[ AIKO

INFINITE WAYS TO AUTONOMY ———

Onboard processing for SAR data:

Al-driven focusing, detection and compression for Earth
monitoring

'la Rocca A., " Tosetti F, " Rossi F, " Campagna G., ¥ Latini D,, © Guerrisi G., ¥ Votta R.
(0 AIKO s.rl., Turin, ltaly ; ¥ GEO-K s.rl., Rome, Italy ; ©® Italian Space Agency, Rome, Italy

Overview

Synthetic Aperture Radar (SAR) systems can provide high-quality images at a sub-meter resolution regardless of lighting and weather. However, SAR data acquired onboard the
spacecraft consists of large amounts of raw signals which are nearly uninterpretable to the human eye. To produce a recognizable image and to enable further data processing, the
so-called focusing procedure must be performed. This is a demanding computational task currently performed on the ground in dedicated processing facilities, hindering real-time
surveillance capabilities. By unlocking onboard SAR processing capabilities (i.e. focusing, target detection and data compression), EO data producers can generate actionable
information directly on the satellite and reduce the footprint of the data sent to ground. This will increase the autonomy of satellites, enhancing their functionalities and enabling
new concepts of operations, such as real-time monitoring (i.e., event detection) with efficient data occupation management.

The Hybrid model for SAR data focusing: On-board SAR data compression

The main drawback of state-of-the-art algorithms is the enormous computational cost required. The developed algorithm architecture is @g ONBOARD ' \

based on a two-step approach: Traditional algorithm for range compression and Deep Learning (DL) model for azimuth compression.

The reason for starting with the range compressed product is that pulse compression is a simple operation that can be applied to a raw Input Compressed

product by exploiting a filter always equal to itself, which can be defined a priori by knowing the characteristics of the transmitted signal. (1 xHxW) input

Moreover, the real trick of SAR image formation, which coincides with the most demanding computational burden, is represented by the

operations in the Range Doppler domain. Thus, this preliminary prototype, shown in Figure, is a hybrid version of traditional operation and

data driven-based approach. \ /
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The focused data produced by the hybrid model were validated using standard analytical metrics, but also evaluated by hypothesizing their - :
performance in an application scenario involving ship detection and data compression, both performed onboard the space platform, Onboard compression is essential to reduce data
according to the workflow outlined below: transmission volume and therefore bandwidth usage and

downlink time. A Convolutional AutoEncoder (CAE) is
employed to perform lossy compression directly onboard,
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| i with ground-based reconstruction via a decoder. The CAE
L i To ! learns compact latent representations of input data through
| . ground convolutional encoding and reconstructs it with limited
Data atent space | , _ _ _ _
_ ’ , ¥ Decompression SLC information loss using transposed convolutions. This
Compression \ o . . .
———————— approach currently achieves a compression ratio of 8.
RESULTS
DATASET A total of 20000 patches have been processed to generate a The CAE compression model was designed to balance
dataset with range compressed and Single-Look Complex products. compression ratio, reconstruction fidelity, and the constraints of
. . . A Convolutional Neural Network (CNN) is trained on the generated the onboard environment, including limited computational
To train the SAR focusing algorithm, a dataset - . = .
. . dataset. After the training the model has been tested on 16 resources and restricted storage. Training was guided by a loss
comprised of COSMO-SkyMed  Stripmap . . . . . . .
products spanning different environments and seasonality function incorporating the SSIM to emphasize perceptual
products have been generated thanks to . . . . . .
computing different metrics like Root Mean Square Error (RMSE), quality and preserve structural information.
access granted by ASI. . . . . . .
. . Structural Similarity Index Measure (SSIM) and Signal-to-Noise Ratio 12 DL-based focused intensity products were used for the
Each sample in the dataset includes RAW_B — . 7 L
(SNR). training dataset, and the remaining 4 for the validation dataset

SCS_U couples, providing both raw and
processed SAR data. The acquisitions feature
two polarization channels HH and VV. The data
collection was guided by two main criteria:

of the CAE compression model.
Results were evaluated in terms of standard image similarity
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metrics including SSIM and Peak Signal-to-Noise Ratio (PSNR).
geographical coverage, ensuring the inclusion > Validation set SSIM PSNR
of various terrain types and regions of interest, evaluation 0.8755 3218
and temporal coverage, allowing for the ' '
observation of cha nges over time and the SSIM and PSNR calculated as the average value for the products of the validation dataset
simulation of different imaging scenario. The CZ) Original Decompressed »
Table below reports the number of products A ‘ ‘ )
collected over the Italian territory. 0 035
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CSG 36 93 The two figures above show a detail (5000x5000 pixels) of a COSMO-SkyMed HH-polarized U 0.20 f'é
acquisition over Sardinia, focused using a classical approach (left) and a Deep Learning-based S | B 00 . -
Overall 110 105 method (right). a |
Number of COSMO-SkyMed products composing the dataset, ISNR (SCS) ISNR (DL) RMSE SSIM 0.05
cateqgorized by polarization (HH, VV) and mission generation (First 0 1000 2000 3000 4000 0 1000 2000 3000 4000
and Second Generation) e 2.85 db 6.45 db 0.02602 0.02602
Visual evaluation of the CAE compression model for a sample extracted from the validation dataset
(5000x5000 pixels). Left: original image; right: decompressed image
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The CAE compression model achieves effective compression with minimal perceptual degradation. Its
lightweight architecture, with a total size of 2.25MB, is optimized for deployment under onboard resource
constraints, using only layers and operations compatible with embedded implementation.
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