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ABSTRACT: Synthetic Aperture Interferometric Radiometer (SAIR) has demonstrated significant potential in Earth remote sensing and
radio astronomy. However, most existing imaging methods rely on single-scale visibility function, while SAIR systems typically employ
sparse arrays with insufficient sampling, which results in unsatisfactory imaging quality. In this paper, we propose a novel deep learning-
based imagingmethod that addresses this limitation by leveragingmulti-scale visibility function. Themulti-scale visibility fusion network
(MS-VFNet) introduces cross-attention mechanisms in the visibility domain for feature fusion across different scales, fully exploiting
the implicit structural information, and subsequently reconstructs the brightness temperature images through a dedicated reconstruction
module. The simulation results demonstrate that the proposed MS-VFNet achieves superior reconstruction accuracy and image quality
compared to state-of-the-art methods, further validating the feasibility of multi-scale fusion in SAIR super-resolution imaging.

1. INTRODUCTION

Synthetic Aperture Interferometric Radiometer (SAIR) em-
ploys interferometric measurement techniques that synthe-

size a large aperture virtual antenna from a sparsely distributed
array of small aperture antennas. This approach overcomes
the limitations imposed by the physical size of traditional ra-
diometers. Consequently, SAIR has been widely applied in
fields such as Earth remote sensing and astronomical obser-
vation. For example, Microwave Imaging Radiometer using
Aperture Synthesis (MIRAS) [1], developed by the European
Space Agency, has provided extensive soil moisture and sea
surface salinity data for global meteorological studies. Simi-
larly, the HY-4A remote sensing satellite [2] developed by the
China Academy of Space Technology is equipped with a SAIR
instrument for high-resolution observation of sea surface salin-
ity. These applications underscore the research value of SAIR
as a high-resolution remote sensing instrument.
Due to the significant advantages of SAIR over traditional

radiometers, near-field SAIR shows promise for various ap-
plications. However, near-field imaging faces unique chal-
lenges including spherical wave interference and multipath ef-
fects, demanding higher algorithmic precision than traditional
far-field methods. To address the near-field imaging chal-
lenges, researchers have developed several improvement strate-
gies. Modified-FFT (MFFT) method [3], based on the imaging
process of traditional far-field FFT method, incorporates phase
compensation terms to correct the near-field relationship be-
tween brightness temperature images and visibility functions.

* Corresponding author: Jianfei Chen (chenjf@njupt.edu.cn).

However, it exhibits low description accuracy and is only ap-
plicable to rectangular visibility functionsmeasured by conven-
tional antenna arrays. G-matrix imaging method [4] simplifies
the complex near-field SAIR imaging process into a mathe-
matical model V = GT . With the help of regularization, G-
matrix method can accurately reconstruct brightness tempera-
ture images and has good versatility. To efficiently solve this
regularized problem, optimization algorithms such as Fast It-
erative Shrinkage-Thresholding Algorithm (FISTA) are widely
employed. Nevertheless, G-matrix method still suffers from is-
sues such as high sensitivity to parameter settings.
In recent years, deep learning has become a research hotspot

in the field of SAIR imaging, providing new solutions. In
far-field SAIR imaging, the application of deep learning has
achieved breakthrough progress. Zhang et al. [5] first employed
a data-driven approach by using a convolutional neural net-
work as a decoding model to realize the mapping from visibil-
ity to brightness temperature images. Xiao et al. [6] adopted
a modified Transformer encoder structure to extract spectral
features and employed a brightness temperature image recon-
struction module to recover microwave brightness temperature
images. In addition, a recent study introduced a new method
based on deep neural networks (DNNs) [7], which adopts a cus-
tomized architecture specifically designed for the SMOS instru-
ment. However, far-field methods cannot be directly applied
to near-field SAIR. Guo et al. [8] first applied fully connected
networks to near-field reconstruction, and their proposed Fully
Connected Imaging Network (FCIN) method achieved better
reconstruction results than traditional methods. To address the
sensitivity of near-field imaging to distance, Chen et al. [9] fur-
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ther proposed a distance-adaptive network Synthetic Aperture
Interferometric Radiometer Distance Adaptive Imaging Net-
work (SAIR-DAIN), which can achieve stable high-precision
imaging at different distances, with performance surpassing
FCIN. Nevertheless, both traditional and deep learning-based
methods are generally limited to single-scale inputs and fail to
fully utilize visibility information.
Inspired by multimodal architectures, this paper proposes a

multi-scale visibility fusion network (MS-VFNet), which takes
visibility function at multiple scales as input and outputs bright-
ness temperature images. Themulti-scale visibility refers to the
visibility functions obtained from multiple observations of the
same scene, under different conditions, within the same SAIR
system. Specifically, it represents the spectrum of the SAIR
visibility function, at different sampling scales, by observing
the target scene at varying imaging distances. Unlike previ-
ous work that performs feature fusion, MS-VFNet does not op-
erate in the image domain. Instead, it efficiently fuses visi-
bility feature representations at different scales using a cross-
attention-based Transformer architecture [10], thereby reduc-
ing information loss. After generating high-precision visibility
of the target scene, a multi-input multi-output encoder-decoder
network is used for inversion. Simulation experiments demon-
strate that the proposed MS-VFNet achieves superior perfor-
mance in terms of reconstructed image quality, high-frequency
information recovery, and high-resolution inversion.

2. RELATED WORK
The basic unit of a SAIR system is a binary interferometer. The
imaging principle is illustrated in Fig. 1. The visibility function
is sampled by performing complex correlation operations on the
scene radiation signals that are received by two antennas, while
preserving their phase information.

FIGURE 1. Schematic of binary coherence measurement.

Target S is located in the local coordinate system oxy, while
the antenna pair (Ac, Al) is located in the system coordinate
frame OXY . The target S is decomposed into M small sub-
components. The distance between the coordinate systems
OXY and oxy is denoted by R. The distances from a sub-
target Sm to antennas Ac and Al are defined as Rc

m and Rl
m,

respectively. According to paper [11], the visibility function of
the target scene is expressed as follows:

Vc,l =
〈
Ec(R

c
m, t) · E∗

l (R
l
m, t)

〉
=

M∑
m=1

T (xm, ym)Fc(xm, ym)F ∗
l (xm, ym)

e−jk(Rc
m−Rl

m) (1)

where ⟨·⟩ denotes the time integration operation, E#(t) the ra-
diation signal received by antenna #, and (xm, ym) the coor-
dinates of a point source Sm. F# is the normalized radiation
pattern of antenna #, and the exponential term exp[−jk(Rc

m −
Rl

m)] accounts for the phase difference arising from the optical
path difference∆R between antennasAc andAl for sourceSm,
which is an important factor in SAIR. Using a Taylor approx-
imation, the difference between Rc

m and Rl
m can be expressed

as:

Rc
m −Rl

m ≈ xn(Xl −Xc) + yn(Yl − Yc)

R

+
(X2

c + Y 2
c )− (X2

l + Y 2
l )

2R
(2)

In the far field, the second term is approximately zero. How-
ever, in near-field imaging, it acts as a phase modulation term,
which is crucial for near-field imaging. By substituting (2) into
(1), we obtain theMFFT imaging formula and approximate ma-
trix Gap [12].

TMF (x, y)=FT2[e
jφ(v,h)V (v, h)] (3)

Gap(m,n)=FcF
∗
l e

jπ[2xn(Xmc−Xml)+2yn(Ymc−Yml)

+X2
ml + Y 2

ml − X2
mc − Y 2

ml]
Rλ (4)

where TMF represents the reconstructed image obtained by the
MFFT method, FT2[·] the two-dimensional Fourier transform,
and V (v, h) the visibility function with v = k(Xl − Xc)/R,
h = k(Yl−Yc)/R, andφ(v, h) = k(X2

c +Y 2
c −X2

l −Y 2
l )/2R.

In (4), (Xmc, Ymc) and (Xml, Yml) are the coordinates of an-
tennas (c, l), and the corresponding visibility sample is denoted
as Vm. Thus, the following matrix equation can be derived.

VM×1 = GM×N · TN×1 (5)

where V represents the measured near-field visibility function,
T the brightness temperature distribution vector, and G the
imaging matrix. In the context of near-field SAIR, the accu-
racy of the G-matrix model is crucial for image reconstruction,
as minor modeling errors can lead to severe artifacts and re-
construction distortions. To accurately reconstruct the image,
we directly derive G-matrix from the original synthetic aper-
ture imaging formula (1), with the precise G-matrix elements
as follows:

G(m,n) = FmcF
∗
mle

jπ(Rc
m−Rl

m)/λ (6)

Since solving the G-matrix is a typical ill-posed inverse prob-
lem, the reconstruction results are highly sensitive to measure-
ment noise, and the iterative solution process requires substan-
tial computational resources and time. To address this chal-
lenge, various optimization algorithms have been proposed
to constrain the solution space by introducing regularization
terms, thereby reformulating the problem into a solvable op-
timization task.
For example, sparse optimization methods such as

FISTA [13] exploit the sparsity prior of the image T to
effectively suppress noise and improve reconstruction quality.
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FIGURE 2. Overall network architecture.

However, these methods typically rely on handcrafted priors
and still incur high computational costs, which limits their
practicality in real-world applications.
In recent years, deep learning methods have been increas-

ingly applied to near-field SAIR imaging. However, most ex-
istingmethods fail to fully exploit the inherent multi-scale char-
acteristics of the data. For instance, these methods often pro-
cess visibility function at a single scale, overlooking the com-
plementary information contained in data acquired at different
distances, which inherently limits the model generalization ca-
pability and the final reconstruction accuracy.

3. METHODOLOGY
To address the above deficiencies and improve reconstruction
quality, this paper presents a network architecture specifically
designed for visibility function processing. The network pro-
gressively extracts and fuses multi-distance raw data to recon-
struct high-fidelity visibility functions and finally reconstructs
high-precision brightness temperature images.

3.1. Network Architecture of MS-VFNet
The proposed architecture is shown in Fig. 2, whereMS-VFNet
consists of three different modules.

3.1.1. Fully Connected Dimension Expansion Module

The fully connected dimension expansion module is responsi-
ble for expanding dimensions of the visibility function, i.e., per-
forming spectral dimension expansion. For target scenes, the
visibility function is continuously distributed. Therefore, visi-
bility function distributions of various scenes can be learned by
the network. The upper branch represents the original visibil-
ity function VR1 at imaging distance R1 scale, while the lower
branch represents the original visibility function VR2 at imag-
ing distance R2. Both VR1 and VR2 are complex-valued ten-
sors of size 2 × n × n, where the first dimension corresponds
to the real and imaginary parts. They are respectively fed into

FIGURE 3. Improved fully connected layer.

symmetrically structured fully connected layers FC1 and FC2
for dimension expansion, yielding vectors with dimensions of
2×m×m.
In addition, multi-scale input typically generates multiple

branches, where each branch requires fully connected lay-
ers with identical structures but different parameters. Since
fully connected layers usually constitute the most parameter-
intensive part of the network, this design results in a multiplica-
tive increase in both the number of parameters and the computa-
tional cost during training. To address potential issues in prac-
tical deployment and considering lightweight design and com-
putational efficiency, we replace the conventional fully con-
nected layers with grouped 1×1 convolutions and channel shuf-
fling [14], as shown in Fig. 3. This substitution achieves nearly
the same inversion performance as the original design, while
significantly reducing the parameter count and decreasing the
model size by several times.

3.1.2. Multi-Scale Visibility Fusion Module

To effectively fuse visibility function from different imaging
distances, we design a visibility-domain fusion network. This
network structure is inspired by the attention mechanism in the
multimodal image fusion network ATFuse [15], incorporating
shallow feature extraction (SFE) andmulti-head cross-attention
(MHCA).
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We employ SFE composed of multiple 1 × 1 convolutional
blocks to further extract visibility information features, thereby
reducing the loss of original visibility information. The core of
the multi-scale visibility domain fusion module is MHCA. The
computation formula for the cross-attention mechanism is:

Attention(Q,K, V ) = Softmax
(
QKT

√
dk

)
V (7)

where the query vector Q, key vector K, and value vector V
are generated from feature maps through corresponding linear
mapping layers. dk is the dimension of the key vector. The
softmax function is used to normalize the similarity matrix into
attention weights in probability form. The key difference be-
tween this cross-attention mechanism and self-attention is that
Q,K, and V come from different feature sequences.
We stack three MHCA to achieve progressive fusion across

multi-scale visibility features. Specifically, in MHCA1, we use
the query vector from the R1 distance feature mapping as the
query input, and the key and value vectors from the R2 dis-
tance feature mapping as the key and value inputs. The module
generates attention weight maps by computing the similarity
between Q and K, which indicate the parts that R1 features
should focus on in the R2 feature space. The final output is the
weight-weighted V , which fuses R2 information into the R1
perspective.

F1 = MHCA1(VR1Q, VR2K , VR2V ) (8)

In MHCA2, the output F1Q from MHCA1 serves as the
query input, with VR1K and VR1V fromR1 as the key and value
inputs. Similarly, MHCA3 uses the output F2Q from MHCA2
as the query input, with VR2K and VR2V from R2 as the key
and value inputs. Finally, we obtain a high-precision visibility
function with the same size as the input visibility.

F2 = MHCA2(F1Q, VR1K , VR1V ) (9)
F3 = MHCA3(F2Q, VR2K , VR2V ) (10)

Beyond introducing multi-scale data to increase information,
another significant advantage of this module lies in its capabil-
ity to perform spectral fusion in the visibility domain, which
reduces information loss more effectively than image domain
fusion. To emphasize this advantage, we design a Multi-Scale
Image Fusion Network (MS-IFNet). Its architecture is derived
primarily through the followingmodifications: First, the output
of the fully connected dimension expansion module is reformu-
lated into anm×m image domain representation; second, our
visibility domain fusion module is replaced with ATFuse’s im-
age domain fusion module; finally, the same multi-input multi-
output reconstruction module is employed. Consequently, the
core difference between MS-IFNet and MS-VFNet lies solely
in whether multi-scale fusion is performed in the visibility do-
main or image domain, as illustrated in Fig. 4. Specifically, TR1

and TR2 denote the image-domain representations transformed
from VR1 and VR2, respectively.

3.1.3. Multi-Input Multi-Output Reconstruction Module

After the fusion module, a refined visibility function of size
2 × m × m is obtained. A hybrid architecture combining

FIGURE 4. Multi-scale visibility fusion and multi-scale image fusion.

ResNeXt [16] and U-Net [17] is employed as the final mod-
ule, incorporating multi-scale auxiliary inputs and outputs to
facilitate hierarchical feature learning for brightness tempera-
ture image reconstruction.
Let the original input resolution beH×W . After two stages

of downsampling, the feature maps are reduced to H
2 × W

2 and
H
4 × W

4 , respectively. At each stage, the original input is re-
sized via interpolation to match the corresponding scale, de-
noted as Interp (H × W, s), where s is the scale factor (e.g.,
s = 2 corresponds to H

2 × W
2 ). After encoding, the spatial

resolution is reduced to H
4 × W

4 , and the channel dimension
increases to embedding_dim.
The decoder generatesmulti-scale outputs atH×W , H2 ×

W
2 ,

and H
4 × W

4 . A composite pixel-wise loss is applied to ensure
both global consistency and local detail preservation during
training. The optimization objective, obtained by backpropa-
gating the loss function at each resolution, can be expressed as:

Lpixel = Lpart1 + Lpart2 + Lpart3 (11)

where Lpart1, Lpart2, and Lpart3 correspond to resolutions of
H×W , H2 ×W

2 , and H
4 ×W

4 , respectively. Multi-scale supervi-
sion is applied to improve both fine-grained details and overall
reconstruction quality.
The network is trained using the Root Mean Square Error

(RMSE) as the pixel-wise loss, defined as:

RMSE =

√√√√ 1

H ×W

H∑
i=1

W∑
j=1

(TPred(i, j)− TGT(i, j))
2 (12)

where TPred(i, j) and TGT (i, j) denote the predicted and
ground truth pixel values at position (i, j), respectively. This
metric calculates the squared difference at each pixel, averages
over all pixels, and then takes the square root to measure the
overall reconstruction error. A lower RMSE indicates that the
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FIGURE 5. SAIR simulator.

predicted image is closer to the ground truth, reflecting higher
reconstruction accuracy.

3.2. Dataset Generation and Training

Based on the imaging process of SAIR, we have established a
SAIR simulation analysis model, which aims to generate visi-
bility functions from grayscale images. The simulation param-
eters are shown in Table 1.

TABLE 1. Simulation parameters of SAIR.

Parameters Values

Array Size 64× 64

Wavelength 3mm

Source spacing 1.56 cm

Antenna Spacing 1 cm

Antenna aperture 0.64m

Imaging distance 8m, 10m

In this study, we utilize the SAIR simulator, as illustrated
in Fig. 5, to generate the dataset. The simulator is designed to
accurately reproduce the signal processing flow of a practical
SAIR system. Specifically, the imaging simulator takes a 128×
128 grayscale image as the input scene, and a 64 × 64 cross-
shaped antenna array is employed to capture the millimeter-
wave radiation signals from the target. The received radia-
tion signals are integrated to obtain Ec and El. According to
the principle of linear superposition of radiation, the radio fre-
quency (RF) signal received at each antenna element is sim-
ulated. These signals are then processed through amplifica-
tion, filtering, and mixing stages to produce the intermediate
frequency (IF) signal of the radiometer. Finally, the visibility
function V is obtained by an analog-to-digital converter (ADC)
and the simulator outputs V together with the antenna coordi-
nates, thus completing the entire simulation process.
The simulation procedure adopted in this study is as follows:

1. 50,000 natural scene images were selected and converted
into grayscale images, with a target image resolution of
128× 128.

2. Select an image T for SAIR imaging simulation, and ob-
tain visibility functions VR1 and VR2 with the dimension
of 64× 64 at imaging distances R1 and R2, respectively.

3. Repeat Step 2 for each natural image to construct the com-
plete dataset. The dataset is then randomly divided into
training, validation, and testing subsets, with 80% of the
data used for training, 10% for validation, and the remain-
ing 10% for evaluating the imaging performance of the
proposed method.

The network training process is shown in Fig. 6. High-
resolution scenes are processed through SAIR simulation to
generate visibility functions VR1 and VR2 at different distances
as inputs, outputting predicted images Tpred. The predictions
are compared with target images Ttarget to calculate loss. If
the result is below a predetermined threshold, training is ter-

FIGURE 6. The process of network training.
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(a) (b)

FIGURE 7. Reconstructed images of 1-D. (a) G-matrix method at imaging distances of 8m and 10m. (b) MS-IFNet and MS-VFNet methods.

minated. Otherwise, parameters are updated using the back-
propagation.
The entire network was implemented based on the PyTorch

framework. During training, the learning rate was set to 0.03
and the batch size to 64. Adam optimizer was employed, and
the training process was conducted for 300 epochs. The number
of attention heads was set to four.

4. SIMULATION AND RESULTS

4.1. Experimental Environment
In this section, to evaluate the effectiveness of the MS-VFNet
method, we designed comparative experiments with multi-
ple imaging methods (G-matrix method, SAIR-DAIN method,
MS-IFNet method, and MS-VFNet method). The experimen-
tal platform is a PC equipped with CPU (i9-10900K) and GPU
(NVIDIA RTX 2080 Ti).

4.2. 1-D Imaging Experiments
To evaluate the effectiveness of the proposed MS-VFNet
method in improving imaging resolution, we conducted
imaging simulation experiments on a 1-D target. The original
scene consists of two parts: the left part is a 1-D simulation
curve, and the right part contains two point sources with
a source spacing of 1∆L. Since the image-domain fusion
method achieves better reconstruction than SAIR-DAIN, only
the results of the MS-IFNet method are presented. Fig. 7(a)
shows the reconstruction results using the G-matrix method
applied separately to visibility functions at imaging distances
of 8m and 10m. Fig. 7(b) displays the results of MS-IFNet

and MS-VFNet methods, both fusing visibility function from
8m and 10m. For ease of comparison, the target image is
shown in red, while the reconstructed images are shown in
blue.
The simulation results show that the traditional G-matrix

method suffers from strong over-smoothing. It fails to recover
fine peak-valley features in the target curve and cannot distin-
guish the two right-side point sources, leading to major detail
loss. As seen in Fig. 7(b), MS-IFNet and MS-VFNet yield re-
constructions that better match the original curve. MS-IFNet
captures most details yet still shows deviations in peak height
and shape. This can be attributed to information loss and the in-
troduction of errors during the transformation from the visibil-
ity domain to the image domain. By leveraging multi-scale vis-
ibility fusion, the proposed MS-VFNet demonstrates stronger
reconstruction capabilities. As evident from the zoomed-in
view, it successfully recovers multiple peak-valley structures
on the left and clearly distinguishes the two point sources on the
right. In summary, the MS-VFNet method outperforms both
the G-matrix and MS-IFNet methods in terms of resolution en-
hancement.

4.3. 2-D Imaging Experiments

To evaluate the effectiveness of the proposed MS-VFNet in en-
hancing imaging accuracy, we conducted 2-D imaging simula-
tion experiments in this section. Since the visibility function
sampled at 8m contains finer spatial details, the single-scale
input method SAIR-DAIN utilizes only the 8m visibility func-
tion. Fig. 8(a) and Fig. 8(e) show the original high-resolution
target images. Figs. 8(b)-(d) and Figs. 8(f)–(h) present the re-
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(a) (b) (c) (d)

(e) (f) (g) (h)

FIGURE 8. Reconstructed images of 2-D. (a) Earth Scene. (b) Image TSAIR-DAIN. (c) Image TMS-IFNet. (d) Image TMS-VFNet. (e) Plane Scene. (f) Image
TSAIR-DAIN. (g) Image TMS-IFNet. (h) Image TMS-VFNet.

constructed images obtained by the SAIR-DAIN, MS-IFNet,
and MS-VFNet methods, respectively.
The reconstructed image TSAIR-DAIN can preliminarily restore

the target scene information but introduces background noise
and loses some content. As clearly observed in Figs. 8(b)
and (f), noise artifacts appear around the aircraft target, and a
small portion is missing in the upper right corner of the Earth
scene. For the MS-IFNet method, the reconstructed images
shown in Figs. 8(c) and (g) exhibit reduced information loss
through multi-scale fusion, but the noise contamination issue
remains unresolved, resulting in suboptimal performance. The
reconstruction results of the MS-VFNet method, as illustrated
in Figs. 8(d) and (h), are closer to the original images with visu-
ally enhanced clarity, clean background, and rich image infor-
mation, accurately reconstructing aircraft wings and continen-
tal fissures. This demonstrates that the MS-VFNet method can
effectively fuse original multi-scale visibility function without
introducing errors and recover high-frequency information in
images.
To more accurately evaluate the quality of reconstructed im-

ages, we calculated two commonly used objective evaluation
metrics for the reconstructed images in Fig. 8: Peak Signal-
to-Noise Ratio (PSNR) and RMSE. A higher PSNR value in-
dicates a smaller difference between the reconstructed image
and original image, meaning higher similarity between them.
RMSE is used to quantify the average error between predicted
values and true values, reflecting the accuracy of model pre-
dictions. A smaller RMSE value indicates a smaller difference
between the predicted image and target image, corresponding
to higher image restoration quality. The PSNR can be derived
as,

PSNR=10 log10

(
MAX2

1
H×W

∑H
i=1

∑W
j=1 (TPred(i, j)−TGT (i, j))

2

)
(13)

For further objective evaluation, Table 2 lists PSNR and
RMSE values for each method. The proposed MS-VFNet

TABLE 2. Performance metrics for three method.

Scene Criterion SAIR-DAIN MS-IFNet MS-VFNet

Plane
RMSE 20.710 20.518 12.641
PSNR 21.807 21.888 26.095

Earth
RMSE 30.036 27.499 14.236
PSNR 18.578 19.344 25.063

achieves the highest PSNR and lowest RMSE in both the air-
craft and Earth scenes. This objectively demonstrates that MS-
VFNet can achieve higher-precision imaging than SAIR-DAIN
and MS-IFNet methods.
During the imaging process, inversion time is a critical factor

to consider. Although data preparation and model training usu-
ally require considerable time in the early stages, once the net-
work training is completed, the inversion process only involves
loading the trained model weights. As a result, deep learning-
based inversionmethods exhibit extremely fast imaging speeds.
In contrast, for the traditional G-matrix method, the imaging
process requires first constructing the G-matrix, followed by
a large number of iterative computations during the inversion
stage. Typically, hundreds of iterations are needed to obtain the
final result, making this approach highly time-consuming.
Table 3 lists in detail the inversion time required by the

three methods, all tested under the same hardware platform
and runtime environment. For the software environment, G-
matrix method was implemented in MATLAB R2024b, while
SAIR-DAIN, MS-IFNet, and MS-VFNet methods were imple-
mented in PyCharm 2024. It can be clearly observed that the

TABLE 3. Image reconstruction time comparison.

Scene G-matrix SAIR-DAIN MS-IFNet MS-VFNet
Earth 27.5 s 1.5 s 1.1 s 1.1 s

146 www.jpier.org



Progress In Electromagnetics Research C, Vol. 162, 140–147, 2025

G-matrix method takes a significantly longer time, whereas the
deep learning-based methods are much faster. The difference
between MS-VFNet and MS-IFNet is relatively small, mainly
because the fully connected layers, which dominate the net-
work’s parameter size and computational cost, are similar in
both networks, and the other modules also show no substantial
differences. Compared with the SAIR-DAIN method, our pro-
posed approach achieves a smaller number of parameters and
faster inversion speed owing to its lightweight network design.
These results demonstrate that the proposedMS-VFNet method
possesses excellent real-time performance and can effectively
meet the imaging speed requirements of practical applications.

5. CONCLUSION
In near-field SAIR imaging, existing methods using original
single-scale visibility result in suboptimal imaging accuracy.
To address this problem, we propose a novel deep learning net-
work MS-VFNet in this paper. We design a cross-attention
Transformer architecture to extract global features from multi-
scale visibility functions and reduce information loss, thereby
obtaining high-precision original visibility function for inver-
sion imaging. Simulation results show that the reconstructed
image quality of the proposed MS-VFNet method is better than
the existing near-field SAIR brightness temperature image re-
construction methods (G-matrix method, SAIR-DAIN method,
and MS-IFNet method). In future work, incorporating addi-
tional multi-scale visibility function from more imaging dis-
tances may further enhance SAIR imaging performance.
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