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Deep learning for the super resolution of SAR images
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In this study, we are interested in Synthetic Aperture Radar (SAR) data, in particular those captured during campaigns carried out by unmanned aircraft. SAR
data is data captured by a radar antenna placed underneath either an aircraft or a satellite and pointing to the sides. Our work considered horizontally polarised
transmitting antenna and horizontally polarised measuring antenna (HH). During its flight path, the aircraft emits waves of varying frequency (a chirp) and the
backscattered signal conveys information about the reflectivity of the imaged scene (its distance, its velocity, objects). From these measurements, one can for
example detect ground movements, objects or buildings, segregate land use, etc... In contrast to optical measurements, SAR data can be captured day and night
and are not as disturbed as optical measurements ; for example, they can penetrate a cloud layer and, depending on the working wavelength, snow, foliage...
However, the quality of object detection or segmentation is dependent on the frequency of the chirp and this study investigates the ability to infer high
resolution SAR image from low resolution ones.

__ Experiments on " fake” high resolution SAR : 256 x 256 — 512 x 512
inglewood - Learning curves and metrics on the validation set (20%).
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The SLC data slice is cropped into 4808 images of size 512 X512 (corresponding B = Bicubic ' 8.84 0.36 98.18

to a rectangle of size 850 x 307 ms (range x azimuth).

In order to obtain low resolution images, we filter the half information of the
high resolution image in the frequency domain of range and azimuth which
are also called the spectral band and the spectro-angular band respectively.
Hanning window is then applied to mitigate the side lobes effect. Finally, the
low resolution is obtained from the magnitude of the latter image in the spatial
domain. Fig.1 shows an example of pairwise low-high resolution of SAR images.
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Figure 1: Left) Simulated low resolution SAR, right) Original high resolution SAR

We consider three architectures for performing super resolution, depicted below.
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Figure 3: Left) Prediction with a Pixel Shuffle model trained on the SSIM loss, Right) Prediction with a SRCNN model trained on the SSIM

loss

Predictors learned from data (SRCNN, PixelShuffle, SwinTransformer) all out-
nerforms naive upsampling baselines. The metrics seem to be better when the
SSIM loss is minimized compared to minimizing either the L1 or L2 losses.
The PixelShuffle and SRCNN models perform relatively well for a much smaller
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/ - Y The experiments have been performed with reconstructed high resolution

(padding the low resolution in the Fourier domain). Training on the origi-
nal SAR images, the reconstructions were blurred.
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(a) Residual Swin Transformer Block (RSTB) (b) Swin Transformer Layer (STL)
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