld at the starting position of the obstacle is Ψ0,
the total backward propagation feld penetrating from the
end position of the obstacle after multiple propagations is
Ψ3, and the total forward propagation feld penetrating
from the starting position of the obstacle is Ψ1, then we
obtain

Ψ1 � ϑ w1 αn(  · Ψ0 + b1 ,

Ψ3 � I w2 αn(  · Ψ0 + b2 ,
 (4)

wherew1(αn) and w2(αn) are weight matrices with
boundary condition coefcients αn as variables, b1 and b2
are the corresponding bias matrices, and I(·) and ϑ(·) are
the nonlinear transformations existing in multiple
transmission refections. In this way, we can replace the
complex nonlinear process of multiple propagations and
superpositions with neural networks. Te input of each
equation in (4) is the initial feld Ψ0, and the outputs are
the felds Ψ1 and Ψ3, which are transmitted along the front
and rear edges, respectively, after multiple forward and
reverse propagation processes. After training, the mul-
tilayered calculation process of the spatial feld value in
the case of a single obstacle can be simplifed to the
lumped refection of the front edge of the obstacle and the
lumped transmission of the rear edge, as shown in
Figure 3.

3. Calculation Process with Neural Networks

Te objective of this study is to develop reasonable neural
networks to greatly speed up the calculation process and
improve the accuracy of 2W-PE. In addition, the neural
networks are designed to have good continuation ability,
meaning the results can be extended to rectangular ob-
stacles of any width and even undulating terrain.

3.1. Te Choice of Training Basis. First, since the size of the
obstacles is uncertain, to make the training results ap-
plicable to an arbitrary situation of terrain with a rect-
angular obstacle, we choose the training basis shown in
Figure 4(a), which is taken from the wide rectangle in
Figure 4(b), and the training results of which can be
extended to any width obstacle by the continuation
method proposed next. Te width of each basis is two
steps of the +x direction in the calculation of 2W-PE. For
the training basis in Figure 4(a), we set the initial feld Ψ0
of each training basis as the input of the corresponding
neural network, and the outputs are the lumped refection
feldΨ1 at the start of an obstacle, the intermediate feldΨ2
at the midpoint, the lumped transmission feld Ψ3 at the
end, and the coefcients of the boundary conditions
α1 and α2, as shown in Figure 4(a).

3.2. Te Continuation Method. Te previous section dis-
cussed the training situation of a single training basis,
which is summarized in Figure 4(a). Te analysis process
of extending this result to obstacles of arbitrary width is
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Figure 3: Te multilayered propagation process inside an obstacle.
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Figure 1: Schematic diagram of radio wave propagation in the
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summarized in Figure 4(b). Tree feld components
Ψ1,Ψ2, andΨ3 at diferent positions of the training basis
are obtained according to the network training. As shown
in Figure 4(a), considering the multiple refections in the
obstacle, we introduce several variables to help us solve
for the lumped feld values: the step transfer function S,
the refection coefcient of the front edge R, and the
proportion B of the backward wave in Ψ2. As shown in
Figure 3, Ψ1 includes the refection feld Ψ0 · R and several
transmission felds at the front edge during multiple
propagations. Tus, Ψ1 can be expressed as

Ψ1 � Ψ0 · R + Ψ2 · B · S · (1 − R), (5)

where (1 − R) represents the transmission coefcient when
waves propagate from the obstacle to the free space.

Similarly, Ψ3 includes several transmission felds at the
back edge and can be expressed as

Ψ3 � Ψ2 · (1 − B) · S · (1 − R). (6)

According to the multilayered refections, the forward
and backward waves in Ψ2 can be expressed as
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where (1 + R) represents the transmission coefcient when
waves propagate from the free space to the obstacle.

Dividing the two equations in (7), we can obtain

1 − B

B
� −

1
S
2
R

. (8)

Substituting (8) into (5) and (6) and simplifying, we
obtain
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Ten, we convert (9) into equation form as
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(10)

Tus, we can solve (10), choose a suitable root from the
solution to obtain the value of B, and then solve the other
parameters R and S.

After obtaining the key parameters in this way, we can
carry out the continuation into rectangular obstacles of any
width. As shown in Figure 3, assuming that the width of the
rectangular obstacle is N grids, similar to the above-
mentioned process, we extract the intermediate feld value of
the frst training base Ψ2, distinguish the forward and
backward waves by the ratio B, use the transfer function S to
recursively extend to the back edge, and then reversely
extend to the front edge. Finally, the lumped refection feld
Ψ1 and the lumped transmission feldΨ3 can be expressed as

Ψ2(1 − B) · S
N− 1

· (1 − R) � Ψ3,

Ψ2(1 − B) · S
2N− 1

· (− R) · (1 − R) + Ψ0 · R � Ψ1.

⎧⎨

⎩ (11)

Terefore, as long as we accurately obtain the corre-
sponding Ψ1,Ψ2, and Ψ3 for the incident feld Ψ0 given by
the training basis, we can obtain the important parameters in
the extension process according to (10) and then obtain the
total incident feld and the total refection feld after the
extension. Meanwhile, we can retain the boundary condi-
tions corresponding to each training base in Figure 4(b) and
calculate the spatial feld.

Now, what we need to do is to set up reasonable neural
networks to obtain the parameters in Figure 4(a) for any
given incident feld Ψ0.

3.3.Te Design of the Network Structure and the Choice of the
Cost Function. Te above mentioned analysis shows that the
input of each neural network is the incident feld, and the
outputs of the networks are the felds at the three distance
points and the boundary condition coefcients. Terefore,
we consider using parallel neural networks with similar
structures for calculation. Since the purpose of the frst three

Ψ1
Ψ2 Ψ3

α1

α2

(a)

Ψ0

(b)

Figure 4: Schematic diagram of training basis and the continuation method.
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networks is to ft the output feld and the input and output
arrays are of the same size, we apply the fully connected
CVNN with one hidden layer. Since the output of the fourth
network is the boundary condition coefcients and there are
no corresponding label values to verify the accuracy of the
boundary condition coefcients, we consider adding the
physical equation as a constraint to the neural network, so
our network becomes a PINN. Based on the neural net-
works, physical constraints are added to the loss function by
adding operators such as partial derivatives representing
physical information. Te overall structure of our designed
networks is shown in Figure 5.

We compare the output felds of the neural networks
with the label data obtained by MoM, and we use the mean
square error as a cost value. For the frst three neural net-
works, the outputs areΨ1,Ψ2, andΨ3, the cost function is the
mean square error between them, and their corresponding
label data are Ψ∗1 ,Ψ∗2 , andΨ∗2 .

MSE ψ{ } �
1
N



N

m�1
Ψm − Ψ∗m

����
����
2
. (12)

By feeding this cost value back to the network for
training, we fnd that the feld results obtained by training at
the three distance points are close to the numerical results
obtained by MoM through iterations.

For the fourth neural network PINN, whose output is the
boundary condition coefcients α1 and α2, we use non-end-
to-end training. Te outputs are imported into the wave
equation, and the diference between the label values and
iteration results of the wave equation represented by FD is
taken as the cost value, which is returned to the network for
training. Te specifc PINN structure is shown in Figure 6.

We derive the setting of the cost function as follows: in
Figure 7, redmarks the felds on the boundaries, greenmarks
the felds at the midpoints of the obstacles, and blue marks
the felds at the edges of the obstacle. Te meshing is shown
in the enlarged circle in Figure 7. We denote the vertical grid
points as zj � j∆z(j � 0, 1, . . . , N), the horizontal grid
points as xm � m∆x(m � 0, 1, . . . , M), and the feld
Ψ(xm, zj) at the position (xm, zj) as
xm � m∆x(m � 0, 1, . . . , M).

Terefore, by substituting the diference expressions of
the second-order partial diferential, that is,
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into (1), we can obtain the wave equation expression at
1∼N− 1 grid points inside the obstacle except at the upper
and lower boundaries as follows:
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Te upper and lower impedance boundary conditions
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where α1 and α2 are the impedance boundary condition
coefcients, which are the parameters of the output of the
neural network. Tus, these boundary conditions are treated
by FD and substituted into the wave equation, and then we
obtain
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In this way, a complete wave equation in diference
format is developed, and the feld value at the intermediate
position is obtained by the iterative solution as shown in
Algorithm 1. Ten, the cost value calculated by using the
physical equation is returned to the PINN for the training of
weights and biases, so the result is close to the original
physical equation law under the constraint of physical
information.

3.4. Te Complex-Valued Back-Propagation Algorithm.
Te artifcial neural networks consist of a large number of
connected artifcial neurons, where each connection is assigned
a weight, and then the weighted sum is passed on to an acti-
vation function. In the solution process, the input and output
are both feld values, and the spatial feld values containing
phase information are complex numbers, so the weights, biases,
and neuron parameters of our network should be complex
numbers, and the entire process is calculated through a com-
plex-valued back-propagation algorithm.

3.4.1. Forward-Propagation Process. In the fully connected
network layer, the output of each layer can be written as
follows:

a
(l+1)
j � σ z

l+1
j ,

z
l+1
k � 

j

w
l+1
kj a

l
j + b

l+1
k � 

j

w
l+1
kj σ z

l
j  + b

l+1
k ,

(17)

where k represents the order number of neurons in the layer,
a

(l+1)
j is the output of the jth neuron in the (l+1)th layer, and

w
(l+1)
jk is the weight of the kth neuron in the lth layer to the jth

neuron in the (l+1)th layer. Furthermore, the superscripts
represent the order numbers of the network layer, the subscripts
represent neuron positions, and σ(·) represents the nonlinear
activation function, where the tanh function is adopted and is
defned as
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σ(z) �
exp(z) − exp (− z)

exp(z) + exp (− z)
≜ σ zR(  + iσ zI( , (18)

the derivative of which is
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3.4.2. Back-Propagation Process. We want to fnd the
minimum value of the loss function through training and
iteratively adjusting the weights and biases. First, the input
change of the jth neuron in the lth layer is defned as the
change of the cost function and denoted as the error function
δl
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Te result of the derivation of the weight by the cost
function C is a complex number. Te real part of the
complex number is the result of the derivation of the real
part of the weight by the function C, and the imaginary part
of the complex number is the result of the derivation of the
imaginary part of the weight. Te process of postadjusting
weights and biases in the (t+1)th iteration of training is
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where

Input: ∆x,∆z: accuracy of meshing in the x-direction/z-direction
Ψ1: total feld at the start of obstacle calculated by MoM
Ψ(2/∆x)+1: total feld at the end of obstacle calculated by MoM
threshold: threshold of iterative convergence

N: maximum number of iterations
α1, α2: coefcients of upper/lower impedance boundary condition

Output: Cost: the cost value for back propagation
Initialize: Ψ(2:2/∆x) � 0; //initial felds to be solved

n � 1; //initial number of iterations
error � 1000; //initial error of iterations
Ψ∗(1/∆x)+1 � Ψ(1/∆x)+1 //intermediate variable

While error> threshold or n<N do
forj � 2: length(Ψ1) − 1do

form � 2: (2/∆x)do
Ψm

0 � (Ψm+1
0 /∆x2 + 2Ψm

1 /∆z2 + Ψm− 1
0 /∆x2)/(2 − 2α1∆z/∆z2 − k2n2)

Ψm
0 � (Ψm+1

0 /∆x2 + 2Ψm
1 /∆z2 + Ψm− 1

0 /∆x2)/(2 − 2α2∆z/∆z2 − k2n2)

Ψm
j � (Ψm+1

j /∆x2 + (Ψm
j+1 + Ψm

j− 1)/∆z2 + Ψm− 1
j /∆x2)/(2/∆z2 + 2/∆x2 − k2n2)

error � MSE(Ψ∗(1/∆x)+1 − Ψ(1/∆x)+1)

Ψ∗(1/∆x)+1 � Ψ(1/∆x)+1
end

end
end
Cost � |Ψm

0 − (Ψm+1
0 /∆x2 + 2Ψm

1 /∆z2 + Ψm− 1
0 /∆x2)/(2 − 2α1∆z/∆z2 − k2n2)|

+|Ψm
0 − (Ψm+1

0 /∆x2 + 2Ψm
1 /∆z2 + Ψm− 1

0 /∆x2)/(2 − 2α2∆z/∆z2 − k2n2)|

+
N− 1
j�1 |Ψm

j � (Ψm+1
j /∆x2 + (Ψm

j+1 + Ψm
j− 1)/∆z2 + Ψm− 1

j /∆x2)/(2/∆z2 + 2/∆x2 − k2n2)|

return Cost

ALGORITHM 1: Te calculation method of the cost function value of the PINN.
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l
jk � − η∇wC �

zC

z w
l
jk 
∗ �

zC

zw
l
jk,R

+ j
zC

zw
l
jk,I

�
zC

zz
l∗
j

zz
l∗
j

zw
l∗
jk

� − ηδl
j a

l− 1
k 
∗
,

∆b
l
j � − η∇bl

j
C � − η

zC

zb
l∗
j

� − ηδl
j,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

(22)

where η denotes the learning rate and (al− 1
k )∗ denotes the

complex conjugate of al− 1
k . Te abovementioned formula

shows that the increment of the updated weight is the inverse
of the product of the learning rate η, the error function δl

j,
and the conjugate of the output value of the neuron in the
previous layer (al− 1

k )∗.

Te iterative calculation formulas of δl from the back to
the front are given, the initial value in the reverse calculation
process is the output, and δL

k is the error of the output layer.
Te superscript L refers to the Lth layer, and the subscript k
refers to the kth neuron. Tus, δL

k can be expressed as

δL
k �

zC

zz
L∗
k

�
z 

K
k�1 a

L
k − Tk

����
����
2

 

zz
L∗
k

�
z a

L
k − Tk  a

L
k − Tk 

∗
 

za
L∗
k

·
za

L∗
k

zz
L∗
k

+
z a

L
k − Tk  a

L
k − Tk 

∗
 

za
L
k

·
za

L
k

zz
L∗
k

� a
L
k,R − Tk,R  · 1 − σ2 z

L
k,R   + i · a

L
k,I − Tk,I  · 1 − σ2 z

L
k,I  .

(23)

Similarly, we can derive

δL∗
k �

zC

zz
L
k

� Re a
L
k − Tk  · 1 − σ2 z

L
k,R   − i · Im a

L
k − Tk  · 1 − σ2 z

L
k,I  . (24)

Ten, the complex error of the (L− 1)th layer is

δL− 1
j �

zC

z z
L− 1
j 
∗ �

zC

za
L− 1∗
j

·
za

L− 1∗
j

zz
L− 1∗
j

+
zC

za
L− 1
j

·
za

L− 1
j

zz
L− 1∗
j

. (25)

Tus, we can obtain

zC

za
L− 1∗
j

� 
k

zC

zz
L∗
k

·
zz

L∗
k

za
L− 1∗
j

+
zC

zz
L
k

·
zz

L
k

za
L− 1∗
j

⎛⎝ ⎞⎠ � 
k

δL
k · w

L∗
jk ,

zC
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� 
k

zC
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L
k

·
zz

L
k

za
L− 1
j

+
zC

zz
L∗
k

·
zz

L∗
k

za
L− 1
j

⎛⎝ ⎞⎠ � 
k

δL∗
k · w

L
jk .

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

(26)

Terefore,

δL− 1
j �

zC

z z
L− 1
j 
∗ � 

k

δL
k · w

L∗
jk  ·

za
L− 1∗
j

zz
L− 1∗
j

+ 
k

δL∗
k · w

L
jk  ·

za
L− 1
j

zz
L− 1∗
j

,

� 1 − σ2 z
L− 1
j,R   · Re 

k

δL
k · w

L∗
jk ⎛⎝ ⎞⎠ + i · 1 − σ2 z

L− 1
j,I   · Im 

k

δL
k · w

L∗
jk ⎛⎝ ⎞⎠.

(27)
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From (23) and (27), we can obtain the recursive rela-
tionship of the error of the front and rear layers, and then we
can derive the error expression of any layer. By substituting
these errors to update the weights and biases, we can
complete the derivation process of the back-propagation
algorithm in a CVNN.

4. Results and Discussion

According to our designed neural network, we give details
on the training process and verify the training results.

4.1.Te Training Process. As shown in Figure 5, the CVNNs
created in MATLAB adopt a two-layer feed-forward neural
network architecture, consisting of an input layer, a hidden
layer with a tanh activation function, and an output layer. To
balance the convergence rate and the computational com-
plexity, we choose the number of hidden neurons to be 10.
We train the network following the back-propagation fow,
and we evaluate the prediction performance by the cost
function given in Section 3.3, with a maximum number of
iterations of 1000.

We use MoM to generate a data set of Ψ1,Ψ2, andΨ3
containing 3000 data points with diferent positions of the
obstacle (600–900m) and diferent heights of the trans-
mitting antenna (20–120m). Assuming that the upper half of
the space is free space, the other parameters remain un-
changed, namely, the ground is a homogeneous medium, the
conductivity of which is 0.00001 S/m, the magnetic per-
meability is 4π × 10− 7 H/m, and the relative permittivity is 6.
Te obstacle as training basis is 40m high and 2mwide, with
a magnetic permeability of 4π × 10− 7 H/m, a relative per-
mittivity of 4, and an electrical conductivity of 0.0001 S/m.

Considering the training time and complexity, we split
the 3000 data samples generated by MoM into two sub-
datasets, with 75% of the samples being used for training
and 25% for validation. Te training is conducted
according to the complex-valued back-propagation al-
gorithm in Section 3.4, and the network structure is
trained and optimized using the stochastic gradient de-
scent algorithm. Te training process stops when the cost
value is observed to no longer drop within 5 epochs or the
total number of training iterations reaches 1000. Te cost
value changes on the training set and validation set of
networks for Ψ1,Ψ2, andΨ3 during the training process
are presented in Figure 8.

Te total training duration of the network corresponding
toΨ1,Ψ2, and Ψ3 is 74.3 s, 77.2 s, and 73.6 s, and the training
duration of the PINN corresponding to the boundary
condition coefcient is 243 s. With an existing data set, the
training of obstacles with a single height can be conducted
very quickly and with high training efciency.

Te relative mean square errors of the training set and
the validation set at the end of training are shown in Table 1.

4.2. Te Simulation Results. We apply the trained neural
networks to diferent examples to test the accuracy of our

proposed model and its generalization ability. Two examples
are discussed as follows.

Example 1. Te environment of a single rectangular obstacle
and the medium parameters of the obstacle are shown in
Figure 9. We assume that the upper half space is the free
space, the ground is a homogeneous medium, the electrical
conductivity is 0.00001 S/m, the magnetic permeability is
4π × 10− 7 H/m, and the relative permittivity is 6. Further-
more, the magnetic permeability of the medium obstacle is
4π × 10− 7 H/m, the relative permittivity is 4, the conduc-
tivity is 0.0001 S/m, and the width is 22m. Additionally, the
operating frequency of the emission source is 30MHz, and
the equivalent radiation power of the radiation source is Z− 1

0
W when Z0 is the free space wave impedance. Terefore, we
change the values of the characteristic parameters and
compare them with the results of MoM and the 2W-PE in
[15]. Te distance from the antenna to the obstacle is 700m,
the antenna height is 25m, and the transmission frequency is
30MHz. In this single rectangular obstacle environment,
according to (27), the trained network performs 21 con-
tinuation calculations in the forward direction from the
second grid of the obstacle and 22 times in the reverse
direction after one refection. Finally, the lumped refection
and transmission felds of obstacles and boundary condition
coefcients are obtained. Te simulation results of the three
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Figure 8: Change of cost in the training and validation process.

Table 1: Training results.

Outputs MSE in the training set MSE in the validation set
Ψ1 1.4030e− 6 4.4306e− 6

Ψ2 2.9402e− 6 6.5087e− 5

Ψ3 2.0135e− 6 3.1585e− 5

α1, α2 2.5353e− 4 2.6225e− 4
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methods at the observation height of 25m are shown in
Figure 10.

From Figure 10, it can be seen that an electromagnetic
wave interferes in front of the obstacle, and the amplitude of
the feld value oscillation is large. As the feld value obtained
through the obstacle transmission and difraction is small
behind the obstacle and there is no obstacle refection, the
amplitude of the feld value changes very little. Our new 2W-
PE method and the original 2W-PE are in good agreement
before and after the obstacle, and there is only a small error
in the area close to the obstacle. Te enlarged image shows
that the MoM and the new 2W-PE are in good agreement in
both phase and amplitude. In terms of computing time,
MoM takes 670s, the original 2W-PE takes 10.9s, and the
new 2W-PE takes only 3.2s, which greatly improves the
computing efciency.

Example 2. We test the generalization ability of the training
results in the double-rectangular obstacle environment
shown in Figure 11. Te two obstacles are both 22 m wide
and 40m high, located at 700 m and 900 m, respectively, and
other parameters are the same as in Example 1. Te com-
puting process in this environment is performed under the
original 2W-PE framework [15]. When an electromagnetic
wave propagates in space, the multilayered refection process
of the electromagnetic wave between the front and back
edges of obstacles and between obstacles is considered. Te
neural networks are only used in the calculation within the
single obstacle, and the feld generated by multiple refec-
tions between two obstacles is obtained by solving the 2W-
PE.

Te simulation results obtained from the observation
height of 39 m are shown in Figure 12. Te results in
Figure 12 show that the new 2W-PE and the original 2W-PE
are only in good agreement before the obstacles, and there
are relatively large errors between the obstacles and after the
obstacles. According to [17], this is caused by the inaccurate
boundary conditions during the calculation of the internal
feld value of the obstacle. However, from Figure 12, we can
see that our new 2W-PE and MoM always match better
whether the observation point is close to the source or
between two obstacles.

Figure 13 presents the results of the spatial feld
distribution obtained by the three methods. Te original
2W-PE has a large error in predicting the feld above the

obstacles due to inaccurate boundary conditions, but the
results of new 2W-PE and MoM are very close in the
whole space, indicating our method can generalize to
environments with more rectangular obstacles. Te time
required to calculate the entire spatial feld is 4657.5 s for
MoM, 478.2 s for original 2W-PE takes, and only 6.8 s for
new 2W-PE.
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μ =4л.10-7 H/m

Figure 9: Schematic diagram of the propagation environment.
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5. Conclusions

In this study, we propose a new 2W-PE method, which
applies CVNNs and a PINN to obtain the transmission feld
and boundary conditions of the obstacle after multiple
propagations inside the obstacle so that the spatial feld
distribution can be efciently and accurately obtained
without calculating the propagation paths inside the ob-
stacle. Trough simulations, we prove that the proposed
method has several times higher computational efciency
and accuracy to predict the spatial feld value than the
original 2W-PE method. Moreover, we extend the training
results in the case of a single rectangular obstacle to the case
of two rectangular obstacles, and the method has higher
accuracy and faster calculation speed in the more complex
double rectangular obstacle terrain. Finally, we optimize the
structure of our neural network and demonstrate the po-
tential to extend the training results to arbitrarily complex
undulating terrain. Tus, we have provided a new and re-
liable method for spatial feld prediction.

Data Availability

Te data used to support the fndings of this study are
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