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Abstract: Accurate assessment of human exposure to millimeter-wave (mmWave) electric fields (E-fields) has recently become critical for
public health and safety. High-spatial-resolution E-field distribution is required for assessment of mmWave electromagnetic exposure according
to the International Electrotechnical Commission (IEC) and the Institute of Electrical and Electronics Engineers (IEEE) (IEC/IEEE 63195-2
standard). This study proposes a generative adversarial network (GAN) integrated with field gradient loss, termed EFGraGAN, for superresolution
reconstruction of mmWave E-fields. The incorporation of E-field gradient loss enables the network to learn both local field magnitudes and
spatial structures, thereby enhancing the accuracy and fine structural details of reconstructed E-field maps. To improve generalization across
antenna types, the training dataset is generated using plane-wave integral representation (PWIR) and randomized parametric incidence,
simulating diverse field distributions. Combined with bilinear interpolation, the method achieves high-resolution reconstruction at 30 GHz
and 60 GHz, meeting the requirements of the IEC/IEEE 63195-2 standard for exposure assessment. Numerical simulations show that
EFGraGAN reconstructs E-field distributions in a skin phantom with a maximum mean relative error (MRE) of <9% up to 60 GHz in a 4x4
dipole array scenario, outperforming conventional interpolation and traditional GAN methods. The approach also demonstrates strong
robustness to noise, enabling current measurement systems to achieve accurate and efficient evaluation of mmWave exposure.
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1 Introduction power per unit area of EM radiation incident on a surface in free
space and can be assessed at distances close to the radiating source.
As IPD can be derived from the electric field (E-field) (Wu et al.,

2024), measurement systems equipped with either a single probe or

With the rapid application of millimeter-wave (mmWave) tech-

nology, public concerns regarding the potential adverse health effects ] )
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. . sampling points. In suc inds of systems, the spacing between
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posure has become an increasingly significant issue. At frequen- . S -
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vant for exposure assessment due to the extremely shallow penetra- (Qamar et al., 2016) and lead to measurement errors. Currently, the

tion depth of millimeter waves. Instead, the incident power density | inimal spacing of probes has not been standardized, while the in-

(IPD) is adopted as the primary compliance metric, particularly for
measurement (Wu et al., 2013; IEC/IEEE, 2022a). IPD refers to the
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terval for the current measurement system is claimed to be around
7-8 mm (Liu et al., 2020). Meanwhile, sampling resolution and
spatial gradients are critical for the accurate localization and assess-
ment of the maximum exposure value (IEC/IEEE, 2020, 2022a).
Specifically, when assessing mmWave exposure, for evaluating the
peak spatial-average IPD, the value is calculated with a step size of
1 mm or 4/10, whichever is less (IEC/IEEE, 2022a, 2022b). In such a
case, there is an urgent need to reconstruct the E-field at much higher
resolution, for instance, from the spatial interval of 8 mm to 1 mm
(e.g., 10 GHz) and even to 0.5 mm (up to 60 GHz). Traditional inter-
polation methods often fail to provide sufficient details and accuracy
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(Wang X et al., 2023), necessitating the development of advanced re-
construction techniques. Otherwise, the current measurement systems,
which are of high cost, would become obsolete.

In recent years, generative adversarial networks (GANs) have
emerged as a powerful tool for image reconstruction. Conditional
GAN (CGAN) introduces conditional information to enable the gen-
erator to produce specific types of data on demand (Mirza and
Osindero, 2014). Notably, superresolution GAN (SRGAN) (Ledig
et al., 2017) uses adversarial training combined with perceptual loss
to generate high-resolution images with realistic textures, establish-
ing a benchmark for image SR. This has inspired researchers to ex-
plore the application of GANs for SR reconstruction of E-field and
magnetic field distributions (Guo LT et al., 2021). However, directly
applying generic GAN frameworks to EM field reconstruction pres-
ents significant challenges. First, GANs typically require massive
training datasets to learn effective feature representations (Lepcha
et al., 2023). In EMs, constructing detailed antenna models and per-
forming full-wave simulations are computationally expensive and
time-consuming. Furthermore, data derived from specific emitters
often lack generalization capability across different antenna geome-
tries. Second, while perception-driven methods improve visual sharp-
ness, they were originally designed based on the statistical proper-
ties of natural images. When applied to EM fields, they tend to gen-
erate “hallucinated” textures and geometric distortions (Ma et al.,
2020; Yan et al., 2024). Unlike natural images, EM field distribu-
tions must adhere to physical laws (e.g., Maxwell’s equations), in
which such artifacts represent nonphysical solutions rather than
mere visual flaws. Studies in computer vision suggest that gradient
constraints can sharpen details and suppress artifacts (Ma et al.,
2020). However, standard frameworks (Ledig et al., 2017) typically
rely on the mean-squared error (MSE), perceptual loss, and adver-
sarial loss, neglecting gradient information. Consequently, these
methods, while enhancing sharpness, often fail to preserve the con-
tinuous variations and strictly defined gradients inherent to E-
field distributions, leading to inaccurate field reconstruction.

Aiming to resolve this issue, this study proposes a GAN with
a loss function integrating E-field gradient information to refine the
SR reconstruction of E-fields (EFGraGAN). The gradient loss learns
not only the magnitude of individual scanning points but also the
field gradient between adjacent scanning points. The training dataset
was generated using plane-wave integral representation (PWIR)
(Li CS et al., 2016) and randomized weighted superposition to en-
hance generalization. EFGraGAN can reconstruct the E-field from
8 mmx8 mm (roughly the spatial interval for the probes in the
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probe-array system) to 1 mmx1 mm and 0.5 mmx0.5 mm (combined
with bilinear interpolation (BI)). The method provides an effective so-
lution for using the current measurement system to evaluate mmWave
exposure with improved accuracy and efficiency. The major contri-
butions of this work are as follows.

1. Integrating E-field gradient loss to improve the accuracy of
field reconstruction: By incorporating the E-field gradient loss into
the GAN framework, the maximum mean relative error (MRE) of the
reconstructed E-field distribution is reduced to <9% up to 60 GHz.

2. Leveraging PWIR and randomized weighted superposition to
enhance the generalizability of the method: By generating a diversi-
fied training dataset covering various incident angles and polarization
states using the PWIR and randomized weighted-wave superposi-
tion, the dependency on specific antenna structures is reduced, en-
abling the model to maintain low errors across different antenna
types and effectively addressing the issues regarding the generaliza-
tion of the dataset.

3. Combining EFGraGAN and BI to achieve 16x high-resolution
reconstruction: By combining EFGraGAN (8x) with BI (2%), a 16x
high-resolution reconstruction (from 8 mm to 0.5 mm) is achieved
at 30 GHz and 60 GHz frequencies, meeting the requirements of the
International Electrotechnical Commission (IEC) and the Institute
of Electrical and Electronics Engineers (IEEE) (IEC/IEEE 63195-2
standard) for the assessment of peak spatial-average IPD (IEC/
IEEE, 2022b).

2 Methods and materials

2.1 Architecture of EFGraGAN

EFGraGAN comprises a generator (G) and a discriminator (D)
network, as shown in Fig. 1.

The generator (G) generates a higher-resolution E-field (E ;)
based on the low-resolution E-field (E,;). G consists of 15 identi-
cal residual blocks, where each block includes two 3%3 convolu-
tional layers with 64 feature maps, followed by batch normaliza-
tion and a parametric rectified linear unit (PReLU) activation func-
tion. Then, three PixelShuffle layers are used to enhance the output
resolution by a factor of 8.

The discriminator (D) evaluates the authenticity of the input e-
field (e.g., Equr)- If D incorrectly classifies the input E-field as a
simulated high-resolution E-field (Eg;;), it indicates that G has not
yet fully learned the true distribution characteristics of the E-field.
D consists of seven convolutional layers with the dimension of feature
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Fig. 1 Framework of EFGraGAN



maps increasing from 64 to 512, each followed by batch normaliza-
tion and a leaky ReLU activation function (a=0.2). Following these
are two fully connected (FC) layers, where the first FC layer maps
the 512-dimensional vector to a 1024-neuron layer with leaky ReLU
activation, and the second FC layer further reduces the 1024-
dimensional vector to a one-dimensional (1D) scalar output. Then, D
outputs a probability value within the [0, 1] range through the sigmoid
function, determining whether the input E-field is real or generated.

Furthermore, G optimizes its parameters to produce an instance
of E that closely matches the statistical characteristics of Eg .
This process aims to convince the network D that the obtained
E i fields are indistinguishable from E,; by minimizing the total
loss through their iterative competition. The loss function L con-
sists of four parts as follows:

L=Lpet oLy + Lo + MLy s (1

where a, 8, and y are the weights assigned to the perceptual, adver-
sarial, and gradient losses, respectively. «=0.005, #=0.005, and y=
0.01 are optimized according to a previous study (Ma et al., 2020).
L, 1s the proposed gradient loss of the E-field amplitude. Adopt-
ing a relatively large y value enables the network to place greater
emphasis on gradient domain constraints, which helps generate
sharp edges with almost no artifacts (Sun et al., 2011).
The first three parts of the loss are defined as
2

Lmsezﬁz(EGHR(xi’yz')_ESHR(xiayi)) )
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where (x, y,) represents the location of the E-field and i=1, 2, -+-, N
denotes the index of each data point. F, denotes the feature map-
ping function of the m™ (m=1, 2, -+, M, where M denotes the num-
ber of feature layers) layer of a pretrained feature extraction net-
work (VGG19).

The gradient of the mmWave E-field intensity reveals the spa-
tial characteristics of the field strength distribution, in addition to
being correlated with the local power absorption and the peak loca-
tion of IPD. Thus, the E-field gradient is incorporated as a key physi-
cal constraint into the reconstruction process, ensuring that the re-
constructed field preserves the spatial differential structure. The
proposed E-field amplitude gradient loss can be defined as

:ii( ESHR(xi+h’y1)_ESHR(xi_h’yi>
grad Nizl 2h

2
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where / represents the spatial resolution of the high-resolution
E-field.

2.2 Generation of datasets for network training

The network is designed to reconstruct the high-resolution e-
field from its low-resolution counterpart. To train the model, paired
datasets containing both high-resolution and the corresponding low-
resolution E-field values need to be generated. The dataset’s repre-
sentation is enhanced through two approaches, namely, increasing
the variability in E-field spatial distributions by PWIR and diversify-
ing the configurations of exposure patterns by randomized weighted-
wave superposition. The process of constructing each Egy(x, ) is

shown in Fig. 2.
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Fig. 2 Generation of Eg, (x,y) for model training

2.2.1 Generating datasets using PWIR

In this study, PWIR (Li CS et al., 2016) with numerical simu-
lation was used to generate the E-field slice dataset as follows:

E(r)=2A1exp(jk,-r+¢,)v,, (6)

I=1

where r represents the spatial position vector, K is the number of
plane waves, and 4,, k,, ¢,, and v, represent the amplitude, propaga-
tion direction, phase, and polarization of the /™ plane wave,
respectively.

A skin phantom with dimensions of 400 mmx400 mmx
15 mm was used in the numerical simulation (IEC/IEEE, 2020). The
frequency-dependent conductivity and relative permittivity of the
phantom were adopted from Li K et al. (2024).

The simulation configuration for generating the training dataset
is described in Fig. 3. We sampled 6 from 0° to 180° with an interval
of 5° and y from 0° to 360° with an interval of 90°, and ¢ was fixed
at 90°. It yielded a total of 37x4=148 plane-wave configurations.
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Fig. 3 Configuration of plane wave for simulation. E represents the E-
field, H represents the magnetic field, k£ represents the propagation direc-
tion, 6 and ¢ represent the propagation angles, and y represents the polar-
ization angle

This configuration has been demonstrated to effectively represent
random reflected waves in the reverberation chamber (Wu et al.,
2010; Li CS et al., 2016). The plane-wave amplitude and phase of
the wave were maintained at 1 and 0, respectively.

Consequently, finite-difference time-domain (FDTD) simulations
were performed using the SEMCAD-X v14.8 platform (SPEAG AG,
Zurich, Switzerland) with uniform cubic voxels of 1 mm® (10 GHz)
and 0.5 mm® (30 and 60 GHz). The minimum distance between
the absorption boundary (10-layer perfectly matched layer (PML))
and the phantom was 40 mm.

The E-field in the phantom was computed and sliced at 1 mm
intervals along the z-axis, resulting in a total of 148 (number of con-
figurations)*x15 (number of slices)=2220 E-field slices {E,(x,»)},
where n =1, 2, ---, 2220 for the E-field slice dataset.

2.2.2 Data augmentation using randomized weighted-wave
superposition

K incident waves ({E,(x,y)}, t =1, 2, ---, K) were randomly
selected from {E,(x,y)}. Each selected {E,(x,y)} was assigned a
complex weight w, where w=a,e”, a,€[0,1],8,€0,2n). Eg(x,)
was obtained through weighted superposition of the K incident waves
according to Eg(x, y)ZZZ ,@,E,(x,y). This process, as illustrated
in Fig. 2, was repeated 8000 times to generate 8000 data sam-
ples (E-field distribution on the slices), in which the magnitude
values Egz(x,y) formed the complete dataset. The data were then

]m

downsampled by a factor of 8 for 10 GHz and by 16 for 30 GHz and
60 GHz, respectively, resulting in low-resolution datasets £ (x, y).
E z(x,y) were inputted into the G network. The batch size and
number of training epochs were 16 and 300, respectively. We set
the learning rate to 0.0001 for both G and D, and then reduced it by
half at 50000 and 100000 iterations. The strategy of learning rate
decay helps the model converge better during the training process.
For optimization, we used adaptive moment estimation (Adam) with
£,=0.9 and $,=0.999. The above numerical setup ensures compara-
bility and fairness of the simulations.

2.3 Numerical validation

Numerical validation used full-wave simulations at 10 GHz
(with a spatial resolution of 1 mmx1 mmx1 mm), 30 GHz, and
60 GHz (with a spatial resolution of 0.5 mmx0.5 mmx0.5 mm) for
exposure assessments using a single dipole antenna, a 4x4 dipole
array, and a pyramidal horn antenna. Fig. 4 illustrates the three an-
tennas used for validation.

The dimensions of the single dipole antenna and the dipole array
were adapted from Li K et al. (2024). The dipole exposure sources
were positioned 5 mm above the center of the phantom. The spac-
ing between adjacent dipoles in the dipole array was set to /2 (half
wavelength). The total input power (for both the single dipole an-
tenna and the 4x4 dipole array) was set to 10 mW (Li K et al., 2023).

The dimensions of the pyramidal horn antenna were adapted
from previous publications (IEC/IEEE, 2022a). The exposure sources
were positioned at distances of 2, 5, 10, and 50 mm to the surface
of the phantom. The net input power was set to 10 mW. The dimen-
sions for the pyramidal horn antenna are shown in Table 1.

We selected MRE, structural similarity index measure (SSIM),
and gradient magnitude similarity deviation (GMSD) as evaluation
metrics. MRE is defined as

Eo (xoy )=Ean(x.y,
MREzjlvﬁ‘ A L y')‘MOO%, 7

ESHR<xi’yi)

where Egg(x;,v,) is the i® E-field calculated by the numerical solver
with a resolution of 0.5 mm, and E z(x;, y,) is the i E-field gener-
ated by the proposed network.

MRE provides a direct measurement of error percentage at each
point, making it particularly suitable for assessing numerical accu-
racy. Compared to MSE or mean absolute error (MAE), MRE pre-
vents error-masking caused by variations in field strength magnitude.

N>

N[>
[ =]
—— —— ——— ——-

(a) (b)

(©)

Fig. 4 A single dipole antenna (a), a 4x4 dipole array (b), and a pyramidal horn antenna (c), where the front view is on the left, and the side view is

on the right



Table 1 Dimensions for the pyramidal horn antenna at each frequency

f H,; H, H, H WG WG, WG,
(GHz) (mm) (mm) (mm) (mm) (mm) (mm) (mm)
10 67.6 49.5 108.0 1.5 22.9 10.2 30.0
30 40.8 31.7 472 1.3 7.1 3.6 11.0
60 21.3 16.7 24.8 1.3 38 1.9 6.2

H and WG denote the dimensions of the flared horn section and the feeding waveguide,
respectively. The subscripts x, y, and z indicate the dimensions along the corresponding
Cartesian axes, and the subscript i denotes the internal cavity dimensions of the horn
aperture. [, represents the wall thickness, and frepresents the frequency

To evaluate the similarity of the E-field distributions, the SSIM
metric was used. As shown in Eq. (8), it assesses the structural
similarity through three comparative dimensions: luminance based
on mean intensity, contrast derived from variance, and structure de-
termined by covariance.

(2#)(/1 v+ G )( 2045+ C, )

SSIM=——" 5 ,
(ﬂXJr:“WL o )(UX+UY+CZ)

®)

where u, and x, are the mean values of E;(x;, y;) and E g,z (x;, v,),
respectively, o, and o, are the standard deviations of Eg:(x;,¥,)
and Eg(x;,,), respectively, and o, denotes the covariance of
Eqr(x,,»,) and Egr(x,,»,). C, and C, are 0.01 and 0.03, respec-
tively (Wang Z et al., 2004).

MRE and SSIM provide complementary measures of recon-
struction quality, with MRE quantifying numerical precision and
SSIM assessing structural fidelity.

In addition, GMSD was adopted to quantify textures and blur
reduction by analyzing local gradient variations (Xue et al., 2014).
It quantifies distortion by computing the local similarity of gradient
magnitudes, making it highly sensitive to blur, noise, and texture
degradation.

Convolving the Prewitt filters /, and /, with the reference and
the generated E-fields yields the horizontal and vertical gradient im-
ages of Egy, and Egy,. The gradient magnitudes of Eg, and E g
at location (x;,y;), denoted by mg(x;, ;) and mg(x,,»;), are
computed as

2
mSHR<xi’y1):N/(ESHR®hx)2(xi’yi)+(ESHR®hy) (xi’yi)5 €))

2
mGHR(xﬂyi):N/(EGHR ® hx)z(xi’yi)Jr(EGHR ® hy) (xpyz‘)a (10)

where the symbol “®” denotes the convolution operation.
With the gradient magnitude maps mg; and m gy, in hand, the
gradient magnitude similarity (GMS) map is computed as

2mSHR(xivyi)mGHR(xi»yi)+C

méHR(xi>yi)+méHR(xi’yi)+C

GMS(x,.y,)= : (11)

where c is a positive constant that supplies numerical stability and
¢=0.0026 (Xue et al., 2014). GMSD is represented as

1 N.

GMSD/NZ(GMS(x,,yi)—ﬂGMs)Z,

i=1

(12)
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where /1,5 1s the mean of the GMS values.

Note that the value of GMSD reflects the range of distortion
severities in an image. The higher the GMSD score, the larger the
distortion range and the lower the perceptual quality of the image.

2.4 Hardware configuration

All computations were executed on a workstation with dual
Intel Xeon Gold 6230 central processing units (CPUs) (40 cores
and 80 threads), 64 GB random access memory (RAM), and dual
NVIDIA Quadro P5000 graphics processing units (GPUs) (NVIDIA,
Santa Clara, CA, USA, 32 GB memory on board), leveraging com-
pute unified device architecture (CUDA)-based parallel computing
and multicore CPU processing to optimize the overall computational
time.

3 Results and discussion

In this study, the proposed method is numerically investigated
considering three aspects: field reconstruction performance using
different types of antennas, noise sensitivity, and computational
time. To note, as the GAN-based networks SRGAN and EFGra-
GAN do not converge for 16x SR reconstruction (from 8 mm to
0.5 mm) for 30 GHz and 60 GHz, we use 8x EFGraGAN to recon-
struct the field from 8§ mm to 1 mm, followed by a 2x BI for 1 mm
to 0.5 mm.

3.1 Trade-off analysis for selection of the incident wave
number

We reference the plane-wave configuration of Wu et al. (2010),
who demonstrated that using >100 incident plane waves achieves
stable EM exposure assessments; they used 200 plane waves in
their simulations. To further determine the number of incident waves,
we conduct a series of preliminary simulations, evaluating the per-
formance of various incident-wave combinations (e.g., K=100, 150,
200, 250, and 300) within the incident field configuration parame-
ters (0[0°, 180°] and we[0, 2x)). Table 2 presents the modeling ac-
curacy (quantified by MRE) and computational time for the 60-GHz
4x4 dipole array scenario.

Table 2 Quantitative trade-off between reconstruction accuracy (MRE)
and computational time for various incident-wave combinations (K)

K MRE (%) Time (s)
100 10.74 2500
150 9.12 5200
200 8.75 7844
250 8.75 14000
300 8.74 25000

We observe that accuracy initially increases rapidly with the
number of incident waves, but eventually saturates, while computa-
tional time grows exponentially. Specifically, a comprehensive trade-
off analysis reveals that when the number of incident waves reaches
200, the accuracy reaches 8.75%; further increasing the number
results in only marginal improvements in accuracy but incurs a
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significant increase in computational time. Therefore, a combination
of 200 incident waves achieves an optimal balance between high
accuracy and computational efficiency.

3.2 Field reconstruction using different types of antennas

Table 3 presents the reconstruction results on the phantom sur-
face of the single dipole antenna, the 4x4 dipole array, and the py-
ramidal horn antenna at different frequencies. The reconstruction
performance decreases marginally as the complexity of the antenna
rises. For EFGraGAN, although the maximum MRE of the 4x4 di-
pole array reaches 8.75%, it still meets the requirements of the stan-
dard (<10% as indicated by IEC/IEEE (2022b)). At the same fre-
quency, EFGraGAN performs the best among all methods in terms
of MRE, SSIM, and GMSD.

Fig. 5 shows the reconstructed E-field distributions on the
phantom surface under exposure from a single dipole antenna, a 4x
4 dipole array, and a pyramidal horn antenna. It can be observed
that the proposed method suppresses artifacts and sharpens the de-
tails compared to other methods.

3.3 Field reconstruction of pyramidal horn antennas at
different distances to the phantom surface

Table 4 presents the reconstructed E-field distributions on the
phantom surface under exposure to pyramidal horn antennas at

varying distances. In accordance with the antenna-to-surface dis-
tance configurations specified by IEC/IEEE (2022a) for system val-
idation, the results demonstrate that reconstruction accuracy is im-
proved with increasing distance between the antenna and the phan-
tom surface.

The reconstructed E-fields obtained using EFGraGAN (and BI)
exhibit fewer blurred regions and clearer edge structures, as shown
in Fig. 6.

All results indicate that MRE increases with frequency for all
methods, which suggests that higher frequencies present greater re-
construction challenges. Compared with other methods, the increased
rate of MRE for EFGraGAN is the lowest. The improvement in
SSIM and reduction in GMSD jointly indicate that gradient con-
straints are effective in preserving structural information for high-
resolution reconstruction of E-field distributions. As can also be ob-
served from Figs. 5 and 6, the proposed method mitigates artifacts
and is clearly more effective than the other methods for E-field
reconstruction.

3.4 Quantitative validation through 1D line profiles across
peak E-field regions

Fig. 7 shows the 1D line profiles extracted through peak E-
field regions, which are used to validate the results in Figs. 5
and 6.

Table 3 Comparison of reconstructed E-fields on the phantom surface for the single dipole antenna, the 4x4 dipole array, and the pyramidal horn antenna

at different frequencies

f MRE (%) SSIM GMSD
Antenna type :
(GHz) BI CI  SRGAN EFGraGAN BI  CI  SRGAN EFGraGAN BI  CI  SRGAN EFGraGAN
10 798  7.80 538 3.67 0.86 085 093 0.95 0.11 0.11  0.08 0.07
Single dipole antenna 30 2024 1988  9.98 5.89" 088 0.86  0.90 0.92" 0.14 0.14  0.10" 0.09"
60  37.64 3782 15.64" 7.49" 0.89 087 086 0.91" 0.15 017 0.2 0.10"
10 1890 1829  6.47 3.82 0.83 082 090 0.93 0.13 0.11  0.10 0.08
4x4 dipole array 30 4376 4228 12127 6.44 080 0.79  0.86" 091" 0.16 0.15  0.13" 0.11"
60 6896 6878 18.86" 8.75" 072 071  0.80 0.88" 020 0.19  0.17 0.11"
10 1120 1095 572 3.76 090 090  0.92 0.95 0.13 0.2  0.09 0.08
Pyramidal horn antenna 30 21.30  20.90  10.12" 6.35" 0.89 0.89  0.88" 091" 0.15 0.14  0.12" 0.10"
60 3850 38.10 17.45 7.82" 072 071 081" 0.89" 0.17 0.17  0.16" 0.11"
" This result is jointly generated by SRGAN/EFGraGAN (8x) and BI (2x). CI: cubic interpolation
Full-wave Full-wave Full-wave
simulation Bl Cl SRGAN EFGraGAN 1 simulation Bl Cl SRGAN EFGraGAN '5|mu|at|on Bl Cl SRGAN Eic'a:erg(raémmde(ds)
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Fig. 5 Comparison of reconstructed E-field distributions on the phantom
(b) 4x4 dipole array; (c) pyramidal horn antenna. The E-field magnitude is

(©)
surface at a 5 mm distance from the antenna: (a) single dipole antenna;
referenced to 10 V/m
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Table 4 Comparison of reconstructed E-fields on the phantom surface for pyramidal horn antennas at varying frequencies and distances

f  Distance MRE (%) SSIM GMSD
(GHz)  (mm) BI Cl SRGAN  EFGraGAN  BI cl SRGAN  EFGraGAN  BI CI  SRGAN  EFGraGAN
2 1480  14.52 6.85 423 0.81  0.80 0.89 0.92 0.15 014  0.12 0.10
5 1120 10.95 5.72 3.76 0.83 0.82 0.90 0.93 0.13 0.1  0.10 0.08
10 10 8.50 8.32 4.98 3.45 0.85 0.84 0.91 0.95 0.11 010  0.09 0.08
50 6.20 6.05 435 3.12 0.90 0.89 0.95 0.96 0.09 0.09  0.08 0.07
2 26.50  26.10 12.35" 7.68" 0.78  0.77 0.85" 0.90 0.18 0.17  0.14" 0.11°
5 2130 2090  10.12° 6.35" 0.80  0.79 0.86" 091" 0.16 0.15  0.13 0.11"
30 10 17.80  17.50 8.65" 5217 082 0.81 0.87" 0.92" 0.15 015 0.2 0.09
50 10.20 9.95 532" 456" 0.88  0.87 0.92" 0.94" 0.10 0.10  0.09" 0.08"
2 4320  42.80  25.60 8.95" 0.70  0.69 0.78" 0.87" 022 021 0.18" 0.13"
o 5 38.50  38.10 17.45: 7.82: 072  0.71 o.so: 0.88’; 020 0.19 0.17: 0.11:
10 3260 3220  17.80 6.95 075 0.74 0.82 0.89 0.18 0.18  0.16 0.10
50 2030 19.90  10.25 532" 082 0.81 0.86" 091" 0.14 0.3  0.12" 0.09

* This result is jointly generated by SRGAN/EFGraGAN (8x) and BI (2x)
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Fig. 6 Comparison of reconstructed E-field distributions on the phantom surface by exposure of pyramidal horn antennas at different distances:
(a) 2 mm; (b) 5 mm; (¢) 10 mm; (d) 50 mm. The E-field magnitude is referenced to 10 V/m
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Fig. 7 Quantitative comparison of 1D E-field intensity profiles across peak
regions for three representative scenarios, all operating at 60 GHz:
(a) a single dipole antenna located at S mm above the phantom surface;
(b) a 4x4 dipole array positioned at 5 mm above the phantom surface;
(c) a pyramidal horn antenna placed at 2 mm above the phantom surface.
The E-field magnitude is referenced to 10 V/m

The 1D line profiles demonstrate that our method accurately
captures both the location and the magnitude of the field peaks
compared to SRGAN and conventional interpolation approaches.
Notably, the peak positions predicted by our model are consistent
with the ground truth, and the other regions also show better align-
ment, highlighting the critical role of the gradient constraint in cap-
turing field peaks and sharp boundaries.

3.5 Sensitivity to noise

The reconstruction method is expected to be robust to noise.
In such a case, the zero-mean additive white Gaussian noise with

different signal-to-noise ratios (SNRs) has been added to low-
resolution input data. Table 5 shows the results for the 4x4 dipole
array, which has the most significant errors. The results reveal that
the MRE of EFGraGAN changes insignificantly, demonstrating its
robustness against the additive noise.

Table 5 MRE values of EFGraGAN under different SNR conditions

MRE (%)
Antenna I
tvne (GHz) EFGraGAN EFGraGAN EFGraGAN EFGraGAN
P (20dB)  (30dB) (40 dB)
) 10 (8x) 3.82 4.25 4.11 3.96
4x4 dipole
30 (16x) 6.44 7.25 6.95 6.69
array
60 (16x) 8.75 9.56 9.49 8.97

3.6 Comparison of computational time

Table 6 outlines the time cost for EFGraGAN training and in-
ference. The time elapsed for both dataset generation and network
training increases with frequency, while the inference time remains
constant at 0.38 s, using the present hardware. Our method’s infer-
ence time is longer than that of BI (0.007 s) and cubic interpolation
(CI) (0.016 s) but shorter than that of SRGAN (0.40 s). Although
the discriminator and the incorporated gradient loss increase the
training complexity, these components are excluded during infer-
ence, where only the generator performs a forward propagation to
ensure rapid execution.

Table 6 Time cost for EFGraGAN training and inference

Time cost by EFGraGAN (s)

f(GHz) Training
- — Inference
Dataset generation Network training
10 (8%) 1480 7860
30 (16x) 7844 7680 0.38
60 (16x) 28416 8100

Compared with the E-field measurement system with a single
probe, measuring the E-field over a surface of 2 cmx2 cm with in-
tervals of 8, 1, and 0.5 mm may cost 27, 1200, and 4800 s, respec-
tively (including 2 s for motion of the robotic arm and 1 s for gaug-
ing E-field strength per measurement). Integrating sparse sampling
with the proposed SR reconstruction significantly saves time across
the entire assessment workflow. This approach is particularly bene-
ficial for repetitive measurement, although the proposed model re-
quires 2.6—10 h for dataset generation and network training, as the
network does not require retraining for different antenna types.

The system based on a probe array can measure the E-field
within seconds but with coarse sampling intervals. Therefore, the
comparison is inapplicable with a system of this type. Notably, the
present method can be implemented with the system to enhance its
postprocessing accuracy.

3.7 Computational complexity and resource consumption

Table 7 shows the performance comparison across BI, CI,
SRGAN, and EFGraGAN, including the number of model parame-
ters, per-frame floating-point operations (FLOPs), per-frame CPU
and GPU time, and training-phase GPU memory usage.



Table 7 Comparison of computational complexity and resource consumption
across various SR methods

) Value
Metric
BI CI SRGAN EFGraGAN
Number of parameters (M) 0 0 15.4 16.2
FLOPs per frame (G) 0.02 0.03 29.7 31.5
CPU time (s) 0.007 0.016 <0.02 <0.02
GPU time (s) 0.40 0.38
GPU memory usage (GB) 10.8 11.3

Here, 0.38 s represents the unoptimized end-to-end latency in a standard PyTorch
environment, which includes data loading, peripheral component interconnect express (PCle)
tensor transfer, and eager-mode execution overhead. The pure kernel computational
time is significantly lower. Traditional interpolation methods are executed entirely on
the CPU and do not involve a training phase

As shown in Table 7, the inference time for EFGraGAN is pre-
dominantly the GPU time dedicated to parallel tensor operations,
whereas the CPU time required for data loading is practically negli-
gible (<0.02 s per frame). Furthermore, the 11.3 GB memory usage
refers specifically to the training phase; this memory requirement
is drastically reduced during the inference stage.

Conventional interpolation methods feature low computational
complexity and resource consumption, but their reconstruction
accuracy (MRE of up to 68.96%) cannot satisfy the standards for
mmWave exposure assessment, as shown in Table 3. Compared with
SRGAN, EFGraGAN achieves a significant improvement in recon-
struction accuracy but with slight increase in resource usage: a 5.2%
rise in the number of parameters, a 6.1% increase in inference FLOPs,
and a 4.6% growth in training GPU memory usage, as shown in
Tables 3 and 7. Specifically, for the scenario of the 60-GHz 4x4
dipole array, EFGraGAN reduces the reconstructed MRE from
18.86% to 8.75%, which satisfies the requirements specified in the
IEC/IEEE 63195-2 standard (MRE<10%). Therefore, the increase in
computational complexity and resource consumption introduced by
EFGraGAN is reasonable and acceptable.

3.8 Generalization of the proposed method

At the stage of dataset preparation, three-dimensional (3D) full-
wave simulation was used to replicate the propagation characteris-
tics of real EM fields. Meanwhile, the PWIR algorithm was used to
simulate the emission mode of mmWave antennas using plane-wave
superposition. This approach thus achieves the decoupling of source
data and antenna types.

During the numerical validation phase, we conduct numerical
evaluations using three commonly used antenna types, demonstrat-
ing the model’s robustness across different antenna architectures,
as shown in Table 3. Additionally, the robustness to noise of the
model is assessed by introducing additive white Gaussian noise at
SNR levels of 20, 30, and 40 dB to simulate measurement uncer-
tainty, as observed in Table 5. Even under the most challenging
condition—a 60-GHz 4x4 dipole array—the error increases only
marginally from 8.75% to 9.56%.

These approaches collectively show the enhanced model
generalization capacity and ensure its compliance with the spatial
resolution and accuracy requirements of the IEC/IEEE 63195-2
standard.
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3.9 Future work

This paper proposes EFGraGAN, a GAN-based method that
efficiently and accurately reconstructs mmWave E-field distributions.
However, similar to most GAN-based approaches, it exhibits train-
ing complexity, which leads to prolonged convergence time (Sharma
et al., 2024).

Recent advances in physics-informed neural networks (PINNs)
have demonstrated their versatility across domains (Chen et al.,
2025a, 2025b; Guo MH et al., 2025). The introduction of PINNs
enhances the efficiency of data modeling and the stability of net-
work training (Su et al., 2024; Yin et al., 2025). These PINN-based
approaches may further improve the stability and convergence of
GAN training. We will explore these models in future work.

Additionally, we will conduct further numerical validation
when suitable commercial equipment becomes available.

4 Conclusions

This study proposes EFGraGAN, a GAN-based method inte-
grating gradient loss for mmWave E-field SR reconstruction. Using
PWIR and randomized weighted superposition for dataset genera-
tion, it reduces the dependence on specific antenna structures. Com-
bined with BI, the proposed method achieves 16x high-resolution
reconstruction at 30 GHz and 60 GHz, meeting the requirement by ex-
posure assessment standards. The simulations show that EFGraGAN
outperforms traditional GANSs in terms of MRE, SSIM, and GMSD
across various antenna types and distances. It exhibits strong robust-
ness to noise as well. The method balances accuracy and efficiency,
saving measurement time significantly, thus providing a reliable
tool for evaluating mmWave exposure. Current measurement systems
could benefit from this method to cover higher frequency bands.
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