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Abstract: When observing the Earth from space, the synthetic aperture radiometer antenna array
is sometimes set as a non-uniform array. In non-uniform synthetic aperture radiometer image
reconstruction, the existing brightness temperature image reconstruction methods include the grid
method and array factor forming (AFF) method. However, when using traditional methods for
imaging, errors are usually introduced or some prior information is required. In this article, we
propose a new IASR imaging method with deep convolution neural network (CNN). The frequency
domain information is extracted through multiple convolutional layers, global pooling layers, and
fully connected layers to achieve non-uniform synthetic aperture radiometer imaging. Through
extensive numerical experiments, we demonstrate the performance of the proposed imaging method.
Compared to traditional imaging methods such as the grid method and AFF method, the proposed
method has advantages in image quality, computational efficiency, and noise suppression.

Keywords: non-uniform synthetic aperture radiometer; image reconstruction; deep convolution
neural network

1. Introduction

The application flexibility of a regular antenna array is limited because the antenna
elements need to be arranged according to a certain array shape, and there will be more
redundant baselines in the regular arrangement of antenna elements. In addition, when
the minimum antenna spacing of a regular antenna array is greater than a half wave-
length, there will be grid lobe and periodic aliasing, and its non-aliasing field of view will
be narrowed [1,2].

The antenna array of a non-uniform antenna array synthetic aperture radiometer
can be arranged according to needs such as according to the shape of the platform and
according to the formation of satellites, so it has better flexibility and adaptability. The
redundant baseline can be designed as very little or even close to zero, so the number of
antennas, channels, and correlators required for the same spatial resolution can be less.
Because the sampling of a non-uniform antenna array synthetic aperture radiometer in the
spatial frequency domain is non-uniform, it is also called a non-uniform sampling synthetic
aperture radiometer. Its array factor does not have periodicity, so its inversion image will
not have obvious periodic aliasing.

However, non-uniform sampling synthetic aperture radiometer (IASR) will face the
problems of a complex image reconstruction algorithm and poor inversion accuracy in
application. The G-matrix reconstruction method and FFT method are often applied to
a regular antenna array synthetic aperture radiometer, while a non-uniform sampling
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synthetic aperture radiometer is difficult to adopt using the above method [3,4]. The
reasons are as follows:

1.  The G-matrix method measures the G-matrix of the system response, and then uses the
measured G-matrix to reconstruct the brightness temperature image of the measured
data by using the regularization algorithm. There are many very small singular values
in the G-matrix of the impulse response of a non-uniform sampling synthetic aperture
radiometer system. These small singular values are caused by the non-uniform
arrangement of element antennas. When the G-matrix reconstruction method is used
for image reconstruction, a stable solution cannot be obtained.

2. Based on the ideal situation, the FFT method can meet the Fourier transformation
relationship between the visibility function and the brightness temperature image.
Through the measured visibility function, the anti-Fourier transform is transformed
and rebuilds the brightness temperature image. Although a stable solution can be
obtained by using the FFT method, the FFT method requires that the sampling points
in the frequency domain are evenly distributed, while the sampling points of the non-
uniform sampling synthetic aperture radiometer on the UV plane are non-uniform,
which will introduce large errors into the inversion image.

There are many methods for the brightness temperature image reconstruction of a
non-uniform synthetic aperture radiometer including the grid method, array factor forming
(AFF) method, and so on [5-10]. The grid method can improve the computational efficiency
of the inversion of a non-uniform sampling synthetic aperture radiometer and obtain
better inversion results. However, in terms of mathematical process, the grid method is a
convolution interpolation algorithm. When using the grid method to invert the brightness
temperature image, it will introduce errors including the truncation error, aliasing error,
and discrete error. When using the AFF method for image reconstruction, it has certain error
correction ability and will not produce an aliasing error. Compared with the grid method,
the reconstruction effect is better, but there is still room for improvement. At present,
convolutional neural networks can be used for both regression and classification tasks (by
defining the different input, output, and loss functions of the network, the network can
be used for different tasks), and there have been studies on the use of CNNs for imaging
with mirror aperture synthetic imaging [11-13]. However, due to the characteristics of non-
uniform synthetic aperture radiometers such as non-uniform sampling in the frequency
domain and that the baseline is not necessarily an integer, the existing network structure
cannot be applied to the imaging of a non-uniform synthetic aperture radiometer. It is
necessary to design the corresponding convolutional neural network structure according to
the characteristics of a non-uniform synthetic aperture radiometer.

Therefore, it is necessary to study the reconstruction algorithm of a non-uniform
sampling synthetic aperture radiometer in order to reduce the inversion complexity and
improve the inversion accuracy. Aiming at the two-dimensional non-uniform synthetic
aperture radiometer system, this paper uses a convolution neural network to reconstruct
the brightness temperature image of a non-uniform synthetic aperture radiometer. The
proposed method was verified by simulation. When using the same dataset, the recon-
struction effect was better than the traditional method, with an average RMSE of about
10.1 K and an average PSNR of about 24.4 dB (both better than the traditional grid method
and AFF method). When using a small sample dataset for network training, the quality
of the brightness temperature image reconstructed by the network is still acceptable. The
proposed method is more suitable for the reconstruction of non-uniform synthetic aperture
radiometer images.

The rest of this paper is organized as follows. In Section 2, we briefly introduce the
process of non-uniform synthetic aperture image reconstruction and the definition of a
related neural network. In Section 3, we introduce the steps of dataset generation, the
overall network structure, and the training steps in detail. In Section 4, through different
simulations, the imaging quality differences between different methods and the methods
proposed in this paper are compared. The results show that the method proposed in this
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paper has advantages in imaging quality and error correction. In Section 5, we summarize
the content of the full text.

2. Related Works
2.1. Non-Uniform Synthetic Aperture Radiometer Model

Synthetic aperture radiometer uses a sparse antenna array to pair the unit anten-
nas of the array to form many binary interferometers with different baselines. The binary
interferometer measures the visibility function sampling through the complex correlation re-
ceiver, and finally reconstructs the original scene brightness temperature image distribution
map through the inversion algorithm. The basic principle diagram of a two-dimensional
distributed synthetic aperture radiometer is shown in Figure 1 [14-16].
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Figure 1. Schematic of the interference measurement.

In TASR, the measurement output is called the visibility function, given as Equation (1):

Vo) = [[ T(@mne Pt ondzay, (1)
F2+n2<1

where T (¢, 77) is the modified brightness temperature distribution of the observed scene;
(&, 7) are the coordinates of the brightness temperature distribution; the obtained visibility
function V(u,v) is a complex-valued matrix, (1, v) are the spatial frequency determined by
the spacing between the antenna positions; (¢, %) = (sin® cos ¢, sin 0 sin @) is the direction
cosine; 6 and ¢ are the azimuth. An estimate of the brightness temperature distribution
can be reconstructed by inverse discrete Fourier transform:

r 7 ,
T(E,n) = Z Z V(uir v]-)e]ZTL'(ui‘:"rU]ﬂ), )
i==lj=-]
2.2. Definition of the Related Neural Network

(1) Convolution
In a typical convolution process, the input data are convolved in parallel with multiple
learnable filters (convolutional kernels). The result of the convolution is sent to a nonlinear
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activation function such as a sigmoid or a rectified linear unit (ReLU) to generate as many
feature maps as the convolution filter. Hidden units in the same feature map share the
same weights and can be displayed as feature extractors that detect specific features at each
location in the previous layer. Therefore, each feature map represents unique features at
different locations in the previous layer. The details of the complex number convolution
process can be displayed as follows [17-20].

In the convolution layer, the input feature maps 0571 (i=1,...,I) of the previous
layer are connected to the output feature maps O} (j=1,...,]) of the current layer, and O;
can be calculated by:

I _ . .
oj. :BN(Zizle.i*of 1+b]’-),] =1,....]i=1,...,1 (3)

where BN denotes the nonlinear activation function; * represents the convolutional opera-
tion; w}i represents the bank of filters (convolutional kernel); bj. represents the bias of the
convolutional kernels in layer j; i and j represent the serial number of the input and output
channels of the I-th convolution layer; I and ] represent the total number of the input and
output channels of the I-th convolution layer.

The hyperparameters of the convolutional layer include the number of feature maps
(), filter size (F), stride (S), and zero-padding (P). The filter size (F) is the size of the
convolutional kernel. The stride (S) is the distance that the convolution kernel moves each
time on the input image. Zero-padding (P) means adding an appropriate number of zeros
to the edges in the input image. When the size of the input image of layer j is X; x Y7,
the size of the output image of layer j is X, x Y, where Y, = (Y7 — F+2P)/S+ 1 and
X, = (X3 —F+2P)/S+1.

(2) Global average pooling

The features extracted by the convolution operation are local features (the nodes of the
convolution layer are only connected to some nodes in the previous layer), and the receptive
field is local, so the convolution operation cannot make good use of some information
outside the receptive field [21,22].

To alleviate this problem, on each channel, global average pooling is performed on the
extracted features. For each element of Z; it is represented as follows:

1

W H
WXH;};OI(X’y)’ (4)

Zp =

where Z; is the result of performing the global average pooling on feature Oj in the spatial
dimension W x H.

(3) Feature enhancement

In order to utilize the information extracted by the global pooling operation and exploit
the information dependencies between channels, the feature enhancement operation is
used to obtain the importance of each feature channel, and the operation of the feature
enhancement can be defined as follows.

Sy = Sigmoid (WyRelu(W1Z; + By) + By), ®)

where Wi and B; denote the weight matrix and the bias vector of the full connection layer
1, respectively; W, and B, denote the weight matrix and the bias vector of full connection
layer 2, respectively; Relu and Sigmoid are the nonlinear activation function.

3. Dataset and Learning for ISAR-CNN

In this section, we first introduce the generation steps of the simulated IASR image
dataset, and then we introduce the specific structure and learning details of the IASR-
CNN network.
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3.1. Dataset Generation

The ideal IASR system simulation program (without system errors) is used to generate
the dataset, which was used in the simulations. In this paper, we chose a randomly
distributed non-uniform antenna array composed of 51 antennas, and the maximum
baseline was 50 (after wavelength normalization). When the number of antennas is too
small, the image reconstruction quality is poor due to the few sampling frequency points,
and when the number of antennas is too large, the simulation calculation time is too long. In
order to avoid excessive calculation and obtain a better image display, we chose a randomly
distributed 51-element antenna array in our manuscript. The generating steps for the
training dataset and the testing dataset are as follows.

1.  From the UC Merced (UCM) dataset (created by researchers at the University of
California, Merced, CA, USA) of 21 different categories of remote sensing images, an
image was selected and converted to grayscale. In order to correspond to the scale of
the conventional microwave brightness temperature image, we mapped the scale of
the image from 0-255 to 2.7-300 (in the practical application of Earth remote sensing,
the scene brightness temperature is mostly distributed between 2.7 K and 300 K,
and the simulated scene covers the dynamic range of the whole scene brightness
temperature distribution). Then, we used this image as the original scene brightness
temperature image (7).

2. Tis then input into the ideal non-uniform synthetic aperture radiometer simulation
program to generate the simulated non-uniform synthetic aperture radiometer vis-
ibilities function V(u,v) and its corresponding UV plane coordinates (u,v). In the
non-uniform synthetic aperture radiometer simulation program, the antenna array
is set to a randomly distributed 51-element antenna array, and the antenna array is
shown in Figure 2 (the X-axes and Y-axes represent the relative position of the antenna
distribution, and the unit is the multiple of the wavelength). The receiving frequency

was set to 33.5 GHz.
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Figure 2. Randomly generated antenna array (after wavelength normalization) and UV plane
sampling point.

3. V(u,v) (size of 1 x 269) and (u,v) (size of 1 x 269) were combined as one input data
[V(u,v) (u,0v)], with a size of 3 x 269.

4. [V(u,v) (u,v)] and T (size of 79 x 79) were combined as one sample.

5. After each image in the UCM dataset undergoes steps 1-4, we can obtain multiple
samples to form dataset (D).

6. Randomly select 90% of the data from dataset (D) as the training dataset (Dirqin), and
the remaining 10% of the data from dataset (D) is then used for network testing as the
testing dataset (Dyest)
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3.2. Learning for IASR-CNN

Aiming at addressing the problem of two-dimensional non-uniform synthetic aperture
radiometer brightness temperature image reconstruction, the input and output data of the
convolutional neural network were specifically defined. The input data were defined as
the spatial frequency data (the visibility function V (1, v)) and the corresponding spatial
frequency coordinates (the coordinates (1, v) of the UV plane), and the output data were
the microwave brightness temperature image (T).

By training the network with a suitable training dataset, the network can learn the
mapping relationship between the frequency and the spatial, realize the transformation
from the frequency to the spatial, and reconstruct the microwave brightness temperature
image, which is called the IASR-CNN. The IASR-CNN consists of two parts: the information
extraction (consist of ID-CNN, 2D-CNN, global average pooling, and feature enhancement)
and the image reconstruction (consist of 2D-CNN). The structure of the IASR-CNN is
depicted in Figure 3.

Global
average Feature
pooling enhancement
V(uv) (uv)l ) ) )
Pretreatment Repeat
> | [ m—) 2xVxC 64xVxC 1xvx1 1xVx1
il S
c
3xVx1 4x\x1 4xVxC
M—f =
04
2xVxC 64xV/xC
a _—) |
32xvxC 64xVxC
T = ‘ i r ‘ )
O | <mm c7 <= o m| «6—)« Ose
1xMxN 16xM;xN; 32xM,xN, 64xVxC 64xVxC 64xVXC

Figure 3. Structure of the IASR-CNN.

Because the function of the network is to reconstruct the microwave brightness tem-
perature image rather than classification, the pool layer and full connection layer are not
used in the image reconstruction stage of the network. The brightness temperature im-
age is obtained directly after dimensionality reduction through a multi-layer convolution
layer [23]. The following describes the network in detail.

The input data are combined by V(u,v) and (1, v), which have sizes of 1 x 269 and
2 x 269. Since the visibility function V(u,v) is a complex matrix, and the convolutional
neural network cannot process the complex matrix, the visibility function has to be reor-
ganized into a real-valued matrix with a size of 2 x 269. After pretreatment, the size of
the input data changes from 3 x 269 to 4 x 269, which is composed of the real part of the
visibility function, the imaginary part of the visibility function, the u coordinate, and v coor-
dinate, respectively. Then, the preprocessed data (size of 4 x 269) are repeated to a size of
4 x 269 x 269. After the repeat, the input data have undergone two convolution operations.
Convolution layer 1 (C1) contains 32 filters, and the size of each filter is 3 x 3. Convolution
layer 2 (C2) contains 64 filters, and the size of each filter is 3 x 3. In convolution layers 1
and 2, the stride of the filters is 1 and the pooling size is 1 x 1.

At the same time, the repeated data (size of 4 x 269 x 269) are divided into the visibility
function part (size of 2 x 269 x 269) and UV plane coordinate part (size of 2 x 269 x 269).
The UV plane coordinate part is input to the convolutional layer (C3). C3 contains 64 filters,
each with a size of 3 x 3. The stride of the filters is 1, and the pooling size is 1 x 1. Then,
after global average pooling and feature enhancement of the output of C3, the channel
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weighting information (S.) is obtained. At the same time, the visibility function part (size
of 2 x 269 x 269) is input to the convolutional layer (C4), and the output is the convolution
features between channels (O4). The convolutional layer (C4) contains 64 filters, each with
a size of 3 x 3. The stride of the filters is 1 and the pooling size is 0.

In order to make better use of the global information for the features between chan-
nels, Oy and S, are multiplied to obtain the weighted channel information (Ose) for
subsequent processing.

The outputs of Oy and C2 are added and input into the convolution layer (C5). The
convolutional layers (C5, C6, C7, C8, and C9) are connected as shown in Figure 3. The
convolutional layer (C5) contains 64 filters, each with a size of 5 x 5. The stride of the filters
is 1 and the pooling size is 2 x 2. The convolutional layer (C6) contains 64 filters, each with
a size of 3 x 3. The stride of the filters is 1 and the pooling size is 2 x 2. The convolutional
layer (C7) contains 32 filters, each with a size of 5 x 5. The stride of the filters is 2 and the
pooling size is 1 x 1. The convolutional layer (C8) contains 16 filters, each with a size of
5 x 5. The stride of the filters is 2 and the pooling size is 1 x 1. The convolutional layer (C9)
contains one filter, each with a size of 3 x 3. The stride of the filters is 1 and the pooling
sizeis 1 x 1.

Batch normalization (BN) and rectified linear unit (ReLU) operation are included
after the convolution operation of convolution layers C1-C8, and the Sigmoid oper-
ation is included after the convolution operation of convolution layer C9. ReLU and
Sigmoid are activation functions, whose formulas are ReLU (m) = Max (0, m) and
Sigmoid (m) =1/(1 + e~ ™), respectively.

After the JASR-CNN structure is determined, the network needs to be trained through
the training dataset generated in Section 3.1 to determine the parameters (such as weights
and biases) of the network. The training dataset Dy,in, contains multiple samples. Each
sample is composed of a non-uniform synthetic aperture radiometer visibilities function
V(u,v) as well as its corresponding UV plane coordinates (1, v) and corresponding original
scene brightness temperature image (T). The generation of the dataset is described in detail
in the previous section.

The input of the IASR-CNN is the visibilities function V (u,v) and its corresponding
UV plane coordinates (u,v). The output of the IASR-CNN is the brightness temperature
image (Tenn). When all the samples in the training dataset Dyqin are input into the network,
the network completes an epoch training. Through multiple epoch training, the parameters
in the IASR-CNN are adjusted iteratively to reduce the root mean square error (RMSE)
between the T¢y; and T (in the training dataset Dyy,in). When the number of training
cycles reaches the set epoch or the RMSE tends to be stable, it indicates that the network
has completed the training. In this paper, by comparing the final convergence results of
different gradient descent algorithms (such as the SGD, Adadelta, and Adam algorithms),
the standard backpropagation stochastic gradient descent algorithm (SGD) was selected to
minimize the RMSE and update the IASR-CNN parameters (the learning rate attenuation
strategy will be adopted in the actual use, so the learning rate decreases gradually). The
formula for calculating the RMSE between T, and T (in the training dataset) is as follows.

1 L 1 2
RMSE= £}, \/ oy L Tennk = Ti) ©)

where the size of the T and Ty, is X X Y; k is the sample sequence number; L is the total
number of samples in the training dataset.

4. Experiments and Result Analysis

In this section, we used the IASR-CNN for non-uniform synthetic aperture ra-
diometer imaging and compared it with traditional imaging methods (the grid method
and AFF method).

The IASR-CNN was programmed under the Pytorch framework based on Python 3.8,
and CUDA11.1 (Compute Unified Device Architecture) was used to accelerate the GPU.
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The configuration of the computer hardware was AMD Ryzen 9 5950X, with 64 GB RAM
and a GPU card (NVIDA GeForce RTX 3090).

4.1. Ideal Simulation Results

Through the error-free dataset generated by simulation, the network was trained and
tested to verify whether the IASR-CNN could learn the mapping relationship between
the visibilities function V(u, v) and its corresponding UV plane coordinates (1, v) and the
original scene brightness temperature (T) as well as reconstruct the brightness temperature
image. The effect of the network reconstruction of brightness temperature image was
evaluated qualitatively and quantitatively.

The training dataset generated in Section 3.1 was used to train the IASR-CNN of the
51-element non-uniform array. Figure 4 shows the RMSE convergence trend in the IASR-
CNN training process (it took about 7 h to complete the training). Obviously, the network
was relatively stable after 300 iterations, and the convergence speed of the IASR-CNN was
fast. The RMSE converged to about 7.4 K.

50 T T T T

0 100 200 300 400
Epoch

Figure 4. The RMSE convergence trend.

We used the test dataset (generated in Section 3.1) to test the trained network to
verify that the network could reconstruct the brightness temperature. Figure 5a shows
the original scene brightness temperature (T), which was randomly selected from the
test datasets, Figure 5b shows the image T, reconstructed by the network, Figure 5c
shows the image Tiq reconstructed by the grid method, and Figure 5d is the image T
reconstructed by the array factor forming method. A comparison with the original scene
brightness temperature showed that the effect of the IASR-CNN method for the brightness
temperature reconstruction was better, and visually, the T, reconstructed by the network
was not much different from the original scene image T.

An objective index for the evaluation, root mean square error (RMSE), and peak signal-
to-noise ratio (PSNR) is often used to analyze the quality of the brightness temperature
image reconstructed by different methods. When the RMSE is smaller, the smaller the error
between the original scene brightness temperature image and the image reconstructed
by different methods. The RMSE is usually used to quantitatively reflect the brightness
temperature reconstruction effect of different methods. The PSNR is usually used to
measure the distortion degree of the image reconstructed by different methods. The larger
the PSNR, the smaller the distortion of the image reconstructed by different methods, and
the formula is as follows.

@)

2
PSNRlelogm(D X Mx N)

Y (Tenn — T)?
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The RMSE of the IASR-CNN method, grid method, and AFF method were 10.1625 K,
15.3871 K, and 14.9078 K, respectively, and the PSNR values were 24.41 dB, 20.57 dB, and
21.66 dB, respectively. It can be seen that the RMSE value of the network method was less
than that of the grid method and AFF method, while the PSNR value was higher than that
of the grid method and AFF method. Therefore, the quality of the image reconstructed
by the IJASR-CNN method was better than that of the two traditional methods (the grid
method and the AFF method).
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(b)

(c)

Figure 5. The IASR images reconstructed by different methods at the same scene. (a) Original scene.
(b) IASR-CNN method. (¢) Grid method. (d) AFF method.

In order to further analyze the spectrum of the reconstructed image by the three
methods, after normalizing the spectrograms of the images in Figure 5a—d, one-dimensional
curves were intercepted along the u and v directions through the maximum value points
(the Y-axes represent the normalized spectral amplitude), as shown in Figure 6a,b. Since
the spectral differences in Figure 6a,b were not obvious, a partial enlarged view of the
high-frequency region in Figure 6a,b was drawn, as shown in Figure 6¢,d.

It can be seen from Figure 6a—d that there was a clear gap between the spectrum of the
image reconstructed by the grid or AFF method and the spectrum of the original image,
regardless of whether it was in the u direction or the v direction, and the spectrum of the
image reconstructed by the IASR-CNN was closer to the spectrum of the original scene. The
training label of the IASR-CNN network is the original scene brightness temperature image,
and the image contained all of the spectral information. Through the network structure
such as information extraction and inter-channel feature enhancement, the network learns
as much of the spectrum information as possible from the original scene brightness tem-
perature image, and corrects the truncation errors due to non-uniform synthetic aperture
radiometer measurements.
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Figure 6. The spectrum of images reconstructed by different methods at the same scene. (a) Spectrum
in direction u. (b) Spectrum in direction v. (¢) High-frequency spectrum in direction u. (d) High-
frequency spectrum in direction v.

We used the RMSE to quantitatively compare the spectrum of the image reconstructed
by different methods (the IASR-CNN method, grid method, and AFF method) with the
original scene spectrum, and the RMSEs were 1.31 x 1073, 2.15 x 10~* and 1.77 x 10~*
(after spectrum normalization). This quantitatively shows that the spectrum of the network
reconstructed image was closer to the original scene spectrum.

The above evaluation metrics were only calculated based on a single sample in the
test dataset generated in Section 3.1, which was not enough to explain the overall situation
of the test dataset and the effect of the network reconstruction. Therefore, 1000 samples of
data were selected from the test dataset, and we used different methods (the IASR-CNN,
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grid, and AFF methods) to reconstruct the IASR brightness temperature image from the
visibility function in the sample, respectively.

The reconstruction results of 1000 samples were counted, and the average RMSE and
PSNR of the different methods were calculated, respectively. The results are shown in
Tables 1 and 2.

Table 1. The evaluation metrics of the brightness temperature images reconstructed by three methods.

Method RMSE (K) PSNR (dB)
TASR-CNN method 9.4718 24.6375
Grid method 15.3268 20.6268
AFF method 14.8785 21.8099

Table 2. The evaluation metrics of the spectrum corresponding to the images reconstructed by
three methods.

Method RMSE
IASR-CNN method 1.35 x 1074
Grid method 221 x 1074
AFF method 1.76 x 1074

As can be seen from Table 1, the average RMSE value of the IASR-CNN method was
lower than the two traditional methods, while the average PSNR value was higher than
the two traditional methods. Therefore, the quality of the brightness temperature image
reconstructed by the IASR-CNN method was higher than that of the grid method and
AFF method.

In the case of ignoring the measurement error and noise interference, due to the lack
of spatial frequency measurement in the two-dimensional non-uniform synthetic aperture
radiometer system, the grid method will interpolate the visibility function and introduce
additional errors into the image reconstruction. The AFF method cannot supplement and
correct the lack of spatial frequency measurement, which leads to the imaging quality of
these two methods not being as good as that of the IASR-CNN method.

As can be seen from Table 2, when reconstructing the brightness temperature image,
the IASR-CNN method can not only learn the mapping relationship between the non-
uniform visibility function and the corresponding UV plane coordinates and the brightness
temperature image of the original scene from the training dataset, but also supplements
and corrects the missing frequency domain components measured by the non-uniform
synthetic aperture radiometer system. The spectrum of the brightness temperature image
reconstructed by the IASR-CNN method was closer to the spectrum of the original scene
compared to the spectrum of the brightness temperature image reconstructed by the grid
method or the AFF method.

Although it takes a long time to train the network, when the network is trained, the
time required to reconstruct the brightness temperature image using the trained network is
shorter, which is faster than the traditional method, as shown in Table 3.

Table 3. Time required for image reconstruction by the different methods.

Method Time (s)
TASR-CNN method 0.016
Grid method 0.19
AFF method 0.85

4.2. Simulation Results with Errors

In this section, we added Gaussian noise to the ideal visibility function generated by
the simulation, and then used the trained network to reconstruct the brightness temperature
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images. Through a comparison with the grid method and the AFF method, we verified the
noise immunity and correction of the network.

Gaussian noise with an intensity of 0 to 0.3 (i.e., a mean of 0 and a standard deviation
of 0 to 0.3) was added to the visibility function of the sample. One sample was randomly
selected from all of the samples in the test dataset. Under different noise intensity, three
methods (the IASR-CNN method, grid method, and AFF method) were used to reconstruct
the microwave brightness temperature image of the input data (including visibility function
and corresponding UV plane coordinates) in the sample. The results are shown in Figure 7.
Under different noise intensities after imaging, all of the data in the test dataset by the three
methods, the average RMSE, and PSNR are shown in Figure 8.

(h) () ()

Figure 7. The brightness temperature images reconstructed by the different methods at variable noise
intensities. (a) Original scene. (b) The IASR-CNN method at a 0.1 noise intensity. (¢) The grid method
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at a 0.1 noise intensity. (d) The AFF method at a 0.1 noise intensity. (e) The IASR-CNN method at
a 0.2 noise intensity. (f) The grid method at a 0.2 noise intensity. (g) The AFF method at a 0.2 noise
intensity. (h) The IJASR-CNN method at a 0.3 noise intensity. (i) The grid method at a 0.3 noise
intensity. (j) The AFF method at a 0.3 noise intensity.
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Figure 8. The evaluation metrics of the brightness temperature image reconstructed by different
methods at variable noise intensities. (a) PSNR. (b) RMSE.

Figures 7 and 8 show that the IASR-CNN had better noise immunity than the other
methods. First, for all of the noise intensities, it can be seen that the IASR-CNN always
obtained a higher PSNR and lower RMSE than the other methods (the grid method and
AFF method).

In addition, it should be noted that when the noise intensity increased, the RMSE
of the other two methods of reconstructing the brightness temperature image increased
rapidly and the PSNR decreased rapidly. The RMSE of the brightness temperature image
reconstructed by the IASR-CNN was always lower than 14 K and the PSNR was always
higher than 22 dB, which clearly showed its strong robustness to noise. When the noise
intensity was 0.3, the gap between the IASR-CNN and the other two traditional methods
was about 35% in the RMSE and 23% in the PSNR.

Next, we evaluated the performance of the network by training the network using
training datasets with different usage rates (contained 50% to 90% of the samples in
the full training dataset). The network was trained and tested under different noise
conditions (noise free and the noise intensities from 0 to 0.3), and the results are shown
in Tables 4 and 5.

Table 4. The RMSE (K) of the IASR-CNN method with different usage ratios.

Variable Noise Intensities 50% 60% 70% 80% 90%
0 9.8924 9.7922 9.7757 9.6031 9.5327
0.1 10.7056 10.6691 10.5176 10.3349 10.2615
0.2 12.8341 12.7241 12.2785 12.0975 11.9740
0.3 15.3358 15.1270 14.9058 14.5469 14.1078

Table 5. The PSNR (dB) of the IASR-CNN method with different usage ratios.

Variable Noise Intensities 50% 60% 70% 80% 90%
0 23.9786 24.0357 24.2759 24.3040 24.3436
0.1 23.1031 23.2295 23.3485 23.4191 23.5625
0.2 22.0849 22.5657 22.6787 22.8003 22.9299

0.3 20.3953 20.8124 21.1419 21.3134 22.0037
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As can be seen from Tables 4 and 5, the reconstruction quality of the brightness
temperature image with the non-uniform synthetic aperture radiometer was still acceptable
when the proposed method used a small sample of the training dataset.

We found that when the complete training dataset was used to train the network, the
performance of the IASR-CNN was much better than that of traditional imaging methods,
which showed that the IASR-CNN could learn more useful frequency domain information
from the samples of the training dataset (including visibility function, corresponding UV
plane coordinates, and the original scene brightness temperature), and the traditional
method will be affected by the information loss and artifacts caused by the non-uniform
synthetic aperture radiometer inverse imaging process, resulting in poor imaging quality.

On the other hand, when we used 50% of the training samples to train the network,
and the noise intensity was 0.1, the brightness temperature image reconstruction quality
of the IASR-CNN was 26% and 15% (PSNR) higher and 44% and 35% (RMSE) lower
than the grid method and the AFF method, respectively. When the noise intensity was
0.2, the brightness temperature image reconstruction quality of the IASR-CNN was 24%
and 11% (PSNR) higher and 38% and 34% (RMSE) lower than the other two traditional
methods, respectively. When the noise intensity was 0.3, the brightness temperature image
reconstruction quality of the IASR-CNN was 23% and 7% (PSNR) higher and 33% and 27%
(RMSE) lower than the other two traditional methods, respectively.

5. Conclusions

The array factor of the non-uniform sampling synthetic aperture radiometer does not
have periodicity, so its inversion image will not have obvious periodic aliasing. However,
the non-uniform sampling synthetic aperture radiometer will face the problems of the
complex image reconstruction algorithm and poor inversion accuracy in application, and
the G-matrix reconstruction method and the FFT method that are often applied to a regular
antenna array synthetic aperture radiometer are difficult to apply to a non-uniform antenna
array synthetic aperture radiometer.

This paper proposed a deep convolutional neural network method for IASR image
reconstruction, called the IASR-CNN method. The network consists of multiple fully
connected layers, multiple convolutional layers, and a global average pooling layer. This
method uses a specially designed convolutional neural network to learn the mapping
relationship between the visibility function obtained by the IASR and the original scene
and the systematic error during observation, in order to improve the imaging quality of the
IASR images.

Ideally, using an error-free dataset to train and test the network, the IASR-CNN
method reconstructs images of better quality than traditional imaging methods (the grid
method and AFF method). The reconstructed image quality of the different methods was
quantitatively compared. A total of 1000 samples in the test dataset were used to test the
three methods (the IASR-CNN method, the grid method, and the AFF method), and the
average RMSE was 9.4718 K, 15.3268 K, and 14.8785 K, respectively, and the average PSNR
was 24.6375 dB, 20.6268 dB, and 21.8099 dB, respectively. After the imaging, the image
was transferred to the frequency domain, the RMSE of all samples in the test dataset was
counted, and the average RMSE was 1.35 X 1074, 2.21 x 10~* and 1.76 x 10~*, which
quantitatively showed that the image spectrum reconstructed by the IASR-CNN method
was closer to the original scene spectrum compared to the traditional method (the grid
method and the AFF method). The quantitative results showed that the reconstructed
image quality of the IASR-CNN method was the best.

The simulation results with the errors showed that the brightness temperature image
reconstruction quality (50% of the training samples are used) of the IASR-CNN was 26%
and 15% (PSNR) higher and 44% and 35% (RMSE) lower than the grid method and the
AFF method, respectively, when the noise intensity was 0.1. When the noise intensity was
0.2, the brightness temperature image reconstruction quality of the IASR-CNN was 24%
and 11% (PSNR) higher and 38% and 34% (RMSE) lower than the other two traditional
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methods, respectively. When the noise intensity was 0.3, the brightness temperature image
reconstruction quality of the IASR-CNN was 23% and 7% (PSNR) higher and 33% and 27%
(RMSE) lower than the other two traditional methods, respectively.

When using a small sample dataset for the IASR-CNN network training, the quality of
the brightness temperature image reconstructed by the IASR-CNN method was acceptable.
Compared to the grid method and the AFF method, the IASR-CNN method is more
suitable for the reconstruction of a non-uniform synthetic aperture radiometer brightness
temperature image.

Author Contributions: Conceptualization, C.X. and H.D.; methodology, C.X.; software, C.X.; vali-
dation, C.X., H.D., WW. and R.Z.; formal analysis, C.X.; investigation, C.X.; resources, C.X.; data
curation, C.X.; writing—original draft preparation, C.X.; writing—review and editing, C.X. and
H.D.; visualization, C.X.; supervision, C.X., H.D., XW.,, HL,, R L., YW., G.S.,, WW. and R.Z.; project
administration, C.X,; funding acquisition, H.D. All authors have read and agreed to the published
version of the manuscript.

Funding: This work was supported in part by the Qian Xuesen Youth Innovation Fund (QXSQNCX]JJ2020-
504), and in part by the China Postdoctoral Science Foundation (2021M703491). The APC was funded by
China Academy of Space Technology (Xi’an).

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Kerr, Y.H.; Waldteufel, P.; Wigneron, J.; Delwart, S.; Cabot, F.; Boutin, J.; Escorihuela, M.; Font, J.; Reul, N.; Gruhier, C.; et al. The
SMOS mission: New tool for monitoring key elements of the global water cycle. Proc. IEEE 2010, 98, 666—687. [CrossRef]

2. Shao, X,; Junor, W,; Zenick, R; Rogers, A.; Dighe, K. Passive interferometric millimeter-wave imaging: Achieving big results with
a constellation of small satellites. Proc. SPIE 2004, 5410, 270-277.

3.  Corbella, I; Torres, F.; Camps, A.; Duffo, N.; all-Llossera, M.V. Brightness-temperature retrieval methods in synthetic aperture
radiometers. IEEE Trans. Geosci. Remote Sens. 2009, 47, 285-294. [CrossRef]

4. Zhang, Y,; Liu, H,; Wu, J.; He, ].; Zhang, C. Statistical analysis for performance of detection and imaging of dynamic targets using
the geostationary interferometric microwave sounder. IEEE |. Sel. Top. Appl. Earth Observ. Remote Sens. 2018, 11, 3-11. [CrossRef]

5. Feng, L.; Li, Q.; Chen, K;; Li, Y;; Tong, X.; Wang, X.; Lu, H.; Li, Y. The gridding method for image reconstruction of nonuniform
aperture synthesis radiometers. IEEE Geosci. Remote Sens. Lett. 2015, 12, 274-278. [CrossRef]

6. Feng, L., Wu,M,; Li, Q.; Chen, K; Li, Y.; He, Z; Tong, J.; Tu, L.; Xie, H.; Lu, H. Array factor forming for image reconstruction of
one-dimensional nonuniform aperture synthesis radiometers. IEEE Geosci. Remote Sens. Lett. 2016, 13, 237-241. [CrossRef]

7. Chen, L.; Ma, W,; Wang, Y.; Zhou, H. Array Factor Forming with Regularization for Aperture Synthesis Radiometric Imaging
with an Irregularly Distributed Array. IEEE Geosci. Remote Sens. Lett. 2020, 17, 97-101. [CrossRef]

8. Fessler, J.A.; Sutton, B.P. Nonuniform fast Fourier transforms using min—max interpolation. IEEE Trans. Signal Process. 2003, 51,
560-574. [CrossRef]

9. Zhang, Y.; Qi, X,; Jiang, Y.; Liao, W.; Du, Y. Reconstruction algorithm for staggered synthetic aperture radar with modified
second-order keystone transform. J. Appl. Remote Sens. 2021, 15, 026511. [CrossRef]

10. Mukherjee, S.; Zimmer, A.; Kottayil, N.K.; Sun, X.; Ghuman, P.; Cheng, I. CNN-based InSAR Denoising and Coherence Metric. In
Proceedings of the 2018 IEEE SENSORS, New Delhi, India, 28-31 October 2018.

11.  Xiao, C.; Li, Q.; Lei, Z.; Zhao, G.; Chen, Z.; Huang, Y. Image Reconstruction with Deep CNN for Mirrored Aperture Synthesis.
IEEE Trans. Geosci. Remote Sens. 2022, 60, 5303411. [CrossRef]

12. Dou, H.; Gui, L,; Li, Q.; Chen, L.; Bi, X;; Wu, Y,; Lei, Z.; Li, Y,; Chen, K.; Lang, L.; et al. Initial Results of Microwave Radiometric
Imaging with Mirrored Aperture Synthesis. IEEE Trans. Geosci. Remote Sens. 2019, 55, 8105-8117. [CrossRef]

13.  Oveis, A.H.; Guisti, E.; Ghio, S.; Martorella, M. A Survey on the Applications of Convolutional Neural Networks for Synthetic
Aperture Radar: Recent Advances. IEEE Aerosp. Electron. Syst. Mag. 2022, 37, 18-42. [CrossRef]

14. Thompson, A.R.; Moran, ]. M.; Swenson, G.W. Interferometry and Synthesis in Radio Astronomy, 2nd ed.; Wiley: Weinheim, Germany,
2001.

15. Lin, T.; Goyal, P; Girshick, R.; He, K.; Dollar, P. Focal loss for dense object detection. IEEE Trans. Pattern Anal. Mach. Intell. 2018,
99, 2999-3007.

16. Butora, R.; Camps, A. Noise maps in aperture synthesis radiometric images due to cross-correlation of visibility noise. Radio Sci.
2003, 38, 1067-1074. [CrossRef]

17. Xu, X,; Li, W,; Ran, Q.; Du, Q.; Gao, L.; Zhang, B. Multisource Remote Sensing Data Classification Based on Convolutional Neural
Network. IEEE Trans. Geosci. Remote Sens. 2018, 56, 937-949. [CrossRef]

18.  Zhu, B,; Liu, J.Z,; Cauley, S.F; Rosen, B.R.; Rosen, M.S. Image reconstruction by domain-transform manifold learning. Nature

2018, 555, 487-492. [CrossRef] [PubMed]


http://doi.org/10.1109/JPROC.2010.2043032
http://doi.org/10.1109/TGRS.2008.2002911
http://doi.org/10.1109/JSTARS.2017.2751521
http://doi.org/10.1109/LGRS.2014.2335413
http://doi.org/10.1109/LGRS.2015.2507623
http://doi.org/10.1109/LGRS.2019.2914926
http://doi.org/10.1109/TSP.2002.807005
http://doi.org/10.1117/1.JRS.15.026511
http://doi.org/10.1109/TGRS.2022.3157870
http://doi.org/10.1109/TGRS.2019.2918308
http://doi.org/10.1109/MAES.2021.3117369
http://doi.org/10.1029/2002RS002707
http://doi.org/10.1109/TGRS.2017.2756851
http://doi.org/10.1038/nature25988
http://www.ncbi.nlm.nih.gov/pubmed/29565357

Remote Sens. 2022, 14, 2359 16 of 16

19.

20.

21.

22.

23.

Zhang, Y.; Ren, Y,; Miao, W,; Lin, Z.; Gao, H.; Shi, S. Microwave SAIR Imaging Approach Based on Deep Convolutional Neural
Network. IEEE Trans. Geosci. Remote Sens. 2019, 57, 10376-10389. [CrossRef]

Sandler, M.; Howard, A.; Zhu, M.; Zhmoginov, A.; Chen, L. MobileNetV2: Inverted Residuals and Linear Bottlenecks. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Salt Lake City, UT, USA, 18-23
June 2018; pp. 4510-4520.

He, K.; Zhang, X.; Ren, S.; Sun, J. Deep Residual Learning for Image Recognition. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27-30 June 2016; pp. 770-778.

Hu, J.; Shen, L.; Sun, G.; Albanie, S. Squeeze-and-Excitation Networks. In Proceedings of the 2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18-23 June 2018.

Hyun, CM.; Kim, H.P,; Lee, S.M.; Lee, S.; Seo, ].K. Deep learning for undersampled MRI reconstruction. Phys. Med. Biol. 2018,
63, 135007. [CrossRef]


http://doi.org/10.1109/TGRS.2019.2934154
http://doi.org/10.1088/1361-6560/aac71a

	Introduction 
	Related Works 
	Non-Uniform Synthetic Aperture Radiometer Model 
	Definition of the Related Neural Network 

	Dataset and Learning for ISAR-CNN 
	Dataset Generation 
	Learning for IASR-CNN 

	Experiments and Result Analysis 
	Ideal Simulation Results 
	Simulation Results with Errors 

	Conclusions 
	References

