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Abstract — In the context of long-distance detection
and obstacle occlusion, the limited observation angle
of electromagnetic imaging poses significant challenges
for accurate reconstruction. To address this issue, we
propose a hybrid electromagnetic reconstruction algo-
rithm based on a generative adversarial network (GAN).
This algorithm utilizes the diffraction tomography (DT)
method to generate an initial image, which serves as
input for the GAN. Through adversarial training between
the generator and the discriminator, the algorithm pro-
duces a reconstructed image with enhanced accuracy.
Firstly, unlike complete learning-based reconstruction
methods that rely solely on scattering field data, our
approach effectively integrates both scattering charac-
teristics and a priori information from the DT image
model, thus improving the accuracy and generaliz-
ability of the neural network. Secondly, compared to
other linear approximation algorithms, the DT algorithm
incorporates fast Fourier transform (FFT) to enhance
computational efficiency. Thirdly, this study employs a
Fourier spatial data extrapolation technique to mitigate
the limitations of insufficient data and improve imaging
fidelity. Numerical simulations demonstrate that even at
a narrow observation angle of 90°, the proposed algo-
rithm exhibits excellent reconstruction performance and
notable generalization ability.

Index Terms — diffraction tomography (DT), generative
adversarial network (GAN), inverse scattering, limited
angle.
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L. INTRODUCTION

In recent years, with the rapid development of arti-
ficial intelligence, deep learning technology has made
great progress in the electromagnetic field [1, 2], which is
expected to bring new ideas for solving inverse scattering
problems. Using deep learning to solve electromagnetic
inverse problems, the direct approach is to take the mea-
sured scattering data as input of the neural network and
output the detected target image, which is called com-
plete learning or direct learning reconstruction [3]. In the
complete learning reconstruction, neural networks basi-
cally operate as a black box, with the user’s workload
being minimal while the neural network undertakes a
heavy task. Due to the unnecessary computational cost
spent on learning known physical models or laws, only
very simple scatterers can usually be reconstructed.

Recent advancements indicate that the integration of
physics-based and data-driven methodologies can sub-
stantially improve the analysis and prediction of com-
plex systems. A prominent strategy involves address-
ing the inverse scattering problem by incorporating deep
learning as a complementary computational tool within
the framework of traditional physics-based methods.
For instance, Guo et al. [4] employed the supervised
descent method to solve a two-dimensional microwave
imaging challenge. They utilized a neural network to
learn the average descent direction between the initial
and target models, thereby accelerating model updates
and avoiding computationally intensive partial deriva-
tive calculations. This approach not only streamlines the
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process but also substantially reduces overall computa-
tional costs compared to conventional non-learning algo-
rithms. Another effective strategy is to leverage deep
learning techniques to generate an initial estimate for
the traditional electromagnetic inverse scattering model.
Chen et al. [5] trained a convolutional neural network
(CNN) to learn a complex mapping function from mag-
netic resonance T1 images to dielectric property images.
The dielectric image generated by this CNN serves as
the initial estimate for microwave imaging, which is then
refined through a physics-based image processing step.
Similarly, Sanghvi et al. [6] used the signal subspace
component of the total contrast source as input to train
a CNN, obtaining an initial estimate of the total contrast
source. This estimate is subsequently refined using tradi-
tional iterative optimization techniques.

Additionally, another strategy takes data-driven
methods as the main imaging approach, in which the
input data, labels, loss functions, and neural network
structures are designed based on physical laws [7]. Some
scholars propose a two-step inversion strategy that com-
bines traditional electromagnetic imaging algorithms
with neural networks [8, 9]. From a computational effi-
ciency perspective, linear approximation inversion algo-
rithms are commonly employed, where the preliminary
imaging results serve as inputs for the neural network
instead of scattering data [10, 11]. This approach signif-
icantly reduces the learning complexity of the network
[12, 13].

While deep learning holds significant potential for
electromagnetic inverse scattering, its practical appli-
cation encounters several critical challenges: (1) Data
scarcity: Collecting adequate high-precision scattering
field data in real-world scenarios is both expensive
and resource-intensive, and the limited availability of
observation angles further compounds this issue; (2)
Model generalizability: Purely data-driven approaches
are prone to overfitting to the training data distribu-
tion, which limits their adaptability to complex targets
or non-ideal conditions; (3) Physical consistency: Black-
box models may produce solutions that contradict fun-
damental electromagnetic principles, resulting in physi-
cally implausible outcomes.

Traditional physics-based methods, such as diffrac-
tion tomography (DT) [14, 15], establish explicit map-
pings between scattering fields and target parameters
through Fourier transforms and linear approximations.
Despite being constrained by limited observation angles
and approximation inaccuracies, these methods offer
physically meaningful constraints and computationally
efficient initial estimates. In our hybrid physics-data-
driven framework, the physical priors of DT are inte-
grated into GAN [16, 17] training to effectively tackle
the aforementioned challenges. Specifically, DT’s low-
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complexity initial estimates alleviate the learning bur-
den on the network, while Fourier-based data extrapola-
tion [18] augmented with prior knowledge mitigates data
insufficiency. Furthermore, adversarial training improves
both generalizability and physical consistency.

This paper is organized as follows: Section II intro-
duces the physical model and formulation of the inverse
scattering problem. In Section III, we present a hybrid
reconstruction algorithm based on GAN. Section IV pro-
vides numerical and experimental results along with their
analyses. Finally, Section V summarizes the conclusions.

II. THE ELECTROMAGNETIC INVERSE
SCATTERING PROBLEM

Consider a two-dimensional electromagnetic inverse
scattering problem. As illustrated in Fig. 1, DOI rep-
resents an imaging region in free space containing an
unknown scatterer that needs to be detected. The trans-
mitting antenna, located in the observation region S,
emits electromagnetic waves to illuminate the imaging
region DOI. This induces currents on the scatterer, gen-
erating scattered fields. The receiving antennas measure
the scattered fields. Then the electromagnetic parameter
distribution in imaging region is calculated by inversion
algorithms, and the target’s spatial position, contour, and
internal structure are reconstructed. Assuming that the
permeability of the unknown scatterer is the same as the
background medium, the objective of reconstruction is
the distribution of the relative permittivity in the imag-
ing region.

The scattering integral equation is shown as follows:

Et0t<p) :Einc (P)+
2 l t( ~/ l ’
ks /DOIg(p,p)O(p’)E“’ (p)dp'.pES (1)

where p represents the position of the receiving antenna,
p’ represents the position of any point in the imag-
ing region. g(p,p’) = ﬁ'Hél)(kb|p—p’|) is the two-
dimensional Green’s function in free space where H(()U
is the zeroth order Hankel’s function of the first kind
and k;, is the wavenumber of the background medium.
O(p’) = &(p’) — 1 represents the contrast distribution,
E“(p) represents the total field, E™(p) represents the
incident field, and the integral term corresponds to the
scattered field ES?(p).

III. THE HYBRID RECONSTRUCTION
ALGORITHM BASED ON GAN

A. Diffraction Tomography

In Eq.(1), the total field equals the superposition
of the incident field and the scattered field. When the
scattered field is much weaker relative to the incident
field, the incident field can be used to approximate the
total field according to the first-order Born approxima-
tion. Furthermore, assuming that both the transmitting
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Fig. 1. Electromagnetic inverse scattering model.

antenna and the receiving antenna are located in the far
field region of DOI, after a series of derivations, the scat-
tered field can be expressed as [19]:

iy iks(pr|+Iog)

ESca Pr.pP ~_ Y
ProPe) = T T @
/ ik PrpR)P . O(p')dp’
DOI

where E5?(p;,pg) denotes the scattered field detected
by the receiver located at position vector pg, which is
generated by the transmitter situated at position vector
pr. Py and Py represent unit vectors in the p, and pg
directions, respectively.

Eq. (2) is the formula of the DT algorithm, where
the term on the right-hand side conforms to the form of
a Fourier transform. Therefore, after measuring the scat-
tering field data at the observation points, the contrast
distribution can be obtained by applying simple coeffi-
cient multiplication and inverse Fourier transform. Dis-
cretizing the imaging region into N pixels, the computa-
tional cost of DT is only O(NlogN). The computational
complexity of other linear inversion approaches such as
the backpropagation method (BP) is O(Nj,cNyNIogN)
(20, 21], where Nj, is the number of incidences, and Ny
is the number of iterations for solving the forward prob-
lem.

B. Data Extrapolation Based on Fourier Transform

The practical realization of an optimal antenna con-
figuration for achieving comprehensive coverage around
the imaging area poses substantial engineering chal-
lenges. The restricted viewing angle range reduces diver-
sity in scattering data, posing a challenge for pre-
cise reconstruction. To address these challenges, this
study integrates a Fourier transform-based extrapola-
tion method, incorporating a priori knowledge, to infer
missing data in addition to the conventional DT algo-
rithm, thereby enhancing the accuracy and reliability
of the results. The following is a concise overview of
the steps for implementation, with comprehensive details
provided in reference [18].
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For convenience, the equation (2) is abbreviated as
E(p)~Z(0(p"), peS, p'eDOL  (3)
The limitation of the observation angle results in

only a restricted segment of E(p) being measurable,
which is denoted as

Ei(p)=E(p)g(p),

where g(p) = {

Step 1: The contrast distribution in the imaging
space is obtained by inverse Fourier transform of the
scattering data.

Ou(p') = 7 (Ea(p)), (5)
where .Z ~! is the inverse operator of .% .
Step 2: The target distribution is updated by adjust-
ing the contrast values obtained in the previous step
based on a priori information.

_ {On(p’)7 if Ou(p') >0

1, p €known area, 4

0, otherwise.

0,(p) = 6
() 0, otherwise ©)

Step 3: The updated contrast data is transformed by
the operator .% to obtain the corresponding scattering
data. B B

Ey(p)=Z(0u(p"))- @)

Step 4: The initial measurement data is employed for

local recovery of the previously updated scattering data.

Evi1(p) = Ea(p) + [E1(p) — E(p)] 2(p)

_ {El (p), p €knownarea - 3

Ex(p),

Step 5: When the termination condition is met, the
iteration ends; otherwise, return to Step 1 and increase
n by 1. By iteratively following these steps, it becomes
feasible to preserve the original measurement data while
gradually inferring missing data, thereby significantly
enhancing the quality of target reconstruction. The effec-
tive contrast range for numerical simulation is defined as
[0,0) in this study aligning with the typical parameters
commonly employed in inverse scattering problems. For
practical engineering scenarios, more sophisticated prior
conditions can be specified.

The Fourier extrapolation enhances reconstruction
accuracy through two key mechanisms. First, Fourier-
domain completion. Under limited observation angles,
the measurable scattering data corresponds to a trun-
cated segment of the target’s Fourier spectrum. By iter-
atively applying prior constraints (e.g., non-negativity
of contrast, spatial sparsity) during extrapolation, we
infer missing high-frequency components (as described
in Eq. (8)). This process mitigates artifacts and refines
edges in the DT image, providing higher-quality inputs
for the GAN. Second, physical consistency enforcement.
The iterative updates outlined in Egs. (6)—(8) ensure

otherwise
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that the extrapolated data are consistent with both the
measured scattering fields and prior knowledge (e.g.
expected permittivity ranges). This approach suppresses
non-physical oscillations in the reconstructed image,
which are commonly encountered in purely data-driven
methods under sparse measurement conditions.

C. Generative Adversarial Network

In this paper, we utilize the GAN as the network
model for the data-driven component of the hybrid inver-
sion algorithm. The GAN framework comprises two
key components: a generator and a discriminator [22].
The unique adversarial training mechanism allows the
model to more effectively capture complex data fea-
tures and generate high-precision images, making it
especially suitable for addressing the inverse scatter-
ing problem discussed in this paper. However, tradi-
tional purely data-driven GANs face challenges in han-
dling missing data under limited observation angles
and may produce non-physical solutions. Our algorithm
incorporates physical constraints through DT initializa-
tion and Fourier-space extrapolation. Firstly, DT’s lin-
ear approximations efficiently generate initial target esti-
mates, avoiding direct learning of complex scattering
mappings. Secondly, extrapolation utilizes prior knowl-
edge (e.g., target contrast range, spatial sparsity) to con-
strain solution spaces and suppress non-physical outputs.
Finally, the U-Net generator retains the low-frequency
features of DT via skip connections, while the Convo-
lutional Block Attention Module (CBAM) [23] module
enhances edge reconstruction, thereby ensuring syner-
gistic optimization of physical principles and data-driven
features.
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1) Generator. The structures of the generator and
discriminator networks are illustrated in Fig. 2. In this
work, the generator model adopts the structure of U-Net
[24]. U-Net is a convolutional neural network commonly
used for image segmentation. It has a U-shaped struc-
ture consisting of a symmetric encoder and decoder. The
encoding part encodes the input rough image through
a sequence of convolutional layers to obtain higher-
dimensional feature representations. The decoding part
decodes the latent space vector through a series of
upsampling to reconstruct an image resembling the train-
ing data eventually. The feature maps of corresponding
dimensions in the downsampling and upsampling pro-
cesses are fused by employing the skip connection struc-
ture. In this paper, during each downsampling process,
the CBAM is incorporated to enhance the representation
capability of the generator network. This is achieved by
selectively emphasizing informative features while sup-
pressing irrelevant ones. The reconstruction accuracy of
the relative permittivity and position of the target scat-
terer is further improved.

2) Discriminator. Compared with other network
architectures, the GAN stands out due to its incorpo-
ration of a discriminator. The discriminator network
contains several convolutional layers and finally passes
through an average pooling layer followed by a sig-
moid activation operation. In this study, the discrimina-
tor receives two distinct types of input data: one consists
of real images from the training set, which represent the
true distribution of scatterers; the other comprises syn-
thetic images generated by the generator G. The discrim-
inator’s role is to estimate the probability that an input
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Fig. 2. The structure of the GAN.



sample originates from the training data rather than from
the generator, thereby assessing the authenticity of the
generated samples and providing feedback to the gener-
ator. This feedback mechanism prompts the generator to
iteratively refine its parameters to produce increasingly
realistic samples.

3) Training process. The generator and discrimina-
tor are trained in an adversarial manner until a Nash
equilibrium is reached. This can be mathematically
described as:

rréiGn H(liix V(66,60p) =Ejrea _p,, (reary[10gDsy, (1eah]

+E st ., oy [102(1 — Doy, (G (I"*")))].
€))
Here, E denotes the mathematical expectation of the
data distribution, 1% represents the real image, Jrough
denotes the rough image input to the generator, while 6g
and 6Op refer to parameters to be trained in the generator
and discriminator, respectively.
The loss function for the generator is defined as:
Lg = L3y + Lyisk- (10)
The first term on the right-hand side of the equa-
tion represents the adversarial loss, where o serves as
a weighting parameter, and Lyisg denotes the pixel-wise
mean square error between the generated image and the
real image distribution. The specific formula is as fol-
lows:

rough

N

In this paper, the generator is pre-trained using
Lysg prior to adversarial training in order to acceler-
ate the learning process and prevent convergence to local
optima. The adversarial loss is defined as:

LN = —log (Dgy (Ggg (IR°EM))). (12)

This equation indicates that the control parame-
ters Op of the discriminator remains constant, while the
parameters Og of the generator is optimized to enable the
output image to deceive the discriminator to the greatest
extent possible.

Similarly, when the generator parameters g are
held constant, training the discriminator parameters 6p
enhances its ability to accurately differentiate between
real and generated images. Throughout this adversarial
training process, the discriminator’s ability to discern
between real and synthetic samples also progressively
improves. Ultimately, the model converges to an equilib-
rium where the generator produces samples so realistic
that the discriminator can no longer reliably distinguish
between real and generated data.

IV. NUMERICAL ANALYSIS
A. Test One: Circular Scatterers
The simulation setup is defined as follows. The
imaging area is a square with each side measuring 0.8

(1)
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m, divided into a grid of 64 x 64 pixels. The center of the
imaging area serves as the coordinate origin. The obser-
vation area is equipped with 17 transmitting antennas
and 17 receiving antennas, uniformly distributed along
an arc spanning from 0° to 90°, with a radius of 2 m from
the origin. Each transmitting antenna successively emits
incident waves containing three frequencies (that is, 0.5
GHz, 1.0 GHz and 1.5 GHz) to illuminate the imaging
area. Meanwhile, all receiving antennas synchronously
capture the scattered fields generated by each individual
incident wave.

The target is a circular homogeneous dielectric with
a relative permittivity ranging from 1.2 to 3 (contrast
of 0.2 to 2 with a step size of 0.1) and a radius range
between 0.03 m and 0.08 m (with a step size of 0.01
m). The center coordinates are distributed within the
range (—0.2 to 0.2,—0.2 to 0.2) m. 3000 sets of train-
ing data and 300 sets of testing data were generated
via simulation using the Method of Moments (MoM).
The GAN adopts the Adam optimizer with 8; = 0.9 and
B2 = 0.999. The learning rates for the generator and dis-
criminator are both set to 1 x 107>, The batch size is
set to 8, and the training process has been conducted
for 200 epochs. The adversarial loss parameter ¢ is set
to 1 x 1073, The setting of these hyperparameters was
guided by relevant literature [22][24], and their opti-
mal values were identified through systematic numerical
experiments.

By comparing the simulation results with the GAN-
based direct inversion algorithm (referred to as "GAN”)
and the hybrid algorithm combining BP and GAN
(referred to as "BP+GAN”), we validate the performance
of the proposed hybrid electromagnetic reconstruction
algorithm that combines extrapolated enhanced DT and
GAN (referred to as "DT+GAN”). Specifically, the GAN
algorithm utilizes scattered field data directly, whereas
BP+GAN uses images reconstructed by the BP algo-
rithm as input for its neural network. The results are pre-
sented in Fig. 3, where the first column displays the test
sample with a radius of 0.04 m and a contrast value of
1.1. Meanwhile, the second column exhibits the sample
with a radius of 0.07 m and a contrast value of 0.8. The
hybrid inversion methods exhibit a superior capability
in differentiating scatterers from the background, signif-
icantly outperforming the direct learning reconstruction
method. In particular, the DT+GAN method achieves a
more precise reconstruction of contrast values compared
to the BP+GAN approach.

To quantify the reconstruction accuracy, the imaging
error is calculated using the following formula[25]:

N ~ 2
100% La=1|0(P) —O(p)
N Vo))

error =

13)
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Fig. 3. The reconstruction results of a single circle under
0° —90° observation. The first row illustrates the ground
truth distribution, while the second, third, fourth, fifth,
and sixth rows depict the reconstruction results of BP,
DT, direct GAN, BP+GAN, and DT+GAN respectively.
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The contrast of a cell in the imaging region predicted
by the neural network is denoted as O(p), while O(p)
represents the actual contrast of the corresponding posi-
tion. Here, N refers to the number of cells in the imaging

region. The cumulative distribution functions (CDFs) of

the inversion error of BP+GAN and DT+GAN in the test
set are shown in Fig. 4. The average reconstruction error
for BP+GAN is 4.63 x 10~°%, while for DT+GAN it is
2.54 x 107%%.
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The average execution times for the components BP,
DT and GAN in hybrid algorithms based on 300 test
samples have been analyzed. The BP algorithm recorded
an average execution time of 0.0749 s, while the DT
algorithm was significantly faster at 0.0050 s. The GAN
component, when integrated with both BP and DT in the
hybrid algorithms (BP+GAN and DT+GAN), demon-
strated an average processing time of 0.2357 s, with
negligible variation across different configurations. The
execution time is measured on a computer equipped with
an Intel i5-12400F CPU and an NVIDIA GeForce RTX
4060 GPU. These results highlight the superior compu-
tational efficiency of the DT algorithm compared to BP,
even when an extrapolation step is included. The differ-
ence in solution efficiency can be attributed to the fact
that the computation time of the BP algorithm increases
significantly with the increase in the number of exci-
tation waves, while this factor has a relatively minor
impact on the DT algorithm.

To assess the generalization capability of the inver-
sion algorithms, two dielectric circles were employed
as reconstruction targets to evaluate the above neu-
ral networks. By testing 300 randomly generated sam-
ples, the BP+GAN model achieves an average error of
5.90 x 1073%, whereas the DT+GAN model achieves
an average error of 5.20 x 1073%. Fig. 5 illustrates
the reconstruction results for two samples, while Fig.
6 plots the CDFs of the reconstruction errors. In Sam-
ple 1, the contrast values of the two circles are set to
1.6 and 0.4, with corresponding radii of 0.03 m and
0.05 m, respectively. In Sample 2, the contrast values
are adjusted to 0.2 and 0.7, with corresponding radii of
0.03 m and 0.06 m, respectively. The simulation results
demonstrate that both direct GAN and BP+GAN tend
to lose information regarding the target with low con-
trast during the reconstruction of the two-circle target,
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whereas DT+GAN does not exhibit this issue. Although
there is a slight deviation in capturing scatterer structure
details, DT+GAN successfully achieves accurate inver-
sion of both the target location and contrast value.

B. Test Two: Handwriting Digits

In this section, the reconstruction target is derived
from the MNIST dataset [26], a widely utilized database
of handwritten digits in the field of machine learn-
ing. The scatterers are modeled as dielectric materials
with randomly assigned relative permittivities ranging
between 1.2 and 3.0. Each image is upscaled from its
original size of 28 x 28 pixels to 64 x 64 pixels to align
the spatial resolution with the imaging setup described in
Section IV-A. This adjustment standardizes the problem
scale across tests and increases the number of unknowns,
thereby intensifying the complexity of the inverse prob-
lem. Such a practice enables robust comparisons of
reconstruction fidelity under heightened computational
demands. The imaging model and neural network param-
eters were set identical to those used in test one. A simu-
lation employing the MOM generated a training set con-
sisting of 10,000 samples, along with a validation set of
1,000 samples and a testing set of 300 samples. Fig. 7
presents reconstructed profiles from two representative
examples, while Fig. 8 displays the CDFs of the recon-
struction errors. Since both BP and DT are linear approx-
imate inversion algorithms, and given the large training
dataset used in this experiment, the difference in recon-
struction quality between the BP+GAN model and the
DT+GAN model is not pronounced.

To evaluate the generalization performance of the
algorithms, a randomly distributed circular scatterer is
introduced into the imaging region, following the set-
tings from test one, which may cause partial occlu-
sion of the handwritten digits. Fig. 9 displays images
of two reconstructed samples, whereas Fig. 10 illus-
trates the CDFs of the reconstruction errors. The results
indicate that, compared to BP+GAN, DT+GAN demon-
strates superior generalization capability, allowing for
better differentiation of distinct targets within the imag-
ing region and achieving a reconstructed contrast value
that is more closely aligned with the ground truth.

C. Test Three: Experimental Data

In this section, we validate the proposed reconstruc-
tion method using experimental data provided by the
Fresnel Institute. The measurement system is detailed
in reference [27]. The scatterer is an off-centered circu-
lar cylinder with a significant vertical dimension, pre-
senting an almost two-dimensional structure. Slightly
deviating from the previous simulation model, the trans-
mitter remains fixed while the scatterer rotates about
the central vertical axis from 0° to 350° in incre-
ments of 10°. To assess the reconstruction performance
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Fig. 11. Reconstruction results using the experimental
data (from data set “dielTM_dec8f.exp” at 4 GHz [27]).

under a limited viewing angle, we restrict the rotation
angle to the range of 40° to 140° using measurements
from the “dielTM_dec8f.exp” dataset at a frequency of
4 GHz.

The neural networks trained in the first test were
utilized for verification. Due to alterations in the imag-
ing model and changes in the dimensions of scattering
data, the direct application of the GAN method becomes
impractical. Fig. 11 illustrates the reconstruction results
obtained using BP, DT, BP+GAN, and DT+GAN meth-
ods. A white ring on the diagram marks the exact posi-
tion of the scatterer. Its circular cross-section possesses
a radius of 15 mm, with its center positioned at coor-
dinates (0,—30) mm. The estimation of the real part of
the relative permittivity yields & = 3 +0.3. The limited
observation angle introduces a discrepancy between the
BP image and the actual target. Additionally, the imaging
model in this scenario significantly deviates from that of
the training data, especially concerning the antenna posi-
tioning. Specifically, while the excitation wave angle in
the training data spans from 0° to 90°, it ranges from
40° to 140° in this case. This substantial difference leads
to considerable deviations in the reconstruction out-
comes of the BP+GAN technique. However, by employ-
ing data extrapolation technology, the DT algorithm can
still effectively capture the orientation and size informa-
tion of scatterers under challenging imaging conditions.
Moreover, integrating GAN into DT-based reconstruc-
tions (DT+GAN) not only improves the reconstruction
accuracy of scatterers but also reduces surrounding arti-
facts.

Experiments demonstrate that integrating physical
priors significantly alleviates the core challenges in deep
learning. Specifically, DT’s rapid initial estimates reduce
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reliance on large-scale training data; data extrapolation
and prior constraints improve generalizability under nar-
row observation angles; and adversarial training, guided
by physics-informed interactions between the generator
and discriminator, effectively suppresses non-physical
solutions.

V. CONCLUSION

This paper proposes a hybrid electromagnetic recon-
struction algorithm that combines DT and GAN to
address the limited viewing angle problem in elec-
tromagnetic imaging. This algorithm achieves greater
accuracy in reconstructing the scatterer’s position, con-
tour, and contrast than the complete learning recon-
struction method. This improvement can be attributed
to the incorporation of physical mechanisms that effec-
tively reduce the learning complexity of neural net-
works. Furthermore, compared to other two-step meth-
ods like the BP+GAN approach, this algorithm achieves
higher solving efficiency by utilizing the fast Fourier
transform. Additionally, the introduction of data extrap-
olation technology effectively addresses reconstruction
challenges arising from limited viewing angles. Future
research will continue to leverage physical mechanisms
to address the inherent nonlinearity and challenges in
the mapping process, while extending validation to a
wider variety of scatterer geometries, such as multi-
layered structures, and a more diverse range of observa-
tion angles, thereby further evaluating the generalization
capabilities.
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